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ABSTRACT

The use of internal combustion engines is being increasingly scrutinized because of their high emission levels. The
research and development of electric and hybrid vehicles has been prompted by the demand for cleaner energy
technologies. Fuel cell vehicles are gaining attention because they are clean, sustainable, and have a high energy density.
Thus, fuel cell hybrid vehicles have the potential to compete with vehicles powered by internal combustion engine in the
future, yet there are challenges for fuel cell such as slow dynamics requiring that their operation together should be
managed favourably. The main aim of the thesis is to tackle the issue of energy management in fuel cell vehicles. The
power train model is the first thing developed for this purpose. Deep deterministic policy gradient (DDPG) is a model-
free reinforcement learning algorithm used to achieve efficient energy management. The energy management strategy
focuses on running the fuel cell in its high efficiency range while limiting the deviation of state of charge of the lithium-
ion battery from a target value. It is found that the DDPG agent trained simply with step power inputs can achieve up to
2.7% less energy consumption compared to commonly used rulebased energy management strategies while maintaining
the state of the charge of the battery within a certain interval. Our findings indicate that the DDPG algorithm has a
promising potential for use in such applications.
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I. INTRODUCTION

the industrial revolution, fossil fuels have been the main energy source of vehicles and evolved into mostly gasoline or
diesel due to the several advantages it offers, such as long range, high power and energy density, fast replacement, easy
storage. The shortage of fossil energy has been caused by the extensive exploitation of these fuels, which only take
thousands of years to form. Moreover, its hazardous emissions have caused a negative impact on the environment and
human health. As a result, there has been an increase in demand for vehicles that use alternative energy sources recently.
To reduce emissions and decrease dependency on fossil fuels, electric motor-powered vehicles are being offered instead
of combustion engines. Although there have been recent improvements, there have always been concerns about this
vehicle's limited range, long charge duration, and lack of charging infrastructure. However, hybrid electric vehicles that
combine multiple sources can resolve these issues. Parallel hybrids, series hybrids, and power-split hybrids are the most
popular hybrid electric vehicles (HEVs). The fact that there are multiple configurations of these types of vehicles makes
it difficult for classifications to draw a precise line and be conclusive. A hybrid vehicle configuration where an internal
combustion engine (ICE) and an electric motor (EM) both partake in the propulsion of the vehicle mechanically is
classified under the category of parallel hybrid vehicle. The standalone electric motor is capable of serving the purpose
when necessary, so an extra generator is not necessary to achieve this architecture. Running the engine and motor in their
efficient ranges, which can solve optimization problems, is the main advantage of such a system. If the ICE is not involved
in mechanically propelling the vehicle, it is considered a series hybrid vehicle, unlike parallel hybrid vehicles. The ICE
is solely responsible for providing power to charge the battery that the EM utilizes. Due to the fact that the sole purpose
of the ICE is to charge the battery in this configuration, it is possible to operate it in its most efficient ranges.purpose of
the ICE is to charge the battery in this configuration, it is possible to operate it in its most efficient ranges.

The most promising hybrid vehicle type in terms of achieving zero emissions is FCHEVs. No hazardous end product is
generated by the system when chemical reactions take place during energy production. The use of fuel cell technology in
transportation is new and could be enhanced. Traditional vehicles powered by ICE, PHEV, HEV, and pure EV have
advantages over this vehicle. FCHEV eliminates the range issue of EV due to the similar operation to HEV or conventional
vehicles with ICE. Continuous travel requires a hydrogen tank that can be refilled in less than a few minutes. The fuel
cell's efficiency can go up to 60% because there is no combustion, unlike ICE. There is no issue with the range of these
vehicles. The use of a fuel cell as the sole energy source presents challenges due to the system's structural requirements,
which may take some time to start up. This problem can be solved by using it with a battery instead. There are other
challenges as well such as the cost, hydrogen supply to customer, energy management strategy, safety and reliability, but
in this study we will focus on minimizing the energy consumption of such vehicles [9]. Figure 1.1 demonstrates the
structure of an FCHEV. The fuel cell stack, which consists of several fuel cells, uses the hydrogen fuel tank and oxygen
in the air to generate electricity along with the battery pack. The DC-DC converter transmits electricity to the EM. A
cooling system is necessary because the sources generate heat and produce a side product.
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II. OBJECTIVES

Propose a novel energy management strategy where the purpose is reducing the energy consumption of a FCHEV model
involving the energy sources and DC-DC converters by improving the efficiency of the fuel cell and maintaining the state
of charge of the battery within certain limits, by using the reinforcement learning algorithm DDPG

III. ENERGY MANAGEMENT IN HYBRID VEHICLES

Hybrid vehicles have no single energy source or power converter, so a control method is necessary regardless of whether
it's an HEV, PHEV, or FCHEV. Efficiency characteristics and optimal operating points vary between different machines.
The objective is to decrease overall energy consumption. Even though HEVs and PHEVs are more common in the market
resulting in the fact that energy management strategies (EMS) are extensively researched, there are still studies on EMS
in FCHEVs as well. Optimization-based and rule-based EMS can be classified into two main categories. The optimization
methods on the other hand can be applied in a way that either a global optimum point is found with the driving cycle data
which is known beforehand or a sub optimal point is found with not only the past information but also present and future
information. The first method's optimality cannot be updated, but the latter's is dynamic and adaptive.
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Figure 3.1 Fuel cell types

(a) RULE-BASED STRATEGIES

require a set of conditions to be checked in each time instance. Those rules are derived heuristically and cannot guarantee
an optimal operating point. However it is widely used today due to the fact that it is practical, easy to apply and works
fast. Based on those rules controller decides how to share the power demand of the vehicle between the energy sources.
The strategy is applied to vehicle systems [12] and also in the form of fuzzy logic [13]. The same strategy is applied to a
FCHEYV as well [14] and the adaptation will be used for comparison in this study.

(b). REAL TIME OPTIMIZATION (RTO) METHODS

predicts the optimal output within a process and keeps measuring the the real data. By doing so instead of finding a global
optimum point, several optimization problems are created to be solved at each time step. The method is developed in
order to address the uncertainty of the real-time interaction of the controller with the environment. It is aimed for the
controller to respond properly in the case of existence of a disturbance. The method provides a framework for not only
past but also present and the future informationto be utilized. The most popular methods applied for RTO are equivalent
cost minimization strategy (ECMS) [15] [16] and model predictive control (MPC) [17] [18].

(c). GLOBAL OPTIMIZATION METHODS

tries to find the optimum point of a given objective function using a set of data most often driving cycles in our case.
Mostly a combination of different drive cycles are fed into the model and best set of decisions are made in order to
optimize the given function. Dynamic programming (DP) is widely used for that purpose [19] [20] [21] that is a method
benefiting from the principal of optimality idea of Bellman equation. Linear programming [22] and convex optimization
[23] are also used for that purpose however DP is still the most common approach as it almost ensures that global optimum
is found. The only drawback in terms of accuracy stems from the discretization of control input which can be avoided
largely for the expense of simulation time. Such methods are obviously excellent for comparing the performance of any
other method as it sets the best achievable target for the objective function. Moreover the result of the other optimization
or even rule based methods can be updated in order for it to be closer to the best possible outcome [24].Lately as the
reinforcement learning algorithms started to become a promising technique and being applied to many control problems,
thanks to development of the model-free algorithms that can be applied to any environment defined as an MDP. Q learning
and Deep Q learning (DQN) are the most common model-free algorithms in the studies focusing on HEV or PHEV that
are similar to FCHEV. In Q learning or also denoted as Q table learning a random action is selected causing a state
transition and a reward is obtained. The sum of future and immediate rewards are collected in the Q table consisting of
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state and action values. In every step if the current reward is greater than the previous reward, the table containing the
value of the reward corresponding to that state and action value is updated.
IV. FUEL CELL MODEL
The main power source of the vehicle considered in this study is the polymer electrolyte membrane fuel cell. A fuel cell
uses hydrogen and oxygen to generate electricity, heat and water. It is similar to the batteries in some aspects such that it
has elements as anode, cathode, electrolyte and separator resulting in a similar architecture. The main difference is that
fuel cells are not energy storage devices but energy conversion devices. They can generate electricity as long as the fuel
(H2) is flown into the anode. In the anode, particularly the catalyst later, hydrogen is split into H+ ions and electrons
through the chemical reactions. Hydrogen ions are allowed to pass through the exchange membrane as electrons are not
and instead they move to the outer circuit supplying electricity for the load. On the other side of the fuel cell in the cathode,
oxygen flow is performed capturing the electrons and the H+ ions producing water as summarized in figure 2.5. Hydrogen
is stored in a tank in a pressurized form whereas oxygen flow is conducted via a compressor which takes the air as the
input.
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V. REINFORCEMENT LEARNING

Reinforcement learning is considered one of the three paradigms in machine learning alongside supervised and
unsupervised learning and applied extensively in many areas. It is a method in which an agent learns how to form the
relation between the states and the actions based on the reward function. A random action selected starting from the initial
time step for a certain state causing a state transition, action interacts with the environment and as a result a reward value
is gained for every single time step. The relation is illustrated in figure 3.1. There are several algorithms serving the
purpose, using Markov Decision Process (MDP) which contains state, action, reward and the next state (S¢ ,A¢ ,R¢ ,Se+1),
as formalization of the problem. In order to comprehend the interactions, elements of the reinforcement learning
algorithms, states, actions and rewards, must be introduced.

'_| Agent |

¢ Nl
state reward action
S, R, A,
_ R ( ]
¢ L Environment

Figure 5.1: The agent environment interaction in reinforcement learning [7]
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States in reinforcement learning can be considered as an input to the agent consisting of neural networks. It provides the
information of the environment after an action interaction. It must contain enough variable for the agent to completely
understand the system. If the number of variables in the state increases then it will take extensive amount of time for the
training process to be concluded and reward to be maximized. Systems must be investigated thoroughly and minimum
number of state variables must be defined because of the curse of dimensionality.

Actions are the outputs of the agent and inputs for the environment. The agent selects those randomly and feeds into the
environment then checks the situation via states. As they are the only feature the agent can control, variables in that space
must chosen carefully. Compared to state selection it is simpler to choose action variables in any case.

For a state an agent takes an action and it return it gets a reward. Since the main purpose of the reinforcement learning is
to maximize reward, it must be somewhatsimilar to the objective function. It is not always easy to select the right reward
function. Setting it as a similar function to objective function is a simple yet an inefficient approach. The agent sometimes
requires some extra encouragements when it is choosing an action in the right direction. Apart from the function itself
that is supposed to produce higher rewards when an action serves its purpose, extra rule based implementations might
steer the agent to the right direction in a shorter time. Another factor is the numerical range of reward output. If the
difference between two rewards is too high then it is possible for the network to be updated drastically causing divergence.
Another issue is that the reward might be deceptive for some episodes. This is particularly a problem of the initialization
process. If the range of initial variables of the system is too large, a reward similar to the objective function is likely to
fail since it will never be clear which actions are actually good. For instance initialization might start somewhere close to
the target and an action even though it is completely inaccurate might take more reward than an action simulated in the
system initialized far from the target and that is indeed is the best of all. Furthermore it is possible and even certain that
the agent will take some actions that will result in deviation from the goal particularly in the first steps of training. In that
case a penalty should be defined in order to discourage the agent to take those actions againAs the simulation progresses
the rewards are not accumulated directly, instead future rewards are multiplied by a discount factor to ensure that in a
long horizon total reward converges to a value. The value of the discount factor is crucial for both continuous tasks where
the problem defined in a time horizon cannot be divided into sub-simulations and episodic tasks where simulation time
can be set thus dividing the complete process into sub-groups. In episodic tasks as in our problem until the terminal state
is reached, in most case it is the last time step of the simulation or the time when the simulation is stopped as a punishment,
target of the value function is updated as in equation 3.1.

y; = R; +7 lll;lf:\' Q, (Sf..-l' w,)
) (5.1)

The target is the sum of the immediate reward and the expected future rewards. As the discount factor approaches to zero
target value will always be zero meaning that in every step the next state will be considered as a terminal state and only
the immediate reward will be taken into account. On the other hand a discount ratio equal to 1 will cause the future
rewards as equally as important compared to the immediate reward.

In the final step the loss function is calculated. As mentioned above a value function was calculated with the immediate
and expected rewards. The loss function is the square of the difference between value function target and the current value
of the value function as in equation 3.2.

| M - 5 .
L= ﬁczl(y,' Q(Si. Ai | 9)) (3:2)

It is a metric of how close the value function is to the target or how small the values of the expected rewards are. The
update of the mapping occurs at this step, after minimizing the loss function.

In order to apply any model-free algorithm of reinforcement learning the problem must be defined. Unlike model-based
algorithms, the model-free algorithms as the name suggests can be applied to any model as long as the problem definition
includes the elements to be described are action and state space and reward function. Before introducing those, the
objective function should be explained as it will demonstrate itself the reason behind the selection of the elements.

VI. DEEP Q LEARNING (DQN)

Before explaining DQN method, first the most basic reinforcement learning algorithm called Q-learning must be
introduced. In Q learning the Q-value is stored in a Q-table in which the dimensions are state and action. The most
common practice is to use the temporal difference method that is integrated into the Bellman equation. The equation is
the founding base of the learning algorithm and may be slightly modified in different algorithms. Q value calculation with
temporal difference is given:

Q™" (s1.a¢) + Q(st.at) +a- (r, by-max@Q(sp41.a) — Q(s¢,ay ‘))
- " (6.1)

The table is updated in each step with the learning rate multiplier denoted as a and ends when the Q-value cannot increase

anymore supposedly because the best action sets for each state is found. It is also possible that actions are stuck because

of their greediness. The trade-off between exploration and exploitation that is defined by € is the most common problem.
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When ¢ that is defined between 0 and 1 increases exploration rate increases as well resulting in more random action
selection thus giving priority to the future rewards. When the number is close to 0 the algorithms becomes greedy and
approaches to the immediate reward. The most striking downside of the algorithm is that it requires a Q-table whose
number of elements is the multiplication of the number of states and the actions. DQN utilizes deep neural network (DNN)
instead of a Q table and makes it possible for problems involving with a larger stateaction space to be solved in shorter
time or solvable at all. DNN consists of several layers first of which is called the input layer and it ends with the output
layer; it is derived from artificial neural networks that only consists of an input, hidden and the output layer. DNN on the
other hand benefits from several hidden layers in order to provide the opportunity for more complex correlations to be
found. Those layers have nodes and all the nodes in each layer are connected to each other. Depending on the application
they the connections may differ however in its basic form it has a feed-forward structure as observed in figure 3.2. In each
node there is an activation function whose parameters are updated in order to map the input to the output correctly. The
accuracy of mapping or fitting is naturally affected by the number of nodes and the layers. Even though there is not a
straightforward guideline to find the numbers that will produce the best results,
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the basic approach is to build the network as simple as possible and try to see if the fitting has acceptable error. When the
layer and node number increases it takes a lot of computation time and that might be misleading in terms of convergence.
It is possible that in such a case it requires vast amount of time that is not predicted by the user. However it is not simple
to define the level of complexity.

Instead of using temporal difference method in the value function, and storing this q value in a table, DQN uses a target
value function in which only the immediate and future rewards are summed. The network is then updated with the
gradientdescent of the loss function. In addition instead of evaluating every case one by one, experience is utilized as
explained in the reinforcement learning section. DQN is applied to our problem and the action to be taken is a form of
how much of the demand power will be supplied by the battery. The power flow is controlled by the switches in the
converter. Fyy is the gain in the converter model that is selected as the action. Instead of choosing Frc and Fyq as the action
variables it is decided that only one of them will be included. Their sum is constant, one is dependent and the other one
is independent variable. The equation below shows the relation between the gains and the battery current.

[but — % * Iln
bat + L' FC 6.2)
As long as sum of Fpy and Frcis greater than one the system works robustly. It can be concluded from the computational
experiments that it is observed that changing this sum improves system response thus it is picked as 4
a = {Fpat} where Frc 4 — Fpat (6.3)
The range of the action is selected as below after trial and error, as the DQN algorithm requires discrete actions the range
is split into 16 steps with a step size of 0.4
—2<Fpa<4 (6.4)

Table 6.1 shows the modes of power sharing
Table 3.1: Operation Modes

Mode Fre  Fpat
FC charges battery and supplies power 6 -2
Only FC supplies power 1 0
FC and battery supplies equal current 2 2
Only Battery supplies power 0 Bl
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State variable candidates in the problem are Pgemand,Pbat,Pe, FCetr ,SOC,SOC — SOCgesired that are power demand, power
supplied by the battery and fuel cell, fuel cell efficiency, state of charge and deviation of the state of charge respectively.
Theycan be defined in a different form however those are the main variable candidates. In the training process several
combinations are tried and finally reward maximization achieved. Those state variables for DQN are:
§= {SOC - SOCdesired, Pdemand} (65)
As the state Pgemand 1 indeed the input of the system, there cannot be any limitations. On the other hand the first state SOC
—SOClesired 18 limited as:
-S0 Cdifference ,Limit <S50C — SOCesired < SOCdifference,Limit (66)

VII. DEEP DETERMINISTIC POLICY GRADIENT (DDPG)

DDPG algorithm is similar to DQN however differs when it comes to updating the network parameters. DDPG is a
member of the actor-critic algorithms though DQN has only one network structure. Actorcritic approach resembles the
relation between a child and a mother. When an action is decided and interacts with environment the critic guides the
actor in the right direction whereas in DQN there is only one network and it is led by the value function only. DDPG
utilizes the actor critic approach and those two different networks are updated with different methods. Critic network is
updated in the same way networks are updated in DQN. On the other hand the update of the actor network is conducted
by the gradient descent. Similar approach is observed in the way that parameters are updated. However by doing so it is
possible to define the action space continuously and decreases the errors caused by the discretizetion. The gradient is
calculated as:

1 | | |
VouJ = N Z Va@Q (s a | (}Q) ‘ Voupu(s|6*)
* ! ‘s_.\',‘.()_/tlj.\‘.] s
(7.1)
The gradient of the critic with respect to action and the actor output with respect to the actor parameters is multiplied in
order to find the gradient. DDPG is a more complex algorithm and the training process takes longer time compared to
DQN.
However the fact that it does not require discrete action space is a huge advantage. The action is selected according to the
current policy and is distorted with a noise function that is decaying throughout the process in order to increase
exploration.
The action space defined for DDPG algorithm is the same that of DQN with one difference, they are not discrete. State

space on the other hand is slightly different. Again after several training episodes the state variables are chosen as:

s={S0C, Haeff} (7.2)
As in DQN state variables are limited in DDPG as well. The limitation for the variables SOC and H ¢ respectively are:
SOCmin< SOC<SOCmax (73)
HZ,Effmin< H2,eff< HZ,Effmax (74)

Efficiency of the fuel cell is directly related to the power supplied by the fuel cell. As the agent observes the efficiency
value without knowing how much power is supplied by the fuel cell, it takes a reward in that state. The idea here is that
the agent does not need to know the fuel cell power but only the efficiency curve. So it is not important that if the power
is sliding left or to the right as the focus is on the efficiency.

The sign of the power difference is obtained by the other state variable SOC. Reward function is also similar with one
little difference and defined as:

r =—wgoc * (SOC — SOCyesired)’ — Wy * (Ha o fmaz — Hae51)°

(7.4)
If the state limits are exceeded then the simulation is stopped and the agent gets a penalty.

VIII. RESULTS

compares the results of the algorithms implemented in the model that are DDPG, DQN, Rule-based and brute force under
different drive cycles. Brute force findings provides a target for the best control actions even though it is limited by the
discretization of variables. We present that learning techniques are able to produce better outcome than rule-based method
and close to brute force algorithm results. The comparison will be made based on total energy consumption, average fuel
cell efficiency and SOC deviation. Under the UDDS cycle the agents trained with DDPG and DQN algorithms are able
to keep the SOC level between certain limits and the deviation from the target that is set as % 50 is not large. At the end
of the cycle it still has an acceptable value and restarting the cycle from that point will not cause any significant change
of SOC behaviour as shown in figure 4.2. In addition efficiency of the fuel cell is high and the system tracks the power
demand within a very small margin of error. Since DQN action space is discrete, sudden action changes cause slight
overshoots. A similar SOC behaviour is also achieved by the rule based strategy, however figure 8.1. shows that many
changes in the SOC are sharper than that of the DDPG-trained controller. Another point is that it is possible for the SOC
level to drop slightly from the target level, if it is necessary, a situation that cannot be observed in rule-based EMS.
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Figure 8.1 Behavior of the RL-Based EMS trained with DDPG and DQN under the UDDS drive cycle

51 T T T T

RB
— DDPG

505 If |\

'. \\' - !
50 + './ “N\ ,/ L, ‘/—\,.,»-;\,J l’"‘V\b' l/.J \k‘:

SOC [%)
/

‘ 1 .

IL_

1 L

49.5 5 2
750 800 850 900 950 1000

Time [s]

Figure 8.2 Comparison of SOC behavior of the controller developed with Rule-Based EMS and RLBased EMS
trained with DDPG

IX. CONCLUSION
The development of a fuel cell vehicle model features a model that simulates a power unit that includes a fuel cell, lithium

ion battery, and DC-DC converter. Autonomie software is used to obtain the vehicle load model, which converts input
speed to power demands from the converter and all the way up to the electric motor. Voltage outputs (V¢ and Vig) are
produced by both fuel cell and lithium-ion battery models when given input currents. The voltage becomes the input for
the DC-DC converters which sends the current signals (ir. and ipa) into the energy sources depending on the difference
between the source and bus voltage. The energy management system, which produces gains (Fpa and Fr.) and passes them
to the voltage current controller, determines how much current to draw from the sources. The controller transmits the
switches' duty cycle to the converter according to the gains and voltage differences. The primary goal of this study is to
implement reinforcement learning algorithms in the energy management strategy. The conclusion is that the DQN
algorithm is the most frequently used model-free reinforcement learning algorithm in energy management systems in
HEV, PHEV, and FCHEV, aside from Q-learning. After implementing the algorithm and training the agent with drive
cycles, the agent with the highest reward is chosen. Their performance is evaluated under various drive cycles. A similar
procedure is followed after implementing another algorithm called DDPG. The continuous action space advantage of this
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algorithm makes it highly promising, especially in applications like fuel cell hybrid vehicles. The agent's training will be
more time-consuming as a disadvantage. Random step power inputs are substituted for drive cycles during the training
process. After the agents have been trained, their performance under drive cycles is measured against energy management
strategies that utilize rule-based and optimization-based approaches. Autonomie software was the basis for our rule-based
approach, and we picked the optimization-based method as the brute force search algorithm. Total energy consumption,
fuel cell efficiency, and battery SOC are the criteria for evaluation. The selection of UDDS, HWFET, and US06 cycles is
based on their ability to represent different driver behaviors. It is found that in all of these drive cycles, energy
management strategies based on DDPG and DQN are able to consume less energy than the rule based approach while
achieving a similar SOC behavior and small deviation in SOC. Their performance is slightly inferior to the BF method..
The DDPG algorithm has the potential to be utilized to find the global optimal, which can be continuously learned in real-
time applications.
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