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In lieu of the worldwide energy demand, economics and consensus concern regarding climate change,
nuclear power - specifically near-term nuclear power plant designs are receiving increased engineering
attention. However, as the nuclear industry is emerging from a lull in component modeling and anal-
yses, optimization for example using ANN has received little research attention. This paper presents a
neural network approach, EBaLM, based on a specific combination of two training algorithms, error-back
propagation (EBP), and Levenberg—Marquardt (LM), applied to a problem of thermohydraulics predictions
(THPs) of advanced nuclear heat exchangers (HXs).

The suitability of the EBaLM-THP algorithm was tested on two different reference problems in thermo-
Design optimization hydraulic design analysis; that is, convective heat transfer of supercritical CO; through a single tube, and
Heat exchanger convective heat transfer through a printed circuit heat exchanger (PCHE) using CO,. Further, comparison
PCHE of EBaLM-THP and a polynomial fitting approach was considered. Within the defined reference problems,
Supercritical CO; the neural network approach generated good results in both cases, in spite of highly fluctuating trends
Thermohydraulic performance in the dataset used. In fact, the neural network approach demonstrated cumulative measure of the error
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one to three orders of magnitude smaller than that produce via polynomial fitting of 10th order.

© 2008 Elsevier B.V. All rights reserved.

1. Introduction

In order to meet the increasing national (US) and global energy
(electricity) demands and simultaneously address growing consen-
sus concern with respect to climate change (thus curbing GHGs -
greenhouse gases), it is evident that we need to further develop
nuclear power and alternative energy source, while reducing our
current dependence on foreign oil. Only a renaissance in nuclear
power can meet the large demand for baseload power in the United
States (Southworth et al., 2003).

To meet both the new technical and public acceptance criteria,
next generation, “Generation IV”, nuclear power plants (NPPs) have
to be safe, economically competitive, proliferation-proof, and environ-
mentally friendly. Specifically, the US Department of Energy (DOE)
is leading a number of initiatives, including the Next Generation
Nuclear Plant (NGNP) project (Schultz and Nigg, 2004), also known
as the very high temperature (gas-cooled) reactor (VHTR). Con-
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gressional mandate for the VHTR to be operational by 2021 with
possible demonstration of a hydrogen generating plant has initiated
various engineering design studies on both the NPP and secondary
plant components.

For the NGNP-VHTR or any other higher temperature energy
system, an power conversion system using an efficient heat
exchanger (HX) is key to overall plant efficiency, as well as avail-
ability of process heat (i.e. for hydrogen production). Ideally, the
functional need for the HX needs to be compact (to minimize
material costs) yet thermal efficient is a non-linear and multi-
dimensional exercise in parametric design optimization. In the
nuclear industry, traditional design engineering has relied upon
trial-and-error, iterative methods with design constraints siding
on the side of conservatism with respect to margins of safety
in operation and off-normal anticipated and unanticipated sce-
narios. However, we expect these practices to change; that is,
design conservatism will be reduced in search of efficiency in
system performance, while meeting regulatory (licensing) com-
pliance. This research paper thus presents a specific artificial
neural network (ANN) model called error-back propagation (EBP)
and Levenberg-Marquardt-thermal-hydraulic prediction (EBaLM-
THP), to support a design optimization of a key component in
Generation IV NPPs, namely the printed circuit heat exchanger
(PCHE) (Lillo, 2005).
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Nomenclature

dop desired output

f activation function of single neuron

f derivative of activation function of single neuron
F{zp} activation function of several neurons

F{zp}  derivative of non-linear function activation function
of several neurons

g gradient

H Hessian

J Jacobian

net weighted sum of input

0 single neuron output

Oop network outputs

TE total error

w; neural weight

wp bias weight

Aw weight change

Xi neural net input

Zp neuron output

Design analysis of heat exchanger is well documented in texts
such as Incropera et al. (2007), as well as Shah and Sekulic (2003).
Zig-zag micro-channel flow configuration with CO, as the heat
transfer medium under near-to-critical conditions adds both non-
linearity and complexity to the design analyses. As noted, existing
thermal-hydraulic analyses and design optimization methods are
based on a number of assumptions; thus simplifying the approach.
However, the thermophysical properties (cp, p, k, @ and related)
change significantly over a small temperature/pressure range near
the critical point (NIST) and there is some evidence that for charac-
teristic flow length under 1 mm, the hydrodynamics deviate from
conventional analyses.

The non-linear thermophysical properties, as well as micro-
channel flow and operating parameters suggest using an artificial
neural network approach as a potential “tool” to facilitate the
present design optimization task, especially to supplement com-
putational fluid dynamics (CFDs) based modeling of the design in
question.

The ANN approach has been considered in limited reported liter-
ature in nuclear science and technology. For example, Eryurek and
Upadhyaya (1990) studied the possibility of employing neural net-
work to model the signals from a commercial power plant and the
experimental breeder reactor-11 (EBR-II). Roh etal.(1991) developed
a system of thermal power prediction in nuclear power plant by
combining a neural network with a signal validation model. Further,
Guo and Uhrig (1992) applied a hybrid type of neural networks to
predict the heatrate, as linked to nuclear power plant performance.
Boroushaki et al. (2005) applied cellular neural network (CNN) to
simulate reactor core kinetics. Guanghui et al. (2003) trained arti-
ficial neural networks to predict the critical heat flux (CHF) under
low pressure and oscillating conditions for both natural and forced
circulation. Garg et al. (2007) applied multilayer perceptron (MLP)
and radial basis function (RBF) neural networks to predict thermo-
hydraulics of natural circulation boiling water reactor. Finally, Vaziri
et al. (2007) applied RBF and MLP neural networks to also predict
the CHF. ANN is evidently receiving consideration as a suitable in
reactor analysis.

Artificial neural network has also been used to evaluate, design,
and optimize the thermohydraulic performance of compact heat
exchangers. Diaz and Sen (1999) developed and tested a several
ANN structures with sigmoid activation function to predict the heat
transfer rates for 1D conduction, 1D convection with one and two

heat transfer coefficients, and a single-row plate-fin heat exchanger
(PFHE). The authors used a back propagation (BP) algorithm,
applied to train and test the networks of neuron. The results showed
that the maximum error was less than 10% deviations. For the most
complex application (plate-fin heat exchanger), 4-5-5-1 ANN con-
figuration yielded the smallest standard deviation. Pacheco-Vega
(2001) applied a feed-forward (FF) structure with sigmoid func-
tion to fin-plate type heat exchanger analysis for a refrigeration
application. The NN was trained using BP algorithm. A root-mean
square estimation indicated that error predicted by ANN is less than
1.5% relative to the experimental data and has the same degree
of uncertainty of experiment. Additional details regarding exper-
imental correlation and ANN model for steady-state performance
of a plate-fin-tube heat exchanger is contained in Pacheco-Vega’s
dissertation (2002). Recently, Ping and Ling (2008) proposed using
a combination of genetic algorithm (GA) and BP ANN to optimize
the PFHE size and its capital cost. Ermis (2007) applied ANN to esti-
mate heat transfer coefficient, pressure drop, and Nusselt number
for a 15-channel configuration compact heat exchanger with stag-
gered cylindrical and triangular ribs. The three-layer NN learning
process was carried out by a feed-forward back propagation (FFBP)
algorithm.

Although heat exchanger analysis via application of neural net-
works have been documented, these are mostly for extended
surface-type, traditional heat exchangers with heat transfer media
at conventional thermophysical conditions. Compact heat exchang-
ers with micro-channels using supercritical fluids have yet to be
investigated.

This paper demonstrates the predictive ability of an ANN-based
approach to assess PCHE thermohydraulics with the heat transfer
medium near or at critical conditions. The application is limited to
supercritical carbon dioxide (CO,) which has been identified as a
suitable fluid. However, we first consider convective heat transfer
through a single tube. Subsequently, a heat exchanger with multiple
zig-zag micro-channels (PCHE) is considered.

2. Printed circuit heat exchanger
2.1. General description

PCHE was first introduced in Australia for refrigeration applica-
tions (ca 1985) (Feay, 1994). Subsequently since 1990 in the UK, the
Heatric has continuously developed the design and extended the
application of the PCHE. In recent times, the PCHE has been consid-
ered the key heat exchanger in the indirect Brayton cycle featured in
many advanced nuclear systems, including the NGNP-VHTR (Lillo,
2005).

The PCHE consists of micro-channels acid etched into a zig-zag
patternon a plate as shown in Fig. 1(a and b). The plates are then dif-
fusion bonded under high temperature and pressure. The resulting
heat exchanger has very good thermal contact between the plates
and these plates can be arranged into counter-current, co-current,
cross-current or other combination and/or orientation as shown in
Fig. 1(b) (Heatric website).

2.2. Thermohydraulic behavior

According to Li et al. (2006), supercritical carbon dioxide (SCO,)
is attractive if the PCHE functions as the NGNP secondary loop
heat exchanger. To date, only few have reported research on
the thermal-hydraulic performance of the PCHE using SCO,. The
reported works are by Van Meter (2008), Song (2007), Song et al.
(2006), Nikitin et al. (2006), Tsuzuki et al. (2007), Lomperski et al.
(2006) and Ishizuka et al. (2005). This paper presents an artificial



310 A. Ridluan et al. / Nuclear Engineering and Design 239 (2009) 308-319

& b e |

Nav <~
CENTER

1 A 4 g

1
Ll

sl 1M,

e gt by

Fig. 1. The printed circuit heat exchanger configuration: (a) zig-zag micro-channels on a plate and (b) stacked plates. Both during geometric modeling using STAR-CD.

neural network-based thermohydraulic analysis of a generalized
compact heat exchanger under consideration for an advanced
nuclear system. The heat exchanger uses a supercritical fluid (a fluid
near or at its critical point) to maximize its performance. The study
here suggests an alternative modeling approach to thermal system
component design optimization.

2.3. Experimental database

We selected two experiments to serve as our training and testing
database for the present ANN application. These thermohydraulic
datasets are characterized with respect to increasing flow configu-
ration complexity for convective heat transfer.

The experimental dataset by He et al. (2005) is first described.
He’s group conducted experiments and numerical simulations of
convective heat transfer in a vertical micro-channel with SCO, as
heat transfer medium. They validated the simulations with exper-
imental data under conditions noted in Table 1. He’s experiments
were carried out in a stainless steel (1CR189NT) vertical tube with
an internal and external diameters 0.948 and 1.729 mm, respec-
tively. The critical pressure range of SCO,, is 8.5-9.5 MPa. The test
section, 55 mm in length was heated by passing a low voltage alter-

Table 1
Thermohydraulic database (He et al., 2005).

nating current. The experimental uncertainty was reported to be
11.3%. In the present work, we chose the following parameters from
He’s work: the inlet pressure (P;), the inlet temperature (T;), the
mass flow rate (ri1), the Reynolds number (Re), and the Buoyancy
parameter (Bo). He et al. defined Bo as

Gr*

Bo= o3 aspros 1)

where Gr* is the Grashof number, defined by

BgDq;,

02 (2)
Here, Pr, B, A, and v are Prandtl number, coefficient of thermal
expansion, thermal conductivity, and kinematic viscosity, respec-
tively. The output is the wall heat flux, qJ,.

An additional experimental dataset for a PCHE using SCO, as
reported by Ishizuka et al. (2005) was also referenced. The data
from this work is listed in Table 2. The capacity of the PCHE reported
by Ishizuka is 3 kW; each PCHE consists of 12 hot and 11 cold
semi-circular, zig-zagged flow channel plates, made of SS316L. The
zig-zag was defined by 115° and 100° for hot and cold plates, respec-
tively. The cross-sectional areas of hot and cold channel are 0.0002
and 0.000092 m?, respectively. An electrical heater was utilized to

Gr*

Mass flow rate, 1 (kg/h) Inlet temperature, T; (°C) Inlet pressure, P; (MPa)

Reynolds number, Re Buoyancy number, Bo Wall heat flux, g, (kW/m?)

1.48 327 9.59
1.53 37.8 9.54
1.49 39.6 915

1.37 51 9.43
1.69 32.8 9.52
1.6 36.1 9.42
1.63 40.9 9.57
1.65 48.3 9.49
1.48 327 9159
1.71 32.7 9.49
293 334 9.47
3.45 31.7 9.55
4.17 31 8.56
4.06 334 8.57
4.03 334 8.47
4.08 333 8.51
4.08 333 8.51
4.06 334 8.57
1.51 335 8.46
11372 35 8.46
1.5 384 8.47
1.49 44 8.48

9,237 936 x 10-1° 31,534
11,639 790 x 10-1° 31,194
12,629 796 x 10-10 30,722
20,864 208 x 10-10 29,400
10,641 1360 x 10-1° 71,843
11,474 1610 x 10-1© 71,703
14,765 1240 x 10-1° 70,242
23,417 367 x 10710 70,005

9,237 936 x 10-1° 31,534
10,761 719 x 10-1° 39,554
18,888 131x 1010 45,561
20,972 62.1 x 1010 37,744
24,837 34 x 1010 39,558
RORSS 37.5 x 10-1° 37,700
29,585 68.6 x 1010 66,583
29,558 99.2 x 10-10 100,770
29,558 197 x 10-1° 200,000
29,255 9.96 x 1010 10,000
11,173 1160 x 10-1° 38,993
12,537 1100 x 1010 38,692
19,379 467 x 1010 36,287
24,138 174 x 10-10 37,079
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Table 2
Thermohydraulic database (Ishizuka et al., 2005).
Mass flow rate, Inlet hot CO, Inlet cold CO, Inlet hot CO, Inlet cold CO; Cold CO,-sided Hot CO;-sided Heat transfer,
G (kg/h) pressure, Py pressure, P.; temperature, temperature, pressure drop, pressure drop, Q (kw)
(MPa) (MPa) Thi (°C) Ties (°©) DP, (kPa) DPy, (kPa)
42.8 2.26 6.59 280.1 107.8 34.93 9.96 2.067
52.6 2.22 6.53 280.2 107.8 53.52 15.23 2.539
79.6 2.5 7.34 279.9 107.9 93.07 26.66 3.860
66.2 2.5 7.38 279.7 107.9 70.34 20.29 3.210
55.9 248 7.47 279.8 107.9 49.47 14.60 2.710
453 2.56 7.45 279.6 107.9 36.83 10.50 2.196
335 249 7.44 279.8 107.9 20.09 5.99 1.624
74.9 2.54 8.35 279.9 107.9 73.22 24.18 3.661
66.6 2.58 8.24 279.9 107.9 61.49 19.72 3.259
55.6 2.56 8.27 279.9 108.0 44.65 14.48 2.720
44.0 2.54 8.31 279.9 108.1 28.03 9.23 2.151
83.3 2.99 9.48 280.0 108.1 79.17 25.63 4.120
72.0 3.0 9.49 280.1 108.1 61.09 19.72 3.558
60.7 3.05 9.54 280.1 108.1 44.40 14.13 3.004
48.6 3.06 9.5 280.1 108.1 29.68 9.34 2.410
87.0 3.23 10.09 280.1 108.2 80.35 2591 4.324
76.3 3.33 10.04 279.9 108.3 64.62 20.07 3.798
63.8 3.31 10.06 280.8 108.1 46.39 14.44 3.177
52.1 3.34 10.08 280.1 108.2 32.83 10.13 2.601

(Ph.G.Q)

heat transfer rate (Q)

(Pe.G.Q)
heat transfer rate (Q)

Fig. 2. 3D graphical representation of: (a) heat transfer rate Q vs. P, and G and (b) heat transfer rate Q vs. P. and G from data given in Table 2.

control the temperatures of CO,. The pressure on each side and the
pressure loss in PCHE was measured using a pressure gage trans-
ducer (40.25% precision) and a differential pressure gage (+0.15%
precision). The temperature was measured by using the copper-
constantan thermocouples, +0.15°C accuracy. The flow rate was
measured using both a turbine flow meter and the area flow meter
with £2% precision.

(Ph,Th,Q)

heat transfer rate (Q)

The hot (P,;), and cold (P.;) CO, inlet pressures, hot (Ty;)
and cold (T.;) inlet CO, temperatures, and mass flow rate (G),
were considered as input factors that influenced three output
parameters: the pressure drop through cold CO, side (DP.); the
pressure drop through hot CO, side (DPy,); and heat transfer (Q). A
three-dimensional (3D) graphical representation of the dataset cor-
responding to Table 2 is given in Figs. 2 and 3 and depicts the linear

(b)

(Pe,Te,Q)
heat transfer rate (Q)

Fig. 3. 3D graphical representation of: (a) heat transfer rate Q vs. T, and Py, (b) heat transfer rate Q vs. Tc and P, from data given in Table 2.
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to (very) non-linear nature of the dataset, based on the input vari-
ables. In fact, in Fig. 3, we see the sharp features (large gradients) in
the ‘functional space’ as mapped. Needless to say, the relationship
between input and output is non-linear.

2.4. Thermal system design and artificial neural networks

A brief summary of the ANN approach is given below. ANN and
further, fuzzy approaches in engineering have matured such that
developments are contained in texts such as Tsoukalas and Uhrig
(1997). In thermohydraulics, Mi, Ishii, Tsoukalas and co-workers
(1996, 1998, 2001) used a neural network approach for two-phase
flow regime identification in vertical pipe-flow. The ‘adaptability’
of ANN in characterization of non-linear phenomena is evident;
however, its acceptance as a research ‘tool’ is ongoing. We thus
present a case here for convective heat transfer applications using
supercritical fluids.

In traditional log-mean temperature difference (LMTD) heat
exchanger analysis, the set of equations used to calculate the log-
mean temperature, convective heat transfer correlation and overall
heat transfer coefficient, are non-linear relationships. In fact, as
the LMTD method assumes constant properties, HX analysis with
supercritical heat transfer media introduces another element of
non-linearity (Song, Van Meter, Song et al.). Thus, in the course of
HX design via the LMTD method (or modified as needed for super-
critical fluids), we undertake an iterative process to meet one or
more objectives. Thus, similar to flow regime identification, there
are input and output parameters, between which there exists a
(known) set of equations which links one to the other. Further
within the experimental realm, one must realize that there is not
only non-linearity but ‘noise’ associated with quantification of phe-
nomena (spatio-temporal changes in impedance in the case of Ishii;
heat transfer and pressure drop in the present case). Thus if one
can quantitatively reproduce or ‘mimic’ the non-linear character of
a phenomena, and link this to physical design parameters, one can
potentially facilitate the accurate design of thermal systems and
components. The present work aims to demonstrate this ability (as
did by Mi, Ishii, Tsoukalas and co-workers).

3. EBaLM-THP - a neural network algorithm for
thermohydraulic prediction

Neural networks (ANN) are computational architectures con-
structed with a goal of mimicking biological neural networks. ANNs
can contain several layers of neurons, which can be fully or partially
connected.

A biological neuron is a computational unit which connects to
other neurons via its interconnections (synapses), and receives the
stimulated input via its inputs dendrites. A weighted sum of input
signals (net value) is then typically compared against the thresh-
old or certain activation function. An output signal produced in
such a way is further transmitted via other synapses to other neu-
rons.

To mimic a biological neuron, its artificial counterpart repro-
duces a similar functionality, i.e. calculates a weighted sum of
input signals and compares it against the activation function (or
threshold), as shown in Fig. 4. If the weighted sum of input signals
(net) is above the threshold, a neuron will emit the output signal.
The general neuron functionality can be expressed in conventional
summation as

net = wiX; + wp (3)

where x; is a neural net input, while w; and wj, are neural and bias
weights.

Fig. 4. Single artificial neuron with input and output connection.

An output of a neuron (0) is defined as
o = f(net) (4)

where frepresents the activation function.
Typically, the unipolar sigmoid activation function such as

1

f(net) = 1 + exp(—net)

(5)
is used.

Neural network architectures will here be described as “ANN
m-n-k”, where m, n, and k represent the number of neuron in the
input, hidden, and output layers, respectively (Fig. 5). Such architec-
ture will be used throughout this paper. For instance, ANN 7-5-1
means that the neural net is composed of an input, hidden, and
output layers as follows: 7 neurons in the input layer; 5 neurons in
the hidden layer; and 1 output layer.

The EBaLM-THP algorithm for thermohydraulic prediction mod-
eling of the advance nuclear system component presented in this
paper was implemented in Matlab 6.0 environment. The EBaLM-
THP algorithm combines the two specific neural network training
algorithms, EBP and Levenberg-Marquardt (LM). Here the former
one is used for a specific error propagation, the latter one is used for
training of specific neurons. In this way, the two expected advan-
tages are combined; that is, the robustness of EBP with the speed
of LM algorithm.

Physics-based modeling and corresponding experiments are
undeniably the best approach to prediction modeling, when avail-
able. However, in case where such practices are difficult or (too)
costly, the practical approach to modeling via ANN represents a

Input layer Hidden layer

Qutput layer

Fig. 5. An artificial neural architecture with input and output connection.
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viable alternative. We also note that the neural network approach
requires the existence of (accessible) data. In case where exper-
imental data is not available, the development of physics-based
model is preferred over an ANN approach without an appropriate
dataset.

Thermohydraulic modeling, especially in the design of nuclear
system components requires time-consuming iterations (trial-and-
error). This is partly because a closed form solution rarely exists
and/or physical models not only take time but call for reasonable
understanding of key phenomena. The strength of the EBaLM-THP
neural network algorithm is in its ability to learn and optimize
the complex interdependencies of the variables, existing in the
thermohydraulic prediction modeling. This is achieved through a
particular neural network architecture on which the specific combi-
nation of two learning algorithms, namely, error-back propagation
and Levenberg-Marquardt, algorithms was applied.

Here we presented the EBaLM-THP neural network algorithm
based on a “data driven” approach. Performance analysis is strictly
based on the total error calculated from the dataset available. The
training process is executed as follows. The initial dataset is divided
in two equal sets; one was used for training, and the other, used
for testing of the presented model. As will be shown, the result
presented in terms of total error, showed better agreement with the
data (relative to a common polynomial ‘trendline’ approximation).

At this juncture, the benefits of this approach appears as fol-
lows: (1) trained neural networks are capable of predicting ‘system’
characteristics in situations beyond the training dataset, as long as
the ‘consistency’ of the data is preserved. Data consistency here
is beyond the scope of the research; we anticipate that it will be
considered; (2) if one can have confidence in ANN-based mod-
els, one can potentially better understand the underlying physics
via consideration of small variations in both the input and out-
put parameter; (3) if one can have confidence in the ANN-based
models, one can adjust the experimental parameters to elucidate
physical parameters that may or may not yield similar non-linear
characteristics.

Historically, the EBP algorithm was the first approach that coun-
tered a negative viewpoint on artificial neural networks via a text
(Minsky and Papert, 1969). In fact, the EBP work by Werbos (1994)
represented a real breakthrough in ANN research; he introduced
a multilayer network approach and sigmoid activation functions,
thereby solving linearly non-separable problems, as well as other
complex, highly non-linear and multidimensional problems.

The main concept behind EBP is that calculated errors are prop-
agated back after the transmitted inputs from the first layer have
reached the output layer. During the backward propagation of
errors, weights of neurons that produced the error are modified
accordingly, going back from one layer to another, as illustrated
in Fig. 6. Therefore, the EBP algorithm consists of two phases as
follows: a forward propagation and then, backward propagation
phase. In order to minimize the output error, the weight change is
applied to the gradient change as

np
Awpi ~ 2 "[(dp — 0p)F'(2p)f (nety ] (6)
p=1

Here, Eq. (6) is extended to all weights applied to neurons. The
associated EBP diagram is presented in Fig. 7. Equally,

no np

Awp = o> " "[(dop — 00p )F (2} (nety x| (7)
o=1 p=1

where x, represent network input pattern while dop, 5, and ogp

are desired, neuron, and network outputs, respectively. The term,
f(netp), is the derivative of activation function fwith respect to the

Ay EJ;I-(ABL Wyt A Wy A “’;1)

A Wy +Agy Wy + Ay W,

Ll

A, =g, 'err,

(A) layer (B) layer

Fig. 6. Diagram of the propagation of error in EBP algorithm (Zurada, 1992).

neuron net value (netp) and F{zp} is the derivative of non-linear
function F{z,} based on activation function of several neurons with
respect to the neuron output (zp)

The adjustment of weights on neurons plays a key role in ANN
training. Such weighting update is typically described as

Wi = Wi + Awy (8)

where wy, and Awy, are weights and weight increment in iteration
k, while wy. is updated weight in the following, k + 1 iteration.

The neuron training process is executed using
Levenberg-Marquardt (LM) algorithm (Levenberg, 1944;
Marquardt, 1944). The weight increment equation of LM algorithm
is derived from Newton method and written as

Awg=A'g 9
where A and g are Hessian and gradient such as:

A= 2], (10)
and

g=2fe (11)

Here, eis the error vector, whileJ is the Jacobian of the partial deriva-
tive of error with respect to each of the weights. The Hessian and
gradient can be written in the matrix form as follows:

[ 0°%F 9%E 2E

W 8W2 an o 8wn 8W1 ﬁ

PE 92E PE o,

A= 8W1 8wz BW% o 8wn aWZ and g= 87‘”2
| Owi0wn  dw; 3wy owz

o

rl

0,

0,

pno

+1 F iz

Fig. 7. Diagram of EBP algorithm with multi-outputs.



314 A. Ridluan et al. / Nuclear Engineering and Design 239 (2009) 308-319

To anticipate issues with ill-defined Jacobian matrix, an identity
matrix, I, can be introduced that results in the following version of
weighting update Eq. (8), that is:

-1
Wiep1 =Wy — UpJi + 1l) Jie (12)

The LM algorithm combines the speed of the Newton algorithm
with the stability of the steepest decent method. The LM algorithm
(12) calculates weights in subsequent iterations. It is important to
note that the parameter p controls the LM algorithm. For 1 =0, the
LM algorithm reduces to the Gauss-Newton method while for very
large w, the LM algorithms is reduced to the steepest decent.

4. Simulation results

As noted, testing was undertaken on two different thermo-
hydraulic cases (CASE 1 and CASE 2) on heat exchanger using
supercritical CO, as the heat transfer media. The first problem was
convective heat transfer in a mini-tube; the second, convective heat
transfer in multiple, zig-zagged micro-channel based, PCHE. Finally,
a comparative analysis of ANN versus polynomial fitting (PF) was
undertaken. The datasets were equally divided into training and
testing datasets.

4.1. CASE 1: convective heat transfer CO, through a single tube

In the first example, EBaLM-THP algorithm was tested on a
problem of supercritical CO, flow through a straight tube. One
half of the data was used for training, the other half for testing.
Training and testing datasets are illustrated in terms of heat flux
(qy,) versus temperature (T) in Fig. 8. All of values are normalized
by the corresponding maximum values. That is, Tjyax =51°C and
@}y max = 200,000 kw/m? both as noted by He et al. As shown, both
the training and testing datasets fluctuate but are closely matched
and bounded.

Twenty neural network structures were classified into four
groups to investigate the predictive ability of EBaLM-THP algorithm.
The performance of these ANN architectures is characterized here
by the total error (TE); that is, the cumulative overall error of the
dataset is defined as

np
TE = [dp—ap)? (13)
p=1
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Fig. 8. Training and testing datasets.

Table 3
Total error of single tube thermohydraulic prediction.

Group 1 (five neurons in IL) Group 3 (seven neurons in IL)

Network Total error Network Total error

ANN 5-3-1 1.295980084 ANN 7-3-1 0.450298264
ANN 5-5-1 0.954825917 ANN 7-5-1 1.158208468
ANN 5-6-1 1.458969153 ANN 7-6-1 2.725470938
ANN 5-7-1 0.683982214 ANN 7-7-1 2.662471685
ANN 5-8-1 0.989711546 ANN 7-8-1 0.730554961

Group 2 (six neurons in IL) Group 4 (eight neurons in IL)

Network Total error Network Total error

ANN 6-3-1 3.503557982 ANN 8-3-1 0.450298264
ANN 6-5-4 0.764594655 ANN 8-4-1 1.158208468
ANN 6-6-1 0.294291329 ANN 8-5-1 2.725470938
ANN 6-7-1 0.500910836 ANN 8-6-1 2.662471685
ANN 6-8-1 2.879453675 ANN 8-7-1 0.730554961

where dp and ajp, are the reference (experimental) and actual data
(ANN output), respectively.

The TE was calculated for various three-layered NN architectures
and summarized in Table 3. The calculations with the number of
layers different than three are not presented, because of the higher
TE. Results were organized into groups, where the number of neu-
rons in input layer (IL) is fixed, while the numbers of neurons in the
second and third layers were varied. A graphical illustration of TE
versus selected neural network architectures is presented in Fig. 9.
For the architectures ANN 7-n-1 and ANN 8-n-1, the TE versus the
total number of neurons is nearly identical.

We have learned that the initial weight associated with each
neuron has an influence on the performance of ANN simulation.
The initial weights were determined heuristically. The weights for
ANN 6-6-1, ANN 8-4-1, ANN 7-5-1 and others were selected and
then, their initial weights modified. The total error of the modified
weights relative to the original, for each chosen ANN structure is
given in Table 4.

A comparison between ANN predictions by ANN 8-4-1 with
the new initial weight set versus experimental measurements is
selected and graphically shown in Fig. 10.

Fig. 10 depicts the apparent effectiveness of ANN 6-6-1, ANN
7-5-1, and ANN 8-4-1 architectures. In spite of the highly fluc-

T
0= ANN 5-n-1
—6- ANN 6-n-1
=+ ANN 7-n-1
~©~ ANN $-n-1 ||

Total Number of Neuron

Fig. 9. The comparison of total error vs. total number of neuron for each group of
ANN architectures.
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Table 4
Modified total error of single tube thermohydraulic prediction.

Network Previous total error Modified total error
ANN 6-6-1 0.294291329 0.23138004

ANN 8-4-1 1.158208468 0.32930703

ANN 7-5-1 1.158208468 0.1976367

tuating data, these networks were able to successfully learn the
behavior of the heat exchanger with supercritical CO5.

4.2. CASE 2: convective heat transfer through PCHE

Similarly for PCHE one half of the complete dataset was used
for training, while the rest was used for testing the EBaLM. The
training and testing data for the PCHE is here plotted against
mass flow rate (G), hot-sided pressure (P},), and cold-sided pres-
sure (P.), and shown in Figs. 11-13, respectively. All of the
values were normalized by the corresponding maximum values,
as follows: DPcmax =93.07 kPa, Gmax =87 kg/h, DPpmax =26.66 kPa,
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Fig. 10. The comparisons of experimental data vs. ANN outputs for ANN 8-4-1.
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Fig. 11. The plots of training data and testing data for cold-sided pressure drop.

1 T . T T T T

—— Training
—m— Testing
0.9

.
3
T

DPI/DPhmax
e
S
T

=
i
T

041

0.65 0.7 0.75 0.8 0.85 0.9 0.95 1 1.05
Ph/Phmax
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Fig. 13. The plots of: (a) training data and (b) testing data for heat transfer.

Phmaxi=3.34 MPa, and Qmax =4.324 kW. Though different to CASE 1,
the test and training datasets again fluctuate and oscillate. In fact,
there are sharp ‘hi-and-low’ changes as shown.

For the PCHE thermohydraulics, four neural network architec-
tures were investigated and their performance measured using the
TE Eq. (13). The performance of each ANN architecture is given in
Table 5. We can see that ANN 7-5-3 and ANN 9-7-3 yielded the
best results, while ANN 8-4-3 yielded relatively poorer results. It
is evident that the PCHE experimental data reported by Ishizuka
et al. (2005) is highly non-linear (Fig. 3). As indicated in Table 5, a
larger number of neurons does not necessarily yield better per-

Table 5

Total error of PCHE thermohydraulic prediction.

Network DP. DPy, Q

ANN 7-5-3 0.00469135 0.006787571 0.002496384
ANN 7-7-3 0.01833685 0.051948002 0.12572272
ANN 8-4-3 0.08875032 0.18246256 0.093324986

ANN 9-7-3 0.01929302 0.007677054 0.002277966
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formance. We also note that in CASE 2 (PCHE), the data does
not exhibit ‘jumps’ as observed in CASE 1. Consequently, the TE
in CASE 2 is lower than in CASE 1. As might be expected in a
highly fluctuating ‘signal’ the error associated with modeling of
such processes (peak in Fig. 10), is inherently higher than the error
associated with less ‘chaotic’ processes (fluctuating but gradually
varying or oscillating, as in Figs. 11-13). For example, the TE result-
ing from applying network architecture ANN 7-5-1 (CASE 1), is
approximately 250% higher that the TE resulting from applying
of ANN 7-5-3 architecture that was used in CASE 2. This shows
that in spite of the fluctuating data, neural networks have the
ability to ‘adapt and learn’ the thermohydraulic character of the
PCHE.

A comparison of simulation, ANN 7-5-3, versus the experimen-
tal reference, for cold-sided pressure drop, hot-sided pressure drop,
and heat transfer is shown in Fig. 14(a)-(c), respectively. We can
see that the ANN results are generally in good agreement with the
experimental data.

The simulation trends of the 8-4-3 ANN architecture, which
has relatively poor performance, is presented in terms of the cold-
sided pressure drop, hot-sided pressure drop, and heat transfer in
Fig. 15(a)-(c), respectively. Even here, we can see that the neural
network architecture, in fact for ANN ‘8-n-3’ is in good agree-
ment with the experimental reference. For example, the ANN 8-4-3
architecture (the one with the lowest prediction performance), the
TE has good values, 0.088750320, 0.182462560, 0.093324986, for
AP¢, APy, and Q, respectively.

4.3. Comparison of ANN versus polynomial fitting (FT)

To demonstrate the predictive ability of EBaLM, the ANN
approach was also compared against a 10th order polynomial ‘fit’
(Matlab) of the reference conditions. A comparison of ANN versus
the 10th degree polynomial for first example is shown in Fig. 16,
while the second example is shown in Fig. 17(a)-(c).

As illustrated in Figs. 16 and 17, the EBaLM is ‘superior’ to the
10th polynomial as the polynomial essentially serves as a ‘mov-
ing average’ of the non-linear trend exhibited by the reference
condition. It cannot in any way mimic the fluctuating nor oscil-
latory trend in the data. Meanwhile, ANN predicts many to most
data points. For the first example, the total error of the 10th poly-
nomial fitting was 2.299016210, while that of ANN 8-4-1 was a
smaller 0.329307030. The computed total errors of 10th polyno-
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Fig. 16. The first example: the comparisons of ANN 8-4-1 vs. 10th order PF.
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Table 6

Total error comparisons.

Network vs. polynomial Total error
ANN 8-4-1 (g, output) 0.32930703
Polynomial fitting of 10th order (g, output) 2.29901621
ANN 8-4-3 (DP. output) 0.08875032
Polynomial fitting of 10th order (DP. output) 0.360642
ANN 8-4-3 (DP;, output) 0.18246256
Polynomial fitting of 10th order (DP,, output) 1.645394
ANN 8-4-3 (Q output) 0.093324986
Polynomial fitting of 10th order (Q output) 2.056541

mial for AP;, APy, and Q were 0.360642000, 1.645394000, and
2.056541000, respectively whereas those of ANN 8-4-3 which had
the poorest performance were only 0.088750320, 0.182462560,
and 0.093324986, for three different output variables modeled
(AP, APy, and Q, respectively). The ANN approach clearly yields
more representative results. Thus, if the parameter space for an
engineered thermal system component is designed to work under
non-linear load and/or in conjunction with significant changes in
the ‘equation of state’, then the above described ANN approach can
facilitate the design and analysis tasks.

5. Conclusion

The paper presents the EBaLM algorithm, a combination of
two neural network training methods, the error-back propagation
and the Levenberg-Marquard algorithms. The EBaLM algorithm
was tested on two different thermohydraulic reference problems.
The first was convective heat transfer of supercritical CO, through
a single tube and the second on convective heat transfer in a
multi-zig-zagged channel printed circuit heat exchanger. Further,
a comparison was made between the ANN algorithm EBaLM and
a 10th order polynomial fit. The neural network approach per-
formed better than the polynomial fit; the latter could not mimic
the given, oscillatory nature of the reference data. In the first
example, the performance of a 20 neural architecture divided
into 4 groups and 5 different neural configurations was investi-
gated. In the second example, four neural network architectures
were investigated and applied to predict thermohydraulics of
PCHE.

The results revealed that all of the ANN architectures were
in good agreement with the referenced conditions. In fact, even
though the reference data was fluctuating and oscillatory, the neu-
ral network was able to follow these characteristic changes. It is
evident that the advantage of neural network approach is the net-
work’s ability to learn the dataset. In contrast, a polynomial fit is
at best able to follow the stepwise average of the oscillatory nature
of the reference dataset. Thus at each step, it fails to fully capture
nature of both the non-linearity and ‘noise’ contained in experi-
mental data. In fact, the total error of a 10th order polynomial fit was
one to three orders of magnitude larger than that associated with
the neural networks. As substantiated in Table 6, even the relatively
poor simulation of the ANN 8-4-3 architecture showed a figure of
merit two orders of magnitude better in terms of TE than the 10th
order polynomial (0.093324986 vs. 2.056541 for the output Q).

The engineering task of designing an advanced nuclear system
with systems, subsystems and components optimized for perfor-
mance while in regulatory compliance requires a tremendous effort
and iteration-intensive engineering design. We are thus interested
in considering methods and/or practices that may reduce the trial-
and-error in design optimization. Thus, if the parameter space for
a thermal system component is designed to work under non-linear
load and/or in conjunction with significant changes in the thermo-

physical ‘equation of state’, then the above described approach may
facilitate the design engineering process.
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