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Abstract 

With the continuous increase in railway traffic and energy costs, SNCF Réseau aims to enhance 

the performance of its traction substations while complying with European regulations on CO₂ 

emissions. While alternating current (AC) traction substations supply the main railway lines, 

direct current (DC) electrification still represents a significant part of the national railway 

network. However, this type of electrification suffers from relatively low voltage, high losses, 

and potentially limited traffic capacity. Through the RACCOR-D project, an essential step 

toward higher-voltage DC networks (above 1500 V), SNCF Réseau seeks to modernize its 

substations by transforming them into intelligent environments integrating photovoltaic (PV) 

and energy storage systems (ESS), in order to reduce dependency on the electricity transport 

network grid, lower operating costs, and minimize penalty charges.  

The development of energy supervision tool in this context raises several scientific and 

technical challenges: it requires optimal coordination between the integrated PV and ESS 

systems within an environment strongly constrained by the variability of railway loads and 

forecasting uncertainties. The efficiency of an Energy Management System (EMS) thus 

depends on its ability to anticipate energy needs, plan storage usage intelligently, and react in 

real time to network fluctuations, while ensuring voltage stability and cost minimization. These 

requirements are particularly complex in DC railway networks, where the fast dynamics of 

trains and voltage limitations demand robust and adaptive supervision strategies.  

The objective of this PhD thesis is to develop an energy supervision system dedicated to the 

DC railway network, aiming to optimize the management of the energy storage system (ESS) 

within the first architecture of the RACCOR-D project (PV and ESS connected at the substation 

via DC bus). The supervisor is designed to improve the energy and economic performance of 

the traction substation while satisfying the technical constraints specific to DC railway systems. 

It operates through a single mean of action: the reference power of the energy storage system. 

The supervisor is structured into two temporal complementary levels:  

• The long-term level, corresponding to a day-ahead energy management system EMS 

based on nonlinear optimization, determines the optimal storage schedule for the following day 

using the traction substation’s (TSS) power consumption forecasts and economic objectives, 

namely optimizing ESS usage according to the variability of the use of electricity transport 

network tariffs and reducing penalty costs related to subscribed power exceedance.  

• The short-term level, based on real-time fuzzy logic supervision, dynamically adjusts 

the ESS reference power according to instantaneous measurements (DC bus voltage, ESS state 

of charge (SOC), grid power, etc.) and the day-ahead plan. This second level aims to correct 

deviations caused by forecast errors and uncertainties while ensuring compliance with technical 

constraints and economic objectives.  

A second architecture is also investigated within the RACCOR-D project framework, 

integrating PV and ESS at the Parallel Poste (PMP: Point mise en parallel) between two 

substations. This configuration allows analyzing the potential to reduce voltage drops along the 

catenary and at the train’s pantograph terminals, frequently observed in DC railway networks.  

Real-time fuzzy logic-based supervision method is proposed to manage the ESS in order to 

limit these voltage drops at the midpoint between two substations and maintain them within 

acceptable limits. This architecture offers promising perspectives for DC railway networks in 

terms of traffic increase, voltage drop reduction, and optimization of substation spacing.  
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The proposed supervision framework was experimentally validated in a real-time simulation 

environment with data of TSS power consumption characterized by 1s time step. To enable its 

deployment in real installations, a SCADA-based industrial architecture has been developed, 

ensuring reliable communication between the supervisor and the smart grid components. This 

step establishes the foundation for the implementation of the supervisor on an industrial PC and 

its integration within the railway substation demonstrator, paving the way toward full industrial 

deployment of intelligent DC railway substations. 

This project has been funded by the government as part of France 2030. 
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Résumé 

L’augmentation du trafic ferroviaire et des coûts de l’énergie, incitent SNCF Réseau à améliorer 

la performance de ses sous-stations (SST). Alors que les SST en courant alternatif (AC) 

couvrent les grandes lignes, les SST en courant continu (DC) représentent encore une part 

importante du réseau ferré national. En cas de fort trafic, leur tension relativement basse 

(1500V) peut être une limitation. Le projet RACCOR-D, étape vers des réseaux DC de tension 

supérieure, vise à moderniser les SST en intégrant des systèmes photovoltaïques (PV), de 

stockage d’énergie (ESS) et une supervision énergétique associée (EMS). 

Le développement de cette supervision soulève plusieurs défis scientifiques et techniques, pour 

coordonner de façon optimale ESS et PV, dans un environnement contraint par la variabilité de 

la charge ferroviaire et les incertitudes de prévision. L’efficacité de l’EMS dépend ainsi de sa 

capacité à anticiper les besoins énergétiques, à planifier l’utilisation de l’ESS et à réagir en 

temps réel aux fluctuations de puissances, tout en garantissant le maintien de la tension DC et 

la minimisation des coûts. Ces exigences sont particulièrement complexes dans les réseaux 

ferroviaires DC, où les dynamiques rapides des trains et les limitations de tension nécessitent 

des stratégies de supervision robustes et adaptatives. 

L’objectif de cette thèse est de développer un superviseur énergétique dédié au réseau 

ferroviaire DC, visant à optimiser la gestion de l’ESS dans la première architecture du projet 

RACCOR-D (PV et ESS connectés en SST au bus DC). Cette supervision énergétique vise à 

améliorer les performances énergétique et économique de la SST, tout en respectant les 

contraintes techniques propres au réseau ferroviaire DC. Elle agit sur un unique levier : la 

puissance de référence de l’ESS. Le superviseur énergétique est structuré en deux niveaux 

temporels : 

• Long terme : EMS de type “J-1” basé sur une optimisation non linéaire, qui détermine 

la planification optimale de l’ESS pour le lendemain, en s’appuyant sur les prévisions 

de consommation de puissance de la SST et sur les objectifs économiques, notamment 

l’optimisation de l’utilisation de l’ESS (selon la variabilité du tarif d’utilisation du 

réseau de transport d'électricité, et la diminution des coûts des pénalités liés au 

dépassement de la puissance souscrite). 

• Court terme : fondé sur une supervision en temps réel à base de logique floue (LF), qui 

ajuste dynamiquement la consigne de puissance de l’ESS, à partir de mesures 

instantanées (tension DC, état de charge de l’ESS, puissance réseau, etc.) et de la 

planification “J-1”. Ce second niveau compense les écarts dus aux erreurs de prévision 

et aux aléas, en respectant les contraintes techniques et les objectifs économiques. 

Une 2de architecture est ensuite étudiée, qui intègre le PV et l’ESS au Point de Mise en Parallèle 

(PMP) entre deux sous-stations. Cette partie aborde le problème de chute de tension au niveau 

de la catenaire et du train (pantographe), observée dans les réseaux ferroviaires DC. Une 

méthode de supervision en temps réel basée sur la LF est proposée pour superviser l’ESS, qui 

limite ces baisses de tension, et les maintient dans des limites opérationnelles. Cette architecture 

ouvre des perspectives pour le réseau ferroviaire DC, notamment en termes de réduction des 

chutes de tension, d’augmentation du trafic et d’optimisation de l’espacement entre les SST. 

Le superviseur est validé expérimentalement en simulation temps réel, démontrant sa réactivité 

dans des conditions d’exploitation réalistes (consommation de puissance de la SST 

échantillonnée à 1s). Pour préparer son déploiement en conditions réelles, une architecture 

industrielle de type SCADA est développée, garantissant une communication fiable entre le 
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superviseur et les composants du réseau ferroviaire intelligent. Cette étape est le socle de 

l’implantation du superviseur sur PC industriel et de son intégration au démonstrateur de SST 

ferroviaire DC. 

Ce projet a été financé par le gouvernement dans le cadre de France 2030. 
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General Introduction 

With the continuous increase in railway traffic and energy costs, the railway network operator 

in France SNCF réseau looks for solutions that improve the performance of its substations and 

respond to European regulation concerning CO2 emissions. While AC railway substations in 

France are characterized with high power and covering the main traffic of the large railway 

lines, the DC electrification still represents an important percentage in the railway lines 

coverage in France. This electrification still suffers from relatively low voltage, high losses, 

and limited traffic circulation.  

The SNCF réseau through the RACCOR-D project aims to modernise the existing DC 

substations, transforming it into a smart grid environment that hosts photovoltaic (PV) and 

energy storage systems (ESS).  The idea behind this transformation is to depend less on the 

electricity transport network that supplies the DC substations and reduce the costs related to the 

use of the transport network and the penalties that are causing a major concern for the railway 

network operator. With a future vision to increase the voltage level of the DC traction 

substation, trying to match the performance of the AC railway networks. This thesis is a first 

step that consisting of developing the energy supervision for the railway smart grid. 

The objective of this thesis is to develop a real time supervision tool to manage the ESS for the 

railway smart grid, when integrated with the PV system at the traction substation (TSS) in a 

defined 1st architecture of RACCOR-D. This supervision must meet the objectives and 

constraints for diverse railway smart grid elements, dealing with objectives with different 

nature, while acting only on one element which is the ESS. The mean of action is sending a 

power reference setpoint in real time to the ESS.  

The proposed supervision tool is composed of two levels long and short term. The long term is 

a day ahead EMS that uses forecast of TSS power consumption and local PV electricity 

production to find the optimal schedule of the ESS for the upcoming day. The short-term is the 

real time supervision tool developed as a fuzzy logic supervisor. It relies on actual measurement 

in real time from the railway network (DC voltage, ESS State of Charge - SOC, power drawn 

from the grid…) in addition to the day ahead planning (day ahead EMS decision), to generate 

a reference setpoint in real time for the ESS. The real time supervision aims to deal with the 

shortcomings of day ahead EMS, and deal with the forecast errors and uncertainties. Trying to 

achieve and respond to the economic and technical objectives in real time while respecting the 

diverse constraints.  

A 2nd architecture is considered, integrating the ESS and the PV at mid-point between two 

substations. This architecture aims to study the possibility of treating the problem of catenary 

voltage drop. A real time supervision method based on fuzzy logic is proposed of the ESS 

management. The supervision aims to solicit the ESS in a way that limits the voltage drop of 

the catenary that occurs at the middle point between two substations and keeps it within 

operational limits. This architecture offers an important perspective that impact the DC railway 

network in terms of traffic increase, voltage drop, and substation spacing. 

The developed supervision system was experimentally validated through detailed simulations 

and real-time testing, confirming its robustness and adaptability under realistic railway 

operating conditions. To facilitate its industrial transfer, the supervisor has been designed for 

deployment beyond the research environment. The model initially implemented in 

MATLAB/Simulink is being translated into an industrially compatible Python-based 

application, ensuring interoperability with SNCF Réseau’s existing infrastructure. The 

implementation on an industrial server will guarantee data availability, communication 
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reliability, and operational robustness, paving the way for large-scale integration within future 

smart DC substations. 

The problematic regarding the DC railway electrification and the challenges that the SNCF 

réseau faces is explained in Chapter 1 of the thesis. Along with the context of RACCOR-D 

project. The methodology behind the energy supervision tool proposed is explained in Chapter 

2. Different approaches that can be used in railway energy management are benchmarked, and 

the methods used for the energy supervision strategy are then chosen in a way that suits 

RACCOR-D application. The development of the day ahead EMS (long term supervision) is 

presented in Chapter 3. Covering the optimization-based ESS planning and the necessary 

forecast models that provide necessary forecasted profile of TSS consumption to the 

optimization algorithm. Chapter 4 represents the design of the real time supervision tool, with 

results that compare the performance of the day ahead supervision with the proposed real time 

supervision strategy. Assessing the advantages and the impact of the real time supervision in 

terms of accuracy and efficiency. Also, this chapter covers the development of the supervision 

tool for the 2nd architecture that considers the perspectives of RACCOR-D. The experimental 

validation is presented in Chapter 5 alongside the industrial transfer phase. The objective behind 

this part of work is to prepare the proposed energy supervision tool to be implemented in a real 

demonstrator of a DC TSS. 
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Chapter 1. Problematic 
 

1.1 Introduction to railway electrification  

Over the past century, railway networks worldwide have shifted from steam locomotives to 

predominantly electric power. Today, most rail systems run on electricity: over 85% of 

passenger rail travel worldwide, along with more than half of freight movement is powered by 

electricity [1] . In the European Union (EU) about 79% of rail energy consumption is electric 

(versus ~52% in 1990) [2] . Fig. 1.1 shows that electricity has consistently been the dominant 

energy source for EU rail transport from 1990 to 2022, while the use of gas oil and diesel has 

steadily declined and renewables and biofuels remain marginal, with minimal uptake over the 

same period. The electricity power is used to supply all kinds of railways applications from 

conventional intercity lines, tramways, metros, and regional express services, all of which 

increasingly rely on continuous and reliable electrification to guarantee their services. These 

lines support both passenger and freight transport, enabling efficient mobility of people and 

goods across national and regional networks. 

As of 2022, the European Union accounts for over 200,000 km of railway lines, of which 

approximately 54% are electrified and 7,500 km are high-speed tracks, primarily concentrated 

in France, Germany, Spain, and Italy [3] [4] .  

 

Fig. 1.1 Energy consumption in rail transport by energy product [2] 

This widespread electrification, combined with continuous network expansion, has made rail 

transport increasingly vital in sustainable mobility strategies. Thanks to their ability to move 

large volumes of people and goods efficiently, with low emissions and high reliability. Their 

centralized and long-lived infrastructure makes them well-suited to support future transport 
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systems that are resilient, efficient, and aligned with long-term climate goals. Globally, rail 

carries around 7% of all passenger-kilometres but contributes only ~1% of transport CO₂ 

emissions [1] . In the EU, rail likewise produces less than 1% of transport emissions while 

moving roughly 7.5% of passengers and 17.6% of freight traffic [5] . Recognizing this potential, 

the European Union’s Green Deal and mobility strategy set ambitious targets – including 

doubling high-speed rail traffic by 2030 and tripling freight volumes by 2050 - as part of a plan 

to cut transport emissions by 90% by mid-century [6] .  

This positions railways as a backbone for smart and sustainable mobility [7] . Railway networks 

are among the most spatially extensive and strategically important infrastructures in modern 

economies [8] . However, achieving the projected growth in railway traffic requires major 

modernization efforts. With existing networks, such an increase is not feasible without 

substantial upgrades to capacity, electrification, and digitalization [9] . Consequently, railway 

infrastructure managers across Europe are implementing strategic programs to enhance 

efficiency and sustainability in response to rising traffic demand and stricter CO₂ regulations 

[10] . The improvement of existing network has proven with research that various technics and 

options can be subjected to the railway network without the need of large changes in its 

infrastructure, which by the way can be costly and difficult to implement from scratch. This 

orientation toward modernization and sustainability is also consistent with recent European 

policies promoting sustainable mobility for all [11] . 

1.2 Evolution of railway networks (AC DC electrification) 

Since the early 20th century, railway networks around the world have gradually shifted from 

steam to electric traction, beginning with low-voltage direct current (DC) systems and later 

adopting higher-voltage alternating current (AC) systems. Early electrification projects 

commonly used DC at voltages of a few hundred to 1500 volts via third-rail or overhead wires, 

which worked for short routes but suffered from heavy voltage drop and power loss over long 

distances. Technological advances in the mid-1900s enabled the use of high-voltage AC (such 

as 15 kV 16.7 Hz or 25 kV 50 Hz), which allowed more efficient transmission of power across 

longer lines [12] . For this reason, many railways that were newly rectified uses AC standards, 

while countries with established DC networks often retained and expanded their legacy systems 

[12] . This history explains why multiple electrification schemes still coexist internationally – 

for example, Europe employs five main standards (750 V DC, 1.5 kV DC, 3 kV DC, 15 kV AC, 

and 25 kV AC) depending on the region [13] . Today, roughly one-third of the world’s railway 

track length is electrified, and in Europe about 43% of all electrified routes still operate on DC 

(at 1.5 or 3 kV) despite the later dominance of AC elsewhere [12] . Table 1.1 Common electric 

railway traction systems in the world [14] . Table 1.1 summarizes the most common electric 

railway traction systems (TPS: traction power system) in the world. 

Table 1.1 Common electric railway traction systems in the world [14]  

TPS Voltage Level Coverage (km) Selected Countries 

DC 

600 V and 750 V 7 650 UK 

1.5 kV 20 440 Japan, France, The Netherlands 

3 kV 68 890 Russia, Spain, South Africa 

 15 kV, 16 2/3 Hz 32 940 Germany, Switzerland, Norway 

MVAC (Single Phase) 25 kV, 50/60 Hz 72 110 Russia, France, China, South Africa 
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 11–12 kV, 25 Hz and others 3 000 USA 

1.2.1 AC electrification 

The 25 kV–50 Hz AC railway electrification system, widely adopted since its introduction in 

1954, has become the standard for modern rail networks due to its technical and economic 

advantages. This system operates by supplying high-voltage alternating current, typically 

25 kV, through overhead catenaries, which are powered by substations connected to the national 

high-voltage transmission grid. One of the key features of this architecture is the wide spacing 

between traction substations (TSS), generally ranging from 50 to 100 km, made possible by the 

reduced electrical losses and lower current intensities caused by the high voltage transmission. 

In this electrification, adjacent substations often supply overlapping catenary segments, 

allowing trains to be simultaneously powered from multiple sources [15] . Fig. 1.2 shows a 

simplified AC electrified railway substation and its different elements. 

 

Fig. 1.2 AC railway electrification [16] 

These substations serve as the critical interface between the national power grid and the railway 

infrastructure. The main components and characteristics of the electrification system are: 

• High-voltage connection: Substations draw power from the national grid, typically at 

voltage levels between 63 kV and 225 kV. 

• Step-down transformers: Installed within substations to reduce transmission voltage 

down to 25 kV, suitable for railway catenary systems. 

• Catenary system: Overhead lines supply 25 kV AC to the train’s pantograph for traction. 

• Onboard electrical systems: Trains require onboard transformers to step down 25 kV 

and rectifiers or inverters to convert AC to DC when using DC traction motors. 

• Phase separation and neutral sections: Neighbouring substations are connected to 

different electrical phases to balance the national grid load and avoid phase mismatches. 

To prevent electrical conflicts at phase boundaries, neutral sections serving as 

electrically isolated segments of track are introduced. Trains must open their circuit 

breakers when passing through these sections, momentarily cutting power. Although 

brief, this interruption can affect traction and requires careful control [17] . 
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This design improves redundancy and voltage stability. While this system supports high-power 

operation and long distances between substations, it also requires onboard transformers and 

rectifiers to adapt the high-voltage AC supply to DC traction motors. Additionally, the high 

voltage presents insulation challenges, especially in tunnels and confined infrastructure. 

1.2.2 DC electrification 

The 1500 V DC railway electrification system, historically established in France during the 

early 20th century, remains in service across nearly half of the country's electrified rail lines. In 

this architecture, energy is supplied by a series of substations spaced at relatively short intervals 

typically every 5 to 15 km due to the inherent voltage limitations and significant current levels. 

Each substation includes a step-down transformer and an AC/DC converter, usually diode-

based, which together deliver direct current to the overhead catenary [15] .  

The low voltage level allows for direct traction motor supply without requiring onboard 

transformation or rectification stages, particularly suitable for DC motor-based propulsion 

chains. However, this convenience comes at the cost of network complexity: the short range 

between substations demands a dense and costly infrastructure, and the high current flow 

necessitates the use of thick, heavy catenary conductors to reduce voltage drops. The intense 

current also causes thermal losses at the contact point between pantograph and wire, limiting 

overall efficiency and power transfer capability. While the system's low voltage simplifies 

insulation and facilitates deployment in constrained environments such as urban tunnels, its 

scalability is hindered, especially for high-power applications or long-distance lines. The DC 

electrification architecture is illustrated in Fig. 1.3. 

 

Fig. 1.3 DC railway electrification [16] 

1.2.3 Comparative analysis of AC & DC electrification 

Direct current (DC) electrification was used in the earliest electric railways and became 

standard for urban transit systems (e.g. trams and subways), while alternating current (AC) 

electrification was later adopted for high capacity mainlines. In modern practice, AC systems 

operate at much higher voltages (typically 15–25 kV, 50/60 Hz, with some up to 50 kV) 
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whereas DC systems are usually limited to 600–3000 V [18]. The high voltage of AC overhead 

lines allows them to transmit more power with lower current, reducing resistive losses and 

requiring fewer substations along a route [19] [20] . 

Accordingly, AC electrification has been favoured for high-speed intercity and heavy-haul 

railways that demand efficient long-distance power delivery. By contrast, lower-voltage DC 

networks (whether third-rail or overhead) suit urban and suburban lines with short distances 

and frequent stops, albeit at the cost of more frequent substations and higher current draw for 

the same power [21] [22] .  

Modern AC-driven locomotives employ onboard transformers and inverters to achieve large 

traction power and effective regenerative braking, enabling high performance and energy 

efficiency [19] . DC rolling stock historically featured simpler traction equipment (and earlier 

DC motors offered excellent speed control), but conventional DC infrastructure faced 

challenges such as complex voltage conversion and an inability to return braking energy to the 

grid. In fact, traditional DC substations could not feed regenerative braking power back to the 

utility, so excess braking energy was often dissipated as heat, wasting energy [23] .  

Recent advances have narrowed these gaps: both AC and DC systems now incorporate 

regenerative braking (though DC lines often require technologies like reversible substations or 

wayside energy storage to capture braking energy [23] ). Researchers are even exploring 

medium-voltage DC schemes to combine the strengths of each approach – for example, using 

~25 kV DC traction power to enable wider substation spacing and eliminate phase-balancing 

issues, while still delivering high power over long distances [19] .  

In summary, AC electrification provides superior scalability and transmission efficiency for 

long-distance and high-speed rail applications, whereas DC electrification offers practical 

advantages in dense urban transit contexts; importantly, ongoing innovations continue to 

improve energy efficiency and interoperability across both systems. 

1.2.4 DC electrification in France (actual situation) 

France exemplifies this dual legacy: it adopted 1.5 kV DC electrification on major lines in the 

1920s, then introduced 25 kV AC after the 1950s for newer lines, resulting in a network split 

between the two systems. Fig. 1.4 shows the AC and DC electrified railway lines in France. The 

DC electrified lines are more dominant in the south of France region [24] . 
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Fig. 1.4 Railway map of France [24]  

The French national railway network includes approximately 15,000 km of electrified lines, of 

which 40% are powered by 1.5 kV DC. This infrastructure is supported by over 350 DC 

substations, which face numerous technical limitations due to low voltage levels. These 

limitations include restricted power delivery capacity for locomotives and elevated line losses 

caused by high current levels in catenaries. As a result, large copper sections (up to 1000 mm²) 

are needed in high-traffic areas to reduce resistive losses, leading to high infrastructure costs 

[36] . 

A typical 1.5 kV DC railway electrification system consists of overhead contact lines 

(catenaries), feeder cables, return rails, and DC traction substations (TSS). At the substation 

level, three-phase AC power from the utility grid is first transformed to a lower AC voltage, 

then rectified using silicon-based rectifiers to supply 1.5 kV DC to the overhead lines. Trains 

draw power directly from these lines via pantographs. The overall network is organized with 

substations spaced at regular intervals. Typically, 3 to 5 km in dense urban environments, and 

up to 10 to 20 km for intercity lines. To manage voltage stability and current return paths, 

paralleling stations (PMP) are installed between substations, helping to equalize rail potentials 

and reduce resistance in the return circuit [25] [26]  While this configuration has historically 

enabled reliable service, its low-voltage/high-current nature imposes operational limits, 

particularly as traffic demand and energy efficiency targets continue to rise. Fig. 1.5 shows a 

simplified schematic of the DC network electrification with public network that usually refers 

to the high voltage electricity transmission network. The transformer rectifier unit, and the PMP 

connections between three consecutive substations. 

The SNCF Réseau occupies the TSS elements from transformer, rectifier, and catenary 

overhead. It is connected to the electricity transport operator RTE, that manages the AC side of 

the railway grid. 
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Fig. 1.5 Simplified schematic of DC TSS [36]  

1.2.5 Electricity market for the railway network operators 

1.2.5.1 Financial flows 

At present, nearly 90% of SNCF’s passenger transport services operate on electrified railway 

lines. As a railway operator, SNCF procures electricity directly from suppliers in a similar 

manner to other network users like RTE (Réseau de Transport d'Électricité) and formerly RFF 

(Réseau Ferré de France). The cost of transmitting this electricity through the public grid is 

billed to SNCF Réseau by the electricity transport network RTE [72].  

The overall energy bill considered in this study is composed of the following components: 

1. The acquisition of electricity, either through market-based contracts or under the 

ARENH (Accès Régulé à l'Électricité Nucléaire Historique) scheme (which provides 

regulated access to legacy nuclear electricity at a fixed price €/MWh). 

2. Charges for using the transmission network, calculated in accordance with the TURPE 

(Tarif d’Utilisation des Réseaux Publics d’Électricité) framework [28] . 

These billing structures are grounded in the broader liberalization of the French and European 

electricity markets, initiated by the EU Directive 96/92/EC [70] . This regulatory shift mandated 

a separation between the generation, transmission, and distribution of electricity to ensure 

transparency and competition [71] .  

Fig. 1.6 Tariffication scheme illustrates: 

• The energy flow path: from electricity suppliers → RTE (transport) → SNCF Réseau; 

• The financial flow: payments from SNCF to electricity provider (RTE) based on 

ARENH allocations + payments from SNCF to transport network operator RTE via 

TURPE 6 regulation  

• The Railway undertakings: payments from railway companies supplied by SNCF 

réseau for their electricity consumption [27] . 
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Fig. 1.6 Tariffication scheme 

1.2.5.2 Cost of use of public grid (TURPE) 

The TURPE 6 tariff is established through a regulated framework between RTE and the 

consumer, which is the railway network operator, under the supervision of CRE (Commission 

de Régulation de l’Énergie) [71] . With the TURPE 6 HTB framework, the SNCF Réseau is 

billed by RTE the use of the national electricity transmission network, through a structured set 

of tariff components designed to reflect both the power capacity reserved and the energy 

actually withdrawn across its railway traction substations [28] . As a high-voltage consumer 

(primarily HTB1 and HTB2), SNCF Réseau billing includes a fixed component related to 

subscribed power (“part puissance”) and a variable component based on the actual energy 

consumed (“part énergie”), both modulated by seasonal and hourly coefficients defined by the 

seasonal-hourly differentiation defined by French electricity tariffs (horosaisonnalité) 

principle. This approach differentiates between peak, off-peak, and seasonal periods, applying 

specific pricing multipliers to each slot [28] . 

The different TURPE components are shown in Fig. 1.7. The TURPE tariff is structured around 

several components that apply differently to consumers, producers, and distributors, each 

reflecting a specific aspect of network usage. These include the annual management (CG) and 

metering (CC) components, which cover administrative and measurement costs; the annual 

delivery (CS) component, which accounts for the withdrawal of electricity from the grid; and 

additional terms such as the monthly subscribed power overrun (CMDPS), reactive power 

(CER), backup supply (CACS), and scheduled overrun (CDPP) components. Producers are also 

subject to the annual injection component (CI), reflecting the cost of feeding energy into the 

grid. Together, these elements ensure a fair allocation of network operation and maintenance 

costs among all stakeholders. 

In the present work, particular attention is given to the “Composante de Soutirage” (CS), as it 

represents the primary cost driver for SNCF Réseau and directly influences the energy 

management and optimization strategies discussed in the following sections. 
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Fig. 1.7 TURPE components for the producers, distributors, and consumers 

The annual withdrawal component “Composante de Soutirage (CS)” is calculated from the sum 

of power subscribed over five predefined time slots and the amount of energy withdrawn, with 

weightings that reflect time-of-use priorities. In cases where actual consumption exceeds the 

subscribed power, the CMDPS (Monthly Subscribed Power Overrun Component) is triggered, 

significantly increasing the bill through a penalty formula that applies a coefficient of 0.04 to 

the square of the difference as written in Equation (1.1).  

𝐶𝑆 = 𝑏1 × 𝑃𝑆1 +∑𝑏𝑖

5

𝑖=1

× (𝑃𝑆𝑖 − 𝑃𝑆𝑖−1) +∑𝑐𝑖

5

𝑖=1

× 𝐸𝑖

+ ∑ ∑0.04

5

𝑖=112 mois

× 𝑏𝑖 × √∑(𝑃𝑗 − 𝑃𝑆𝑖)
2

𝑗

 

 

 

 

 

(1.1) 

𝑃𝑆𝑖 is the subscribed power for time band 𝑖 (peak, full high-season, off-peak high-season, full 

low-season, off-peak low-season), with corresponding coefficients 𝑏𝑖 (€/kW/year). The second 

term accounts for the fixed cost of subscribed power, while the third term adds the variable cost 

linked to the consumed energy 𝐸𝑖, weighted by coefficients 𝑐𝑖 (c€/kWh). The last term 

corresponds to the monthly penalties for exceeding the subscribed power (CMDPS), where 𝑃𝑗 

denotes the actual 10-minute average power in excess of 𝑃𝑆𝑖, and 0.04 is the regulatory 

weighting factor defined by TURPE6.  

To manage these costs, SNCF Réseau selects among three contractual usage profiles (short, 

medium, or long duration) per substation, based on the ratio of annual energy consumption to 

peak subscribed power. This choice influences the balance between fixed and variable charges. 

Adjustments to subscribed power throughout the year are subject to specific conditions, 

including financial penalties if capacity reductions are reversed. 
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1.2.6 Challenges in existing DC railway networks 

This section presents the main problems that the DC TSS suffer from today. These problems 

have the form of technical, economic, and environment problems. It introduces the problematic 

that RACCOR-D project must treat and therefore the thesis problematic. 

1.2.6.1 Infrastructure aging and technical limitations 

Despite their extensive deployment and historical importance, DC railway electrification 

systems, particularly those operating at 1.5 kV, are increasingly constrained by the physical and 

technical limitations of their aging infrastructure [10]. Due to the relatively low supply voltage, 

high current levels are required to meet traction power demands, which results in substantial 

resistive losses along the overhead lines and rails. To mitigate these losses, large copper 

conductors up to 1000 mm² in cross-sectional area are employed in high-density traffic zones, 

significantly increasing material and installation costs [21].  

Additionally, substations must be located at short intervals to maintain voltage levels within 

acceptable limits. As the traffic load grows, this configuration becomes unsustainable, 

particularly on lines where expansion or densification is required. These limitations not only 

affect energy efficiency but also restrict the ability of locomotives to operate at their full rated 

capacity, thereby compromising timetable reliability and service quality. 

1.2.6.2 Energy inefficiency 

Low-voltage DC systems inherently suffer from high electrical losses due to the elevated 

currents required to deliver sufficient power. These losses manifest as heat in the overhead 

contact lines, rails, and internal resistance of rectifiers, and can account for more than 10–12% 

of the total energy consumed by the railway system. Studies show that the feeding losses in a 

1.5 kV DC system are inversely proportional to the square of the voltage—meaning that 

doubling the voltage (e.g., to 3 kV) can reduce these losses by a factor of four, assuming 

constant power delivery.  

Simulation analyses from [30] reveal that while higher-voltage conventional systems (e.g., 3 

kV DC) offer substantial loss reductions, intermediate solutions using DC-to-DC converters 

can further optimize efficiency during transition phases. The energy inefficiency of legacy 

systems becomes particularly problematic when considered alongside modern railway 

electrification goals, such as SNCF’s target of improving energy performance by 20% by 2025. 

According to SNCF’s 2024 Financial Report, the company has already achieved significant 

energy savings over 80€ million between 2020 and 2024 and continues to modernize its traction 

substations and rolling stock to enhance energy recovery and reduce losses. These efforts form 

part of a broader decarbonization pathway extending to 2050, which includes increased 

renewable electricity procurement and digital supervision tools for optimized power demand 

[73] . 

1.2.6.3 Operational constraints under growing demand 

With increasing traffic density and the rise of high-frequency rail services, the current 1.5 kV 

DC system struggles to meet the dynamic operational demands of modern networks. Voltage 

drops under high-load conditions lead to reduced pantograph voltages, often requiring traction 

units to operate in power-limited modes to avoid overcurrent faults. This affects not only energy 

efficiency but also adherence to scheduling and acceleration profiles. Moreover, the integration 

of renewable energy sources and bidirectional power is crucial for decarbonization and smart 

grid compatibility. Although it is difficult to achieve within DC railway TSS with diode 

rectifiers due to the lack of bidirectional substation infrastructure and the limitations of 

mechanical circuit breakers. These challenges are compounded by the lack of flexibility in 
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current substation and line configurations, which makes adaptation to new traffic patterns or 

energy sources both technically complex and economically burdensome. 

1.2.6.4 Economic problems 

The rising cost of electricity in France, coupled with the restructuring of grid tariff mechanisms, 

particularly the transition from TURPE 6 to TURPE 7, has introduced significant financial 

pressure on railway operators like SNCF Réseau. TURPE (Tarif d’Utilisation des Réseaux 

Publics d’Électricité), regulated by the French Energy Regulatory Commission (CRE), defines 

the access charges paid to RTE for using the public electricity transmission network [31] . 

Since the beginning of TURPE 6 in 2021, one of the key financial burdens has been the steady 

increase in the power weighting coefficient, used to calculate penalties for exceeding subscribed 

power. As illustrated in Fig. 1.8, this coefficient has surged by over 140% between 2021–2022 

and 2024–2025, rising from values as low as 2.9 €/kW/year to over 10 €/kW/year depending 

on the time slot. This evolution indicates a policy aimed at limiting peak demand, leading to 

higher sensitivity of SNCF’s operations to power exceedances.  

The most recent TURPE 7 framework introduces stricter penalties for peak demand and reactive 

power consumption, leading to higher overall costs compared to previous agreements between 

RTE and SNCF Réseau [31] . Nevertheless, the analysis conducted in this work relies on 

historical data recorded under the TURPE 6 tariff structure, as the implementation of TURPE 

7 is planned for the coming years. Within the TURPE 6 period, the power weighting coefficients 

evolved annually, as depicted in Fig. 1.8, illustrating a consistent upward trend that reflects the 

gradual reinforcement of tariff constraints over time. This pricing evolution poses serious 

economic challenges, particularly for legacy DC systems that are inherently less efficient and 

harder to modernize. 

 

Fig. 1.8 Yearly evolution of price penalty price coefficient throughout TURPE6 tariff 

1.2.6.5 Environmental impact 

The energy inefficiency of legacy 1.5 kV DC railway systems contributes not only to higher 

operational costs but also to indirect environmental impacts, especially in contexts where the 

electricity grid is not fully decarbonized. Due to significant resistive losses estimated at 10–

12% in rectifier-based DC TSS, additional energy must be produced to meet actual traction 

demand, effectively increasing upstream CO₂ emissions even for electrified trains [32] . While 
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rail is often promoted as a low-carbon mode of transport, such inefficiencies diminish its 

environmental advantages when the marginal electricity still contains fossil inputs. This 

undermines progress toward key decarbonization targets such as the European Green Deal’s 

goal of reducing transport-sector emissions by 90% by 2050 [33] , as well as France’s Stratégie 

Nationale Bas-Carbone aiming for carbon neutrality within the same timeframe [34] . 

Improving the electrical efficiency of the railway network is therefore not just a technical issue, 

it is a prerequisite for aligning rail operations with national and EU climate commitments. 

1.3 Review of proposed technical solutions for enhancing DC 

railways 

1.3.1 Medium voltage DC (MVDC) electrification 

In response to the growing operational limitations and inefficiencies that characterize traditional 

1.5 kV and 3 kV DC railway systems, recent research conducted with “SNCF réseau” has 

increasingly focused on the transition toward Medium Voltage DC (MVDC) electrification, 

with 9 kV DC emerging as a technically and economically balanced solution. The proposed 

new voltage electrification argues that 9 kV DC strikes a compelling compromise by offering 

significant performance gains while maintaining compatibility with existing electrification and 

traction system paradigms [29] [36] . 

The MVDC approach yields several key benefits. First, it enables greater spacing between 

TSSs, reducing infrastructure density and associated maintenance costs. Second, by reducing 

the current required to deliver equivalent traction power, it permits a substantial reduction in 

the cross-section of overhead conductors from 850–1000 mm² in 1.5 kV DC systems down to 

approximately 230 mm² in the MVDC configuration. This not only lowers capital costs but also 

simplifies the mechanical structure of the catenary system [29] . 

More critically, simulation studies confirm that energy efficiency is significantly improved. 

Losses in traditional 1.5 kV systems driven by high Joule heating in conductors and rails can 

reach up to 12% of the energy supplied. In contrast, the adoption of a 9 kV DC system reduces 

these losses to below 4%, even when factoring in thinner conductors and fewer substations [29] 

. These findings, corroborated by case studies on the French railway network, underscore 

MVDC’s viability as a long-term solution aligned with the dual objectives of infrastructure 

rationalization and carbon-neutral electrification. 

Fig. 1.9 and Fig. 1.10 illustrate the permissible combinations of overhead-line cross-sectional 

area and substation spacing for different DC voltage levels in railway electrification, 

distinguishing between classic and high-speed tracks. Each coloured region represents a voltage 

level, bounded by thermal limits (horizontal boundaries) and rail-to-ground voltage limits 

(vertical boundaries). The upper bound of 600 mm² for conductor size reflects an economic 

constraint, as larger sections would significantly increase the cost of support structures. For 

classic tracks, a 6 kV system offers an efficient solution, enabling substation spacing beyond 

30 km with manageable conductor sizes. In contrast, high-speed tracks, which impose greater 

power demands (reflected by higher conductance G = 0.75 S/km), require higher voltage levels, 

typically above 7.5 kV, to allow substation spacing of over 40 km, aligning with common AC 

electrification practices. 
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Fig. 1.9 Overhead-line cross-sectional area versus substation spacing for a rail-to-ground conductance of 0075 S/km. 

Suburban transport (classic track) [36] 

 

Fig. 1.10 Overhead-line cross-sectional area versus substation spacing for a rail-to-ground conductance of 0075 S/km.  High 

speed tracks [36] 

1.3.2 Hybrid and transitional architectures 

The transition from conventional 1.5 kV or 3 kV DC railway systems to Medium Voltage DC 

(MVDC) architectures offers clear benefits, including improved energy efficiency, reduced 

substation density, and enhanced integration of renewable energy sources. However, a complete 

and immediate infrastructure overhaul remains economically and operationally challenging. In 

response, the literature has proposed several hybrid and stepwise strategies designed to enable 

a gradual, cost-effective modernization of existing rail networks. 

A progressive migration strategy in which a 9 kV DC feed-wire is installed alongside the 

existing 1.5 kV overhead line is proposed in [35] . During the transition phase, power electronic 
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transformers (PETs) located either at substations or onboard rolling stock manage real-time 

voltage conversion, allowing continued operation of legacy trains. Over time, conventional 

1.5 kV substations are replaced by modular 9 kV units, resulting in lower energy losses and a 

significant reduction in substation count [35] . A case study conducted with the “SNCF réseau” 

on the Bordeaux–Hendaye corridor confirms the feasibility of this hybrid configuration, 

demonstrating stable pantograph voltages and improved system performance. Once the fleet is 

upgraded for native 9 kV operation, the infrastructure can be fully converted, completing the 

transition. 

Fig. 1.11 illustrates the transitional process of upgrading the DC railway grid to a 9 kV system. 

As shown in Fig. 1.11 (a), certain intermediate substations will be entirely decommissioned and 

replaced by DC-DC step-down Power Electronic Transformers (PETs) to continue supplying 

the existing 1.5 kV overhead line. The final stage in this electrification evolution involves 

directly feeding the overhead line with 9 kV DC, as shown in Fig. 1.11 (b). Consequently, all 

remaining 1.5 kV transformer-rectifier units, along with the previously installed DC-DC PETs, 

will be removed. Simultaneously, the overhead line infrastructure will undergo a complete 

renewal. The newly installed catenary system will feature reduced copper cross-sections and 

lighter support structures, resulting in substantial cost savings for the overall infrastructure. 

 

Fig. 1.11 Intermediate electrification system: three-wire supply system with a 9-kV feed wire. (b) Final stage: 9-kV dc 

electrification system [37] 

A more comprehensive approach is proposed in [38] , who introduces a 24 kV MVDC grid 

supported by modular voltage source converters (VSCs). This architecture enables bidirectional 

power flow, supports both urban and high-speed networks, and allows dual voltage rolling stock 

to operate seamlessly across legacy and modern segments. Their case study on the Madrid–
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Barcelona corridor illustrates a 50% reduction in installed transformer capacity, extended 

substation spacing up to 120 km, all without compromising voltage stability or operational 

performance. The proposed VSC MVDC-based railway system as a new traction power system 

framework offers great potential compared to conventional MVAC systems. Fig. 1.12 (a) 

illustrates the core of the traction substation in the proposed paradigm. It is composed of a three-

phase modular multilevel VSC connected to the power system through a step-down transformer. 

Fig. 1.12 (b) shows the bidirectional, isolated dc–dc converter used. On the 24-kV side, a 

multilevel inverter for the high speed track and on the 3 kV side for DC metropolitan network. 

Through a comprehensive review of MVDC railway systems, research in [21]  emphasizing the 

importance of gradual transition mechanisms such as modular power-electronic converters and 

dual-voltage compatibility. The work highlights MVDC’s suitability for smart grid integration, 

enhanced energy recovery, and the accommodation of distributed generation, while also 

pointing to the regulatory and standardization needs that must accompany technical progress. 

 

Fig. 1.12 (a) Transformer and multilevel VSC for the 24-kV dc electrification system. (b) VSC-based interconnection of high-

speed (24 kV) and metropolitan (3 kV) railways 

The shift toward MVDC and hybrid DC architectures necessitates a re-evaluation of the 

underlying converter and protection infrastructure. Traditional transformer-rectifier groups and 

electromechanical breakers are insufficient for high-performance, and medium-voltage 

operation. To this end, a new generation of Power Electronic Traction Transformers (PETTs) 

has been introduced, capable of handling high-voltage DC levels with galvanic isolation and 

modularity. These PETTs typically integrate multilevel DC-DC converter topologies and 

Silicon Carbide (SiC)-based semiconductor switches, offering high power density, low 

switching losses, and improved thermal performance key requirements for both wayside and 

onboard integration [39] . 

1.3.3 Reversible substations and energy management 

A critical limitation of legacy DC railway systems lies in their inability to effectively make use 

of regenerative braking energy. In conventional configurations, braking energy is often 

dissipated as heat through onboard resistors or is ineffectively reinjected into the grid due to 

unidirectional power flow constraints. Converter technology can replace the rectifier leading 

for a possible bidirectional power flow as shown in Fig. 1.13. The recuperation of regenerative 

braking energy can now be achieved through new electrification systems that support [40] . 

such reversibility [40] [121] . 
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Fig. 1.13 Reversible substation working method [40] 

The reversible substations offer a bidirectional power exchange between the traction system 

and the upstream electrical grid. These substations employ voltage source converters or 

reversible thyristor-controlled rectifiers (RTCRs) to manage power flows during deceleration 

phases, thereby allowing for the recuperation of otherwise wasted braking energy. The 

implementation of RTCRs, as highlighted in [41] , not only facilitates energy recovery but also 

improves voltage regulation and reduces infrastructure costs by enabling wider substation 

spacing and reduced rail losses. Field-tested systems on reversible DC substations have been 

developed and commercialized under platforms such as the Enviline™ ESS developed by ABB. 

In which the wayside ESS is designed for DC railway transportation networks. Its primary 

purpose is to capture and reuse regenerative braking energy, thereby reducing traction energy 

consumption by up to 30% and mitigating peak power demand on the grid [42] . The INGEBER 

system is an energy recovery solution tailored for DC railway networks, designed to capture 

surplus regenerative braking energy and feed it back into the AC grid [43] . Siemens offers the 

Sitras RCC (rail charging converter), a powerful flexible solution for the efficient charging of 

battery-electric trains. And a self-commutated IGBT inverter Sitras® PCI that plays a pivotal 

role in the electrification of infrastructure, setting a benchmark for sustainable mobility. This 

innovative product enables the transmission of a train's braking energy into the superordinated 

medium-voltage network, thereby reducing energy costs [44] [45] . 

Complementing these hardware innovations, [46] proposed a medium-voltage DC (MVDC) 

railway electrification scheme based on modular multilevel converters (MMC-FB), 

demonstrating through simulation that such substations can both feed traction loads and inject 

surplus regenerative or photovoltaic energy back into the AC grid with high power quality and 

near-unity power factor. Their work confirms that advanced converter-based substations 

inherently support reversibility and enable flexible integration of renewable energy sources into 

the traction network. 

In parallel, research in [47] introduced a novel power-based coupling methodology to assess 

the technical impact of injecting regenerative braking energy into surrounding AC distribution 

grids. Applied to Panama Metro Line 1, their methodology models the DC railway system and 

AC grid independently and links them via a lumped inverter model, enabling efficient 

assessment of voltage fluctuations and grid strength without requiring detailed converter 

simulations. 
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The rise of microgrid concept and the entrance of multiple actors in the railway grids such as 

auxiliary loads and EV charging stations pushed researcher to develop optimization-based 

energy management strategies are being explored to further enhance efficiency. Providing 

arrangement of power exchange between different actors (grid, RES, ESS, EV, etc...) to 

maximize the use of local renewable energy production and for efficient use of ESS. In this 

context, a Model Predictive Control (MPC) framework for a smart railway station integrating 

PV generation, battery and supercapacitor storage, and regenerative braking as shown in Fig. 

1.14. The MPC controller allocates energy flows across storage and loads while maintaining 

voltage stability within the microgrid [48] , using a Mixed-Integer Quadratic Programming 

(MIQP) formulation to manage complex operational constraints of the different smart grid 

actors. 

 

Fig. 1.14 Representation of smart microgrid with different actors [48] 

1.3.4 Summary of the recent solutions 

Recent progress in DC railway electrification shows a clear move from traditional, one-way, 

and energy-intensive systems toward smarter and more flexible ones. Medium Voltage DC 

(MVDC) solutions, especially around 9 kV, have proven to reduce energy losses, allow greater 

distance between substations, and lower infrastructure costs, while remaining compatible with 

existing trains and equipment. Hybrid and step-by-step approaches make it possible to 

modernize the network gradually by using modular converters and power electronic 

transformers. At the same time, reversible substations and new converter technologies have 

made it possible to recover braking energy that was previously lost, improving overall 

efficiency and sustainability. 

Together, these innovations form the foundation of the next generation of railway 

electrification. They increase efficiency, make control systems smarter, and improve 

compatibility with renewable and decentralized energy sources. They also create the right 

conditions for integrating renewable generation and encourage the use of energy storage 

systems (ESS) to reuse electricity that was previously wasted. In addition, they help maintain 

system stability, especially in networks with frequent train operations. These advances open the 
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way to smart railway energy systems, where different energy sources such as PV systems, ESS, 

and EV charging stations can work together under intelligent energy management systems. 

1.4 Smart grids (systems with multiple sources) 

Given the rising traffic density and energy demand across the French railway network, the 

traditional 1.5 kV DC traction system is reaching its technical and operational limits in 

supporting high-frequency services. To address these challenges, SNCF Réseau has launched 

several modernization initiatives aligned with its national objective of improving overall energy 

efficiency by 20% between 2015 and 2025. These initiatives are part of a broader 

decarbonization strategy aimed at reducing electricity costs during peak hours and limiting the 

network’s carbon footprint. Projects such as RACCOR-D, led by SNCF Réseau, are testing the 

deployment of smart grid technologies integrating batteries, photovoltaic (PV) systems, and 

intelligent control to enhance local energy autonomy and network flexibility. In parallel, SNCF 

is pursuing large-scale photovoltaic development—targeting 1 GWp of installed solar capacity 

by 2030—and conducting pilot projects like Solveig, which explores PV integration directly on 

railway infrastructure [74] [75] . 

Together, these efforts mark SNCF’s transition toward smart, decentralized energy 

management, reducing dependency on the public grid and promoting cleaner, cost-efficient, 

and more resilient railway operations. 

1.4.1 Integration of renewable energy sources to the railway networks 

The integration of renewable energy sources (RES) into railway power systems has emerged as 

a promising strategy to address the limitations of conventional DC railway networks in terms 

of supply reliability, voltage regulation, and environmental sustainability. Photovoltaic (PV) 

systems, in particular, have shown significant potential when deployed on station rooftops, 

depots, and adjacent unused land to support local loads and improve the overall energy balance 

by reducing electricity drawn from the grid and associated transmission losses [49] .  

More broadly, the development of stationary hybrid renewable energy systems (HRES) 

combining PV, wind turbines, and energy storage offers a flexible and scalable solution to power 

both electrified railways and isolated sections of the grid, enhancing supply reliability while 

lowering operational costs and fossil fuel dependence [50] . These systems, often configured in 

grid-connected or stand-alone architectures, can support auxiliary loads, TSSs, or even enable 

partial railway microgrid operation. 

Such integration is further enhanced by the application of smart grid principles, which enable 

the dynamic coordination of distributed generation, energy storage systems (ESS), and demand-

side management through integrated communication and power electronics technologies [49] . 

In this context, railway-adapted smart microgrids have been proposed to incorporate distributed 

energy resources, bidirectional converters, and intelligent control strategies capable of 

optimizing energy flows, recovering regenerative braking energy, and improving system 

resilience [51] .  

Real-world deployments have illustrated the effectiveness of combining PV generation with 

demand response strategies to reduce peak loads and operational energy consumption across 

stations and auxiliary buildings [49] . Moreover, the deployment of ESS on a wayside 

connection has shown significant benefits in capturing regenerative braking energy, stabilizing 

catenary voltage, and mitigating stray currents, especially in MVDC configurations where mid-

line support is critical [52]  [53]  [54] .  
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The MVDC railway architecture mentioned earlier [21]  further enhances these capabilities by 

enabling direct PV coupling to the traction power supply, where renewable generation units can 

feed the MVDC feeder without intermediate AC conversion. This architecture also enables 

stable interaction with the upstream AC grid through controlled power-electronic converters, 

ensuring balanced power exchange and voltage regulation under variable renewable and 

traction load conditions. Such bidirectional and controllable energy flows demonstrate that 

MVDC systems can serve as the backbone of renewable-powered railway microgrids [46] . 

These advancements collectively position RES, hybrid systems, and smart grid technologies as 

key enablers of the transition toward more efficient, and intelligent railway infrastructure. 

1.4.2 Services of ESS in railway network 

As energy efficiency, grid stability, and operational flexibility become central pillars of smart 

railway electrification, ESS have emerged as multi-functional assets capable of delivering 

diverse technical services. Rather than functioning solely as regenerative energy buffers, 

modern ESS architectures provide a suite of grid-integrated, intelligent, and service-driven 

functionalities. This section dissects the primary services enabled by ESS in electrified 

railways. 

1.4.2.1 Regenerative braking energy recovery 

Regenerative braking allows trains to convert kinetic energy into electrical energy during 

deceleration. However, in the absence of Energy Storage Systems (ESS), this energy is often 

dissipated as heat through braking resistors due to limited catenary receptivity or the absence 

of concurrently accelerating trains. ESS mitigate this by enabling the systematic capture and 

reuse of regenerative braking energy (RBE), thus reducing the net traction energy drawn from 

the grid and improving overall system efficiency.  

Modern solutions including hybrid ESS configurations that combine supercapacitors and 

lithium-ion batteries are designed to absorb high-intensity braking events and discharge energy 

during acceleration phases, supporting smoother power profiles and network stability [55]  [56] 

. Practical implementation in controlled systems using DC/DC converters has demonstrated that 

ESS can significantly reduce energy losses and peak power draw [57] .  

Fig. 1.15 shows the basic principle of capturing regenerative braking energy. In DC railway 

systems, the decision to either dissipate braking energy on board or feed it back into the grid is 

defined during the design and commissioning of the line. If the substation and network are 

designed to be receptive (1), braking vehicles can reinject part of their energy into the grid. 

Otherwise, the energy is dissipated through onboard braking resistors (2). When several 

vehicles brake simultaneously, the network may become saturated, forcing excess energy to be 

dissipated. To prevent this, one or more ESS can be installed along the track providing a path 

for the energy. The additional consumer increases the grid receptivity and is able to store 

braking energy (3) and release it again if required in acceleration (4), thus relieving the 

substations. A key challenge, however, lies in enabling trains to dynamically assess network 

conditions through intelligent power management and communication mechanisms, allowing 

regenerative energy to be utilized more effectively in real time. 

Promising perspectives are arising from the development of Lithium Titanate Oxide (LTO) cells 

that allow direct connection to the DC network, eliminating the need for power converters while 

maintaining high charge/discharge efficiency and cycle life [58] . However, this solution still 

require voltage matching and a robust battery management system suitable for this kind of direct 

connections. 
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These configurations make ESS deployment more flexible and cost-effective, especially in 

dense urban rail environments. 

 

Fig. 1.15 Braking and accelerating in a grid with and without ESS [48] 

1.4.2.2 Maintain voltage level and power quality support 

Voltage drops are a major limitation in long DC railway sections and during dense train traffic. 

Energy Storage Systems (ESS) help maintain the pantograph voltage above critical thresholds 

to ensure continuous traction. For instance, research in [59]  proposes a smart microgrid-based 

electric railway system integrating ESS, regenerative braking, and renewable sources. Their 

control strategy ensures dynamic voltage regulation through coordinated operation of ESS and 

Railway Power Conditioners (RPCs), which act as energy hubs and power-quality 

compensators. Simulations demonstrate how their system maintains DC bus voltage stability 

under fluctuating traction and regenerative loads, reducing stress on the grid and enhancing 

reliability.  

The SNCF contribution in this field appears in the development of a Modular Battery Energy 

Storage Systems (MBESS) that operates in voltage-source or current-source modes depending 

on grid conditions, to reinforcing network resilience including the issue of voltage drops [12] . 

Another study conducted on VSC based TSS, showed that the integration of PV system and 

ESS at mid-section of the railway track achieve the highest catenary voltage stabilization. At 

mid-section, the catenary voltage drop will be at its maximum since it’s the point where the 

catenary linear resistance will be at its maximum [52] . The resistance of the catenary depends 

on the position of the train; its linear resistance is expressed in Ω/km. The furthest the train is 

from the substation the higher the resistance. Fig. 1.16 illustrates the integration of PV and ESS 

(connected to the catenary) at mid-section between two TSS. 
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Fig. 1.16 VSC based TSS with PV and ESS at mid-section [43] 

1.4.2.3 Peak shaving and substation relief 

Energy Storage Systems (ESS) offer critical peak shaving and substation relief services for 

railway grids by strategically discharging during high-demand periods (trains acceleration and 

high traffic scenarios) and charging during low-demand intervals. This smoothing of the power 

profile reduces peak loads by over 30%, as validated by platform-based simulations and real-

world implementations, such as a high-power ESS installation in Poland’s 3 kV DC traction 

network [60] . By reducing peak demand, the ESS eases the load on substation equipment, 

helping to delay expensive infrastructure upgrades and lower the extra costs that occur during 

high-tariff periods [61] . Furthermore, ESS supports dynamic substation load management 

through predictive control strategies. The study proposes a wayside ESS integrated with a 

Railway Power Conditioner (RPC) to address peak demand and grid instability in electrified 

railways. The ESS-RPC system, connected to the DC bus of traction substations, employs Li-

ion batteries to actively regulate maximum demand through short-term load forecasting using 

a hybrid Auto Regressive Integrated Moving Average (ARIMA) neural network model. This 

approach reduces substation peak loads by 12.7% [62] . Another study reviews the integration 

of ESS in electrified railways, highlighting their role in peak shaving and grid stress reduction 

through a dynamic control methodology presented in [63] . These capabilities not only enhance 

grid stability but also lower maximum demand charges of railway electricity costs. 

1.4.2.4 Back up services 

ESS in railways are deployed as either onboard (OESS) or wayside (WESS) solutions, each 

addressing distinct operational needs. The Beijing Metro Study demonstrates how coordinated 

OESS and WESS can optimize regenerative braking recovery while performing peak shaving, 

with OESS enabling immediate energy reuse during acceleration and WESS stabilizing grid-

level demand [64] . Meanwhile, the Warsaw University Study highlights WESS applications in 

substation relief and emergency power for catenary-free sections, while OESS ensures train 

mobility during outages critical for evacuation or bridging short power gaps. Together, these 

studies underscore that onboard systems prioritize localized energy autonomy (e.g., emergency 

traction), whereas wayside systems excel at grid-scale resilience (peak load reduction and EV 

charging support) [65] . 

1.4.2.5 Smart grid integration and energy management 

As part of modernization of DC railway substations, railway network operators are integrating 

renewable energy sources for multiple reasons as explained earlier. As railway systems evolve 
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into smarter, decentralized infrastructures, energy storage systems are increasingly integrated 

into smart grid architectures where they interact dynamically with the available renewable 

energy sources, the public grid, and other actors that may be present in the network. Within this 

framework, ESS are no longer passive storage elements but become actively managed assets, 

coordinated by intelligent Energy Management Systems (EMS). These systems perform multi-

objective optimizations that balance cost, energy efficiency, grid stability, and component 

health. There are plenty of methods used to develop EMS, the choice of the method depends on 

the system specification and the type of application. Modern EMS approaches leverage 

advanced control algorithms, such as fuzzy logic, rule-based, and mixed-integer linear 

programming (MILP), to manage ESS operation under variable railway traffic, PV generation, 

and TSS load consumption.  

For example, an optimization-based EMS is developed with MILP for an interconnected 

railway stations equipped with PV, and ESS. With an objective to coordinate the ESS in a way 

that reduces the dependency of the grid and enhances self-consumption of PV systems under 

uncertainty in SOC and solar irradiance. Leading to an evident reduction in energy costs [66]  

[67] .  

Also, a fuzzy logic control scheme that adjusts power flow in a railway based on real-time 

voltage conditions and battery SOC, successfully reducing battery degradation while 

maximizing energy recovery is developed in [68] .  

To support long-term viability, ESS integration must also consider battery aging mechanisms 

and their impact on lifecycle cost. As explained in [69] , incorporating aging models into the 

EMS allows for smarter sizing and dispatch decisions, ultimately increasing the return on 

investment while maintaining system reliability.  

Together, these strategies of EMS applied to railway smart grids elevate the importance of ESS 

that create a path for excess of renewable energy production and regenerative braking energy. 

Which has a direct impact on maximising the self-consumption of renewable energy sources 

and minimizing the dependency on the grid that led to economical savings in terms of energy 

costs. 

1.5 Context of project RACCOR-D 

Funded by France 2030, the RACCOR-D project, developed in collaboration with SNCF 

Réseau, RTE, JUNIA-L2EP, SCLE, Railenium, INPT-Laplace, and CEA present a strategic 

ambition to modernize legacy DC traction substations by progressively transitioning them into 

smart, medium-voltage DC (MVDC) substations. This initiative responds directly to the well-

documented limitations of the 1.5 kV DC system represented in high resistive losses, dense 

substation spacing, and constrained traffic scalability. By addressing these issues, RACCOR-D 

positions DC electrification back into perspective alongside AC systems, particularly in terms 

of cost efficiency, operational performance, and energy optimization. The longer-term vision, 

informed by previous technical studies conducted by SNCF Réseau, involves upgrading the line 

to an MVDC configuration. In such a scenario, the DC TSS itself could potentially be 

decommissioned and fully replaced by the RACCOR-D system, which would function as a self-

sufficient smart energy node composed of only PV and ESS. This would not only reduce 

infrastructure complexity but also contribute to the strategic goal of increasing the spacing 

between substations without compromising energy availability or grid stability. 

One of the central motivations behind RACCOR-D is the integration of smart grid 

functionalities into the existing railway infrastructure. Recent advancements in converter 

topologies, power electronics, and energy storage technologies, alongside the development of 
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the smart grid concept allow DC substations to evolve into active energy hubs. Fig. 1.17 

represents the potential future of the DC TSS, where the traction unit (diode rectifier + 

transformer) is replaced with MVDC converter. With a potential bidirectional power flow from 

and to the electricity transmission network RTE. The research behind this transformation is 

conducted by Laplace laboratory and RTE, with the contribution of the railway network 

operator SNCF réseau. This future vision also hosts PV designed by CEA, and ESS technology. 

Connected to the railway network through DC-DC converters that falls under SCLE 

responsibilities. The energy management work falls under the L2EP that forms the problematic 

of this thesis. 

 

Fig. 1.17 Future architecture of the DC railway TSS with RACCOR-D system 

Fig. 1.18 summarizes the role of every RACCOR-D project partner. The work is divided into 5 

main groups, where the fifth one covering the energy management is the one concerned by this 

thesis. The research done in this area uses the first vision of RACCOR-D project in terms of 

PV, ESS capacity, and DC-DC converters rated power. The study considers available rectifier 

based TSS without tackling the future perspectives in terms of medium voltage and 

bidirectionality. The energy management must be evaluated and tested with existent data; future 

vision of RACCOR-D is not implemented and cannot be investigated under the proposed 

energy management work since it offers additional objectives and constraints caused by the 

modification of the substation nature. 
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Fig. 1.18 Mission of every RACCOR-D project collaborator 

To this end, a DC TSS, located in southern France, has been selected as a pilot site for 

experimental deployment. This TSS serves as a good example of the challenges facing the 

broader French railway network: it operates under low-voltage constraints that limit power 

supplied to the TSS load and the ability to support increased rail traffic. Integrating on-site PV 

production and battery energy storage offers a solid solution to respond to the economic 

problems explained earlier. 

In light of this future perspective, an alternative RACCOR-D architecture is envisaged, in which 

the system is installed at the mid-section between two substations. Such positioning would 

allow it to act as a decentralized power buffer and voltage support node, bridging the electrical 

gap created by the removal of one traditional TSS. This novel architecture, made possible 

through MVDC technology and advanced supervision tools, would maximize the value of local 

renewable energy while ensuring the continuity and quality of railway service. 

RACCOR-D, therefore, not only represents a technical demonstration of smart grid integration 

in a railway context but also sets the stage for developing new supervisory frameworks that can 

optimize the interaction between controllable (ESS, PV) and non-controllable (AC/DC 

converters, railway traction load) elements. The project responds to both national goals for 

railway modernization and broader European directives targeting energy efficiency and carbon 

neutrality. 

1.6 Thesis problematic and research positioning  

The transformation of legacy DC traction substations into smart grid nodes equipped with 

photovoltaic (PV) production and energy storage systems (ESS) introduces a new operational 

paradigm. These substations, which historically functioned as passive infrastructure elements, 

are now expected to host dynamic, bidirectional, and multiple energy interactions. In this 

context, the optimal operation of ESS requires not only an adequate energy management system 

(EMS) but also real-time supervision tool capable of responding to the uncertainties inherent in 

both railway load demand and renewable generation. 

A critical obstacle is the absence of real-time measurement of traction substation (TSS) load. 

In general, the TSS load covers the load of the circulating trains, the losses of the TSS 
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equipment, auxiliary loads (EV charging stations for example). Unlike industrial or residential 

microgrids where flexible loads can be modulated to support energy objectives, railway systems 

are rigid in their consumption patterns. The energy management framework must therefore 

operate under asymmetric controllability, where the load is fixed and only the ESS can be 

actively manipulated. Consequently, the proposed energy management solution must be 

adaptive of the nature of the railway network, balancing between the multiple objectives with 

different nature from the multiple elements and actors of the railway smart grid. 

While the scientific literature provides valuable contributions to energy management in 

railway-integrated smart grids, real-time supervision remains largely underexplored. Most 

existing works prioritize offline or predictive optimization strategies (MPC, MILP), assuming 

either perfect foresight or full measurability of system states. However, these assumptions break 

down in operational railway environments where ESS must react instantaneously to uncertain 

and unmeasured phenomena. This thesis addresses that gap by developing a real-time 

supervision tool, grounded in fuzzy logic and designed to handle imprecise or missing 

measurements while maintaining computational tractability and fast decision cycles. Also, a 

classic optimisation-based EMS is developed to be compared with the proposed real time 

supervision tool. The day ahead EMS that relies on forecast information regarding the PV 

production and the TSS load consumption can be limited in term of uncertainty that highly 

exists in the TSS load variation and PV generation that depends on the weather fluctuation.  

This elevates the challenge of developing an adequate forecast model suitable for the TSS load 

nature and dynamics. Improving the forecast leads to higher accuracy for the day ahead EMS 

that serves as a long-term supervision in terms of ESS scheduling and achievement of the 

objectives set. The real time supervision is designed as a short-term supervision level; it comes 

after the day ahead planning and operates in real time to deal with the uncertainties and 

guarantee the achievement of the objectives while respecting the necessary constraints of the 

railway smart grid elements. 

Another layer of complexity arises from the multi-agent nature of smart railway grids, where 

different actors such as PV system, ESS, public grid (electricity transport network), pursue 

distinct and sometimes conflicting objectives. These include energy cost minimization, 

renewable energy self-consumption, peak shaving, voltage stability, and compliance with 

operational constraints imposed by the train timetable. Designing a unified supervision tool that 

can balance these heterogeneous objectives under uncertainty, in real time, forms the core 

scientific challenge of this research. 

To structure the investigation, the following research questions are posed: 

1. How can a unified energy supervision tool be designed to manage ESS with limited load 

observability and high uncertainty and variation of railway load? 

2. What are the most suitable energy management and supervision methods that can 

achieve the objectives and the real time supervision under multiple objectives to be 

treated with different nature with limited means of action? 

3. How does the integration of real-time supervision affect the operational efficiency, 

energy cost, and respect ESS constraints of a DC railway substation enhanced with PV 

and ESS? 

This work contributes a novel real-time supervision framework that considers the day ahead 

planning in its decision making process. The real time supervision is developed to guarantee 

the treatment of the limitation of the day ahead developed EMS. The performance of the day 
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ahead EMS is evaluated and compared with the developed complete real time supervision tool. 

In addition, a study on the improvement of the forecast of the TSS load is established to deal 

with the unique nature and pattern of TSS consumption, characterized with peak consumptions 

that occur for short durations. 

All of the above are mainly concerned about the integration of PV and ESS in the 1st architecture 

of RACCOR-D. Where the integration is done at the TSS level. A suitable real time supervision 

tool that achieves the objectives behind this architecture must be develop considering its proper 

characteristics. In addition to the first architecture, a 2nd architecture of RACCOR-D is 

established as a perspective, where the PV and ESS are connected between two adjacent 

substations. A real time supervision tool must be developed in a way that treats the different 

objectives that arrive with this different architecture. 

1.7 Conclusion 

This chapter has provided a comprehensive overview of the current state, limitations, and 

transformation pathways of DC railway traction substations, with a particular focus on the 

challenges faced by legacy 1.5 kV DC systems in France.  

In response, recent research and industrial initiatives RACCOR-D project have explored the 

integration of smart grid principles into railway systems through the deployment of photovoltaic 

(PV) generation and energy storage systems (ESS). These technologies, supported by advances 

in power electronics and converter architectures, offer promising solutions to enhance 

substation performance, increase energy autonomy, and reduce reliance on the public electricity 

grid. The potential shift toward Medium Voltage DC (MVDC) electrification represents a long-

term vision that could overcome the structural limitations of low-voltage networks, enabling 

wider substation spacing and improved network efficiency. 

The RACCORD project exemplifies this vision, positioning an actual DC TSS as a 

demonstrator site for integrating renewable energy and storage technologies into railway 

operations. Looking forward, RACCOR-D opens the possibility of replacing conventional 

substations altogether, with ESS and PV operating autonomously at mid-sections of the line in 

a decentralized smart grid configuration. 

However, these transformations introduce new operational complexities. The presence of 

multiple actors with differing objectives (PV, ESS, railway load, railway network, public 

electricity transmission network) requires the development of advanced energy management 

and real-time supervision systems. These systems must be capable of handling uncertainties in 

both TSS load and PV production, under conditions where not all system states such as TSS 

load are directly observable. The energy management is what coordinates the smart grid 

elements such as ESS to extract the maximum benefits behind the smart grid transformation of 

DC railway network. 

This chapter has set the stage for the main research question of this thesis: how can we design 

an intelligent, energy supervision framework specifically adapted to smart railway substations 

in the context of RACCOR-D project. One capable of optimizing energy flows despite 

uncertainty, limited controllability, and multiple objectives. The next chapters build upon this 

foundation, first by examining energy flow dynamics and forecasting methods in detail, using 

the forecast to develop a day ahead energy supervision, and then by moving toward real-time 

supervision strategies that complete the day ahead. The thesis investigates two possible 

architectures for RACCOR-D and a developed supervision method for each architecture. 
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Chapter 2. Methodology of energy management and 

supervision for different architectures of RACCOR-D 
 

2.1 Introduction 

This chapter provides a comprehensive benchmark and literature review of existing methods 

for energy supervision and management within smart grids, with a particular focus on railway 

systems. By examining current strategies and technologies, this review aims to build a solid 

foundation of knowledge and offers a critical analysis of their principles, capabilities, and 

limitations. This methodological overview supports the rationale behind the approaches 

developed in RACCOR-D project to address the challenges outlined in Chapter 1. Through this 

analysis, we aim to identify the most suitable techniques and justify the integration of a hybrid 

solution combining day-ahead energy management with real-time supervision. 

In addition to the methodological benchmark, this chapter presents the different architectures 

of the RACCOR-D system, where photovoltaic (PV) and energy storage system (ESS) are 

integrated either directly at the traction substation or at the middle of the distance between two 

substations at the level of a parallel post called PMP (poste de mise en parallèle). Each 

integration strategy is tailored to specific operational objectives and technical constraints. The 

developed models representing these architectures are introduced and explained in detail. For 

each architecture, a dedicated MATLAB/Simulink model was developed to reproduce the 

operation of the railway traction substation. These models simulate the system’s dynamic 

performance and supply the real-time measurements required by the supervision tool during 

simulation. 

2.2 Problematic of energy management in a railway smart grid 

The implementation of Energy Management Systems (EMS) in railway smart grids is a complex 

task that involves coordinating controllable assets such as energy storage systems (ESS) and 

photovoltaic (PV) generation while dealing with the strong variability and limited 

controllability of traction loads. Unlike tertiary or industrial power systems, where the load 

profile changes gradually and can be relatively well forecasted, the demand profile of a traction 

substation (TSS) is characterized by sudden peaks, strong variability, and the absence of real-

time observability of train-induced consumption. These characteristics make the accurate 

scheduling and operation of ESS particularly challenging. 

Although EMS developed for day-ahead planning based on forecasts as mentioned in Chapter 

1 ensures an initial schedule for ESS operation, prediction errors in PV production or TSS load 

can significantly deviate the proposed ESS schedule away from the optimal schedule. The 

mismatch between predicted and actual operating conditions may result in constraint violations, 

such as subscribed power overruns, inefficient ESS cycling, or missed opportunities for PV 

self-consumption. 

For this reason, real-time supervision must be an integral part of the global energy management 

framework. Real-time supervision provides the necessary corrections needed to manage 

uncertainties, adapts continuously to deviations from forecasted profiles, and remains robust 

under the unpredictable dynamics of railway operation. This supervision layer plays a key role 

in maintaining a balance between technical and economic objectives, such as minimizing 

energy costs, improving the use of photovoltaic generation, and ensuring grid constraint 
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satisfaction, while keeping the system reliable in the presence of uncontrollable and non-

observable traction loads in real time. 

In this context, the central challenge is not only to design efficient scheduling tools but also to 

identify appropriate supervision strategies that can operate with limited measurements, adapt to 

rapid variations of TSS load, and remain computationally feasible for real-time deployment in 

railway smart grids, providing decision in seconds time interval. 

In summary, the complexity of this supervision strategy raises multiple scientific and technical 

challenges, leading to the following research questions: 

• How can energy management strategies in railway smart grids be adapted to handle the 

high variability and difficult to predict traction load? 

• What forms of real-time supervision are most suitable for improving the robustness of 

ESS and PV operation under forecast errors and absence of real time measurement of 

the TSS load? 

• To what extent do deviations between predicted and actual PV production or TSS 

consumption impact the effectiveness of energy management, and how can supervision 

strategies mitigate these effects? 

• How can supervision methods balance economic objectives (minimizing subscribed 

power penalties and energy costs) with technical requirements (maintaining voltage 

levels, storage constraints) in dynamic railway environments? 

The benchmark of energy management and supervision methods is a key into the development 

of the energy management strategy. The essential evaluation of the methods permits to structure 

the energy supervision tool to be compatible with nature of DC railway networks, using proper 

methods of energy management and for energy supervision. 

2.3 Benchmark of energy management and supervision methods 

for railway smart grids 

Having detailed the architectures under consideration, this section now reviews the existing 

methods found in the literature for energy management and supervision in smart railway grids 

integrating renewable generation and energy storage systems. The benchmark focuses on how 

energy management systems are designed and implemented across different contexts, 

highlighting their underlying optimization techniques, levels of complexity, and adaptability to 

uncertainties. The review also distinguishes between long-term energy scheduling (typically 

performed via optimization methods) and short-term supervision (including heuristic or AI-

based corrections). 

The discussion begins with the optimization methods most frequently employed in the design 

of EMS, including both linear and nonlinear approaches. These methods are evaluated in terms 

of their accuracy, computational efficiency, and suitability for addressing railway-specific 

constraints. Subsequently, the analysis shifts to other classes techniques that could be adaptive 

strategies to the energy management of railway smart grid, such as Multi-Agent Systems 

(MAS), Artificial Neural Networks (ANN), and rule-based methods. Each category is examined 

with respect to its performance, level of required information, and capacity to respond to system 

uncertainties and real-time operational variations. 

Fig. 2.1 illustrates the main families of methods that have been explored in the literature for 

EMS applications. These approaches can be broadly categorized into rule-based methods, 

optimization-based methods, and AI-based methods, with hybrid strategies often emerging at 



51 

 

the intersections of these families. Rule-based approaches, whether deterministic or fuzzy, 

remain widely used for their simplicity and fast implementation, although they often lack 

adaptability under uncertain or dynamic conditions. Optimization methods, ranging from 

classical mathematical programming to advanced model predictive control (MPC), provide 

systematic ways to generate long-term schedules and ensure constraint satisfaction, but their 

performance is strongly dependent on the accuracy of forecasts and the computational resources 

available. AI-based methods, such as machine learning (ML), deep learning (including 

Convolutional Neural Networks CNN, Recurrent Neural Networks RNN and Long Short-Term 

Memory LSTM), and multi-agent systems (MAS), introduce flexibility and data-driven 

intelligence, making them particularly suitable for handling variability and partial observability. 

 

Fig. 2.1 Families of methods for energy management and supervision in smart grids. 

In practice, many recent contributions highlight the increasing importance of hybrid 

frameworks, which combine the strengths of these families to overcome their individual 

limitations. For example, AI-based forecasting tools are often integrated with optimization 

algorithms to enhance scheduling accuracy, while fuzzy or rule-based supervision can be 

employed in real time to correct deviations from planned trajectories. The following sections 

examine these methods in more detail, focusing on how each class has been applied in railway 

smart grids, and setting the ground for a critical evaluation later in the chapter. 

2.3.1 Optimization-based energy management systems 

Optimization techniques applied to energy management systems can be broadly classified based 

on the linearity of the model and the availability of gradients. Fig. 2.2 classifies the optimization 

methods between linear and nonlinear, while listing the common solvers used in each method 

separating between gradient based solvers and non-gradient solvers [16] . 
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Fig. 2.2 Classification of optimization methods 

Linear programming (LP) methods, such as the Simplex algorithm, are effective when both the 

objective function and the constraints are linear. However, purely linear models often lack the 

capacity to capture nonlinear aspects of real-world EMS problems (for example, battery cycling 

limits, nonlinear penalty costs, or renewable generation uncertainty) [76] . In practice, many 

energy systems exhibit such nonlinearities in their technical constraints and cost functions, 

which linear programs cannot represent without simplifications or approximations. 

The mixed integer linear programming (MILP) is an effective method for handling linear 

problems with a mix of continuous and discrete variables. For instance, developed MILP-based 

strategies that schedule ESS operations and the purchased power from the grid in railway 

stations, aiming to minimize grid energy consumption and enhance the use of PV and 

regenerative braking energy (RBE) [66] [67] . MILP framework allows the integration of 

continuous and binary variables, which makes it suitable for problems that simultaneously 

determine system sizing decisions (such as ESS capacity) and control actions (such as power 

dispatch schedules). As a result, MILP can efficiently compute the optimal solution while 

handling both types of variables within the same optimization problem [77] . 

By contrast, nonlinear optimization methods are better suited for EMS applications with 

complex system dynamics or nonlinear cost terms. Gradient-based algorithms such as 

Sequential Quadratic Programming (SQP), interior-point, and active-set methods are 

particularly effective when the optimization variables and constraints vary continuously and the 

cost function changes smoothly, allowing the use of gradients to guide the search for the optimal 

solution [78] . 

SQP in particular has proven well-suited for day-ahead EMS applications (smart grid 

optimization), effectively handling nonlinear constraints such as battery state-of-charge 
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evolution and cycling limits [79] . However, its main limitation lies in the computational burden 

when dealing with high-dimensional problems involving multiple energy storage systems with 

diverse behaviours resulting in a large number of decision variables and constraints. In such 

cases, MILP formulations are often preferred not because they outperform SQP in capturing 

nonlinear dynamics, but because they approximate and linearize these nonlinearities to achieve 

faster computation and tractable problem sizes [80] . 

In hybrid railway networks that combine PV, wind, and energy storage, a nonlinear optimization 

can schedule the power exchanged among the grid, renewables, and storage to lower operating 

costs of the railway network [81] . By reducing the problem size by aggregating time periods 

and using a scenario tree to represent RES uncertainties, a specific solver is then adapted to the 

optimization problem. These measures ensured tractability of the large-scale nonlinear 

programming (NLP), which involved hundreds of thousands of variables and constraints, and 

allowed the solver to converge to an optimal solution [81] .  

On the other hand, non-gradient (heuristic or metaheuristic) methods – such as Particle Swarm 

Optimization, Genetic Algorithms (GA), Ant Colony Optimization – are often employed for 

highly complex or non-differentiable EMS problems with many discrete decisions or multiple 

local minima [82] . These techniques can explore a wide solution space and are useful when 

derivative information such as the mathematical gradients of the objective or constraint 

functions is unavailable or difficult to compute. However, their convergence is typically slower, 

and they offer no guarantee of finding a globally optimal or even feasible solution under strict 

constraints, in contrast to mathematical programming methods [83] . These limitations make 

purely heuristic approaches less attractive for critical infrastructure like railway grids, where 

reliability and optimality of the solution are paramount [84] . 

Optimization methods are used for long term or medium-term energy management, where the 

power profiles are already known or at least predicted. The randomness of renewable energy 

production due to weather fluctuations and the high dynamics of railway traction load pattern 

causes a difficulty in the application of optimization algorithm to work with the appropriate 

production and consumption power profiles. Real time fluctuation will cause problems such as 

power imbalance, curtailment of RES production, and sub-optimal operation due to the lack of 

real time correction.  

To overcome this problem, these models consider uncertainties in PV production and electricity 

prices through scenario generation and reduction techniques [85] . In this approach, a large 

number of possible future conditions (scenarios) are first generated using probabilistic models 

of weather forecasts and price variations. Then, similar scenarios are grouped and reduced to a 

smaller representative set, allowing the optimization problem to remain computationally 

tractable while still capturing the main sources of uncertainty. Similarly, a MILP-based energy 

management model for a smart railway station using a stochastic approach, explicitly 

integrating PV generation and regenerative braking energy with ESS operation [86] . This 

contribution introduced comprehensive PV/RBE integration via scenario-based uncertainty 

modelling, but it relies on scenario generation and lacks real-time correction, limiting its 

adaptability to sudden changes in operating conditions.  

2.3.2 Multi-timescale control 

The impact of optimization methods on the energy management of electric networks with 

multiple sources and storage systems is highlighted by their ability to determine the optimal 

operation of controllable grid elements. EMS based on optimization have proven effective in 

achieving economic gains and reducing energy costs. However, unexpected variations in 
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renewable energy production and the high dynamics of the TSS load consumption in real time 

can cause actual operations to deviate from optimal schedules. 

To maintain optimality, the predicted production and consumption profiles used as inputs to the 

optimization must match real-time values. In the context of railway systems, this is difficult to 

guarantee due to the variability of renewable generation and the rigid nature of train traction 

loads, which, unlike in other energy systems, cannot be shifted or curtailed in response to 

control actions. To address this challenge, multi-time scale control strategies have been 

proposed, which distinguish between day-ahead scheduling and intra-day corrections. For 

instance, authors in [87] introduce a two-stage framework combining day-ahead planning and 

intra-day rolling optimization to adapt energy and reserve dispatch based on updated renewable 

forecasts.  

This concept is implemented through rolling optimization, where newly available forecast data 

are used to adjust the ESS schedule derived from day-ahead optimization. Two main approaches 

can be distinguished. The first relies on a fixed rolling interval, in which the ESS dispatch is 

periodically corrected (every 15–30 minutes) over a short prediction horizon using the same 

optimization model with refreshed inputs. This enhances responsiveness to forecast changes 

compared to static scheduling but remains limited by its fixed and non-adaptive update interval, 

which does not adjust dynamically to sudden variations. 

Alternatively, Model Predictive Control (MPC) frameworks provide a more adaptive solution 

by continuously re-optimizing over a shifting prediction horizon. This flexibility makes MPC 

more responsive to fast fluctuations in PV generation and train loads. However, its deployment 

is limited by computational burden and the need for reliable, real-time measurements. These 

aspects are discussed and demonstrated in [88] , who apply MPC for the multi-time scale 

dispatch of a traction system with hybrid storage, and [89] , who implement a two-level control 

strategy where a low-level controller corrects deviations from a high-level MILP-based plan. 

The challenge of designing optimal references for local controllers in real time, while satisfying 

nonlinear and discrete constraints, is also addressed in [90] using a mixed-integer MPC 

formulation. 

To summarize the core principles of MPC-based intra-day control: 

• The MPC runs in shorter intervals, collect updated measurements, formulate a short-

horizon optimization problem. 

• Minimize the deviation from the day ahead plan 

• ESS constraints respected after the intraday adjustments 

• Maintain the minimization of the real time operational cost 

While both rolling optimization and MPC improve adaptability to real-time conditions, their 

deployment in railway systems must balance computational complexity, forecast availability, 

and real-time performance. In this context, alternative methods such as rule-based or fuzzy 

supervision may be more suitable for ultra-fast adjustments due to their low computational 

requirements and independence from updated forecasts. 

2.3.3 Multi agent systems (MAS) 

Multi-Agent Systems (MAS) have emerged as a promising approach to energy management in 

smart grids thanks to their flexibility and adaptability. Unlike traditional centralized 

optimization-based EMS, MAS architectures distribute decision-making among autonomous 
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agents, allowing the system to coordinate diverse objectives while adapting to uncertainties [91] 

This makes MAS particularly suitable for environments with high variability or decentralized 

ownership, such as community microgrids where different energy actors may pursue competing 

preferences. 

A MAS is composed of autonomous entities, called agents, which can be physical or virtual 

[92] [93] . Each agent perceives and interprets its environment, communicates with others, and 

takes actions that influence the system [93] .  

Fig. 2.3 Generic agent–environment interaction (left) and its application to a railway smart grid 

through a MAS-based EMS (right). Fig. 2.3 illustrates the fundamental concept of agent 

behaviour and its application to railway smart grids. On the left, the generic agent–environment 

interaction is shown: each agent perceives the state of its environment, processes the 

information, and decides on actions that influence the environment in return. On the right, this 

principle is applied to the context of a railway smart grid. Different subsystems such as the ESS, 

PV, public grid, and auxiliary load are represented as autonomous agents interacting with the 

railway load agent (train consumption) under the coordination of a multi-agent EMS. Through 

continuous interaction, they negotiate and collaborate under the coordination of a multi-agent 

EMS [94] . In this way, local objectives such as SOC management, PV utilization, or grid 

constraint compliance can be coordinated at the system level to achieve global energy 

management goals.  

MAS are particularly effective in distributed energy systems with multiple controllable 

components, such as ESS, flexible loads, or generators, where each agent manages its own local 

objective while coordinating with others to achieve a global optimum [95] [96] . As 

demonstrated in [97] , hierarchical MAS architectures extend this concept by enabling flexible 

energy dispatch, real-time responsiveness, and system-level optimization under communication 

constraints and dynamic operating conditions. 

 

Fig. 2.3 Generic agent–environment interaction (left) and its application to a railway smart grid through a MAS-based EMS 

(right). 

While MAS offer strong potential for distributed energy management, their direct application 

to the railway sector faces important constraints. Railway traction loads are highly dynamic, 

stochastic, and strictly schedule-driven, which limits the effectiveness of agent-based demand 

shifting or flexible load management. Furthermore, the communication infrastructure needed 

to support distributed agent coordination is often difficult to justify in such a centralized and 

safety-critical environment.  
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In practice, each agent in a MAS can embed its own decision-making algorithm, which may 

range from simple heuristic rules to advanced optimization solvers such as MILP, nonlinear 

programming, or metaheuristics. This structure allows agents to autonomously optimize their 

local objectives while maintaining coordination with others through negotiation or 

communication protocols. As such, MAS can be regarded as a decentralized AI approach, where 

distributed intelligence and embedded optimization combine to achieve system-wide objectives 

in a flexible and adaptive manner. 

Despite these constraints, MAS can still be valuable in specific railway contexts notably in the 

control of auxiliary loads connected to the railway network and flexible in terms of control like 

EV charging stations [98] , as well as for the management of station-based ESS or PV systems. 

MAS can also be used in hybrid architectures that combine centralized optimization with local 

agent-based adjustments. In such hybrid frameworks, MAS can therefore complement 

centralized EMS by providing local autonomy and fast real-time adjustments, enhancing the 

system’s adaptability to dynamic operating conditions [99] . 

In the specific case of the RACCOR-D architecture, the applicability of MAS is strongly 

limited. The main constraints can be summarized as follows: 

• Limited controllable assets: the only element available for supervision is the ESS. 

• Lack of flexibility in traction loads: train circulation follows fixed schedules, and their 

power demand cannot be reduced or shifted. 

• Absence of real-time measurement: without continuous monitoring of electrical 

parameters especially the train consumption, agent-based decision-making becomes 

ineffective. 

• Communication overhead: implementing a distributed MAS framework requires 

extensive communication infrastructure, which is difficult to justify in such a centralized 

and safety-critical environment. 

2.3.4 Rule based EMS 

Another strand of research investigates rule-based and event-driven control strategies for 

microgrids. These systems are simpler and faster but typically suboptimal and inflexible in 

handling competing objectives or uncertainty [100] Supervisory control strategies that combine 

PV, battery, and other distributed sources have also been explored in railway DC microgrids 

with energy recovery systems relying on a rule-based EMS [59] . Showing potential for railway 

smart grid environments in terms of computational burden and fast reaction to fluctuations. 

Besides, the implementation simplicity of rule-based methods, it doesn’t require extensive data 

forecasting, scenario generation like optimization-based methods, or complicated 

communication like MAS methods.  

However, the developed rules cannot guarantee optimal performance like optimization-based 

methods. Also, rule-based methods can be inflexible handling high dynamics and operating 

conditions change, the rules are typically static and may struggle with complex decision-

making. 

To address these shortcomings, fuzzy logic-based supervisors have gained attention as an 

effective real-time control approach. Unlike optimization methods, fuzzy systems allow 

reasoning under uncertainty and imprecision, which is essential in railway substations where 

real-time measurements of load or PV are often incomplete or noisy. Fuzzy systems can handle 
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multiple objectives such as maintaining SOC limits, ensuring voltage stability, and maximizing 

self-consumption through heuristic rules embedded in the inference system [101] .  

Fuzzy logic models are constructed with a set of rules in their inference engine, however the 

defuzzification method is considered an intelligent mathematical computation that the trade-off 

between multiple objectives. In the defuzzification stage the aggregation of rule is done while 

mathematically estimating the weight of each rule of the inference. The development of fuzzy 

logic systems depends on expert knowledge of system as shown in Fig. 2.4. 

 

Fig. 2.4 Fuzzy logic method principle 

2.3.5 AI-based methods 

Artificial Intelligence (AI) techniques are increasingly applied in energy management systems 

for their capacity to learn from data, capture nonlinear behaviours, and adapt to uncertain 

operating conditions. Within this broad field, machine learning (ML) methods such as support 

vector machines, decision trees, and clustering algorithms have been widely explored for tasks 

like load forecasting, anomaly detection, and stability assessment in smart grids [102] . More 

recently, deep learning (DL) architectures, including recurrent neural networks (RNNs), long 

short-term memory (LSTM), and convolutional neural networks (CNNs), have demonstrated 

superior performance in handling complex time-dependent patterns in energy data, making 

them suitable for PV production prediction, demand forecasting, and real-time fault detection 

[103] [104] . Reinforcement learning (RL) has also been integrated into EMS frameworks to 

provide adaptive decision-making under uncertainty, particularly for dynamic pricing and 

demand-side management [102] . 

Among these families, Artificial Neural Networks (ANNs) remain the most widely employed, 

forming the foundation of both ML and DL approaches [105] . ANNs are especially valuable in 

smart grid applications due to their ability to approximate nonlinear functions and capture 

complex dynamic behaviours [106] . Their "black-box" nature allows them to model input–

output relationships without requiring explicit physical formulations, making them well-suited 

for environments where system dynamics are poorly understood or highly variable, such as 

those involving PV generation and battery storage [107] . 

The main advantages of ANN-based methods are their ability to handle nonlinearity and adapt 

to high-frequency variations [102] , a property highly relevant in DC railway substations where 

load profiles are subject to abrupt, high-magnitude fluctuations. Over time, ANN models can 

learn from historical data and improve predictive accuracy, supporting robust and informed 

EMS decisions. However, their practical deployment in railway applications faces several 

challenges: 

• High computational complexity, particularly for deep learning models 
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• Significant requirements for data collection, preprocessing, and synchronization with 

train timetables 

• Limited explainability and trust in safety-critical environments 

Real-world railway environments often suffer from limited data availability, fragmented 

measurements, or low temporal resolution, all of which reduce the effectiveness of ANN 

training and generalization. Furthermore, the black-box nature of neural networks poses 

challenges for explainability and trust, which are critical in safety-sensitive sectors like rail 

transport [108] .  

For these reasons, ANNs are most effectively used in railway EMS as support tools for 

forecasting or estimation rather than for full supervisory control [105] . When coupled with 

optimization-based EMS, AI-driven forecasts can significantly enhance awareness, provide 

reliable input profiles, and improve the robustness of decision-making [109] . Hybrid 

frameworks, combining ANN forecasts with deterministic scheduling, thus represent a 

pragmatic compromise, leveraging the predictive strength of data-driven models while 

maintaining interpretability and operational stability. It is also worth noting that previously 

discussed methods, namely fuzzy logic and Multi-Agent Systems (MAS), are classified under 

the AI-based category. Fuzzy logic belongs to the family of soft computing approaches, where 

linguistic rules and membership functions provide human-like reasoning in uncertain 

environments, while MAS represent a branch of distributed artificial intelligence, enabling 

autonomous agents to coordinate decisions and adapt to dynamic operating conditions. 

Artificial intelligence methods, and in particular ANN-based models, can be highly beneficial 

in preparing reliable input data for optimization-based EMS. Their forecasting capability and 

accuracy in predicting both load demand and PV production provide a solid input profile for 

the optimization algorithm. In turn, this allows the optimizer to compute more accurate and 

cost-effective schedules, regardless of the application, whether ESS scheduling, PV 

curtailment, or resource allocation. In this way, AI-driven forecasting strengthens the overall 

performance of optimization-based strategies, reinforcing the rationale for hybrid EMS 

architectures that combine data-driven prediction with deterministic scheduling. 

2.3.6 Summary of the existing methods 

In the context of the RACCOR-D project and within the energy management work of the 

railway smart grid, the real time supervision is a concept that must be applied. The objectives 

behind this real time supervision are related to the economic profits and the guarantee of the 

constraints respect for the different elements of the railway smart grid. 

Where fast fluctuations in load and PV production must be addressed without high 

computational overhead, fuzzy logic supervision offers a superior alternative. It enables robust 

and interpretable real-time decisions based on partial state information such as DC bus voltage 

deviation and ESS state of charge.  

Compared to predictive optimization, fuzzy logic provides lightweight control and better 

adaptability in uncertain environments, which aligns perfectly with the requirements of railway 

smart grid applications. 

Overall, existing methods provide strong optimization frameworks for energy management in 

railway smart grids, notably through MILP and MPC-based strategies. However, they exhibit 

limitations in handling real-time uncertainties and dynamic changes in operational conditions. 

In RACCOR-D project, two-stage energy management strategy is distinguished: a day-ahead 

scheduling phase based on forecasted profiles and a real-time supervision phase capable of 
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correcting deviations from the forecast, ensuring a more resilient, economical, and technically 

robust operation of the railway smart grid. The detailed methodology of the real-time 

supervision system is presented in the following sections. 

The EMS approaches reviewed in the benchmark are summarized in Table 2.1, which highlights 

the scope, strengths, and limitations of each method. Linear Programming (LP), Mixed-Integer 

Linear Programming (MILP), and Nonlinear Programming (NLP) are widely used for day-

ahead ESS scheduling due to their ability to generate economically optimal solutions under 

technical constraints. These methods are suitable for medium- or long-term planning where 

accurate forecasts are available. Rolling MPC strategies enhance these day-ahead solutions by 

providing a predictive window for intra-day corrections, improving robustness in dynamic 

environments. However, they rely on frequent forecast updates, demand high computational 

resources, and may be difficult to deploy in real-time settings such as traction power systems. 

Table 2.1 Summary table of the literature methods 

Approach Scope Strengths Limitations 

LP Day-ahead EMS 

 

Fast, globally optimal for 

linear problems 

Needs strong simplifications; misses 

nonlinear losses/aging/penalties 

MILP Day ahead EMS Handles large optimization 

problems 

Linearization reduces physical 

fidelity; size/solve time grow quickly 

 

NLP 

Day-ahead high-

fidelity scheduling 

Captures SOC dynamics, 

efficiencies, coupled 

constraints; high-quality plans 

Heavier modelling/compute; needs 

well-scaled differentiable models 

Rolling 

MPC 

Intraday rolling 

correction (minutes) 

Tracks reference; enforces 

future constraints; principled 

Requires maintained predictive 

model and solver; compute can be 

tight 

 

Fuzzy 

Logic 

 

Real-time supervision 

(seconds) 

Very fast, robust to 

noise/uncertainty.  

Explainable; easy safety rules 

No need for a complex 

physical/mathematical model 

 

No formal optimality: performance 

depends on rule/membership design 

Rule 

based Real-time or intraday 

Very fast, robust to 

noise/uncertainty; explainable; 

easy safety rules 

Brittle under variability; weak multi-

objective trade-offs 

 

MAS 

Various scales Decentralized, scalable; 

handles heterogeneity 

Limited impact when traction 

demand isn’t deferrable; 

comms/safety overhead 

ANN Forecasting/estimation 

support 

Learns nonlinear patterns; 

boosts awareness 

Data/compute heavy; black box; not 

ideal for primary supervision alone 

 

In contrast, real-time supervision requires low-latency, low-complexity solutions that can 

operate with partial state information and in the presence of uncertainty. Rule-based methods 

offer a fast and simple framework for this, but they often fail to generalize in complex, multi-

objective scenarios. Fuzzy logic bridges this gap by combining the simplicity and 

interpretability of rule-based systems with the ability to perform multi-criteria decision-making 

through expert-defined inference rules. It is particularly well-suited for applications where 

mathematical modelling is intractable, such as in smart railway grids characterized by a 

diversity of loads, renewable generation, and energy storage systems. ANN, while powerful for 

forecasting and pattern recognition, are generally unsuitable as primary real-time supervisors 

due to their data requirements, lack of interpretability, and computational cost. Similarly, Multi-

Agent Systems (MAS) offer flexibility and scalability in distributed control, but their 

application in railway contexts is limited by the non-controllability of core loads such as trains. 

Based on these considerations, fuzzy logic has been selected as the real-time supervision 
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approach for the RACCOR-D project, offering an optimal balance between responsiveness, 

simplicity, and decision-making intelligence. 

2.4 Global supervision strategy 

Building on the benchmark analysis and the rationale developed in the previous section, this 

part presents the global supervision strategy adopted in the RACCOR-D project. As established, 

no single EMS method alone satisfies both the long-term optimality and the real-time 

adaptability required by a smart railway grid. Therefore, a hybrid architecture is implemented, 

wherein a day-ahead optimization module computes an optimal schedule for ESS operation 

based on forecasted load and PV production profiles. This day-ahead schedule is then provided 

as an input to a fuzzy logic-based real-time supervisor, which also receives real-time 

measurements (PV power, TSS load, DC bus voltage, and ESS State of Charge - SOC). Rather 

than directly correcting the day-ahead plan, the fuzzy supervisor evaluates current operating 

conditions and generates a new reference setpoint that ensures constraint satisfaction and 

improved responsiveness to dynamic events. The following section details the structure, data 

flow, and interaction between these two supervision layers.  

This architecture is illustrated in Fig. 2.5. Forecasting algorithms process historical TSS 

consumption and train timetable data to predict the TSS consumption profile. The PV forecast 

is done externally by Steadysun, a specialized solar-forecasting service. Steadysun uses a 

combination of numerical weather prediction models, satellite imagery, sky imaging, and 

AI/ML techniques to estimate the photovoltaic generation for future periods (from minutes up 

to several days ahead) for a given installation [110] .  

These PV forecasts are calibrated to the specific characteristics of the PV system (panel type, 

orientation, location, local weather patterns) and delivered via an API [111] . These predicted 

consumption and PV profiles, together with tariff structures and TSS system parameters (TSS 

subscribed power limits, ESS capacity), are fed into the day-ahead optimization block to 

compute the ESS schedule. In real time, the fuzzy logic supervisor takes this day ahead planned 

schedule plus the current system state (actual PV output, actual power drawn from the grid, 

actual ESS SOC and others) and issues adaptive supervision signals to handle disturbances that 

couldn’t be foreseen in the scheduling stage. 
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Fig. 2.5 Global supervision architecture combining day-ahead optimization and real-time supervision 

2.5 Methodology of the development of the day-ahead EMS 

The day ahead level in the proposed supervision strategy requires a forecast of the power 

consumption of the substation and the PV power production. With the help of AI based methods 

for forecast and data prediction, it is possible to prepare a trained model capable of providing 

acceptable predicted profile of TSS consumption to be used in the day ahead optimization 

process. 

2.5.1 Forecast method for TSS power consumption 

In the literature, ANN and machine learning (ML) techniques have shown improvement and 

high capabilities in the prediction and forecast domain. These approaches have been widely 

applied to residential, commercial, and industrial loads, where consumption patterns are 

relatively regular and well-instrumented. However, their application to railway traction 

substations (TSS) remains limited due to the specific nature of railway loads, characterized by 

strong intermittency, sharp power peaks, and partial observability. 

Beyond the choice of the forecasting algorithm itself, the development of a reliable forecasting 

framework requires a structured methodology that transforms raw historical measurements into 

accurate and usable predictions of TSS power consumption. In this work, the forecasting 

process is organized into three main phases: data preprocessing, model selection and training, 

and model validation and testing. 

The choice of an appropriate forecasting method largely depends on the availability and quality 

of historical data, as well as the intrinsic characteristics of the load to be predicted. In the case 

of traction substations, consumption is strongly influenced by train circulation, which 

introduces irregular patterns and sharp variations. For this reason, the data preprocessing step 

must first align the available train timetable information with the corresponding power 

consumption records, ensuring proper synchronization between events and their electrical 
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impact. This alignment allows the forecasting model to capture correlations between train 

operations and substation demand more accurately. 

The training phase of the model depends directly on the volume and resolution of the available 

dataset. Larger datasets with high temporal granularity generally enable the use of more 

complex models, such as recurrent neural networks (LSTM for example), which are particularly 

effective in capturing sequential dependencies. Conversely, when data is scarce or of limited 

resolution, simpler models or hybrid approaches may be more reliable to avoid overfitting. 

However, when data are limited or of low resolution, simpler or hybrid models may be 

preferable to reduce the risk of overfitting. Although overfitting can be mitigated in LSTM 

networks through regularization techniques such as dropout, early stopping, or cross-validation, 

achieving robust generalization still largely depends on the quality and diversity of the training 

data. 

Finally, validation and testing ensure that the chosen model generalizes well to unseen operating 

conditions. This step is particularly important in railway applications, where uncertainties in 

train delays, traffic density, or weather-related PV fluctuations can lead to significant deviations 

from nominal patterns. Robust evaluation through appropriate error metrics, such as the Mean 

Absolute Error (MAE), Root Mean Square Error (RMSE), and Mean Absolute Percentage Error 

(MAPE) are employed. These indicators quantify the deviation between predicted and actual 

load values, providing an essential measure of the model’s accuracy and its ability to capture 

variations in real consumption patterns. 

2.5.2 Optimisation problem formulation 

The choice of an optimisation method and its solver depend on the nature of the objective 

function and the constraints involved. In general, the development of an optimisation problem 

follows these main steps: 

• Definition of the inputs and outputs of the optimisation process. 

• Mathematical formulation of the objective function to be optimised. 

• Mathematical modelling of the constraints (both equality and inequality). 

• Definition of the boundaries or permissible ranges for the decision variables. 

The problem can be expressed mathematically as: 

Find 𝑥 such that:    {

𝑚𝑖𝑛𝑓(𝑥)
𝑥 ∈  𝑋,
𝑔(𝑥) ≤ 0,

ℎ(𝑥) = 0

 

Here, 𝑓(𝑥) is the objective function to be minimised (or maximised, depending on the problem), 

𝑔(𝑥) ≤ 0 represents the inequality constraints, and ℎ(𝑥) = 0 represents the equality 

constraints. The set 𝑋 defines the feasible space, which may include variable bounds and other 

structural limits. 

The goal of the optimisation process is to determine the values of the decision variables 𝑥 that 

minimise the objective function 𝑓(𝑥) while satisfying all the constraints. Inequality constraints 

define permissible limits for variables, while equality constraints enforce exact values or 

relationships that must be maintained throughout the process. 
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In this work, the optimisation problem involves nonlinear relationships between variables in 

both the objective function and the constraints. Therefore, nonlinear programming (NLP) 

techniques will be employed, as they are well suited to handling complex, real-world energy 

optimisation problems where linear approximations are insufficient. 

The optimization method is furtherly explained in Chapter 3, where the optimization problem 

formulation and the necessary constraints are explained for the 1st architecture of RACCOR-D 

project. 

2.6 Methodology of the development of the real time supervision 

The development of supervision strategies for complex systems, particularly those involving 

uncertainties or ill-defined dynamics, often benefits from methodologies that can encapsulate 

expert knowledge and manage imprecise information. Fuzzy logic provides a robust framework 

for this purpose. This section outlines the conceptual development of a fuzzy logic model, 

emphasizing the role of understanding system functionalities (often representable through 

functional and operational graphs), the definition of membership functions, and the resulting 

operational structure of the fuzzy supervisor [112] . 

2.6.1 System specification 

This step in the development of the methodology came to respond to the following points: 

• The objectives of the real time supervision and its convenient operation time horizon 

• The constraints of the railway smart grid elements such as the ESS and the DC bus, that 

the supervisor must respect 

• The available means of control provided by the system, for which the supervisor defines 

the corresponding reference to meet the defined objectives.  

The definition of the system specification must justify the use of the proposed supervision 

method. Explaining the difference between the objectives set for the day ahead EMS level and 

the objectives set for the real time supervision. With the necessary means of actions that achieve 

these objectives in real time considering the constraints imposed by every actor in the railway 

smart grid. 

2.6.2 Supervisor structure 

In a DC railway smart grid, the interaction of multiple interconnected components increases the 

complexity of operating and coordinating the railway power network. These actors include the 

electricity transmission network (transmission system operator: TSO), PV system, energy 

storage system, and the TSS railway loads (trains and station auxiliaries). First, not all DC 

substations are equipped with necessary devices for measurement and data acquisition to 

transfer information in real time to the supervision tool. The main challenge is to make use of 

available measurement to compensate for the absence of real-time data on TSS load 

consumption while achieving the objectives of the real time supervision. At the same time, it is 

not feasible to control all the actors within the smart grid, so the supervision must concentrate 

on the elements that can be effectively managed. 

Defining the supervisor structure clarifies the necessary inputs and outputs required for its 

operation. Each input variable corresponds to a specific objective or constraint of the system 

such as minimizing grid power overrun, maximizing the use of the PV production, or respecting 

storage limits, while the output correspond to the main means of action, represented in 

RACCOR-D by the energy storage system. The ESS thus acts as the single controllable element 

through which several objectives are pursued simultaneously. This situation naturally 
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introduces trade-offs between competing goals, highlighting the relevance of using fuzzy logic 

to manage compromises in real-time operation.  

2.6.3 Graphical representation of supervisor functionality based on the 

system knowledge 

The functional graph provides a clear way to describe the different functional configurations 

and transitions that the supervised system can exhibit. It shows how the system evolves from 

one mode to another depending on the conditions of the state variables. The supervisor then 

interprets these transitions to decide which functional mode should be activated according to 

the current situation [112] ]. Fig. 2.6 illustrates an example of a transition between two modes, 

moving from N1 to N2 based on the condition of the corresponding state variable. 

 

Fig. 2.6 Graphical representation of functional modes of the FL supervisor [120]  

2.6.4 Development of membership functions 

The translation of system input and output variables into fuzzy variables is an essential step in 

the development of the supervisor. This stage, called fuzzification (Fig. 2.4), may be preceded 

by a normalization phase of the variables. This step covers the defining of the membership 

functions associated with the input and output variables of the fuzzy supervisor. 

Unlike a boolean set, which is defined by a characteristic function that takes only the discrete 

values 0 or 1, a fuzzy set is characterized by a membership function that can take any value 

within the interval [0,1] or [−1,1] [101] [100] . In the example shown in Fig. 2.7 the set of 

possible state-of-charge (SOC) values of the storage system defines the operating range of the 

variable SOC. The terms “Small”, “Medium”, “Big” then represent the linguistic values of this 

variable. For instance, when the state of charge is 30%, it belongs to the fuzzy set “Small” with 

a degree of membership equal to 0.5; simultaneously, it may also belong to the fuzzy set 

“Medium” with the same degree of 0.5.  
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Fig. 2.7 Example of trapezoidal membership function for an input variable 

This definition illustrates how fuzzy sets allow the representation of gradual transitions between 

states, rather than abrupt thresholds, thereby improving the supervisor’s ability to manage 

uncertainties and nonlinearities in the system’s operation. The corresponding membership 

functions are generally of trapezoidal or triangular form, chosen to balance simplicity of 

implementation and adequacy of representation for the studied physical variables. 

The following terms are used to define the main stages of a fuzzy reasoning process: 

• Fuzzification: this operation converts real-valued input variables into fuzzy quantities. 

It determines the degree of membership of a given value within a fuzzy set. 

• Inference: the logical operation by which a proposition is accepted based on its 

relationship with other propositions assumed to be true. This mechanism first employs 

logical operators’ min to determine the activation level of each rule and its appropriate 

conclusion. Then, by aggregating the conclusions of all activated rules (using, for 

example, the max operator), the fuzzy output set of the output variable is obtained. 

• Defuzzification: this final stage converts the fuzzy output set resulting from the 

inference process into a real, measurable quantity. Among the most commonly used 

methods for this purpose is the centroid (centre of gravity) method. 

These stages may be preceded by a preprocessing phase for shaping the input variables, referred 

to as normalization, and followed by a phase for rescaling the output quantities to their real 

physical values, known as denormalization. Through the normalization process, the physical 

quantities lose their units and are expressed in per unit (p.u.) form. Additional information on 

the construction of a supervisor based on fuzzy logic can be found in [113] . The number of 

fuzzy rules depends on the number of membership functions defined for the variables. To 

simplify the definition of these rules, the symmetry of the fuzzy sets can be taken into account. 

2.6.5 Graphical representation of the operation modes  

To naturally extract fuzzy rules for energy supervision, the next step consists in translating the 

functional graphs into a graphical representation of fuzzy operating modes. This representation 

outlines the different operational modes of the system. The transitions between these modes are 

defined based on the membership functions of the input variables, previously established, and 

                                                                                      

   

   

   

                               

   



66 

 

on the actions corresponding to each operational mode, represented by the fuzzy sets of the 

output variables. Fig. 2.8 illustrates the principle of the operational graph for the example of 

the storage system’s state of charge. In this case, the output variable corresponds to the short-

term reference power of the storage system 𝑃𝑟𝑒𝑓_𝑠𝑡. The fuzzy sets associated with this variable 

are, for instance, Z (Zero), NM (Negative Medium, trapezoidal shape) and PM (Positive 

Medium), when SOC is S (Small, trapezoidal shape), M (Medium, trapezoidal shape) and B 

(Big, trapezoidal shape) respectively. 

 

Fig. 2.8 Graphical representation of the operation modes of the FL supervisor 

2.6.6 Fuzzy rules 

Once the input and output variables have been defined with their respective linguistic terms and 

membership functions, the operational graphs (which depict the desired supervisor logic, 

including different states/modes and the conditions for transitioning between them) are used to 

formulate the fuzzy rule base. Each distinct state or mode within the operational graph, along 

with the specific input conditions that lead to it or define it, translates directly into one or more 

IF-THEN fuzzy rules. 

For instance, if an operational graph shows that when "Input A is Low" and "Input B is 

Medium," the system should enter "Operational Mode X" which corresponds to "Output Z 

being High," this directly forms a fuzzy rule:  

IF (Input A IS Low) AND (Input B IS Medium) THEN (Output Z is High). The transitions 

between modes in the operational graph, triggered by changes in input variable states, also guide 

the formulation of rules that ensure the supervisor behaves according to the intended expert 

logic. This systematic translation ensures that the collective behaviour of the fuzzy rules mirrors 

the decision-making pathways detailed in the operational graphs. 

2.6.7 Definition of performance indicators 

An essential step to evaluate the performance of the proposed supervision scheme is to define 

key performance indicators that validates the achievement of the objectives of the real time 

supervision. These indicators can relate to the different elements of the smart grid (SNCF 

network, ESS, PV…). The indicators help in analysing the performance of the supervision 

strategy and tell whether the problematic and the objectives are achieved or no.  

These indicators are also designed to enable a comparative analysis between different 

supervision cases: 

• Long term supervision (LT), representing day-ahead supervision only with the 

developed EMS, 

• Real time or short-term supervision (LT+ST), corresponding to the developed real time 

supervision tool combining the day ahead EMS with the real time fuzzy logic supervisor. 
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• The reference case without RACCOR-D, reflecting conventional operation of the 

traction substation. 

2.7 Architectures and modelling methodology 

To address the energy efficiency and operational limitations of conventional railway 

electrification, RACCOR-D project explores two distinct architectures for integrating PV and 

ESS into the smart railway grid. This section presents a study of these two architectures in terms 

of concept and modelling method, each designed to meet specific technical and economic 

objectives under different integration scenarios. The developed model for each architecture 

serves as a test bench simulation for the developed energy supervision tool with its two levels 

of supervision. 

In the first architecture, the ESS and PV are connected directly to the TSS, forming a DC bus 

that links the local load, renewable generation, storage, and the upstream grid. This 

configuration leverages historical consumption data to optimize energy costs and minimize 

peak demand penalties.  

The 2nd architecture positions the ESS and PV at a mid-point, referred to as the parallel post 

(PMP) between two substations. The PV and ESS feed the railway load directly through the 

catenary. For this reason, the modelling of the catenary is essential unlike in architecture 1 

where the model represents a traditional microgrid considering the total consumption of the 

TSS load. In architecture 2 the load is represented with train circulation among the tracks that 

connect two consecutive TSS. And the voltage drop of the catenary can be caused by the 

variation of the catenary resistance that depends on the train position at the track. Dynamic 

modelling of train circulation is developed to simulate system behaviour and to highlight the 

voltage drop. Two consecutive TSS are considered with assumption that the modelled train 

movement causes the TSS power consumption without relying on the historical data. 

The first architecture is considered as test bench for testing the proposed supervision method; 

it can lead to accurate results due to the availability of historical data and the capabilities of 

predict the profile of the TSS power consumption through forecast. The developed supervision 

tool can be integrated with its two levels, profiting from the day ahead and real time supervision 

that extract the maximum objectives of the integration of PV and ESS. 

Similarly, the 2nd architecture and its equivalent model allow the test of a specific supervision 

strategy that considers only the real time level. The day-ahead EMS cannot be applied for the 

2nd architecture because it is not possible to predict power consumption for two consecutive 

TSS with a dynamic trains circulation without making big assumptions.  

2.7.1 Architecture 1: ESS and PV integrated at the substation 

The first architecture corresponds to a configuration that can be realistically implemented in the 

context of the RACCOR-D project. By directly integrating renewable energy sources (RES) 

and ESS at the traction substation via a DC bus, this setup provides a practical framework for 

testing the proposed energy management and supervision methods under conditions close to 

real operation. The following subsection details its concept and objectives. 

2.7.1.1 Architecture 1 concept and objectives 

The architecture depicted in Fig. 2.9 corresponds to the first architecture of RACCOR-D 

system, which integrates PV system and ESS directly at the level of DC railway traction 

substation via DC bus. This configuration interfaces with the electricity transmission network 

RTE (operating at 63 kV) through traction unit (transformer + diode rectifier), delivering energy 

to a DC bus at 1.5 kV that supplies the catenary powering electric trains. Similar to the concept 
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of a traditional DC microgrid, where the power is exchanged through a DC bus, and all smart 

grid elements are directly connected to this bus. 

In this setup, the PV system injects power 𝑃𝑃𝑉 locally into the DC bus, reducing dependence 

on the upstream grid 𝑃𝑔𝑟𝑖𝑑 while the ESS can either discharge energy 𝑃𝑠𝑡𝑜 to support the traction 

load or absorb excess energy when available, such as during low-load periods or peak PV 

production. 

The TSS power consumption is the denoted 𝑃𝑙𝑜𝑎𝑑 and it represents the overall consumption of 

the substation. For simplicity, the only actor that contributes to 𝑃𝑙𝑜𝑎𝑑  is the power drawn by the 

circulating trains. Historical data are available for the TSS consumption which permit to use 

actual power consumption as the necessary load profile to be used for testing the energy 

management and supervision method. 

The economic benefits of this architecture are quantified through the energetic bill of the TSS, 

which depends on the power drawn from the grid 𝑃𝑔𝑟𝑖𝑑.  

In the first architecture, the interaction with adjacent substation is neglected. Train circulation 

dynamics are not explicitly modelled; instead, the load 𝑃𝑙𝑜𝑎𝑑 is taken directly from historical 

consumption data. 

The integration of ESS in this architecture serves multiple operational and economic objectives. 

First, it enables peak shaving, thereby reducing overruns of the subscribed power, a critical 

metric in railway operations subject to high penalties when demand exceeds contractual limits. 

Second, the ESS allows the system to strategically shift energy usage, effectively reducing time-

of-use electricity costs by charging during low-tariff periods or from surplus PV and 

discharging during peak-tariff periods. Third, the combined operation of ESS and PV facilitates 

the maximization of local renewable energy consumption, reducing the carbon footprint of rail 

operations and enhancing energy autonomy. This configuration is particularly well-suited for 

smart grid-enabled railways, as it provides increased flexibility, grid relief, and improved 

economic efficiency without compromising service reliability. 

 

Fig. 2.9 Architecture 1 for the integration of PV and ESS at TSS via DC bus 

In this study, a positive power value denotes an injection into the DC bus, while a negative 

value indicates power absorption. Accordingly, 𝑃𝑃𝑉 and 𝑃𝑠𝑡𝑜 are positive when the PV system 
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or ESS deliver energy to the DC bus and negative when they consume it (for instance, during 

ESS charging). The grid power 𝑃𝑔𝑟𝑖𝑑 is considered positive when energy is drawn from the 

upstream AC network and negative when energy is injected back into it. This convention is 

consistently applied throughout the equivalent circuit model and all subsequent formulations. 

The objectives behind the real time supervision can be therefore summarized as follow: 

• Ensure an ESS schedule in real time that responds to the economic objectives. 

• Reduce the peak consumption that causes subscribed power overrun by soliciting the 

ESS in discharge for peak shaving. 

• Maximize the use of PV production avoiding curtailment, by charging the ESS during 

excess of production periods. 

2.7.1.2 Equivalent electric model for architecture1 

To evaluate the behaviour of Architecture 1 under different operating conditions and to test the 

proposed supervision strategies, an equivalent electrical model was developed in 

MATLAB/Simulink. This model provides a simplified but sufficiently accurate representation 

of the traction substation and its interactions with the PV system, ESS, and railway TSS load. 

The simplification focuses on assessing the supervisor’s performance rather than the detailed 

modelling of converter interfaces between the ESS, PV systems, and the railway network. 

Accordingly, the ESS and PV are represented as direct current sources corresponding to their 

final output after power conversion. 

The equivalent model of the 1st architecture of RACCOR-D is represented by voltage and 

current sources as shown in Fig. 2.10. The upstream traction substation is modelled as a DC 

voltage source 𝐸𝑇𝑆𝑆 in series with an equivalent resistance 𝑅𝑒𝑞, which represents the voltage 

drop at the output of the diode rectifier when it is conducting current. For the real-time 

supervision, the railway load is represented by a controlled current source, denoted TSS Load, 

obtained from historical power consumption data. Similarly, the PV profile is modelled as a 

controlled current source 𝐼𝑃𝑉, driven by forecast or real-time PV generation data. The ESS is 

controlled by a reference setpoint provided by the developed real-time supervision tool (Fig. 

2.5). This setpoint is applied to a battery model whose output is represented as a controlled 

current source 𝐼𝑠𝑡𝑜. Finally, the transformation from power to current is performed by dividing 

by the instantaneous DC bus voltage, which is measured in real time.  

The economic objectives influenced by the reduction of the power drawn from the grid can be 

assessed through the necessary calculation for the energetic bill of the TSS relying on the power 

drawn from the grid 𝑃𝑔𝑟𝑖𝑑. With the equivalent circuit model, 𝑃𝑔𝑟𝑖𝑑 is calculated through 

simulation while the ESS schedule is optimized - using the developed supervision tool - with 

respect to the time of use costs along with the penalties paid for overrunning the substation 

subscribed power. Using the equivalent circuit model of the railway architecture, 𝑃𝑔𝑟𝑖𝑑 is 

derived in simulation, impacted by the ESS schedule (obtained using the developed supervision 

tool) optimized with respect to time-of-use tariffs and penalties for subscribed power overruns. 
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Fig. 2.10 Electrical representation of equivalent circuit model of architecture 1 

The equivalent circuit can thus be formalized by the following relations. The power balance 

equation calculates the power drawn from the grid essential for economic objectives evaluation. 

At the DC bus, it is expressed as: 

𝑃𝑔𝑟𝑖𝑑(𝑡)  =  𝑃𝑙𝑜𝑎𝑑  − 𝑃𝑃𝑉  −  𝑃𝑠𝑡𝑜  +  𝑅𝑒𝑞𝐼𝑑𝑐
2  (2.1) 

 

And the current at the output of the traction unit is: 

𝐼𝑑𝑐(𝑡)  =  𝐼𝑙𝑜𝑎𝑑  −  𝐼𝑃𝑉(𝑡)  −  𝐼𝑠𝑡𝑜(𝑡) (2.2) 

 

Each element is modelled as a current source defined by: 

𝐼𝑥(𝑡)  =  
𝑃𝑥(𝑡)

𝑉𝑑𝑐(𝑡)
   ,   𝑥 ∈  {𝑙𝑜𝑎𝑑, 𝑃𝑉, 𝑠𝑡𝑜𝑟𝑎𝑔𝑒} 

 

(2.3) 

𝑃𝑙𝑜𝑎𝑑  and 𝑃𝑃𝑉 are derived from dataset containing the values of PV power and TSS power 

consumption. 𝑃𝑠𝑡𝑜 is the output power of the ESS model supervised by the real time supervision 

tool that provides necessary power reference setpoints 𝑃𝑟𝑒𝑓_𝑠𝑡. Assuming a perfect control of 

the ESS without any losses and with perfect response to the reference setpoints. 

2.7.2 Architecture 2: ESS and PV integrated at parallel post between two 

substations 

The second architecture corresponds to a configuration where RES and ESS are integrated at 

the midpoint between two traction substations, at the level of a parallel post (PMP). This setup 

represents an alternative scenario for the RACCOR-D project, designed to address the issue of 

voltage drops that typically occur at mid-span in DC railway lines. By positioning the ESS and 

PV at the PMP, this architecture provides a framework for testing supervision methods aimed 

at regulating the catenary voltage within safe operational bounds, while respecting ESS 

technical constraints. The following subsection details its concept and objectives. 

2.7.2.1 Architecture 2 concept and objectives 

Chapter 1 revealed the services of the ESS in railway networks. One of the services is to 

maintain the voltage level of the catenary. In DC electrification, the lowest catenary voltage 

occurs in the section located at midpoint between two substations. Such low voltage requires a 

higher current drawn from the substation to supply the circulating train needs. As a consequence 
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of these high currents, the voltage drop increases significantly. Therefore, when the catenary 

voltage becomes too low, it is necessary to limit the train current, which in turn limits the train 

power and consequently reduces its speed. 

At mid-point, the train is at the farthest point between the two substations that supply the track, 

so the catenary resistance depends on the train’s position. The greater the distance, the higher 

the resistance. Drawing more current from the TSS therefore results in a larger voltage drop 

along the line, due to the increased III flowing through the line resistance RRR. This also 

increases the return current, known as stray current. While insulation techniques mitigate stray 

currents and rail potential issues, the catenary voltage drop remains critical. Previous studies in 

[52] [114] have shown that reducing voltage drop with the integration of RES and ESS between 

two TSS also contributes to lowering stray current and rail potential. 

The circulating trains supplied by the catenary linking two consecutive substations might be 

forced to reduce their consumption by reducing their speed when the voltage is within critical 

low values. This can impact the train schedules causing delays and problems for railway 

companies. 

The main objective in this architecture is to regulate catenary voltage level within safe 

operational bounds, while respecting ESS technical constraints.  

In this configuration, illustrated in Fig. 2.11, the two traction substations TSS1 and TSS2 each 

supply the catenary through transformer–rectifier units delivering 1.5 kV DC. The trains draw 

power from the line, denoted 𝑃𝑡𝑟𝑎𝑖𝑛1 and 𝑃𝑡𝑟𝑎𝑖𝑛2, while the substations inject power 𝑃𝑇𝑆𝑆1 and 

𝑃𝑇𝑆𝑆2 to meet the demand. At the midpoint between the substations, a PMP hosts the RACCOR-

D integration of PV system (𝑃𝑃𝑉) and the storage system (𝑃𝑠𝑡𝑜). The PMP injects or absorbs 

active power into the catenary, denoted 𝑃𝑅𝐴𝐶𝐶, with the dual role of supplying trains and 

compensating for voltage drops along the line. The positioning of the ESS and PV at this 

location enables targeted support of the weakest point of the DC network, thereby improving 

the overall voltage profile and reducing the current drawn from the substations. 

 

Fig. 2.11 RACCORD architecture 2: ESS and PV connected at PMP between two TSS 
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This architecture permits to test a developed supervision tool for the ESS. The ESS must be 

supervised in a way that treats different objectives from the ones specific for architecture 1. 

Mainly the catenary voltage drop that was not targeted in the first architecture. 

The absence of power consumption of two substations with an accurate train timetable make it 

difficult to obtain the exact power consumption of two consecutive TSS resulted by specific 

train dynamics. Also, it is not possible to rely on historical power consumption of each TSS, 

since the overall consumption of each substation depends on its proper connected tracks. 

Assumptions are therefore necessary in this architecture study: 

- The speed can be considered constant along the track connecting the two substations 

- The rated current of the circulating train is supposed to be known at a reference speed 

value 

- Only considering the tracks that connect the two substations, assuming that when train 

leaves the track it stops drawing current from the nearest TSS  

Because of these assumptions and the lack of accurate substation consumption data, it is not 

possible to evaluate the economic indicators of this architecture in the same manner as for 

Architecture 1. In this case, the load is dynamically modelled from train timetables rather than 

taken from measured TSS profiles, meaning that no precise correspondence can be established 

between the power drawn by TSS1 and TSS2 and the actual operation of specific trains on the 

connecting track. Consequently, the analysis of this architecture focuses primarily on the 

electrical behaviour of the system, particularly the maintaining of catenary voltage and reducing 

the voltage drop, rather than on direct economic assessment. 

2.7.2.2 Equivalent electrical model of architecture 2 

To capture the operation of Architecture 2, the physical configuration described in the previous 

subsection is translated into an equivalent electrical circuit, shown in Fig. 2.12. The model 

represents TSS1 and TSS2 as ideal DC voltage sources 𝑉𝐷𝐶0 with equivalent resistance that 

models the voltage drop at the output of the diode rectifier 𝑅𝑒𝑞, the PMP as the integration point 

of PV and ESS, and the catenary as two resistive portions whose values vary dynamically with 

train position. enabling the simulation of voltage profiles, losses, and the effect of midpoint 

injection on catenary support. The trains are modelled as controlled current sources. The train 

current is derived from a reference operating point assuming the knowledge of 𝑃𝑡𝑟𝑎𝑖𝑛 that is 

constant due to the constant speed.  

𝐼𝑡𝑟𝑎𝑖𝑛(𝑡)  =  
𝑃𝑡𝑟𝑎𝑖𝑛
𝑣𝑝𝑎𝑛𝑡

 
(2.4) 

Where 𝑃𝑡𝑟𝑎𝑖𝑛 is the train power consumption and 𝑣𝑝𝑎𝑛𝑡 is the pantograph voltage of the train. 
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Fig. 2.12 Electrical representation of equivalent circuit model of architecture 2 

The equivalent electrical circuit of Architecture 2, shown in Fig. 2.12, is designed to represent 

the midpoint integration of PV and ESS between two DC traction substations. It is composed 

of the following elements: 

• Traction substations (TSS1 and TSS2): modelled as ideal DC voltage sources with 

equivalent resistance 𝑅𝑒𝑞, each delivering 1.5 kV to the catenary. These supply the trains 

circulating on their respective sections of track. 

• Midpoint systems (PMP): the PV installation and the ESS are represented as controlled 

current sources connected at the midpoint. They can inject or absorb power depending 

on PV production and ESS state of charge, thereby supporting the catenary voltage and 

reducing current drawn from the substations. 

• Catenary and track resistance: the line between the two substations is divided into two 

portions: portion 1 from TSS1 to the midpoint (PMP), portion 2 from the midpoint to 

TSS2. 

• Trains: represented as controlled current sources that activate when a train is present on 

the corresponding portion of the track. The current drawn is proportional to the train’s 

speed and switches from portion 1 to portion 2 as the train moves across the midpoint. 

Each portion of the track includes two symmetrical resistive branches per track: for track 1 for 

example 𝑅11𝑎, 𝑅11𝑏 for Portion 1 and 𝑅12𝑎, 𝑅12𝑏 for portion 2. These resistances represent the 

distributed electrical resistance of the catenary and vary dynamically with the train's kilometric 

position (KP). 

The activation of the controlled current source for each train depends on its position along the 

track named 𝑥. While the effective resistive path from the supplying source (TSS1, TSS2, or 

the midpoint) changes dynamically with location. The track is modelled as 20 km in total, 

divided into two portions: 
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• In portion 1 (𝑥 ∈ [0,10] km): the train draws power via a current source associated with 

Portion 1 𝐼𝑝𝑜𝑟1. 

• In portion 2 (𝑥 ∈ [10,20] km): the first current source disactivates and the second 

activates, corresponding to the second portion of the track 𝐼𝑝𝑜𝑟2. 

The catenary is represented by distributed resistances that vary with the train’s KP. As a train 

moves along the line, the electrical distance between the train and the supplying source changes, 

modifying the effective resistance of the path through which current flows. This effect is critical 

in DC railways, where the midpoint between substations typically experiences the highest 

resistive voltage drops. 

To capture this phenomenon, the catenary resistances are updated dynamically as a function of 

train position 𝑥 and the linear resistance 𝑅𝐿 (𝑅𝛺/𝑘𝑚). While 𝐿 is the total distance between a 

TSS and the PMP. 

For a train moving from TSS1 to PMP (track 1): 

𝑅11𝑎(𝑥) = 𝑅𝛺/𝑘𝑚 . 𝑥 

 

 

(2.5) 

𝑅11𝑏(𝑥) = 𝑅𝛺/𝑘𝑚 . ( 𝐿 − 𝑥 ) (2.6) 

For a train moving from PMP to TSS2: 

𝑅12𝑎(𝑥) = 𝑅𝛺/𝑘𝑚 . (𝑥 −  𝐿)   

(2.7) 

𝑅12𝑏(𝑥) = 𝑅𝛺/𝑘𝑚 . ( 2𝐿 −  𝑥  )  

(2.8) 

Where: 

• 𝑅𝛺/𝑘𝑚 is the linear catenary resistance per segment, 

• L = 10 km is the length of each portion, 

• 𝑥(𝑡) is the train’s position at time 𝑡. 

This variable-resistance approach allows the model to reproduce the gradual increase of voltage 

drop as trains move away from the substations and approach the midpoint, reflecting real-world 

DC railway behaviour. 

At this midpoint, the integrated PV system and ESS are represented as controlled current 

sources that can inject or absorb power depending on operating conditions. Their combined 

contribution is expressed as: 

𝐼𝑅𝐴𝐶𝐶(𝑡) = 𝐼𝑃𝑉(𝑡) + 𝐼𝑠𝑡𝑜(𝑡)  (2.9) 

The operation of the midpoint sources can follow different strategies, for example: 

• injecting forecasted PV generation, 

• charging or discharging the ESS based on its state of charge (SOC), 

• or responding to local voltage deviations as a corrective action. 

In this way, the PMP helps relieve TSS1 and TSS2, reduces current flow along the catenary, 

and maintain catenary voltage during high-demand periods. 



75 

 

While the substations supply currents given by: 

𝐼𝑇𝑆𝑆1(𝑡) = 𝑓(𝑅11𝑎, 𝑅11𝑏 , 𝐼portion1), 

𝐼𝑇𝑆𝑆2(𝑡) = 𝑓(𝑅12𝑎, 𝑅12𝑏 , 𝐼portion2). 

(2.10) 

(2.11) 

 

With 𝐼portion1 and 𝐼portion2 representing the train currents when the train is circulating in portion 

1 and portion 2 of the track, respectively (Fig. 2.12). 

This modelling approach allows the PMP to supply part of the train demand, thereby reducing 

the burden on TSS1 and TSS2 and maintaining the catenary voltage, particularly during high-

load conditions near the midpoint. 

By combining the spatial dynamics of the catenary with the temporal dynamics of train 

movement, the equivalent circuit enables detailed simulations of voltage profiles, power flows, 

and load sharing. This provides a basis for evaluating how midpoint-located PV and ESS affect 

voltage stability, stray current mitigation, and the overall energy efficiency of DC railway grids. 

For a real time supervision, the ESS is connected to a real time supervisor that send power 

reference setpoints. The PV controlled current source has actual measurement of PV generation,  

2.8 Conclusion 

This chapter provided a comprehensive benchmarking of the principal families of Energy 

Management and Supervision (EMS) methods applied to smart grids, with a particular focus on 

their applicability to DC railway traction systems. The comparative analysis encompassed 

optimization-based techniques (LP, MILP, NLP, and MPC/rolling optimization), rule-based 

and fuzzy logic strategies, artificial intelligence approaches (machine learning, artificial neural 

networks, and deep learning), and multi-agent systems. Each category was critically evaluated 

in terms of its dependence on forecast accuracy, computational complexity, interpretability, and 

capacity for real-time adaptation under unmeasurable and rapidly fluctuating traction loads. 

The findings demonstrate that no single EMS approach can simultaneously guarantee long-

horizon economic optimality and short-horizon robustness under uncertainty. This limitation 

motivates the development of hybrid EMS frameworks that integrate day-ahead optimization 

for strategic scheduling with real-time supervision capable of addressing the operational 

objectives of the railway network operator. The developed real-time supervisory tool is 

designed to enhance the fulfilment of these objectives ensuring economic gains during real-

time operation, improving responsiveness to system dynamics, and providing the adaptability 

required for deployment within a real demonstrator environment. 

In this context, the RACCOR-D project brings significant added value through the development 

of dynamic electrical models for two representative DC railway architectures, designed to 

emulate realistic operating conditions. The first architecture integrates photovoltaic generation 

and energy storage systems directly at the DC bus of the traction substation, while the second 

explores an inter-substation configuration enabling energy exchange between adjacent stations. 

Together, these models establish a comprehensive simulation environment that reproduces the 

dynamic behaviour of a DC railway network, thereby enabling in-depth investigation of how 

the proposed supervision tool operates within a smart railway grid and interacts with substation 

dynamics. 
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Chapter 3. Day ahead supervision (EMS) 
 

3.1 Introduction 

The day ahead energy supervision strategy is based on the forecast of the TSS power 

consumption and PV production. The optimal ESS schedule for the upcoming day requires a 

solid forecast method that serves the final objective of the optimization. The forecast must 

provide a consumption profile close to reality and suitable for the objective of the optimization 

phase that will propose the optimal ESS schedule. However, the dynamic nature of the TSS 

load make it difficult for existing forecast algorithm to deal with it.  

This chapter presents the complete day ahead EMS, explaining the developed forecast strategies 

and the optimization problem formulation. The available historical data are explained and two 

approach with different time step are compared. The first method relies on linear regression that 

finds the correlation between several training input parameters related to circulating trains 

dynamics. The 2nd method used is the time series forecast with Recurrent Neural Network 

(RNN) using Long Short Term Memory (LSTM) approach. This method only relies on the 

historical TSS electrical consumption without the need for more information about the 

circulating trains. 

The optimization algorithm relies on the input data provided from the TSS forecast and the PV 

production forecast. In this context, having a proper forecast that prepares a realistic TSS load 

consumption profile for optimization is more suitable than relying solely on stochastic 

approaches or scenario generation, which often require extensive computational resources and 

may not capture the specific operational dynamics of railway substations. The impact of the 

forecast strategy on the optimization is evaluated with performance indicators that validate the 

choice of the forecast strategy. The 1st architecture of RACCOR-D is considered for the day 

ahead EMS. The ESS and the PV connected at the substation allows a formulation of the 

optimization problem that will be the core of the EMS. 

This chapter is constructed as follow, first the available historical data is explained to give and 

idea on what it is possible to work with and in which architecture. Then the forecast approaches 

used to predict TSS power consumption. The results of the forecast are presented next with 

metric evaluation to assess the forecast methods. After the explanation of the results of the 

forecast, the optimization method is explained in detail completing the developed day-ahead 

EMS. The results of the optimization are presented with different case studies, comparing 

optimized solution or schedule with a baseline schedule of the ESS. Also, the result section 

covers the assessment and analysis of the impact of the forecast method on the optimization 

outcome. Finishing with a conclusion on the proposed methods developed in the sake of 

building the day ahead EMS.  

3.2 Available historical data for TSS consumption forecast 

3.2.1 Historical TSS power consumption 

The TSS load consumption is developed with the help of the historical data that measures the 

power drawn from the grid. The historical data worked on is for the years of 2015, 2016, and 

2017. This data is saved as average of 10 minutes.  
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For year 2017, the dataset consists of 52,416 entries, with power consumption measurements 

recorded at 10-minute intervals throughout 2017. The recorded power values range from 0 kW 

to 8370 kW, with an average consumption of 1298.77 kW.  The big difference between the 

average power compared to the peak values put difficulties to the forecast models to capture 

accurately the power consumption peaks. Fig. 3.1, compared to the 10 minutes power 

consumption shown in Fig. 3.2, the average of one hour cannot precisely capture the dynamics 

of the power consumption peaks that occur for relatively short periods of time.  

The outlier analysis of Fig. 3.2 identifies extreme peaks and dips in power consumption, which 

could be caused by unusual events such as failures, maintenance activities, or system overloads. 

Top 1% high outliers likely correspond to railway traffic surges or special events, while bottom 

1% low outliers are possibly due to power shutdowns, maintenance operations, or anomalies. 

 

Fig. 3.1 TSS power consumption with 1h average 

 

Fig. 3.2 Historical TSS power consumption with outliers 

The outliers create challenges for forecast and prediction algorithms. They cause model 

instability, making it hard for deep learning models like LSTM to generalize patterns. Skewed 

predictions arise when high outliers (e.g., railway traffic surges) and low outliers (e.g., power 

shutdowns) distort training, leading to overfitting or underfitting. This results in a loss of 

forecasting accuracy, with models either underestimating or overestimating demand. 

Additionally, extreme values can mask real trends, making it harder to identify seasonal or daily 

consumption patterns essential for long-term forecasting. 
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The large gap between the average consumption (1298 kW) and the peak demand (8370 kW) 

highlights this variance, making it difficult for models to capture rare but critical peaks. Such 

underestimation can lead to power shortages, inefficient use of resources, and mistakes in 

capacity planning, while also making it harder to see the underlying daily or seasonal trends. In 

the end, because extreme events occur so rarely in the dataset, the models become less reliable, 

and their forecasting accuracy is reduced. 

3.2.2 Provisional trains information 

Available train timetables offer provisional circulating trains information. This information can 

describe train dynamics at the connected tracks of the TSS. The departure, arrival, or passage 

time of the trains at TSS1 and the neighbouring substations from both sides are sorted in raw 

data files in addition to the train types. So, it is possible to calculate the total travel duration 

performed by all trains in every specific hour of the day at the 4 tracks connected to the TSS. 

Also, it is possible to sort the train types whether it is for passengers or for cargo. Along with 

the status that describe trains behaviour at the considered TSS from departure, arrival, or 

passage.  

The trains information used in this study comes from the historical database provided by SNCF, 

which contains the official theoretical timetables of the railway network. These timetables 

specify the planned departure and arrival times of trains, the type of service (passenger or 

freight), and the expected duration of travel on each track section. They represent an idealized 

schedule for railway operations, assuming punctual circulation under normal conditions. In 

practice, however, actual train movements may deviate from these theoretical timetables due to 

delays, operational constraints, or disturbances on the line. Consequently, the theoretical 

database reflects the planned railway operation but does not necessarily correspond to the real 

circulation observed at the TSS. 

For this study, two months of timetable data were obtained from SNCF. An extraction algorithm 

was developed to transform the raw data into input variables suitable for forecasting. As 

illustrated in Fig. 3.3, the algorithm sorts the following criteria for each hour of the day: 

• The accumulated travel time of the trains circulating on tracks 1,2,3,4 ‘total duration’. 

• The number of trains passing the substation ‘P’. 

• The number of arrivals (trains that performed a stop at the substation) ‘A’. 

• The number of trains that performed a departure from the substation ‘D’. 

• The types of the train’s ‘cargo’ or ‘passenger’.  
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Fig. 3.3 Data preprocessing from HOUAT extraction 

3.2.3 Correlation study between input and output of the forecast 

Before developing forecasting models, it is essential to evaluate whether variables derived from 

train timetables are actually related to the substation’s power consumption. For this reason, a 

correlation analysis was performed to measure the strength of the relationships between 

different train operation indicators and the TSS load.  

The analysis shows that the total travel time of trains on all four tracks has the strongest 

correlation with substation power consumption, with a coefficient of 0.82 (Fig. 3.4 (a)). This 

means that longer cumulative travel durations generally coincide with higher TSS demand. 

Passenger-related variables also show strong relationships: the number of passenger trains 

correlates with a coefficient of 0.76, and the number of passages (“P”) with 0.77. By contrast, 

departures (“D”) and cargo trains exhibit weaker correlations of 0.65 and 0.61, respectively. 

This suggests that passenger circulation, being more frequent and regular, contributes more 

consistently to substation demand than freight operations, which are less predictable and less 

frequent. The other important correlations between inputs and output power are the number of 

passengers trains ‘Passengers’ and ‘P’ that represents the status of trains (passage).  For the 

number of departures ‘D’ and the number of cargo trains have less correlation factor with the 

output with 0.65 and 0.61 respectively. This suggests that passenger circulation, being more 

frequent and regular, contributes more consistently to substation demand than freight 

operations. In addition, some cargo trains are not electrified, which introduces further 

complexity: since the dataset does not specify which freight trains are diesel-powered and 

which are electric, their contribution to TSS load cannot be precisely determined. This 

uncertainty reduces the apparent correlation of cargo variables with substation energy 

consumption. 

As shown in Fig. 3.4 (b), applying the correlation analysis for 10 minutes step time data didn’t 

show strong correlation between input parameters and output. With a sampling time of one 

hour, deviations in the train timetable have little impact: as long as trains circulate within the 

hour, the correspondence between timetable-based inputs and the hourly average power 

consumption remains strong. At a finer resolution of 10 minutes, however, even small delays 

(5–10 minutes) break this alignment, leading to poor correlations between input variables and 

measured TSS load. 
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(a) 1 hour time step 

 
(b) 10 minutes time step 

Fig. 3.4 Correlation matrix 

To obtain reliable forecasts at such resolutions, data would need to be registered in real time 

and synchronized with the actual TSS consumption, which was not possible at the 

demonstration site. As a result, the available dataset was reduced and less representative, 

making high-resolution forecasting impractical. 

Given these constraints, the forecasting step was carried out at an hourly resolution. Linear 

regression was selected because it offers a straightforward and interpretable framework for 

testing whether timetable-derived variables can explain variations in TSS power consumption. 

The limited size and resolution of the dataset make advanced machine learning or deep learning 

approaches unsuitable at this stage. Linear regression thus provides a practical first step to 

evaluate the predictive potential of train timetable and dynamic variables before moving toward 

more advanced models in subsequent sections. 

3.3 Linear regression forecast model 

Linear regression is a fundamental statistical and machine learning technique used to model the 

relationship between a dependent variable and one or more independent variables [72] . In the 

proposed forecast method, the linear regression provides a simple baseline approach to model 

the relationship between substation power consumption and input variables derived from train 

timetables of Equation (3.1). 

𝑦 =  𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2 +⋯+ 𝛽𝑛𝑥𝑛 +  𝜖 (3.1) 

Where 𝑦 is the dependent variable and represent the TSS power consumption is expressed as a 

linear combination of predictors 𝑥𝑛 with coefficients 𝛽𝑛 representing their weights plus an error 

term 𝜖. 

In this study, the predictors are derived from train timetable variables. Based on the correlation 

analysis, total travel duration showed the highest predictive power, while other inputs such as 

the number of cargo trains were weakly correlated. To avoid degrading performance, the 

regression model therefore relies mainly on the most relevant predictors. The dataset was 

divided into 80% for training and 20% for testing (Fig. 3.5), ensuring that the model was 

evaluated on data not used during training. 

Fig. 3.5 illustrates the resulting forecast. Despite its simplicity, linear regression provides a 

useful benchmark for evaluating whether timetable-based variables can improve forecasting 

accuracy, especially given the limited and partly theoretical dataset available in this study. 
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Fig. 3.5 Forecast with linear regression 

3.4 LSTM for time series forecast 

While linear regression provides a simple and interpretable benchmark for forecasting TSS 

consumption, its capacity to capture nonlinear dynamics and short-duration peaks is limited. In 

addition, regression models require synchronized timetable information together with power 

consumption data and multiple input variables, which is difficult to guarantee in practice due 

to the lack of real-time synchronization between train schedules and substation measurements. 

To address both of these limitations, more advanced time-series forecasting methods are 

required.  

Among such methods, recurrent neural networks (RNNs) have proven particularly effective, as 

they rely solely on historical power consumption to predict future trends and profiles. This 

makes them more practical for railway energy forecasting, where historical load data is 

available and reliable, while synchronized timetable information is not. 

Recurrent neural networks, however, suffer from vanishing gradients when modelling long-

term dependencies. Long Short-Term Memory (LSTM) networks, a specialized type of RNN, 

overcome this limitation through memory cells that can capture both short-term variations and 

long-term patterns [115] . This makes them especially relevant for forecasting TSS power 

consumption, which exhibits recurring daily cycles combined with abrupt peaks caused by train 

circulation. 

LSTM models analyse the nature of historical profiles, identifying underlying trends, patterns, 

and dynamics to generate accurate power consumption forecasts. The effectiveness of LSTM 

in predicting load consumption for both household and area-wide scales was demonstrated in 

[116] , where significant improvements over traditional methods were noted in terms of 

accuracy and reliability. LSTMs are particularly adept in scenarios where historical substation 

power consumption data serve as the primary input variable [117] . 

Building an LSTM-based forecast model for predicting substation power consumption involves 

a structured workflow, summarized in Fig. 3.6 Structured workflow for building the LSTM 

forecasting model.. The process begins with data preparation, where historical consumption 

profiles are normalized, divided into training and testing subsets, and one representative time 

series is selected for training. In the model training stage, the network architecture is configured 
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with LSTM, dense, and dropout layers, and trained using the Adam optimizer, activation 

function, a defined number of epochs and batch size, and a mean squared error (MSE) loss 

function. Finally, in the test set evaluation stage, the trained model is applied to the unseen test 

data, and the predictions are unnormalized and assessed using quantitative metrics (RMSE: root 

mean squared error, MAE: mean average error, and Pearson correlation coefficient), 

complemented by visual inspection to ensure that the temporal patterns of the forecasts align 

with actual consumption. This pipeline ensures that the model not only fits the training data but 

also generalizes effectively to new profiles, thereby capturing both the long-term cyclic patterns 

and the short-term dynamics critical for reliable TSS power forecasting. 

 

Fig. 3.6 Structured workflow for building the LSTM forecasting model. 

3.4.1 Simple LSTM model (LSTM1) 

In this study, a neural network architecture is employed specifically for forecasting power 

consumption at railway substations using historical TSS power consumption data. The 

foundation of the model is a LSTM layer, which is instrumental in processing sequential data 

and capturing both short term and long-term dependencies inherent in electricity consumption 

patterns. Within the LSTM layer, mechanisms such as forget, input, and output gates are used 

to manage the flow of information, enabling the retention or discarding of information based 

on its relevance to the prediction task as seen in Fig. 3.7 Architecture of the weighted LSTM 

forecast model (LSTM1). 
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Fig. 3.7 Architecture of the weighted LSTM forecast model (LSTM1) 

Following the LSTM layer, a dropout layer is incorporated to mitigate the risk of over fitting, a 

common challenge in deep learning models. This layer functions by randomly deactivating a 

subset of neurons during the training process, which prevents the model from learning noise 

and irrelevant details, thus enhancing its ability to generalize on unseen data. After the dropout 

layer, a Rectified Linear Unit (ReLU) activation layer is included. The ReLU activation 

function introduces non-linearity, allowing the model to learn complex and non-linear 

relationships in the dataset. This activation function is particularly effective due to its 

computational simplicity and its capability to maintain the gradient flow during back 

propagation, thereby reducing the likelihood of the vanishing gradient problem [119] . 

The final stage of the model involves an output layer where the forecast of future power 

consumption is generated. A linear activation function is utilized in this layer to produce a 

continuous output that corresponds to the predicted power values. Throughout the training 

process, the Adam optimizer, coupled with a Mean Squared Error (MSE) loss function, is 

employed. The Adam optimizer is chosen for its adaptive learning rate capabilities, which 

enhance the speed of convergence, while the MSE loss function quantifies the prediction error, 

providing a clear objective for the model to minimize during training. This sophisticated 

configuration allows the neural network not only to capture the intricate dependencies within 

the power consumption data but also to generalize effectively to new data, thereby yielding 

reliable and accurate forecasts essential for operational and strategic planning in railway 

infrastructure management. 

3.4.2 Weighted LSTM forecast model (LSTM2) 

To improve the behaviour of the LSTM and for better peak detection. A new LSTM layer is 

added followed with an additional dense layer and a dropout layer. With a customized loss 

function that incorporates weights to the highest predictions errors illustrated by Fig. 3.8. 



85 

 

 

Fig. 3.8 Architecture of the weighted LSTM forecast model (LSTM2) 

The custom loss function, weighted MSE loss, enhances the standard Mean Squared Error 

(MSE) loss by incorporating a dynamic weighting mechanism to prioritize high-value 

predictions. In this approach, a threshold is defined as the mean plus two standard deviations 

of the true values, effectively identifying critical high-consumption scenarios or peaks. Errors 

in this case are assigned a significantly larger weight, while errors for regular values are 

weighted normally.  

To formalize this approach, the weighted root mean squared error (wMSE) can be expressed 

as: 

wMSE =
∑ 𝑤𝑖
𝑁
𝑖=1  (𝑦𝑖 − 𝑦𝑖̂)

2

∑ 𝑤𝑖
𝑁
𝑖=1

 

 

 

(3.2) 

With 

𝑤𝑖  {
𝛼, 𝑖𝑓 𝑦𝑖 ≥  𝜇 + 2𝜎 
1, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 

 

Where: 

• 𝑦𝑖 = the actual value at time 𝑖  

• 𝑦̂𝑖 = the predicted value at time 𝑖 

• 𝑤𝑖 is the weight assigned to each sample,  

• 𝜇 and 𝜎 are respectively the mean and standard deviation of the actual dataset 

• 𝛼 is a scaling factor that penalizes large errors occurring in peak consumption periods. 

This formulation ensures that deviations during critical high-load events contribute more 

heavily to the overall error metric, thereby improving the model’s sensitivity to peaks. 

By applying this weighting scheme, the loss function penalizes deviations more heavily for 

high-consumption predictions, ensuring that the model focuses on accurately capturing these 
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critical patterns. This modification addresses a common limitation of standard MSE, which 

treats all errors equally, often leading to suboptimal performance in scenarios where peak values 

carry higher operational or economic importance.  

As a result, the weighted MSE loss function improves the model’s sensitivity to extreme cases, 

aligning the learning objective with domain-specific requirements, such as energy forecasting, 

where accurate prediction of peaks is essential for effective resource management and cost 

optimization. This approach contributes to the robustness and practical relevance of the 

forecasting model by emphasizing high-value regions, which are critical in many real-world 

applications. 

3.5 Error metrics and performance indicators 

The effectiveness of the forecast models is assessed by evaluating the difference between actual 

and predicted values. The mean absolute error (MAE) and the root mean squared error (RMSE) 

are calculated. The MAE (3.3) represents the average absolute difference between actual and 

predicted values. While RMSE (3.4) squares the differences before averaging and takes the 

square root of the result to give more weight for larger errors than MAE, making it more 

sensitive to outliers or larger deviations. Also, the mean relative error (MRE) is also calculated 

in (3.5), it measures how far the predictions values are from their actual values in relative terms. 

It is important to assess the prediction accuracy [122] . 

𝑀𝐴𝐸 =
1

𝑛
∑|𝑦𝑖 − 𝑦𝑖̂|
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(3.5) 

 

Where: 𝑛 is the number of data points, 𝑦𝑖 is the actual value, and 𝑦̂𝑖 is the predicted value for 

the 𝑖𝑡ℎ data point. 

The Pearson correlation coefficient (3.6), often denoted as 𝑟, is a statistical measure that 

quantifies the strength and direction of the linear relationship between predicted and actual 

variables. All that was also calculated, were evaluated to examine the amount of the error 

happening in the forecast output in order to test the performance of the models and see whether 

it can be used in the EMS as inputs to the optimization algorithm.  

𝑟 =
∑ (𝑥𝑖 − 𝑥̅)(𝑦𝑖 − 𝑦̅)𝑛
𝑖=1

√∑ (𝑥𝑖 − 𝑥̅)2𝑛
𝑖=1 √∑ (𝑦𝑖 − 𝑦̅)2𝑛

𝑖=1

 

 

 

(3.6) 

Where: x̅ is the mean value of the testing dataset values, 𝑥𝑖 is the actual value in X_test, 𝑦  is 

the mean value of the y_test values, and 𝑦𝑖 is the predicted value in y_test. The combined actual 

and predicted testing data are evaluated using these metrics. All reported values are normalized 

with respect to the range of the dataset. 
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3.6 Forecast evaluation and results analysis 

In this section the results of the different forecasts are evaluated. Knowing that the linear 

regression approach has a unique dataset because of the available processed historical train 

dynamics. Although, it is important to highlight its perspective and the importance of 

performing solid work on data collection and synchronization between trains information and 

TSS power consumption. 

3.6.1 Comparison between linear regression and LSTM (1h time step) 

The forecast done covers two months long of TSS power consumption data, with a point every 

10 minutes resampled into a one-hour average. With 80% training size and 20% testing, the 

testing data set is a new profile that the forecast model did not see before. The same dataset was 

used for the LSTM and regression model. In the latter, more inputs were used related to trains 

information. Both models were able to learn the pattern and predict the shape of the power 

consumption. However, it was clear that both models struggled to predict high power peaks that 

occur which can be critical as shown in Fig. 3.9.  

The hourly energy doesn’t suit well the nature of the TSS load, peak consumptions exist for 

short periods of time during the day (a matter of minutes) when taking the average it is difficult 

to detect the peak consumption, The optimization will deal with a TSS power profile that 

doesn’t show the penalties that will be calculated on average of 10 minutes for overrunning the 

subscribed power 𝑃𝑠𝑢𝑏. This put more difficulties in terms of minimizing penalty costs. 

The metrics were calculated from the errors between actual values of the test set and the 

prediction values. The values of MAE and RMSE are normalized and expressed as percentages 

in Table 3.1  

Both methods show comparable values for MAE, reflecting similar levels of average error. 

However, the higher RMSE obtained from the regression model indicates that the regression 

method has larger deviations in some of its predictions, leading to more pronounced errors 

compared to the LSTM. When comparing MRE, the LSTM model demonstrates superior 

performance in predicting a power profile, as its predictions are, on average, closer to the actual 

profile than those of the regression method. The Pearson correlation coefficient (𝑟) for both 

methods indicate a strong positive linear relationship between predicted and actual values, as 

the values are close to 1. Nevertheless, it is worth noting that the regression model could 

potentially benefit from integrating additional inputs and a larger synchronized dataset, such as 

detailed train-related information, which might lead to improved accuracy if there is a strong 

correlation between the input and output variables. 
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(a) LSTM model 

 
(b) Regression model 

Fig. 3.9 Predicted and actual values of TSS power consumption using LSTM and linear regression – 24 hours power profile. 

Table 3.1 Forecast models metrics 

Method MRE MAE RMSE   

LSTM 18.77% 9.19% 12.24% 0.844 

Regression 21.96% 13.96 17.29 0.853 

3.6.2 Forecast with 10 minutes time step using LSTM 

The choice of the 10 minutes times step serves better the objective of the forecast. The penalties 

paid by the SNCF network are calculated for exceeding the subscribed power on an average of 

10 minutes. Also, the 10 minutes time step better captures the train dynamics of TSS 

consumption with peaks.  

The graph of Fig. 3.10 shows a TSS consumption profile of 24h period. It is taken from the 

testing dataset where 𝑃𝑎𝑐𝑡 is the actual historical data, 𝑃𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡 LSTM1 is the TSS predicted 

power consumption using the simple LSTM method, and 𝑃𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡 LSTM2 is the predicted 

consumption using the weighted LSTM forecast method. The visual inspection of Fig. 3.10 

Profile of 24-hour actual TSS consumption and the predicted TSS consumption using LSTM1 

and LSTM2 models. shows that the simple LSTM model (LSTM1) is limited in terms of 

detecting the power values around the subscribed power (𝑃sub = 3500 𝑘𝑊). The comparison of 

two LSTM models based on their performance metrics applied to a testing dataset reveals 

significant insights into their predictive capabilities and characteristics. The performance 

metrics are listed in Table 3.2. The first model, LSTM1, which is a simpler model, exhibits a 

Normalized Mean Absolute Error (NMAE) of 5.43% and a Normalized Root Mean Squared 

Error (NRMSE) of 8.03%. These metrics suggest that LSTM1 maintains a relatively low level 

of prediction error and variability, confirming its efficiency in forecasting with minimal 

deviation from actual values. On the other hand, the second model, LSTM2, which is more 

complex, shows higher error metrics with an NMAE of 7.29% and an NRMSE of 10.18%. The 

increased error rates may be indicative of the model’s overfitting or its sensitivity to the noise 

and complexity within the dataset. Notably, LSTM2 also has a higher Mean Relative Error 

(MRE) at 39.87%, compared to 29.62% for LSTM1, suggesting that the complex model may 

not be as effective at handling or generalizing the underlying patterns in the data as the simpler 

model. Despite the higher error rates, LSTM2 demonstrates a slightly better Pearson Correlation 

Coefficient of 0.7135, compared to 0.7056 for LSTM1.  



89 

 

This metric indicates a marginally stronger linear relationship between the predicted and actual 

values, suggesting that while LSTM2 may capture the directionality of the data trends slightly 

better, it does so with less accuracy and higher variability. In summary, while LSTM2 may 

potentially capture complex patterns slightly more effectively as indicated by the Pearson 

coefficient, LSTM1’s lower error metrics across NMAE, NRMSE, and MRE suggest it might 

be the more reliable and efficient choice for practical applications, particularly where the trade-

off between complexity and performance needs to be carefully managed.  

Overall, LSTM1 is better suited for applications that prioritize smooth predictions and overall 

accuracy. In contrast, LSTM2 is ideal for scenarios that require precise detection of peak 

consumption, although this may come with higher overall errors, especially during the periods 

of low consumption, the predictions of LSTM2 tend to be higher than the actual values which 

causes high error percentages. 

 

Fig. 3.10 Profile of 24-hour actual TSS consumption and the predicted TSS consumption using LSTM1 and LSTM2 models. 

Table 3.2 Metrics comparison between LSTM models 

Metric LSTM1 (Simpler 
Model) 

LSTM2 (More 
Complex Model) 

Normalized Mean Absolute Error (NMAE) 5.43% 7.29% 
Normalized Root Mean Squared Error (NRMSE) 8.03% 10.18% 
Mean Relative Error (MRE) 29.62% 39.78% 
Pearson Correlation Coefficient 0.7056 0.7135 

 

3.6.3 Summary of the tested forecast methods 

To obtain a load profile suitable for optimization, the forecast must be performed with a 10-

minute time step, as penalties for subscribed power overruns are calculated on this basis. The 

LSTM models, trained only on historical TSS consumption data, proved more consistent and 

practical under current conditions, since they avoid the need for synchronized timetable 

information and extensive data preprocessing. Linear regression, on the other hand, opens a 

prospective avenue: if large, clean, and synchronized datasets combining train timetables with 

substation consumption were available, additional input variables could be exploited to improve 

forecasting accuracy. At present, the limited size and quality of the dataset prevent this approach 

from being fully effective, but with improved data collection infrastructures, more advanced 
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machine learning methods beyond linear regression could be investigated to enhance accuracy 

and robustness of the forecast. 

3.7 Optimization problem formulation 

The day ahead EMS is applied to the first architecture of RACCORD described in Chapter 2. 

Fig. 3.11 gives a reminder for the architecture worked on with the different symbols and the 

power flows in the railway network. Also, it shows the connected tracks where train information 

is extracted from train timetables for the development of the linear regression forecast model. 

Assuming that the TSS power consumption 𝑃𝑙𝑜𝑎𝑑 is influenced by train circulation at the 4 

tracks. And neglecting the losses of the transformer and rectifier for simplicity in the 

optimization problem formulation. 

 

Fig. 3.11 Architecture 1 of RACCORD 

The power discharged from the energy storage system (ESS) is considered positive, whereas 

charging power is associated with a negative power flow. Consequently, when discharging, the 

ESS injects power into the network with a positive sign, similarly to the photovoltaic (PV) 

system. Conversely, during charging, the ESS absorbs power from the network and is therefore 

considered as a load. the maximum discharge power of the ESS denoted 𝑃𝑑𝑖𝑠𝑐ℎ−𝑚𝑎𝑥 represents 

the maximum power limit in the discharge. Finally, the subscribed power has a constant value 

throughout the day. Table 3.3 summarizes the different specification and rated values of some 

elements in the system. 

Table 3.3 Electrical parameters and variables of the railway architecture 

Maximum allowable power of ESS 𝑃𝑠𝑡𝑜−𝑚𝑎𝑥 1200 kW 

Maximum charge power 𝑃𝑐ℎ−𝑚𝑎𝑥 -600 kW 

Maximum discharge power 𝑃𝑑𝑖𝑠𝑐ℎ−𝑚𝑎𝑥 1200 kW 

Maximum PV power 𝑃𝑃𝑉−𝑚𝑎𝑥 600 kW 

Total ESS capacity 𝐸𝑠𝑡𝑜 1800 kWh 
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Subscribed power 𝑃𝑠𝑢𝑏 3500 kW 

 

These specifications are fixed in order to test the day ahead EMS based on optimization. It 

might not reflect the actual or precise dimension of the railway smart grids elements. But it first 

in the first place to validate the proposed EMS. 

3.7.1 Optimization objective function 

The considered pricing scheme for the TSS depends on the time of use of electricity 

transportation network (TURPE) that results by negotiation between railway network operator 

and the electricity transport network (RTE) as explained earlier in Chapter 1 [28] .  

From the energy costs, the SNCF réseau pays for the use of the public grid included within the 

electricity transport and delivery costs, and penalties for overrunning the subscribed power 

(CMDPS). Equation (3.7) recalls the CS part of the TURPE6 agreement. In this formulation, 

𝐶𝑆 represents the total annual withdrawal cost (composant de soutirage).  

The variable cost is the cost of use the public electricity transport grid and has a variable 

coefficient 𝑐𝑖. The penalty costs that have a variable coefficient 𝑏𝑖 that changes depending on 

the season and the hour of the day.  

Through the installation of PV and ESS in RACCOR-D project, the SNCF aims to reduce the 

dependency on the conventional grid during high tariffication cost of use of the public grid and 

reduce the penalties caused by overrunning the subscribed power. Fig. 3.12 shows the variation 

of the coefficient 𝑐𝑖 during the day. It is possible to identify three periods, peak hours (highest 

cost), off-peak hours (lowest cost) and plane hours (average cost). 

𝐶𝑆 = 𝑏1 × 𝑃𝑆1 +∑𝑏𝑖

5

𝑖=1

× (𝑃𝑆𝑖 − 𝑃𝑆𝑖−1) +∑𝑐𝑖
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𝑖=1

× 𝐸𝑖

+ ∑ ∑0.04
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× 𝑏𝑖 × √∑(𝑃𝑗 − 𝑃𝑆𝑖)
2

𝑗

 

 

 

 

 

(3.7) 

  

Fig. 3.12 Daily variation of the TOU coefficient ‘𝑐𝑖’ (dotted line) in the high season tariff example. 

Day-ahead supervision was developed using a nonlinear optimization approach. A Sequential 

Quadratic Programming (SQP) algorithm is a suitable method for determining the optimal 

economic schedule for the ESS in a day-ahead scheduling, based on variable price profiles of 
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penalties and use of public grid. The optimization minimizes a developed cost objective 

function, represented by Equation (3.10), which cover these main cost components:  

• The costs of the energy consumed by the TSS demand over specific time intervals 

(covering demand of rolling stocks supplied by the TSS, auxiliary load, losses, and other 

possible consumers).  

• The penalties for power demand overruns relative to the subscribed power.  

•  Use of the electricity transmission network (RTE) cost and it is denoted time of use cost 

(TOU) for simplicity.  

The cost of electricity is fixed within a day to 0.2 €/kWh, the railway companies that use the 

TSS of the SNCF réseau are billed through an arrangement to compensate for the electricity 

used from the TSS. It is added to the objective function since the optimization is a day ahead 

EMS and a daily function of costs must be developed. 

The cost function combines both the energy usage cost and the penalties for exceeding 

subscribed power limits: The objective function to be minimized is proposed to consider the 

variable part of the CS in addition to the cost of electricity consumed. The optimization 

algorithm will work on minimizing the total costs that adds the three components based on 

Equation (3.11). The optimization will consider one day so the seasonal variation of the 

weighting variables is not considered, and the sampling time is suited for the time step of the 

historical data which is 10 minutes. So, the components of the objective function are presented 

in Equations (3.8) (3.9) (3.10). 

𝑇𝑂𝑈 =∑
1

6

144

𝑡=1

× 𝑐𝑖 × 𝑃grid(𝑡) 
 

(3.8) 

𝐶𝑀𝐷𝑃𝑆 =∑0.04

144

𝑡=1

× 𝑏𝑖 × √(𝑃grid(𝑡) − 𝑃sub)
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     𝑓𝑜𝑟    𝑃grid > 𝑃sub  

 

(3.9) 

Electricity_cost =∑  
1

6

144

𝑡=1

× 𝐶elec × 𝑃grid(𝑡) 
 

(3.10) 

 

Where TOU is considered the time of use of public grid costs, CMDPS is the penalty costs for 

overrunning the subscribed power, and 𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦_𝑐𝑜𝑠𝑡 represent the electricity cost for the 

consumed power of the TSS, it has a fixed coefficient throughout the day so it won’t affect the 

optimization. The division by 6 in Equation (3.7) and (3.9) is to calculate the values in the 10 

minutes average instead of 1 hour average of the price coefficients 𝐶elec and 𝑐𝑖. Railway 

companies supplied by the TSS are responsible for paying SNCF network the electricity costs 

through tariffication agreements between SNCF réseau and the railway companies. The 

objective function denoted 𝑓 to be minimized is therefore: 

𝑓 =  𝑚𝑖𝑛(𝑇𝑂𝑈 +  𝐶𝑀𝐷𝑃𝑆 +  𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦_𝑐𝑜𝑠𝑡) (3.11) 

3.7.2 Constraints modelling 

Starting from the physicality of the system and the requirement of each of the smart grid 

elements, the main constraint is related to the uni-directionality of the power grid that block the 

possibility to sell excess power to the grid. In addition, the power balance must be satisfied at 

every time step t, along with constraints on the number of ESS charge/discharge cycles. The 

benefit behind setting a defined number of cycles per day is the prolongation of the ESS lifespan 
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and limiting the SOC within defined values is to prevent the saturation of the batteries at high 

and low levels.  

• To following constraints are modelled as follow to respond to the different limits and 

requirements imposed to the optimization process :State of charge (SOC) Limits: 

Equation (3.12) enforces the SOC of the ESS to stay within a defined range, specifically 

between 𝑆𝑂𝐶𝑚𝑖𝑛 and 𝑆𝑂𝐶𝑚𝑎𝑥, which are set at 0.2 and 0.8, respectively. This ensures 

that the battery’s charge level remains within safe operational limits. 

𝑆𝑂𝐶min ≤ 𝑆𝑂𝐶(𝑡) ≤ 𝑆𝑂𝐶max (3.12) 

• Power balance: At every time step 𝑡, the power balance equation must hold: 

𝑃grid(𝑡) = 𝑃load(𝑡) − 𝑃PV(𝑡) − 𝑃sto(𝑡) (3.13) 

This equation ensures that the power drawn from the grid accounts for the load demand 

after considering the contributions from PV generation and the ESS. 

• End-of-day SOC: Equation (3.14) specifies that the SOC at the end of the day (at time 

step 144) should be 0.5. This condition is imposed to prepare the ESS for the next day’s 

operation, balancing the stored energy at a midway point. The SOC calculation 

performed at every time step is represented in Equation (3.15). 

 

𝑆𝑂𝐶(144)  =  0.5 (3.14) 

 

𝑆𝑂𝐶(𝑡)  =  𝑆𝑂𝐶0  −  
1
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∑

𝑃𝑠𝑡𝑜(𝑡)

6

144

𝑡=1

 

 

(3.15) 

Where 𝑆𝑂𝐶0 is the initial state of charge at the beginning of the day, 𝐸𝑠𝑡𝑜 is the ESS rated 

capacity, and 𝑃𝑠𝑡𝑜(𝑡) is the battery charging or discharging power at each time step. 

• Grid power non-negativity: Equation (3.16) ensures that the power drawn from the grid 

𝑃𝑔𝑟𝑖𝑑 is non-negative, as unidirectional power flow is considered. This implies that 

energy can only be drawn from the grid, not supplied back. 

 

𝑃𝑔𝑟𝑖𝑑(𝑡)  ≥  0 

(3.16) 

 

• Cycle limits for charging and discharging: Equations (3.17) and (3.18) limit the number 

of full charging and discharging cycles of the ESS to two cycles per day. These 

constraints involve summing the power flow over time (from 𝑡 =  1 to 𝑡 =  144) and 

scaling by 6, keeping the total energy exchanged within twice the capacity 𝐸𝑠𝑡𝑜of the 

battery. This limitation reduces battery wear and prolongs its lifespan. 

∑
|𝑃sto, ch(𝑡)|

6

144

𝑡=1

≤ 2 × 𝐸sto × (𝑆𝑂𝐶max − 𝑆𝑂𝐶min) 

 

 

(3.17) 

 

∑
𝑃sto, disch(𝑡)

6

144

𝑡=1

≤ 2 × 𝐸sto × (𝑆𝑂𝐶max − 𝑆𝑂𝐶min) 
 

(3.18) 

3.7.3 Decision variable and limits 

The day-ahead EMS consists of scheduling the ESS for the upcoming day. The optimization 

decision variable is a temporal variable represented by the reference power set-points on 

average of 10 minutes to be sent to the ESS 𝑃𝑠𝑡𝑜. While respecting the maximum power that 
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can be used during the charging and the discharging 𝑃𝑐ℎ_𝑚𝑎𝑥  & 𝑃𝑑𝑖𝑠𝑐ℎ_𝑚𝑎𝑥. At the end of the 

optimization, the algorithm provides 144 set-points each one represents the average power of 

10-minutes. The choice of 10 minutes time step is ruled by the available historical information 

that are saved as average of 10 minutes (the same average used for calculating CMDPS costs). 

A SQP algorithm is used to deal with the nonlinearity of the constraints and the objective 

function as expressed in Equation (3.11) that integrates the penalty costs (CMDPS). The 

calculation of the SOC at each time step is also done through a nonlinear equation as expressed 

in Equation (3.15). The optimization is done in MATLAB using         function [118] . 

The flow chart of Fig. 3.13 explains the optimization stages and the necessary input profiles 

required for the day ahead EMS. The forecast of the TSS consumption is done through the 

explained forecast methods, the PV production profile is a theoretical profile that describe the 

capacity of the PV system from maximum power and the surface of the installed system. The 

pricing coefficient are taken from the pricing scheme explained earlier. 

The optimization block includes the terms that will impact the decision of the optimization 

(TOU and CMDPS) as they contain variable pricing coefficient, unlike the electricity cost that 

has a constant price value per kWh during the day. 

 

Fig. 3.13 Flow chart explaining the optimization process 
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3.8 Results and analysis 

In this section, the outcomes of the day-ahead optimization are analysed and assessed. The 

impact of forecast quality on the EMS benefits is explored. The reference optimal ESS schedule 

is derived from the EMS using the actual historical TSS consumption. The schedules generated 

using the predicted consumption profiles from the LSTM methods are then compared to the 

reference. The deviation of these schedules from the reference will indicate the suitability of 

the forecasts for such applications.  

Also, the key performance indicators are calculated. Namely the energy used by the ESS, and 

the amount of PV energy curtailment caused by the excess of PV production. Two typical days 

of TSS operation are considered. Day 1 with low penalty potential as the subscribed power is 

lightly over-passed. Day 2 where there are higher overruns of subscribed power. The aim of 

testing multiple days is to validate effectiveness of the nonlinear SQP optimization on finding 

a minimum of the objective function while respecting the constraints with multiple types of 

TSS load profiles. 

The yearly average of weekdays and weekends are plotted in Fig. 3.14, showing that on average 

weekdays has higher consumption and higher peaks. It is assumed in the results that the typical 

weekday profile is the day characterized by higher traffic and higher TSS consumption therefore 

higher peak consumption than weekend profile. 

 

Fig. 3.14 Average of TSS power consumption profiles of weekdays and weekends for the year 2017 

The economic benefit of using forecast-based optimization for day-ahead ESS scheduling is 

evaluated by comparison with a baseline schedule, in which the EMS charges the ESS during 

periods of low TSS consumption (early morning and night) and discharges it during the day.. 

The evaluation of the impact of the forecast method on the optimization outcome is done by 

comparing the results of the optimization when using the predictions of LSTM1 and LSTM2 

separately with a reference case that neglect the errors of the forecast. A conclusion about LSTM 

method (simple or weighted) to be used for the day ahead energy management depending on 

the desired objective. 

3.8.1 Reference case neglecting forecast errors 

Having a reference case to start with is essential since the objective is to compare the impact of 

two forecast methods LSTM1 and LSTM2. The reference case reflects the ideal case where it 

will not be any difference between what is predicted and what is actually consumed. The 
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reference case is the most optimal solution that can be obtained reflecting full knowledge of 

TSS consumption without any errors. The reference case serves as: 

- Providing the most optimal solution to compare it with the solution obtained using 

forecast profiles as optimization inputs (from LSTM1 and LSTM2) 

- Test in the first place the capabilities of the developed optimization method to find 

feasible solution. 

The actual TSS power consumption from available historical data is used as an input to the 

optimization algorithm. The algorithm successfully found the optimal schedule of the ESS that 

respects the constraints and find the minimum cost described in (3.11).  

Fig. 3.15 & Fig. 3.16 shows for the ESS schedule with the corresponding SOC; and the TSS 

load and the corresponding power drawn from the grid calculated from Equation (3.13) after 

the schedule of the ESS is proposed by the EMS optimization algorithm. These figures show 

the reference schedule that will perfectly schedule the ESS neglecting any uncertainties in the 

TSS power consumption forecast. The SOC level was maintained between its minimum and 

maximum limits 20 % & 80 %. Completing two cycles per day finishing with ESS half full at 

the end of the day similar to the beginning of the day (SOC = 0.5). The uni-directionality of the 

TSS is respected with the power balance scheme of Equation (3.13) preventing any negative 

grid power flow and maximizing the use of PV production. While providing a remarkable high 

discharge during overruns of the subscribed power, and during high time of use cost periods. 

The charging is scheduled to the beginning and the end of the day to profit from the low time 

of use cost described in Fig. 3.12. 

The SQP nonlinear optimization was capable therefore of handling the constraints and the limits 

of the power system while finding an optimal solution that schedule the ESS for the upcoming 

day. 

 

Fig. 3.15 ESS schedule and power drawn from the grid in the reference case ’Day 1’. 
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Fig. 3.16 ESS schedule and power drawn from the grid in the reference case ’Day 2’. 

3.8.2 Case with the forecast TSS load profile used for the optimization 

process 

The predicted profiles obtained through LSTM1 model and LSTM2 model are used as inputs 

to the optimization. The optimal ESS schedule is expected to vary from the reference schedule 

due to the uncertainties and forecast errors of the TSS. This schedule will be applied to the ESS 

when the actual TSS consumption occurs. It is expected to see unbalance in the power flow 

scheme and a potential PV curtailment. The maximization of the use of PV power might not be 

totally achieved. The influence of the forecast done can be therefore evaluated. The comparison 

between the LSTM models was done in the previous section (section 3.4) and quantified the 

advantages and the drawbacks of each model. In this section, their influence on the specific day 

ahead optimization application is analyzed. 

For the evaluation and the analysis, two days were investigated to study the impact of the 

forecast: Day 1 represents a day with a medium overrun of subscribed power and Day 2 

represents a day with high consumption and high overruns of the subscribed power. Each day 

has a reference case that represent the maximum optimality assuming that the predicted profile 

is exactly the actual TSS consumption profile. The solution obtained by using the actual TSS 

consumption as input is considered the best solution. The schedules obtained by using the 

forecast must be compared to the best solution, and how close they provide a schedule close to 

the best solution (reference case) is an indicator on how efficient the ESS day-ahead schedule 

is. 

3.8.2.1 Optimal ESS setpoints 

The reference ESS schedule is compared with the ESS schedule obtained with the predictions 

of the simple LSTM and the predictions of the weighted LSTM. Although the error of the 

forecast could lead to noticeable errors, it is important to test the forecast outcome when used 

in the day ahead energy management application. The ESS schedule obtained after using the 

TSS consumption of the 2 days using LSTM1 and LSTM2 allows the calculation of the ESS 

energy used per day. In both cases, the SOC limits were respected, and the final SOC is equal 

to 0.5, and the energy used by the ESS is equal to 4.32 MWh for one day, which is equal to the 

two cycles limits. These results validate the effectiveness of the SQP on finding the minimum 

of the objective function while respecting the constraints with any type of predictions. In all 
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cases, during the period of peak hour, the ESS is set to discharge during this period decreasing 

the dependency on the grid. 

In Fig. 3.17 where the consumption of the TSS is average, both LSTM methods where not been 

able to detect the peak consumption occurring around 15h, the optimal schedule will therefore 

propose a small charging instead of discharge and keep the discharging of the ESS for peak 

hours only. The EMS therefore in such cases can reduce significantly the dependency on the 

grid during peak hours and reduces the peaks that occurs during the peak hours only. 

Fig. 3.18 shows that the capabilities of the LSTM2 model to detect peak consumption points, 

forced the optimization to propose a relatively high discharge outside the peak hours between 

20h and midnight. The ESS schedule in LSTM1 doesn’t detect this peak consumption and 

therefore the EMS found no need to discharge during this point. This highlights the superiority 

of the weighted LSTM approach, which assigns greater importance to peak demand periods. In 

this case, the use of LSTM2 enables a more effective reduction of subscribed power overruns 

compared to LSTM1, thereby contributing more significantly to the objective of minimizing 

penalty costs. 

 

Fig. 3.17 ESS schedule for both days obtained using both LSTM models for Day 1 

 

Fig. 3.18 ESS schedule for both days obtained using both LSTM models for Day 2 
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3.8.2.2 Power drawn from the grid 

The power drawn from the grid 𝑃𝑔𝑟𝑖𝑑 in each of the cases is calculated based on the power 

balance equation (3.12). 𝑃𝑔𝑟𝑖𝑑 permits to calculate the CMDPS by aggregating the amount of 

power that overpasses the subscribed power. Also, the negative values of 𝑃𝑔𝑟𝑖𝑑 indicates an 

excess of PV production that must be curtailed to maintain the power balance scheme. The 

curtailed PV power harm the objective of maximizing the use of renewable energy but it might 

occur due to forecast errors. Any discharge of the batteries while PV production is high at a 

time where the actual TSS consumption is not as high as the predicted profile, the local 

production (𝑃𝑃𝑉 + 𝑃𝑠𝑡𝑜) could exceed the TSS consumption 𝑃𝑙𝑜𝑎𝑑. The ESS is scheduled and 

fixed at day ahead, so the only solution is to curtail the excess of PV production to maintain 

power balance. This phenomenon occurred between 10h and 11h in Day 1 as shown in Fig. 

3.19. 

The overrun of the subscribed power in Day 1 occurring between 14h and 15h and occurring 

between 17h and 18h in Day 2 was reduced to its minimum in the reference case. The LSTM2 

can decrease these peaks better than LSTM1 because of its better detection of the peak 

consumption points. This shows the superiority of LSTM2 forecast over LSTM1 forecast in 

terms of reducing the penalties caused by the overrun of the subscribed power. 

 

Fig. 3.19 Power drawn from the grid on ’Day 1’ and ’Day 2’ in reference; LSTM1 and LSTM2 cases 

3.8.2.3 LSTM1 and LSTM2 performance in the day-ahead schedule 

The MRE and other metrics between the power drawn from the grid and the reference case 

compared to LSTM1 and LSTM2. The main key indicators that will validate the effectiveness 

of the optimization method used for the day ahead EMS are calculated from the power drawn 

from the grid 𝑃𝑔𝑟𝑖𝑑. The most optimal 𝑃𝑔𝑟𝑖𝑑 profile is obtained in the reference case in section 

5.1 where the actual TSS power consumption is used as input to the optimization. This is the 

reason why all peak consumption points are detected and limited to its minimum (Fig. 3.15 and 

Fig. 3.16). The 𝑃𝑔𝑟𝑖𝑑 profiles resulted from the use of LSTM forecasts (LSTM1 & LSTM2) is 

obtained and compared to the reference 𝑃𝑔𝑟𝑖𝑑. The MRE and MAPE (Mean Absolute 

Percentage Error), measure the accuracy of values obtained using LSTM forecasts and the 

reference values. Both metrics indicate how far the 𝑃𝑔𝑟𝑖𝑑 deviates from the reference. The 

effective of the forecast methods when used for the day ahead energy management is validated 

if there is no significant deviation from the reference case. 
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The MRE in the forecast between the actual and the predicted data is high. However, the MRE 

between the reference solution and the solutions provided by the optimization based on the 

forecast is 11% and 14% in ‘Day 1’ for LSTM1 and LSTM2 respectively as shown in Table 3.4. 

And between 10-11% in ‘Day 2’. This means that because of the uniqueness of the EMS 

application that focus on the penalty costs that was more evident than the reduction of TOU 

costs, the forecast algorithm offers a predicted TSS load profile that provide an ESS close by 

85-90% to the optimal reference ESS schedule. 

Table 3.4 MRE and MAPE comparisons between LSTM models and reference for two days 

 Model MRE MAPE 

Day 1 LSTM1 and Ref 11% 21.05% 

 LSTM2 and Ref 14.58% 26.16% 

Day 2 LSTM1 and Ref 10.07% 16% 

 LSTM2 and Ref 10.96% 12.73% 

 

3.8.3 Comparison with a baseline schedule 

The economical gain translated in the reduction of penalty costs (CMDPS) is evaluated. The 

day ahead energy management with forecast must be compared with a baseline schedule.  

The proposed baseline schedule aims to discharge the ESS during the periods of high TOU cost 

and charge the ESS during low-cost periods. To use more the ESS to compare with the results 

of the optimization, the ESS is forced to charge during the plane hours at the middle of the day 

profiting from possible high PV production. The SOC limits are respected in the baseline case. 

The baseline profile doesn’t profit from the maximum power of the ESS to maintain a discharge 

for the whole period of peak hours. This will impact negatively the reduction of peak 

consumption. Fig. 3.20 shows the ESS schedule proposed in the baseline case with its 

corresponding SOC. The energy used by the ESS exceeds the two cycles per day and it is equal 

at the end of the day to 4.62 MWh which is higher than the energy used by the batteries in the 

constrained optimization used along with the LSTM forecast. 
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Fig. 3.20 Proposed baseline schedule of the ESS. 

The histograms of Fig. 3.21 display the percentage decrease in CMDPS costs for two specific 

days using baseline schedule, LSTM1 with optimization schedule, and LSTM2 with 

optimization schedule with reference to the base to th case where there is no ESS and PV at the 

substation as shown in Equation (3.18). In Day 1, the LSTM2 followed by optimization 

provides the highest percentage decrease in the CMDPS (62%) compared to the percentage 

decrease caused by baseline schedule (44.4%) and the LSTM1 followed with optimization 

(36.9%).  

𝛥𝐶𝑀𝐷𝑃𝑆(%) =
𝐶𝑀𝐷𝑃𝑆base − 𝐶𝑀𝐷𝑃𝑆scenario

𝐶𝑀𝐷𝑃𝑆base
× 100 

 

 

(3.18) 

CMDPS scenario is the CMDPS calculated after subjecting the ESS to the baseline schedule in 

the first place, then the schedule proposed by the optimization that uses the forecast of LSTM1, 

and finally the schedule obtained through optimization using the forecast of LSTM2. 

The incapability of detecting peak consumption in the LSTM1 has made the baseline more 

performative in reducing the penalties. This suggests that LSTM1’s less accurate peak load 

forecasting results in suboptimal ESS scheduling, causing frequent excess of power limits. 

LSTM2, although exhibiting higher overall forecasting errors, achieves better peak demand 

detection, leading to a significant reduction in penalties. The optimization cases are always 

better in terms of respecting the ESS cycles per day and the ESS use less energy. This responds 

to the objective of prolongating the life span of the batteries. 

In Day 2, the day with higher overruns of subscribed power, LSTM1 shows a 36.6% decrease 

in CMDPS costs while LSTM2 reduces penalties by 48.8%, demonstrating its improved peak 

prediction capabilities. Both LSTM models in this day were more adaptable to the objective of 

reducing the penalty costs than the baseline schedule, that reduced the penalties by 30%. 
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(a) CMDPS gains 

 
(b) PV curtailment 

Fig. 3.21 Percentage of decrease in CMDPS costs and amount of curtailed PV energy when transitioning from the case 

without ESS and PV to the baseline, LSTM1, and LSTM2. 

For the PV curtailment, the baseline schedule forced the charge of the ESS at mid-day where 

the PV production is at its highest, for this reason it is rare to find an excess of PV production 

considering the limited size of the PV system. In both days, the LSTM2 has less curtailed power 

than LSTM1, therefore it is the method that serves better the objective of maximizing the use 

of renewable production. 

These results highlight the trade-offs between forecast accuracy and CMDPS penalties, with 

peak detection playing a crucial role in minimizing excessive charges and ensuring optimal ESS 

utilization. This makes the weighted LSTM method more suitable for the application, than the 

simple LSTM that has relatively lower errors than the weighted LSTM. The ability of detecting 

the peak consumption in the forecast is beneficial for the railway grid operator and offers a 

solution to limit the penalties when followed with a day ahead optimized schedule. 

3.9 Conclusion 

 The proposed EMS was developed as a solution for the energy supervision of a wayside ESS 

connected at the DC bus of a railway traction substation. It relies on day-ahead forecasts of TSS 

electrical power consumption, combined with a nonlinear optimization algorithm that 

determines the optimal ESS schedule adapted to the predicted load profile. Two LSTM-based 

forecasting methods were implemented with a 10-minute time step, which better reflects the 

variability of TSS demand and aligns with the 10-minute resolution of subscribed power 

penalties. These methods require only historical consumption data and achieve small deviations 

from the reference case, which represents the most optimal solution. The nonlinear optimization 

framework effectively handled the system’s nonlinear constraints and proved robust across 

multiple TSS load profiles, demonstrating adaptability to operational variations. 

The improvement in forecasting accuracy significantly reduced CMDPS penalties compared to 

the baseline schedule, while also supporting the integration of renewable energy by minimizing 

PV curtailment more effectively than the simple LSTM model. Overall, this chapter highlighted 

the critical role of accurate TSS load forecasting in enhancing EMS performance within a smart 

grid environment. The proposed EMS achieved performance close to the optimal solution while 

offering a practical and robust strategy for managing ESS operation at DC substations. 
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Chapter 4. Development of real time energy supervision 

for two architectures of RACCOR-D 
 

4.1 Introduction 

In the previous chapters, the hybrid energy management strategy of the RACCOR-D project 

was established. The supervision strategy explained in Chapter 2 covers two levels: day ahead 

EMS, where forecasts of traction substation (TSS) consumption and photovoltaic (PV) 

production were combined with a nonlinear optimization model to generate an optimal schedule 

for the energy storage system (ESS) for the next 24 hours. Followed with a real time supervision 

based on fuzzy logic method (FL) to provide real time reference setpoints to the ESS 

considering actual measurement from the railway network and the day ahead planning.  

Chapter 2 benchmarked existing energy management and supervision methods and introduced 

the development of a fuzzy logic (FL) supervisor. For RACCOR-D, FL was chosen as the most 

suitable complement to the day-ahead EMS (Chapter 3) because it is robust, interpretable, 

computationally efficient, and able to adapt in real time to uncertainties without full system 

observability 

This chapter therefore moves from the conceptual design of fuzzy logic supervision (Chapter 

2) to its application for real-time supervision within the RACCOR-D architectures. The real-

time supervisor dynamically sends reference setpoints to the ESS aiming to: 

• Limit subscribed power overruns (CMDPS), 

• Maximize PV self-consumption, 

• Maintain battery state of charge (SOC) within safe limits, 

• Achieve cost reduction of energy bill, 

• Ensure acceptable DC bus voltage level. 

The following sections present how the fuzzy logic supervisor is designed, describe the chosen 

input and output variables, and analyse its performance through simulations under different 

operating conditions (weekday vs. weekend profiles, sunny vs. cloudy PV production). In this 

way, Chapter 4 demonstrates the added value of fuzzy logic as the short-term supervisory layer 

that complements day-ahead optimization and enhances the overall resilience of the railway 

smart grid. 

4.2 Design of the real time supervision tool in architecture 1 of 

RACCOR-D 

In this section, the role of the real-time supervisor within the RACCOR-D project is introduced. 

The supervisor is designed to ensure that the ESS operates in coordination with PV generation 

and TSS consumption, while respecting technical and economic objectives. Its main functions 

are to limit subscribed power overruns, maximize the use of local renewable energy, maintain 

the SOC within safe limits, and maintain the DC bus voltage within limits. To fulfil these 

requirements under uncertain and variable operating conditions, the fuzzy logic concept 

introduced in Chapter 2 is now applied. After the general methodological description of fuzzy 
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logic, this section details the design process of the real time supervision tool developed to serve 

the problematic of the first RACCOR-D architecture.  

4.2.1 Reminder of Architecture 1: Positioning of the RACCOR-D system at 

the substation  

The configuration of Architecture 1 has already been described in detail in Chapter 2. As a 

reminder, the ESS and PV are connected directly to the DC bus of the traction substation, in 

parallel with the grid supply. The DC bus 1.5 kV aggregates the electrical contributions from 

the transformer–rectifier unit, the PV generation, and the ESS, and distributes power to the 

railway tracks, where the load corresponds to train demand. For simplicity, 𝑃𝑙𝑜𝑎𝑑 is here 

represented as a single branch, although it encompasses the aggregate demand of all connected 

tracks of the TSS (total demand of the TSS). 

This schematic reminder in Fig. 4.1 provides the basis for applying real-time supervision. The 

power balance is expressed with the same variables introduced earlier: 

• 𝑃𝑔𝑟𝑖𝑑 is the active power drawn from the grid 𝑃𝑔𝑟𝑖𝑑 ≥ 0  

• 𝑃𝑃𝑉 is the power generated by the PV system 𝑃𝑃𝑉 ≥ 0   

• 𝑃𝑙𝑜𝑎𝑑 is the demand of the TSS caused by trains circulation at the connected tracks 

𝑃𝑙𝑜𝑎𝑑  ≤ 0   

• 𝑃𝑠𝑡𝑜 is the storage system power with convention: 𝑃𝑠𝑡𝑜 > 0 while discharging (power 

injected into the DC bus). 𝑃𝑠𝑡𝑜  < 0 while charging (power absorbed by the storage). 

The negative convention is assigned for the elements that absorb power, and the positive 

convention is for the sources that inject power to the DC bus. 

 

Fig. 4.1 Simple representation of the 1st RACCOR-D architecture  
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4.2.2 Development of the real time supervision  

As detailed in Chapter 2, the supervision strategy in RACCOR-D relies on two temporal levels: 

a day-ahead EMS for optimal scheduling and a real-time supervisor to correct deviations caused 

by uncertainties and short-term variations. In the following sections, the different steps of the 

methodology for developing the real-time supervision are presented in the specific context of 

the RACCOR-D application, highlighting how the fuzzy logic concept is applied to meet both 

technical and economic objectives. 

4.2.2.1 System specifications 

The French tariff structure TURPE 6 HTB1 [28] , defined by the “Commission de Régulation 

de l’Énergie (CRE)”, governs the financial framework for high-voltage electricity consumers 

such as railway substations. This tariff includes both a fixed and a variable component. The 

fixed component is linked to the contracted subscribed power levels across seasonal and 

temporal periods, while the variable component covers energy usage costs and penalties for 

subscribed power overruns, referred to as Composantes Mensuelles de Dépassement de 

Puissance Souscrite (CMDPS). These CMDPS are calculated with the average power drawn 

from the grid over 10-minute intervals exceeding the subscribed power, using a quadratic 

penalty formula [28] . In this study, consumption always refers to the TSS demand, derived 

from historical grid withdrawal data. The economic objective behind the developed supervision 

tool is therefore twofold: minimize the cost of energy drawn from the grid and reduce CMDPS-

related penalties.  

While the day-ahead supervision based on TSS consumption and PV production forecast 

optimizes a 24-hour battery schedule to achieve these objectives, it inherently suffers from 

limitations due to forecast errors, particularly underestimating short-duration peaks. In case of 

TSS demand, deviations between forecast and real consumption are often caused by train 

timetable shifts, and trains circulation delays. For PV production, meteorological uncertainties 

such as cloud cover, temperature, and irradiance fluctuations lead to differences between 

predicted and actual generation. As a result, real-time supervision becomes essential to 

dynamically respond to deviations in load profiles and PV consumption to maintain an 

economic objective in real time under the uncertainties.  

The real time supervisor acts in this context by generating a new storage system's power 

setpoints in real time denoted 𝑃𝑟𝑒𝑓_𝑠𝑡   to limit unforeseen consumption peaks and thus reduce 

CMDPS charges. Also, it must profit from the day ahead ESS schedule to minimize the use of 

public grid during high time of use of the electricity transmission network cost periods. The 

real time supervisor follows the day ahead schedule when no deviation between actual and 

predicted TSS power happen in real time and anticipate in case of necessity (e.g. peak 

consumption not predicted by the forecast and not seen by the day ahead supervision, or 

unplanned excess of PV production). 

Another objective is to maximize the use of the PV production, which will lead to the maximum 

economic gain translated in minimizing the power drawn from the electricity transmission 

network and therefore minimizing the 𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦_𝑐𝑜𝑠𝑡 term explained in Chapter 3. Similar 

to the day ahead, the real time supervisor aims to charge the ESS with the surplus of PV 

production instead of curtailing the excess power since the railway network TSS is 

unidirectional with transformer rectifier unit that doesn’t allow any power to be injected to the 

grid side. 

Unlike the economic objectives, which are already addressed in the day-ahead EMS and then 

adjusted in real time under uncertainty, maintaining the DC bus voltage within acceptable limits 

is not considered at the day-ahead stage. This technical objective is therefore handled 
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exclusively by the real-time supervisor. Yet maintaining the voltage within its operational 

bounds, typically inside an acceptable margin of voltage variation not without overpassing the 

critical low and high voltage levels is crucial for ensuring the safe and efficient operation of the 

traction substation. This responsibility falls exclusively to the real-time supervisor, which 

adjusts the ESS charge/discharge behaviour based on voltage deviations. 

The real time supervisor aims to treat the previous objectives while respecting several 

constraints for the ESS. In the day ahead supervision, the ESS constraints are related to: 

• The maximum charge/discharge power of the ESS 

• SOC level within minimum and maximum limits 

• Number of ESS cycles per day   

The real time supervision ensures that the same constraints are respected in real time. When the 

real time schedule deviates from the day-ahead schedule to deal with the uncertainties and in 

case of necessities as explained earlier, it must respect the ESS constraints throughout the day. 

Limiting the SOC of the battery between 𝑆𝑂𝐶𝑚𝑖𝑛 and 𝑆𝑂𝐶𝑚𝑎𝑥 (20% and 80%) is crucial to 

preserve the operational availability and longevity of the storage unit. The SOC limits values 

are imposed by the fabricant and provider of the ESS. In addition, the battery manufacturer 

recommends limiting the charge and discharge power to no more than half of the ESS capacity. 

For the considered DC TSS, with a storage capacity of 2.4 MWh, this corresponds to a 

maximum charging and discharging power of 𝑃𝑠𝑡𝑜−𝑚𝑎𝑥 to be 1.2 MW. These limits are also 

imposed by the size of DC-DC converter unit connecting the ESS to the DC bus, the power 

exchanged between ESS and DC bus must respect the rated power of the converter. 

The number of daily cycles represents another critical constraint, as frequent cycling accelerates 

battery aging and reduces lifetime. The cycling constraint is not recommended by battery 

provider, instead it is chosen to be 2 cycles per day similar to the case of the day ahead 

supervision in Chapter 3. A cycle is defined as the cumulative energy required to fully charge 

the ESS from 𝑆𝑂𝐶𝑚𝑖𝑛 to 𝑆𝑂𝐶𝑚𝑎𝑥, followed by a full discharge from 𝑆𝑂𝐶𝑚𝑎𝑥 back to 𝑆𝑂𝐶𝑚𝑖𝑛. 

In practice, a cycle can be calculated as: 

𝑁𝑐𝑦𝑐𝑙𝑒𝑠 =
𝐸𝑐ℎ + 𝐸𝑑𝑖𝑠𝑐ℎ

2 ⋅ (𝐸𝑆𝑂𝐶−𝑚𝑎𝑥 − 𝐸𝑆𝑂𝐶−𝑚𝑖𝑛)
 

 

(4.1) 

where: 

• 𝐸𝑐ℎ is the total energy charged during the considered period, 

• 𝐸𝑑𝑖𝑠𝑐ℎ is the total energy discharged, 

• 𝐸𝑆𝑂𝐶−𝑚𝑖𝑛 energy corresponding to the minimum SOC, 

• 𝐸𝑆𝑂𝐶−𝑚𝑎𝑥 energy corresponding to the maximum SOC, 

• The usable capacity of the battery is therefore 𝐸𝑆𝑂𝐶−𝑚𝑎𝑥 − 𝐸𝑆𝑂𝐶−𝑚𝑖𝑛. 

Additional constraints are therefore considered in real time supervision related to the DC 

voltage, the voltage at the DC bus must stay in a range between two defined values:   

• 𝑉0 : represents the maximum voltage level that the DC bus cannot exceed 

• 𝑉𝑐𝑟𝑖𝑡 : represents the critical voltage level that the DC bus voltage cannot go below it. 

Finally, the subscribed power 𝑃𝑠𝑢𝑏, defined from the tariffication arrangement between SNCF 

réseau and RTE.  𝑃𝑠𝑢𝑏 is the subscription power value that in case the SNCF réseau TSS power 
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drawn from RTE network exceeds this value penalties will be paid in the form of CMDPS 

components.  Table 4.1 shows the summary of the specification of the supervision system. 

Table 4.1 System specification of the supervision tool for both levels (day-ahead and real time) 

Objectives Constraints Means 

of action 

Day ahead supervision (long term) 

• TSS energy costs 

minimization 

Following the TURPE 6 HTB1 

tariffication for TOU and CMDPS 

Maximizing the use of PV for 

minimizing the electricity 

consumption costs 

• SOC limits  

(𝑆𝑂𝐶𝑚𝑖𝑛  ≤  𝑆𝑂𝐶 ≤  𝑆𝑂𝐶𝑚𝑎𝑥) 

• Nb of ESS cycles 

• End of day SOC of the ESS 

• Unidirectional TSS 

• Errors in the forecast 

 

 

𝑃𝑟𝑒𝑓_𝑙𝑡 

Real time supervision (short term) 

• To maintain the 

SOC within min and 

max limits 

 

• To keep the DC 

voltage within an 

authorized range 

 

• To maximize PV self-

consumption 

 

 

• To limit subscribed power 

overruns 

• ESS constraints:  

o SOC limits  

                   (𝑆𝑂𝐶𝑚𝑖𝑛   ≤   𝑆𝑂𝐶 ≤  𝑆𝑂𝐶𝑚𝑎𝑥) 

o ESS power < 𝑃𝑠𝑡𝑜_𝑚𝑎𝑥 

o Nb of cycles per day 

 

• Voltage at the DC bus  

o 𝑉𝑐𝑟𝑖𝑡  < 𝑉𝐷𝐶 < 𝑉0 

 

• Availability of PV production 

 

 

• Subscribed power 𝑃𝑠𝑢𝑏 

 

 

 

 

 

𝑃𝑟𝑒𝑓_𝑠𝑡 

 

4.2.2.2 Supervisor structure 

Once the objectives of the real-time supervision have been identified, it becomes necessary to 

structure the supervisor in order to translate these objectives into actionable control signals. The 

real time supervisor is developed using fuzzy logic, which dynamically adjusts the power 

setpoint of the energy storage system (ESS) based on a set of representative input variables. 

These variables are derived from real-time measurements available in the railway network and 

are normalized to ensure consistent processing within the fuzzy inference system.  

Each input is therefore directly associated with one or more supervision objectives or 

constraints: SOC for the respect of storage limits, Δ𝑉𝐷𝐶 (deviation of the DC bus voltage from 

the nominal voltage) for voltage stability and supports PV self-consumption purposes, Δ𝑃𝑜𝑣𝑟 

(overrun of the subscribed power) for the reduction of subscribed power overruns, 𝑃𝑟𝑒𝑓_𝑙𝑡 for 

maintaining consistency with the day-ahead schedule, and 𝛥𝑆𝑂𝐶 improves tracking of end-of-
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day SOC and cycle constraints. In this way, the structure of the supervisor directly reflects 

inputs and output used to serve achieving the objectives behind the real time supervision. 

The real-time supervisor is built around five input variables and one output variable: 

• State of charge (SOC): The SOC provides the supervisor with a direct measurement of 

the available storage level. This information is essential for the supervisor to generate 

control actions that keep the ESS within operational limits, thereby avoiding saturation 

and ensuring long-term reliability 

• Voltage deviation Δ𝑉𝐷𝐶: This input reflects the deviation of the DC bus voltage from its 

nominal value: 

Δ𝑉𝐷𝐶 = 𝑉𝐷𝐶 − 𝑉𝑛 (4.2) 

Where 𝑉𝐷𝐶 is the measured voltage at the DC bus, and 𝑉𝑛 is the nominal voltage value, 

identified as a middle value between the maximum and minimum voltage levels. 

The supervisor uses this signal to address two complementary objectives: 

o Maintain the DC bus voltage within acceptable limits: When 𝑉𝐷𝐶 approaches the 

no-load voltage 𝑉0 (while the TSS demand exist), local generation exceeds 

demand, creating overvoltage risk. And when 𝑉𝐷𝐶 approaches a critical 

minimum voltage level 𝑉𝑐𝑟𝑖𝑡, supply is insufficient and corrective action is 

required. 

o Maximize PV self-consumption: A DC bus voltage close to 𝑉0 also implies that 

the local power (𝑃𝑃𝑉 + 𝑃𝑠𝑡𝑜) already covers the TSS demand, with nearly surplus 

energy available, in which case the ESS is charged to absorb excess PV and 

avoid curtailment 

Since real-time measurements of TSS load are not available, the voltage deviation serves as an 

indirect indicator of the balance between local generation and consumption. If load data were 

accessible, the supervisor could instead rely directly on the comparison between 𝑃𝑙𝑜𝑎𝑑 and 

𝑃𝑙𝑜𝑐𝑎𝑙 [101] . Where 𝑃𝑙𝑜𝑐𝑎𝑙 is the sum of ESS power and PV power. 

Therefore, if real-time measurements of 𝑃𝑙𝑜𝑎𝑑 were available, it would be possible to directly 

compare them with the PV production and calculate the surplus of local power 𝛥𝑃𝑠𝑢𝑟𝑝𝑙𝑢𝑠. In 

that case, the supervisor could use an additional input defined as: 

𝛥𝑃𝑠𝑢𝑟𝑝𝑙𝑢𝑠 = 𝑃𝑃𝑉 − 𝑃𝑙𝑜𝑎𝑑   

 

(4.3) 

A positive value of 𝛥𝑃𝑠𝑢𝑟𝑝𝑙𝑢𝑠 would indicate that PV generation exceeds the TSS demand, thus 

signalling an opportunity to store surplus energy and maximize self-consumption. 

In our case, however, since real-time measurements of 𝑃𝑙𝑜𝑎𝑑 are not available, it is not possible 

to establish this direct comparison. For this reason, the real-time supervision does not use the 

PV power measurement as an explicit input. Instead, the supervisor relies on the DC bus voltage 

deviation ∆𝑉𝐷𝐶, which indirectly reflects the balance between local generation and consumption 

and can therefore be used to guide the objective of maximizing PV self-consumption. 

Fig. 4.2 Example of maximum and minimum voltage threshold with respect to the no-load 

voltage displays the important voltage levels that will impact on the real time supervisor’s 

decision. First, the input variable is noted Δ𝑉𝐷𝐶 and it will state whether the voltage is between 

𝑉0 and 𝑉𝑚𝑎𝑥, 𝑉𝑚𝑖𝑛 and 𝑉𝑐𝑟𝑖𝑡, and when it is around the nominal voltage 𝑉𝑛 (between 𝑉𝑚𝑖𝑛 and 

𝑉𝑚𝑎𝑥). In the latest, the voltage is considered within acceptable limits, unlike when it goes above 



109 

 

𝑉𝑚𝑎𝑥 defined as a high threshold, the real time supervisor must change its behavior to deal with 

a potential high voltage. When the voltage is considered low when it goes below 𝑉𝑚𝑖𝑛.   

Δ𝑉𝐷𝐶 therefore, is considered a variable that varies from the 𝑉0 − 𝑉𝑛 to 𝑉𝑐𝑟𝑖𝑡 − 𝑉𝑛 and it can be 

easily normalized with respect to its range of variation. The voltage cannot go over the no load 

voltage 𝑉0 and not below the critical voltage 𝑉𝑐𝑟𝑖𝑡. In this case Δ𝑉𝐷𝐶 can vary from 0 (when 

𝑉𝐷𝐶 = 𝑉𝑛) to 100V (when 𝑉𝐷𝐶 = 𝑉0), and from 0 to -100V when (when 𝑉𝐷𝐶 = 𝑉𝑐𝑟𝑖𝑡). For any 

value of Δ𝑉𝐷𝐶 between -90 V and 90 V, the voltage is considered within normal operation range. 

Above 90 V, it is considered close to the no voltage (risk of excess of local production), and 

below -90 V, it is considered at minimum critical level. 

 

Fig. 4.2 Example of maximum and minimum voltage threshold with respect to the no-load voltage 

• Subscribed power overrun (Δ𝑃𝑜𝑣𝑟): This input is critical for limiting excessive grid 

power usage that could trigger economic penalties. It is defined by: 

Δ𝑃𝑜𝑣𝑟 = 𝑃𝑔𝑟𝑖𝑑 − 𝑃𝑠𝑢𝑏 (4.4) 

where 𝑃𝑔𝑟𝑖𝑑 is the total power drawn from the grid and 𝑃𝑠𝑢𝑏 is the subscribed maximum 

power. When this value becomes positive, it signals a threshold breach, prompting the 

real-time supervisor to reduce grid dependency. 

• Day-ahead ESS reference setpoints (𝑃𝑟𝑒𝑓_𝑙𝑡): This input carries the pre-scheduled 

storage profile derived from day-ahead optimization, often based on predicted 

consumption and tariff signals. It ensures that the system remains aligned with economic 

objectives such as minimizing energy costs through time-of-use strategies. 

• SOC deviation (𝛥𝑆𝑂𝐶): Introduced to enhance the supervisor’s ability to track the day-

ahead plan by comparing the real-time SOC (𝑆𝑂𝐶𝑠𝑡) with the estimated SOC derived 

from the day-ahead planning (𝑆𝑂𝐶𝑙𝑡). This input helps align real-time actions with long-

term objectives, ensuring that end-of-day SOC and cycle counts remain close to the 

planned values. Formally, it is defined as:  

𝛥𝑆𝑂𝐶 = 𝑆𝑂𝐶𝑠𝑡 − 𝑆𝑂𝐶𝑙𝑡 (4.5) 

However, 𝛥𝑆𝑂𝐶 is only considered in the real-time supervisor’s decision-making under normal 

operating conditions; it is disregarded when critical events occur, such as high DC voltage, 

subscribed power overruns, or SOC levels approaching their minimum or maximum limits. 
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The FL supervisor output variable is 𝑃𝑟𝑒𝑓_𝑠𝑡, serves as the real-time reference power setpoint 

for the ESS. It integrates both long-term economic planning and short-term technical 

adjustments, ensuring robust operation under varying grid conditions, and responding to real 

time measurement, while optimizing for both performance and cost. 𝑃𝑠𝑡𝑜 is the output of the 

energy storage considering the dynamics of the ESS in the Simulink simulation model. It will 

represent the actual power exchanged with the DC bus.  

Fig. 4.3 Structure of the real time FL supervisor shows the real time supervisor structure. Each 

input is normalized with its proper normalization gain (K). The normalization gains are critical 

for the fuzzy logic supervisor’s performance as they ensure that all input variables operate 

within comparable numerical ranges, typically [0,1] or [-1,1], preventing any single variable 

from dominating the decision-making process due to scale differences. This normalization 

enables proper weighting of each objective and ensures consistent fuzzy rule evaluation across 

all operating conditions. The output gain K6 then scales the fuzzy logic supervisor’s decision 

back to the appropriate power reference range for the ESS, generating 𝑃𝑟𝑒𝑓_𝑠𝑡 as the real-time 

setpoint that balances all operational constraints and objectives simultaneously. 

 

Fig. 4.3 Structure of the real time FL supervisor 

4.2.2.3 Graphical representation of the functional modes of the FL supervisor 

The functional graphs provide a graphical representation of the intended behaviour of the real-

time supervisor. They illustrate how the supervision strategy is designed to operate under 

different conditions and define the rules that govern transitions between operating modes.  

Fig. 4.4 gives an overall view of the supervision logic: the supervisor changes its mode 

according to the SOC value. Mode M1 is activated when the SOC value is considered Medium. 

In this case, the storage system operates within an intermediate SOC band, typically centred 

around 50%, with the exact range determined by the membership functions. Within this band, 

the supervisor can either charge or discharge the ESS depending on the real-time conditions. 

The objectives in this mode are to follow the day-ahead reference setpoints under normal 

operation, while performing peak shaving when required and maintaining the DC bus voltage 

within acceptable limits.  

Switching for modes M2 and M3, the same objectives are considered, however these modes 

additionally treat an important objective which is preventing the saturation of the ESS at high 

or low levels. 
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Fig. 4.4 Global representation of the functional modes 

Fig. 4.5 shows the expanded graphical representation of mode M1 where the SOC is MEDIUM. 

The decision-making logic adapts based on three main real-time conditions: the DC bus voltage 

𝑉𝐷𝐶, the grid power 𝑃𝑔𝑟𝑖𝑑, and the day-ahead reference setpoint 𝑃𝑟𝑒𝑓_𝑙𝑡, where a negative 

𝑃𝑟𝑒𝑓_𝑙𝑡 implies a charging request, and a positive value corresponds to a discharging request. 

Through its inference mechanism, the real time supervisor decides whether soliciting the ESS 

in charging or discharging, and whether not soliciting the ESS. In addition to level of power 

used for charging or discharging. In the Fig. 4.5, 5 actions are identified: 

- ESS not solicited: means that the supervisor decides to not use the ESS and no power is 

therefore exchanged with the DC bus. 

- Medium charge: means that the supervisor will put the charge of the ESS in favour, but 

not with maximum power. 

- High charge: means that the supervisor will ask to charge the ESS with maximum power. 

- Medium discharge: means that the supervisor will put the discharge in favour with 

moderate power, without using maximum discharge power. 

- High discharge: means that the supervisor will ask the ESS to discharge with maximum 

power. 

 

Fig. 4.5 Functional graph for Mode M1 

In mode M1.1 the DC bus voltage is within its limits (between 𝑉𝑚𝑖𝑛 and 𝑉𝑚𝑎𝑥). If the power 

drawn from the grid is less than 𝑃𝑠𝑢𝑏 (M1.11), the system follows the day ahead schedule 

without using the maximum power in charging and discharging since no event requires the use 

of high power. The real time supervisor is following the day ahead reference setpoints to ensure 
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the economical objective that reduces the cost of the use of the electricity transport network. 

Allowing moderate charging and discharging depending on the day-ahead setpoint 𝑃𝑟𝑒𝑓_𝑙𝑡. 

• 𝑃𝑟𝑒𝑓_𝑙𝑡 = 0, the real time supervisor will neither charge nor discharge. 

• 𝑃𝑟𝑒𝑓_𝑙𝑡 > 0, the real time supervisor will discharge with moderate power.  

• 𝑃𝑟𝑒𝑓_𝑙𝑡 < 0, the real time supervisor will charge with moderate power.  

Mode M1.11 is expanded to cover the variation of 𝛥𝑆𝑂𝐶 as shown in Fig. 4.6. Addressing the 

objective of following the day ahead schedule as much as possible to ensure acceptable ESS 

cycling and end of day SOC. 𝛥𝑆𝑂𝐶 related rules exist only in mode M1.11 since this mode is 

where everything is considered normal at the substation. No SOC extreme values, normal 

voltage level, and no overrun of the subscribed power. This mode therefore enhances the follow 

of the day ahead. By acting as follow: 

• When the day ahead reference setpoint is equal to zero (M.1.11.2), indicating that the 

ESS should not be solicited, the supervisor looks for the value of 𝛥𝑆𝑂𝐶. 

o If 𝛥𝑆𝑂𝐶 is equal to zero, 𝑆𝑂𝐶𝑠𝑡 is equal to 𝑆𝑂𝐶𝑙𝑡 so the real time supervisor will 

decide to not solicit the ESS. 

o If 𝛥𝑆𝑂𝐶 > 0, 𝑆𝑂𝐶𝑠𝑡 is bigger than 𝑆𝑂𝐶𝑙𝑡, the real time supervisor decides in this 

case to discharge the ESS with medium power (Medium discharge). 

o If 𝛥𝑆𝑂𝐶 < 0, 𝑆𝑂𝐶𝑠𝑡 is less than 𝑆𝑂𝐶𝑙𝑡, so the supervisor decision is to charge 

the ESS with medium power 

• When the day ahead reference setpoint is negative (charging), the real time supervisor 

in Mode M1.11.1 reacts as follow: 

o If 𝛥𝑆𝑂𝐶 ≥ 0, the supervision in real time will promote the charging of the ESS 

with medium power, following the day ahead reference setpoint 

o If 𝛥𝑆𝑂𝐶 < 0, the 𝑆𝑂𝐶𝑠𝑡 is smaller than 𝑆𝑂𝐶𝑙𝑡, the supervisor decision here is to 

charge the ESS with high power instead of medium power. 

• When the day ahead reference setpoint is positive (discharging), the real time supervisor 

in Mode M1.11.3 reacts as follow: 

o If 𝛥𝑆𝑂𝐶 > 0, the supervision in real time will discharge with high power instead 

of medium until 𝑆𝑂𝐶𝑠𝑡 becomes near or equal 𝑆𝑂𝐶𝑙𝑡. 
o If 𝛥𝑆𝑂𝐶 ≤ 0, the 𝑆𝑂𝐶𝑠𝑡 is smaller than 𝑆𝑂𝐶𝑙𝑡, the supervisor decision here is to 

discharge the ESS with medium power. 

 

Fig. 4.6 Extended graphical representation of mode M1.11 

In mode M1.12, the power drawn from the grid is equal or higher than the subscribed power 

𝑃𝑠𝑢𝑏, the priority for the supervisor is to discharge the ESS. For this reason, only two actions 

can be seen no matter what the value of the day ahead setpoint: either discharging with medium 

power or discharging with high power.  
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• 𝑃𝑟𝑒𝑓_𝑙𝑡 < 0, the real time supervisor will discharge the ESS with medium power (Medium 

Discharge) 

• 𝑃𝑟𝑒𝑓_𝑙𝑡 ≥ 0, the real time supervisor will discharge the ESS with high power (High 

Discharge).  

The medium discharge is proposed when the M1.12 occurs and 𝑃𝑟𝑒𝑓_𝑙𝑡 is negative, responding 

to two objectives at the same time: to limit the overrun of the subscribed power, so ESS must 

discharge with high power. To prevent the ESS to be far from the day ahead plan, discharging 

with medium power only when the day ahead is indicating negative values. 

Mode M1.2 is activated when the DC bus voltage is higher than the upper voltage threshold 

𝑉𝑚𝑎𝑥. In this situation, the supervisor will prioritize battery charging to absorb excess PV 

generation and prevent overvoltage conditions. If the power drawn from the grid is less than 

the subscribed power, the sub-mode M1.21 is active, and the supervisor decides between 

medium and high charging depending on the 𝑃𝑟𝑒𝑓_𝑙𝑡 value. 

• 𝑃𝑟𝑒𝑓_𝑙𝑡 < 0, the real time supervisor will charge the ESS with high power. 

• 𝑃𝑟𝑒𝑓_𝑙𝑡 ≥ 0, the real time supervisor will not follow the day-ahead one in discharging 

and it will not solicit the ESS if the day ahead decision was zero. 

However, in sub-mode M1.22 the power drawn from the grid is higher or near the subscribed 

power. The storage must discharge to limit the peak grid consumption preventing any increase 

in the power drawn from the grid. At the same time, the supervisor decision cannot violate the 

voltage threshold 𝑉𝑚𝑎𝑥. For this reason, unlike in mode M1.12, when the voltage was between 

𝑉𝑚𝑖𝑛 and 𝑉𝑚𝑎𝑥, and the supervisor forces the discharge regardless of what 𝑃𝑟𝑒𝑓_𝑙𝑡 indicates. 

M1.22 has two possible actions: 

• ESS not solicited if 𝑃𝑟𝑒𝑓_𝑙𝑡 < 0 (charging). 

• Medium discharge if 𝑃𝑟𝑒𝑓_𝑙𝑡 is ≥ 0 to limit the peak grid consumption.  

Mode M1.3 is activated when the DC bus voltage 𝑉𝐷𝐶 is lower than the low voltage threshold 

𝑉𝑚𝑖𝑛. The real time supervisor will prioritize the discharge of the ESS, by injecting the DC with 

ESS power to maintain the voltage level within acceptable range between 𝑉𝑚𝑖𝑛 and 𝑉𝑚𝑎𝑥. The 

charging of the ESS is not possible in this case. The supervisor decision is between three 

possible actions: ESS not solicited, ESS discharge with medium power, ESS discharge with 

high power. 

When the power drawn from the grid is less than the subscribed power 𝑃𝑔𝑟𝑖𝑑 < 𝑃𝑠𝑢𝑏, Mode 

M1.31 controls the supervisor’s output: 

• ESS is not solicited if 𝑃𝑟𝑒𝑓_𝑙𝑡 < 0. The supervisor will not follow the day ahead reference 

setpoint in this case. 

• ESS discharge with medium power (Medium Discharge) when 𝑃𝑟𝑒𝑓_𝑙𝑡 ≥ 0. The real time 

supervisor follows the day ahead setpoint if is positive. If 𝑃𝑟𝑒𝑓_𝑙𝑡 is zero, the real time 

supervisor proposes a medium discharge deviating from the day ahead reference 

setpoints to respond to the voltage objective. 

Mode M1.32 is active when 𝑃𝑔𝑟𝑖𝑑 ≥ 𝑃𝑠𝑢𝑏, the only decision for the supervisor to make is to 

discharge the ESS in order to reduce the power drawn from the grid and limit the overrun of the 

subscribed power. Therefore, its decision is between medium discharge and high discharge 

depending on 𝑃𝑟𝑒𝑓_𝑙𝑡. 
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Fig. 4.7 shows the fuzzy logic supervision strategy under Mode M2, which is activated when 

the SOC of the energy storage system is SMALL. In this context, the supervisor prioritizes 

charging actions and restricts discharging operations to protect the battery and ensure energy 

availability for future demand peaks.  

In Mode M2.1, which is active when 𝑉𝑚𝑖𝑛 < 𝑉𝐷𝐶 < 𝑉𝑚𝑎𝑥, the supervisor seeks to follow the 

day-ahead plan while respecting the low SOC constraint. Two sub-modes are distinguished 

depending on the grid power relative to the subscribed power.  

Sub-mode M2.11 is active when 𝑃𝑔𝑟𝑖𝑑 ≤ 𝑃𝑠𝑢𝑏:  

• If 𝑃𝑟𝑒𝑓_𝑙𝑡 > 0, the supervisor does not solicit the ESS. This decision differs from the 

day-ahead plan, which would suggest discharging the ESS. 

• If 𝑃𝑟𝑒𝑓_𝑙𝑡 = 0, the supervisor favours charging the ESS with medium power, deviating 

from the day-ahead setpoint. 

• When 𝑃𝑟𝑒𝑓_𝑙𝑡 < 0, the supervisor aligns with the day-ahead plan and proposes charging 

the ESS at high power. 

Sub-mode M2.12 when 𝑃𝑔𝑟𝑖𝑑 > 𝑃𝑠𝑢𝑏 leads to a conflict of objectives: the supervisor must both 

limit the subscribed power overrun by discharging the ESS and ensure that the SOC remains 

above its minimum permitted level. 

• If 𝑃𝑟𝑒𝑓_𝑙𝑡 > 0, the supervisor proposes discharging the ESS with medium power. This 

mitigates the power overrun while avoiding excessive discharge that could reduce the 

SOC below the allowed minimum. 

• If 𝑃𝑟𝑒𝑓_𝑙𝑡 ≤ 0, the supervisor prohibits ESS charging. Unlike in M2.11, charging is 

prevented here because it would further increase the grid power overrun by adding to 

the demand. 

 

Fig. 4.7 Functional graph for Mode M2 

Mode M2.2 is triggered when 𝑉𝑚𝑎𝑥 ≤ 𝑉𝐷𝐶 ≤ 𝑉0, favouring charging operations. In M2.21, if 

𝑃𝑔𝑟𝑖𝑑 ≤ 𝑃𝑠𝑢𝑏, the system performs high or medium charging depending on the value of 𝑃𝑟𝑒𝑓_𝑙𝑡. 
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• 𝑃𝑟𝑒𝑓_𝑙𝑡 < 0, the real time supervisor will charge the ESS with high power. 

• 𝑃𝑟𝑒𝑓_𝑙𝑡 ≥ 0, the real time supervisor will not follow the day-ahead, it will force the charge 

of the ESS instead with medium power. 

When the power drawn from the grid overruns the subscribed power 𝑃𝑔𝑟𝑖𝑑 > 𝑃𝑠𝑢𝑏, M2.22 limits 

charging to medium or suspends it entirely. 

• 𝑃𝑟𝑒𝑓_𝑙𝑡 < 0, the real time supervisor will charge the ESS with medium power responding 

to the low SOC and high voltage levels. 

• 𝑃𝑟𝑒𝑓_𝑙𝑡 ≥ 0, the real time supervisor will not solicite the ESS. 

On the other hand, Mode M2.3 applies when the 𝑉𝑐𝑟𝑖𝑡 ≤ 𝑉𝐷𝐶 ≤ 𝑉𝑚𝑖𝑛, typically a condition 

where charging could worsen the situation of 𝑉𝐷𝐶. In M2.31, if the grid is not overloaded, the 

system may perform medium charging or remain idle depending on 𝑃𝑟𝑒𝑓_𝑙𝑡.  

• 𝑃𝑟𝑒𝑓_𝑙𝑡 < 0, the real time supervisor will charge the ESS with medium power. Favouring 

the charge of the battery with intermediate power respecting the low voltage level. 

• 𝑃𝑟𝑒𝑓_𝑙𝑡 ≥ 0, the real time supervisor will not discharge in response to the limited stored 

energy at small SOC and absence of overrun of the subscribed power grid condition. 

However, in M2.32, which deals with grid subscribed power overrun 𝑃𝑔𝑟𝑖𝑑 ≥ 𝑃𝑠𝑢𝑏, no charging 

is permitted regardless of the day-ahead setpoint, thus enforcing a decision between not 

soliciting the ESS or medium discharge to reduce the power drawn from the grid. 

• 𝑃𝑟𝑒𝑓_𝑙𝑡 < 0, the real time supervisor will not charge the ESS in order to prevent any 

further power withdrawal from the grid. 

• 𝑃𝑟𝑒𝑓_𝑙𝑡 ≥ 0, the real time supervisor will discharge the ESS with medium power, limiting 

grid power overrun. 

This structured supervisory logic ensures that the storage system behaves conservatively under 

small SOC conditions, favouring recovery of energy in the ESS and preventing its saturation at 

low levels, while still adapting to grid and voltage constraints in real-time. While taking into 

consideration to a certain level the day ahead planning. 

Mode M3, activated when the SOC of the storage system is high, is shown in Fig. 4.8. In this 

mode, the supervisor prioritizes discharging to avoid battery saturation and to keep capacity 

available for future surplus energy. 
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Fig. 4.8 Functional graph of mode M3 

• M3.1 (Normal voltage, 𝑉𝑚𝑖𝑛 < 𝑉𝐷𝐶 < 𝑉𝑚𝑎𝑥) :  

o If 𝑃𝑔𝑟𝑖𝑑 < 𝑃𝑠𝑢𝑏,: the ESS discharges at medium power when 𝑃𝑟𝑒𝑓−𝑙𝑡 > 0,, 

otherwise it remains idle. 

o If 𝑃𝑔𝑟𝑖𝑑 ≥ 𝑃𝑠𝑢𝑏: the ESS discharges at high power when 𝑃𝑟𝑒𝑓−𝑙𝑡 ≥ 0, and at 

medium power when 𝑃𝑟𝑒𝑓−𝑙𝑡 < 0. 

• M3.2 (High voltage, 𝑉𝑚𝑎𝑥 ≤ 𝑉𝐷𝐶 ≤ 𝑉0):  

o If 𝑃𝑔𝑟𝑖𝑑 ≤ 𝑃𝑠𝑢𝑏: the ESS is not solicited. 

o If 𝑃𝑔𝑟𝑖𝑑 > 𝑃𝑠𝑢𝑏: the ESS provides medium discharge when 𝑃𝑟𝑒𝑓−𝑙𝑡 ≥ 0; 

otherwise, it remains idle. 

• M3.3 (Low voltage, 𝑉𝑐𝑟𝑖𝑡 ≤ 𝑉𝐷𝐶 ≤ 𝑉𝑚𝑖𝑛):  

o If 𝑃𝑔𝑟𝑖𝑑 < 𝑃𝑠𝑢𝑏: the ESS provides medium discharge regardless of 𝑃𝑟𝑒𝑓−𝑙𝑡. 

o If 𝑃𝑔𝑟𝑖𝑑 ≥ 𝑃𝑠𝑢𝑏: the ESS discharges at medium power when 𝑃𝑟𝑒𝑓−𝑙𝑡 < 0, and at 

high power when 𝑃𝑟𝑒𝑓−𝑙𝑡 ≥ 0. 

4.2.2.4 Membership Functions 

In the proposed fuzzy logic supervisor, membership functions provide the interface between 

crisp (precise numerical value) input measurements and the fuzzy inference system. Each input 

variable of the supervisor, 𝑆𝑂𝐶, Δ𝑉𝐷𝐶, Δ𝑃𝑜𝑣𝑟, 𝛥𝑆𝑂𝐶, and 𝑃𝑟𝑒𝑓_𝑙𝑡,  is normalized and associated 

with fuzzy sets defined by membership functions. These fuzzy sets translate quantitative input 

values into qualitative, linguistic categories (SMALL, MEDIUM, BIG; NEGATIVE, ZERO, 

POSITIVE…), thereby enabling the supervisor to interpret system states in terms that align 

with expert knowledge and operational priorities. 

Fig. 4.9 illustrates the membership functions for both input and output variables of the 

supervisor. On the y-axis, each label denotes the degree of membership (μ) corresponding to a 

specific variable. 

The linguistic categories are carefully designed to reflect the operational ranges and critical 

thresholds of the system. For example, the SOC is divided into three fuzzy sets: S, M, and B 
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(SMALL, MEDIUM, BIG) respectively. Each function is linked with one of the three modes 

explained earlier in the functional graphs M1, M2, and M3. 

• The fuzzy sets ‹‹ S ›› and ‹‹ B ›› are set to ensure the SOC level between minimum and 

maximum limits. Where the supervisor aims to prevent the saturation of the ESS at high 

and low levels. 

• The fuzzy set ‹‹ M ›› is used to limit the subscribed power overrun, follow the day-ahead 

planning when needed, store the excess of PV production in the ESS. 

𝑃𝑟𝑒𝑓_𝑙𝑡 is categorized into three fuzzy sets defined by three membership functions as shown in 

Fig. 4.9 in 𝜇𝑃𝑟𝑒𝑓_𝑙𝑡 graph. 𝑃𝑟𝑒𝑓_𝑙𝑡 belongs to the negative set ‹‹ N ›› when the ESS is in charging 

phase based on the day ahead planning (𝑃𝑟𝑒𝑓_𝑙𝑡 < 0). It belongs to the positive set ‹‹ P ›› when 

the day ahead setpoint 𝑃𝑟𝑒𝑓_𝑙𝑡 > 0, indicating a discharge of the ESS. Finally, it belongs to zero 

set ‹‹ Z ›› when the day ahead decision is to not solicit the ESS and has zero power exchanged 

with the railway TSS (𝑃𝑟𝑒𝑓_𝑙𝑡 = 0).  

The input variable Δ𝑉𝐷𝐶 is mapped into three fuzzy sets. Negative ‹‹ N ››, Zero ‹‹ Z ››, and 

Positive ‹‹ P ›› which correspond to undervoltage, normal operation, and risk of overvoltage 

conditions, respectively. Δ𝑉𝐷𝐶 is considered positive when there is a big positive deviation and 

negative when there is a big negative deviation, otherwise it belongs to the zero set that 

represent the acceptable voltage operation bounds.  

The partitioning of Δ𝑉𝐷𝐶 into these three fuzzy sets enables the supervisor to detect critical 

operating points overvoltage near 𝑉0 or undervoltage near 𝑉𝑐𝑟𝑖𝑡 while maintaining normal 

operation within the Zero set.  

Similarly, for Δ𝑃𝑜𝑣𝑟 and Δ𝑆𝑂𝐶, the membership functions are divided into three sets Negative 

‹‹ N ››, Zero ‹‹ Z ››, and Positive ‹‹ P ›› with membership functions 𝜇Δ𝑃𝑜𝑣𝑟 and 𝜇Δ𝑆𝑂𝐶:  

• The negative set indicates that the power drawn from the grid is less than the subscribed 

power for Δ𝑃𝑜𝑣𝑟 (𝑃𝑔𝑟𝑖𝑑 < 𝑃𝑠𝑢𝑏). And for the Δ𝑆𝑂𝐶, it means indicates that the actual 

SOC in real time is below the planned trajectory (𝑆𝑂𝐶𝑠𝑡 < 𝑆𝑂𝐶𝑙𝑡).  
• Zero set indicates that the power drawn from the grid is around the subscribed power, 

for Δ𝑃𝑜𝑣𝑟 (𝑃𝑔𝑟𝑖𝑑 ≈  𝑃𝑠𝑢𝑏). And for Δ𝑆𝑂𝐶, Zero indicates good alignment between the 

actual and planned SOC, confirming that the battery trajectory is being followed as 

expected. 

• The positive set indicates that the power drawn exceeds the subscribed power for 

Δ𝑃𝑜𝑣𝑟 (𝑃𝑔𝑟𝑖𝑑 > 𝑃𝑠𝑢𝑏). And that the actual SOC is higher than the planned trajectory 

(𝑆𝑂𝐶𝑠𝑡 > 𝑆𝑂𝐶𝑙𝑡), suggesting an advance in the charging profile that may require 

corrective discharge or reduced charging. 

The output variable 𝑃𝑟𝑒𝑓_𝑠𝑡, is also represented by membership functions, which translate the 

supervisor’s functional actions into linguistic variables. The five output categories of the 

functional graphs: High Discharge, Medium Discharge, ESS not Solicited, Medium Charge, 

and High Charge are mapped to the corresponding membership functions. Negative-Big (NB) 

for high charge, Negative-Medium (NM) for medium charge, Zero (Z) for ESS not solicited, 

Positive-Medium (PM) for medium discharge, and Positive-Big (PB) for high discharge. 
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Fig. 4.9 Membership functions of the fuzzy logic supervisor 

By mapping inputs into these fuzzy sets through trapezoidal or triangular membership 

functions, the system achieves smooth transitions between different operating regions, and real-

time interpretability of complex system dynamics. During fuzzification, each normalized 

physical value of an input is assigned a degree of membership in one or more fuzzy sets, which 

directly determines the activation strength of the fuzzy rules in the inference engine. In this 

way, the membership functions form the foundation for consistent, adaptive for multiple 

objectives, and computationally efficient supervision of the RACCOR-D railway smart grid. 

4.2.2.5 Operational graphs 

The operational graphs represent the transition from the functional description of the system to 

its concrete fuzzy logic implementation. By applying the membership functions defined earlier, 

the functional graphs are translated into operational graphs, which formally describe how the 

supervisor acts under different conditions. Each operational mode M1, M2, and M3 (with their 

sub-modes) corresponds to a specific regime of storage management, where the fuzzy sets of 

the input variables determine the system’s state and trigger the corresponding control actions. 

In this way, the operational graphs embody the rule base of the fuzzy supervisor, ensuring that 

qualitative objectives such as SOC management, voltage regulation, and power overrun 

limitation are transformed into precise and adaptive decision rules. Fig. 4.10 – Fig. 4.13 

illustrate these operational graphs for the three modes, showing the structured mapping from 

fuzzy sets to operational actions. 
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Fig. 4.10 Operational graph for Mode M1 

 

Fig. 4.11 Extended graphical representation of operation mode M1.11 

 

Fig. 4.12 Operational graph for Mode M2 
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Fig. 4.13 Operational graph for Mode M3 

4.2.2.6 Fuzzy Rules 

Based on the operational graphs defined for Modes M1, M2, and M3, the corresponding fuzzy 

rules have been systematically extracted to constitute the core of the inference engine. These 

rules are expressed in the standard if–then form, mapping combinations of fuzzy input variables: 

SOC (S, M, B), Δ𝑉𝐷𝐶 (N, Z, P), Δ𝑃𝑜𝑣𝑟 (N, Z, P), 𝛥𝑆𝑂𝐶 (N, Z, P)  𝑃𝑟𝑒𝑓_𝑙𝑡 (N, Z, P) to the 

supervised output 𝑃𝑟𝑒𝑓_𝑠𝑡. In doing so, the rule base formalizes the supervisor’s decision logic, 

ensuring that real-time control actions remain consistent with both technical constraints 

(voltage stability, SOC limits, subscribed power) and economic objectives (PV self-

consumption, penalty reduction). The resulting output fuzzy sets (NB, NM, Z, PM, PB) capture 

the supervisor’s operational responses, ranging from strong charging (NB) to strong discharging 

(PB), with intermediate or idle states in between. Mode M3 generally promotes discharging at 

high SOC to prevent saturation, Mode M2 emphasizes charging when SOC is low to preserve 

storage availability, while Mode M1 balances both actions according to system needs. Table 4.2 

summarizes the complete rule base, providing a transparent and interpretable foundation for the 

fuzzy logic supervisor to adapt dynamically under variable grid and load conditions. 

  



121 

 

Table 4.2 Table of FL rules 

   Conditions of Fuzzy Inputs Output 

  

Mode SOC Δ𝑉𝐷𝐶  Δ𝑃𝑜𝑣𝑟  𝑃𝑟𝑒𝑓_𝑙𝑡  𝛥𝑆𝑂𝐶 𝑃𝑟𝑒𝑓_𝑠𝑡  

M1 

M1.1 

M1.11.1 
M Z N Z Z Z 
M Z N Z N NM 
M Z N Z P PM 

M1.11.2 
M Z N N N NB 
M Z N N not N NM 

M1.11.3 
M Z N P P PB 
M Z N P not P PM 

M1.12 
M Z not N N - PM 
M Z not N not N - PG 

M1.2 
M1.21 

M P N not P - NM 
M P N P - Z 

M1.21 
M P N N - Z 
M P not N not N - PM 

M1.3 
M1.31 

M N N N - Z 
M N N not N - PM 

M1.32 
M N not N N - PM 
M N not N not N - PG 

M2 

M2.1 
M2.11 

S Z not P Z - NM 
S Z not P N - NB 
S Z not P P - Z 

M2.12 
S Z P not P - Z 
S Z P P - PM 

M2.2 
M2.21 

S P not P N - NB 
S P not P not N - NM 

M2.22 
S P P N - NM 
S P P not N - Z 

M2.3 
M2.31 

S N not P N - NM 
S N not P not N - Z 

M2.32 S N P - - Z 

M3 

M3.1 
M3.11 

B Z N not P - Z 
B Z N P - PM 

M3.12 
B Z not N N - PM 
B Z not N not N - PG 

M3.2 
M3.21 B P not P - - Z 

M3.22 
B P P not P - Z 
B P P P - PM 

M3.3 
M3.31 B N N - - PM 

M3.32 
B N not N N - PM 
 B N not N not N - PG 

 



122 

 

4.2.2.7 Performance indicators  

To evaluate the effectiveness of the proposed real-time supervision strategy, a set of quantitative 

performance indicators is introduced. These indicators aim to measure the system’s economic 

and operational performance under the different supervision cases. The assessment includes: 

• Excess local production 

• ESS constraints (end of day SOC, number of cycles per day) 

• CMDPS (Composante Mensuelle de Dépassement de Puissance Souscrite) 

• Time of use of transport network cost 

• Total energy cost 

Excess local production occurs when the combined power from PV and ESS exceeds the TSS 

demand but cannot be exported to the grid due to the unidirectional configuration of the system. 

In such cases, surplus renewable energy is curtailed unless it can be absorbed by the ESS. At 

each time step 𝑖, the local production is given by: 

𝑃local(𝑖) = 𝑃pv(𝑖) + Psto(𝑖) (4.6) 

The excess is computed only when this local production exceeds the TSS load demand 𝑃load : 

𝑃excess(𝑖) = max(𝑃local(𝑖) − 𝑃load(𝑖),  0) (4.7) 

and the total excess energy 𝐸excess is calculated over the whole simulation period (one day with 

10-min steps): 

𝐸excess =∑
𝑃excess(𝑖)

6

144

𝑖=1

 [kWh] 
 

(4.8) 

This indicator measures how effectively the system can utilize locally produced renewable 

energy and highlights situations where a PV curtailment occurs due to insufficient demand or 

storage capacity. 

The energy used by the ESS is calculated via Equation (4.9), it is essential to evaluate at the 

end of the day the number of cycles of the ESS. When the ESS is subjected to real time 

supervision, the energy used by the ESS throughout the day must be kept within logical values, 

avoiding extensive charge and discharge. 

𝐸𝑏𝑎𝑡𝑡𝑒𝑟𝑦 = ∑
|𝑃sto(𝑡)|

6

144

𝑡=1

 

 

(4.9) 

Where 𝑃sto(𝑡) is the average power of the ESS over 10minutes, represent as an absolute value 

to consider the charged and the discharged power. The division by 6 transforms the average 

from 10 minutes to 1 hour to obtain 𝐸𝑏𝑎𝑡𝑡𝑒𝑟𝑦 in kWh. 

The end of day SOC is calculated in Equation (3.10) to measure if the SOC level at the end of 

the day ensures certain availability of energy in the ESS. 

𝑆𝑂𝐶(𝑒𝑛𝑑)  =  𝑆𝑂𝐶0  −  
1

𝐸𝑠𝑡𝑜
∑

𝑃𝑠𝑡𝑜(𝑡)

6

144

𝑡=1

 

 

(4.10) 

Where 𝐸𝑠𝑡𝑜 is the ESS capacity expressed in kWh, 𝑆𝑂𝐶0 is the initial SOC at the beginning of 

the day, and 𝑃𝑠𝑡𝑜 is the power of the ESS, divided by 6 to transform the 10 minutes average. 
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Next, the total energy cost is evaluated using a function that aggregates three components: 

• The electricity cost (𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦_𝑐𝑜𝑠𝑡) 

𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦_𝑐𝑜𝑠𝑡 =  0.2∑
𝑃grid(𝑖)

6

144

𝑖=1

 

 

(4.11) 

Where 0.2 is the cost coefficient fixed throughout the day & 𝑃grid is the power drawn from the 

grid expressed in €/kWh. 

• Time-of-use of public grid cost 𝑇𝑂𝑈_𝑐𝑜𝑠𝑡 derived from 𝑇𝑈𝑅𝑃𝐸6 

𝑇𝑂𝑈_𝑐𝑜𝑠𝑡 =  ∑𝑐𝑖

144

𝑖=1

⋅
𝑃grid(𝑖)

6
 

 

(4.12) 

Where 𝑐𝑖 is the variable coefficient of the tariff fir the usage of the electricity transport operator. 

• The CMDPS (penalty for exceeding subscribed power) (𝐶𝑀𝐷𝑃𝑆_𝑐𝑜𝑠𝑡)  

𝐶𝑀𝐷𝑃𝑆_𝑐𝑜𝑠𝑡 =∑0.04

144

𝑖=1

⋅ 𝑏𝑖 ⋅ √∑(𝑃grid(𝑖) − 𝑃sub)
2
        𝑓𝑜𝑟       𝑃grid > 𝑃sub  

 

(4.13) 

Where 0.04 ⋅ 𝑏𝑖 represents the penalty rate defined by TURPE regulation.  

The energy bill for one day is therefore calculated as  

𝐸𝑛𝑒𝑟𝑔𝑦_𝑏𝑖𝑙𝑙 =  𝑇𝑂𝑈_𝑐𝑜𝑠𝑡 + 𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦_𝑐𝑜𝑠𝑡 + 𝐶𝑀𝐷𝑃𝑆_𝑐𝑜𝑠𝑡 (4.14) 

Together, these indicators provide a comprehensive framework to evaluate the performance of 

the real-time supervision tool. They capture both the technical aspects of ESS operation such 

as cycling and capacity utilization. And the effective integration of PV production, by 

quantifying curtailed energy and self-consumption efficiency. At the same time, they reflect the 

achievement of economic objectives through the assessment of energy costs and subscribed 

power penalties, thereby linking operational performance to financial outcomes. 

4.3 Results and analysis 

The proposed supervision strategy is designed for real-time operation; therefore, the analysis 

must demonstrate the robustness and dynamic response of the fuzzy logic supervisor under the 

diverse and rapidly changing conditions of a DC railway network. The evaluation considers 

multiple operating states that may occur in real time, including variations in TSS demand and 

PV generation. 

As shown in Chapter 3 through the historical data analysis, TSS consumption fluctuates 

significantly between weekdays and weekends, with some days exceeding the subscribed power 

limit while others remain below it. Consequently, the supervision tool must continuously adapt 

to these variations. Similarly, PV production depends strongly on meteorological conditions 

ranging from high and stable generation on sunny days to irregular and reduced output on 

cloudy days. 

The simulation setup includes the definition of key parameters, the tested supervision cases, 

and the representative scenarios of PV generation and TSS consumption. The RACCOR-D 

railway architecture (Architecture 1) is modelled in MATLAB/Simulink to emulate the dynamic 

operation of the DC traction substation. Real-time measurements from the electrical model are 

used as inputs to the supervision layer, ensuring a realistic evaluation of system behaviour. 
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The analysis of the results thus focuses on assessing how effectively the real-time supervisor 

maintains system objectives, limiting CMDPS penalties, keeping the ESS state of charge (SOC) 

within bounds, maintain acceptable variation of DC bus voltage, and maximizing PV self-

consumption, across all these conditions. The performance is evaluated using both behavioural 

analysis (via power flow curves) and key performance indicators (KPIs) derived from 

simulation results. 

4.3.1 Representative scenarios for real-time supervision  

4.3.1.1 TSS Load Demand Scenarios 

To ensure robust and adaptive supervision strategies, it is essential to consider the variability of 

TSS load profiles across different types of days. The analysis of historical data reveals a clear 

distinction between weekdays and weekends as explained in Chapter 3, with weekdays 

generally exhibiting higher consumption levels. To represent this variability, three 

representative daily profiles have been selected: 

• Day 1 (no exceedance): A weekend day with no exceedance of the subscribed power 

𝑃𝑠𝑢𝑏. In this case, the entire profile remains below the contractual limit. 

• Day 2 (moderate exceedances): A typical weekday with occasional peaks above 𝑃𝑠𝑢𝑏. 

These overruns are limited in magnitude and duration, illustrating moderate exceedance 

of the TSS subscribed power. 

• Day 3 (significant exceedances): A critical weekday scenario with multiple peaks well 

above 𝑃𝑠𝑢𝑏, reflecting strong demand and sustained overruns. 

 
         Fig. 4.14 Power drawn from the grid in Day 1 scenario 

 

 
      Fig. 4.15 Power drawn from the grid in Day 2 scenario 

  

 

Fig. 4.16 Power drawn from the grid in Day 3 scenario 

These three profiles allow us to simulate and assess the supervisor’s behavior under no 

subscribed overrun, moderate overrun of the subscribed power, and significant overrun of the 

subscribed power conditions. By including diverse situations, the study ensures that the 

proposed fuzzy logic supervisor is tested under a wide range of realistic operating scenarios. 

This diversity in load profiles is essential for validating the supervisor’s ability to limit 
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subscribed power exceedance, improve self-consumption, and maintain DC bus voltage within 

acceptable limits, while respecting ESS SOC limits under dynamic consumption profiles. 

4.3.1.2 PV Generation Scenarios 

On the generation side, PV output is highly sensitive to weather variability, which directly 

affects the balance between local production and TSS demand. To represent this uncertainty, 

two contrasting scenarios are considered and presented in Fig. 4.17 and Fig. 4.18: 

• Sunny day: Characterized by high irradiance and a smooth PV output curve, closely 

following the predicted generation profile with minimal fluctuations. This scenario 

offers ideal conditions for PV integration and maximizes the potential for ESS charging 

during midday hours. 

• Cloudy day: Marked by intermittent and unpredictable solar generation, and a maximum 

power at the middle of the day less than in sunny days by around 50%, leading to 

frequent mismatches between predicted and actual PV output. This scenario tests the 

supervisor’s responsiveness to volatile renewable energy inputs and its capacity to adapt 

charging behaviour in real time. 

 

Fig. 4.17 Actual and predicted PV generation profile (sunny day)   

 

 

Fig. 4.18 Actual and predicted PV generation profile (cloudy day) 

The PV profiles for both scenarios are shown in Fig. 4.17 and Fig. 4.18, where actual PV 

production 𝑃𝑃𝑉_𝑎𝑐𝑡 is compared with day-ahead predictions 𝑃𝑃𝑉_𝑝𝑟𝑒𝑑. These scenarios will be 

used in conjunction with the selected TSS load profiles to assess the effectiveness of the fuzzy 

logic supervisor under realistic and challenging smart grid conditions. 
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4.3.2 Modelling parameters and supervision cases 

To simulate the proposed real-time energy supervisor under realistic operating conditions, it is 

essential to define the parameters of the model used in the simulation. This section provides an 

overview of the input data, including the rated parameters of the PV system, the ESS, the TSS 

subscribed power, and the DC bus voltage. These parameters reflect the actual sizing of the 

ESS and the PV systems, and the configuration of important parameters in the railway TSS, 

such as the DC bus no load voltage, and the actual subscribed power. 

Table 4.3 Modelling parameters 

ESS PV Subscribed power DC bus voltage (no 

load) 

𝑃𝑚𝑎𝑥_𝑠𝑡𝑜 = 1200 

kW (charge and 

discharge) 

𝐸𝑠𝑡𝑜  = 2400 kWh 
 

 

𝑃𝑃𝑉_𝑚𝑎𝑥 = 300 kW 

 

𝑃𝑠𝑢𝑏= 4500 kW 

 

𝑉0 = 2000 V 

As shown in Table 4.3, the ESS has a nominal capacity of 2400 kWh. However, project 

constraints limit its charging and discharging power to 1200 kW (corresponding to 0.5 C). The 

PV system can deliver up to 300 kW, while the subscribed power of the TSS is set to 4500 kW. 

The DC bus no-load voltage is fixed at 2000 V. 

For the assessment of performance of the real time supervision strategy, two cases of 

supervision are identified: 

• Developed real time supervision explained in this chapter that takes into consideration 

the day ahead EMS (LT+ST) 

• Long term supervision explained in chapter 3 without real time supervision (LT) 

Under three scenarios represented with three consecutive days, characterized with different TSS 

load profile (Fig. 4.14 Power drawn from the grid in Day 1 scenario, Fig. 4.15, Fig. 4.16). 

Table 4.4 Scenarios and supervision strategies 

Load Profile Scenario PV Scenario Strategy Assessment Focus 

Day 1 (Low, no exceedance) Sunny LT, LT+ST Behavioural  

+ 

Economic 

indicators 

+ 

 KPIs 

Day 2 (Moderate exceedance) Sunny LT, LT+ST 

Day 3 (Significant exceedance) Sunny LT, LT+ST 

Day 1 (Low, no exceedance) Cloudy LT, LT+ST  

Economic 

indicators only 
Day 2 (Moderate exceedance) Cloudy LT, LT+ST 

Day 3 (Significant exceedance) Cloudy LT, LT+ST 

In the sunny-day scenarios, detailed analyses of power flow dynamics, SOC evolution, and grid 

interactions are conducted to assess the supervisor’s behavioural performance and 
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corresponding KPIs. In contrast, the cloudy-day scenarios focus solely on economic 

performance, including energy costs and CMDPS penalties. This comparative approach 

highlights the ability of the proposed supervision strategy to maintain economic efficiency even 

when renewable generation is limited. 

4.3.3 Analysis of the real time supervision behaviour 

To test the real time supervision, the actual profile of the TSS consumption is used in the 

simulation. This profile describes the real TSS power consumption measured on site and 

available in the historical data. Unlike the in the day ahead supervision level where the 

optimization relies on the predictions of the TSS power consumption. Fig. 4.19 shows the 

predicted and actual TSS load for the three consecutive days. It is seen that the prediction cannot 

detect high peak points. The day ahead supervision will struggle therefore with these peaks, as 

explained earlier in Chapter 3. Through the analysis of the results of the different simulations 

based on graphs interpretations and key performance indicators, the real time supervisor is 

evaluated by how much it can deal with the errors of the predictions and uncertainty of TSS 

load consumption and how it can improve and adjust the reference storage setpoints from the 

day ahead schedule. 

 

Fig. 4.19 Predicted and actual TSS load 

The developed Simulink model explained in Chapter 2, require a controlled current source to 

represent the load consumption of the TSS. The actual power 𝑃𝑙𝑜𝑎𝑑 seen in Fig. 4.19 is used as 

the data source for the current source (after the division by the DC bus voltage value). By that, 

the simulation can be performed, and the real time supervisor starts reading the necessary 

measurement and perform required actions. 

4.3.3.1 Case LT+ST compared with LT for Day 1 (sunny day scenario) 

This section presents the analysis of the real time supervisor (short term supervision) behaviour 

compared with the day ahead EMS (long term supervision) through graphs interpretation. For 

each simulated day, the output of the day ahead supervision 𝑃𝑟𝑒𝑓−𝑙𝑡 is plotted along with output 

of the real time supervision 𝑃𝑟𝑒𝑓−𝑠𝑡 that incorporates the day ahead reference setpoints as input. 

Also, the power drawn from the grid, 𝑃𝑔𝑟𝑖𝑑, in each case (long term supervision ‘LT’ alone and 

short-term supervision with long term schedule input ‘LT+ST’) is plotted to understand the 

direct impact of the ESS reference setpoints on the power drawn from the grid. 

Fig. 4.20 presents the behaviour of the supervisor on Day 1, comparing the performance of the 

day-ahead only supervision (LT) with the combined day-ahead and real-time supervision 
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(LT+ST). The upper plot is for the TSS load consumption showing the forecast profile vs the 

actual profile. The middle plot illustrates the power drawn from the grid, while the lower plot 

shows the battery power setpoints and the evolution of the SOC. 

Between 00:00 and 09:00, the real time supervisor follows the day-ahead setpoints in general 

with minor deviations that keep the real time schedule very close to the day ahead planning, as 

the load demand aligns closely with the forecasts, resulting in a charging phase fully consistent 

with the day ahead plan.  

After 09:00, the day ahead reference indicating a high discharge near the maximum storage 

power (1000 kW), this has led the power drawn from the grid to set to zero and the substation 

load is entirely fed by the ESS and the PV without the need to draw power from the grid. The 

risk of excess of local production rises in this case with a fixed ESS schedule that cannot be 

changed in LT supervision. The real-time supervisor adjusts the battery setpoint accordingly, 

applying a lower discharge power than scheduled under LT supervision to avoid excess of local 

production that led to PV curtailment, underachieving the objective that aims to maximize the 

use of the PV generation. The DC voltage at 09:00 indicates exceedance of the maximum 

voltage threshold 𝑉𝑚𝑎𝑥 as shown in Fig. 4.21, which led the real time supervisor to discharge 

the ESS with moderate power not the maximum as planned in day-ahead to prevent any 

potential excess of local production. 

Around 12:00, the power drawn from the grid increases and approaches the subscribed power 

threshold. To prevent a potential overrun, the real time supervisor initiates a small discharge of 

the storage. This anticipatory action ensures that any sudden overrun of the subscribed power 

by the power drawn from the grid is reduced by the power discharged from the ESS. This 

behaviour contrasts with the LT scenario, which lacks the flexibility to adapt in real time to 

peaks not detected by the forecast. 

Moments before 20:00, the discharge power of the real time supervision remains below the day-

ahead setpoint, again reflecting the supervisor’s capacity to decrease the discharge power based 

on the voltage level indicator in this period that operates near the maximum threshold 𝑉𝑚𝑎𝑥. 

This is how real time supervision achieves the objective of maximizing the use of PV 

production. And after 20:00, the discharge of the ESS happens in real time case, in contrast to 

the day ahead plan that doesn’t solicit the ESS. This is influenced by the SOC level in real time 

that is bigger than the day ahead (𝑆𝑂𝐶𝑠𝑡 > 𝑆𝑂𝐶𝑙𝑡), the supervisor in this case aims to follow 

better the day ahead SOC so it favors the discharge of the ESS to get close to the day ahead 

SOC. 
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Fig. 4.20 Simulation results for Day1 

 

Fig. 4.21 DC bus voltage variation in RT for Day 1 scenario 

4.3.3.2 Case LT+ST compared with LT for Day 2 moderate TSS consumption 

Fig. 4.22 illustrates the supervisor’s behaviour on Day 2. At the beginning of the day the 𝑃𝑟𝑒𝑓_𝑠𝑡 

follows the day ahead schedule 𝑃𝑟𝑒𝑓_𝑙𝑡. At approximately 5:00, a noticeable increase in power 

drawn from the grid is observed, although the subscribed power limit is not exceeded. In 

response, the real-time supervisor triggers a preventive discharge from the ESS to anticipate the 

risk of overrunning the subscribed power, thereby anticipating a potential peak. The same 

phenomenon occurs around 12:00 and again at 16:00, when the power drawn from the grid 

reaches or exceeds the subscribed power. The real-time reference setpoint then deviates from 

the LT schedule by initiating discharges in periods where charging was originally planned. 

During these intervals, the TSS consumption forecast in the 𝑃𝑙𝑜𝑎𝑑 plot fails to capture the actual 

demand peaks, causing the day-ahead strategy not to solicit the ESS in discharge. 
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Fig. 4.22 Simulation results for Day2 

Between 18:00 and 20:00, a different situation occurs. The discharge power remains below the 

LT reference due to high voltage detected on the DC bus as shown in Fig. 4.23. In this case, the 

real-time supervisor acts conservatively to prevent operating at no load voltage to avoid risking 

PV curtailment. 

 

Fig. 4.23 DC bus voltage variation in RT for Day 2 scenario 

4.3.3.3 Cas LT+ST compared to LT only for Day 3 

Fig. 4.24 illustrates the simulation results of Day 3 scenario. Two grid power overruns are 

observed outside the peak hour periods for the use of the transport network operator: one shortly 

before 9:00 and another just after 20:00. The day-ahead supervision fails to address these 

overruns because it relies on the forecasted 𝑃𝑙𝑜𝑎𝑑 profile, where the prediction model did not 

capture the actual consumption peaks. Consequently, the day-ahead plan schedules ESS 

discharging only during peak-hour periods for the use of the transport network operator (defined 

in TURPE 6). In contrast, the real-time supervisor detects the unexpected rise in demand and 

discharges the ESS at maximum power before 09:00, anticipating the overrun that occurs prior 

to the peak-hour window defined by the transport network operator. This action effectively 

reduces the grid power drawn, although not completely, due to the ESS’s maximum discharge 
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power limit and operational constraints. At 20:00, the storage system continues to discharge 

beyond the peak hour period due to a minor overrun of the subscribed power.  

 

Fig. 4.24 Simulation results for Day3 

Additionally, at 7:00 and 16:00, the grid power increases without exceeding the subscribed 

power. In these periods, the storage system preventively discharges with small power, 

demonstrating the supervisor’s ability to anticipate potential peaks in TSS demand.  

Between 18:00 and 20:00, the discharged power in the supervision case LT+ST is less than the 

LT case even though this period is considered peak hours for the use of the electricity transport 

network. This is back to the voltage level measured at the DC bus during this period, the voltage 

exceeds the maximum voltage threshold 𝑉𝑚𝑎𝑥 in three consecutive occasions as illustrated in 

Fig. 4.25. 

 

Fig. 4.25 DC bus voltage variation in RT for Day 3 scenario 

4.3.4 Analysis of the key performance indicators 

This section focuses on the evaluation of key performance indicators (KPIs), which are divided 

into two main categories. Technical indicators assess how effectively the system manages 
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energy flows and technical resources, such as ESS operation and PV utilization. Economic 

indicators, on the other hand, capture the system’s financial performance, including penalties 

related to subscribed power exceedance, time-of-use costs, and the total energy bill.  

4.3.4.1 Key performance indicators  

The analysis of the technical indicators focuses on how effectively the proposed real-time 

supervisor (‘LT+ST’) improves energy management compared to the day-ahead-only strategy 

(‘LT’). Table 4.4 summarizes the key indicators related to the use of the energy storage system 

(ESS) and photovoltaic (PV) power under the three representative load scenarios (Day 1, Day 

2, and Day 3). 

In terms of battery operation, In the day-ahead case (‘LT’), the ESS follows a pre-established 

schedule designed to maintain optimal end-of-day conditions. This strategy consistently 

achieves the target 50% SOC and two complete charge–discharge cycles per day, confirming 

that the long-term planning ensures balanced operation and effective storage utilization under 

predicted conditions. 

When real-time supervision is introduced (‘LT+ST’), the ESS operation becomes more 

dynamic. The supervisor reacts to unexpected deviations in TSS demand such as unpredicted 

consumption peaks, or to variations in DC voltage not accounted for at the day-ahead level. 

These adaptations cause the ESS to deviate from the planned schedule. However,  

The final state of charge (SOC) remains within acceptable limits for both cases, with only 

marginal differences between ‘LT’ and ‘LT+ST’ (e.g., 48.3% vs. 50%). This confirms that the 

real-time layer preserves the long-term balance of storage energy while improving short-term 

responsiveness 

Table 4.5 Performance indicators related to the ESS and the use of PV power 

Scenario Day 1 Day 2 Day 3 

Case 

Indicator 

LT LT + ST LT LT + ST LT LT + ST 

𝑬𝒆𝒙𝒄𝒆𝒔𝒔 40 kWh 0 52 kWh 0 87 kWh 0 

𝑺𝑶𝑪(𝒆𝒏𝒅) 50% 48.3% 50% 46.3% 50% 49% 

𝑬𝒃𝒂𝒕𝒕 (nb of 

cycles) 

5.76 

MWh (2) 

5.49 

MWh (2) 

5.76 

MWh (2) 

5.72 

MWh (2) 

5.76 

MWh (2) 

5.66 

MWh (2) 

 

In summary, the ‘LT+ST’ strategy effectively preserves the technical consistency of the ESS 

operation established by the day-ahead plan while improving responsiveness to real-time 

variations in demand and voltage. The inclusion of 𝛥𝑆𝑂𝐶 as an input to the fuzzy logic 

supervisor enables intelligent correction mechanisms that maintain an acceptable end-of-day 

SOC. This confirms the robustness and adaptability of the real-time supervision layer in 

complementing the predictive LT strategy under uncertain operating conditions. 

4.3.5 Economic indicators 

The economic indicators evaluate the financial performance of the supervision strategies under 

different operating conditions. Table 4.6 and Table 4.7 present the results for sunny and cloudy 

day scenarios, respectively, comparing three cases: No RACC (no PV or ESS integration), ‘LT’ 
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(day-ahead supervision), and ‘LT+ST’ (combined day-ahead and real-time supervision). The 

comparison highlights the RACCOR-D system’s contribution to reducing energy costs through 

improved PV self-consumption, peak shaving, and efficient use of time-of-use tariffs. 

As shown in Table 4.6 and Table 4.7, integrating real-time supervision (LT+ST) significantly 

enhances economic performance compared to LT and No RACC. The most notable benefit is 

the reduction of CMDPS costs, showing the supervisor’s effectiveness in limiting subscribed 

power overruns. Meanwhile, 𝑇𝑂𝑈_𝑐𝑜𝑠𝑡 values remain close to ‘LT’ results, confirming that the 

‘LT+ST’ approach maintains day-ahead economic gain. By the incorporation of the day ahead 

planning as an input to the fuzzy logic supervisor, the real time supervision maintains the gain 

obtained with the day ahead optimal planning based on time-of-use of electricity transport 

network tariffs. 

The small improvement of the 𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦_𝑐𝑜𝑠𝑡 passing from ‘LT’ to ‘LT + ST’ case is back to 

the ability of the real time supervision tool to maximize the use of PV production avoiding PV 

curtailment. 

Together, these results confirm that the economic gain stems from both reduced energy costs 

via PV self-consumption and penalty avoidance through intelligent peak management. The 

LT+ST supervision thus offers a cost-effective and resilient solution tailored to the operational 

and economic needs of railway substations. 

Table 4.6 Economic indicators under LT and LT+ST supervision cases for sunny day scenario 

                  Scenarios 

& cases 

Indicator           

Sunny Day Scenario (Peak PV production at mid-day) 

Day 1 Day 2 Day 3 

No 

RACC 

LT LT+ST No 

RACC 

LT LT+ST No 

RACC 

LT LT+ST 

𝑇𝑂𝑈_𝑐𝑜𝑠𝑡 (€) 588 516 520 676 605 607 687 616 620 

𝐶𝑀𝐷𝑃𝑆_𝑐𝑜𝑠𝑡 (€) 0 0 0 137 99 0 260 229 66 

𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦_𝑐𝑜𝑠𝑡 
(€) 

6 212 5 661 5 651 7 220 6 677 6 653 7 293 6 758 6 745 

 

Table 4.7 Economic indicators under LT and LT+ST supervision cases for cloudy day scenario 

                  Scenarios 

& cases 

Indicator           

Cloudy Day Scenario (Peak PV production at mid-day) 

Day 1 Day 2 Day 3 

No 

RACC 

LT LT+ST No 

RACC 

LT LT+ST No 

RACC 

LT LT+ST 

𝑇𝑂𝑈_𝑐𝑜𝑠𝑡 (€) 588 548 548 676 635 635 687 646 647 

𝐶𝑀𝐷𝑃𝑆_𝑐𝑜𝑠𝑡 (€) 0 0 0 137 119 0 260 254 95 

𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦_𝑐𝑜𝑠𝑡 
(€) 

6 212 5 970 5 941 7 220 6 981 6 951 7 293 7 051 7 033 

 

4.3.5.1 Total energy bill 

The total daily energy bill is calculated as the sum of  𝑇𝑂𝑈_𝑐𝑜𝑠𝑡, 𝐶𝑀𝐷𝑃𝑆_𝑐𝑜𝑠𝑡, and 

𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦_𝑐𝑜𝑠𝑡 as explained in Equations (4.11, 4.12, 4.13, 4.14). For Day1 scenario, where 

there is no overrun of the subscribed power (in predictions and in real consumption), the 

economic gain is maintained by the real time supervision tool. The economic gain stays almost 

the same in both supervision cases LT and LT+ST. This validate that under normal operation, 



134 

 

when no important events happen the developed real time supervision tool can guarantee the 

economic gain in the total energy bill obtained by the day ahead supervision. 

  

Fig. 4.26 Daily energy for each supervision LT and LT+ST ‘Day1’ (sunny day scenario) 

For ‘Day2’ & ‘Day3’ as shown in Fig. 4.27 and Fig. 4.28, a substantial reduction in the energy 

bill is observed when applying LT supervision compared to the baseline (no RACCOR-D). 

However, the introduction of real-time supervision (LT+ST) brings further gains, with 

reductions reaching up to 10% relative to the no-supervision case. This improvement is directly 

linked to the increased local self-consumption of PV energy and the precise peak shaving 

actions executed by the real-time supervisor. 

 
Fig. 4.27 Daily energy bill for each supervision case ‘Day2’ 

(sunny day scenario) 

 
Fig. 4.28 Daily energy bill for each supervision case 

‘Day3’ (sunny day scenario) 

The evaluation of the energy bill is done also for the cloudy days. Where the PV production 

profile is the one described in Fig. 4.18. As shown in Fig. 4.29, the economic gain in the cloudy 

days simulation result in less gain regarding the energy bill compared to sunny days. Which is 

normal since there is less PV production. Although, it is important to mention the small 

improvement apported by the real time supervision in the case (LT + ST). 

The 2% decrease of the total energy bill passing from day-ahead supervision to real time 

supervision can be very limited. Back to the fact that the PV sizing is very low compared to the 

TSS power consumption. This sizing reflects the 1st vision of what will be installed at first. 

Under such conditions, the day-ahead optimization already exploits most of the available 

flexibility offered by the ESS, leaving only a narrow scope for additional real-time adjustments. 
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With bigger or optimal sizing of the PV, more struggles will face the day-ahead supervision 

adding a new decision variable related to the curtailment of the PV power. With the forecast 

errors it is expected to cause higher power imbalance that cause higher PV curtailment in real 

time. 

 

Fig. 4.29 Economic gain of the total energy bill for ‘Day1’ ‘Day2’ ‘Day3’ under cloudy day scenario 

4.3.5.2 CMDPS penalties costs 

Regarding the CMDPS, the results reveal a more differentiated behaviour. On Day 2, the ‘LT’ 

supervision alone achieves a modest 28% reduction compared to the baseline. This occurs 

because the forecast-based supervision (LT) did not anticipate the peak demand accurately. 

Consequently, the storage system failed to discharge with sufficient power at the exact moment 

of consumption peaks, preventing CMDPS from being minimized effectively. In contrast, the 

‘LT+ST’ supervision corrects this day ahead mismatch in CMDPS cost by detecting the real-

time peak and discharging the ESS at high value to reduce undetected peaks, reducing CMDPS 

by 100% as shown in Fig. 4.30 CMDPS cost under sunny day scenario. 

A similar pattern is observed on Day 3 where the overrun of the subscribed power is more 

remarkable. While the LT supervision alone results in a modest reduction in CMDPS of 12% 

(from 260 € to 229 €), it remains suboptimal due to its inability to predict and mitigate actual 

peak events. By contrast, the ‘LT+ST’ strategy achieves a drastic reduction of CMDPS by 75% 

lowering the penalty to just 66 €. This result clearly demonstrates the ability of the real-time 

supervisor to react promptly to unforeseen consumption peaks and adapt the ESS behaviour 

accordingly.  
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Fig. 4.30 CMDPS cost under sunny day scenario 

Fig. 4.31 displays the CMDPS gains under the cloudy day scenario of PV generation, for Day 

2 and Day 3 where the overrun of the subscribed exist. What is particularly noteworthy is the 

significant reduction in CMDPS costs achieved under the ‘LT+ST’ supervision strategy. Even 

under unfavourable meteorological conditions, where PV generation and economic gains are 

limited, the ESS when managed with the proposed real time supervision tool effectively 

mitigate peak demand penalties. This demonstrates the robustness of the proposed supervision 

approach, which ensures consistent performance and effective reduction of subscribed power 

exceedances under both favourable and constrained production conditions. 

 

Fig. 4.31 CMDPS cost under cloudy day scenario 

The reduction in CMDPS is more remarkable compared to the reduction of the total energy bill. 

With enough capacity of the ESS to limit the subscribed power overruns. The TURPE 6 period 

tested in the results takes place at the beginning of this tariffication scheme. Today the penalty 

coefficient has increased with the evolution of TURPE 6 and further increase is expected when 

passing into TURPE 7. When the new tariffication is applied to the simulated case, the 

economic gain will be more remarkable, and the relevance of the real time supervision can be 

better highlighted. 
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4.4 Design of real time fuzzy logic supervisor for Architecture 2 

4.4.1 Reminder of the architecture 2 

Architecture 2 of the RACCOR-D corresponds to a configuration in which both the 

photovoltaic (PV) system and the energy storage system (ESS) are connected directly to the 

catenary at the midpoint between two traction substations (TSS1 and TSS2), known as the 

(PMP: poste de mise en parallèle). The distance separating the two adjacent DC traction 

substations (TSS) is 20 km, with the PMP positioned at the midpoint, 10 km from each 

substation. TSS1, located at 0 km, serves as the origin point for trains on Track 1 and the 

destination point for trains on Track 2. In the contrary, TSS2 situated at 20 km, marks the 

endpoint for trains departing from TSS1 on Track 1 and the starting point for trains returning 

on Track 2. Fig. 4.32 provides the architecture reminder of the developed model to test the real-

time supervision designed for the specific objectives of architecture 2 of RACCOR-D. A 

consistent power flow convention is adopted throughout the study: positive values correspond 

to elements injecting power into the DC network (buses, catenary, PMP…), whereas negative 

values indicate components absorbing power. According to this convention: 

• 𝑃𝑇𝑆𝑆1, 𝑃𝑇𝑆𝑆2 represent the TSS power drawn from each traction substation including 

traction unit losses 𝑃𝑇𝑆𝑆 ≥ 0  

• 𝑃𝑔𝑟𝑖𝑑1, 𝑃𝑔𝑟𝑖𝑑2 represent the power drawn from the transmission electricity network 

• 𝑃𝑃𝑉 is the power generated by the PV system 𝑃𝑃𝑉 ≥ 0   

• 𝑃𝑡𝑟𝑎𝑖𝑛1 & 𝑃𝑡𝑟𝑎𝑖𝑛2 are the power drawn by circulating trains 𝑃𝑡𝑟𝑎𝑖𝑛 ≤ 0 

• 𝑃𝑠𝑡𝑜 is the storage system power with convention: 𝑃𝑠𝑡𝑜 > 0 while discharging (power 

injected into the PMP). 𝑃𝑠𝑡𝑜 < 0 while charging (power absorbed by the storage)   

• The voltage of the catenary at PMP is denoted 𝑉𝑐𝑎𝑡 
• The train pantograph voltage represents the measured voltage at the connection point 

between the train and the catenary and denoted 𝑉𝑝𝑎𝑛𝑡 

 

Fig. 4.32 Representation of the 2nd architecture of RACCORD 

                                      

       

      

        

   
    

       

      

   

          

     

          

       

       

     

       

       

     

     

 

 
    

              

 

 

 



138 

 

Unlike architecture 1, this architecture requires full knowledge of train dynamic. This 

architecture takes into consideration the detailed model of the TSS with catenary resistance 

variation. The 1st architecture was more global and treated like a classical smart grid. Where the 

TSS consumption profile is considered available and covers its whole demand. The TSS 

consumption profile covers without quantification the necessary power consumed by trains, 

losses, and auxiliary loads.  

To enable the use of Architecture 2 as a test bench for the real-time fuzzy logic supervisor, 

several simplifying assumptions were introduced during the development of the model. These 

assumptions ensure a realistic yet computationally efficient representation of the railway DC 

system, allowing the supervisor to be evaluated under representative operating conditions while 

maintaining model stability and interpretability. The main assumptions are as follows: 

• The TSSs consumption is caused by the supply of the moving trains along the tracks 

(Track 1 & Track 2) between two adjacent TSS (TSS1 & TSS2). Without influence from 

the train position between theme and the next neighbouring TSS. 

• The train moves with constant speed among the tracks. No identification of the 

phenomenon of accelerations, deceleration and braking. 

• The speed and the power consumption of every train is known. 

Under these assumptions, the model offers a simplified yet sufficiently accurate representation 

of the electrical and dynamic behaviour of the railway system. It is therefore well suited for 

testing the real-time fuzzy logic supervisor under various operating scenarios and for analyzing 

its performance in managing multiple interacting dynamics within the traction network. 

In terms of sizing of the smart grid components and TSS information, this architecture considers 

different sizing and specification of the ESS rather than the sizing considered in architecture 

one, that reflect the first vision of what will be established at the demonstrator site of the DC 

TSS. For architecture 2 the specification of the PV size and ESS capacity are taken from the 

results of the optimal sizing study that considers the 2nd architecture of RACCOR-D. The 

maximum power of the ESS is set to 𝑃𝑠𝑡𝑜_𝑚𝑎𝑥 = 2 971 kW, corresponding to a 1C discharge 

rate. This means that the storage system can deliver its nominal energy capacity 𝐸𝑠𝑡𝑜 = 2 971 

kWh) in one hour of full-power discharge, which represents a balance between high-power 

capability and reasonable energy autonomy. 𝑅𝑟𝑎𝑖𝑙 and 𝑅𝑐𝑎𝑡 are the linear resistances of catenary 

and rails. 

Table 4.8 Architecture 2 specifications and components sizing 

Component Value 

Resistances 𝑅𝑟𝑎𝑖𝑙 =  0.015𝛺/𝑘𝑚  

𝑅𝑐𝑎𝑡 =  0.037𝛺/𝑘𝑚  

ESS 𝐸𝑠𝑡𝑜 =  2971 kWh  

𝑃𝑠𝑡𝑜_𝑚𝑎𝑥 =  2971 kW  

Catenary 
𝑉𝑐𝑎𝑡_𝑚𝑎𝑥 = 1750 𝑉 

𝑉𝑐𝑎𝑡_𝑚𝑖𝑛 = 1350 𝑉 
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4.4.2 Design of the real time supervision strategy specific for architecture 2 

The proposed supervision strategy aims to treat the catenary voltage drop and show potential 

perspectives on how the PV and ESS can be integrated at mid-point PMP of two DC TSS and 

bring improvement to the performance of the railway network. 

Since one of the main problems of the DC TSS is the limited voltage level and the high voltage 

drop that block certain train operation at a certain speed, the proposed real time supervision for 

architecture 2 aims to solicit the ESS in a way that reduce the voltage drop so the TSS can 

handle heavier trains in terms of speed and power consumption and to permit traffic increase 

while keeping the catenary voltage at a level that accept such increase. 

Similar to the steps followed before in developed the FL real time supervision, the system 

specifications covering the objectives, constraints and means of actions are identified. Then the 

supervisor structure is explained. The necessary membership functions graphical representation 

of operation modes and the fuzzy rules are explained in a direct way. It explains how the energy 

supervision work and how it decides to manage the ESS. 

Then fuzzy logic inference can be explained in the case of architecture 2 via surface area 

representation. Because the energy supervision in architecture 2 doesn’t consider a day ahead 

supervision level, and treat less objectives compared to architecture 1. This is why the 

supervisor structure is simpler in terms of input variable which permits to understand the 

mechanism of the supervision through surface are analysis. 

4.4.2.1 System specification and supervisor structure of real time supervision for 

architecture 2 

The main objective behind the real time supervision is to keep the ESS SOC within limits like 

architecture 1, and to keep the catenary voltage within operational bounds that guarantee safe 

and scheduled operation of the rolling stocks supplied by the TSS. Table 4.8 summarize the 

system specifications of the proposed real time supervision tool. 

Table 4.9 System specification for the developed real time supervision for architecture 2 

Objectives Constraints Mean of 

action 

Real time supervision (short term ‘ST’) 

• Keep the SOC within 

limits 

• Minimize catenary 

voltage drop 
 

• 𝑆𝑂𝐶𝑚𝑖𝑛  ≤  𝑆𝑂𝐶 ≤  𝑆𝑂𝐶𝑚𝑎𝑥 

• 𝑉𝑐𝑎𝑡_𝑚𝑖𝑛  ≤  𝑉𝑐𝑎𝑡 ≤ 𝑉𝑐𝑎𝑡_𝑚𝑎𝑥 

 

𝑷𝒓𝒆𝒇_𝒔𝒕 

 

The catenary voltage must remain within an acceptable range to ensure correct train circulation. 

In practice, maintaining this voltage level guarantees that the pantograph voltage, the effective 

supply seen by the rolling stock, stays above the minimum threshold required for rated 

operation. Heavier trains, with higher power demands and speeds, require higher minimum 

pantograph voltages to sustain normal performance. 

In this study, it is assumed that the minimum catenary voltage at the PMP for all trains is 

𝑉𝑐𝑎𝑡_𝑚𝑖𝑛 = 1350 𝑉, with a TSS rated at 𝑉𝑐𝑎𝑡_𝑚𝑎𝑥 = 1750 𝑉 reflecting the no-load voltage level 
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observed at the RACCOR-D site and representing (no load voltage 𝑉0). For SOC limits, the 

SOC must stay within 20% to 70%. 

The supervisor structure incorporates two input variables, the SOC of the ESS and the catenary 

voltage deviation 𝛥𝑉𝑐𝑎𝑡 calculated in Equation (4.15). It measures the deviation from the 

minimum permitted catenary voltage level. 

𝛥𝑉𝑐𝑎𝑡  =  𝑉𝑐𝑎𝑡 − 𝑉𝑐𝑎𝑡_𝑚𝑖𝑛 (4.15) 

Like in the first architecture, the output is the real term reference setpoint 𝑃𝑟𝑒𝑓−𝑠𝑡 that represent 

the decision of the short-term supervision. The fuzzy logic method is applied for the real time 

application, and each input is normalized through gains K1 and K2, and the output is returned 

to its real value through gain K3. The fuzzy logic treats two objectives at the same time, 

deciding the required action by the ESS after finding the best compromise of both objectives 

related to SOC and catenary voltage 𝑉𝑐𝑎𝑡. The supervisor structure specific for architecture 2 is 

presented in Fig. 4.33. 

 

Fig. 4.33 Architecture 2 fuzzy logic supervisor structure 

4.4.2.2 Operational graphs and fuzzy rules 

Following the explained methodology presented at first in a general way in Chapter 2 and in 

details in Chapter 4 for the first architecture of RACCOR-D. For the 2nd architecture, the 

membership functions are illustrated at first for the inputs and the output of the fuzzy logic 

supervisor. Then the operational graphs are shown to detail the different operations that the 

supervisor performs depending on the states of the input variables. The fuzzy rules are extracted 

from the operational graphs and listed in a table. 

For the membership functions of the input variables of Fig. 4.34, the SOC MFs correspond to 

three linguistic variables, BIG (B), SMALL (S), and MEDIUM (M). Similarly, for the 𝛥𝑉𝑐𝑎𝑡, 
BIG (B), SMALL (S), and MEDIUM (M) are used to indicate if the actual measured catenary 

voltage is far from the minimum and near no load catenary voltage level (B), or if it is near the 

minimum catenary voltage indicating a low deviation from this minimum (S), or if it is within 

a moderate level (M). 

For the output 𝑃𝑟𝑒𝑓_𝑠𝑡 presented in Fig. 4.35, five membership functions are available: 

- Z: ZERO - ESS is not solicited 

- NM: NEGATIVE-MEDIUM – ESS charging with medium power 

- NB: NEGATIVE-BIG – ESS charging with high power  

- PM: POSITIVE-MEDIUM – ESS discharging with medium power 

- PB: POSITIVE-BIG – ESS discharging with high power 

                      

 1

 2
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Fig. 4.34 Membership functions for the input variables 

 

Fig. 4.35 Membership functions for the output variable 

The operational graphs are illustrated in Fig. 4.36, when the SOC is M, the possible outcomes 

can be either charging the ESS with medium power if the catenary voltage variation from the 

minimum voltage is BIG, or not soliciting the ESS if this variation is MEDIUM, and to 

discharge with high power when this voltage deviation is SMALL indicating a voltage near the 

minimum value. 

 

Fig. 4.36 Operational graph of the FL supervisor (architecture 2) 

The rules are extracted from the operational graphs and listed in Table 4.10. A total number of 

9 rules with similar weights are assigned to give both objectives regarding SOC and catenary 
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voltage the same priority, the rules integrate all possible decisions of the FL supervisor with 

respect to the total combination of the states of the input variables. 

Table 4.10 Developed rules of the FL supervisor for architecture 2 

Rule Weight Name 

If 𝑆𝑂𝐶 is M and 𝛥𝑉_𝑐𝑎𝑡 is B then 𝑃𝑟𝑒𝑓_𝑠𝑡  is Z 1 rule1 

If 𝑆𝑂𝐶 is M and 𝛥𝑉_𝑐𝑎𝑡 is M then 𝑃𝑟𝑒𝑓_𝑠𝑡 is Z 1 rule2 

If 𝑆𝑂𝐶 is M and 𝛥𝑉_𝑐𝑎𝑡 is S then 𝑃𝑟𝑒𝑓_𝑠𝑡  is PB 1 rule3 

If 𝑆𝑂𝐶 is B and 𝛥𝑉_𝑐𝑎𝑡 is S then 𝑃𝑟𝑒𝑓_𝑠𝑡  is PB 1 rule4 

If 𝑆𝑂𝐶 is B and 𝛥𝑉_𝑐𝑎𝑡 is M then 𝑃𝑟𝑒𝑓_𝑠𝑡  is PM 1 rule5 

If 𝑆𝑂𝐶 is B and 𝛥𝑉_𝑐𝑎𝑡 is B then 𝑃𝑟𝑒𝑓_𝑠𝑡 is Z 1 rule6 

If 𝑆𝑂𝐶 is S and 𝛥𝑉_𝑐𝑎𝑡 is B then 𝑃𝑟𝑒𝑓_𝑠𝑡 is NB 1 rule7 

If 𝑆𝑂𝐶 is S and 𝛥𝑉_𝑐𝑎𝑡 is M then 𝑃𝑟𝑒𝑓_𝑠𝑡 is NM 1 rule8 

If 𝑆𝑂𝐶 is S and 𝛥𝑉_𝑐𝑎𝑡 is S then 𝑃𝑟𝑒𝑓_𝑠𝑡 is Z 1 rule9 

 

4.4.2.3 Fuzzy inference surface for real-time supervision 

In Architecture 2, the operation of the real-time supervisor can be understood directly through 

the surface representation of the fuzzy inference system, which maps the normalized inputs 

(SOC and catenary voltage deviation) to the normalized output (𝑃𝑟𝑒𝑓_𝑠𝑡).  

The surface as shown in Fig. 4.37, embodies the combined effect of all fuzzy rules, showing 

how the supervisor generates smooth transitions between charging, discharging, or idle states 

of the ESS depending on inputs conditions.  

At low SOC (values near 0), the surface tends toward negative normalized outputs, reflecting 

rules that prioritize charging to guarantee storage availability. At high SOC (values towards 1), 

the output shifts positive, activating discharging rules to prevent saturation and free capacity. 

Along the voltage axis, when the normalized value of 𝛥𝑉𝑐𝑎𝑡 is close to zero meaning important 

voltage drop, the surface rises toward positive values, meaning the fuzzy supervisor solicits 

ESS discharge to support the catenary voltage. Conversely, when the normalized value of 𝑉𝑐𝑎𝑡 
is approaches 1 (risk of overvoltage), the surface dips negative, favouring ESS charging.  

This continuous and gradual evolution across the surface highlights the advantage of fuzzy 

logic: instead of abrupt mode changes, the system smoothly interpolates between rule-based 

actions, ensuring adaptive and stable real-time supervision. In this way, the surface provides a 

compact visualization of how the fuzzy rule base integrates SOC management and catenary 

voltage regulation into a single, normalized ESS reference setpoint output for architecture 2. 
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Fig. 4.37 Surface representation of the fuzzy inference system in Architecture 2 

4.4.3 Results of the tested scenarios 

This section presents the proposed scenarios to simulate the dedicated model built in Chapter 2 

for the 2nd architecture. The scenarios are developed in a way that demonstrate the capabilities 

of the real time supervisor to manage the ESS in a way that achieves the objectives described 

earlier. The 2nd architecture is highly dynamic compared to the 1st architecture, a representation 

of the circulating train is proposed with dynamic circuit that requires the train position, speed 

and power consumption, to dynamically adjust the equivalent resistance of the catenary and the 

rails based on the position. For the tested results, only the ESS is connected at the PMP, without 

the PV. The supervisor doesn’t take into consideration the PV, as there is no solution to curtail 

the necessary PV production to maintain a balance of the voltage at the catenary level. 

4.4.3.1 Unidirectional trains circulation (low traffic) 

In this simulated scenario, the timetable schedules four trains within a one-hour circulation 

period, each entering the 20 km track at different times and with distinct operating speeds. The 

first train enters the track at minute 00:06 with a speed of 120 km/h, followed by a second train 

at minute 00:36 circulating with 180 km/h speed. Fig 4.38 shows trains trajectories on track 1, 

where the trains start travelling from TSS1 substation at 0 km towards TSS2 at 20 km. The 

travelled distance of every train is increased linearly due to the constant speed of the trains. As 

illustrated in Fig. 4.38, trains operating on Track 1 (TSS1 → TSS2) begin their journey at 0 km, 

travel towards the midpoint (PMP), and exit the section upon reaching 20 km at TSS2. In 

contrast, trains on Track 2 (TSS2 → TSS1) start at 20 km and move in the opposite direction 

toward TSS1 (0 km).  

This scenario is characterized with low traffic, only trains that circulates on the first track from 

TSS1 to TSS2 exist without the opposite circulation in track 2. The single track cannot have 

two trains at the same time connected to it. A train must leave the track in order to allow a new 

train to enter the track. 
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Fig. 4.38 Trains position along the tracks represented by their kilometric distance from the TSS and the PMP 

The traction demand is expressed in terms of train power consumption at its rated speed. For 

each speed range, a specific power consumption value is assigned, the higher the speed, the 

greater the power demand. This timetable therefore produces a dynamic load profile on the 

railway lines, with multiple trains overlapping in time and position, enabling the evaluation of 

catenary resistance variations, current distribution along different track sections, and the overall 

aggregated electrical demand on the DC railway supply system. Table 4.11 summarizes the 

entry times (in minutes), speeds, and the power consumption of the trains that circulates at track 

1. 

Table 4.11 Train timetable used for simulation 

Track Direction Entry Time 

(min) 

Speed (km/h) Power (kW) 

1 TSS1 → TSS2 6 120 2560 

1 TSS1 → TSS2 36 180 4000 

 

The evaluation of the performance of the energy supervision system applied to the connected 

ESS and PV is done by comparing the results of the catenary voltage variation and the 

pantograph voltage variation with two other cases, a case where there is a parallel connection 

post PMP but without the ESS and the PV, and one case where there is no PMP connection at 

all. Therefore, the importance of the PMP can be highlighted, and the impact of the supervised 

ESS  

The measured catenary voltage is shown in Fig. 4.39 (the catenary voltage graph). Comparing 

the catenary voltage in the case of PMP connecting the TSS without RACCOR-D (𝑉𝑐𝑎𝑡_𝑃𝑀𝑃) 

and the catenary voltage in the case of RACCOR-D system connected to the PMP 

(𝑉𝑐𝑎𝑡𝑅𝐴𝐶𝐶𝑂𝑅−𝐷). The voltage drop is reduced in the case of ESS connected to the PMP. The ESS 

is managed by the FL supervisor to be solicited in discharge when the voltage of the catenary 

starts decreasing as shown in Fig. 4.39 in the ESS setpoints and SOC graph. The injected power 

from the ESS helps in reducing the catenary voltage drop at the mid-point between two TSS. 

The fuzzy logic supervisor decides to discharge with higher levels in the 2nd train circulation 

that has the highest power and highest speed and causes the highest voltage drop. For the 1st 

train, the power consumption is lower than the 2nd one, the supervisor in this case proposes to 

discharge with lower power than in the 2nd circulation that consists of a heavier train in terms 
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of speed and power. This validates that the supervisor model is adaptable to the different voltage 

drop levels. 

The initial SOC level is set at 50% corresponding to the MEDIUM membership function, after 

the discharge of the ESS the SOC stays above 20%, for and it doesn’t charge in between 

circulations. The charging of the ESS in the absence of PV is difficult to be optimized. The 

developed supervisor via its rules, can only propose the charging of the ESS when the SOC is 

very low. 

 

Fig. 4.39 Catenary voltage variation and ESS reference setpoints for low traffic scenario 

The ESS and the PV connected at the PMP can be solicited in a way that reduce the voltage 

drop at midpoint between two TSS. Leading to a direct effect on the voltage levels at the train’s 

pantograph. For every train that circulates along the tracks, depending on its rated power 

consumption it requires a minimum voltage level to operate at its rated speed. The voltage 

measured at the connection point between trains and catenary is plotted in Fig. 4.41 for the both 

cases (PMP, RACCOR-D). For the first circulation, where the ESS discharges with low power, 

the pantograph voltage in the case of RACCOR-D is very close to the case of PMP without 

RACCOR-D. The 2nd circulation with heavier train shows the importance of having an ESS to 

guarantee a higher voltage at the pantograph along the train’s journey. Connecting ESS to the 

PMP improves the voltage level at the train pantograph, offering additional possibilities to 

circulate heavy trains in terms of power and speed to the classical PMP without additional 

energy sources. 

 

Fig. 4.40 Pantograph voltage in the low traffic scenario 
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4.4.3.2 Bidirectional trains circulation (high traffic) 

To represent a high traffic scenario, both of the tracks are occupied with trains, the moment a 

train enters Track 1 at TSS 1, another train enters Track 2 enters in the opposite direction. This 

represents a critical case, in general, the track cannot support the existence of two trains in the 

same direction due to safety regulation. So, to present a high traffic density, track 2 must be 

occupied with trains. To test this high traffic scenario, the 2nd circulation is kept as it is from 

scenario 1, and for the 1st circulation, a train in the opposite direction circulates in track. So, 

during the first circulation, both tracks are occupied in the high traffic scenario. Table 4.12 Train 

timetable for the high traffic scenario represents the trains information used for this one-hour 

simulation, the circulation of track 1 is kept the same as the scenario before.  

 

 

Fig. 4.41 Trains position along the tracks represented by their kilometric distance from the TSS and the PMP 

Table 4.12 Train timetable for the high traffic scenario 

Track Direction Entry Time 

(min) 

Speed (km/h) Power (kW) 

1 TSS1 → TSS2 6 120 2560 

1 TSS1 → TSS2 36 180 4000 

1 TSS2 → TSS1 9 120 2560 

 

Fig. 4.43 shows the catenary voltage and the ESS reference setpoints. In this scenario the 

voltage drop of the catenary is more remarkable, going lower than the minimum catenary 

voltage level in the cases PMP without RACCOR-D. For the first circulation of trains that has 

two 120 km/h trains, in case of classical PMP, the catenary voltage at mid-point falls under the 

minimum operational level 1350V due to high traffic caused by the train that circulates now on 

track 2.  

The discharge power of the ESS is higher than the discharge occurring in the low traffic 

scenario. Reaching around 1000 kW value instead of 165 kW in the low traffic scenario. The 

higher discharge occurs to compensate the greater voltage drop that arrives at the catenary level 

due to the circulation of two trains at each track unlike before. For less voltage drop occurring 

during the 2nd circulation, the ESS discharges with less power than during the first circulation. 

Demonstrating the capability of smart discharging repartition depending on the catenary voltage 

level.  

    

   

    



147 

 

 

Fig. 4.42 Catenary voltage variation and ESS reference setpoints for low traffic scenario 

 

For the pantograph, the RACCOR-D case maintains higher voltage at the pantograph terminals 

of the circulating trains as shown in Fig. 4.43  Pantograph voltage in the different cases of PMP 

in the high traffic scenarioeven though both tracks are occupied, and the consumption is higher. 

The ESS contributes effectively to the reduction of the voltage at the pantograph. 

 

Fig. 4.43  Pantograph voltage in the different cases of PMP in the high traffic scenario 

4.4.4 Assessment and potential 

The voltage deviation is calculated for both scenarios and for the different cases, the lowest 

voltage levels recorded for the pantograph and the catenary are presented in the table below. 

Considering the first circulation of trains occurring in the 6th minute of the simulation. With 

the pantograph voltage measured at the born of the train1 of track 1. The catenary voltage is 

always measured at the mid-point PMP. For both scenarios, the case of RACCOR-D system 

connected to PMP reduce the voltage drop compared to the other cases. Achieving higher 

voltage at the catenary and pantograph levels as shown in Table 4.13. 
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Table 4.13 Pantograph and catenary minimum measured voltage 

  Cases  

Scenario Voltage PMP PMP_RACCOR-D  

Low traffic Pantograph 1 435 V 1 435 V  

Train 1  

Track 1 
High traffic 1 210 V 1 341 V 

Low traffic Catenary 1 523 V 1 542 V 

High traffic 1 318 V 1 474 V 

 

The calculation of the catenary voltage deviations for each circulation of trains in the high and 

low traffic scenarios can tell the percentage of improvement of the voltage drop when the ESS 

is connected to the PMP as shown in Table 4.14. To evaluate improvement, the relative gain in 

catenary voltage for each circulation as in Equation (4.16). 

 𝐼𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡 (%) =
(Δ𝑉𝑐𝑎𝑡, 𝑃𝑀𝑃 𝑤𝑖𝑡ℎ 𝑅𝐴𝐶𝐶𝑂𝑅−𝐷 − Δ𝑉𝑐𝑎𝑡, 𝑃𝑀𝑃 𝑛𝑜 𝑅𝐴𝐶𝐶𝑂𝑅−𝐷)

|Δ𝑉𝑐𝑎𝑡, 𝑃𝑀𝑃 𝑛𝑜 𝑅𝐴𝐶𝐶𝑂𝑅−𝐷|
× 100 

 

 

(4.16) 

Table 4.14 Catenary voltage deviation 

  Cases  

Scenario Circulation 𝛥𝑉𝑐𝑎𝑡 PMP 

no 

RACCOR-D 

𝛥𝑉𝑐𝑎𝑡 PMP 

with 

RACCOR-D 

 

Improvement (%) 

Low 

traffic  

1st +173 V +192 V + 11 % 

2nd - 42 V +124 V + 395 % 

High 

traffic 

1st -32 V +124 V + 487.5 % 

2nd - 42 V +124 V + 395 % 

 

The comparative results presented in Table 4.14 clearly demonstrate the positive impact of the 

RACCOR-D supervision allowing the ESS to contribute to maintaining higher catenary voltage 

levels. Under low-traffic conditions in the first circulation, the voltage improvement at the PMP 

is around 11% since the catenary voltage drop is not very remarkable. 

The improvement reaches up to +300% and 400% during the second circulation with the fastest 

train and the first circulation in the high traffic scenario, indicating that the proposed real-time 

supervision is particularly effective under heavily loaded conditions. This demonstrates the 

capability of the supervised ESS to dynamically support the catenary and significantly mitigate 

voltage drops, even when the network experiences maximum stress. 

On average, the RACCOR-D configuration enhances the catenary voltage by approximately 

300 - 400 % compared to the unsupervised PMP case, effectively mitigating voltage drops and 

ensuring that the minimum operational threshold (1350 V) is consistently respected even during 

heavy traffic. This demonstrates that the proposed real-time supervision successfully increases 

network robustness and enables higher train density without compromising traction 

performance. 

These results highlight the potential benefits of applying the RACCOR-D system within the 

context of the 2nd architecture of RACCOR-D, positioned at the midpoint between two adjacent 

substations. The main objective of this configuration is to reduce catenary voltage drops 

occurring during periods of intense railway traffic and high train speeds. The real-time 
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supervision tool, developed using fuzzy logic, has demonstrated its capability to dynamically 

regulate the ESS operation to maintain the catenary voltage within acceptable limits, even under 

rapid load variations caused by successive train passages. 

The enhancement in the catenary voltage at mid-point, aligns with perspective of SNCF réseau, 

that tries to increase the distance between DC substations. The voltage drop depends on the 

catenary resistance, over long distances the resistivity increases, and the risk of higher voltage 

drop exists. Integrating energy sources at the PMP can mitigate this voltage drop 

At this stage, the study of this architecture should be considered as a perspective rather than a 

fully validated large-scale evaluation. The simulations cover a one-hour time window, focusing 

primarily on the dynamic response of the real-time supervisor to catenary voltage fluctuations. 

Performance or economic indicators have not been assessed, since the simplified catenary and 

train circulation models do not allow accurate day-long operation or cost estimation. 

Nevertheless, this work provides a solid basis for further developments. Integrating additional 

inputs related to PV production and consumption would enable more efficient management of 

the ESS charging process. In the current setup, the ESS is charged only when there is no train 

circulation and when the SOC level reaches medium or low values. A more advanced 

supervisory logic could optimize the use of surplus PV generation and recover regenerative 

braking energy during train deceleration phases. Achieving this, however, requires a more 

detailed dynamic train model that explicitly accounts for acceleration and braking profiles. 

4.5 Chapter conclusion 

This chapter represented the core of the proposed real time supervision strategy for the ESS of 

the railway smart grid. Under two architectures, the methods followed to develop the real time 

supervision strategy is validated through result analysis. 

For architecture 1, the fuzzy logic supervisor proved capable of managing multiple objectives 

of different natures (economic, technical, and operational) while acting through a single control 

variable, the ESS power reference. Designed as a real-time supervision layer operating over the 

short term (ST) and complementing the day-ahead EMS functioning as a long-term supervisory 

level, it effectively ensures dynamic correction of forecast deviations and real-time constraint 

satisfaction. Despite the limited set of measurements available from the railway substation, the 

supervisor demonstrated robustness and adaptability, maintaining optimal operation under 

diverse scenarios. The combined operation of the day-ahead EMS and the real-time supervisor 

showed superior overall performance, achieving economic objectives while ensuring 

compliance with technical constraints and improving the global efficiency of the railway smart 

grid. It should be noted that these conclusions remain valid within the modelling framework 

and assumptions adopted in this chapter. Any extrapolation to different system configurations 

or operational contexts would require additional investigation. 

The analysis of architecture 2 explored a different context, where the real-time supervisor 

operates without a preceding day-ahead EMS. In this case, the supervision strategy relies solely 

on fuzzy logic to manage the ESS and mitigate catenary voltage drop along a railway section 

composed of two adjacent traction substations.  

Due to the absence of detailed train power consumption data and dynamic circulation profiles, 

a simplified equivalent electrical model was developed to represent the midpoint (PMP) section 

of the line. Economic indicators were not assessed in this case, as the study focuses mainly on 

demonstrating technical feasibility. The absence of train power consumption cannot allow to 

have two load profiles of two substations caused by the specific trains’ dynamics.  
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This architecture stays as a solid perspective for the future, where the railway network operator 

aims with a proper sizing of PV and ESS can cover up the TSS and can maintain operation 

without the need of the conventional TSS with transformer and rectifier. This has an impact on 

future projection to remove a TSS and replacing it with green friendly sources responding to 

ecological regulation and to reduce the energetic bills and improve the performance of the 

railway lines operating in DC. As the spacing problem is back to the voltage level that the 

railway network operator must maintain. 

Although the current model is limited to a one-hour simulation window, it provides a solid 

perspective for future research. With proper sizing of PV and ESS systems, the proposed 

configuration could eventually replace conventional traction substations, allowing local 

renewable generation and storage to sustain train operation independently. In the present DC 

railway networks, substation spacing remains a limiting factor for system expansion. 

Integrating PV and ESS installations between substations can play a crucial role in increasing 

the allowable distance between two substations. With adequate real-time supervision, these 

resources could be coordinated to compensate for voltage drops and maintain catenary voltage 

within acceptable limits that guarantee the train circulations, thereby overcoming one of the 

main technical barriers to wider deployment of renewable-powered DC railway systems.  
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Chapter 5. Experimental validation and industrial 

transfer 

5.1 Introduction 

The experimental validation stage aims to verify the effectiveness and robustness of the 

developed energy management and real-time supervision strategies before any field 

deployment on an actual railway TSS. For this purpose, a Software-in-the-Loop (SiL) is 

implemented using OPAL-RT real time simulator and a definition of the Hardware-in-the-Loop 

(HiL) environment is presented to prepare the supervisor for industrial integration. This 

environment allows the complete model of the traction substation, integrating TSS load, PV 

generation, and energy storage, to be executed in real time while interacting with external 

supervisory algorithms through industrial communication protocols. 

The objective is to reproduce in a controlled laboratory setting, the dynamic behavior of the 

RACCOR-D system under realistic operating conditions and communication delays, thus 

bridging the gap between offline simulations and on-site implementation. 

The experimental validation is carried out with OPAL-RT. The developed Simulink model used 

for simulation is compiled to OPAL-RT simulator. Unlike the results of Chapter 4, in this 

chapter the results are obtained with 1 second dynamic. It represents a good opportunity to 

analyses the response of the supervisor with 1s time step measurement and explore more precise 

dynamic of the TSS load profile. 

The industrial transfer consists of developing the suitable architecture that prepares the 

implementation of the real time supervision tool in TSS demonstrator. This chapter covers the 

definition of the global architecture proposed for the industrialization of the supervisor, in 

addition to the different technologies that enters in this development. 

The experimental validation with OPAL-RT is done at first, to verify the possibility of creating 

a real time environment from the Simulink model. Then the results obtained through 

MATLAB/Simulink simulation are compared with the results obtained when OPAL-RT has 

adapted the developed Simulink file called experimental results. The real time simulation 

architecture is explained in detail. Then the industrial transfer is explained, with a global 

SCADA information system architecture and choices of strategies. For the moment, it serves 

as a perspective since it requires adaptation and transformation of the real time supervisor to 

Python programming language.  

5.2 Experimental validation environment with OPAL-RT 

5.2.1 Overview of OPAL-RT platform 

The OPAL-RT platform is a high-performance real-time simulator designed for power system 

and power electronics applications. It combines multicore CPUs and field-programmable gate 

arrays (FPGAs) to execute detailed electrical models with time steps down to a few 

microseconds, ensuring accurate representation of fast-switching converter dynamics and grid 

transients. 
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One of the key features of justifying its use in RACCOR-D to test the real time supervision is 

its ability to execute models developed in MATLAB/Simulink directly within the RT-LAB 

environment, ensuring deterministic and real-time performance. 

Another essential aspect of OPAL-RT is its hardware-in-the-loop (HIL) capability. Real 

industrial controllers such as PCs or programmable logic controllers (PLCs) can be interfaced 

with the simulator through analogue or digital inputs and outputs or via standard 

communication protocols such as Modbus-TCP, CAN, or IEC-61850. This enables closed loop 

testing under realistic operating conditions without risking damage to actual equipment. 

The platform also offers significant scalability and modularity. Different subsystems of the 

railway power network, including TSS load, ESS and PV systems, and the grid, can be executed 

on separate computational cores. This configuration allows for parallel execution and fine 

adjustment of individual sampling times, ensuring that each component operates under optimal 

computational conditions. 

In addition, OPAL-RT provides high-fidelity time synchronization, which is fundamental for 

validating real-time supervisory algorithms and verifying the temporal coherence of fuzzy-

logic-based decision systems. 

In the context of this thesis, OPAL-RT serves as the environment simulator of the railway smart 

grid, hosting the complete Simulink model of the traction substation, including the electrical 

network, the ESS and PV connected as in architecture 1. 

5.2.2 Real-time simulation architecture 

Fig. 5.1 presents the overall architecture of the implemented platform. The OPAL-RT simulator 

executes, in real time, the detailed model of the DC railway smart grid with the PV system, the 

energy storage system (ESS), the traction substation load consumption (TSS Load), and the grid 

model. Electrical variables such as the DC-bus voltage 𝑉𝐷𝐶, the power drawn from the grid 

𝑃𝑔𝑟𝑖𝑑, and the state of charge (𝑆𝑂𝐶) are transmitted through a Modbus-TCP communication 

link to an industrial PC hosting the global energy supervision tool. This interface reproduces 

the communication infrastructure that would be deployed on site between sensors, converters, 

and the supervisory control unit. 

Within this framework, the OPAL-RT platform emulates the physical system operating in real 

time, while the industrial PC performs the decision-making and supervisory functions. It 

implements the two-level control architecture proposed in this work. The first level corresponds 

to the day-ahead energy management system (EMS), which optimizes the 24-hour scheduling 

of storage charge and discharge operations based on consumption forecasts obtained from 

LSTM models and photovoltaic production forecasts provided by the SteadySun API. The 

second level is the real-time fuzzy logic supervisor, responsible for continuously adjusting the 

ESS power reference  𝑃𝑟𝑒𝑓_𝑠𝑡 considering the actual measurement of the SOC, the DC-bus 

voltage  𝑉𝐷𝐶, and the instantaneous grid power. The industrial PC also manages data acquisition 

and hosts Dockerized services dedicated to forecasting, optimization, and data exchange tasks. 

A Modbus emulator ensures the deterministic synchronization of data flows between the OPAL-

RT simulator and the supervisory PC, whereas the PcVue environment provides a human–

machine interface enabling real-time visualization and demonstration of the system’s operation.  
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Fig. 5.1 Representation of the interconnection between OPAL-RT simulation environment and industrial PC 

5.2.3 Role of the industrial PC 

Although the OPAL-RT simulator is used for laboratory validation, the final deployment of the 

RACCOR-D supervision framework will rely on an industrial PC installed at the substation. 

This computer is designed to host: 

• The day-ahead energy management system (EMS). 

• The real-time fuzzy supervisor. 

• The forecasting and data acquisition modules (TSS consumption, PV production, SOC, 

𝑉𝑑𝑐). 

• All required communication interfaces with sensors and converters. 

Hence, during the OPAL-RT experiments, the industrial PC serves as a real time supervisor 

interacting with the simulated system. In the industrial transfer phase, the same configuration 

will be reused, but the PC will communicate directly with the real substation equipment instead 

of the OPAL-RT model. This approach ensures full software portability between the laboratory 

environment and the field installation. 

5.2.4 Software-in-the-loop validation process 

The software-in-the-loop (SIL) validation was conducted to assess the interaction between the 

supervisor algorithms and the simulated railway power system before proceeding to hardware 

implementation. The process involved several successive stages designed to ensure real-time 

compatibility and communication consistency between the OPAL-RT model and the 

supervisory software. 

The detailed Simulink model of Architecture 1, representing the PV and ESS integration at the 

traction substation, was first adapted to meet real-time execution constraints. This step involved 
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simplifying non-essential dynamic elements and verifying the numerical stability of the fixed 

time-step solver. The adapted model was then compiled under the RT-LAB environment and 

partitioned into subsystems allocated to the OPAL-RT computational cores, enabling parallel 

execution and deterministic simulation performance. 

Subsequently, the communication layer was configured by replacing physical input–output 

channels with Modbus-TCP variables corresponding to the measurement signals and control 

commands exchanged with the supervisory application. This setup established a closed-loop 

interaction in which the industrial PC transmitted the ESS power reference 𝑃𝑟𝑒𝑓 to the simulated 

plant, while OPAL-RT continuously returned the state of charge (SOC), the DC-bus voltage 

𝑉𝑑𝑐, and the grid power 𝑃𝑔𝑟𝑖𝑑to the supervisor at each sampling interval. 

Throughout the simulation, all quantities were monitored in real time using the PcVue interface, 

which also ensured systematic data logging for subsequent performance evaluation. The 

recorded datasets were analyzed to assess response time, numerical stability, cost reduction, 

and improvement of PV self-consumption. 

Overall, this SIL configuration enabled comprehensive testing of real time energy supervision, 

under realistic dynamic conditions, prior to deployment on the physical hardware platform. 

5.3 Experimental validation results 

5.3.1 Tested scenario 

The proposed 1st architecture of RACCOR-D is considered for the experiment, where available 

historical data are extracted with a sampling time of 1s covering the TSS load consumption. As 

shown in Fig. 5.2, the dynamic load is characterized with multiple overruns that occur for small 

duration, the subscribed power overrun can be instantaneously overpassed. 

Unlike in Chapter 4 where the TSS power consumption is with 10-minutes average, the 

numerous instantaneous overruns do not exist. Although, it was necessary to analyze the 

behaviour of the real time supervisor with graphs plotted with 10-minutes average, especially 

for the calculation of the CMDPS. The experimental validation chapter is a good place to 

investigate the dynamic behaviour of the energy supervision tool with available TSS load 

measurement with 1s time step.  

 

Fig. 5.2 TSS consumption profile used in the experimental validation 
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For the PV generation, Fig. 5.3 shows the PV production profile of a sunny day scenario where 

maximum PV power is achieved at mid-day. 

 

Fig. 5.3 PV production profile for the tested scenario 

The day ahead reference setpoints 𝑃𝑟𝑒𝑓_𝑙𝑡 is obtained through the day ahead optimization, with 

10 minutes average. The historical data of power consumption is resampled into 10 minutes 

average, and a forecast profile with errors and deviations from the actual TSS consumption is 

used as input to the optimization algorithm. For the day ahead planning, the use of 10 minutes 

average is compatible with the nature of the optimization algorithm, reducing the time step will 

lead to a higher number of decision variables. Causing negative impact on the capability of the 

optimization algorithm to converge into feasible solution.  

5.3.2 Simulation results 

The simulation results of 1 day are shown in Fig. 5.4, where the power drawn from the grid is 

plotted in two supervision modes, the day ahead (LT) and the real time (ST). Also, the ESS 

reference setpoints provided by the real time energy supervision tool is compared to the 

reference setpoints of the day ahead supervision alone without real time level with 10 minutes 

average.  

The real time reference setpoints 𝑃𝑟𝑒𝑓_𝑠𝑡 shows better dynamics suitable for the 1s time step of 

the TSS load. The real time supervisor adjusts the reference set point of the ESS every 1 second, 

in response to the variation of input variables (DC voltage, grid power overrun, SOC …). 

The instantaneous subscribed power overruns happening between 6:00 and 9:00 caused the real 

time supervisor to solicit the ESS in discharge to limit this overrun avoiding penalties CMDPS. 

This behaviour is the contrary of the day ahead planning that doesn’t capture these overruns 

due to 10 minutes average that leads to an average less than the subscribed power. 

The real time supervisor exerted similar behaviour to the results explained in Chapter 4, while 

showing more dynamic response for a smaller time step. The main purpose behind presenting 

simulation results is to compare it with OPAL-RT experimental results to validate that OPAL-

RT environment provides similar and accurate behaviour of the energy supervision tool. Also, 

to show that the proposed energy supervision tool is compatible with high dynamics and 

responsive in a small time step, which suits well the dynamic nature of the railway TSS load. 

For this reason, the analysis of the KPI’s and economic gains is not performed like in Chapter 
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4 to avoid repetitions and to prevent adding information and explanations already described in 

the results of Chapter 4. 

 

Fig. 5.4 ESS reference setpoints, and power drawn from the grid for day ahead ‘LT’ and real time ‘ST’ supervision cases 

The obtained profile of ESS setpoints from simulation will be compared to the experimental 

results with OPAL-RT. After adapting the Simulink model to OPAL-RT configuration so the 

model can run in real time. 

5.3.3 Experimental results 

To obtain the experimental results, the developed MATLAB/Simulink model is transferred to 

OPAL-RT. The Simulink model covers the supervisor built with fuzzy logic toolbox, and the 

railway smart grid model. With the necessary measurement and the data obtained by the day 

ahead schedule of the day ahead supervision, the model runs in OPAL-RT in real time. The 

objective is to validate the real time simulation with OPAL-RT to see whether it aligns with the 

expected results obtained through MATLAB/Simulink simulation. 

 Fig. 5.5 displays these results. The power drawn from the gid is plotted with the ESS reference 

setpoints in real time 𝑃𝑟𝑒𝑓_𝑠𝑡.  
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 Fig. 5.5 ESS reference setpoints obtained through OPAL-RT simulation 

5.3.4 Comparison between simulation and experiment 

The ESS setpoints obtained through simulation and through OPAL-RT experiment are plotted 

in Fig. 5.6 Comparison between ESS setpoints obtained through MATLAB/Simulink and 

OPAL-RT simulations. The errors are calculated to see if there any deviation between what is 

simulated in Simulink and what is simulated in real time. 

The error between the simulation and experimental simulation results is negligible from graph 

interpretation of Fig. 5.6. The experimental results align perfectly as expected with simulation 

of MATLAB/Simulink model. It demonstrates OPAL-RT capabilities to achieve an important 

part of the proposed architecture in Fig. 5.1. By that OPAL-RT can be prepared to be the real 

time simulator of the railway grid model while the supervisor can be implemented on the 

industrial PC in the future. 

 

Fig. 5.6 Comparison between ESS setpoints obtained through MATLAB/Simulink and OPAL-RT simulations 
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5.4 Industrial transfer 

5.4.1 Introduction and objectives 

After the successful real-time validation of the proposed energy management system using the 

OPAL-RT simulator, the next essential phase involves the industrial transfer of the developed 

supervision strategies. The objective of this phase is to move from a laboratory-based, 

simulation-driven environment to a robust industrial setup capable of continuous operation 

under real constraints. This transition represents the final step toward demonstrating the 

operational feasibility of the proposed architecture within an actual DC traction substation 

integrating photovoltaic generation and energy storage systems. 

In this stage, the day-ahead energy management system (EMS) and the real-time fuzzy 

supervisor, initially validated through Software-in-the-Loop (SiL) must be deployed on an 

industrial PC that will interact directly with the physical subsystems of the railway network. 

Unlike the OPAL-RT platform, which emulates the physical system, the industrial PC serves as 

the decision-making and supervisory unit within the real installation. It executes the predictive 

algorithms for forecast, performs day ahead optimization and real time supervision, and 

communicates continuously with the smart grid elements (traction substation, the PV system, 

and the storage system). 

This section introduces the industrial information system architecture that supports this 

deployment. It provides an overview of the technological framework that enables the 

integration of the developed algorithms into a modular, scalable, and maintainable industrial 

platform. The implementation relies on a micro-services architecture, where each functional 

block (data acquisition, forecasting, optimization, control, and visualization) operates 

independently within a Docker container. These services communicate through the Kafka 

distributed messaging system, which ensures efficient, low-latency, and asynchronous data 

exchange between modules. 

The main objectives of this section are threefold: 

• To describe the structure of the industrial information system that hosts and coordinates 

the execution of the energy management algorithms, ensuring reliable communication 

between supervisory layers and field equipment. 

• To detail the communication infrastructure and technological choices including the use 

of Modbus TCP/IP, Kafka, and Docker. That guarantee the robustness, flexibility, and 

real-time performance required for industrial operation. 

• To clarify the role of the industrial PC, which replaces the OPAL-RT simulator in the 

final deployment, acting as the central intelligence of the system by managing 

forecasting, decision-making, and supervision in real time. 

Through this industrial implementation, the developed supervisory architecture evolves from a 

research prototype to a fully operational SCADA-based energy management system, capable 

of real-time control, data acquisition, and autonomous decision-making in a railway substation 

environment. The following subsections detail the composition, communication flow, and 

technological foundations of this architecture, preparing for its validation and on-site 

integration. 

5.4.2 Overview of the industrial system architecture 

The industrial architecture proposed within the RACCOR-D project aims to ensure that all 

algorithms (initially designed and validated in MATLAB/Simulink) can be executed 
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autonomously on an industrial PC using a robust and scalable SCADA-based architecture. This 

configuration, shown in Fig. 5.7, enables real-time monitoring, decision-making, and 

communication with field equipment, thus bridging the gap between research-grade validation 

and industrial implementation. 

The overall system of Fig. 5.7 relies on three hierarchical layers: 

• Decision layer: implemented on an industrial PC/SCADA server, responsible for 

executing the day-ahead optimization, forecasting models, and real-time fuzzy logic 

supervisor. This layer also manages the communication with external services (e.g., 

weather forecast API, SFTP data servers) and supervises data acquisition, storage, and 

visualization. 

• Execution layer: composed of Programmable Logic Controllers (PLCs) denoted as PLC 

gateway associated with each physical subsystem of the smart grid (TSS, PV, ESS). The 

PLCs act as gateways between the field devices and the SCADA server, executing low-

level control loops while exchanging set-points and measurements with the supervisory 

layer. 

• Physical layer: includes the electrical infrastructure (transformer–rectifier unit, PV 

installation, batteries, and catenary) as well as sensors (current, voltage, SOC) that 

provide continuous feedback to the higher layers. 

The communication between the supervisory system and the field-level controllers is achieved 

through a Modbus TCP/IP backbone, ensuring reliable, low-latency data exchange between the 

industrial PC and the programmable logic controllers (PLCs) associated with the traction 

substation, photovoltaic generator, and energy storage system. The SCADA layer manages all 

information flows required for supervision, including the acquisition of real-time 

measurements, data preprocessing and storage, forecasting, day-ahead optimization, and short-

term control. These operations are organized as modular software services running on the 

industrial PC, each responsible for a specific task and communicating through standardized 

interfaces. The same configuration enables continuous data monitoring, execution of the fuzzy 

supervisor, and graphical visualization via PcVue. 

All modules are deployed in an integrated and scalable environment that supports real-time 

execution, data synchronization, and continuous operation. This industrial setup thus ensures 

full portability of the algorithms initially validated under OPAL-RT, providing a seamless 

transition between simulation and operational implementation. 
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Fig. 5.7 Diagram of TSS with local PV and ESS with simplified operational schema of SCADA 

As illustrated in Fig. 5.7, the proposed SCADA-based architecture establishes a continuous 

information loop between forecasting, optimization, and real-time control, ensuring coherent 

decision-making across all operational horizons. The industrial PC acts as the central 

intelligence of the system, coordinating both long-term and short-term supervision through a 

unified data flow. Measurements from the PLC gateway such as 𝑃𝑔𝑟𝑖𝑑, 𝑉𝑑𝑐, and SOC are 

periodically transmitted to the SCADA layer, where they are processed to update forecasts and 

adjust the ESS power reference in real time. This bidirectional exchange guarantees a consistent 

synchronization between physical and supervisory layers, allowing the controller to react within 

industrial-grade time constraints. The architecture therefore not only replicates the logical 

structure validated on the OPAL-RT platform but also provides a scalable and interoperable 

foundation for on-site deployment, where additional functionalities can be integrated without 

altering the existing control logic. 
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5.4.3 Technological choices and implementation framework 

The transition from a research-oriented environment to an industrial deployment requires 

careful selection of software and system technologies that guarantee robustness, 

maintainability, scalability, and reliability. The proposed SCADA system has therefore been 

designed according to three main technological pillars: 

• A micro-services software architecture 

• A Kafka-based distributed data streaming platform 

• Docker containerization for deployment and encapsulation used separate microservices. 

Together, these technologies ensure modularity, real-time performance, and ease of industrial 

transfer. 

5.4.3.1 Micro-services architecture 

To meet industrial standards for flexibility and maintainability, the SCADA software is 

structured according to a micro-services architecture. Instead of building a single large 

application, the system is divided into small, independent services, each responsible for a 

specific task such as: 

• Data acquisition through Modbus TCP/IP 

• Data cleaning and averaging 

• Consumption and production forecasting 

• Day-ahead optimization 

• Real-time supervision 

• Data visualization through the graphical user interface (GUI) 

Each micro-service runs autonomously, communicating with other services through 

standardized interfaces. This design greatly simplifies integration, testing, and updates, since a 

modification in one module does not affect the others as long as input/output specifications are 

respected.  

This modular design improves the system’s ability to be updated and adapted over time, both 

key aspects of sustainable industrial operation and long-term product lifecycle. It also facilitates 

collaborative development among multiple contributors (engineers, researchers, or industrial 

partners), who can each develop and validate their specific service independently before 

integrating it into the global system. 

From an industrial perspective, this approach brings the added advantage of allowing 

progressive upgrades: individual services such as improved forecasting or optimization 

algorithms can be replaced or updated without halting the overall SCADA operation. This 

ensures the continuity of supervision and reinforces the long-term sustainability of the control 

system. 

5.4.3.2 Kafka data streaming platform 

Communication between the micro-services is coordinated through the Apache Kafka, a 

distributed data streaming platform that serves as the central communication hub. Kafka was 

selected for its ability to handle large, continuous data flows between producers (services that 
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generate data) and consumers (services that process or use it) with high reliability and 

scalability. 

Within the SCADA system, Kafka supports three key functions: 

• Publishing and subscribing to real-time data streams (measurements, forecasts, 

optimization outputs, control set-points). 

• Long-term storage of event streams to preserve and track all communications 

• Real-time data processing, while still allowing historical analysis when needed. 

Each micro-service writes its output to a specific Kafka topic as a producer. Other services that 

depend on this data subscribe to the same topic as consumers and are automatically updated 

when new information becomes available. For example, the real-time controller consumes data 

produced by the forecasting and optimization services, while the GUI consumes measurements 

and control outputs for visualization and diagnostics. 

Kafka also ensures synchronized timing and data consistency between services, essential for 

maintaining the real-time responsiveness of the system. Its built-in monitoring and logging tools 

support continuous supervision and simplify troubleshooting. As a result, the architecture 

combines efficient data coordination with strong observability, ensuring dependable interaction 

between all micro-services. 

Although Kafka introduces some challenges for achieving fully deterministic real-time 

behaviour in the most time-critical loops (e.g., 200 ms control cycles), it offers the scalability 

and reliability needed for future system expansion, such as coordinating multiple substations or 

integrating additional data-driven services. 

5.4.3.3 Docker containerization 

Each micro-service is deployed within an isolated Docker container, which encapsulates the 

software environment, dependencies, and execution parameters specific to that service. Docker 

containerization provides several advantages for industrialization: 

• Reproducibility and portability: Each container includes the exact version of libraries 

and configurations required, eliminating dependency conflicts and ensuring that the 

system behaves identically across development, test, and production environments. 

• Simplified deployment and maintenance: The same containers can be transferred 

seamlessly from laboratory computers to industrial servers, enabling rapid installation 

or recovery in case of system updates or failures. 

• Independence and resilience: Since services run in separate containers, the malfunction 

of one service does not compromise the others, ensuring partial operation continuity 

even under degraded conditions. 

This container-based approach enables parallel development and deployment, as teams can 

work on independent containers and integrate them without version incompatibilities. It also 

facilitates automatic orchestration using tools such as Docker Compose or Kubernetes in future 

industrial implementations. 

The integration of Kafka and Docker within this micro-services framework provides an 

industrial-grade orchestration layer for real-time data management, ensuring smooth 

coordination between forecasting, optimization, and control functions. These technological 

choices guarantee that the architecture can evolve over time, integrating new modules (e.g., 
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cybersecurity, advanced analytics, or AI-based diagnostics) without requiring structural 

modifications. 

5.4.3.4 Summary of the whole architecture 

The complete SCADA system architecture, showing the different Dockerized micro-services, 

is presented in Fig. 5.8. Communication between Kafka, operating as the internal data bus, and 

each micro-service is achieved through dedicated internal channels that ensure asynchronous 

yet synchronized data exchange across the entire supervision chain.  

 

Fig. 5.8 SCADA information system architecture 

The blue blocks represent the independent services running in Docker containers, each handling 

a specific task such as data acquisition, preprocessing, forecasting, optimization, or real-time 

control. Measurements collected from the field are transmitted through the Modbus TCP/IP 

interface to the PLC gateway, which performs real-time data acquisition and forwards the 

information to the SCADA system via Kafka. This mechanism guarantees deterministic updates 

of key variables such as 𝑃𝑔𝑟𝑖𝑑, 𝑉𝑑𝑐, and SOC, which are subsequently stored, filtered, and 

processed by the data-cleaning module before being made available to other services. External 

data, including weather forecasts from the Steady Sun web service, are integrated into the same 

communication flow and used by the forecasting modules to predict PV production and TSS 

consumption. These predictions feed the day-ahead optimization process, which generates 

reference setpoints 𝑃𝑟𝑒𝑓,𝑙𝑡transmitted to the real-time supervisor. In turn, the real-time EMS 

refines these setpoints into short-term references 𝑃𝑟𝑒𝑓,𝑠𝑡 according to instantaneous system 

states received from the PLC gateway. All exchanges between services are coordinated through 

Kafka topics, ensuring both data consistency and operational scalability. The overall 
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configuration thus provides a robust and modular architecture capable of supporting continuous 

operation and future functional extensions without altering the supervisory framework. 

5.5 Chapter conclusion 

This chapter presented the experimental validation and industrial transfer framework developed 

for the RACCOR-D energy supervision system. The real-time environment was first configured 

on the OPAL-RT platform, allowing the complete Simulink model of the traction substation to 

be executed in closed loop with the supervisory algorithms. This Software-in-the-Loop 

configuration confirmed the feasibility of running the proposed two-level control strategy under 

real-time constraints and demonstrated its stable and responsive behaviour with a one-second 

dynamic. 

Beyond this experimental validation, the chapter also outlined the perspective for industrial 

deployment. The transition from OPAL-RT to an industrial PC has been prepared through the 

definition of a SCADA-based architecture integrating modular, Dockerized micro-services and 

a Kafka data exchange backbone. This environment establishes the foundation for future on-

site implementation, where the same supervisor will operate autonomously within the demo site 

traction substation, enabling full validation of the industrial transfer. 
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General Conclusion 

This thesis has addressed the challenge of energy supervision in DC railway networks by 

proposing a global, multi-timescale supervision framework adapted to the strong technical and 

economic constraints of railway traction substations. The proposed approach goes beyond the 

development of isolated control tools by structuring energy management as a coordinated 

process combining anticipation, optimization, and real-time adaptation. In this framework, 

photovoltaic generation and energy storage systems are not treated as independent assets, but 

as integrated components of a railway smart grid whose operation must simultaneously ensure 

voltage stability, limit grid dependency, and reduce energy costs under regulated tariff schemes. 

A key contribution of this work lies in the explicit coupling between a forecasting-based day-

ahead energy management system and a real-time adaptive supervision layer. The day-ahead 

level exploits load and generation forecasts to plan the optimal use of the energy storage system 

with respect to tariff-driven economic objectives and operational constraints, while the real-

time supervision compensates for forecasting errors and fast railway dynamics through a fuzzy 

logic-based corrective strategy. This hierarchical organization enables the system to reconcile 

long-term economic optimization with short-term robustness and safety requirements inherent 

to DC railway operation. By considering both substation-level integration and mid-point 

architectures between substations, the proposed supervision framework also demonstrates its 

adaptability to different infrastructure configurations envisioned within the RACCOR-D 

project. The results obtained show that coordinated multi-layer supervision constitutes an 

effective lever for improving the energy efficiency, economic performance, and operational 

resilience of existing DC railway substations, without requiring immediate large-scale 

infrastructure replacement. 

The scientific contributions of this thesis can be summarized along four complementary axes. 

First, a methodological contribution is made through the design of a hierarchical energy 

supervision strategy explicitly tailored to DC railway smart grids. By combining forecasting-

based day-ahead optimization with a real-time fuzzy logic supervisor, the proposed framework 

reconciles long-term economic objectives with short-term operational constraints, an aspect that 

is rarely addressed jointly in existing railway energy management approaches. 

Second, this work provides a railway-specific contribution by embedding the technical and 

economic constraints of DC traction substations directly into the supervision logic. In particular, 

voltage limits, fast load dynamics induced by train circulation, and tariff-driven penalties 

related to subscribed power exceedance are explicitly considered, leading to supervision 

strategies that are both technically safe and economically relevant for railway operators. 

Third, an architectural contribution is achieved through the analysis and supervision of two 

complementary integration schemes for photovoltaic generation and energy storage systems. 

The first focuses on substation-level integration, while the second investigates mid-point 

installation between two substations to mitigate catenary voltage drops. The proposed real-time 

supervision strategies demonstrate the capacity of energy storage to support both energy 

optimization and voltage regulation objectives. 

Finally, this thesis contributes at the experimental and pre-industrial level by validating the 

proposed supervision framework in a real-time simulation environment with high temporal 

resolution, and by developing an industrially compatible implementation architecture. This step 

bridges the gap between academic development and practical deployment and constitutes a 

necessary foundation for future large-scale implementation within DC railway substations. 
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Despite the encouraging results obtained, the scope of this thesis is subject to several limitations 

that define clear directions for further research. First, the energy storage system and 

photovoltaic installation are considered with fixed sizing parameters, and their dimensioning is 

not jointly optimized with the supervision strategy. While this assumption is consistent with the 

RACCOR-D demonstrator context, it limits the ability to fully assess the interactions between 

infrastructure sizing, subscribed power selection, and operational performance. This justifies 

the low gains obtained in the total energetic bill in the day-ahead and the real time supervision 

cases. Also, the proposed supervision framework is primarily evaluated at the level of a single 

traction substation or a limited number of interacting substations. Although this approach is 

suitable for validating control principles and real-time behaviour, it does not yet capture the full 

complexity of large-scale, network-wide coordination that may arise in future railway smart 

grids.  

Building on these results, several short- and medium-term research perspectives can be 

identified. In the short term, a natural extension of this work consists in coupling the proposed 

multi-layer supervision strategy with a joint sizing and planning approach, integrating the 

dimensioning of energy storage, photovoltaic capacity, and subscribed power directly into the 

optimization process. Such a strategy would enable globally optimal solutions that better reflect 

long-term economic and technical trade-offs. Further short-term developments include the 

integration of probabilistic forecasting and robust or stochastic optimization techniques, 

combined with adaptive real-time supervision, to enhance resilience under highly variable 

traffic and renewable generation conditions.  

In the medium term, the proposed supervision architecture could be generalized to coordinated 

multi-substation and network-level management. Such an extension would allow energy 

storage systems distributed across several traction substations or parallel posts to be 

coordinated, enabling system-wide peak smoothing, voltage support, and improved use of 

regenerative and renewable energy. This perspective is particularly relevant in the context of 

progressive transitions toward medium-voltage DC railway networks. Plus, the results obtained 

in the second architecture offers a solid perspective responding to the improvement of DC 

traction substations. The problem of short distances between DC TSS can be tackled with the 

integration of the ESS between two TSS at midpoint. Short distances exist to maintain a certain 

voltage level and to limit the voltage drop that doesn’t support high traffic and higher speed of 

trains. With smart energy supervision for the ESS, the voltage drop is limited in a way that 

offers higher distance between the TSS while maintaining acceptable values of catenary voltage 

level. This is the cornerstone in expanding the work in larger scale studying the impact of 

integrating ESS between multiple TSS not just 2 and therefore assessing the possibility to 

increase the distances between the DC substations and therefore reduce the numbers of TSS in 

each railway line.   
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Abstract 

As railway traffic and energy costs continue to rise, SNCF Réseau wants to improve the 

performance of its traction substations while meeting European CO₂ reduction targets. Although 

the main railway lines use AC electrification, a large part of the French network still operates 

with DC systems. The latter is characterized by relatively low voltage and limited traffic density. 

The RACCOR-D project aims to address these issues by preparing the move toward higher-

voltage DC networks (above 1500 V). As part of this effort, SNCF Réseau plans to upgrade its 

substations and turn them into smart, modern facilities. These new substations will include 

photovoltaic (PV) panels and energy storage systems (ESS). Their goal is to reduce dependence 

on the national electricity grid, lower operating costs, and avoid financial penalties for 

exceeding contracted power limits. Integrating both ESS and PV into a railway substation 

creates several challenges. To fully benefit from these technologies, a smart energy management 

system is essential. It must operate the ESS in a way that maximizes the use of local PV 

production while helping SNCF Réseau achieve its goals of reducing energy consumption and 

avoiding penalty charges. In this context, the objective of this PhD thesis is to design an energy 

supervision system specifically for DC railway networks. The goal is to optimize how the ESS 

is used in two RACCOR-D possible architectures, where the PV system and the storage are 

connected directly to the DC bus of the substation and when connected between two traction 

substations. The supervisor aims to improve both the energy performance and the operating 

costs of the traction substation, while respecting the technical constraints of DC systems. The 

supervision strategy is developed with two temporal levels, the long term (day ahead) and the 

short term (real time). The supervision framework was validated through real-time simulations 

using OPAL-RT. And to support industrial deployment, a SCADA-based architecture was 

designed to ensure reliable communication with all smart grid components. This industrial setup 

enables the supervisor to operate on an industrial PC and to be integrated into the railway 

substation demonstrator, paving the way for large-scale implementation of intelligent DC 

substations. This thesis is done within RACCOR-D project, funded by the French government 

as part of France 2020. 

Keywords: Energy management, Real time energy supervision, DC railway network, 

smart grid, Energy optimization, Electric power forecast, Day-ahead EMS, Wayside ESS. 

Résumé 

Face à l'augmentation continue du trafic ferroviaire et des coûts énergétiques, SNCF Réseau 

souhaite améliorer les performances de ses sous-stations de traction tout en respectant les 

objectifs européens de réduction des émissions de CO₂. Bien que les principales lignes 

ferroviaires utilisent l'électrification en courant alternatif, une grande partie du réseau français 

fonctionne encore avec des systèmes à courant continu. Ces derniers se caractérisent par une 

tension relativement faible et une densité de trafic limitée. Le projet RACCOR-D vise à 

résoudre ces problèmes en préparant le passage à des réseaux à courant continu à plus haute 

tension (supérieure à 1 500 V). Dans le cadre de cette initiative, SNCF Réseau prévoit de 

moderniser ses sous-stations et de les transformer en installations intelligentes et modernes. Ces 

nouvelles sous-stations comprennent des panneaux photovoltaïques (PV) et des systèmes de 

stockage d'énergie (ESS). L'objectif est de réduire la dépendance au réseau électrique national, 

de diminuer les coûts d'exploitation et d'éviter les pénalités financières liées au dépassement 

des limites de puissance contractuelles. L'intégration des ESS et des PV dans une sous-station 

ferroviaire pose plusieurs défis. Pour tirer pleinement parti de ces technologies, un système de 

gestion intelligente de l'énergie est essentiel. Il doit exploiter les ESS de manière à maximiser 

l'utilisation de la production PV locale tout en aidant SNCF Réseau à atteindre ses objectifs de 

réduction de la consommation d'énergie et d'évitement des pénalités financières. Dans ce 
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contexte, l'objectif de cette thèse de doctorat est de concevoir un système de supervision 

énergétique spécifiquement destiné aux réseaux ferroviaires à courant continu. L'objectif est 

d'optimiser l'utilisation du système ESS dans deux architectures RACCOR-D possibles, où le 

système photovoltaïque et le stockage sont connectés directement au bus CC de la sous-station 

et lorsqu'ils sont connectés entre deux sous-stations de traction. Le superviseur vise à améliorer 

à la fois la performance énergétique et les coûts d'exploitation de la sous-station de traction, 

tout en respectant les contraintes techniques des systèmes CC. La stratégie de supervision est 

développée avec deux niveaux temporels, le long terme (jour à l'avance) et le court terme (temps 

réel). Le cadre de supervision a été validé par des simulations en temps réel à l'aide d'OPAL-

RT. Et pour soutenir le déploiement industriel, une architecture basée sur SCADA a été conçue 

pour assurer une communication fiable avec tous les composants du réseau intelligent. Cette 

configuration industrielle permet au superviseur de fonctionner sur un PC industriel et d'être 

intégré dans le démonstrateur de sous-station ferroviaire, ouvrant la voie à la mise en œuvre à 

grande échelle de sous-stations CC intelligentes. Cette thèse est réalisée dans le cadre du projet 

RACCOR-D, financé par le gouvernement dans le cadre de France 2030. 

Mots clés: Gestion de l’énergie, Supervision énergétique en temps réel, Réseau ferroviaire 

à courant continu (CC), Réseau électrique intelligent, Optimisation énergétique, Prévision 

de la puissance électrique, day-ahead EMS, Système de stockage d’énergie en bord de 

voie. 

 


