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Abstract- A genetic algorithm “GA” approach 
is formulated to manage the daily electricity and 
heat generation in Proton Exchange Membrane 
“PEM” fuel cells for residential applications. 
Minimizing operating costs can contribute to 
reduce the high-energy price of fuel cells, which is 
the main barrier of utilizing this promising 
source yet. The study aims to evaluate the effec-
tiveness of this management at a wide range of 
operating conditions. A detailed economic model 
for the PEM fuel cell is developed including the 
electrical and thermal energy production. A 
multi-population real-coded GA is used to define 
the optimal daily settings of the fuel cell satisfying 
the main operational and technical constraints. 
The optimization process is carried out at differ-
ent load conditions and a variety of parameters in 
a large operating space. The influence of the 
natural gas and electricity tariffs on the settings 
is highlighted by introducing some results from 
the optimization process.  
 

I. INTRODUCTION 

As they provide possibility for both elec-
trical and thermal energy production, fuel 
cells are candidate to be utilized for resi-
dential utilizations. Salient features, low 
impact on the environment and technical 
developments make fuel cells an attractive 
choice for this kind of applications [1]. 
Many attempts are directed to develop fuel 
cells for commercial, transportation, resi-
dential and space applications [2]. 

The high cost of the electricity produced 
in fuel cells represents the main barrier for 
the unit to be in competition with other en-
ergy sources. With cogeneration applica-

tions, the unit can be utilized more effi-
ciently and hence the cost per unit energy is 
reduced. Although the capital cost forms 
the major part of the energy price, reduction 
of operating cost and thus of the price of 
energy produced in fuel cells may be con-
siderable. A significant reduction can be 
achieved if the appropriate setting of the 
unit is chosen to get optimized operation. 

The economic aspects of the fuel cell 
have been discussed in many literatures 
from different points of view [3]-[5]. More 
investigations, however, have to be directed 
to reduce both the capital and operating 
costs. In this paper, the economic issue of a 
Proton Exchange Membrane “PEM” fuel 
cell to supply a residential load is investi-
gated. The PEM fuel cell has approved 
good features in many fields especially with 
low capacities, which is required for resi-
dential applications [6]. 

In this paper a cost function is intro-
duced to describe the dependency of the 
PEM fuel cell daily cost on the operating 
parameters and both electrical and thermal 
load requirements. An economic model is 
developed to minimize the daily costs tak-
ing into account the various operational and 
technical constraints incorporated with the 
unit. 

To solve such a highly constrained dis-
continuous nonlinear problem, a robust op-
timization algorithm is required. GA is a 
very powerful robust search algorithm, 
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which can search through many points in 
the solution space. The high capabilities of 
GAs have been proven through their per-
formance in many fields [7]-[12].  

In this paper, a GA is proposed to solve 
the operation management problem depend-
ing on the developed economic model. The 
GA technique is chosen due to its ade-
quately capability of handling the nonlinear 
discontinuous problems. GA is also advan-
tageous due to its capability of handling the 
constraints by adding suitable penalty func-
tions to the main objective function. This 
approach can simplify some cases when 
other techniques complicate the problem or 
completely fail to deal with it. 

Various electrical and thermal load 
curves are used at the different seasons of 
the year and different electricity and fuel 
tariffs are considered to study their effects 
on the setting values. 

Some results are introduced to clear the 
tendency of optimized settings depending 
on electrical and thermal demands and en-
ergy tariffs. Also, the cost reduction due to 
the proposed approach is introduced to 
evaluate the effectiveness of the process. 
Finally, the effect of each individual tariffs 
is tested by varying only one keeping the 
others constant.  

It is planned to use these results to train 
an ANN to get the adequate optimized set-
tings by adjusting the inputs, which include 
the pre-stage operating conditions and the 
forecasted loads. 

 
II. PEM FUEL CELL ECONOMIC MODEL  

a. Objective function 
The management process aims to mini-

mize the daily operating cost of the fuel cell 
under the following assumptions: 
� The fuel cell will supply both electrical 
and thermal power to the load 
� There is a possibility to sell back the ex-
cess of electricity at different tariffs. These 
tariffs are always lower than those of the 
purchased electricity 
� A part of the generated power is utilized 
for auxiliary devices required with the unit. 
� The prices of the natural gas for fuel cell 

are lower than or equal to those for residen-
tial thermal loads 

  The objective function is developed ac-
cording to the mentioned assumption in the 
following form: 

 

DOC=DFC+DCPE-DPSE+DCPG+O&M+STC (10) 
 

where: 
DOC : Daily total operating cost ($) 
DFC : Daily fuel cost for the fuel cell ($) 
DCPE : Daily cost of purchased electricity 

if the demand exceeds the produced 
electrical power ($) 

DPSE : Daily incomings for sold electricity 
if the unit electrical output power 
exceeds the electrical demand ($) 

DCPG : Daily cost of purchased gas for 
residential loads if the produced 
thermal power is not enough to meet 
the thermal demand ($) 

O&M : Daily operating and maintenance 
cost ($) 

STC : Daily start up cost ($) 
 

The dependence of DFC on the gener-
ated electrical power and efficiency is given 
as: 
 (2) 

 
where: 
Cn1 : Natural gas price for fuel cell ($/kWh) 
T : Time duration (h) 
PJ : Net electrical power produced at inter-
val “J” (kW) 
Pa : Power for auxiliary devices (kW) 
ηJ : Cell efficiency at interval “J” 

 
The efficiency of the fuel cell depends 

on the active power [3] and hence, a typical 
efficiency curve is developed as a function 
of the electrical power and used in (2). The 
main grid system is assumed to balance for 
the difference between the load demand and 
the net output from the fuel cell. The price 
of electricity purchased from and sold back 
to the network are given by: 
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Cel,p, Cel,s : Tariffs of purchased and sold 
electricity respectively ($/kWh) 
Lel,J : Electrical demand at interval “J” (kW) 

 
The thermal output power from the fuel 

cell depends on the electrical power. The 
relation is almost linear at the lower values, 
while the ratio of the thermal power is rela-
tively higher at the upper operating limits 
[3]. A nonlinear equation is developed to 
give the thermal output power from the unit 
as a function of the produced electrical 
power. The daily cost of purchased natural 
gas for residential application when the 
thermal power from the fuel cell is not 
enough to meet the thermal load require-
ments is given as: 

 
 (5) 

 

where: 
Cn2 : Fuel price for residential loads ($/kWh) 
Lth,J : Thermal load demand at time interval 

“J” (kW) 
Pth,J : Thermal power produced at interval 

“J” (kW) 
 

The operating and maintenance cost is 
assumed to be constant per kWh and hence 
O&M is proportional to the produced en-
ergy. The start up cost depends on the tem-
perature of the unit and hence on the time 
the unit has been off before start up: 

 
 (6) 
 

where: 
α,  β : Hot and cold start up cost respec-
tively 
toff : The time the unit has been off (h) 
τ : The fuel cell cooling time constant (h) 

 
b. Constraints 

The minimization of the objective func-
tion (1) is restricted by many constraints. 
The main operational and technical con-
straints associated with the PEM fuel cell 
are listed below: 

 

Unit capacity constraints: Pmin≤PJ≤Pmax (7) 
 

Ramp rate constraints: (8) 
  

 (9) 

In the above equations, Pmin and Pmax are 
the minimum and maximum limits of the 
generated power, ∆PU and ∆PD are the up-
per and bottom limits of the ramp rate, and 
PJ,t-1 is the power generated at interval (t-1). 
At the same time, the minimum up/down 
time limits (continuous running-stop time 
constraint) must not be violated: 

 

  (10) 
 

 (11) 
 
where Ton, Toff are the unit on and off 

times, MUT, MDT are the minimum up and 
down time limits and U is the unit on/off 
status: U=1 for running mode and 0 for stop 
mode. Finally, the daily number of start-
stop times (nstart-stop) has not to exceed a 
certain maximum umber (Nmax). 

 

        nstart-stop ≤ Nmax  (12) 
 

III. MULTI-POPULATION REAL-CODED GA  

The GA is a powerful search algorithm, 
which is based on the survival of the fittest 
theory. It differs from other traditional op-
timization methods in that: It searches a 
population of points in parallel, it uses 
probabilistic rules rather than deterministic 
ones, and it can process an encoding set of 
the parameter. To increase the efficiency of 
the evaluation process and to avoid the re-
petitive change between binary and real 
coding, a real-coded GA is applied [7]. In 
the multi-population structure, the individu-
als migrate periodically between subpopula-
tions. 

 
a. Problem representation 

As a member of the chromosome struc-
ture, each individual represents the output 
electrical power from the fuel cell through 
one day. It is assumed that the setting of the 
fuel cell is updated each 15 minutes and 
hence, 96 unknown variables are associated 
with each individual. To initiate the popula-
tion, the individuals are randomly formu-
lated in the range between 0 and 4 kW to 
satisfy the first constraint (7). The main 
implementation steps of the GA following 
the initialization are given by the flowchart 
shown in Fig. 1. 
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Fig. 1.  Flowchart of the GA evolution process 
 
To implement GA with a highly con-

strained problem, it is possible to generate 
only feasible solutions by avoiding indi-
viduals, which lead to unmet-constrained 
situations. As the infeasible solutions 
mostly cover the search space at the initial 
generation, the complete avoidance of the 
infeasible solutions gives a high possibility 
of missing the area of global minimum [8]. 
Another approach is to move the infeasible 
individuals to the nearest feasible area. This 
would be too complex and a very time con-
suming process. The penalty function ap-
proach is another alternative that converts 
the constrained problem to an uncon-
strained one by augmenting additional cost 
terms with the main objective function. 

The adequate choice of the penalty func-
tions and their parameters is an essential 
requirement to achieve rapid rejection of 
the infeasible solutions. The additional 
terms assign more costs for the individuals, 
which violate any of the constraints given 
in (8) through (12). These nonlinear costs 

depend on the location of each infeasible 
solution from the feasibility boundaries. To 
insure fast rejection of the infeasible solu-
tions, a higher cost value has to be assigned 
to any infeasible solution than the feasible 
members. In this study, exponential penalty 
factors are used for ramp rate violation, 
while quadratic ones are applied when vio-
lating the minimum up/down time limits 
and maximum number of daily start-stop 
times constraints. 

To evaluate the performance of each in-
dividual, the total cost is firstly calculated 
according to (1) and the corresponding pen-
alty term is added if exists. The evaluation 
of each member is accomplished by ranking 
the individuals and assigning fitness value 
to each one according to its position within 
the population. Fitness values between 
maximum and minimum limits are calcu-
lated with fixed incremental steps and given 
to the ranked individuals. The fitness scal-
ing represents a basic step for selection of 
parents to create a new offspring. Strings 
with higher fitness are selected using the 
roulette wheel technique and used in the 
recombination process.  

The new generation is produced by 
means of two main processes: crossover 
and mutation. Crossover is a genetic proc-
ess by which information can be exchanged 
between the members of the population, 
possibly creating more highly fit members. 
For the real-valued encoding, the max-min 
arithmetical crossover operator [7] is used 
in the form: 

 (13) 
 
 (14) 

 

where G1, G2 are the new strings, P1, P2 are 
the parents and α is a scaling factor.  

Mutation is the second process in the re-
combination, which is used to escape from 
possible local minimum. The mutation in 
non-binary representations is achieved by 
disturbing the gene values with low prob-
ability.  

Care has to be taken to ensure that the 
best solutions are not lost in moving from 
one generation to the next. According to 
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this strategy, which is known as ‘Elitism’ 
some of the fittest members of each genera-
tion are saved and copied into the next gen-
eration. With this process it is expected that 
the average fitness of the new generation is 
improved. The periodic migration of indi-
viduals between subpopulations, which is 
used in this study, is found to achieve some 
improvements in the results. 

 
b. GA parameters 

Table 1 summarize the genetic algorithm 
parameters.  

 

Table I Summary of the GA parameters 
NUMBER OF SUBPOPULATIONS 10 
Number of individuals per subpopulation  20 
Total population size 200 
Generation gap  0.8 
Insertion rate  0.9 
Probability of crossover 0.9 
Probability of mutation  0.01 
Maximum generations 1000 
Migration rate between subpopulations  0.2 
Number of generations between migration  20 

 

IV. RESULTS OF OPTIMIZATION PROCESS 

Fig 2 shows the output power from the 
unit when no electricity is sold back to the 
main grid. The output power covers the 
electrical demand and a part of the thermal 
demand. Another example is illustrated in 
Fig. 3 where the excess of electricity is sold 
back for 0.07$/kWh.  

The optimized daily operating cost in the 
first case is 3.47$ while operating the unit 
with full capacity at the same conditions 
results in a cost of 7.13$. Similar reductions 
have been achieved with the other cases 
ranging from 0.3$ up to 5.5$ per day. For 
instance in the case shown in Fig. 3, the 
obtained costs are 2.44$ while the full-
capacity costs 3.36$. If the unit is only op-
erated to cover the electrical demand, the 
required costs will rise to 3.57$ 

If an average reduction of 2.0$/day is as-
sumed, more than 700$/year will be saved. 
To evaluate the significant of this reduction, 
it is enough to know that the capital cost of 
such 3-4kW units is about 12000$. This is 
equivalent to an annualized cost of 

1700$/year assuming 0.07 interest rate, 5 
years life time for the stack, which repre-
sents about 33% of the total capital cost, 
and 20 years life time for the reformer and 
the power conditioner. 

 

 
 
 
 
 
 
 
 
 

Fig 2. Electrical and thermal outputs without selling electricity 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 3.  Unit electrical and thermal output when selling electricity 
 
Some comparisons are introduced in 

Figs. 4-7 to show the effect of the four in-
dividual tariffs. One tariff is changed each 
time while the others are held constant. 

 
 
 
 
 
 
 
 
 

 

Fig. 4.  Effect of the sold electricity tariff  
 

 
 
 
 
 
 
 
 
 
Fig. 5.  Effect of the purchased electricity tariff 
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Fig. 6.  Effect of the natural gas tariff for fuel cell 
 
 
 
 
 
 
 
 
 
Fig. 7.  Effect of the natural gas tariff for residential load 
 
The settings are strongly affected by the 

sold electricity tariff, which is illustrated in 
Fig. 4. A remarkable impact is also ob-
tained with the variation of the natural gas 
prices for the fuel cell as well as for the 
residential load as shown in Figs. 6 and 7 
respectively. As the electrical power from 
the fuel cell covers the electrical demand in 
most cases, the purchased electricity price 
does not provide significant changes in the 
results. 

The management process has to be gen-
eralized to avoid repeating the optimization 
after each variation in the operating condi-
tions or load demand. It is planned to train 
an ANN with these results to give the opti-
mized setting of the fuel cell. It will be 
enough in this case to adjust the inputs, 
which represent the pre-stage operating 
conditions and load forecasts, to simulate 
the new situation.  

 
V. CONCLUSION 

The operation management of PEM fuel 
cells for residential applications is pre-
sented in this research. A detailed economic 
model is developed considering both elec-
trical and thermal relations. A real-coded 
GA is used to carry out the optimization 
process for different operating conditions 
and load curves. The results showed a sig-

nificant reduction compared with the full 
capacity operation, which reflects the pos-
sibility of achieving a reasonable decrease 
in the energy price. 

The sold electricity tariff is found to 
have a strong influence on the results and 
the natural gas price for both the fuel cell 
and residential loads showed also a remark-
able effect. The variation of the purchased 
electricity tariff did not introduce a notable 
change in the results as the electrical de-
mand is almost supplied by the fuel cell in 
most cases. A future work will be done to 
develop an ANN-based tool to get suitable 
optimized settings without the need to re-
peat the optimization.  
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