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Abstract— The paper demonstrates the online optimal man-
agement of PEM fuel cells for onsite energy production to supply 
residential loads. Classical optimization techniques are based on 
offline calculations and can not provide the necessary computa-
tional speed for online performance. In this paper a Decision 
Tree (DT) algorithm is employed to obtain the optimal, or quasi-
optimal, settings of the fuel cell online and in a general frame-
work. The main idea is to employ a classification technique, 
trained on a sufficient subset of data, to produce an estimate of 
the optimal setting without repeating the optimization process. 
The required training database is extracted by performing the 
optimization offline at different load demands as well as different 
natural gas and electricity tariffs using a Genetic Algorithm 
(GA). The approach provides the flexibility of adjusting the set-
tings of the fuel cell online according to the observed variations in 
the tariffs and load demands. Results at different operating con-
ditions are presented to confirm the high accuracy of the pro-
posed generalization technique. In addition, the accuracy of the 
DTs to approximate the optimal performance of the fuel cell is 
compared to that of the Artificial Neural Networks (ANNs) used 
for the same purpose. The results show that the DTs can some-
what outperform the ANNs with certain pruning levels. 
 

Index Term— Artificial neural networks, Decision trees, Fuel 
cells, Genetic algorithm, Performance optimization 
 

I. INTRODUCTION 
 

HERE is a considerable interest in utilizing Distributed 
Generating (DG) units for both stand-alone and grid-

connected operations [1]. This trend is motivated by the valu-
able benefits that DG units can provide for both the consumers 
and the electric-distribution systems [2]. Improving availabil-
ity and reliability of utility system, voltage support and im-
proved power quality, reducing the emissions and the power-
losses and the possibility of cogenerations are some of these 
benefits. Furthermore, the transmitted power is reduced when 
the power is generated onsite and hence, the transmission and 
distribution expenditures are postponed or avoided. Therefore, 
the reduction of energy price produced in DG units in general 
and in fuel cells in particular is becoming increasingly impor-
tant in order to bring them to competition with conventional 
centralized energy sources [3, 4]. 

Supplying residential loads would be a favourable applica-
tion for fuel cells if the energy price in such units is reduced to 

a feasible level. The reduction of the operating costs in fuel 
cells by the optimal management of their electrical and ther-
mal power can significantly contribute in achieving the re-
quired economical operation. However, the high computa-
tional requirements and the long execution time characterizing 
the conventional optimization make the online implementation 
of this management unpractical for residential applications. 
Therefore, it is required to find new procedures that perform 
based on optimization concepts and are suitable, at the same 
time, for online operation.   

In a previous work [5], the Genetic Algorithm (GA) tech-
nique is used to optimize the electrical and thermal power 
generation in a fuel cell supplying a residential load at differ-
ent operating conditions. Despite the success of the process to 
achieve a significant reduction in the operating cost, it is sug-
gested to extend the approach in a general frame using a suit-
able tool. Therefore, the GA-based optimization is used only 
to provide a suitable database for training and testing an Arti-
ficial Neural Network (ANN), which is proposed for the onsite 
application. Accordingly, the problems related to the conven-
tional optimization are avoided due to the use of the ANN 
alone in the online mode. 

The decision tree (DT) classifier is an intelligent approach 
for multistage decision making, which is widely used in many 
applications [6, 7]. It is one of the simplest representations of 
complicated functions that can be successfully used to classify 
new unobserved data and thus, has a talented generalization 
feature. The main advantage of DTs is their capability to break 
up a complex decision into a set of simpler decisions, pre-
dominantly providing correct solutions similar to the desired 
targets [6]. Other benefits of DT techniques for classification 
problems include their robustness, nonparametric nature, and 
their high computational efficiency [7]. The employment of 
DTs as an alternative to the ANN is therefore proposed in this 
paper to extend the optimization approach in a generalized 
frame. Emphasis is directed to the online use of the DTs to 
define the optimal, or quasi-optimal, settings of the fuel cell 
depending on various load demands and operating tariffs. 

A knowledge base is extracted from the GA-based optimi-
zation and used in constructing the DT. All decision variables 
and load demands are considered as input predictors to enable 
the online updating of these variables without carrying out a 
new time-consuming optimization procedure. The DT is then 
pruned to avoid overfitting the training data and to improve 
the generalization performance. The DT-based settings are 
compared with the optimal target to demonstrate the out-
standing capability of the proposed approach to provide a fast 
and simple optimal management for the unit. In addition, the 
performance of the DT is compared with that of the ANN, 
where the DT exhibits better results, to some extend, than the 
ANN when specific pruning levels are used. 
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II. PROBLEM FORMULATION 
 

The structure of the residential system supplied by a fuel 
cell is shown in Fig. 1 including both the electrical and the 
thermal energy paths. The fuel cell is used as the main source 
for both the electrical and thermal load demands. However, 
the main electrical grid system is used to achieve the balance 
between the generated and the consumed electrical power. 
Two energy meters are separately used to measure the pur-
chased and the sold electricity since two independent tariffs 
are assumed for them. 

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 1.  Structure of the residential system supplied by a fuel cell 

 
Since the exhaust air from the fuel cell still contains con-

siderably large energy, the output thermal energy is utilized 
for water and space heating in the residential building. The 
thermal load can be supplied also by a natural gas burner to 
compensate any possible shortage in the produced thermal 
energy. The possibility of providing the natural gas for the fuel 
cell and the residential load at different tariffs is taken into 
account. Therefore, the natural gas consumptions in the fuel 
cell and gas burner are measured individually to calculate the 
cost of each part depending on its tariff. 

 
A. Economic model of the residential system 

The daily operating cost “DOC ($)”, which has to be mini-
mized, can be developed according to the illustrated structure 
in terms of the payments (for natural gas and purchased elec-
tricity) and income (for sold electricity) in the following form: 
 
DOC=DFC+DCPF+DCPE-DISE+O&M+STC (1) 
 

The daily fuel cost “DFC $” to supply the fuel cell, daily 
cost of purchased fuel “DCPF $” for residential load, daily 
cost of purchased electricity “DCPE $”, and daily income for 
sold electricity “DISE $” are described by the following equa-
tions: 
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Where: 
Cn-FC, Cn-RL : fuel price to supply the fuel cell and the residen-

tial load respectively ($/kWh) 
Cel-p, Cel-s : tariffs of purchased and sold electricity respec-

tively ($/kWh) 
T : time duration between two successive settings of 

the fuel cell (h) 
PJ : net electrical power produced at interval J (kW) 
Pa : power required for auxiliary devices (kW) 
ηJ : fuel cell efficiency at interval J 
Lth,J : thermal load demand at interval J (kW) 
Pth,J : thermal power produced at interval J (kW 
Lel,J : electrical load demand at interval J (kW) 
 

The operating and maintenance cost “O&M” is assumed to 
be in proportional with the produced energy, while the start-up 
cost “STC $”depends on the temperature of the unit and con-
sequently on the time terminated where the unit was in the off 
mode before starting it up once again: 
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where: 
α : hot start up cost 
α+ β : cold start up cost  
toff : the time terminated while the unit is off (h) 
τ : the fuel cell cooling time constant (h) 
 

In the presented model, the four operating tariffs, i.e. Cn-FC, 
Cn-RL, Cel-p and Cel-s, represent the four decision variables that 
affect the optimal settings of the fuel cell. 

The minimization of the objective function (1) is restricted 
by some operational and technical constraints. This includes 
the unit capacity constraints, unit ramp rate constraints, mini-
mum up/down time limits (continuous running/stop time con-
straint) and the maximum number of starts and stops per day. 
The mathematical description of these constraints is given in 
detail in the previous paper [5]. 

 
B. GA-based optimization process 

To simulate and solve the optimization problem associated 
with the economic model of the residential system, a special 
tool is required. The selected optimization algorithm has to be 
capable of dealing with such discontinuous and nonlinear 
models which comprise many constraints. The GA is a suit-
able technique for these cases taking into account its powerful 
probabilistic capability of searching in a population of points 
in parallel [8-10]. The optimization process is carried out us-
ing 10 different load curves selected at different season and 
also with various operating tariffs. This results in more than 
940 optimization cases. The idea is to provide sufficient 
knowledge base for the generalization stage using the DT. 
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The penalty-function technique is employed to handle the 
constraints in the economic model [10]. This technique de-
pends on converting the constrained problem to an uncon-
strained one after adding suitable extra cost functions to the 
main objective function. The additional cost functions assign 
nonlinear costs for solutions that violate any of the constraints 
depending on their locations relative to the feasibility bound-
ary [10]. To ensure fast rejection of the solutions that violate 
the constraints, a higher cost value is assigned to any infeasi-
ble solution than the feasible members. Thus, the priority will 
be to the solutions that satisfy all constraints. 

A multi-population structure is used for the GA since it im-
proves the quality of the obtained results. According to this 
structure, the individuals migrate periodically between sub-
population to exchange information between them. The real 
coding is used in the optimization processes since it provides 
better performance and faster conversion compared to other 
coding methods [10]. With other coding, it is required to alter-
nate to the real coding in the phase of calculating the total 
operating cost, which results in additional processing time. 

At the beginning of the evolution process, a number of in-
dividuals is randomly created to represent the possible output 
electrical power from the fuel cell over one day. The values 
within all individuals are limited between 0 and 4, which is 
equivalent to a maximum electrical power of 4kW. It is as-
sumed that the setting of the fuel cell is updated every 15 min-
utes and hence 96 setting values have to be calculated for one 
day. To evaluate the performance of the individuals, the corre-
sponding daily operating costs are calculated for each one and 
the penalty cost terms are added to the members which violate 
the constraints. 

The individuals are then ranked and a suitable fitness value 
is assigned to each of them. The roulette wheel technique is 
used to select some individuals to perform the recombination 
process. It is expected that strings with higher fitness values 
will be selected by the roulette wheel technique. The two re-
combination processes, i.e. crossover and mutation, are then 
performed to produce the new generation. The ‘Elitism’ strat-
egy is utilized, where some of the fittest members of each 
generation are saved and copied into the next one to ensure 
that best solutions are not lost when moving from one genera-
tion to the next. Thus, it is expected that the average fitness of 
the new generation is improved. 

 
C. Results of the optimization process 

The optimal settings of the fuel cell depend on the electri-
cal and thermal load demands in addition to the four operating 
tariffs. Figs. 2 and 3 highlight the effect of varying both the 
load demand and operating tariffs on the optimal settings of 
the fuel cell. In Fig. 2, only the tariff of sold electricity is 
changed, while the other three tariffs are maintained constant. 
Fig. 3, on the other hand, illustrates the effect of varying the 
natural-gas tariff for supplying the fuel cell but under other 
load demands. 

The strong variation of the optimal settings with the 
change of the tariffs and load demands is obvious. This obli-
gates carrying out a new optimization process after any change 
in the operating condition, which prevents the online imple-
mentation of the technique and requires advanced knowledge 
and experience from the operator. Therefore, the GA-based 

optimization process is intended only to provide the required 
database for the next generalization stage. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 2.  Effect of varying the sold electricity tariff on the optimal settings  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 3.  Effect of varying the natural-gas tariff for supplying the fuel cell on 
the optimal operation 
 
III. GENERALIZING THE OPTIMIZATION PROCESS USING DTs 
 

Generalizing the optimization process refers to the possi-
bility of identifying the optimal settings without carrying out 
new optimization by extending the obtained results to cover 
any expected operating condition. A sufficient knowledge base 
and a robust generalization tool are required to accomplish this 
process, which is carried out in a previous work using ANNs 
[5]. The focus in this paper is on the employment of DT classi-
fiers to generalize the results obtained from the GA-based 
optimization. 
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The idea of the generalization is illustrated in Fig. 4. In ad-
dition to the four operating tariffs, the DT receives information 
about the current and the previous electrical and thermal load 
demands. Also, prognoses for a few hours ahead are required 
to account for the expected load status. The need for the prog-
noses only for a short time gives an advantage for this method 
since the accuracy in this case will be high. The optimization 
process using the GA requires the prognoses for the whole day 
since the GA will calculate the optimal setting through the 
entire day. 

The task of the DT is to define the suitable quasi-optimal 
setting of the fuel cell for the next time interval. The process is 
updated at each time interval, e.g. every 15 minutes and the 
operating window is shifted one step ahead. At the same time 
with updating the prognoses for demand, it is possible to con-
sider changes in fuel and electricity tariffs too. The use of 
previous and subsequent values of the load demand gives 
continuous information about the status of the load. On the 
other hand the required information about the previous setting 
values of the fuel cell itself to decide the following setting 
value is included indirectly through the learning process. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 4.  Generalizing the optimization process using decision trees 
 

A. Overview of DT 

DTs are widely-used supervised learning techniques for 
approximating discrete functions [6]. The DT methodology 
represents a nonparametric approach that can provide classifi-
cations for complex problems and is used for deducing suit-
able decisions for new unobserved cases [11]. DTs depend in 
their work on dividing complex problems into simpler sub-
problems and solving each sub-problem separately [11]. They 
are constructed using a data base extracted from all possible 
states of the investigated problem and are proposed for deriv-
ing a model describing the behaviour of the original system. 
Conventionally, the knowledge base is divided into two sets: a 
learning set for deriving the structure of the DT and a test set 
for evaluating the generalization capability of the constructed 
DT with new unobserved data. 

The configuration of DTs consists of nodes, branches and 
leaves. Every node in the DT stands for a specific decision 
rule. This rule is examined and a corresponding decision is 
taken. Excluding the root one, each node in the DT has only 

one incoming edge, while two branches start from all nodes to 
represent the two possible decisions. Every final leaf charac-
terizes the corresponding output value, which satisfies all the 
given conditions [11]. The variables in the input vector to the 
DT are called predictors and the final decision value is called 
the target. Constructing the DT from training data is thus the 
process of finding a correlation between predictors and targets 
depending on a certain set of data. Any DT can be converted 
into a number of rules where the different paths are followed 
to reach a final leaf starting from the root. When new predic-
tors are applied to the DT, the roles will be tested at each node 
to select the suitable branch until the final leaf is reached and 
thus the target value. 

Normally, the database is formulated to represent all the 
possible operating cases and, as a result, extremely large DT is 
often produced. However, it is more practical to create the 
smallest possible tree, which still accurately classifies the 
training data [12]. This is aimed not only to simplify the re-
sulting set of rules but also to diminish the possibility of over-
fitting [12]. For this reason, the DT is commonly prunes by 
removing some branches from the structure and converting the 
corresponding nodes to leaves [12].  
 
B. Creating the Knowledge Base 

To create the required knowledgebase, a large number of 
patterns are extracted from the GA-based optimization proc-
ess. Results corresponding to eight load curves are applied to 
create the DT, while results regarding the other two curves are 
kept for testing the trained DT. Different tariffs are used with 
each load curve resulting in about 60000 patterns in the train-
ing phase and about 15000 patterns in the test phase. 

The predictors comprise 54 variables, while the target set-
ting value is represented by a single variable representing the 
optimal setting for the next time interval. The predictors in-
clude two different natural gas tariffs for supplying the fuel 
cell and the thermal load and two different tariffs for pur-
chased and sold electricity. In addition, information about the 
load demands in the past and at the present intervals as well as 
the expected values in the next time intervals is included. 
According to our experiences, the incorporation of load de-
mand in the time range of ±3 hours back and ahead is suffi-
cient to achieve acceptable results. Therefore, electrical and 
thermal load demands during the last three hours and progno-
ses in the next three hours are contained in the predictors. 

 
C.  Constructing the decision tree 

Constructing the DT to fit the relation between the predic-
tors and the targets is accomplished with the help of the MAT-
LAB toolbox. Due to the large size of the database, the DT 
involves a total number of 2454 terminal nodes. The quality of 
the classification rules is evaluated by applying some sets of 
the same predictors to the tree and comparing the outputs with 
the optimal targets. Fig. 5 shows an example of these compari-
sons where the DT succeeded to provide high accuracy in 
defining the correct settings of the fuel cell through one day 
under certain circumstances. 

Despite this high accuracy, the large size of the tree gives 
the opportunity for overfitting. Pruning the tree simplifies the 
rule base and improves the generalization performance. 



 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 5.  A comparison between the GA-based optimal target and DT outputs 
 

D. Pruning the decision tree 

A DT constructed from a large training set usually fits the 
data until all leaves contain information for a single class [11]. 
Hence, many branches in the DT are specified only for this 
particular data and can not provide general underlying rela-
tionships. Such branching is not likely to take place under new 
situations, which results in poor performance with new unob-
served cases. Removing these unreliable branches via the 
pruning process can achieve better classification over the ex-
pected operating space [11]. Thus, the pruning process, denot-
ing the replacement of some nodes and the underlying 
branches by leaves, is required for reliable and robust opera-
tion of DTs under new cases. It is convenient to consider the 
full tree as a reference measure when evaluating the accuracy 
of the pruned tree. 

The best pruned tree is selected based on evaluating the 
average daily cost regarding about 81 new cases, which are 
not used to create the DT. The average percentage increase in 
the daily operating cost is illustrated in Fig. 6 for different 
pruning levels considering the full tree as a reference measure. 
From this figure, the best pruning level can be defined as 1149 
which represents about 47% reduction in the full tree size 
without significant change in the accuracy (about 0.0156% 
increase in the average daily cost). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 6. Average percentage increase in the daily operating cost for the different 
pruning levels considering the full tree as a reference measure 

 
The performance of the pruned tree is evaluated using the 

two new load curves that are not used in creating the DT under 
different operating tariffs. Figs. 7 through 10 show compari-
sons between the GA-based optimal settings as a target and the 
output from the DT for four selected cases out of 162 investi-
gated cases. The first two cases belong to one load curve but 
under different operating tariffs, while the other two cases 
belong to the other load curve also under two different operat-
ing tariffs. 

The optimal setting values vary within the day according to 
the electrical and the thermal load demands, which are not 
given in the figures to better clarify the comparison. The coin-
cidence between the DT-based settings and the optimal ones 
confirms the robustness of the proposed approach. In all cases, 
the DT classifier shows a high capability of identifying set-
tings for the fuel cell very close to the optimal ones. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 7.  A comparison between the optimal target and the PDT output: case 1 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 8.  A comparison between the optimal target and the PDT output: case 2 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
Fig. 9.  A comparison between the optimal target and the PDT output: case 3 
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Fig.10.  A comparison between the optimal target and the PDT output: case 4 
 

IV. DECISION TREES VERSUS ANN 
 

Both the ANN and the DT can provide the required general 
frame to implement the proposed approach in the online mode. 
Their high accuracy and generalization capability have been 
proven through the results introduced in this paper and the 
previous one [5]. Compared with the ANN, DTs learning time 
is much smaller and, hence, they are more suitable for fre-
quently-requisite training [13, 14]. At the time where the DTs 
are sequential in nature, the ANNs depend on parallel process-
ing in the training [11]. ANN continually tests the whole train-
ing data for updating its weights [8, 9]. Conversely, the DT 
learning is accomplished by dividing the training data into 
smaller subsets and testing the subsets separately [11]. 

So far, there is no definitive evidence to prefer one of the 
two approaches on the other. However, ANNs are generally 
more likely to give better results for highly nonlinear problems 
since DTs approximate the nonlinear behaviour with a set of 
linear relations. On the other hand, the nature of the DTs 
makes them much more practical for data interpretation than 
ANN [11]. 

A comparison between the performance of the ANN and 
the DT to handle the current problem is carried out based on 
the average daily cost of the 162 new cases. These cases are 
related to the two new load curves at different operating tar-
iffs. The results of this comparison are illustrated in Fig. 11. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 11. Average daily operating cost with the GA-based settings, ANN-based 
settings and DT-based settings at different pruning levels 

The comparison is shown for the GA-based optimal settings, 
the ANN-based settings, the full DT-based settings and the 
Pruned DT-based settings (PDT). The comparison indicates 
that the DT can be better than the ANN if the pruning level is 
lower than 1790. Once again, the best pruning level is 1149, 
which confirms the previous results shown in Fig.6. With this 
pruning level, the DT somewhat outperforms the ANN in this 
application. 

Table 1 gives the average daily cost in $/day and the aver-
age difference of the quasi-optimal settings with respect to the 
GA-based optimal values. From these results, it is obvious that 
following the settings from the ANN or the DT will not cause 
a significant increase in the average daily cost compared to the 
GA optimal ones. It is also clear that the DT is slightly better 
than the ANN but the latter still gives good results close to the 
optimal values. 

 
Table 1. Average cost and the average difference of the quasi-optimal settings 

with respect to the GA-based optimal values 

Average difference with respect to 
the optimal case 

 Average 
cost 

($/day) Average differ-
ence in $/day 

Average percent-
age difference 

GA-based settings 
ANN-based settings
DT-based settings 
PDT-based settings 

3.7944 
3.9377 
3.8915 
3.8921 

0 
0.1433 
0.0971 
0.0977 

0% 
3.7766% 
2.5590% 
2.5748% 

 
V. CONCLUSION 

 
In this paper, an intelligent approach is introduced to en-

able the online management of fuel cell when used to supply 
residential loads. It has been demonstrated that a DT trained 
with a suitable database is able to define the optimal settings 
of the fuel cell under different operating conditions avoiding 
the repetitive optimization process. The DT is trained using a 
knowledgebase extracted from a GA-based optimization for 
different load curves and under various operating conditions. 
The full DT is pruned to increase its generalization capability, 
where the best pruning level is selected by evaluating the 
overall performance under a variety of operating conditions. 
The performance is compared with that of an ANN as an al-
ternative to the DT. Both methodologies succeeded to provide 
high accuracy even with new unobserved cases. 

The results show that the DT can be better than the ANN 
for this application if a suitable pruning level is selected. 
However, the ANN will give better results if the DT is pruned 
beyond a certain level. In all cases, the reduction achieved in 
the daily operating cost and the conformity of the outputs with 
the optimal settings defined by the GA-based optimization 
approve the validity of the proposed approach. This approach 
can also be employed with other types of small modular dis-
tributed generating units. 
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