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A B S T R A C T   

This paper aims to answer how to effectively integrate the data-driven method into the traditional predictive 
energy management algorithm rather than replacing it outright. Given the challenge of selecting an appropriate 
prediction horizon for predictive energy management, this study seeks to bridge traditional predictive energy 
management with machine learning approaches, thereby presenting a novel bi-level predictive energy man
agement strategy for fuel cell buses with multi-prediction horizons. In the upper layer, the core parameter, 
prediction horizon, of the traditional model predictive control energy management framework is optimized using 
two distinct data-driven methods. The first method employs deep learning to establish a mapping relationship 
between the vehicle states and the optimal prediction horizon through deep neural networks. The second method 
utilizes reinforcement learning to obtain the best prediction horizon under varying vehicle states through 
intelligent agent exploration. In the lower level, predictive energy management is performed on fuel cell buses 
based on optimization levels. Finally, the proposed strategy is validated using test data from actual fuel cell 
buses. The results demonstrate that two data-driven methods, based on the optimal ΔSoC approximation and the 
deep reinforcement learning, can select the appropriate prediction horizon more conducive to energy saving 
according to the vehicle states. Regarding energy consumption, the multi-horizon predictive energy management 
based on deep reinforcement learning exhibits a remarkable reduction in energy consumption by 7.62 %, 4.55 %, 
4.60 %, and 7.80 %, when compared with the predictive energy management employing fixed prediction ho
rizons of 5 s, 10 s, 15 s, and 20 s, respectively. Furthermore, it outperforms the multi-horizon predictive energy 
management approach based on the optimal ΔSoC approximation by 3.59 %.   

Introduction 

Background 

As an essential carrier of hydrogen energy application, the devel
opment of fuel cell buses (FCBs) is a crucial part of realizing energy 
structure reform [1] and the application of sustainable energy [2]. 
Therefore, the development of FCBs has important practical significance 
for countries committed to reducing carbon emissions [3]. Due to the 
hysteresis of the fuel cell (FC) power output response, to adapt to 
complex vehicle driving conditions, an additional energy source that can 
provide transient response power is usually added to the fuel cell system 
[4], such as lithium batteries or supercapacitors [5]. The combination of 

multiple power sources makes the operating mode of the power system 
more diverse [6]. Therefore, effective energy conversion and manage
ment have become the key to fuel cell systems to improve energy effi
ciency, extend component life, and enhance adaptability to operating 
conditions. 

Literature review 

The research on energy management strategies for fuel cell vehicles 
has been enhanced with the attraction of fuel cell vehicles in recent 
years. In addition, the multi-source powertrain structure makes it easy to 
migrate the traditional energy management strategy from hybrid elec
tric vehicles to fuel cell vehicles. At present, the energy management 
strategies (EMSs) of fuel cell hybrid electric vehicles mainly include 
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rule-based EMSs, which are subdivided into thermostat control [7], 
power follow command [8], filter control [9], state machine control 
[10], fuzzy control [11–13], synovial control [9], etc. Optimization- 
based EMSs are divided into linear programming (LP) [14], dynamic 
programming (DP) [15], convex optimization [16], Pontryagin mini
mum principle [17,18], equivalent consumption minimization strategy 
[19] and model predictive control (MPC) [20], etc. The advantages and 

disadvantages of the main algorithms are shown in Fig. 1. 
Get benefits from the continuous progress of computer computing 

power and prediction methods based on artificial intelligence, the pre
diction accuracy of the future states of vehicles in complex environments 
is getting higher [1]. In conjunction with the real-time and robustness 
advantages of MPC, the optimal local solution of EMS based on MPC is 
approaching the optimal global one. The system’s performance is 

Nomenclature 

DB-PEMS data-driven bi-level predictive EMS 
DNN deep neural network 
DP dynamic programming 
DQN deep Q-network 
DRL deep reinforcement learning 
EMS energy management strategy 
FC fuel cel 
FCB fuel cell bus 
Ft driving force 
Ff rolling resistance 
Fw air resistance 
Fi ramp resistance 
Fj acceleration resistance 
Ttq driving torque 
i0 transmission ratio of the final reduction 
ηT mechanical efficiency of the drive train 
r wheel radius 
G vehicle gravity 
EPS energy consumption of power system 
Ebat energy provided by battery 
f rolling resistance coefficient 
α road slope 
CD air resistance coefficient 
A windward area 
v vehicle speed 
δ rotating mass conversion coefficient 
m vehicle mass 
Vbat output voltage of the battery 
Ebat open circuit voltage of the battery 
Vpol voltage drop caused by polarization 
Ibat battery current 
Rbat battery ohmic resistance 
Cpol battery polarization resistance 
Rpol battery polarization capacitance 
Pbat\_load load power of the battery 
u control variable 
Cbat initial capacity of the battery 
Tm torque of the drive motor 
nm rotational speed of the drive motor 
Ebat energy consumption of the battery 
ΔPfc change in output power of FCS 
χ weight coefficients of equivalent hydrogen energy 

consumption 
ζ weight coefficients of the fluctuation degree of power 

output of the FCS 
φ conversion coefficient of electricity consumption into 

hydrogen consumption 
fDNN\_SoC DNN-based optimal ΔSoC predictor 
X input of DNN-based optimal ΔSoC predictor 
Y output of DNN-based optimal ΔSoC predictor 
hp prediction horizon 
hp∗ optimal prediction horizon 
fBiLSTM\_NN BiLSTM-based speed predictor 

Input input of BiLSTM-based speed predictor 
Output output of BiLSTM-based speed predictor 
FCS fuel cell system 
LSTM Long Short Term Memory 
MAE mean absolute error 
MPC model predictive control 
PEMFC proton exchange membrane fuel cell 
PEMS predictive energy management strategy 
SoC State of charge 
SoC_DP SoC obtained via DP 
SoC_ΔSoC SoC obtained by accumulating the predicted ΔSoC 
P resistance power 
Pm output power of the drive motor 
Preq demand power of the power system 
Pbat energy conversion efficiency of the battery 
Pfc output power of the battery 
ηfc efficiency of the FCS 
ηbat output power of the FCS 
ηDC DC/DC converter efficiency 
ηm drive motor efficiency 
SOCint initial SOC 
Efc energy provided by fuel cell system 
Vcell voltage of individual PEMFC 
E0 ideal voltage source 
Ifc output current of FC 
Ract resistance of activation loss 
Rohmic resistance of ohmic loss 
Rcon resistance of concentration loss 
Vact activation loss voltage 
Vohmic ohmic loss voltage 
Vcon concentration loss voltage 
Vstack voltage of PEMFC stack 
Ncell number of fuel cell cells 
Pfc\_load required power of FCS 
Pfc\_out total output power of FCS 
Pfc\_aux required power of the FCS accessories 
Vec thermal voltage 
x state variable 
w disturbance variable 
J optimization fuction 
Efc energy consumption of the FCS 
s driving distance 
a Vehicle acceleration 
P caculated demand power of vehicle 
Q action-value function of DRL 
R reward function value 
stat state variables of DRL 
actt action variables of DRL 
θ weight parameter of the DQN network 
β weight coefficient of the DQN network 
Act action set of DRL 
S state set of DRL 
pa accelerator pedal signal 
pd deceleration pedal signal  

M. Li et al.                                                                                                                                                                                                                                       



Energy Conversion and Management: X 20 (2023) 100414

3

contingent on accurately predicting future operating conditions, 
including speed and power demand, as this is a prerequisite for devel
oping effective energy management strategies. Precise predictions of 
future power demand can increase strategic time allowance, thus 
achieving energy conservation and optimizing the lifespan of power 
sources. Consequently, accurately predicting driving conditions remains 
a hot and challenging issue. 

The accuracy and adaptability of future working conditions need 
improvement due to early limitations in information acquisition and 
data mining technology capabilities. C Sun et al. explored various pre
diction methods, including exponential prediction, Markov chain pre
diction, and neural network prediction, and discussed the impact of 
tuning parameters on prediction effectiveness [21]. Kolmanovsky Ilya 
et al. analyzed the impact of deterministic models, such as autore
gressive moving averages and nonlinear autoregressive models, on 
speed prediction accuracy [22]. Khajepour et al. proposed an average- 
based working condition predictor [23]. Vatanparvar et al. trained a 
novel context-aware NARX model based on the historical behaviour of 
real drivers, recent driving reactions, and average route speed to enable 
long-term estimation [24]. Ravey et al. achieved speed working condi
tion prediction in various driving scenarios through real-time recogni
tion of transition probability matrices [25]. Yang et al. combined much 
actual driving cycle data and established stochastic driving behaviours 
as a probability transition matrix for vehicle torque demands [26]. Guo 
et al. designed a vision-based variable field of view speed predictor 
based on K-means and radial basis neural networks [27]. Considering 
the driving route information, Tang et al. used extreme learning ma
chines to establish a speed working condition predictor [28]. With the 
rapid development of information mining technology and intelligent 
transportation system information acquisition technology, the acquisi
tion of multi-source traffic information has become possible. Machine 
learning algorithms represented by deep learning provide a foundation 
for the deep mining of complex multi-source data. Mi C C et al. predicted 
speed and battery power based on the information interaction of con
nected vehicles [29]. Guanetti et al. considered the uncertainty of traffic 
signal timing at road intersections and used data-driven methods based 
on empirical sample data to formulate speed planning [30]. Egardt et al. 
considered the terrain, speed, powertrain efficiency, traffic lights, in
tersections, acceleration and braking effects in predicting speed [31]. 
Based on historical working condition information, Lv et al. used deep 
learning algorithms to predict traffic flow characteristics [32]. By inte
grating V2V and V2I information, He H et al. used particle swarm 
methods to optimize the initial values of extreme learning machines to 
improve speed prediction accuracy [33]. Zhang et al. proposed a speed 
profile prediction method based on a specific physical network system 
architecture and verified the accuracy of speed distribution prediction 
through hybrid electric vehicles [34]. The addition of multi-source in
formation has improved the accuracy of short-term working condition 

prediction, and the current speed prediction accuracy has exceeded 90 
%, providing a good starting point for energy management strategy 
development. Although deep learning-based prediction methods have 
significantly improved the accuracy of speed working condition pre
diction, in data-driven working condition prediction methods, the 
connection between prediction and energy allocation strategies is rela
tively independent, and the relationship between the two has been 
weakened. A summary of prediction model in predictive energy man
agement is shown in Table 1. 

To achieve better predictive energy management, the energy-saving 
effects of different plans are usually tested within different prediction 
horizons. This helps determine a fixed prediction time domain for en
ergy management. Liu et al. compared the energy-saving effects of 
varying prediction methods with horizons of 1–10 s and found that the 
10 s Long Short Term Memory (LSTM) prediction model was favoured 
for energy management strategies [21]. Liu et al. optimized BP network 
parameters using the genetic algorithm method, determined the opti
mum prediction horizon to be 10 s and verified the energy management 
strategy’s effectiveness under the horizon [35]. Liu et al. proposed a 

Fig. 1. Advantages and disadvantages of EMSs commonly used.  

Table 1 
A summary of prediction model in predictive energy management.  

Model approach Advantages Disadvantages 

Exponentially Varying  
[20,22] 

Easy to implement. The prediction of velocity does 
not conform to the vehicle’s 
kinematic characteristics. 

Auto-Regressive 
Moving Average  
[21] 

Easy to implement. 
A good basis. 

Significant changes in the 
external environment often 
lead to a sizable deviation from 
predicted outcomes. 

Nonlinear Auto- 
Regressive with 
external input  
[22,23] 

Easy to implement; 
Not require certainty 
models. 

The selection of constants has 
a significant impact on the 
degree of data smoothing and 
should not be too small; 
Only suitable for short-term 
prediction. 

Markov Chain model  
[24,25,36] 

Reflect the transition 
characteristics of the 
state well. 

Existing cumulative errors are 
unsuitable for the system’s 
medium to long-term 
prediction. 

Neural Network  
[27,32,34] 

Better ability in 
learning and 
predicting; 
Better generalization 
ability. 

Slow convergence speed; 
Relying on a large amount of 
training data. 

Deep Neural Network  
[36,37] 

Strong ability in 
learning, and 
predicting; 
More accurate 
prediction; 
Strong generalization 
ability. 

Slow convergence speed; 
Relying on a large amount of 
training data.  
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data-driven online velocity prediction method for short-term speed work 
and determined the optimum prediction time to be 5 s for a speed of 
1.27 km/s [36]. Jinquan et al. compared short-term working condition 
prediction effects under a deep neural network model for 5 s, 10 s, and 
15 s intervals and determined that the best prediction time domain 
under an economic-driving professional system was 10 s [37]. It is 
evident that as the prediction horizon extends, the accuracy of future 
speed conditions gradually decreases. Thus, while energy management 
strategies in the model predictive control framework exhibit robustness 
when prediction accuracy falls below a certain threshold, the energy- 
saving effect of such strategies will be considerably diminished even if 
the predicted working condition trend is correct. 

The energy management strategy with a fixed prediction horizon 
cannot dynamically adjust based on information such as vehicle status 
and operating conditions. Therefore, it is unable to fully maximize 
optimization potential. However, drivers can typically predict future 
driving conditions within a limited horizon while driving, with limita
tions such as road visibility and vehicle speed. Suppose the EMS can 
dynamically select the current prediction horizon and automatically 
adjust it based on the vehicle’s status and surrounding environment. In 
that case, the energy-saving potential of the vehicle can be maximized. 
Determining the optimal prediction time domain becomes challenging 
under the complex vehicle and traffic conditions, as it depends on 
various factors like the prediction method, vehicle status, road surface, 
and traffic conditions. Balancing the length of future power trends and 
prediction accuracy through any algorithm is challenging when relying 
on the accuracy of future operating condition predictions for energy 
management strategies. 

Hence, this paper proposes a data-driven bi-level predictive EMS 
(DB-PEMS), which combines traditional predictive energy management 
and data-driven machine learning for FCBs with multi-prediction hori
zons. The data-driven strategy is employed in the upper layer to select 
the optimal prediction horizon based on vehicle states. Two efficient 
techniques for multi-prediction horizons are proposed. The first 

approach is a modular method grounded on the optimal Δ state of 
charge (SoC) approximation. This approach establishes a mapping be
tween vehicle states and optimal ΔSoC via a deep neural network 
(DNN), enabling horizon selection. The second approach is an end-to- 
end method based on Deep Reinforcement Learning (DRL). This 
approach leverages an offline trained DRL agent to optimize prediction 
horizons and achieve multi-horizon speed predictions. The former har
nesses the data-mining skills of DNNs, while the latter taps into the 
environment exploration capability of DRL. In the lower layer, an MPC- 
based Energy Management System receives prediction horizons from the 
upper layer and then conducts speed prediction, rolling optimization, 
and feedback. The research framework is illustrated in Fig. 2. 

Contributions 

(1) Data-driven bi-level PEMS, data-driven approaches integrating 
into the traditional prediction management strategy to optimize the 
prediction horizon, is proposed for FCBs. 

(2) By exploring the mapping relationship between the vehicle status 
and the optimal ΔSoC, an optimization model based on deep learning for 
ΔSoC approximation is established, which guides the reference trajec
tory of SoC in MPC and enhances the energy-saving potential of PEMS. 

(3) DRL-based mechanism has been established to select the optimal 
prediction horizon by enabling interactive learning and exploration 
between DRL agents and PEMS environments, thereby improving the 
energy-saving of FCBs. 

Organization 

The organization of this paper is as follows. The vehicle model of FCB 
is presented in Section II, and Section III introduces the methodology of 
DB-PEMS for FCBs. The results and discussions are described in Section 
IV, and Section V draws the conclusions. 
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Fig. 2. DB-PEMS with multi-prediction horizons for FCBs.  
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Vehicle model 

The FCB produced by Yutong Bus Company is studied as the research 
object. The power system mainly includes a fuel cell system (FCS), DC/ 
DC converter, lithium iron phosphate battery pack, battery management 
system, drive motor and drive motor controller, main gear, etc. The 
actual FCB and the powertrain structure are shown in Fig. 3. 

Longitudinal dynamic modelling 

The vehicle must overcome the rolling, air, ramp, and acceleration 
resistance when driving. That is, the vehicle’s driving force should be 
balanced with the resistance. Therefore, the vehicle driving equation 
can be expressed as Eq. (1) [28]. 

Ft = Ff +Fw +Fi +Fj  

Ft = Gf cosα+
1
2
CDAρv2 +Gsinα+ δm

dv
dt

(1) 

The resistance power experienced by the vehicle while driving is 

P = − Ft⋅v (2) 

When the vehicle is running, the driving force and the total resis
tance should be balanced. Also, the motor output power and the total 
resistance power should be balanced. The full resistance power includes 
the power generated by the rolling, air, ramp, and acceleration resis
tance and the mechanical wear power generated during the power 
transmission process. Mechanical transmission power loss is expressed 
in terms of ηT. The vehicle’s driving power balance equation is described 
as Eq. (3). 

Preq = − P = PmηT

Preq =
v

3600
(Gf +

CDAρv2

2
+ Gi + δm

dv
dt
)

(3) 

The onboard energy sources of FCB include a fuel cell system and a 
power battery. The power balance relationship of FCB is shown in Eq. 
(4). 

Preq(t) = (Pbat(t)⋅ηbat + Pfc(t)⋅ηfc⋅ηDC)⋅ηm (4) 

The energy consumption is expressed as Eq. (5) [38]. 

EPS = Efc + Ebat

Efc =
1

3.6 × 106 (

∫

(PFC(t)⋅ηFC⋅ηDC⋅ηm)dt

Ebat =
(
SOCint − SOCfinal

)
Cbat

(5) 

Although the impact of driving data on energy consumption is not 
directly reflected in energy consumption calculations, it is nonetheless a 
crucial factor in determining the energy demand of the vehicle power 
system. The energy required for vehicle driving EPS is calculated by the 
longitudinal dynamic equation of the vehicle, that is, by integrating Eq. 
(3) to obtain the energy consumption demand. Specifically, the speed 
and acceleration of vehicles are important components of driving data 

and key parameters for calculating power demand. Therefore, when 
optimizing energy management, the consideration of driving data and 
variable prediction horizon is aimed at improving the accuracy of speed 
prediction and more accurately calculating future demand power. In this 
way can more effective and accurate optimization strategies be devel
oped, power output be allocated reasonably, and energy efficiency be 
improved. 

Power system modelling 

The power system of FCB mainly includes fuel cell system, battery 
pack and its management system, DC/DC converter, drive motor, and 
DC/AC inverter. The fuel cell system, battery, DC/DC converter, and 
drive motor are modeled based on the test data in the laboratory [39]. 

Fuel cell system 
The fuel cell system used consists of proton exchange membrane fuel 

cell (PEMFC) stack and its accessory. A circuit model is used to model 
the PEMFC, as shown in Fig. 4. It includes an ideal voltage source and 
three series resistors, which represent the irreversible losses caused by 
activation loss, ohmic loss, and concentration loss during the operation 
of the PEMFC. 

The individual output voltage of the PEMFC stack can be expressed 
as Eq. (6), and the total voltage of the PEMFC stack is the product of 
individual voltage and quantity, expressed as Eq. (7) [40]. 

Vcell = E0 − IfcRact − IfcRohmic − IfcRcon = E0 − Vact − Vohmic − Vcon (6)  

Vstack = Ncell⋅Vcell (7) 

In standard circuits, the resistance value is fixed, but in the equiva
lent circuit of PEMFC stack, the resistance value is related to the current, 
so the equivalent circuit model is nonlinear. 

The fuel cell system (FCS) efficiency ηfc is shown as Eq. (8). 

ηfc =
Pfc\_load

NcellVecIfc
=

Pfc\_out − Pfc\_aux

NcellVecIfc
=

VstackIfc − Pfc\_aux

NcellVecIfc
(8) 

The corresponding relationship between the efficiency and output 
power of the FCS, the hydrogen consumption and output power are 
shown in Fig. 5 based on laboratory test data [39]. 

Fig. 3. FCB and the structure of the powertrain.  

R RR

E

V
I

R

Fig. 4. Equivalent circuit of PEMFC stack.  
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Battery 
The equivalent circuit of Thevenin model is used to model the bat

tery, as shown in Fig. 6. According to Kirchhoff’s law of voltage and 
current, the relationship between the equivalent circuit of the Thevenin 
battery model can be expressed as Eq. (9) [41]. 

Vbat = Ebat − Vpol − IbatRbat

Vpol =
1

Cpol
Ibat −

1
CpolRpol

Vpol

Ibat =
Vbat − Vpol −

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(Vbat − Vpol)
2
− 4RbatPbat\_load

√

2Rbat

SOC = SOCint −

∫
Ibatdt
Cbat

(9) 

The charge and discharge internal resistance and voltage charac
teristics of the battery are shown in Fig. 7. 

DC/DC converter 
The DC/DC converter can boost the output voltage of the FCS and 

maintain consistency with the bus voltage, while also having the func
tion of voltage regulation. As the FCS only outputs electricity externally 
and cannot recover electricity, a unidirectional DCDC converter is 
chosen to regulate the voltage of the FCS. To reduce computational costs 
and maintain model accuracy, the efficiency of the DC/DC converter is 
obtained by looking up tables at the corresponding current and output 
power. The efficiency relationship of the DC/DC converter is shown in 
Fig. 8 [39]. 

Drive motor 
The driving motor is modeled using a quasi-steady state method and 

the expression is shown in Eq. (10). The efficiency of the drive motor is 

shown in Fig. 9. 

Pm =

⎧
⎪⎨

⎪⎩

Tmnm

ηm(Tm, nm)
Tm⩾0

Tmnmηm(Tm, nm)Tm < 0
(10)  

Predictive energy management strategy with multi-horizons 

For PEMS, the higher the accuracy of the predicted speed, the more 
conducive it is to improving the optimization effect of EMS. However, 
the accuracy of velocity prediction is not only related to the complexity 
of the driving cycles themselves, but also influenced by the length of the 
prediction horizon. Therefore, the PEMS with multi-horizons is pro
posed to improve the accuracy of velocity prediction and thus enhance 
the overall energy-saving effect. We propose two data-driven methods 
with algorithmics fusion to achieve variable multi-horizons for vehicle 
speed prediction, one based on optimal ΔSoC approximation and the 
other based on DRL. The former summarises the prediction horizon 
optimization strategy from offline data. The latter adopts a model-free 
manner to learn the optimal prediction horizon from the interactive 
learning of DRL. 

Multi-horizons prediction method based on the optimal ΔSoC 
approximation 

In the PEMS, the state variable SoC in the rolling optimization is 
usually constrained by the final SoC value or the local optimal SoC 
trajectory in the prediction horizon length. Neither of these two state 
variable constraints can make the rolling optimization result sufficiently 
close to the optimal global solution. On the premise that the global 
driving cycles are known, DP is used to obtain the trend of the optimal 
SoC trajectory under different speeds, which can better reflect the 
change of the optimal SoC under different conditions, that is, the 
optimal ΔSoC. Furthermore, suppose the state variable SoC in the rolling 
optimization process can follow the optimal ΔSoC at each moment. In 
that case, the rolling optimization results will also tend to be closer to 
the optimal global solution. Due to the fact that the actual driving 
process is real-time and online, it is impossible to know the global 
operating conditions in advance. Therefore, we propose to use deep 
learning methods to learn the optimal SOC trajectory corresponding to 
different speed operating conditions. So, a multi-prediction horizons 
EMS based on the optimal ΔSoC approximation is proposed. The optimal 
ΔSoC approximation is achieved by using DNN fitting. 

Since the SoC trajectory solved in different prediction horizons is 
different from the optimal SoC trajectory. It means that the ΔSoC in 
different prediction horizons is different from the optimal ΔSoC. The 
prediction horizon corresponding to the ΔSoC closest to the optimal 
ΔSoC is selected as the best prediction horizon. The research framework 

Fig. 5. Relationship between the efficiency and output power, the hydrogen consumption and output power.  
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Fig. 6. Equivalent circuit of the Thevenin battery model.  

M. Li et al.                                                                                                                                                                                                                                       



Energy Conversion and Management: X 20 (2023) 100414

7

of the multi-horizons prediction method based on optimal ΔSoC 
approximation is shown in Fig. 10, which mainly includes three parts. 
The first part is to establish a relationship database between the vehicle 
states and the best ΔSoC. Secondly, a DNN-based predictor is built to 

predict the best ΔSoC. The third part is to determine the optimal pre
diction horizon for each moment. 

Database establishment for prediction network 
The database construction scheme is shown in Fig. 11. Firstly, the 

actual bus driving cycles collected on Zhengzhou 727 bus lines are taken 
as known, and DP is adopted to solve the optimal SoC trajectory under 
each driving cycle. The algorithm for solving the offline global optimal 
strategy using DP to obtain the optimal SOC is shown in Eq. (11) [21]. 
The state variable is the battery SoC and the output power of FCS. The 
control variable is the change in the output power of FCS. The optimi
zation goal is to minimize energy consumption while constraining the 
change rate of the output power of the FCS. As the FCS is a slowing 
system, the FC power change rate constraints are added to the objective 
optimization function to reduce its life degradation. When the FCB ex
ecutes the optimal control sequence of the DP solution, the SoC of the 
battery is the offline optimal SoC trajectory. 

x = [SOC, Pfc]

u = [ΔPfc]

J = min(
∑

χ(dEfc

dt
+ φ

dEbat

dt
) + ζΔPfc)

(11) 

After obtaining the optimal SoC, the rate of change of SoC at each 
moment can be calculated, denoted as ΔSoC, expressed as Eq. (12). 
Correspondingly, the vehicle’s status at each moment, including dis
tance travelled, current SoC, speed, acceleration, and power, can be 
extracted, shown in Eq. (13). Hence, the optimal ΔSoC at the current 
moment can be matched with the vehicle’s status. Thus, a database for 
optimal ΔSoC prediction is established, as shown in Eq. (14). 

Y(t) =

⎧
⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

ΔSoC*
k = SoC*

k+1 − SoC*
k t = k

ΔSoC*
k+1 = SoC*

k+2 − SoC*
k+1t = k + 1

⋯
ΔSoC*

k+n = SoC*
k+n+1 − SoC*

k+nt = k + n

(12)  

X(t) =

⎧
⎪⎪⎨

⎪⎪⎩

sk, SoCk, vk, ak,Pkt = k
sk+1, SoCk+1, vk+1, ak+1,Pk+1t = k + 1

⋯
sk+n, SoCk+n, vk+n, ak+n,Pk+nt = k + n

(13) 

Fig. 7. Internal resistance and voltage characteristics of the battery.  

Fig. 8. Efficiency of the DC/DC converter.  

Fig. 9. Efficiency of the drive motor.  

Fig. 10. Multi-horizons prediction method based on optimal ΔSoC approximation.  
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(X1,Y1),⋯, (Xk,Yk), (Xk+1, Yk+1),⋯, (Xk+n,Yk+n) (14)  

DNN-based optimal ΔSoC predictor establishment 
To find the mapping relationship between the current vehicle driving 

states and the corresponding optimal ΔSoC, an optimal ΔSoC prediction 
method based on DNN is proposed. First, a prediction network 
DNN\_SoC for optimal ΔSoC prediction is built, shown in Fig. 12. Then, 
the hidden layers, nodes, and activation function of DNN\_SoC are 
adjusted according to the training results. The expression of the pre
diction network DNN\_SoC is shown in Eq. (15) [42]. The input of 
DNN\_SoC is the current vehicle driving states, including the driving 
distance, SoC, speed, acceleration and demand power, shown in Eq. 
(16). The output of DNN\_SoC is ΔSoC, that is, the difference between 
the SoC at the current moment and the next moment, shown in Eq. (17). 

Y(t) = fDNN\_SoC(X(t)) (15)  

Xk(t) = sk, SoCk, vk, ak,Pkt = k (16)  

Yk = ΔSoC*
k (17) 

The data set is randomly divided, 75 % of the data is used as the 
training set, and the remaining 25 % is used as the test set. The estab
lished ΔSoC prediction network DNN\_SoC is trained until meeting the 
accuracy requirements, and then the trained DNN\_SoC network is 
verified with the test set. 

The optimal ΔSoC is predicted via the DNN\_SoC prediction network. 
Then it is compared to the ΔSoC solved in different prediction horizons 
to determine the selection of the optimal prediction horizon. The flow
chart is shown in Fig. 13. 

Multi-prediction horizons optimization based on deep reinforcement 
learning 

The multi-prediction horizons optimization based on DRL mainly 
includes two parts. One part is the agent, which learns the states passed 
by the environment and gives the optimal control action through the 
deep Q-network (DQN). The second part is the environment. For the 
research question in this paper, the environment is composed of MPC- 
based PEMS and application object FCB. After the environment re
ceives the action command sent from the agent, the PEMS in the envi
ronment sequentially performs speed prediction and rolling 
optimization. Finally, the research object FCB executes the control 
command and transfers to a new state. The current states, action, reward 
and new states are formed into an information group, and the transition 
process of FCB state-action-reward-state is recorded and stored in the 
replay buffer. 

Before the online application, the DRL algorithm needs to be trained 
offline. Taking the bus driving cycles collected on the Zhengzhou 727 
bus line as the known conditions, the optimal action-value function is 
found through continuous exploration and trial under the DRL frame
work shown in Fig. 14. To ensure the independence of action selection, 
the replay buffer is adopted. Then a set of data is randomly selected from 

Fig. 11. Database construction scheme.  

Fig. 12. Optimal ΔSoC prediction network DNN\_SoC.  
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the experience pool and passed to the agent to fit the DQN. At the same 
time, to ensure the convergence and efficiency of training, the state 
variables are normalized. 

Determination of deep reinforcement learning elements 
The objective function of the DQN is expressed in Eq. (18) [43]. The 

gradient descent function is used to update the weight parameters of the 
network in training DQN, and the greedy algorithm is used to optimize 
the training of the DRL algorithm. Finally, the offline training of the 
DQN is realized, so the optimal action control can be output to achieve a 
better control effect in practical applications. 

Q(t) = R(stat, actt)+ βmaxQ(stat, actt; θ) (18) 

For the FCB EMS, the optimization goal is to reduce the energy 
consumption and constrain the change rate of the output power of the 
FCS, which is the same as that of DP for solving the optimal SoC. So, the 
optimization objective function, also the reward function in the DRL 
algorithm, is expressed as Eq. (19). 

R = − (
∑

χ(dEfc

dt
+ φ

dEbat

dt
) + ζΔPfc) (19) 

The DRL algorithm does not suffer from the curse of dimensionality 
caused by the increase of the states. Considering the characteristics in
fluence of FCB energy sources and the external environment on the 
optimization objective, the battery SoC, the vehicle position, the current 
speed and the predicted speed are input as state variables, as shown in 
Eq. (20). The control action is to choose the optimal prediction horizon. 
To improve the computational efficiency, the selection range of the 
prediction horizon is consistent with Section 3.1, which are 5 s, 10 s, 15 s 
and 20 s, as shown in Eq. (21). 

sta = {SoC, s, v, a,P} ∈ S (20)  

act = {hpi} = {hp1, hp2, hp3, hp4} ∈ Act (21)  

Training of deep reinforcement learning agent 
Table 2 shows the procedures for offline training of DRL-based multi- 

prediction horizons optimization. The greedy coefficient is ε, the num
ber of cycles is N, the length of the driving cycle is T, the sampling length 
is n, and the DNN is used in the decision network to fit the action-value 
function Qvalue. 

Predictive energy management strategy with variable multi-prediction 
horizons 

Both data-driven methods mentioned above can obtain the optimal 
prediction horizon under different driving conditions. The DB-PEMS for 
FCB within the MPC framework can be performed, and the signal 
transmission of MPC is shown in Fig. 15. 

The overall algorithm flow of variable multi-prediction horizons 
PEMS is as follows: 

1) At the moment t = k, obtain the optimal prediction horizon Hp* 

based on the best ΔSoC approximation or DRL agent. 
2) Predict future speed {vk+1, vk+2, ⋯vk+Hp*} based on BiLSTM pre

dictor in optimal prediction horizon Hp*. 
3) Use the DP algorithm to solve the optimal control sequence {ck+1,

ck+2, ⋯ck+Hp*} in the Hp* horizon, and apply the first step control 
sequence {ck+1} to the control object. 

4) After the control object executes the control command, the vehicle 
state is updated, and the new state is fed back to the controller. 

5) When the vehicle travels to the next moment k = k + 1, repeat 1) 

Hp

Hp

Fig. 13. Flowchart for the selection of the optimal prediction horizon.  

Fig. 14. DRL framework for multi-prediction horizon.  
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to 4) until the end of the trip, to realize the multi-prediction horizons 
PEMS. 

Speed prediction in the variable prediction horizon is carried out by 
BiLSTM-based speed predictor. The inputs and outputs of the BiLSTM- 
based speed predictor are shown in Eq. (22). 

Output(t) = fBiLSTM\_NN(Input(t))

Input(t) =

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

[vt− hh+1, vt− hh+2,…, vt− 1, vt]

[at− hh+1, at− hh+2,…, at− 1, at]

[st− hh+1, st− hh+2,…, st− 1, st]

[pa]

[pd]

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

Output(t) = [vt+1, vt+2,…, vt+hp]

(22) 

The optimization objective in the DB-PEMS for FCB with variable 
multi-prediction horizons is set to minimize equivalent hydrogen con
sumption and constraints on the output power change rate of the FCS. 
This is consistent with the optimization objective of solving the optimal 
SOC trajectory offline. The state variable is set to the battery SOC and 
the output power of the FCS, the control variable is set to the change of 
the output power of the FCS, and the disturbance variable is set to the 
predicted velocity. At the same time, the FCS, battery and drive motors 
need to meet corresponding physical constraints. Therefore, the control 
problem of DB-PEMS can be expressed as Eq. (23). 

J = min(
∑

χ(dEfc

dt
+ φ

dEelec

dt
) + δΔPfc)

x = [SOC, Pfc]

u = [ΔPfc]

w = [v]

s.t.

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

Fuel

{
Pfc(k + 1) = Pfc(k) + ΔPfc(k)

0⩽Pfc.min⩽Pfc⩽Pfc.max⩽Pfc.m

Battery

⎧
⎪⎪⎨

⎪⎪⎩

SOCmin⩽SOC⩽SOCmax

Pbat.min⩽Pbat⩽Pbat.max

Ibat.min⩽Ibat⩽Ibat.max

Motor

{
Pm.min⩽Pm⩽Pm.max

Tm.min⩽Tm⩽Tm.max

(23)  

Results and discussions 

Data collection of online fuel cell buses 

A data collection device is installed on the FCB to collect real-world 
operation data on the No. 727 bus line in Zhengzhou, China. The main 
parameters of YUTONG FCB are shown in Table 3. The installed data 
acquisition equipment and the bus route are shown in Fig. 16. The 
NPOS220 receiver of BDStar Navigation obtains vehicle posture infor
mation and position information, and Kvaser USBcan is used to obtain 
vehicle bus status information. During the data collection process on the 
actual FCB, the designed controller was not utilized for data acquisition. 
Because the original controller is deemed to better reflect the data status. 
Furthermore, the proposed DB-PEMS belongs to end-to-end algorithm. 
Due to hardware limitations on the test vehicle and road, there are po
tential safety risks if the designed controller is directly applied in real- 
world environments. 

The speed information database contains approximately 1.4 million 
sets of real-world collected data, randomly divided into training and 
testing datasets in a ratio of 75 % and 25 %. And the two datasets do not 
intersect. The test data is randomly extracted from the test dataset to 
ensure the effectiveness and generalization of the prediction network 

Table 2 
Procedures for offline training of DRL-based multi-prediction horizons 
optimization.  

DRL-based multi-prediction horizons optimization:  

Input: state space S, action space Act, discount rate γ, learning rate ϛ. 
1 Initialise replay buffer D, size L. 
2 Initialize the parameter θ of the action-value network Q. 
3 Initialize the parameter θ* of the target action-value network Q*. 
4 repeat 
5 Initialize the start state s. 
6 repeat 
7 Select action actt = πε (Hp), or actt = argmax

act∈A
Qvalue(stat , actt ; θ) according to 

the target value network. 
8 Predict speed in selected action Hp, calculate the reward rt and the next 

moment state stat+1 within MPC. 
9 Store (stat , actt , rt , stat+1) in D. 
10 Mini batch. 
11 Order Qi = Ri + βmaxQvalue(stat ,actt ; θ)), if i = n, yi = ri . 
12 Update [03B8](W, b) by gradient descent (Qi − Qvalue(stai, acti; θ))2. 
13 until s terminated. 
14 until ∀s, a,Q(s, a) converged.  

Output: Qvalue(s,a).  

Fig. 15. Signal transmission of MPC.  

Table 3 
Main parameters of vehicle and power system for YUTONG FEB [38].  

Name Parameters Value 

Vehicle Length × Width × Height 12000 × 2550 × 3400 mm 
Curb weight 13500 kg 
Full load quality 18000 kg 
Maximum windward area 8.16 m2 

Air drag coefficient 0.55 
Rolling resistance coefficient 0.0085 
Wheel radius 0.466 m 
Main gear ratio 6.2 
Maximum speed 69 km/h 
Maximum acceleration 0 ~ 50 km/h-20 s 

FC system Rated power 60 kW 
Rated current 0 ~ 350 A 
Output voltage 145 ~ 290 V 

DC/DC converter Rated power 60 kW 
Output voltage 400–720 V 
Efficiency 90 ~ 95% 

Power battery Capacity 108.14 kWh 
voltage range 540 ~ 738 V 

Drive motor Rated power 100 kW 
Rated torque 1200 Nm 
Peak power 200 kW 
Peak torque 2400 Nm 
Rated/Maximum Speed 800/3000 rpm 
Efficiency Max 97%, 85%  
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trained. Fig. 17 shows part of the test set’s speed, acceleration, and 
demand power. 

Analysis and discussion for the selection of multi-prediction horizon 

Multi-prediction horizons based on optimal ΔSoC approximation 
To assess the efficacy of selecting the optimal prediction horizon 

with the optimal ΔSoC approximation approach, the precision of ΔSoC 
prediction and the proximity between the SoC based on ΔSoC approxi
mation and the optimal SoC solved by DP are analyzed and discussed. 
Additionally, the distribution and proportion of the multi-prediction 
horizons are analyzed to demonstrate the corresponding variations in 
the prediction horizon under diverse driving conditions. 

Fig. 18 shows the actual and predicted ΔSoC, which exhibits a high 
degree of similarity in the overall change trend and numerical value. The 
maximum error of both the actual and predicted ΔSoC is less than 0.04 
%, and the minimum error is greater than − 0.06 %. The simulation 
results indicate that the prediction network DNN_SoC can learn the 
relationship between the current states and the future energy changes of 
the battery, that is, the predicted ΔSoC can well represent the actual 
ΔSoC. The accurate prediction of ΔSoC is beneficial for selecting the 
optimal prediction horizons and effectively guiding the battery’s SoC 
trajectory. 

The prediction error between the actual ΔSoC and the predicted 
ΔSoC is illustrated in Fig. 19. The discrepancy between the two values 
fluctuates between − 0.014 % and +0.014 %. The small mean absolute 
error (MAE) of 1.687e-05 indicates that the ΔSoC prediction network 
can accurately forecast the future ΔSoC. This also suggests that utilizing 
the ΔSoC approximation method for optimal horizon selection is a 

feasible and practical approach. 
Fig. 20 presents a comparison between the SoC obtained via DP 

(SoC_DP) and the predicted SoC obtained by accumulating the predicted 
ΔSoC based on the initial value of SoC = 0.8 (SoC_ΔSoC). The graph 
illustrates that the changing trend of SoC_ΔSoC is similar to that of 
SoC_DP. Both have an initial value of 0.8, with the final value of 
SoC_ΔSoC being 0.8031 and SoC_DP being 0.8008. The gap between 
SoC_ΔSoC and SoC_DP is slightly larger in the initial stage of 0 ~ 1300 s 
and at the end of the trip compared to the middle driving process. Both 
reach the maximum SoC of 0.826 around the 2480 s. This indicates that 
the ΔSoC approximation method can accurately predict the changing 
trend of the battery’s SOC, which provide an energy trajectory reference 
for optimization processes and serve as a reliable measure for obtaining 
the optimal prediction horizon. 

Fig. 21 depicts the demand power of the FCB power system and the 
corresponding prediction horizon distribution used to predict the ve
locity in DB-PEMS based on the optimal ΔSoC approximation approach. 

As depicted in Fig. 21, the demand power fluctuates between − 200 
kW and 200 kW. The prediction horizon of 5 s accounts for the largest 
proportion of speed prediction, followed by 10 s and 15 s, while the 
prediction horizon of the 20 s has the smallest proportion. The latter 
mainly occurs when the frequency of power changes drastically or the 
amplitude changes significantly, such as 450 ~ 480 s, 990 ~ 1030 s, 
2700 ~ 2880 s, 3050 ~ 3150 s, 4000 ~ 4080 s, etc. The prediction 
horizon of 15 s mainly occurs when the power variation range is rela
tively moderate, such as 0 ~ 270 s, 1590 ~ 1700 s, 3680 ~ 3750 s, etc. 
The prediction horizon of 10 s mainly occurs when the power frequency 
change is relatively low and the amplitude range is slight, such as 150 ~ 
480 s, 1300 ~ 1900 s, etc. The prediction horizon of 5 s mainly occurs 

Fig. 16. Data acquisition equipment installed in FCB and bus line map.  

Fig. 17. Speed, acceleration and demand power in the test set.  
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during the vehicle’s idling or low-speed stage. When ΔSoC is the same in 
different prediction horizons, the shorter prediction horizon is preferred 
for the current step. 

Fig. 22 displays a comparison between the SoC_ΔSoC and the SoC 
obtained with the fixed prediction horizon (SoC_fixed horizon, 5 s, 10 s, 
15 s, 20 s). As depicted in Fig. 22, the SoC_ΔSoC fluctuates among the 
SOCs with the four fixed prediction horizons. When the predicted ho
rizon of the velocity prediction with variable horizons is 5 s, the 
SoC_ΔSoC is closer to the SOC_fixed 5 s. Similarly, when the predicted 
horizon of the velocity prediction with variable horizons is 10 s, the 
SoC_ΔSoC is closer to the SOC_fixed 10 s. From Fig. 22, it can be inferred 
that the SoC_ΔSoC is generally closer to the SoC curves with the fixed 
horizons of 5 s and 10 s, which is also supported by the analysis in 
Fig. 21, where the variable prediction horizon of 5 s and 10 s has the 
highest proportion. 

As revealed by the above analysis and discussion, variations in 
driving conditions and power demand can impact the selection of the 
optimal prediction horizon. Therefore, employing a variable prediction 
horizon for speed forecasting in real-time, dynamic driving environ
ments is more appropriate. 

Multi-prediction horizons optimization based on deep reinforcement learning 
To evaluate the feasibility and effectiveness of using DRL to obtain 

the optimal prediction horizons, the relationship between DRL rewards 
and iteration times, the correlation coefficient between the DRL input 
parameters and prediction horizons, and the acceleration and the cor
responding prediction horizon distribution used for velocity prediction 
are analyzed and discussed. 

Fig. 23 illustrates the relationship between DRL rewards and itera
tion times. From Fig. 23, it can be observed that DRL converges at 
around 11,500 iterations, with a relatively fast convergence rate and 
good reward stability. In the initial stages, DRL has not yet learned the 
pattern of reward changes, and the DRL agent is in a phase of random 
exploration due to insufficient iterations. As the number of iterations 
increases, the agent learns towards convergence. When the average 
reward value stabilizes at around 5, the agent has learned the basic 
principles between optimal prediction horizons and energy consump
tion. Moreover, as the number of iterations increases, the positive 
impact on the reward diminishes. 

Fig. 24 displays a comparison between the SoC_ΔSoC and the SoC 
solved by DB-PEMS based on DRL (SoC_DRL). As depicted in Fig. 24, the 
overall trends of the two SOC curves are almost identical due to the same 

Fig. 18. Actual ΔSoC and the predicted ΔSoC.  

Fig. 19. Prediction error between the actual ΔSoC and the predicted ΔSoC.  

Fig. 20. Comparison between the SoC_DP and the SoC_ΔSoC.  

H
p

Fig. 21. Demand power and corresponding prediction horizon distribution.  
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driving conditions, the use of variable horizon for velocity prediction, 
and the use of ΔSOC as one of the control variables. In some cases, the 
similarity between the two is very high, such as 500–1100 s, 1900–2450 
s, and 2700–4000 s. During these periods, the ΔSOC of the two strategies 
is highly similar, indicating that the prediction horizons are also similar 
or identical. In the 0–400 s and 1500–1900 s stages, the trends of the two 
SOC curves are similar, but the SoC_ΔSoC is higher than the SoC_DRL, 
indicating that the difference in solving methods between the two 
strategies still leads to significant differences in the SOC obtained. 

In conducting learning for optimal prediction horizon, the input 
parameters for DRL include velocity, acceleration, driving characteris
tics (D_chara), and demand power (P_dem). A correlation analysis is 
performed on these parameters to examine the interrelationships among 
different parameters and their effects on the selected prediction horizon 
(H_pre). The results are presented in Table 4. The results in Table 4 

reveal that acceleration and demand power have the most significant 
impact on the prediction horizon, with correlation coefficients of 0.489 
and 0.421, respectively. In contrast, driving characteristics and velocity 
have a relatively minor effect on the prediction horizon. 

Drawing on the findings from Table 4, we further analyzed the 

Fig. 22. Comparison between the SoC_ΔSoC and SoC_fixed horizon.  

Fig. 23. Relationship between the iteration number and reward of DRL.  

Fig. 24. Comparison between the SoC_ΔSoC and SoC_DRL.  

Table 4 
Correlation coefficient between input parameter of DRL and prediction horizon.   

Speed Acceleration D_chara P_dem H_pre 

Speed  1.000  0.060  − 0.237  0.238  0.013 
Acceleration  0.060  1.000  0.012  0.928  0.489 
D_chara  − 0.237  0.012  1.000  − 0.001  0.114 
P_dem  0.238  0.928  − 0.001  1.000  0.421 
H_pre  0.013  0.489  0.114  0.421  1.000  
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relationship between acceleration (the most influential parameter) and 
the distribution of prediction horizons, as shown in Fig. 25. The accel
eration mainly varies between − 2 and 2 m/s2. The prediction horizon of 
5 s has the highest frequency, followed by 20 s and then 15 s. The 
prediction horizon of 10 s accounts for a minor proportion. The 5 s 
prediction horizon appears most frequently throughout the driving 
cycle, while the 20 s prediction horizon mainly occurs during the con
stant or increasing acceleration phase. The 15 s prediction horizon 
mainly occurs during frequent acceleration fluctuations, such as 0–220 
s, 2200–2350 s, and 3800–3910 s. The 10 s prediction horizon is rela
tively sparse. The other finding is that the same prediction horizon is 
more likely to cluster. 

Additionally, the enlarged view in Fig. 25 reveals that the prediction 
horizon also tends to become larger as acceleration increases. Further
more, the 20 s prediction horizon is primarily observed when the ac
celeration is about to increase from zero and lasts until the acceleration 
decreases from its peak for a certain period, with a few instances of other 
prediction horizons occurring in between. 

Based on the analysis above, it is evident that the optimal prediction 
horizon obtained through DRL varies depending on the characteristics of 
different operating conditions. This implies that adopting different 
prediction horizons for energy management in real world driving envi
ronments may be more reasonable and conducive to fully tapping into 
energy-saving potential under practical operating conditions. 

Comparison and discussion of results of DB-PEMS with multi-horizons 

A comparative analysis is conducted to assess the feasibility and 
effectiveness of two proposed DB-PEMS approaches with algorithm 
fusion. One is based on ΔSoC approximation, and the other is based on 
DRL. Furthermore, the variable multi-prediction horizons DB-PEMS is 
compared to traditional PEMS with fixed prediction horizons to validate 
the superiority of the proposed strategies. 

Fig. 26 presents a comparison of the distribution of prediction ho
rizons for DB-PEMSs with multiple horizons based on the optimal ΔSoC 
approximation and DRL. Fig. 26 demonstrates that the two strategies 
share a common feature, namely, the proportion of the prediction ho
rizon of 5 s is the largest and very similar. Specifically, the proportion of 
the optimal ΔSoC approximation-based DB-PEMS is 68 %, while the 
proportion of DRL-based DB-PEMS is 70 %. However, the proportions of 
the other three prediction horizons, which collectively account for about 
30 %, differ significantly between the two strategies. Notably, for the 
optimal ΔSoC approximation-based DB-PEMS, the prediction horizon of 
10 s constitutes the largest proportion among the three prediction ho
rizons, at 14 %. Conversely, for the DRL-based DB-PEMS, the prediction 
horizon of 10 s represents a minor proportion, at only 2 %. In contrast, 
the prediction horizon of 20 s accounts for the largest proportion at 24 

%. The difference in prediction horizon selection precisely explains why 
the SoC curves solved by the two strategies are inconsistent in certain 
regions. 

Based on the proportions of the prediction horizons under the two 
DB-PEMSs, it is evident that the prediction proportions differ for the 
same driving condition. Therefore, the optimal prediction horizon se
lection cannot rely solely on the driving condition features and should 
consider overall energy consumption. 

Table 5 displays the statistical results of the computational time for 
DB-PEMSs with two types of variable prediction horizons and PEMSs 
with four fixed prediction horizons of 5 s, 10 s, 15 s, and 20 s. As shown 
in Table 5, for PEMSs with fixed prediction horizons, the time spent is 
solely allocated to speed prediction and control optimization. Notably, 
the time spent on speed prediction is significantly less than on control 
optimization. This is because the speed predictor is pre-trained offline, 
and only a negligible amount of time is required for speed prediction in 
the predictive model. However, as the prediction horizon increases, the 
time spent on both speed prediction and control optimization increases. 

Compared to fixed horizon PEMSs, additional time for selecting the 
optimal prediction horizon is required for DB-PEMSs, in addition to the 
time spent on speed prediction and optimization. However, as shown in 
Table 5, not much time is consumed for horizon selection. Specifically, 
the horizon selection time for the optimal ΔSoC approximation-based 
DB-PEMS is 1.225 s, while that for the DRL-based DB-PEMS is 4.751 s. 
As the optimal horizon selection based on ΔSoC approximation relies on 
experiential learning, it can be completed relatively quickly. Conversely, 
the DRL-based approach involves free exploratory learning, necessi
tating a comparatively longer completion time. 

Regarding overall time expenditure, the optimal ΔSoC 
approximation-based DB-PEMS requires the most time for optimization 
control among these PEMSs, taking 655.044 s. This is due to the need for 
parallel computing in prediction and optimization within the optimal 
ΔSoC approximation-based DB-PEMS. Before determining the optimal 
prediction horizon, optimization results for the four prediction horizons 
need to be obtained, resulting in a time cost comparable to that of the 
PEMS with the longest fixed prediction horizon of the 20 s, leading to the 
longest total time spent. In contrast, the optimization process of the DRL- 
based DB-PEMS takes significantly less time, at 325.397 s, with a total 
time spent of 332.515 s. In terms of timeliness, all of these strategies 
meet the real-time requirements. However, the DRL-based DB-PEMS 
incurs less computational burden, while the optimal ΔSoC 
approximation-based DB-PEMS has the highest computational burden. 

Table 6 presents a comparison of energy consumption among PEMSs 
utilizing two types of variable prediction horizons and four fixed pre
diction horizons of 5 s, 10 s, 15 s, and 20 s. The benchmark for evalu
ating the energy-saving effect of the other PEMSs is the global offline 
optimal solution obtained by DP. The optimal ΔSoC approximation- 
based DB-PEMS achieves a final SoC of 0.7956, closely approximating 
the initial value of 0.8. The hydrogen consumption is 5587.96 g/100 km, 
and the equivalent consumption is 5727.39 g/100 km, representing 
92.47 of the benchmark. Compared to the PEMSs utilizing fixed horizons 
of 5 s, 10 s, 15 s, and 20 s, energy consumption is reduced by 4.31 %, 
1.12 %, 1.18 %, and 4.50 %, respectively. 

For the DRL-based DB-PEMS, the final SoC is 0.7960, with hydrogen 
consumption and equivalent hydrogen consumption of 5402.46 g/100 
km and 5529.02 g/100 km, respectively, achieving 95.79 % of the 
benchmark. Compared to PEMSs utilizing fixed prediction horizons of 5 
s, 10 s, 15 s, and 20 s, the DRL-based DB-PEMS achieves energy savings 
of 7.62 %, 4.55 %, 4.60 %, and 7.80 %, respectively. Compared to the 
optimal ΔSoC approximation-based DB-PEMS, the DRL-based DB-PEMS 
achieves a 3.59 % reduction in energy consumption. 

Fig. 27 shows the FC stack efficiency distributions of PEMSs with two 
multi-prediction horizons and four fixed prediction horizons (5 s, 10 s, 
15 s, and 20 s). The DRL-based DB-PEMS has the largest number of 
working points in the high-efficiency range greater than 55 %, which is 
2792, while the optimal ΔSoC approximation-based DB-PEMS and the 

H
p

Fig. 25. Relationship between acceleration and corresponding prediction ho
rizon distribution. 
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PEMSs with a fixed prediction horizon of 10 s have similar operating 
points of 2623 and 2659, respectively. For the two types of multi- 
horizons DB-PEMSs, although the number of operating points is less 
than that of the fixed horizons 10 s and 15 s PEMS in the efficiency range 

greater than 60 %, they have obvious advantages in the efficiency range 
of 55 %–60 %. The optimal ΔSoC approximation-based DB-PEMS has 
1474 working points, while the DRL-based DB-PEMS has 1574. More
over, the operating points of the PEMSs with fixed horizons of 10 s and 
15 s are significantly reduced in the efficiency range of 55 %–60 %. The 
15 s fixed horizon PEMS has the least number of working points, which 
is 1088. From the perspective of the number of operating points in the 
high-efficiency range greater than 55 %, the DRL-based DB-PEMS has a 
clear advantage over other methods. 

Although both the optimal ΔSoC approximation-based DB-PEMS and 
the DRL-based DB-PEMS are algorithmic fusion-based data-driven 
methods, the former belongs to experiential learning based on the 
optimal ΔSoC mapping, while the latter is a type of free exploration 
based on DRL. Nevertheless, both methods have improved energy effi
ciency compared to fixed prediction horizon PEMS. Furthermore, 
compared to the optimal ΔSoC approximation-based DB-PEMS, the 
energy-saving effect of the free-exploration DRL-based DB-PEMS is 
better, and the complexity of the model has also been reduced. 

Conclusions 

This paper proposes two types of variable multi-prediction horizon 
methods for DB-PEMSs with algorithmics fusion: the optimal ΔSoC 
approximation-based DB-PEMS and the DRL-based DB-PEMS. The 
former focuses on mining historical data to extract useful information. 
Although it cannot achieve the optimal global EMS like offline DP, it can 
approximate the optimal ΔSoC change, which has more potential with 
larger datasets. The latter is a combination of DRL and MPC applications 
that adaptively regulates the prediction horizon in PEMS through DRL. 
Although the DRL-based method has a black-box effect and cannot 
visualize the optimization process, the results demonstrate that it ach
ieves a better energy consumption optimization effect than the strategy 

Fig. 26. Comparison of the prediction horizon proportions of the two DB-PEMSs.  

Table 5 
Computational time of the PEMSs.  

Methodology Hp 
selection 

Speed 
prediction 

Optimization Total 
time 

PEMS with 5 s —— 2.004 s 202.033 s 204.037 s 
PEMS with 10 s —— 2.143 s 346.736 s 348.879 s 
PEMSs with 15 s —— 2.408 s 479.960 s 482.368 s 
PEMSs with 20 s —— 2.601 s 616.005 s 618.606 s 
ΔSoC-based DB- 

PEMS 
1.225 s 2.642 s 655.044 s 658.871 s 

DRL-based DB- 
PEMS 

4.751 s 2.366 s 325.397 s 332.515 s  

Table 6 
Comparison of the energy consumption.  

Methodology Final 
SoC 

Hydrogen 
consumption (g/100 
km) 

Equivalent hydrogen 
consumption (g/100 km) 

DP  0.7997  5286.08  5296.10 
PEMS with 5 s  0.7971  5895.67  5985.05 
PEMS with 10 s  0.7962  5672.16  5792.28 
PEMSs with 15 s  0.7956  5657.60  5795.60 
PEMSs with 20 s  0.7950  5841.177  5997.05 
ΔSoC-based DB- 

PEMS  
0.7956  5587.96  5727.39 

DRL-based DB- 
PEMS  

0.7960  5402.46  5529.02  

Fig. 27. Fuel cell stack efficiency distributions of the PEMSs.  
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based on the regularity of historical data. The main conclusions of this 
study are as follows. 

(1) Both multi-horizons DB-PEMSs can realize the self-adaptive 
adjustment of the velocity prediction horizon under different driving 
conditions, and the DB-PEMSs with multi-horizons are more conducive 
to energy saving. Compared to the PEMSs with fixed prediction horizons 
of 5 s, 10 s, 15 s, and 20 s, the energy consumption of the optimal ΔSoC 
approximation-based DB-PEMS is reduced by 4.31 %, 1.12 %, 1.18 %, 
and 4.50 %, respectively, and the DRL-based DB-PEMS achieves energy 
savings of 7.62 %, 4.55 %, 4.60 %, and 7.80 %, respectively. 

(2) The energy consumption, computational cost, and fuel cell stack 
operating efficiency distribution of DB-PEMSs with multi-horizons and 
PEMSs with fixed prediction horizons are compared. The DRL-based DB- 
PEMS has advantages in energy saving and computational cost 
compared to other strategies. The DRL-based DB-PEMS incurs less 
computational burden with a total time of 332.515 s. Compared to the 
best result of PEMS with a fixed prediction horizon of 10 s, the energy 
consumption is saved by 4.55 %, and compared to the optimal ΔSoC 
approximation-based DB-PEMS, it is saved by 3.59 %. 
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