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Uncertainty Modeling for the Management of 
Distributed Generation Units using PSO 

V.S Pappala, Student Member, IEEE,  I. Erlich, Senior member, IEEE 

 

Abstract—This paper addresses a multistage stochastic model 
for the operation of distributed generation (DG) units under 
stochastic load demands. The stochastic load demands have a 
significant effect on the economic model of the DG units. The 
uncertainties are modeled as scenario trees. But as the number of 
decision making stages increase, the scenario tree becomes 
extremely large, which leads to complex computation. Therefore 
a novel approach to generate a scenario tree using classical 
Particle Swarm Optimization (PSO) approach is presented. The 
resulting multistage nonlinear stochastic model is solved using 
adaptive PSO.  
 

Keywords - Uncertainty modeling, distributed generation, 
particle swarm, stochastic optimization 

I. INTRODUCTION 
HE rapid development of new efficient and reliable 
generation technologies has allowed DG to be a good 

alternative to conventional energy sources for commercial as 
well as residential applications. Due to the competitive power 
market the DG units has to supply electricity to customers at 
an economical price. Fuel cells are the most efficient DG units 
for residential application. The benefits include efficient use 
of electrical and thermal energy, improved power quality, 
increased reliability and reduced emission.  

This paper presents an approach to reduce the daily total 
operating costs of a proton exchange membrane (PEM) fuel 
cell supplying a residential load under demand uncertainty. A 
cost model is developed to minimize the daily total operating 
costs of a fuel cell taking into account the various operating 
and technical constraints associated with the unit. The 
optimization of such a model requires that decisions to be 
made in the presence of uncertainty. The major uncertainties 
that influence the cost model are the electrical demand, 
thermal demand, cost of purchased electricity and the cost of 
sold electricity. In this paper only one stochastic variable 
(electrical demand/thermal demand) is modelled. The 
residential load is subjected to sudden variations and these 
changes are totally subjective to the lifestyles of the 
inhabitants of the household [1]. They cannot be exactly 
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represented by a regression model. So the stochastic demand 
is considered as a random process. The samplings of this 
random process which represent the future realizations of the 
stochastic variable, is modelled as a scenario tree, where each 
scenario represents an instance of the future realizations. The 
scenarios together with the node probabilities thus form a 
good discrete approximation of the uncertain load demand.  

Stochastic programming (SP) [2] offers a possibility to 
solve such a model. The quality of the optimization solutions 
by stochastic programming depends to a great extent on the 
degree of the uncertainty modelling. The household energy 
consumption depends on lifestyle related psychological 
factors that are extremely subjective and not easily defined 
with any degree of precision. Therefore modelling of such a 
random process involves a decision stage at each hour for a 
planning horizon of one day. More over greater number of 
sampling is required at each decision stage to completely 
define the stochastic nature at that stage. The conventional 
scenario tree generation methods [3], [4] pose a restriction on 
the number of branching stages and the number of samples at 
each stage. Due to the restriction on these key parameters the 
stochastic model does not replicate the real model and there is 
a huge modelling error. To overcome these barriers a new 
method is proposed. An attempt is made for the first time to 
introduce evolutionary algorithms for scenario tree generation. 
PSO has been chosen among the many available stochastic 
search algorithms because the search process is fast and 
robust. The conventional methods start with an initial bulk 
tree and then reduce the insignificant branches to reduce the 
tree. The necessity of the initial bulk tree data is a hindrance to 
these methods. In [5] we proposed an adaptive particle swarm 
optimization (APSO) approach to generate the scenario tree. 
In this approach the tree generation starts with a single 
scenario and then add on the best braches. This paper presents 
a new approach where in the tree generation always has a 
finite number of scenarios. PSO explores the huge available 
search space and decides the most distinct scenarios. There is 
no need for the initial bulk tree and hence no restrictions on 
the key parameters. 

The scenario tree modelling transforms the cost model to a 
stochastic multistage nonlinear mixed integer model. The 
stochastic model is solved using APSO technique [6]. APSO 
has been chosen because it is totally free from parameter 
tuning. Moreover the optimization algorithm has a high 
probability of attaining a global solution. 

The paper is organized as follows. The next section 
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presents the deterministic economic model of the PEM fuel 
cell. A PSO algorithm is introduced in section III. In section 
IV, fuel cell modelling under stochastic load demands is 
discussed. The optimization results are presented in section V. 

II. PEM FUEL CELL: DETERMINISTIC ECONOMIC MODEL 

A.   Objective Function  
The following fuel cell model has been taken from [7]. The 

objective is to minimize the daily total operating costs of a 
fuel cell taking into account the following assumptions: 

• The fuel cell will supply both electrical and 
thermal power to the load  

• There is a possibility to sell back the excess 
electricity at different tariffs. These tariffs are 
always lower than those of the purchased 
electricity  

• A part of the generated power is utilized by the 
auxiliary devices. 

The objective function is developed according to the above 
mentioned assumptions in the following form. 

 
DOC=DFC+DCPE−DISE+DCPG+O&M+STC     (1)

   
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 ($) 
         

DISE :Daily income on 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 generated electrical power 

and efficiency is given as: 

   ∑ +
=

J J

aJ
JnFC

PPUTCDFC
η

            (2) 

Where: 
CnFC : Natural gas price for fuel cell ($/kWh) 
T  : Time duration (h) 
PJ  : Net electrical power produced at interval “J” (kW) 
Pa  : Power for auxiliary devices (kW) 
ηJ   : Cell efficiency at interval “J” 
UJ  : Unit commitment at interval “J”  
 

The efficiency of the fuel cell depends on the active power 
[8] and hence, a typical efficiency curve (3) is developed as a 
function of the electrical power and is used in (2).  
 

32 00182.001267.005359.04484.0 JJJJ PPP −+−=η    (3) 

The main grid system is assumed to balance the difference 

between the load demand and the net output from the fuel cell. 
The cost of electricity purchased from and sold back to the 
network is given by: 

∑ −=
J

JJelJelp PDUTCDCPE )0,max( ,        (4) 

∑ −=
J

JelJJels DPUTCDISE )0,max( ,           

 (5) 
Where:  
Celp, Cels   : Tariffs of purchased and sold electricity 

respectively ($/kWh) 
Del,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 relatively 
higher at the upper operating limits [8]. A nonlinear equation 
is developed to give the thermal output power of the unit as a 
function of the produced electrical power. The daily cost of 
purchased natural gas for residential applications when the 
thermal power from the fuel cell is not enough to meet the 
thermal load requirements is given as: 

∑ −=
J

JthJthJn PDUTCDCPG )0,max( ,,2       (6) 

Where: 
Cn2 : Fuel price for residential loads ($/kWh) 
Dth,J : Thermal load demand at time interval “J” (kW) 
Pth,J : Thermal power produced at interval “J” (kW) 

 
The operating and maintenance (O&M) cost is assumed to 

be constant per kWh and hence O&M is proportional to the 
produced energy. The start up cost depends on the temperature 
of the unit and hence on the time the unit has been switched 
off before start up: 

∑
−

− −+−=
J

T

JJ

offJ

eUUSTC ))1()(1(
,

1
τβα       (7)     

Where: 
α, β : Hot and cold start up costs respectively 
TJ,off  : The time the unit has been switched off till current 

interval J(h) 
τ   : The fuel cell cooling time constant (h) 

B.   Constraints 
The minimization of the objective function (1) is restricted 

by many constraints. The main operational and technical 
constraints associated with the PEM fuel cell are listed below: 

Unit capacity constraints :     (8) JJJJJ UPPUP maxmin ≤≤
Ramp rate constraints  : UJJJJ PUPUP Δ≤− −− 11    (9) 
            DJJJJ PUPUP Δ≤−−− 11        (10) 

In the above equations, PJ
min and PJ

max
  are the minimum and 

maximum limits of the generated power, ΔPU and ΔPD are the 
upper and lower limits of the ramp rate, and PJ-1 is the power 
generated at interval (J-1).At the same time, the minimum 
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up/down time limits (continuous running-stop time constraint) 
must not be violated: 

0))(( 11 ≥−− −− JJ
on

J UUMUTT           (11) 

0))(( 11 ≥−− −− JJ
off

J UUMDTT           (12) 
Where TJ-1

on, TJ-1
off are the unit on and off times at interval (J-

1), 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) should not exceed a certain maximum number (Nmax). 

maxNn stopstart ≤−                 (13) 

III. PARTICLE SWARM OPTIMIZATION 
 
Particle swarm optimization (PSO) [9], [10] is an efficient 
population based evolutionary algorithm developed by 
Kennedy and Eberhart .The search procedure of PSO is 
inspired by the social behavior associated with birds flocking. 
It is initialized by a population of random solutions called 
particles and the group of particles is called a swarm. Each 
particle in the swarm is identified by its current position and 
velocity with which it explores the search space to find an 
optimal solution. The particles refine their position using their 
own individual knowledge as well as their social intelligence 
which they acquire by social interaction. Each particle 
memorizes the optimal value that it has attained along its 
trajectory as well its position and is denoted by pbest. 
Similarly the best among all the individual best of the particles 
is termed as global best or gbest. The velocity of each particle 
as given by (14) is influenced by pbest and gbest. The velocity 
of each particle depends on three terms. The first term is the 
inertia velocity which carries information regarding the 
particles previous history of velocities. The second term is the 
cognitive part which reflects the particles behavior with 
respect to its own previous experiences.  

The final term is a social parameter which indicates the 
particles behaviour with respect to the experience gained from 
the other members of the swarm. This velocity (vjk(t+1)) when 
added to the previous position (xjk(t)) generates the current 
position (xjk(t+1)) of the particle-j as given by the following 
equations. 

))()()(()1( 2211 jkkjkjkjkjk xgbestrcxpbestrctwvtv −+−+=+ χ  (14) 

nkNjtvtxtx pjkjkjk ∈∈∀++=+ ,),1()()1(  (15) 

Where 2211 rcrc +=φ   and  

⎪
⎩

⎪
⎨

⎧ >
−+−=

otherwisea

a

,

4,
42

2

1

2
1 φ

φφφχ  (16) 

Where c1 and c2 are the fixed acceleration coefficients, r1 and 
r2∈[0,1], χ is the constriction factor, a1 is a positive constant. 
Np is the set of all particles in the swarm and n is the 
dimension of the search space. The weighing factor (w) for 
previous velocities is considered to be a linearly decreasing 
function so that it provides a good trade off between local and 

global explorations. 
Particle swarm optimization technique is used for all the 

simulations presented in this paper. A classical version of PSO 
is used for uncertainty modeling to generate the scenario tree. 
Classical version is preferred because the process always has 
desired number of particles (scenarios) and adaptive version is 
used for solving the multi-stage stochastic optimization 
problem because it gives better optimal solution within short 
computational time.   

IV. PEM FUEL CELL: STOCHASTIC ECONOMIC MODEL 

C.  Uncertainty Modeling  
In order to solve the economic model of the fuel cell with 

uncertain load demands, it is necessary to model the evolution 
of the uncertainty in the form of a scenario tree. In this case 
study the fuel cell supplies power to a small residential load. 
The residential load demand depends to a large extent on the 
weather forecast and on the lifestyle of the inhabitants. 
Practically it is very difficult to exactly determine the demand 
curves. Hence these loads are considered as a random process. 
We assume that the uncertainty increases with time. In this 
paper the effect of the random process (electrical demand/ 
thermal demand) on the cost model of the fuel cell is 
investigated. We assume that the deviation of the load 
demands is as shown in the following figures. 
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Fig. 1.  Evolution of uncertain electrical demand over time.  
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Fig. 2.  Evolution of uncertain thermal demand over time.  
 
All the samplings of this random process are represented as a 
scenario tree. The scenario tree has a completely defined root 
node at stage 0. The distribution of the random process at any 
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time stage is discretized into five samples. Hence this node 
branches of into five successive nodes and the tree evolution 
progresses till the end of the planning horizon. The resulting 
scenario tree with the decision making points (nodes) is 
shown in Fig. 3. 
 
 

3 2 0 1 24 4 
Time Stages 

πn⎯, πn ,πn+:node probabilities 
πn/n⎯ ,πn+/n :transition probabilities 

n 
πn/ n  

n  

πn  

n+ 
πn 

πn+ 

πn+/ n 

 
Fig. 3.  Standard scenario tree with 24 branching stages and 5 branches at each 
stage.  
 

The probability of the random variable at each branching 
stage has Gaussian probability density function. The 
distribution has a mean equal to the mean demand at that stage 
and standard deviation corresponds to that shown in Fig. 1 for 
electrical demand and Fig. 2 for thermal demand.  

Each node (n) of the scenario tree has a unique predecessor 
node (n and a transition probability πn/n (־  which is the ,0<־
probability of n being the successor of n  The probability πn .־
of each node n is given recursively by π1=1, πn/n πn*־  for ־
n≠1.The probabilities of all the nodes at any given time stage 
add to one. The scenario tree consists of 524 scenarios. Since it 
is difficult to solve the stochastic model with 524 scenarios, the 
tree has to be reduced to a finite number of scenarios. The 
conventional scenario reduction schemes can not be used to 
prune the original tree because these methods require the 
description of the initial tree. For this purpose PSO has been 
tested for the first time ever, to generate a scenario tree. Since 
PSO is a searching algorithm, the initial huge numbers of 
scenarios need not be defined but only the search space of 
these scenarios. The particles then fly over the search space to 
find the best scenarios. The particle represents a scenario. For 
the optimal operation of the fuel cell, the settings have to be 
updated every one hour and hence for a planning horizon of 
24 hours, there are 24 decision making stages. Therefore the 
particle is a 24 dimensional vector where each dimension 
represents a branching (decision) stage. The tree generation 
process is considered as an ordinary optimization problem 
whose objective is to maximize the fitness of each particle 
given by the following equation. 
 

)(max m

Nm
particlefitnessobjective

p∈
=         (17) 

2
1

0

2)(min)(
⎭
⎬
⎫

⎩
⎨
⎧ −= ∑

=∈

T

p

N

k

q
k

q
k

m
k

m
kmNq

m DDparticlefitness πππ  (18) 

Where 
Np  : Total number of particles in the swarm 
NT : Total number of branching stages  
πm : Total Probability of particle “m” from root to leaf node 
πk

m : Probability of particle m at time stage k. 
Dk

m : Electrical demand corresponding to particle m at stage k  
    

The process of generating the scenario tree can be 
explained by the following flowchart. 

 

Update the node probabilities

Generation of a feasible swarm

START 

Modification of each searching point 
using updates equations  

Check for the pbest and gbest

Stop criteria 

STOP 

Add turbulance using pivot method

Evaluation of fitness for each particle

 
Fig. 4.  Flowchart for generating the scenario tree using particle swarm 
approach  
 

The process starts with the random generation of all 
particles in the swarm. This process is similar to Monte Carlo 
sampling.  The probability density function (pdf) of the 
particle at each dimension is defined as a Gaussian 
distribution. Therefore each dimension of a particle is 
randomly chosen among the five discrete approximations and 
its probability is assigned using the pdf’s. In the next step the 
nodal probabilities are updated. If the successors of any node 
are less than five, then the transition probability of the missing 
branch is added to its nearest neighbor.  This will ensure that 
the total probability of all the successors to any node is equal 
to one. The fitness of a particle is then calculated using the 
above probabilities as shown in (18). The fitness value of a 
particle is the minimum weighted Euclidian distance from the 
other particles in the swarm. During the first iteration the 
particle’s individual best (pbest) is initialized to its current 
fitness value. The best among the pbest values is selected as 
the global best (gbest) performance of the swarm. In the later 
iterations the current fitness is compared to the pbest, if there 
is any improvement then the pbest is replaced by the current 
fitness value. In the following step the particles are allowed to 
fly in the search space in accordance to the update equations 
listed in (14) and (15). In order to prevent premature 
convergence turbulence is added to each dimension of the 



 5

particle using the pivot method [6]. In the pivot method a 
positive area is defined around each dimension of the particle 
using the position vectors corresponding to pbest and gbest. 
Then a point is selected at random within this area and is then 
added as turbulence to the corresponding dimension of the 
particle. The process ends with the verification of the stop 
criteria which is usually the maximum number of iterations.  

During the optimization process the particles traverse the 
whole search space to obtain an optimal fitness value. Since 
the fitness value is the distance with the other particles, the 
particles fly so as to move farther away from each other. 
Towards the end of the process, the particles are scattered in 
the whole search space with significant distance from its 
neighbors. Since the particles represent the scenarios, we are 
left with only the distinct scenarios. The scenario trees for the 
two random processes are listed in Fig. 5 and Fig. 6. 

24211815129630
Time Stages  

Fig. 5.  Scenario tree for stochastic electrical demand generated by PSO for 24 
branching stages and 5 branches at each stage. 

24211815129630

Time Stages  
Fig. 6.  Scenario tree for stochastic thermal demand generated by PSO for 24 
branching stages and 5 branches at each stage. 
 

D.  Stochastic Optimization 
Once the evolution of the uncertainty has been modeled as 

a scenario tree, it is incorporated into the economic model of 
the fuel cell. The resulting multistage stochastic model is 
solved using stochastic optimization programming. The 
objective of the multistage stochastic optimization problem is 
to minimize the expectation of the daily total operating costs 
of a fuel cell as shown below. 
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              (19) 
The objective can be realized by minimizing the average 

operating costs over the scenario tree.  
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Where 
N  :Total number of nodes 
PJ

n :Electrical power produced at interval “J” and node 
n(kW) 

 
Unit capacity constraints :    (21) n

J
n

J
n

J
n
J

n
J UPPUP max,min, ≤≤

Ramp rate constraints  :    (22) U
n
J

n
J

n
J

n
J PUPUP Δ≤−

−−

−− 11

            (23) D
n
J

n
J

n
J

n
J PUPUP Δ≤−

−−

−− 11

0))(( 11 ≥−−
−

−−
n
J

n
J

on
J UUMUTT            (24) 

0))(( 11 ≥−−
−

−−
n
J

n
J

off
J UUMDTT            (25) 

maxNn stopstart ≤−                      (26) 

      
Note that the objective (20) and constraints of (21-26) 

correspond directly to (1)-(13). The tree based model for N 
nodes involve N binary, N continuous decision variables, N 
bounds and 5N inequality constraints. Adaptive particle 
swarm optimization (APSO) is used to solve the stochastic 
cost model. Each node of the scenario is associated with two 
decision variables (1: optimal power generation, 2:unit 
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commitment). Hence for an N node scenario tree, the particle 
represents a 2N-dimensional vector. The fitness of each 
particle is given by (20). The objective of the optimization 
process is to minimize the fitness of each particle. 
 

)(min m

Nm
particlefitnessobjective

p∈
=        (27) 

The APSO optimization process described in references [5], 
[6] is used for the multistage stochastic optimization.    

V.RESULTS OF THE OPTIMIZATION PROCESS 
The classical PSO for scenario tree generation and adaptive 

PSO for stochastic optimization were implemented using 
visual C/C++ language. Before we proceed to use the scenario 
tree generated by PSO for multistage stochastic optimization, 
the quality of the scenarios is evaluated. This is done by 
comparing the objective function value of the initial tree with 
the pruned tree. For computational simplicity, only three 
dominant (peak demand) branching stages (t1=7, t2=13, t3=20) 
of the electrical demand shown in Fig. 1, are considered. 
Hence the initial tree has 53 scenarios. Several test runs were 
performed with different number of scenarios and the 
variations are listed in table II. The results show that this 
approach is a good alternative to the conventional method. 

 
TABLE I 

COMPARISON OF THE INITIAL TREE WITH THE PRUNED TREE 
 

Type S N Objective 

Pruned Tree 12 181 2.228 
Pruned Tree 27 298 2.265 
Pruned Tree 45 423 2.360 
Pruned Tree 70 562 2.403 
Initial Tree 125 837 2.450 

 
The deterministic cost model of a 4 kW fuel cell unit was 

solved for two different test cases. 
Case 1: Electrical load is a stochastic variable whose standard 
deviations at each time stage are as shown in Fig. 1 and the 
thermal demand follows the mean thermal demand curve. 

Case 2: Thermal load is a stochastic variable whose 
standard deviations at each time stage are as shown in Fig. 2 
and the electrical demand follows the mean electrical demand 
curve. 

The following cost parameters are assumed for the 
experiments CnFC =0.03$, Celp =0.16$, Cels=0.10$, CnRL=0.07$. 
Both the test cases were solved with different number of 
scenarios. The results are as shown in Fig. 7 and Fig. 8. With 
few scenarios, the objective value is less because the scenario 
set does not completely represent the stochastic nature of the 
random process. As the number of scenarios increase, it is 
observed that the objective value stabilizes. In Fig. 8, after 60 
scenarios, the objective value does not vary much even with 
additional scenarios, which implies that current set of 

scenarios are sufficient enough to model the stochastic nature 
of the random process. 
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Fig. 7.  Change in production cost ($/day) with number of scenarios (case 1) 
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Fig. 8.  Change in production cost (&/day) with number of scenarios (case 2) 
 

For case 1 it is observed that approximately 50 scenarios 
are sufficient to model the uncertain electrical demand 
whereas for case 2, 60 scenarios are required. The daily 
operating costs for the optimal operation of the deterministic 
mean model i.e. cost model where electrical and thermal 
demands follows the mean curves, amount to 2.202$. Whereas 
the cost for full capacity generation model i.e. fuel cell 
operating at 4 kW irrespective of the demands, amounts to 
2.817$. Although the production cost incurred by this model 
is close to the optimal cost, high heat energy is liberated 
during the whole operation phase. Therefore during the off 
peak period, this model requires an additional cooling device 
to absorb the excess heat energy and thus adding to additional 
installation cost. In the ‘Non-optimal generation to meet 
electrical demand’ model, the fuel cell generates electrical 
power exactly equal to the electrical demand. There is no 
optimization involved. This model never make an income by 
selling electricity even when the cost of selling electricity is 
high. The production cost incurred by this model amounts to 
6.973$. Therefore the optimal operation using APSO reduces 
the production costs by 4.771$ per day which amounts to 
1741.4$ per year. In order to check the influence of stochastic 
electrical and thermal demand on the economic model of the 
fuel cell, the stochastic model was solved for the same set of 
cost parameters. The uncertainty was modeled as a scenario 
tree with 24 branching stages and 5 branches at each stage. 
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The initial scenario tree with 524 scenarios is reduced to a tree 
with 57 scenarios for case 1 and 60 scenarios for case 2 as 
shown in Fig. 5 and Fig. 6 respectively. The stochastic model 
is solved over the scenario tree. The operating cost under 
these conditions was 3.057$ for case 1 and 2.854$ for case 2. 
The reduction is approximately 1430$/year for case 1 and 
1504$/year for case 2.  

 
TABLE II 

COMPARISON OF THE PRODUCTION COSTS FOR DIFFERENT MODELS 
 

Model Production 
Cost($/day) 

Full capacity generation model 2.817 
Deterministic mean model 2.202 
Stochastic model with stochastic 
electrical demand 3.057 

Stochastic model with stochastic 
thermal demand 2.854 

Non-optimal generation to meet 
electrical demand 6.973 

 
The results show that the daily operating of the fuel cell 

can be significantly reduced even under the influence of 
stochastic electrical or thermal demand.  

VI.CONCLUSION 
Particle swarm optimization algorithm was successfully 

implemented to generate high quality scenario trees. The 
limitations set by the current scenario tree generation methods 
were overcome by PSO. As there is no restriction on the 
number of decision making stages and the number of branches 
at each stage, this approach can completely model the 
stochastic nature of the random process and can significantly 
reduce the modeling error. For computational simplicity, the 
current model considered only one uncertain variable. 
However the proposed approach can be extended to any 
number of uncertainties.  

Secondly, adaptive particle swarm optimization was 
successfully applied to solve the multistage mixed-integer 
nonlinear cost model without any decomposition techniques. 
APSO gives better optimal solutions with few function 
evaluations. Since the stochastic electrical and thermal 
demand has profound influence on the cost model, the fuel 
cell model should always be solved using stochastic model. It 
is observed that by operating the fuel cell with optimal 
settings, the operating costs can be drastically reduced and 
hence fuel cells can be a competitive energy source for 
distributed generation.  
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