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Water management in PEM fuel cell has become an important issue since it can improve cell 

performance and lifetime. This paper presents a dynamic model of Proton Exchange Membrane Fuel 

Cell (PEMFC), and an optimal PID controller based on Genetic Algorithm has been developed. This 

process can control the cell voltage with changes like current disturbance and uncertainty in model. 

The proposed controller is compared with CHR-PID (Chien-Hrones-Roswick approach to design a 

classic PID controller) and predictive control. The comparison shows that an optimal controller has 

good performance. Models and optimal PID controller are implemented in MATLAB and SIMULINK 

environment. Simulation results show that, this approach can adjust the anode and cathode water mole 

fractions. When changes applied to model, the cell voltage oscillates and after little time converges to 

setpoint and it would be constant. Thus, the cell water content maintains within a satisfactory interval 

irrespective of changes in the cell current and parameter in model. This process is caused to extend the 

lifetime of PEM fuel cell stack. 
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1. INTRODUCTION 

Fossil fuels for power generation have disadvantages like environmental pollution therefore the 

intention in fuel cells has increased during the past decade. It is a source of power with efficient 

energy, less pollution and infinite energy. 

Some advantages of fuel cell systems are as follows: first, Fuel cells have the potential for high 

operation efficiency. Second, there are many types of fuel sources, and methods of supplying fuel to a 

fuel cell. Third, fuel cell has a highly scalable design. Fourth, Fuel cells produce no pollution. Fifth, 

fuel cells are low maintenance because they no moving part. Sixth, fuel cells do not need to be 

recharged, and they provide power instantly when supplied with fuel and so on [1]. 

http://www.electrochemsci.org/
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A fuel cell transforms chemical energy to electrical energy. This conversion is direct, thus it has 

high efficiency. In fact, the reaction between hydrogen, oxygen and water, will produce heat and 

electricity. The fuel cell includes three components such as anode, cathode and electrolyte. Fuel cell is 

a new technology to produce energy without causing environmental pollution and noise, which is a 

combination of direct fuel and oxidants, and can produce electrical energy with high efficiency. 

Fuel cells are classified according to their electrolyte; the five main types of electrolyte used in 

fuel cells, are divided as follows: First, The polymer electrolyte or proton exchange membrane fuel cell 

(PEFC). Second, Alkaline fuel cell (AFC). Third, Phosphoric acid fuel cell (PAFC). Fourth, Molten 

carbonate fuel cell (MCFC). Fifth, Solid oxide fuel cell (SOFC). 

The PEM fuel cell model includes a compressor, an injection pump, a humidifier, a cooler, inlet 

and outlet manifolds, and a membrane–electrode. The model includes the dynamic states of current, 

voltage, relative humidity, combination of air and hydrogen, cathode and anode pressures, cathode and 

anode mass flow rates[4]. 

The water management in the PEM fuel cell technology is a critical problem. Despite several 

studies on this topic, water management is still misty. An appropriate humidity condition can improve 

performance and output voltage of fuel cells. In addition, it can prevent irreversible degradation of 

internal composition such as the catalyst or the membrane.   

Kunusch et al. [2] used spectroscopy to test methods of modeling a PEMFC for controller 

design. Gorgun [3] applied the maintenance of mole balance to develop a PEM model, which includes 

water phenomena, electro-osmotic drag and diffusion through the membrane. Tekin et al. [5] applied 

fuzzy PID control to regulate the airflow rate for improving transient and steady responses. Huang et 

al. [6] designed a fuzzy controller to regulate the hydrogen flow rate. The fuel cell water management 

is a critical issue that has discussed in many papers. Many experimental studies were conducted to 

understand the water transport phenomena and to explain the factors that affect the membrane water 

content [7,8]. Wolfgang et al. [9] derived a test bench to measure the ohmic resistance of fuel cell stack 

and showed that the humidity of membrane had a very strong effect on the electrical output of a fuel 

cell. Abtahi et al. [10] proposed a fuzzy controller for water management of PEM based on Mamadani 

inference systems.  Liyan Zhang et al. [11] built model of water management system and proposed 

model predictive control to maintain appropriate humidity of membrane in PEMFC. Recently, 

Sedighzade and Fathian [12], presented a one-dimensional nonlinear state-space model for a single 

PEM fuel cell, which correlates changes in the cell voltage to change in the cell current density and 

humidification rate. They have presented recurrent neural network (RNN) controller based on the 

approximation of nonlinear autoregressive moving average (NARMA) model. 

In recent years, an optimization method called Genetic Algorithm is introduced, due to the 

flexibility, versatility and robustness in solving optimization problems. The main advantages of 

Genetic Algorithm are: (i) fast convergence to near global optimum. (ii) Super global searching 

capability in complicated search space. (iii) Applicability even when gradient information is not 

readily achievable [15]. In this paper the Genetic Algorithms are applied to determine the optimal 

values of the controller’s parameters. 

This paper will present a one-dimensional nonlinear model of the PEM fuel cell for its water 

management. The inlet hydrogen and oxygen flow rate will be unchanged in the same time. Changes of 
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anode and cathode humidity rate cause ohmic loss, therefore this idea for controlling the fluctuations 

of output voltage is adjusting by membrane humidity. Thus, regardless of changes in cell current, 

membrane humidity is in a proper range and the output voltage is constant. 

The organization of this paper is as follows; in Sec.2, the mathematical model of PEM fuel cell 

and three major voltage losses in the PEM fuel cell is presented in Sec. 3, the optimal PID controller is 

designed with using Genetic Algorithm. Finally, in Sec. 4, the simulation result is compared with 

NARMA and CHR-PID controller. 

 

 

 

2. MODEL OF PEMFC 

Models play an important role in fuel cell development. PEM fuel cells use hydrogen as fuel 

and air as oxidizer.  In PEMFC stack oxygen and hydrogen are consumed, and water and heat are 

generated. Humidification system is used to maintain hydration of the polymer membrane and to 

balance consumed water in the system. 

 

 

 

Figure 1. The basic PEM fuel cell 

 

A fuel cell according to its electrolyte must have been had sufficient humidity for ions 

conduction. If this humidity is not supplied, the membrane conductivity decreases and the cell output 

drops; otherwise, flooded fuel cells cause high polarization losses. The operating process of a fuel cell 

is the reverse reaction of the electrolysis of water. Perturbation in fuel cell humidity can be caused by 

different mechanisms: water generated while load increases, changes in the absolute and relative 

reactant pressure across the membrane, changes in air flow rate and changes in stack temperature, 

which change the vapor saturation pressure [13]. These mechanisms indicate strong and nonlinear 

interaction among the humidity control tasks. A 20–40% drop in voltage can occur if there is no proper 

humidification control [14]. 
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The dynamic model for a PEM fuel cell is presented in this section to investigate current and 

gas humidity effects on ohmic, activation, and concentration overpotentials. In order to avoid model 

complexity, some simplifications will be considered including: first, the diffusion would be only in the 

x direction in a one-dimensional model, second, produced water is in the liquid phase because the 

temperature is constant and equal to 80C . Schematic overview of the fuel cell considered in this paper 

is shown in Fig. 1. 

The voltage drop for a cell is dependent on the reactant partial pressure and membrane water 

content [16], the output voltage of a cell can be calculated, according to the Nernst’s equation and 

Ohm’s law: 

 

ohm act concV E V V V     (1) 

 

in which, The thermodynamic potential of the cell or reversible voltage is given by Nernst 

equation can be written as: 
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where  ohmV  is ohmic overpotential, i.e., the ohmic voltage drop due to the resistance of proton 

flow in the electrolyte.  actV  is activation overpotential, that is, the voltage loss caused by the rate of 

reactions on the surface of electrodes.  concV  is concentration overpotential, which is the voltage loss 

because of the reduction in concentration gases or the transport of oxygen and hydrogen mass [17]. 

The operational variables were identified as [1]: 
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Total ohmic resistance is the sum of membrane, anode, and cathode resistances, i.e. 

ohm m A CR R R R   . Their state equations have been derived in Ref. [4] as: 
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(6) 

 

where T is the temperature in Kelvin,  gR  is the gas constant, J is the gas diffusion flux, K is an 

approximation factor higher than 10. Table which shows the parameter and constant that used in this 

PEM fuel cell state-space model is given in appendix, that they are drawn from Refs. [19, 18, 4]. 
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Activation overpotential is the required voltage loss to vanquish the energy barrier for doing the 

electrochemical reaction: 
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(8) 

 

Concentration loss mainly occurs at high output currents. Concentration loss originates from 

the intrinsic resistance of materials to charge flow. 
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(9) 

 

Humidity includes two terms that they are in anode and cathode. 
2H OX is the water mole 

fraction, that is, the ratio of water diffusion flux to hydrogen and oxygen diffusion flux in the anode 

2 22


H O

A A A
H O HX J J  and the cathode 

2 22


H O

C C C
H O OX J J . The state space model consists of these four 

nonlinear equations, i.e. Eq. (6, 7, 8, 9) which have the three inputs
2

A
HJ , 

2H O

AX , and 
2H O

CX  . Four state 

variables are  E , ohmV  , actV , and concV . The output of the state space model is the fuel cell voltage V in 

Eq. (1). 

In order to use a single input-single output (SISO) controller, the PEM fuel cell model should 

be transferred into a SISO plant by correlating 
2H O

AX  and 
2H O

CX  with two weight gains. Consequently, 

the controller output is weighted by gains of 1 and 0.43 and the result is fed into 
2H O

AX  and
2H O

CX , 

respectively. The reason for choosing a smaller gain for 
2H O

CX  is the excessive sensitivity of the PEM 

fuel cell to the cathode water mole fraction [12]. 

In this paper, the output voltage is controlled with adjusting the mean membrane humidification 

rate  .   is used as input control because of mR  is not constant in Eq. (7) and it is related to water 

activity wa . Thus ohmV is changed with  and the output voltage is controlled with  . The Eq. (10) shows 

the relationship between   and mR : 

 

  0
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(10) 

 

Note that, some constraints will be made, to ensure the system stability. First, we have to 

maintain the mean membrane humidification rate, 2 14  in order to prevent membrane from drying 

or flooding, respectively. Thus, the injected water in the anode and the cathode should be limited in 
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such a way to satisfy humidification constraints. As the second, the cell current density should be 

maintained between the exchange and the limit current densities, i.e. 0 1 j j j . 

Power versus cell current density when   is 2, 4, 10, and 14 are shown in Fig. 2. As it is shown 

in this Figure the maximum power is achieved when 14  and 0.85j A  and also, in maximum power 

the output voltage is 0.7274V . According to Ref. [12], the cell voltage increases by humidifying the 

membrane when the value of the current density is constant; as a result, the ohmic and concentration 

overpotentials are decreased by humidification.  When the changes apply to PEMFC, duo to ensure the 

system stability the setpoint must be 0.5V. 

 

 

 

Figure 2. power versus cell current density when   is 2, 4, 10, and 14 

 

 

 

3. CONTROLLER DESIGN AND SIMULATION RESULTS 

Neural networks are employed as a successful approach for identification and control of 

nonlinear systems [21]. Neural networks are also known by their swiftness of response and robustness. 

The most successful topology for nonlinear system control is Recurrent Neural Network (RNN). The 

RNN uses feedback in modeling and controlling nonlinear structures leading to a well performing 

control function [22]. For controlling with neural networks, there are two steps typically. The first is 

the system identification and the second is control design. In the former, a model of a dynamic system 

is developed based on the input and output signals from the system. Finally, the neural network plant 

model is employed to design or train the controller.  

A genetic algorithm is a search discursive that mimics the process of natural evolution. This 

discursive is normally used to generate useful solutions to optimization and search problems. Then, an 

optimal controller has been designed to stabilize the cell voltage. We propose resorting to a Genetic 

Algorithm optimization search to find the best parameters of controller. The terminology adopted in 

GAs contains many terms extracted from biology, suitably redefined to fit the algorithm context. Thus, 

http://en.wikipedia.org/wiki/Search_algorithm
http://en.wikipedia.org/wiki/Optimization_(mathematics)
http://en.wikipedia.org/wiki/Search_algorithm
http://en.wikipedia.org/wiki/Problem
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GAs act on a set of (artificial) chromosomes, which are string of numbers, generally sequences of 

binary digits 0 and 1. If the objective function of the optimization has many arguments (typically 

called control factors or decision variables), each string is partitioned in as many substrings of assigned 

lengths, one for each argument and, correspondingly, we say that each chromosome is partitioned in 

(artificial) genes. The genes constitute the so called genotype of chromosome and the substrings, when 

decoded in real numbers, constitute its phenotype. When the objective function is evaluated in a set of 

values of the control factors of chromosome, its value is called the fitness of chromosome. Thus, each 

chromosome gives rise to a exam solution to the problem in a set of values of its control factors. The 

GA search is be done by constructing a consecutive of populations of chromosomes the individuals of 

each population being the children of those of the previous population and the parents of those of 

consecutive population. 

The initial population is generated by randomly sampling the bits of all string. At each step, the 

new population gets by manipulating the strings of the old population in order to arrive at afresh 

population characterized by an increased mean fitness. This sequence continues until termination 

criterion is achieved. As for the natural selection, the string manipulation consists in selecting and 

mating pair of chromosomes in order to groom chromosomes of next population. This is done by 

repeatedly performing on the strings the four fundamental operations of reproduction, crossover, 

replacement and mutation, all based on random sampling [20]. 

 

 

 

Figure 3. Stepwise current changes vs. time 

 

In this paper, parameters of controller are obtained by a Genetic Algorithm with considering a 

population of 250 chromosomes, in which the chromosome has three genes, that considers three 

parameters , ,p i dK K K , and the fitness function is: 

 

 2100fittness sum e SettlingTime 
 

(11) 
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In order to investigate, how well the controller fixes the reference voltage at the set point, 

despite of the current density changes as shown in Fig. 3. Without controller the output voltage is 

shown in Fig.4. 

After optimization, the parameters of controller are obtained as 
5188.957, 1.1739 10 , 0p i dK K K    . The results are shown in Fig. 5. 

 

 

 

Figure 4. Cell voltage without controller 

 

 
 

Figure 5. Cell voltage with PID-GENETIC 

 

In Ref. [12], a neural network was trained to mimic the plant behavior. The response of the 

NARMA controller was examined when the current changes and parameter variations. The controller 

in the Ref. [12], has been compared with the optimal control, in Fig. 6 



Int. J. Electrochem. Sci., Vol. 7, 2012 

  

6310 

 

 

Figure 6. Cell voltage with PID-GENETIC and CHR-PID and NARMA-L2 

 

 The PEM fuel cell parameters like membrane resistance, usually is not constant with ageing, 

and it was necessary for the controller to keep the same performance. In order to investigate how well 

the controllers track the reference voltage when a change occurs in the plant parameters, a sinusoidal 

change in the anode resistance AR  is applied to the plant while the current density changes in the same 

way as in Fig. 3. It is assumed that a 30Hz  frequency sinusoidal signal with the amplitude of 0.1 AR  is 

added to AR . That is, 50 5 sin(2 30 )   AR t . This sinusoidal signal actually simulates the ageing 

process of PEMFC. 

 

 

 

Figure 7. Cell voltage with PID-GENETIC and CHR-PID and NARMA-L2 
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For having a scale to compare, a CHR-PID controller was designed. Study has been showed 

that the NARMA controller has a faster response than the CHR-PID controller. In this paper the 

optimal PID controller is designed based on Genetic Algorithm, has better response than CHR-PID and 

NARMA-L2 controller. As it is shown in Fig. 7, settling time and overshoot have been decreased and 

system converges to it’s setpoint fast, also the PID controller is more robust against uncertainty 

resulting from system membrane resistance and has less pendulous behavior. 

 

 

4. CONCLUSION 

This paper presented a dynamic model for water management in a PEM fuel cell. Derivatives 

of the dynamic equations for activation, concentration, and ohmic overpotentials were led to state-

space model and was utilized to design a SISO plant for the PEM fuel cell. The designed NARMA-L2 

controller, need to use identification of the PEM fuel cell plant. Then, the behavior of plant was trained 

and response of the NARMA-L2 controller was examined in the attendance of current changes and 

parameter variations, .In this method, the first step is system identification however, we don’t need it 

when algorithm genetic is used. The optimal controller based on Genetic controller, is designed and it 

has shown better response than neural network and classic control when changes occur in both of the 

current density and the plant parameters. In addition, the cell voltage was controlled, and the amount of 

water remained in the appropriate range. As a result, according to Ref. [12], the efficiency of the fuel 

cell membrane and life time is increased. 

 

Appendix: 

Table: Specifications Adopted For The Simulated Inverter 

 
Symbol Description Unit Value 

A Area 2cm  
1 

E
 

Electrochemical voltage at standard V 1.17 

F Faraday constant 1cmol
 

96485 

0j  
Exchange current density 2Acm

 
410  

1j  
Limit current density 2Acm

 
1 

K Approximation input factor Dimensionless 10 

dlC
 

Double layer capacitance mF 3.72 

n Number of exchanged electrons Dimensionless 2 

A
inP

 
Anode pressure Atm 3 

C
inP

 
Cathode pressure Atm 3 

gR
 

Gas constant 1 1 J mol K
 

8.314 

aR
 

Anode resistance m  50 

cR
 

Cathode resistance m  50 

T Cell temperature K 353 

  Charge transfer coefficient Dimensionless 0.5 
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