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Abstract

For proton exchange membrane fuel cells (PEMFCs), the distribution of reactant streams
in the reactor is critical to their efficiency. This study aims to investigate the optimal design of
the inlet/outlet flow channel in the fuel cell stack with different geometric dimensions of the
tube and intermediate zones (IZ). The tube-to-1Z length ratio, the IZ width, and the tube
diameter are adjusted to optimize the geometric dimensions for the highest pressure uniformity.
Four different methods, including the Taguchi method, analysis of variance (ANOVA), neural
network (NN), and multiple adaptive regression splines (MARS), are used in the analyses. The
results indicate the tube diameter is the most impactive one among the three factors to improve
the pressure uniformity. The analysis suggests that the optimal geometric design is the tube-to-
1Z length ratio of 9, the IZ width of 14 mm, and the tube diameter of 9 mm with the pressure
uniformity of 0.529. The relative errors of the predicted pressure uniformity values by NN and
MARS under the optimal design are 1.62% and 3.89%, respectively. This reveals that NN and
MARS can accurately predict the pressure uniformity, and are promising tools for the design of
PEMFCs.
Keywords: Fuel cell stack; pressure uniformity; Taguchi method; Analysis of variance

(ANOVA); Neural network (NN); Multivariate adaptive regression splines (MARS).
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1. Introduction

Proton exchange membrane fuel cells (PEMFCs) are a device that generates electricity and
heat by the electrochemical reactions of hydrogen and air. Because of the high energy efficiency,
no pollution, fast startup time, and low operation temperature, PEMFCs have been considered
as a potential power source [1]. In practical applications, a PEMFC connects multiple cells into
a stack to satisfy the required wattage supply. A lot of studies have been devoted to the analysis
of flow field and flow channel design in the PEMFC system. Operating conditions, stack
mechanisms, and uneven flow distributions all have great influences on the uniformity of the
cell voltage [2-5]. Among these factors, the uniform distribution of the reaction gas in each cell
is quite critical which can greatly improve the fuel cell efficiency and lifetime. Therefore, it is
very important to understand the influence of flow uniformity on fuel cell efficiency and energy
loss to improve fuel cell performance [6].

Many researchers have used the Taguchi method to study fuel cell effectiveness. The
Taguchi method is an experimental method that can help the design of fuel cells by analyzing
the effects of different factors. Accordingly, the most suitable or optimal design can be
determined. This method can save a lot of time and cost which has been widely used in different
research fields [7-10]. Wu et al. [11] combined the Taguchi method with the three-dimensional
PEMFC model to achieve the optimal placement of rectangular cylinders in the channel. They
also used the Taguchi method to find the best experimental combination of the factors and used
the finite element method to simulate the migration phenomenon and electrochemical reaction.
Karthikeyan [12] employed a standard orthogonal array of the Taguchi method and considered
various landing-to-channel width ratios of the interdigitated flow channels to optimize the
pressure and temperature distributions in the cell.

The Taguchi method can also be used together with the neural network (NN) in fuel cell

research to reduce the number of experiments or simulations and achieve the goal efficiently
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[13]. A well-designed NN model has excellent multi-dimensional mapping capabilities and can
accurately represent the complex relationship between input and output spaces [14]. It has been
extensively used in various research fields of science and technology. The combination of the
Taguchi method and NN technology can successfully solve some problems that the Taguchi
method fails to obtain the true optimal value when it is employed purely in the analysis [15,
16]. By the combination of the Taguchi method NN, Wu et al. [17] performed an analysis of
PEMFC performance to determine the optimal operation parameters such as the operating
temperature, pressure, and the flow rates of reactants. Chang et al. [18] used the same method
with a numerical PEMFC model to predict the optimal working power of an unknown PEMFC.
Chang [13] also combined the Taguchi method and the genetic algorithm NN model to propose
anew method for estimating the output voltage of a PEMFC. Yu et al. [19] utilized the Taguchi
method with NN to determine the maximum power output of a PEMFC from the experimental
data.

Multivariate adaptive regression splines (MARS) is another commonly used classification
technique in the research of data analysis. It is a nonlinear and nonparametric regression
statistical method. This method does not need any assumption for the association between
dependent and independent variables [20, 21], which can model nonlinearities and interactions
between variables mechanically for higher-dimensional data analysis [22]. In some
investigations, researchers have tried to combine MARS and neural networks in the analyses
[23-25]. Adoko et al. [26] established a model that predicted the diameter convergence of a
high-speed railway tunnel in the weak rock by the methods of MARS and artificial neural
networks. Cheng et al. [27] built an evolutionary multivariate adaptive regression splines
(EMARS) model which was a hybrid of MARS and artificial bee colony (ABC) to estimate the
shear strength of reinforced concrete (RC) deep beams. Zhang et al. [28] successfully developed

the backpropagation neural network (BPNN) and MARS models to assess pile drivability
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concerning the maximum compressive stresses (MCS), maximum tensile stresses (MTS), and
blow per foot (BPF).

So far the researches are quite limited about the effects of geometric dimensions of inlet
and outlet flow channels of a PEMFC stack on its internal flow fields. At the same time, no
researchers have applied the MARS to PEMFC. Therefore, this study aims to investigate the
variation of the flow field in a fuel cell stack with different geometric dimensions of inlet and
outlet channels by comprehensively combining computational fluid dynamics (CFD), Taguchi
method, ANOVA, NN, and MARS. A stack consisting of 30 cells is considered to determine
the optimal geometric sizes of the inlet and outlet channels for improving the pressure
uniformity. The results can provide important insights and references for the promotion of fuel

cell stack performance.

2. Mathematical formulation

2.1. Schematic of PEMFC stack model

The model of the PEMFC stack has 30 cells and consists of the tubes, intermediate zones
(12), and inlet/outlet channels, as shown in Fig. 1a, in which the flow channels in the stack are
approximated by porous zones. The porous medium model is used in the simulations since it
can simulate the flow characteristics in the fuel cell stack efficiently without the loss of
generality [29, 31-33], in which the permeability of porous medium can indicate the pressure
drop in the flow channels. The tube and the IZ represent the end plate, as depicted in Figs. 1c-
d, and the IZs at the inlet and outlet sections are expansive and contractive, respectively. The
geometry of the tube and the 1Zs at the inlet and outlet sections are exactly equal. The thickness
of each cell is 0.800 mm and the distance between adjacent cells is 0.635 mm. The three-
dimensional fuel cell model was built by SolidWorks 2018. In the simulations, the internal fluid
flow is assumed to be pure gas flow only, and the transport of liquid water is ignored. The

effects of electrochemical reaction and heat transfer on the fluid flow are neglected for

6
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simplification. The complicated texture of the flow channel is replaced by a narrow long straight
plate and treated as porous medium zones.
2.2. Theoretical model and simulation
The gas flow is assumed to be incompressible turbulent flow because the Reynolds number

in the flow channel is above 4000. The effect of gravity is ignored, and the no-slip condition is
employed on the walls. The fuel cell stack is divided into two parts: the non-porous zones and
the porous medium zones. The governing equations in the non-porous zones are [30]

V-(pv) =0 (1)

PV Vi==VP+V-[u(Vv+TiNN] Q)
where p isthe fluid density, v is the air velocity, P is the pressure, and p is the viscosity. In
the porous medium zones, the governing equations are [31, 32]

V-(ypv) =0 3)

. ~ 2 . 3C R
v (ypiv) = _pr.(m_(%vﬂ ; °p|v|v) @)

where y is the porosity, 7 is the viscous stress tensor, u is the viscosity, K is the
permeability, and C, is the inertial resistance. Permeability and inertial resistance were
obtained through a trial and error process from the experiment data correlating the pressure and
volume flow rate. After trial and error, the permeability and inertial resistance are 9x10° and
100, respectively. In order to simulate the turbulent flow, the commercial software ANSYS
2019 R3 was used to perform the simulations in which the shear stress transport (SST) k — w
turbulence model was employed. The SST k — w model has a similar form to the standard
k — w model and can solve transport equations for the turbulent kinetic energy k and the
specific dissipation rate w as follows:

p(V -k =V-[(u+puro)Vk] + G — Y + S (5)

p(v-VNw="V"-[(u+ puro,)Vwl + 6, —Y, +D, +S, (6)

In these equations, G, represents the generation of turbulence kinetic energy due to mean
7
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velocity gradients, and G, stands for the generation of w. Y; and Y,, are respectively the
dissipation of k and « due to turbulence, S, and S,, are user-defined source terms, and
D,, is the cross-diffusion term.

The constants in the SST k — w turbulence model were the same as the default values
used in ANSYS 2019 R3. A pressure-based solver was chosen from the options offered in
ANSYS, where a finite volume method was used to discretize the governing equations. A
coupled scheme was utilized for pressure-velocity coupling calculations. The spatial
discretization was conducted by the green-gauss node based on gradient and the second-order
upwind method was used for solving the pressure and momentum. TC

The grid tests for the numerical results were carried out before executing simulations. Four
grid numbers of Mesh 1 (329,755), Mesh 2 (551,904), Mesh 3 (756,032), and Mesh 4
(1,751,332) were tested, and the appropriate grid number was determined by comparing the
volumetric flow rates at the inlet with the experimental data. For the case of a single cell, the
simulation results were 0.197, 0.187, 0.183, and 0.180 L/min for the four grid numbers,
respectively, and the experimental data was 0.186 L/min. The numerical results converged
gradually with increasing grid number, while the time consumption increased greatly,
especially for the case of Mesh 4. The results showed that Mesh 2 was sufficient to obtain a
reasonable prediction with a relative error of less than 1% in comparison with the experimental
data. The comparisons were also performed for the other three flow rates with excellent
agreements, as illustrated in Fig. 2. For the case of a 10-cell stack, the measured flow rate
was 4.85 L/min at the inlet pressure of 8.71 kPa. The simulation result was 5.32 L/min which
was also in good agreement with a relative error of less than 10%. Similar results were also
observed for the other three cases, as shown in Fig. 2 at different flow rates. Accordingly, Mesh
2 was employed to perform the present simulations. The comparisons in Fig. 2 also intrinsically
fulfilled the numerical validation.

2.3. Taguchi method
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The Taguchi method is an efficient and cost-saving technique for experiment design. It is
characterized by an orthogonal array that screens the experiments to be performed without
compromising any main or interacting effect of the parameters. The orthogonal array contains
factors and levels, while the signal-to-noise ratio (S/N ratio) is made and used to assort the
experimental results. Three different forms of S/N ratios, including the nominal-the-better (NB),
the larger-the-better (LB), and the smaller-the-better (SB), are defined in the method [7]. The
sensitivity of the parameters on the physical behavior can be figured out clearly by employing
a parameter of signal-to-noise (S/N) ratio. In the S/N ratio, the signal represents the desired real
value, while noise designates the undesired factors in measured values [10]. The objective of
the present study is to maximize the pressure uniformity in the fuel cell stack. Thus, the LB

criterion is adopted and the S/N ratio in terms of pressure uniformity is written as:

S 1
Z=_-101 <_>
~ 0logqo 57 (7

where y is a dimensionless value which means the pressure uniformity in the fuel cell stack,

and is defined as [33]

_ APn _ APtotal + APinletf - APoutflet -1+ APinletf - APoutlet (8)
APtotal APtotal APtotal

y

where AP, is the pressure drop of the n' cell in the stack, AP,,.,; is the total pressure drop
ofthe stack, AP;;; isthe pressure drop in the inlet channel, and AP, 1s the pressure drop
in the outlet channel.

The pressure drop affects the pressure uniformity and can be used to evaluate the fluid flow
distribution within the channel qualitatively [33]. Thus, pressure uniformity for optimization is
used instead of flow distribution, while they both may result in the same result. According to
the definition of Eq. (8), the ideal pressure uniformity should approach one as close as possible.
2.4. Operating conditions

In the design of the tube and 1Z, three control factors are considered: the tube-to-1Z length
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ratio, the 1Z width, and the tube diameter, as shown in Fig 1b, which are denoted by Factors A,
B, and C, respectively. The ranges of sizes for designing the geometry of the tube and IZ are
based on the practical sizes of PEMFC. The total length of the tube and 1Z are 140 mm, and the
IZ length is no more than 40 mm. The IZ width is less than 20 mm of the width of the inlet/outlet
channel. The tube diameter is 12 mm which is less than the height of the inlet/outlet channel.
Each factor consists of four levels as listed in Table 2. For the Taguchi method, a typical
orthogonal array Lis (3*) with 16 runs is given in Table 3.

2.5. Data analysis

The required network can be acquired using the neural network (NN) in the prediction
function, and the multivariate adaptive regression splines (MARS) models are calculated with
the regression function of the software PolyAnalyst 6.0.

2.5.1. Neural network (NN)

NN is a non-linear statistical data modeling instrument. It is usually optimized through a
learning method based on mathematical statistics. There are many kinds of NN [34]. The
backpropagation neural network (BPNN) was employed in this study. The BPNN is an
algorithm for error backpropagation training with a multi-layer network structure that has three
layers of network configuration: an input layer, a hidden layer, and an output layer. It is mainly
composed of two stages which are the activation function and the update of weight values. The
BPNN is fitted using the steepest descent method and the network connection weight values
and thresholds are automatically adjusted by the backpropagation of the output error.
Accordingly, the desired error could be achieved by minimizing the error value of the network.
It aims to learn the parameters that can minimize the mean square error, and the defined error

function E is expressed as [35, 36]

!
1
= 52(3’1 y] ©)

where ¥, is the output value and y; is the target value. The brief procedures are described as
10
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follows [37] and also in the flowchart shown in Fig. 3:

I. Compare the output data with the target value and calculate the error in each neuron.

I. For each neuron, determine how much the output must be adjusted to be lower or higher

to match the target value.

I11. Modify the weight value of each neuron to correct errors and improve accuracy.

IV. Give high importance to neurons connected by the stronger weight value.

V. Repeat the above steps until the final output error reached the target value.
2.5.2. Multivariate adaptive regression splines (MARS)

MARS is a well-known nonparametric regression method proposed by Friedman [38]. In
comparison with the linear regression model, MARS can model nonlinearities and interactions
between variables automatically. The MARS model is built into a spline in multi-dimension
space and the spline is a continuous piecewise polynomial function [39]. It is expressed by a
weighted value of basic functions (BFs) as the following equation

fQ) =Ty CBi(x) (10)
where K is the total number of terms in the function, C; is a constant coefficient estimated by
the least-squares method, and B;(x) is the basic function. The BFs usually contains three items.
One is the constant coefficient, another is a hinge function such as max (0, x-constant) or max
(0, constant-x), and the other is the product of two or more hinge functions. The notation max(-,-)
denotes the maximum of two given values and x is the knot. MARS builds a model in two
phases. In the first step, the knot in a hinge function is selected from the predictor values of
observations which are assumed to be a set of candidate knots. MARS gradually adds suitable
knots and the candidate knot that minimizes the fitting error is the most suitable knot in each
round of knot addition. At the end of the first step, it usually builds an overfitted model that has
a good fit to build the model but does not generalize well to new data. Therefore, the second
step is to prune redundant BFs in the overfitted model. The generalized-cross-validation (GCV)

technique is used to delete the BFs that supplies the lowest contributions. The GCV formula is
11
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where M is the number of BFs, N is the number of observations, d is the penalizing parameter,
and f(x;) is the predicted value. Accordingly, the GCV value influences the number of BFs
along with the number of knots and can reduce model overfitting. The relative importance of
the factor can be produced by observing the GCV reduction when a factor is removed from the

model after the model is determined.

3. Results and discussion

3.1. Factor analysis in the Taguchi method

The pressure uniformity profile for the 16 cases in Table 3 is shown in Fig. 4a, and the
simulation results are carried into the Taguchi optimization method. The results show that Case
7 has the highest pressure uniformity of 0.5224, whereas Case 16 has the lowest pressure
uniformity of 0.375. Eq. (7) is used to determine the signal-to-noise (S/N) ratio of each case,
and the S/N ratios of Case 7 and Case 16 are -5.6406 and -8.5191, respectively. The S/N ratios
of the 16 cases are shown in Fig. 4b, while the distributions of the mean S/N ratios of the three
factors in different levels based on Table 2 are shown in Fig. 4¢. Consider the mean S/N ratio
of Factor A in Level 1, its value is the average of the S/N ratio for Factor A at Level 1, namely,
the average of -8.0501 (Case 1), -7.1649 (Case 2), -6.5507 (Case 3), and -5.7052 (Case 4) [10].
Factors B and C at each level follow the same step to obtain the mean S/N ratios. The sensitivity
of the pressure uniformity to the three factors within the investigated levels can be figured out
by the maximum mean S/N ratio of the factor minus the minimum one, namely, the effect. A
higher effect value of a factor implies the role played by the factor is more significant on the
pressure uniformity because of the higher sensitivity of the pressure uniformity to the factor
variation. The radar chart of the effect values of the three factors is shown in Fig. 5a. It depicts

that the effect values are ranked by the tube diameter (Factor C, 2.688) > the tube-to-IZ length
12
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ratio (Factor A, 0.213) > the 1Z width (Factor B, 0.142). This implies that the [Z width almost
plays no role in the pressure uniformity due to its very small effect value.
3.2. Analysis of variance (ANOVA)

ANOVA analysis is generally used to estimate and test the influence of the different factors.
Here ANOVA is used to identify the important factor that could affect the pressure uniformity.
The results of ANOVA are shown in Table. 4. The F value in ANOVA is the variance of the
group means divided by the mean of the within-group variances. The higher the F value of the
factor is, the greater the impact of the object value is [7]. From the critical value table of F, («
is the false-rejection probability) under 3° of freedom of sum of the square of treatment, and
12° of freedom of sum of the square of error, it gives Fo1=2.61, Foos = 3.49, and Foo1 = 5.95.
Accordingly, the conditions of F < 2.61, 2.61 < F < 3.49, and F > 5.95 designate slight, mild,
and high significant influences, respectively. The F value of Factor C is 2434.73 which is the
highest among the three factors. This reflects that the tube diameter has a large influence on the
pressure uniformity. The F values of Factors A and B are 19.15 and 4.0, respectively, indicating
that their influence on the pressure uniformity is slight and mild. For the order of factor effect,
it is the same as the Taguchi method, that is, the tube diameter (Factor C, 2434.73) > the tube-
to-1Z length ratio (Factor A, 19.15) > the 1Z width (Factor B, 4.0). The difference between the
results of the Taguchi method and ANOVA analysis is the importance of factor C to the pressure
uniformity. In the Taguchi method, only Factor C is more important than Factor A. However,
the effect of Factor C is far more important than Factors A and B in ANOVA analysis.

3.3. Optimal combination

The optimal combination of the three factors to pressure uniformity can be determined
from the results shown in Table 4 and Fig. 4c. Scilicet, the tube-to-1Z length ratio is 9 (Level
1), the IZ width is 14 mm (Level 1), and the tube diameter is 9 mm (Level 4). This combination
is not included in the orthogonal array of the Taguchi method (Table 3), so the simulation for

this combination is performed additionally. The simulation result of the pressure uniformity for
13
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this combination is found to be 0.529. Comparing with all other cases in Fig. 4a, this
combination exhibits the optimal operation in the 16 cases. Therefore, the use of the Taguchi
method in optimizing the operating parameters for maximizing the pressure uniformity shows
valuable results. Comparing with Case 7 which is the best operation in the 16 cases, the pressure
uniformity can be enhanced. Among the 16 cases of the orthogonal array, Case 16 has the lowest
pressure uniformity in comparison with the optimal combination recommended by the Taguchi
method.

The optimal case is compared with Case 16 to find the difference in the physical
phenomenon. The velocity contours of the two cases are shown in Figs. 6a-b, and the
corresponding pressure contours are shown in Figs. 6¢-d. Furthermore, the detailed pressure
and mean velocity profiles along the inlet and outlet channels are shown in Fig. 7. In these two
cases, the highest pressure occurs at the end of the inlet channel, whereas the lowest pressure
occurs at the front end of the outlet channel. The total pressure drop of Case 16 is smaller than
that of the optimal case. In the inlet channel, the pressure gradually increases, while it decreases
gradually in the outlet channel. The velocity distribution depends on the pressure distribution
in the inlet and outlet channel. The highest velocity occurs in the outlet area for all
configurations, while the lowest velocity occurs in the dead-end area.

The flow patterns of the inlet and outlet channels of the two cases are compared and
illustrated. The top and side views of the inlet channel are shown in Fig. 8, and those of the
outlet channel are shown in Fig. 9. As shown in Fig. 8, when the flow enters the IZ from the
tube, stronger recirculation zones in Case 16 are observed because its I1Z is longer and the tube
diameter is smaller than the width of IZ. This reduces the magnitude of fluid flow into the
peripheral I1Z. The large recirculation zones may redirect the fluid affecting the wall. There is
an obvious vortex located at the intersection of the tube and the IZ. It causes an unstable flow
in the IZ and affects the flow at the extremity of the inlet channel [40]. For the optimal case,

the tube diameter is closer to the IZ width, so only small recirculation zones occur in the inlet
14
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channel. The fluid flowing towards the IZ shows smaller recirculation zones and backflow. A
similar situation was also found where the proper flared tube design could improve the
uniformity of the airflow [41]. For the top and side view of the outlet channel in Fig. 9, it is
noticed that the flow field in the outlet channel is not uniform due to the presence of
recirculation zones in the vicinity of some outlets of cell channels [42]. When the fluid enters
the outlet channel, the distribution is less uniform in Case 16. This arises from the fact that the
fluid is dispersed into the recirculation zones when entering the 1Z from the tube. Therefore,
the velocity of the fluid entering the end of the stack decreases. It leads to an unevenly
distributed fluid flow at the extremity of the channel when the fluid is flowing from the cell
channel to the outlet channel. Compare with Case 16, due to the smaller recirculation zones in
the optimal case, the fluid flow is more concentrated when it enters the stack and can be
effectively transferred to the extremity of the channel. Therefore, when the fluid flow enters the
outlet channel from the inlet channel, it is more concentrated and stable.
3.4. Data analysis in NN and MARS

The database for the data analysis is the results obtained by the Taguchi method, and the
data are divided into training data and test data of 70% and 30%, respectively. The tube diameter,
the tube-to-1Z length ratio, and the IZ width are set to the three input parameters, and the
pressure uniformity is set to the output parameter. In practice, the training algorithm uses a one-
layer network with resilient propagation (RPROP) [43], and the Elliot function [44] and the
layer Sigmoid are used in the hidden layer and output layer, respectively. Fig. 10a shows the
architecture of the neural network to illustrate the different geometry of the inlet channels for
the pressure uniformity. The training process in NN stops when the error value between training
and validation data is less than 0.005. As shown in Fig. 10b, the training at 200 consecutive
epochs stops when the error value between training and validation data is less than 0.005. The
regression plots of the NN model with 35 hidden neurons are shown in Fig. 11a. One can see a

good fit between the predicted outputs and the targets (actual outputs) during training phases
15
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with an NN model. The coefficient of determination (R?) between the predicted outputs and the
targets is 0.975. The sensitivity of the three factors in NN is shown in Fig. 5b. The order of the
importance of the three factors is the tube diameter (Factor C, 0.62) > the tube-to-1Z length ratio
(Factor A, 0.201) > the 1Z width (Factor B, 0.179). This order is in line with that of the Taguchi
method.

For the analysis of MARS, its model and the basic functions (BFs) for predicting the
pressure uniformity are listed in Table 5. Some BFs include two splines functions which
indicate the model can disclose the interactions. These interactions are the most important part
of the generation of an accurate model to estimate the pressure uniformity in the PEMFC [26].
The obtained MARS model is

y = 0.3831 + 0.0140 X BF; — 0.0028 X BF, + 0.1572 X BF;

—0.0451 X BF, — 0.0047 x BF5 + 0.0071 X BFg + 0.0125 X BF; 9)

—0.0775 X BFg — 0.0479 X BF,
Fig. 11b shows a good fit between the predicted output of the MARS model during training and
the target (actual output). The R? value between the predicted outputs and the targets is 0.943.
The relative importance of the input variables considered in this MARS model is shown in Fig.
Sc. Using the GCV value, the relative importance by removing the specified variable from the
MARS model can be evaluated. The results show that the influences of the factors are ranked
by the tube diameter (Factor C, 0.47) > the tube-to-1Z length ratio (Factor A, 0.45) > the 1Z
width (Factor B, 0.07). The values reflect that the tube diameter and the tube-to-1Z length ratio
are relatively important parameters in the consideration of stack design. This rank also conforms
with those of the Taguchi method and NN.

Although the optimal combination has been found in the Taguchi method, it should be
noted that the best-operating conditions may not be on the selected four levels. Therefore, the
interval between each level can be divided into more levels, and the actual optimal combination

can be determined more accurately [17]. In the Taguchi method, there are only four levels for
16
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the three factors. In contrast, NN can further partition the four levels into more values and find
the combinations that Taguchi does not consider. Accordingly, the four levels of the three factors
in the Taguchi method are extended to seven levels in this study. Specifically, in NN, the seven
levels of the tube-to-1Z length ratio include 9.0, 7.0, 5.7, 4.7, 4.0, 3.4 and 3.0, the levels of the
1Z width consist of 14.0, 14.5, 15.0, 15.5, 16.0, 16.5, and 17.0 mm, and the levels of the tube
diameter comprise 7.50, 7.75, 8.00, 8.25, 8.50, 8.75, and 9.00 mm. In Figs. 12a-c, three 1Z
widths of 14.0, 15.5, and 17 mm are selected, and the pressure uniformity of each case is drawn
into a three-dimensional graph for comparison. The results of NN show that the tube diameter
has the greatest influence on the pressure uniformity of the fuel cell stack. The impacts of the
tube-to-1Z length ratio and the IZ width on the pressure uniformity are subtle which exhibits no
obvious change. The black dot in Fig. 12a is the highest uniformity and the optimal combination
is recommended by NN. Similarly, in MARS the three parameters are expanded to more levels.
Figs. 13a-c also shows the pressure uniformity distributions at the IZ widths of 14, 15.5, and
17 mm in MARS. The result shows that when the tube diameter or the tube-to-IZ length ratio
increases, the pressure uniformity increases. Once the IZ width increases, all areas with higher
uniformity decreases. It can also be seen that the tube diameter is still the most influential factor
on the pressure uniformity.

Table 6 compares the results of the Taguchi method, NN, and MARS. The sensitivity
analysis points out that the tube diameter is the key factor in affecting the pressure uniformity.
The three different methods all suggest that the optimal combination is the tube-to-1Z length
ratio of 9, the 1Z width of 14 mm, and the tube diameter of 9 mm. NN and MARS also predict
the pressure uniformity under the optimal combination, and their relative errors between the
predictions and the simulation are 1.62 % and 3.89 %, respectively, showing that both NN and

MARS can successfully predict the pressure uniformity in the fuel cell stack.

4. Conclusions
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The optimal design of tube and intermediate zones for a PEM fuel cell stack with 30 cells
has been investigated in this work. The influences of the tube-to-1Z length ratio, the IZ width,
and the tube diameter on the pressure uniformity in the fuel cell stack have also been analyzed
using the Taguchi method, neural network (NN), and multiple adaptive regression splines
(MARS). The results of the Taguchi method show that the importance of the three factors based
on their impacts on the pressure uniformity follows the order of the tube diameter, the tube-to-
1Z length ratio, and the 1Z width. It is found that the pressure distribution presents the highest
uniformity under the combination of the tube-to-1Z length ratio of 9, the 1Z width of 14 mm,
and the tube diameter of 9 mm. In the Taguchi method, the F value of ANOVA also shows that
the tube diameter is the most influential factor where a larger tube diameter and a smaller [Z
width give rise to smaller recirculation zones and relatively stable fluid flow. Besides, a longer
tube length can minimize the recirculation zones when the fluid flow enters the IZ. Hence, the
recommended geometric dimensions of the Taguchi method intensify the pressure uniformity
because the recirculation zones tend to be narrow and the vortex weakens. The influences of
the three factors on the pressure uniformity analyzed by NN and MARS also suggest the same
rank and optimal geometry as the Taguchi approach. The relative errors between the optimal
predicted pressure uniformity of NN and MARS and the simulation result are 1.62 % and 3.89
%, respectively, suggesting that NN and MARS are suitable tools in predicting the pressure
uniformity in the fuel cell stack and thereby the fuel cell design. Overall, the present work
benefits the data analysis from CFD results for the exploration of physical phenomena in

PEMFC which could save the time and cost of simulation in the future.
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561

Table 1

Literature studies of PEMFCs with optimization methodology.

Major research focus Optimization methodology = Important finding Ref.

Using rectangular cylinders to Analyze the Taguchi method The maximum power density of the optimal

performance of PEMFCs in the channel under configuration design parameters is 0.69 W cm 2. [11]

reasonable pressure drop.

Optimization of design and operating Taguchi method The maximum power density for optimized parameters

parameters on the 25 cm? electrode surface of PEMFC obtained by using Minitab 17 was 0.406 [12]

active area of the PEMFC was carried out. W/cm? and from the CFD model it was 0.408 W/cm?.

Estimate the output voltage of PEM fuel cells. Genetic algorithm neural Experiment results of PEMFC are employed to govern
networks, Taguchi method the factors’ value for GANN model optimizing. [13]

Analysis numerous parameters affecting the Taguchi method, neural The operating temperature and pressure are the

PEMFC performance. network significant factors in affecting the PEMFC performance. [17]

Estimate the optimal performance of an Taguchi method, generic The optimal output power of the PEMFC model is larger

unknown proton exchange membrane fuel cell. numerical than that of the unknown PEMFC ((Pmodel) max > (Pr) [18]

max).

Determines the optimal operating parameters Taguchi method, neural The PEMFC stack is operated at the current densities of

for PEMFC stack to obtain small variation and network 0.4-0.8 A/cm?. Since the voltage shift is quite small, the [19]

maximum electric power output. efficiency would be higher.

Finding the best combination of operation Taguchi method The amount of maximum power of the optimal

conditions of a PEM fuel cell. combination factor is 17.61 W. [45]
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562 Table?2

563  Control factors and level settings for Taguchi method.

Level
Factor Control parameter

1 2 3 4
A Tube-to-IZ length ratio* 9.0 5.7 4.0 3.0
B 1Z width (mm) 14.0 15.0 16.0 17.0
C Tube diameter (mm) 7.5 8.0 8.5 9.0

564 1Z*: Intermediate zones.

565
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566 Table 3

567  Level combination of designed geometric dimensions in a Lis (4°) orthogonal array.

Factor
Case

A B C
1 1 1 1
2 1 2 2
3 1 3 3
4 1 4 4
5 2 1 2
6 2 2 1
7 2 3 4
8 2 4 3
9 3 1 3
10 3 2 4
11 3 3 1
12 3 4 2
13 4 1 4
14 4 2 3
15 4 3 2
16 4 4 1

568
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570

571
572

Table 4

Analysis of variance for the three factors.

Factor
Level

A B C
1 0.458215 0.455746 0.382661
2 0.456458 0.452346 0.427217
3 0.447858 0.453059 0.479729
4 0.448398 0.449779 0.521323
Eactor Si . %el:/;?';ison from mean sum of =
A SA=0.000346 3 0.000115 19.15
B Sg=0.000072 3 0.000024 4.00
C Sc=0.043978 3 0.014659 2434.73
Error 0.000072 12 0.000006 -
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573 Tableb

574  Basis functions and corresponding equations of the MARS model.

BFs Coefficient Equations

BF: 0.3831 max(0, A-7)

BF -0.0028 max(0, 7-A)

BF3 0.1572 max(0, B-7.83)

BF, -0.0451 max(0, 7.83-B)

BFs -0.0047 BF1*max(0, C-14)

BFs 0.0071 BF2*max(0, B-8.5)

BF; 0.0125 BF2*max(0, 8.5-B)

BFs -0.0775 BFs*max(0, B-8.5)

BFo -0.0479 max(0, 5-A)*max(0, 7.83-B)

575
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578
579

Table 6

Comparison of pressure uniformity of three different methods

Method
Factor
Taguchi Method NN MARS
| A 9.0 9.0 9.0
B 14.0 14.0 14.0
C 9.0 9.0 9.0
| Predicted uniformity - | 0.520 0.549
Simulated uniformity 0.529 0.529 0.529
Relative error (%) - 1.62 3.89
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611 at (a) 14, (b) 15.5, and (c) 17 mm.

612

40



@)

Pressure uniformity

Pressure uniformity

(b)

Pressure uniformity

()

I
o IS o
~ o o

Pressure uniformity

o
w
a

Tup e~t3 6

- I Z
/ength ’atios

613

614  Fig. 13. Three-dimensional distributions of pressure uniformity in MARS when the 1Z width is

615 fixed at (a) 14, (b) 15.5, and (c) 17 mm.
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