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HIGHLIGHTS GRAPHICAL ABSTRACT

o First four-model predictor comparison
for hydrogen train energy management.

e The Echo State Network minimizes pre-
diction error and battery charge drift.

e The Gated Recurrent Unit generalizes
best, cutting hydrogen use by 13.4%.

e Long Short-Term Memory reduces fuel
cell and battery stress the most.

o One-Dimensional Convolutional Network
generalizes poorly on unseen routes.

ARTICLE INFO ABSTRACT
Keywords: To decarbonize non-electrified rail networks, hydrogen-battery hybrid trains are emerging as promising alter-
Hydrogen-battery hybrid trains natives to diesel traction. In such hybrid propulsion, the energy management system dynamically allocates power

Energy management system
Model predictive control
Deep learning

Echo state network

Power demand forecasting

between the fuel cell and battery, making control design critical for hydrogen economy, charge sustainability,
and component protection. Model predictive control combined with demand forecasting is a promising strategy,
yet most prior studies adopt a single learning architecture and do not systematically assess how predictor choice
affects closed-loop performance. This study presents a controlled comparison of four deep learning architectures:
Long Short-Term Memory, Gated Recurrent Unit, One-Dimensional Convolutional Neural Network, and Echo
State Network, as power-demand predictors within a unified model predictive control framework for hydrogen-
train energy management. The control layer uses a zero-dimensional drivetrain model incorporating train dy-
namics, powertrain behavior, the fuel cell stack, and the battery system. The framework is developed using data
from ALSTOM’s Coradia Stream H train on the Brescia-Iseo-Edolo line and validated on two additional routes.
Results reveal architecture-specific closed-loop trade-offs relative to standard model predictive control. The Echo
State Network achieves the lowest prediction error and the smallest mean state-of-charge deviation, about 2.4%.
Long Short-Term Memory yields the largest reductions in fuel-cell and battery loading stress, by 4.5 MW and 36.5
MW, respectively. Gated Recurrent Unit provides the highest hydrogen savings, up to 13.4%, with strong cross-
route generalization, whereas the One-Dimensional Convolutional Neural Network overfits the training route
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and degrades on unseen lines. The study provides deployment-oriented guidance for selecting learning-based
predictors in hydrogen-train energy management.

1. Introduction
1.1. Background and motivation

The railway sector is facing increasing pressure to decarbonize while
maintaining operational efficiency and reliability [1]. Hydrogen fuel cell
technology has emerged as a viable solution for non-electric lines,
providing zero-emission propulsion while offering a range comparable
to diesel trains [2]. The Coradia Stream H is introduced as part of the
H2IseO project on the Brescia-Iseo-Edolo line [3]. It becomes the first
authorized commercial hydrogen train in the region [4], demonstrating
the feasibility of this technology in a real-world operational
environment.

However, the integration of hydrogen, fuel cells, and battery energy
storage systems introduces complex energy management challenges in
hybrid railway operation [5]. Unlike conventional diesel-electric trains,
hydrogen-battery hybrid systems must optimize power distribution be-
tween fuel cells and batteries in real time to minimize hydrogen con-
sumption, extend component lifetime, and ensure battery
state-of-charge recovery at the end of the operational cycle. These ob-
jectives are often conflicting. For example, aggressive fuel cell load
tracking strategies can minimize hydrogen consumption, but frequent
output fluctuations accelerate fuel cell performance degradation [6,7].
Conversely, relaxed battery use can minimize fuel cell engagement,
contributing to extending fuel cell lifetime, but it may compromise
charge sustainability while increasing battery cycling and aging [8,9].

This challenge is further complicated in heavy-duty vehicles,
including railway power demand, which varies with driving profile,
route topography, operational schedules, and environmental conditions
[5,10]. Existing rule-based energy management strategies are compu-
tationally efficient [5], but lack the adaptability required to optimize
performance across various operating conditions. Model Predictive
Control (MPC) provides a systematic multi-objective optimization
framework capable of handling explicit constraints; however, its effec-
tiveness strongly depends on accurate prediction of future power de-
mand over the control horizon [11,12].

1.2. Literature review

Energy management strategies for hybrid electric vehicles have
evolved from heuristic rule-based approaches to optimization-based
methods. Early strategies relied on deterministic state machines and
fuzzy logic controllers [13], which are robust but cannot guarantee
optimality. Dynamic Programming (DP) can provide a globally optimal
solution [14], but it requires complete prior knowledge of the driving
cycle and is difficult to implement in real time due to its high compu-
tational complexity. The Pontryagin Minimum Principle (PMP) reduces
computational burden but still depends on future driving information
[15,16].

The Equivalent Consumption Minimization Strategy (ECMS) ap-
proximates the global optimal point through instantaneous optimization
using an equivalent coefficient that relates electrical energy to fuel
consumption [17]. Adaptive ECMS variants improve the robustness
against cycle variability by adjusting this coefficient online based on
driving conditions [18,19]. However, ECMS lacks explicit treatment of
constraints related to component stress and charge sustenance, limiting
its applicability to systems with strict performance degradation con-
straints [20].

MPC addresses these limitations by formulating energy management
as a finite-horizon optimal control problem with explicit constraints on
state and control variables [21]. Its receding horizon strategy enables

real-time adaptation to changing conditions while maintaining compu-
tational flexibility [12,22]. Recent applications for fuel cell hybrid ve-
hicles have demonstrated significant improvements in fuel economy and
component protection compared to rule-based strategies. However,
MPC performance remains fundamentally limited by the accuracy of
predictions over the control horizon. The integration of machine
learning with MPC has therefore emerged as a promising approach to
improve predictive capability [23].

Deep learning architectures, especially Recurrent Neural Networks
(RNNs), have shown superior performance in time-series prediction of
energy systems. Recent works have applied learning-augmented MPC
frameworks to fuel cell hybrid vehicles. In [24], a Bi-LSTM (Bidirec-
tional Long Short-Term Memory) predictive-control Energy Manage-
ment System (EMS) was proposed for a Fuel Cell Hybrid Electric Vehicle
(FCHEV) to manage power distribution between fuel cells and energy
storage systems. To reduce hydrogen consumption in Fuel Cell Hybrid
Electric Buses (FCHEBs), an LMPC-LSTM (Learning MPC-LSTM) frame-
work was developed [25] that integrates speed prediction. Xun et al.
[26] introduced a reference-free Learning Model Predictive Controller
(LMPC) for FCHEVs that optimizes power allocation through iterative
learning. A cloud-assisted Economic Model Predictive Control (EMPC)
strategy for fuel cell electric vehicles (FCEVs) that utilizes a
learning-based terminal cost was also proposed [27] to enhance
real-time efficiency. Jia et al. [28] established a learning-based model
predictive EMS with health-aware control for FCHEBs using a
double-layer Bi-LSTM speed predictor. An EMS integrating LSTM and DP
within an MPC framework was presented to forecast power demand for
FCHEVs [29]. Furthermore, a dual-model predictive control EMS based
on a Wavelet Transform LSTM for online driving-condition recognition
in FCEVs was proposed [30].

Beyond conventional predictive frameworks, a passenger-aware
collaborative energy management strategy for fuel cell buses [31] in-
tegrates real-time occupant counts and gender distributions into a
twin-delayed deep deterministic policy gradient algorithm, using a
dual-source perception framework to coordinate power distribution and
cabin thermal management. And a study in [32] proposed a decoupled
safety supervision architecture for fuel cell vehicles that utilizes an in-
dependent safety-guided network to explicitly enforce lithium-ion bat-
tery thermal constraints, overcoming the mutual interference and
reward-tuning difficulties inherent in traditional penalty-based
methods.

1.3. Research gap and contributions

As described in the literature section, predictive and adaptive
energy-management strategies for fuel-cell hybrid railway vehicles have
been established through causal optimal-control, MPC-based, and
forecast-informed formulations [5,11]. Related studies have also
addressed predictive control and MPC-oriented hydrogen-train EMS
[10,19]. In addition, it has been extended toward adaptive PMP-based
MPC energy management [33]. Learning-based EMS in rail mobilities
has also begun to emerge outside the strict MPC-predictor setting. Deep
reinforcement learning has been used to develop railway EMS with
degradation-aware objectives [34], while comparative Al-based EMS
studies have also been reported [35]. The adoption of a
learning-augmented MPC strategy addresses limitations found in con-
ventional energy management frameworks. Rule-based or standard MPC
strategies lack the real-time adaptability required to anticipate rapid,
non-linear demand fluctuations across variable rolling stock operations,
while global offline optimization methods are computationally prohib-
itive for online execution. Integrating machine-learning forecasting
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directly into the MPC optimization loop provides predictive demand
awareness and improves power-splitting efficiency.

However, prior studies in learning-based EMS either adopt a single-
predictor architecture, compare complete EMS strategies rather than
alternative predictors within a common controller, or do not focus on
hydrogen-battery railway applications within a unified MPC structure.
Consequently, the literature still provides limited guidance on how
predictor architecture affects closed-loop MPC energy-management
behavior when the train model and control formulation are held fixed.
This limitation is important because prediction quality directly shapes
the controller’s ability to anticipate future demand over the receding
horizon, thereby affecting hydrogen consumption, battery charge-
sustaining behavior, and fuel-cell loading stress. More importantly,
prediction accuracy alone does not necessarily determine EMS quality.
Different predictor architectures may yield distinct closed-loop control
responses, even when embedded within the same MPC framework.

Moreover, the reservoir-computing family, represented by Echo
State Networks, is especially underexplored in this context. Founda-
tional work on reservoir computing established its potential for
nonlinear sequence modeling and efficient recurrent computation [36,
37]. More recent evidence has shown strong Echo State Network (ESN)
capability in time-series forecasting [38]. Nevertheless, the suitability of
ESNs for learning-augmented MPC-based energy management in
hydrogen-train applications has not yet been clearly established. To
position the contributions more precisely, Fig. 1 summarizes represen-
tative prior work and highlights the narrower, unresolved question
addressed here: how changes in predictor architecture affect closed-loop
MPC energy management performance in hydrogen-battery hybrid
trains within a common control framework.

As illustrated in Fig. 1, prior work has addressed predictive and
learning-based railway and fuel-cell vehicle EMS domains, but a
controlled comparison of multi-architecture predictors within a fixed
hydrogen-train MPC loop, evaluated using closed-loop EMS outcomes,
remains underexplored. The present work addresses this gap through
three main contributions:

Prior literature

Peng et al. (2020)
£ FC hybrid raily

Causal adag

ehicle
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1. A systematic four-way comparison of Long Short-Term Memory
(LSTM), Gated Recurrent Unit (GRU), One-Dimensional Convolu-
tional Neural Network (1D-CNN), and ESN predictors within a uni-
fied learning-augmented MPC framework for hydrogen-battery
hybrid trains, enabling the effect of predictor architecture on closed-
loop EMS behavior to be isolated under a fixed plant and control
formulation.

2. A comprehensive closed-loop validation across three topographi-
cally diverse railway lines, establishing the relationship between
predictor behavior and EMS performance metrics, including
hydrogen consumption, component-degradation indicators, and
charge-sustaining behavior.

3. The formulation of deployment-oriented design guidance linking
operational priorities, such as fuel economy, component protection,
State of Charge (SOC) regulation, and computational budget, to
forecasting-architecture selection in learning-augmented MPC-based
EMS.

1.4. Selection of deep learning architectures

Four architectures were considered for comparison on the basis of
the following selection criteria: (i) it must represent a structurally
distinct family of sequence modelling approaches, so that the compari-
son spans a meaningful range of inductive biases; (ii) the model should
have documented precedent or a principled theoretical rationale for
energy time-series prediction tasks; and (iii) compatibility with real-
time MPC integration in line with railway traction system computa-
tional resources.

LSTM appears as an established recurrent baseline. Gated memory
cells allow the network to selectively retain or discard information over
arbitrarily long input sequences, addressing the vanishing-gradient issue
that limits simpler recurrent architectures. Train driving cycles exhibit
temporal structure at multiple scales, from fractional-second traction
transients to multi-minute station-to-station segments, and LSTM is
appropriate to capture this hierarchy. Its widespread adoption in hybrid
vehicle EMS research makes it the default reference point for assessing
other architectures.

LSTM GRU

Li et al. (2022)
©r H: EMU

MPC + self-trending prediction

Identified literature gap

\ 1D-CNN

Underexplored reservoir-computing
alternative

Deng et al. (2021a)
FC hybrid r.

No controlled comparison of multiple
predictor architectures within a fixed € Platform: Ho-battery hybrid train

—_— MPC-based hydrogen-train EMS, _—
evaluated by closed-loop energy-
Olmos et al. (2024) management outcomes.
o Hydrogen railway vehicle @  Framework: Unified learning-augmented MPC
mparative Al-based EMS Same plant Same MPC
Different p d-loop ralvay f e Comparison: Four predictor architectures

Song et al. (2024)
& FCvehicle

under fixed plant and controller formulation

Closed-loop ton
3 Italian railway lines

Predictive railway EMS, Al-based railway
EMS, and adja
vehicle EMS already exist, but no study

nt learning-augmented

provides a controlled multi-architecture
predictor comparison within a fixed
hydrogen-train MPC framework

Outputs: Hydrogen use, charge-sustaining
ll.  behavior, degradation indicators,
computational trade-offs

Outcome: Deployment-oriented
predictor-selection guidance

Fig. 1. Positioning of the proposed work relative to representative predictive and learning-based EMS studies for fuel-cell vehicles and hydrogen trains, and the gap

it addresses.
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GRU is a type of recurrent neural network and is a variant with fewer
parameters. By consolidating the forgetting gate and the input gate into
an integrated update mechanism, it operates with fewer parameters
while maintaining time-series modeling capabilities equivalent to LSTM.
This difference is important, especially in considering onboard deploy-
ment of the EMS. Given limited memory capacity and the need for
regular retraining, an architecture that trains quickly and requires little
storage without compromising predictive performance is advantageous.

1D CNN is selected to examine the hypothesis that local feature
extraction, without any recurrent state, is sufficient for the 10-step
prediction horizon demanded by the MPC. One-dimensional convolu-
tion identifies recurring local patterns and hierarchical features within a
fixed receptive field and has been applied to short-term electrical load
forecasting and predictive EMS in vehicles, yielding competitive results.
Including CNNs provides a structurally non-recurrent contrast to LSTMs
and GRUs, improving the interpretation of observed performance
differences.

ESN represents the reservoir computing paradigm. A large, sparsely
connected recurrent reservoir, initialized randomly and left untrained,
projects input signals into a high-dimensional dynamical state space;
only the linear readout weights are fitted by ridge regression. Elimi-
nating backpropagation through time yields training times and param-
eter counts far below those of gradient-trained recurrent networks. ESN
has shown particular strength in irregular, high-variance energy de-
mand signals. Its inclusion here constitutes, to the authors’ knowledge,
the first evaluation of reservoir computing for hydrogen train power
prediction.

The composition of this paper is as follows. Chapter 2 provides an
overview of the hydrogen train system and operations. Chapter 3 de-
scribes the component modeling approach for train dynamics, fuel cells,
and battery subsystems. Chapter 4 presents the deep learning architec-
tures for power demand prediction. Chapter 5 details the MPC formu-
lation and its integration with the trained predictors. Chapter 6 outlines
the system settings, data sources, and validation methodology. Chapter
7 provides the results in terms of prediction accuracy and energy man-
agement performance. Chapter 8 discusses its interpretations, limita-
tions, and future research directions, while Chapter 9 summarizes the
key findings.

2. System description

Hydrogen technology is becoming increasingly important in the
ecological transition, grounded in a model of sustainable development,
decarbonization, renewable energy, and pollution reduction. In railway
transportation, hydrogen trains represent a viable, environmentally
friendly alternative to diesel trains operating on non-electrified lines.

Traction Battery Pack

Energy and AI 25 (2026) 100839

A hydrogen train uses a hybrid architecture that combines fuel cells,
traction batteries, traction inverters, hydrogen tanks, and electric mo-
tors. Fig. 2 shows the schematic configuration of this train with indi-
cation of its power and energy conversion units.

In this hybrid architecture, energy and power management play a
critical role in train performance, as demonstrated by the diagram in
Fig. 3. The train’s energy and power performance can be assessed when
key operational constraints are defined:

e Mission profile (track gradient, curves, speed limits, climate, time-
table, passenger load, component health).

o Battery state of charge and power flow, which deeply affect battery
aging and lifetime.

Available onboard hydrogen, which determines mission autonomy.

The main objective of the EMS is to minimize total energy con-
sumption over the mission, reduce the total cost of ownership, and
maximize performance and component lifetime. This is achieved
through optimization processes that integrate mission data, component
characteristics, and real-time measurements.

The case study hydrogen train performance characteristics are
shown in Table 1 from a prior study that aimed to develop a modeling
and sizing optimization approach to evaluate the operational efficiency
and economic viability of these hybrid fuel cell-battery trains.

The motivation behind the present research is to improve energy
optimization, enhance operational efficiency, and accelerate innovation
in green mobility, contributing to a more sustainable future.

Battery ) Fuel cell

Fig. 3. Conceptual representation of power flow and energy management
(mng) coordination in the hybrid powertrain.

Traction Battery Pack

Traction Inverter

Fuel Cell

Traction Inverter

Electric Motor

Hydrogen Tanks

Electric Motor

Fig. 2. Powertrain architecture of the studied hydrogen-battery hybrid train, with its main components indicated.
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Table 1

Main specifications of the case-study hydrogen train [39].
Characteristics Value
Maximum weight [t] 216
Maximum acceleration-deceleration [m/s?] + 0.8
Maximum traction power [kKW] 1170
Train autonomy [km] 600
Total seats [-] 260
Rotary allowance A [%] 7.0

Energy and Al 25 (2026) 100839

Fresmance =A+Bv+ CVZ (2)

Where the coefficients A, B, and C represent rolling resistance, me-
chanical friction, and aerodynamic drag, respectively. For the Coradia
Stream H train, these coefficients were obtained from the manufacturer's
specifications and verified through simulations.

The grade resistance depends on the track alignment angle 6, while
the radius along the track r determines the curve resistance, and it is

3. Component modeling

The system modeling approach adopted in this work is based on a
Zero-Dimensional (0D) simulation framework that represents longitu-
dinal train dynamics, powertrain behavior, auxiliary unit, fuel cell
characteristics, and battery system [39]. This level of abstraction strikes
a balance between computational efficiency and the accuracy required
to develop energy management strategies.

The overall architecture of the proposed framework, depicted in
Fig. 4, integrates train dynamics, a machine-learning model for power
prediction, and an MPC-based energy-management strategy. MATLAB/
Simulink and Python are used as the main simulation development
environments.

3.1. Train longitudinal dynamics

The train’s motion is governed by Newton’s second law, balancing
tractive effort with resistive forces [40]. The equation is expressed as:

dv

thin& =F, traction — F, resistance F, grade — F, curve (1)

Where My, is the total train mass, v is velocity, Fyacion iS the tractive
force from the propulsion system, and the resistance force terms repre-
sent the total tractive resistance Fiesstance, grade resistance Fgrqqe, and
curve resistance F .

The total tractive resistive force is typically modeled using the Davis
equation [41]:

computed based on railway design practice:

Fgrade = MtraingSin(g) (3)
Fcur = 8001\?””‘“ g (4)

Where g is the gravitational acceleration and r the radius of
curvature.
The power demand at the wheel is given by:

Piemand (t) = Furaction (£)V(£) /Miransmission + Pawe (£) (5)

This power demand must be supplied by the fuel cell and battery
system and constitutes the input to the energy management controller.

Paux(t) represents auxiliary loads, such as Heating, Ventilation, and
Air-Conditioning (HVAC), lighting, and control systems, which are
modeled based on their power requirements with temperature varia-
tions.

Where 1, qnsmission dynamically models the combined efficiency of the
propulsion powertrain. While a constant efficiency accounts for steady
mechanical losses in the transmission gear.

The electric drive components are modeled dynamically to capture
operational non-linearities. The speed-dependent efficiency profile of
the traction motors was characterized via the JMAG simulation envi-
ronment, leveraging manufacturer nameplate data, available technical
specifications, and traction literature to approximate the non-linear
curve shown in Fig. 5.

In power electronics, while traction converters are generally highly
efficient, their performance varies nonlinearly with operating load and
power. To capture these dynamics, a modified traction converter model

10sec Energy Forecast

\ @@ ) Battery Power

Mechanical
Transmission |
Electric Propulsion

(e

Machine Learning

Predictor

10sec ahead
multi-step forecast
Fuelcell Power

Fuelcell Unit

Tractive Effort

Longitudinal Train

Dynamics

inputs: Speed,

output: Tractive Effort

\

Battery power command

Fuelcell power command

Traction power

Energy Management
Unit (MPC)

@

Total Power
Demand
(Traction power +
Auxiliary power)

inputs: total demand +

power forecast Auxiliaries

inputs: Ambient
Temperature,
occupancy

outputs: Fuelcell Power,
and Battery

output: Auxiliary power

J

7[:---- IIIIIIIII BB ogen () powerca (B B/ I 0N 0N OB B0
- o (o J [ o o

L==he

Fig. 4. Block diagram of the proposed learning-augmented MPC framework and its coupling to the train physical system, with the main signal exchanges between

subsystems indicated.
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Fig. 5. Speed-efficiency curve of the traction motor, approximated from JMAG simulation, showing the decline in efficiency with increasing rotational speed.

was established by cross-referencing validated electrical drive literature, 3.2. Fuel cell system

including performance evaluations of Silicon Insulated-Gate Bipolar

Transistors (Si IGBTs), silicon carbide Metal-Oxide-Semiconductor Fuel cells convert hydrogen gas into electrical energy through elec-
Field-Effect Transistors (MOSFETs), and hybrid switch topologies. trochemical reactions [44]. In this modeling approach, a
These benchmarked literature curves are compiled in Fig. 6, where the Si zero-dimensional quasi-static model based on polarization curves was
IGBT-based traction drive profile represents the specific non-linear adopted, which provides sufficient accuracy for energy management
behavior adopted for the inverter model in this study. studies while maintaining computational efficiency [45,46].

The fuel cell voltage is modeled as:

100 ' 100.0%
—Si IGBT only
——SISIC Hybrid 99.5% I/H'\_.
o~ SIC MOSFET only
99.5 99.0%
g z 985%
3 H
g 9 g 98.0%
8 —| W 975%
&
97.0%
9.5 |
96.5%
96.0%
98 : )
10 20 30 40 50 60 70 80 90 100 0% 20% 40% 60% 80% 100% 120%
Output Power [%)] 9% load e |GBT =il SiC

(@) (b)

99
98.8
98.6

98.4

Efficiency (%)

98.2

98 1 I 1 l 1 I 1 l 1 I
0 200 400 600 800 1000

Power (kW)

©

Fig. 6. Comparative traction-inverter efficiency profiles across switch topologies from the literature: (a) Si IGBT, Si/SiC hybrid, and SiC MOSFET traction drives [42];
(b) IGBT vs. SiC traction inverter [43], and (c) the Si IGBT-based profile adapted for the inverter model in this study. All panels plot efficiency against output power
or load.
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Vic = Enemst — Vact — Vohm — Vieone (6)

Where Enens is the thermodynamic open-circuit voltage, and Vi,
Vorm, and V.., represent activation, ohmic, and concentration over-
potentials, respectively [44,47].

For the fuel cell stack representative of ALSTOM hydrogen train
designs, polarization curves were derived from primary data and
adjusted using literature sources [3]. The electrical power output is
given by:

Prc = Vrclrc ()
Where Irc is the stack current. The hydrogen consumption rate is
calculated using a corrected form of Faraday’s law:
_ My, Irc
2Fngc

My, (8)
Where My, is the molar mass of hydrogen, F is Faraday’s constant,
and 77 is the Faradaic efficiency accounting for parasitic losses [44,45].
The performance degradation of fuel cells is mainly caused by load
cycling and operation at extreme power levels [7,48]. In this study, Fuel
Cell (FC) stress is quantified as the cumulative absolute variation in
output power:

Nerip
Stresspc = » _ |Prc(k) — Pre(k — 1)] ©)
k=1
k is the timestep index, and N, stands for the total number of
simulation time steps for the trip. This indicator correlates with mem-
brane degradation, catalyst dissolution, and carbon corrosion observed
in accelerated aging tests [48,49]. Lower stress values imply smoother
power profiles, which lead to longer fuel cell lifetime [7,50].

3.3. Battery energy storage system

The battery is modeled using the SOC dynamics:

M Pa(t)AL

at ¥ nom

SOC(t+1) = SOC(t) (10)
Where Qu, is the battery capacity, V., is the nominal voltage, and
My 1S charge/discharge efficiency. Battery capacity and power ratings
specific to the case study hydrogen train are considered in this work.
Performance degradation of the battery is affected by various factors
such as cycle depth, C-rate, temperature, and SOC operating range [51,
52]. Battery (bat) stress is calculated in a similar manner to the fuel cell:

Neip
Stresssa = Y _ |Ppar(k) — Poar(k — 1] an
k=1
This metric captures cumulative power cycling that causes capacity
reduction and impedance increase [9].
In addition, the charge sustaining is tracked through the absolute
SOC deviation:

ASOC = |SOC,ng — SOCyiqr| (12)

Charge-sustaining operation (ASOC ~ 0) ensures that the battery
returns to its initial state after a round trip by utilizing regenerative
braking power, preventing gradual discharge or overcharging.

4. Deep learning architectures for power demand prediction
4.1. Problem formulation

The power demand forecasting task is formulated as a univariate
time-series prediction problem. Given the past power demand
{Pdemand(t —L), ..., Paemana(t —1)} observed over a lookback window of
length L, the objective is to predict the future power demand

{ﬁdemand(t), oy ﬁdemand(t +H—-1)} over a prediction horizon of length H

Energy and Al 25 (2026) 100839

[23]. In this work, the lookback window L is set to 60 seconds, and the
prediction horizon H to a 10second timestep, providing sufficient his-
torical context and prediction horizon for effective MPC implementa-
tion. The model adopts a direct multi-horizon prediction strategy, i.e., a
multi-input multi-output formulation, which directly outputs the entire
prediction horizon as a vector [53].

The univariate configuration was selected to optimize the balance
between computational speed and model generalizability. Preliminary
development evaluations demonstrated that incorporating multi-feature
operational or topographic inputs did not yield a statistically significant
reduction in prediction errors. Consequently, the streamlined univariate
approach was maintained to minimize model complexity and eliminate
dependency on external sensor telemetry arrays.

4.2. Long short-term memory

The LSTM network addresses the vanishing gradient problem of
conventional RNNs through gated memory cells that selectively retain or
discard information over long sequences [54]. The update equations of
the LSTM cell are given by:

fi = o(Wylhe_1, X + by)

l;z = o(Wilh1,%] + b;)

C, =tanh(Wclh. 1,x] ‘tbC) 13)
C, =f,0C1+i,0C

o, = 6(Wolhi_1, %] + bo)

h, = o0, ® tanh(C,)

where f;, i;, and o; denote the forget, input, and output gates, respec-
tively; x; input vector at timestep t, C; cell state, E‘t candidate cell state,
C;_1 previous cell state, h, the hidden state, h, _; previous hidden state, ¢
sigmoid function, (Wy, W;, Wc, W,) weight matrices, (by, b;, bc, b,) bias
vectors, tanh (hyperbolic tangent) activation function, and ® indicate
element-wise multiplication.

LSTM networks can learn long-term dependencies [55] that are
important for capturing periodic patterns in rail power demand. The
implemented model consists of two stacked LSTM layers with dropout
regularization, followed by a dense layer outputting a 10-step
prediction.

4.3. Gated recurrent unit

GRU simplifies the LSTM architecture by integrating the forget and
input gates into a single update gate and merging the cell state with the
hidden state [56,57]. The GRU update equations are:

% (W he-1,%] + b;)
I = o(W;[he-1, %] + by) 14)
he = tanh(Wh[re © he1, %] + bp)

hh =1-2)0h1+20h

where z; represents the update gate and r; the reset gate. Compared to
LSTM, GRU has fewer parameters, which often leads to faster training
and lower risk of overfitting, while maintaining comparable perfor-
mance in many sequence modeling tasks.

The GRU model consists of two GRU layers with dropout and batch
normalization, followed by a dense layer that outputs the prediction
steps.

4.4. Convolutional neural network

Although CNNs are traditionally associated with spatial data, one-
dimensional convolution has proven effective for time series modeling
by learning local patterns and hierarchical features [58,59]. The 1D
convolution operation is defined as:
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K-1
Ye=) WiXek+b (15)
k=0

Where wy, are learnable filter weights, K denotes the kernel size, and b
is the bias term. Stacking multiple convolutional layers with increasing
dilation rates allows the network to capture patterns at different time
scales [58].

The adopted architecture consists of two 1D convolutional layers
with Rectified Linear Unit (ReLU) activation functions, followed by
dropout regularization, flattening, and a final dense layer that produces
a 10-step prediction. This hierarchical feature extraction method en-
ables CNN to identify temporal patterns [59] in power demand profiles,
such as acceleration, constant-speed, and braking phases.

4.5. Echo state network

ESN belongs to the reservoir computing paradigm, in which a large,
fixed, random recurrent network (the reservoir) projects input signals
into a high-dimensional space, and only the output weights are trained
[36,37]. The reservoir dynamics are described by:

x(t) = (1 —a)x(t — 1) + atanh(Wiu(t) + Weex(t — 1)) (16)

where x(t) is the reservoir state, u(t) is the input, Wi, and Wy, are the
fixed random input and reservoir weight matrices, and «a is the leaking
rate. The output is computed as:

Y(t) = Wouex(t) a7

where W, is trained by linear regression, typically ridge regression [37,
60]. This training approach is computationally efficient, requiring only
solving a linear system rather than iterative gradient descent [36].

The ESN is implemented using standard hyperparameter settings
(reservoir size, spectral radius, input scaling, leaking rate, and sparsity)
to balance dynamics and stability [37,60]. To guarantee network sta-
bility and satisfy the Echo State Property, the stochastic reservoir weight
matrix Wy is normalized by its maximum absolute eigenvalue and
scaled to a fixed spectral radius a < 1.

5. Model predictive control framework
5.1. MPC formulation

The energy management problem is formulated as a finite-horizon
optimal control problem solved at each timestep t [21]. The objective
function is defined as:

—1 5
J= [WSOC (SoC(i+1) — S0C™¥ (i + 1)) + Wiy, Poac (i)? + Wi, Py (i)?
—

+ Wanr, Apbar(i)2 + Wap, APfc(i)z} + pen

=

o

(18)
Subject to constraints:

Piem(i) = Pp(i) + Poa(i), i = 0, ..., p — 1 19)
SoC(i+1) = f(SoC(i), Ppa(i)) (20)
Poatmin < Ppar(l) < Pharmax @1
Premin < Pr(i) < Pmax (22)
S0Cmin < S0C(i) < S0Cpmax (23)
APpomin < APpat(i) < APpatmax (@)
APpmin < AP (1) < APfepmax (25)
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where p is the prediction horizon, SoC is the state of charge, SoC™ is the
reference state of charge, P represents power, and AP denotes the change
in power. The subscripts bat, fc, dem, identify the battery, fuel cell, and
demand, respectively, while min and max indicate the operational limits.
The index (i) refers to the current interval and (i+1) to the next pre-
dicted step.

The objective function balances several conflicting goals through
adjustable weighting factors (Wsoe, Wp,,., Wp,, Wap,,., Wap, ). These
include tracking the reference SoC trajectory to maintain battery charge,
limiting component degradation by penalizing excessive battery and
fuel cell power usage, reducing hydrogen consumption, and mitigating
rapid changes in power output to limit component stress [11,12]. A
penalty term (pen) is also included to relax constraints and keep feasi-
bility under predictive uncertainty.

The power-balance constraint ensures that the required traction
energy is met, while the discrete-time SoC dynamics govern the battery's
energy evolution. Constraints on component power limits, SoC bounds,
and power rate variations define the optimal operating range and pro-
tect against excessive performance degradation [7,8].

5.2. Quadratic programming reformulation

The fuel cell power trajectory is treated as a decision variable, while
the battery power is determined from the power balance constraint.
Quadratic penalties on fuel cell and battery power encourage operation
in high-efficiency regions, thereby indirectly reducing hydrogen use and
energy losses. Similarly, quadratic terms on power changes penalize
rapid transients, effectively estimating component stress and supporting
longer lifespans [11,29].

The resulting optimization problem can be expressed in the standard
Quadratic Programming (QP) form:

1
min 5xTQx +q'x

subject to Gx < h (26)

Ax=Db

The decision vector is x = [Pg(t), -+, Pe(t+p—1), SoC(t+1),
-+, SoC(t+p) }T, Q is the Hessian matrix of the quadratic cost function,
and g, G, h, A, and b represent the linear cost components and the
boundaries for inequality and equality constraints, respectively.

This QP is solved in real time using the active-set method. Within the
receding-horizon framework, solutions from the previous horizon are
used as warm starts, enabling fast convergence and low computational
latency.

5.3. Integration with deep learning predictors

The MPC controller requires future power demands
{Pdemand(t), -, Paemand(t +H —1)} across the prediction horizon [23]. In
the learning-augmented framework, these values are provided by
trained deep learning models. Although predicted values are used for
power splitting, the train's energy demand is satisfied in all
learning-augmented cases.

[ﬁdemand(t)7 weey ﬁdemand(t"!‘H_ 1)] :fDL([Pdemand(t_L>7 ---7Pdemand(t_ 1)])
27)

Where fp, represents the LSTM, GRU, CNN, or ESN predictor.
At each timestep, the workflow proceeds as follows:

1. Collect past power demand over the lookup window.

2. Normalize the inputs using training statistics,

3. Generate predictions with deep learning models, and inversely
normalize the predictions to their original scales.

4. Formulate and solve the MPC optimization problem,
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5. Apply the first control action, corresponding to the fuel cell output
setting point
6. Repeat the process by moving to the next timestep.

This receding-horizon strategy enables continuous adaptation to
system behavior and corrects prediction errors at each step via feedback.
The integration of the predictor and MPC combines the pattern-
recognition capabilities of deep learning with the constraint-handling
and effective optimization structure of model-based control [28,29].

5.4. Baseline strategy

For comparison purposes, a standard MPC controller without
learning-augmented prediction is implemented. The baseline assumes
constant power demand over the prediction horizon:

ﬁdema.nd (k):Pdemand (t_l)-, k:t7---7t+H_1 (28)

This persistence forecast represents a simple baseline prediction
strategy in predictive energy-management frameworks that rely on
future-demand forecasts [23]. Comparing the learning-augmented MPC
against this baseline isolates the value added by deep learning
prediction.

6. System setup and validation methodology
6.1. Data sources and route characteristics

The map in Fig. 7 illustrates the geographical locations, distances,
and line geometries of the railway routes used in the investigation of the
proposed EMS.

The study adopts typical hydrogen train parameters [39], and
combine existing line data with simulated mission profiles from three
distinct railway routes. These routes provide diverse topological and
operational characteristics for model validation.

1e6
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6.1.1. Training route: Brescia-Iseo-Edolo

The Brescia-Iseo-Edolo line serves as the primary training route. The
Coradia Stream H hydrogen train is currently undergoing a test run on
this line and is expected to enter official operation in 2026. This 103 km
non-electrified rail line spans varied terrain with an elevation change
from 130 m to 670 m above sea level, 34 intermediate stops, mixed
urban and rural operating environments, and a 2.5-hour driving time.

6.1.2. Validation route 1: Limone-Ventimiglia

This 70 km mountainous route includes diverse topography: a sea-
level to 1100 m elevation change, 9 intermediate stops, predominantly
tunneled coastal terrain, and a driving time of 3.5 hours.

6.1.3. Validation route 2: Firenze - Faenza

This 100 km route also features distinct operating conditions: an
elevation change from 50 m to 615 m above sea level, 17 intermediate
stops, flat agricultural terrain, and a driving time of 3.7 hours.

By considering these three different railway lines, the generalization
ability and route-dependent performance characteristics of the proposed
models can be effectively evaluated.

6.2. Model training and implementation

The models are trained on data from the company's high-fidelity
commercial simulation tool for the Brescia-Iseo-Edolo route. The
development process consists of the following steps:

1. Data preprocessing and normalization are performed. The power
demand profile is min-max scaled to the range [0,1] using statistics
derived from the training dataset.

2. An input sequence is generated using a 60-second sliding window,
and the corresponding 10-step future power demand is set as a target
value.

3. Dataset segmentation is applied in chronological order, with the first
80% of sequences being used for learning and the remaining 20% for
validation and testing.

Routes
w— Brescia — Edolo
Ferrovia Faentina
Limone — Ventimiglia

Brescia

- 1400

[Edoto] &=
o

s ~Geno
| Limone Piemonte
5.5 1 O
J
Ventimiglia

Moriaco,

Fig. 7. The three railway lines used as case studies: Brescia-Iseo-Edolo, Firenze-Faenza, and Limone-Ventimiglia, showing route geometry, station locations, and

track elevation.
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4. Deep learning models (LSTM, GRU, CNN) are trained end-to-end
using Adam optimizer and the mean square error loss function. In
contrast, ESN uses a fixed reservoir configuration, while the linear
readout layer is trained by ridge regression with L2 regularization
[37,60].

5. Finally, the trained model is evaluated on the Brescia-Iseo-Edolo test
set data, and further analyzed the generalization performance
through MPC-EMS on the other two routes.

All deep learning models are implemented using TensorFlow/Keras,
while ESN uses custom NumPy/scikit-learn implementations to ensure
consistency and reproducibility with established reservoir computing
practices.

6.3. Performance evaluation and validation
The validation process consists of three steps:
Step 1: Assessing prediction accuracy

Each trained model performs a 10-step-ahead prediction on a test
dataset from the Brescia-Iseo-Edolo line. To analyze performance char-
acteristics across the prediction horizon, the Mean Absolute Error
(MAE), Root Mean Squared Error (RMSE), and coefficient of determi-
nation (R?) are computed for each prediction timestep.

1&
MAE = = > il 29)
i=1
RMSE — , | - i(f —y)? (30)
“ N2 Yi—Yi
o1 S5 -
Z?Ll (yi _.)7)2

Step 2: Training route energy management

The learning-augmented MPC strategies (LSTM-MPC, GRU-MPC,
CNN-MPC, ESN-MPC) and the baseline MPC are simulated for the
Brescia-Iseo-Edolo round-trip route. Energy management performance
metrics are then calculated and compared, considering hydrogen con-
sumption, component stress, and SOC difference, using Eqs. (8-12).

Step 3: Validation routes generalization

The trained models with MPC controllers are simulated on the
Limone-Ventimiglia and Firenze-Faenza lines to evaluate their perfor-
mance. Energy management metrics are computed to analyze general-
ization capabilities and route-dependent performance characteristics.

All simulations use the same MPC parameters to isolate the effect of
prediction quality on energy management performance. The weights
(Wsoc, Wp,,.-Wp,,, Wap,,., Wap, ) of the MPC objective function determines
the trade-off between hydrogen consumption, component stress, and
charge sustaining [21]. In this study, balanced weights were used to
ensure an unbiased comparison. The weights were calibrated through an
iterative heuristic tuning process to ensure sustained full-battery charge
after a complete round trip, while balancing hydrogen consumption and
component stress limits. The parameter-tweaking process began with
uniform scaling of all cost terms, followed by iterative adjustments to
identify the weight combination that maximizes state-of-charge recov-
ery while maintaining hydrogen (Hz) fuel economy. However, in prac-
tical deployments, these weights can be adjusted based on operational
priorities and economic considerations [11,12]. For instance, increasing
the weight on hydrogen consumption prioritizes fuel economy, whereas

10

Energy and Al 25 (2026) 100839

increasing the weight on stress-related factors prioritizes component
longevity. Systematic weight tuning using multi-objective optimization
techniques can help identify optimal settings for specific operational
contexts.

7. Result
7.1. Prediction performance analysis

Fig. 8 presents the prediction accuracy metrics across the 10-step
forecast horizon for all four deep learning architectures evaluated on
the Brescia-Iseo-Edolo test set. MAE and RMSE are expressed in kW,
whereas R? is reported in its standard unit scale.

ESN showed good short-term prediction accuracy, achieving the
lowest MAE values (approximately 18-49 kW) and the least RMSE values
over the first three timesteps. This strength stems from the fact that high-
dimensional random projections of the reservoir effectively capture the
instantaneous temporal dynamics. Across the initial timesteps, the 1D
CNN exhibits moderate performance (MAE = 43-91 kW) and exploits
hierarchical feature extraction for local patterns. LSTM and GRU yield
relatively higher errors (MAE ~ 56-104 kW), indicating lower sensitivity
to very short-term fluctuations compared to ESN and CNN-based
models. All models score excellent goodness of fit, with R* values
exceeding 0.89 at timestep 1, gradually decreasing to about 0.73-0.75 by
timestep 3.

As the prediction horizon increases, all models showed the expected
degradation in performance, with MAE and RMSE increasing and R?
decreasing. ESN maintained the lowest overall error (MAE =~ 87-103 kW,
RMSE = 249-276 kW), but the relative performance decline may reflect
the absence of trainable recurrent gates for preserving long-range tem-
poral information [37,60]. LSTM and GRU followed (MAE ~ 136-170
kw, RMSE 324-360 kW), benefiting from gate architectures
providing moderate long-term robustness [54,56]. CNN experienced the
largest performance degradation (MAE ~ 158-203 kW, RMSE ~ 323-363
kW), suggesting weaker handling of the longer temporal structure of the
forecasting task [58,59]. The R? values for all models fell from >0.89 in
timestep 1 to about 0.34-0.36 in timestep 10, implying increased un-
certainty in capturing magnitude and variability across long-term
horizons.

Fig. 9(a) illustrates the model performance during a high-power
traction interval in the Brescia-Iseo-Edolo test cycle, showing a sample
of the multi-stage power-demand forecast over a 50-second window.
GRU and ESN tracks actual profiles most closely, while LSTM struggles
to preserve peak magnitude and shapes. CNN shows larger deviations
over the continuous high-power interval. Fig. 9(b) presents a represen-
tative prediction interval during a regenerative braking phase. ESN
again achieves the closest match to the actual power in the short term,
while LSTM and GRU show distinct deviations during the transition
period, though they capture the overall trend. CNN and ESN show good
short-term accuracy but display increasing divergence during the re-
covery phase.

These predictive properties provide implications for the MPC per-
formance calculated for the overall driving simulation. Good accuracy
across the ESN horizon, especially in the short-term phase, could enable
precise control decisions and potentially support robust multi-step
optimization.

However, as detailed in the following sections, the LSTM and GRU
architectures exhibit strong closed-loop MPC performance despite
higher prediction errors, which may be related to their ability to learn
persistent patterns of power demand [28,29]. While CNN's intermediate
prediction performance suggests moderate potential, the actual MPC
effects appear limited and inconsistent across routes.

~

7.2. Training route performance (Brescia-Iseo-Edolo)

Table 2 presents energy management performance on the Brescia-
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Fig. 8. Prediction performance of the four models across the 10-step horizon: R? (left axis) and RMSE/MAE (right axis, kW).
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Fig. 9. Sample actual vs. predicted power for the four models: (a) a traction interval and (b) a regenerative-braking interval.

Table 2
Energy management performance on the Brescia-Iseo-Edolo route, comparing
the standard MPC with the four learning-augmented strategies.

Strategy Hz Reduction FC Stress Battery Stress A SOC
(%) Mw) mMw) (%)
Standard Baseline (0) 60.0 238.5 0.12
MPC
LSTM-MPC 8.4 55.5 202.0 0.00
GRU-MPC 2.3 57.3 208.0 0.00
CNN-MPC 20.3 67.5 214.0 0.00
ESN-MPC 6.0 56.0 208.0 0.00

Iseo-Edolo training route, comparing the baseline MPC with four
learning-augmented strategies.

The reductions in hydrogen consumption (kg) and battery energy
usage (kWh) for the learning-augmented MPC cases relative to the
reference MPC are also shown in Fig. 10.

7.2.1. Hydrogen consumption

CNN-MPC achieved the highest reduction in hydrogen consumption,
at 20.3%, on the training line. This suggests the predictor was effective
in supporting fuel-economy-oriented control actions under the training-

11

route conditions. LSTM-MPC recorded a decrease of 8.4%, and ESN-MPC
and GRU-MPC a decrease of 6.0% and 2.3%, respectively. The relatively
conservative performance of GRU-MPC is consistent with high predic-
tion error and indicates that optimizing hydrogen consumption on the
training line can be sensitive to overall prediction accuracy or to dif-
ferences in learned patterns [56,57]. Nonetheless, all
learning-augmented strategies outperform the baseline MPC, confirming
that even moderate predictive improvements lead to measurable fuel
savings.

7.2.2. Fuel cell stress

LSTM-MPC achieved the lowest fuel cell stress at 55.5 MW, a 7.5%
reduction from the 60.0 MW baseline MPC. This result is consistent with
the LSTM-based predictor promoting a smoother fuel-cell power profile
with fewer abrupt load changes. Reduced cumulative power fluctuations
support longer membrane life and reduced catalyst dissolution, with
possible cost benefits [48,50]. ESN-MPC and GRU-MPC achieved similar
stress levels of 56.0 MW and 57.3 MW, respectively, showing a moderate
decrease in stress. It should be noted that CNN-MPC increased fuel cell
stress to 67.5 MW, representing a 12.5% increase from the baseline. This
deterioration is due to CNN's more frequent adjustments to fuel cell
output to take advantage of predicted demand fluctuations, while
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Fig. 10. Cumulative reduction in (top) hydrogen and (bottom) battery-energy consumption along the Brescia-Iseo-Edolo round trip, for each learning-augmented

MPC relative to the baseline MPC.

aggressively optimizing hydrogen consumption, indicating the funda-
mental trade-off between fuel economy and component life [6,61].

7.2.3. Battery stress

LSTM-MPC achieved the lowest battery stress at 202.0 MW, corre-
sponding to a 15.3% reduction relative to the baseline of 238.5 MW. This
improvement could be attributed to a smoother battery power profile
enabled by the LSTM predictions, reducing cumulative cycling and
aggressive fluctuations and thereby mitigating capacity reduction and
impedance gains [8,9]. GRU-MPC and ESN-MPC yield similar battery
stress levels of 208.0 MW (12.8% reduction), indicating moderate bat-
tery protection performance. CNN-MPC recorded 214.0 MW (10.3%
reduction), outperforming fuel cell stress performance but still falling
short of LSTM.

Consistently observed battery stress reduction across all learning-
augmented strategies reflects an improvement in the adjustment of the
power contribution of fuel cells and batteries, made possible by future

demand forecasting and subsequent power distribution optimization.
The change in battery state of charge throughout the round trip at the
Brescia-Iseo-Edolo line is shown in Fig. 11.

7.2.4. Battery charge sustaining

All learning-augmented strategies achieved perfect charge-
sustaining (ASOC = 0.00%) compared with a 0.12% deviation from
the reference MPC. This improvement demonstrates that precise power-
demand predictions enabled MPC controllers to balance battery
charging and discharging throughout the round-trip operation, pre-
venting progressive SOC drift that could undermine operational reli-
ability. The achievement of charge sustaining across all architectures
suggests that this objective is relatively insensitive to differences in
prediction accuracy, since only moderate improvements in prediction
accuracy provide sufficient information for MPC to maintain SOC
regulation [11,12].
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Fig. 11. Battery state-of-charge profile along the Brescia-Iseo-Edolo round trip for the baseline and learning-augmented MPC strategies.

12



Y.B. Jember et al.

7.2.5. Implications for the training line

The proposed EMS outputs in the training line demonstrate a
fundamental inconsistency between operating objectives. CNN-MPC is
ideal for applications that maximize hydrogen savings while prioritizing
fuel economy over component life at the cost of increased fuel cell stress.
LSTM-MPC is balanced, offering moderate hydrogen savings and
maximum stress reduction, making it suitable for component-life-
priority applications. GRU-MPC and ESN-MPC deliver comparable per-
formance across all objectives. This trade-off reflects the conflicting
nature of energy management goals. Aggressive fuel cell load following
minimizes hydrogen consumption but increases stress, while conserva-
tive driving extends component life but sacrifices fuel economy.
Therefore, the choice of strategy should depend on operational prior-
ities, economic factors, and route characteristics.

7.3. Validation routes performance

Tables 3 and 4 present energy management performance on the two
validation routes, assessing the generalization capabilities of the pro-
posed learning-augmented MPC strategies. The corresponding varia-
tions in hydrogen and battery energy reductions, together with the SOC
profiles along the routes, are plotted in Figs. 12 and 13.

7.3.1. Limone — Ventimiglia route analysis

On the Limone-Ventimiglia line, GRU-MPC achieved the highest
hydrogen consumption reduction of 5.8%, demonstrating superior
generalization compared to conservative performance (2.3%) on the
training route. These improvements suggest that the pattern learned by
GRU was particularly suited to the characteristics of the Limone-
Ventimiglia route, including long distances between stops and predict-
able coastal terrain. Additionally, GRU-MPC recorded the lowest fuel
cell stress at 24.5 MW, which shows effective component protection with
a 5.8% reduction from baseline. However, it has a 30.2% SOC deviation,
indicating the lowest charge sustaining performance among all strate-
gies. This suggests GRU's optimization for hydrogen savings and stress
reduction came at the expense of SOC balance on certain routes.

LSTM-MPC attained perfect charge sustaining (0.00% deviation)
while maintaining moderate hydrogen savings (2.2%) and reduced
battery stress. This balanced performance demonstrates that LSTM is
particularly appropriate for operational deployments where charge
sustaining is crucial. In addition, LSTM-MPC achieves the highest bat-
tery energy reduction of 37.8% on the Limone-Ventimiglia route. On this
route, CNN-MPC performed poorly relative to the training line, with a
hydrogen reduction rate of only 1.4%, and fuel cell stress increased to
30.5 MW (a 17.3% increase over baseline). This reduction indicates a
lack of generalization, likely due to CNN-trained convolutional filters
overfitting specific patterns in the training line and failing to generalize
to the different topographic properties of Limone-Ventimiglia.

ESN-MPC obtained moderate performance (1.4% hydrogen reduc-
tion, 26.4% battery energy reduction, 7.3% SOC deviation) across all
metrics. Relatively good charge-sustaining performance reflects ESN's
short-term prediction accuracy, enabling effective SOC management

Table 3
Energy-management performance on the Limone-Ventimiglia route, comparing
the standard MPC with the four learning-augmented strategies.

Strategy H: Battery kWh FC Battery A SOC
Reduction Reduction (%) Stress Stress (%)
(%) (MW) (MW)
Standard Baseline (0) Baseline (0) 26.0 175.6 23.2
MPC
LSTM- 2.2 37.8 27.0 160.0 0.00
MPC
GRU-MPC 5.8 14.7 24.5 164.6 30.2
CNN-MPC 1.4 28.6 30.5 224.0 2.7
ESN-MPC 1.4 26.4 25.0 164.3 7.3

13

Energy and Al 25 (2026) 100839

Table 4
Energy management performance on the Firenze-Faenza route, comparing the
standard MPC with the four learning-augmented strategies.

Strategy H: Battery kWh FC Battery A SOC
Reduction Reduction (%) Stress Stress (%)
(%) (MW) (MW)
Standard Baseline (0) Baseline (0) 34.9 260.0 0.8
MPC
LSTM- 7.5 3.8 36.3 232.2 0.07
MPC
GRU-MPC 13.4 6.7 29.4 240.0 18.4
CNN-MPC 0.0 21.5 53.7 331.0 15.1
ESN-MPC 5.3 34.4 31.4 240.9 0.01

even on new routes.

7.3.2. Firenze - Faenza route analysis

GRU-MPC yielded a 13.4% reduction in hydrogen, recording the best
fuel economy among all strategies on the Firenze-Faenza route, while
LSTM-MPC achieved a 7.5% reduction. This improvement on the
Firenze-Faenza route suggests that the long-term predictive capability of
recurrent architecture is particularly effective on routes where power
profile prediction is easier. GRU-MPC achieved a fuel cell stress of 29.4
MW, while LSTM-MPC resulted in 36.3 MW. Both models maintained
low battery stress, with LSTM-MPC achieving 232.2 MW and GRU-MPC
at 240.0 MW. However, GRU-MPC showed a SOC deviation of 18.4%,
indicating that aggressive optimization for hydrogen reduction partially
compromised SOC balance, whereas LSTM-MPC maintained a deviation
of only 0.07%.

ESN-MPC reached the highest battery energy reduction, 34.4%, on
the current route. These results demonstrate enhanced regenerative
braking optimization capabilities, with precise short-term power man-
agement that responds quickly to braking events, maximizes energy
recovery, and maintains a smooth charge/discharge profile. Notably, it
also achieved near-perfect charge sustaining (0.01% SOC deviation),
attributable to short-term prediction accuracy, enabling precise SOC
management.

CNN-MPC failed on this route, with hydrogen reduction of 0.0%,
while fuel cell stress deteriorated to 53.7 MW (53.9% increase) and
battery stress to 331.0 MW (27.3% increase). This confirms CNN's
limited ability to generalize to new routes and indicates that the learned
convolutional patterns did not transfer effectively to the characteristics
of the Firenze-Faenza route.

8. Discussion
8.1. Cross-route patterns and overall insights

Comparing the performance between routes reveals the generaliza-
tion characteristics of each architecture. LSTM shows consistent inter-
mediate performance on all routes, best stress reduction on the training
route, and higher SOC stability on the Firenze-Faenza route. GRU
demonstrated variable performance, outstanding on the Limone-
Ventimiglia (5.8% hydrogen reduction) and Firenze-Faenza (13.4%
hydrogen reduction), but underperforming on the training route (2.3%
hydrogen reduction). CNN shows strong performance (20.3% hydrogen
reduction) on the training route but fails on the validation routes,
indicating severe overfitting. ESN shows moderate but consistent per-
formance across all routes, with excellent charge-sustaining
performance.

These patterns demonstrate that recurrent architectures (LSTM,
GRU) generalize better to new routes than CNNs. The decline in tracking
accuracy for the CNN across unseen routes stems from structural over-
fitting to the localized demand of the training line. Unlike sequential
networks that leverage recurrent loops to model generalized temporal
dynamics, a CNN uses fixed-size, localized kernel filters that extract
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o 7
< 6 -] — GRUMPC (Highest)
S 4 — LsTMMmPC

57 — Esnmprc

4 —

—— CNN MPC (Lowest)

0 10 20 30 40 50

60
Track Distance (km)

80
70 mmm Batt: ESN (max)
= I Batt: LSTM
60 S mmm Batt CNN
8 Batt: GRU (min)
59 ? — soc:su
—— SOC:LSTM
40 —— S0OC: GRU
—— SOC: CNN
—— SOC:ESN
70 80 90 100

Fig. 13. EMS performance of the learning-augmented MPC strategies relative to standard MPC on the Firenze-Faenza route: hydrogen reduction (top) and battery-

energy reduction with SOC profiles (bottom).

rigid, shape-specific feature configurations defined by the training
route's historical cycles. When evaluated on unseen routes, these fixed-
kernel mappings fail to generalize because the underlying localized
demand frequencies, station spacing, and acceleration durations vary,
leading to localized forecasting deviations that propagate into the
optimization loop. Conversely, the ESN's consistent performance reflects
the reservoir's general-purpose temporal processing capabilities, main-
taining tracking stability across all profiles.

Furthermore, these cross-route findings reveal how forecasting er-
rors interact with the closed-loop optimization strategy. Although multi-
horizon prediction accuracy decays at later time steps, the receding-
horizon mechanism executes only the initial control step, then re-
freshes the optimization space with real-time state feedback. This,
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combined with the high local trajectory stiffness provided by a heavily
weighted state-of-charge objective, prevents forecasting errors from
propagating or destabilizing the charge-sustaining performance across
different routes.

To summarize, the energy-management analysis highlights four
main findings. Low forecasting error alone does not guarantee optimal
closed-loop model predictive control performance, underscoring the
importance of alignment between predictor behavior and control ob-
jectives. Recurrent architectures, particularly Long Short-Term Memory
and Gated Recurrent Unit, show stronger cross-route generalization in
closed-loop energy-management performance, indicating better transfer
of control-relevant temporal dynamics. Short-horizon predictive fidelity
is especially important for maintaining charge-sustaining behavior. In
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contrast, the One-Dimensional Convolutional Neural Network is limited
in multi-route deployment because of overfitting to the training route.
These findings provide practical guidance for model selection. Fig. 14
summarizes trade-offs in a decision flowchart that maps operational
priorities to the most appropriate predictor architecture.

Echo State Network is suitable when predictive precision and state-
of-charge stability are prioritized. Long Short-Term Memory and
Gated Recurrent Unit are more fitting when fuel economy, component
protection, and cross-route generalization are the main priorities. The
One-Dimensional Convolutional Neural Network should be used with
caution in heterogeneous operating scenarios.

8.2. Computational cost and deployment feasibility

Fig. 15 compares the training time, memory usage, and parameter
counts of the evaluated machine learning models. The reservoir model
has the smallest hardware footprint, while the convolutional network
requires the most computation. All four architectures can run on
embedded processors used in Train Control and Management Systems
(TCMS). Modern industrial TCMS units typically allocate several
megabytes of non-volatile memory for diagnostics and prediction tasks.
The maximum memory footprint of these prediction models represents a
small overhead, preserving the vehicle's core processing bandwidth.
Integrating the predictor is direct: it receives the current power demand
and provides a 10-step forecast to the MPC solver at each cycle.

To ensure stable, deterministic behavior during rapid sampling, each
network must operate within TCMS constraints. Gated recurrent net-
works require consistent onboard memory: LSTM uses up to 115 kB,
while GRU reduces this to about 90 kB by merging internal states and
eliminating the output gate. CNNs avoid temporal feedback through
parallel multiply-accumulate steps but require up to 233 kB of memory

Deploy Al-augmented MPC on
Hz-battery hybrid train?

Memory
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and overfit spatially with 59,738 parameters, making fast training for
new routes impractical. ESNs minimize the parameter count to 10,010
with an 80 kB cache by fixing the reservoir and training only the linear
output layer. This lowers latency, enables online adaptation, and re-
duces retraining time to 6.3 minutes, compared with 15-18 minutes for
gated models. All rely on receding-horizon optimization, executing only
the initial action each cycle, which limits multi-step error and onboard
latency.

A further practical consideration is software safety. The learning-
augmented model predictive control framework retains a deterministic
numerical solver as the decision layer; the deep learning component
provides an informational forecast rather than a direct control action.
This structural separation simplifies the safety case and supports
compliance with the existing railway software safety integrity standard.

8.3. Limitations and future direction
The limitations in the present work can be identified as follows:

1. The deep learning models rely on deterministic predictions. Point
predictions may not capture uncertainties, which can be useful for
robust MPC design. Probabilistic deep learning predictions could
enable optimization that accounts for uncertainty.

2. A fixed prediction horizon is adopted. Although the 10-step horizon
aligns with common MPC practices, it may not be optimal for all
routes or objectives. Adaptive horizon selection based on prediction
confidence could further improve performance.

3. A simplified performance degradation model is used for component
health analysis. The adopted stress metric provides a first-order
approximation of component aging but does not capture complex
phenomena such as temperature effects, SOC-dependent aging, and

MODEL KEY

B ESN Echo State Network

B GRU Gated Recurrent Unit

@ LSTM Long Short-Term Memory

KPI — Key Performance Indicator
Min. — Minimisation
Reg. — Regulation
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Fig. 14. Priority-based decision flowchart for predictor selection.
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Fig. 15. Computational efficiency of the four models, comparing training time (x-axis), memory (y-axis), and parameter count (bubble size and color).

natural degradation with time. Integration with detailed electro-
chemical models could enable more accurate lifetime prediction.

And some of the potential extensions from this research are
explained below:

1. Testing with hardware-in-the-loop to verify the performance of the
proposed system under real-world conditions with sensor noise,
communication delays, and safety constraints.

2. Incorporating the hydrogen fuel cost term and maintenance costs
into the MPC objective functions to optimize operational economics
over purely technical indicators.

3. Developing a hybrid architecture combining the short-term accuracy
of ESN with the long-term capabilities of LSTM in a hierarchical
structure to achieve better prediction and EMS performance.

9. Conclusion

This study examines the influence of demand-predictor architectures
(Long Short-Term Memory, Gated Recurrent Units, One-Dimensional
Convolutional Neural Networks, and Echo State Networks) on a
closed-loop, learning-augmented Model Predictive Control framework
for power splitting in hydrogen-battery hybrid trains. Evaluating all four
networks on one training and two validation routes against a standard
Model Predictive Control baseline yields three key insights:

1. Predictor architecture critically affects energy management,
impacting hydrogen consumption, component stress, and State of
Charge regulation independently of forecast accuracy. Notably, the
most precise predictor (the Echo State Network) does not outperform
others; gated recurrent architectures deliver superior closed-loop
control. Selection should be based on closed-loop metrics over
forecasting precision.

2. Systematic trade-offs enable tailored deployment: Gated Recur-
rent Units serve as a default baseline, balancing hydrogen savings
and powertrain component health; Echo State Networks offer
resource-efficient, near-optimal State of Charge regulation; Long
Short-Term Memory excels in component stress minimization; and
One-Dimensional Convolutional Neural Networks are not recom-
mended due to poor cross-route generalization.

3. Out-of-distribution robustness is essential. While the One-
Dimensional Convolutional Neural Network fails on unseen routes,
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the gated recurrent and Echo State network configurations remain
robustly reliable. Evaluation must emphasize cross-route general-
ization over localized in-distribution fit.

These findings provide a rigorous, priority-driven framework that
elevates demand-predictor selection from isolated algorithm bench-
marking to a definitive deployment strategy to optimize the fuel cell-
battery power split within an advanced, learning-augmented Model
Predictive Control architecture for hydrogen-powered rail systems.
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