Neural network based thermal protective performance prediction
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REZUMAT - ABSTRACT

Predictia performantei de protectie termica pe baza retelei neurale a tesaturilor cu trei straturi
pentru imbracamintea pentru pompieri

Imbrécémintea de protectie pentru pompieri este compusé din trei straturi principale; un strat exterior, o barieré
impotriva umezelii si o captuseald de izolafie termica. Aceasta structurad de tesaturi cu trei straturi asigura protectie
impotriva incendiilor si mediilor cu temperatura foarte ridicatd. Diversi parametri, cum ar fi constructia tesaturii,
greutatea, desimea in urzeald/bataturd, grosimea, rezistenta la vapori de apa a straturilor de material textil, au efect
asupra performantei de protectie, cum ar fi transferul de caldurd prin imbrdcdmintea de protectie pentru pompieri.
Obiectivul acestui studiu este examinarea predictibilitatii indicelui de transfer de céaldurd al tesaturilor cu trei straturi, ca
functie a parametrilor feséturii, prin utilizarea retelelor neurale artificiale. Prin urmare, s-au obtinut 64 combinatii diferite
de fesaturi cu trei straturi pentru imbrdacamintea de protectie pentru pompieri, iar transferul de caldura prin convectie
(HTI) si transferul de caldura radiant (RHTI), prin combinatiile de tesaturi, au fost masurate in laborator. Sase retele
neurale cu perceptron multiplu (MLPNN), fiecare cu un singur strat ascuns si aceleasi 12 date de intrare, au fost
construite separat pentru predictia performantei transferului de céldura prin convectie si a performantei transferului de
caldura radiant a tesaturilor cu trei straturi. Retelele 1-4 au fost instruite pentru predictia HTI,,, HTl,, RHTI, si,
respectiv, RHTI,,, in timp ce retelele 5 si 6 au avut doua iesiri, respectiv HTl,, si HTl,,, respectiv RHTI,, si RHTI,.
Fiecare sistem indica o buna corelare intre valorile estimate si valorile experimentale. Rezultatele demonstreaza ca
MLPNN-urile propuse sunt capabile sa estimeze transferul de caldura prin convectie si transferul de caldura radiant
eficient. Cu toate acestea, refeaua neurald cu doud iesiri are o performanta de predictie usor mai buna.

Cuvinte-cheie: retele neurale artificiale, predictie, transfer de caldura, tesaturi cu trei straturi, imbracaminte de protectie
pentru pompieri

Neural network based thermal protective performance prediction of three-layered fabrics
for firefighter clothing

The firefighter protective clothing is comprised of three main layers; an outer shell, a moisture barrier and a thermal liner.
This three-layered fabric structure provides protection against the fire and extremely hot environments. Various
parameters such as fabric construction, weight, warp/weft count, warp/weft density, thickness, water vapour resistance
of the fabric layers have effect on the protective performance as heat transfer through the firefighter clothing. In this
study, it is aimed to examine the predictability of the heat transfer index of three-layered fabrics, as function of the fabric
parameters using artificial neural networks. Therefore, 64 different three layered-fabric assembly combinations of the
firefighter clothing were obtained and the convective heat transfer (HTI) and radiant heat transfer (RHTI) through the
fabric combinations were measured in a laboratory. Six multilayer perceptron neural networks (MLPNN) each with a
single hidden layer and the same 12 input data were constructed to predict the convective heat transfer performance
and the radiant heat transfer performance of three-layered fabrics separately. The networks 1 to 4 were trained to predict
HTl,,, HTl,, RHTI,, and RHTI,, respectively, while networks 5 and 6 had two outputs, HTl,, and HTl,,, and RHTI,,
and RHTI,,, respectively. Each system indicates a good correlation between the predicted values and the experimental
values. The results demonstrate that the proposed MLPNNSs are able to predict the convective heat transfer and the
radiant heat transfer effectively. However, the neural network with two outputs has slightly better prediction performance.

Keywords: artificial neural networks, prediction, heat transfer, three-layered fabrics, firefighter protective clothing

INTRODUCTION

Firefighters are subjected to various fire conditions
and extreme thermal environments. Protective cloth-
ing provides protection from the thermal hazards,
and allows firefighters to work effectively in danger-
ous thermal environments. This clothing comprises
three fabric layers; an outer shell fabric, a moisture
barrier, and a thermal liner [1]. The thermal protection
of the fabrics is influenced by various properties of
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these three layers: weight, thickness, construction,
water vapour permeability etc. These fabric charac-
teristics are related to each other, and are nonlinear
with the thermal protection properties.

Many studies investigated the performance of ther-
mal protective fabrics with the structural features
under the laboratory simulated thermal exposures
[1, 2-7]. However, it is time consuming and costly to
experiment with different fabric characteristics and
to evaluate the relation with protective performance.

2019. vol. 70. nr-. 1



Moreover, because it is difficult to take account of all
fabric parameters simultaneously, and to investigate
the effects on the thermal protection performance of
three layered fabrics, a new system is required for
the effective prediction of the protective performance
of such fabrics. An artificial neural network (ANN) is a
computational structure and can be used to model
the non-linear problems and predict the output values
for given input parameters [8, 9]. In this respect, an
ANN can be effectively used to evaluate the collec-
tive influence of all fabric parameters on the thermal
protective performance.

ANN is applied in many field of textile industry such
as prediction of yarn and fabric properties, defect
detection of textile products, quality control, predic-
tion in garment industry, identification and classifica-
tion of different textile properties [9—17]. Because
many prediction-related problems and textile pro-
cesses are non-linear, ANNs are considered suitable.
Several researchers have investigated on the predic-
tion of the thermal resistance and the thermal perfor-
mance of the textile fabricsusing artificial neural net-
works. Bhattacharjee & Kothari used ANN to predict
the steady-state thermal resistance and maximum
instantaneous heat transfer Q. of a fabric, when
the fabric weaving and construction parameters are
used as inputs [18]. Cui and Zhang investigated the
use of artificial neural networks to predict the thermal
protective performance of fabrics [19]. In all these
studies, an ANN was used to predict the thermal
properties of single layer fabrics.

In the literature, there has been no study regarding
the prediction of thermal protective performance of
three-layered fabrics used for the firefighter protec-
tive clothing. In this study, it is aimed to design an
artificial neural network to predict the thermal protec-
tive performance of three-layered fabrics. Therefore,
six artificial neural networks were constructed to pre-
dict the convective heat transfer and the radiant heat
transfer of three layered fabrics separately. Four
samples from each of outer shell, moisture barrier
and thermal liners were selected to create 64 differ-
ent three-layered fabric assemblies. Six MLPNN
were separately trained and tested in a supervised
manner, with 12 input fabric characteristics and two
actual output experiment values were obtained from
the heat transfer instruments. All MLPNNs had the
same 12 input fabric characteristics, but a different
number of outputs. The outputs of networks were
HTIl,, and HTI,, for EN 367 standard and RHTI,, and
RHTI,, for EN ISO 6942 standard. The heat transfer
index values were obtained from the trained networks
and the results were compared with the actual exper-
imental values captured from the heat transfer instru-
ments.

MATERIALS AND METHODS
Fabric samples and parameters

Four outer shell fabrics, four moisture fabrics and
four thermal liners were chosen to represent various
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combinations of firefighter protective clothing for the
performance evaluation of the artificial neural net-
works. The outer shells are made of Nomex,
Polybenzimidazole (PBI) and Kevlar. The moisture
barriers are made of polyurethane laminated flame
retardant (FR) fabrics. The thermal liners are made of
a FR woven fabric quilted to the FR nonwoven or FR
felt. The parameters; weave, warp count, weft count,
warp density, weft density, weight, thickness, and
Limiting oxygen index (LOI) for the outer shell; the
weight, thickness and water vapor resistance for the
moisture barrier; weight and thickness for the thermal
liner were selected to have as ANN inputs. These
fabric parameters are related to the thermal protec-
tive performance. The warp count and weft count of
the outer shells were measured in accordance with
standard TS 255. The warp and weft density of the
outer shells were measured in accordance with TS
250 EN 1049-2. The thickness of the fabrics was
measured pursuant to standard TS 7128 EN ISO
5084 and the weight of the fabrics was measured
pursuant to TS 251. The LOI test results values of the
outer shells were obtained in accordance with ASTM
D-2863. The water vapour resistance of the moisture
barriers was obtained from an accredited testing lab-
oratory.

Test methods

To measure thermal protective performance of three-
layered fabrics, 64 samples were obtained from com-
binations of four different outer shells, four different
moisture barriers and four different thermal liners.
The thermal protective performance of a protective
clothing system is related to the radiant and convec-
tive heat transfer properties through the fabric layers.
In this study, convective heat transfer and radiant
heat transfer were measured separately.

Measurement of the convective heat transfer
(Heat transfer-flame)

The convective heat transfer can be assessed in
respect to Standards No. EN 367 “Protective clothing
protection against heat and fire-Method of determin-
ing heat transmission on exposure to flame” [20].
The test method in the standard provides thermal
performance measures of the component fabrics and
therefore, heat transfer within the garment. Figure 1
shows the heat transfer flame tester used during the
tests.

The heat protection characteristics of the fabrics are
determined by measuring the time to reach a tem-
perature increase of 12°C or 24°C in a calorimeter
(t,, and t,,, respectively) covered with the samples
when exposed to a convective heat source of 80
kW/mZ2 [21]. It is used to measure the time to theo-
retical pain and second-degree burn through fabric
ensembles. These two time values indicate the per-
formance level of the fabrics and are defined as heat
transfer index (HTl,,, HTI,,).
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Fig. 1. Heat Transfer Flame tester

Measurement of the radiant heat transfer (Heat
transfer radiation)

Radiant heat transfer can be assessed in accordance
with Standards No. EN ISO 6942 “Protective clothing
protection against heat and fire-Method of determin-
ing heat transmission on exposure to flame” [22]. The
three-layered fabric is exposed to a radiant heat
source of 40 kW/m2. The time data to reach the tem-
perature increase of 12 °C or 24 °C are recorded pur-
suant to EN 367 test method. They indicate the per-
formance level of the three-layered fabrics, defined
as Radiant Heat Transfer Index (RHTI,,, RHTI,,).

The heat transfer radiation tester used in the mea-
surements is shown in figure 2.

Fig. 2. Heat Transfer Radiation tester

The specifications of each fabric layer and the HTI
and RHTI of the three layered fabric combinations
are given in table 1.

Artificial neural network (ANN)

MLPNN can be defined as an important class of arti-
ficial neural networks, and they find different applica-
tion areas in various disciplines. The network con-
sists of three layers; input layer, one or more hidden
layers and an output layer. Interconnection between
the neurons of adjacent layers is provided by
weights, and the information flow is in the forward
direction from input to output. The input layer has no
computation unit; the computation in the overall net-
work takes place only at the hidden and the output
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layer neurons. The nonlinear mapping from input to
output is obtained by weight adjustments through
backpropagation algorithm [23]. The backpropaga-
tion algorithm aims to reduce the error between the
original training output and the actual output.
Neurons in the hidden and output layers perform a
specific mathematical process, which is called acti-
vation function. The output from hidden layer func-
tions goes to the input of adjacent layer neurons. The
sigmoid activation function is the common function
for most of the applications.

To apply to neural networks, the complete data set
were divided into three parts: i) the training set, ii) the
validation set, and iii) a test set. The training set is
used to train the neural net to obtain a minimum error.
The validation set is not used for training purpose.
However, this data set provides performance analy-
sis of the network during the training process. The
decision to stop the learning is taken based on
obtaining at the minimum of the validation set error.
After completing the learning phase, the test data set
is used to check the performance of the neural net-
work.

In this study, MLPNNs were used to predict the ther-
mal protective performance of three-layered fabrics
of firefighter protective clothing from input fabric char-
acteristics. The total of measured fabric parameters
were 13. Due to the fact that the warp yarn and weft
yarn numbers are equal, and therefore only one of
them was used as the input value to ANN. The infor-
mation of the weaving for Twill or Ripstop was con-
verted into numerical data as 1 and 2, respectively.
Finally, 12 input values were selected to train the net-
works. To find the best network performance, six dif-
ferent multilayer perceptron neural networks (MLPNN)
with a single hidden layer were constructed using
MATLAB to predict the convective heat transfer and
the radiant heat transfer of three-layered fabric
assemblies. The only difference among these net-
works was the number of outputs. Network 1, and 2
produces single output for HTI,, and HTI,, of EN 367
standard, respectively, and Network 3, and 4 pro-
duces single output for RHTI,, and RHTI,, of EN ISO
6942 standard, respectively. Whereas, Network 5,
and 6 produces two outputs for HTI,, and HTI,, of
EN 367 standard and for RHTI,, and RHTI,, of EN
ISO 6942 standard, respectively. Warp count, weft
count and their densities are included within the
weight input of outer shell. In this consideration, all
networks were also trained by exempting warp/weft
count and their densities from the network input train-
ing set. However, theperformance of these networks
was slightly lower than the networks with full input set
training. Since previous related studies use the simi-
lar data sets, it was decided to use all 12 input date
set. Figure 3 shows the block diagram of all net-
works.
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1 T 55 55 26 24 195 [ 0,47 |27,04| 85 | 0,15 7,4 270 29 | 104 | 145 | 14,7 | 20,2
2 |ar 55 65 26 24 195 [ 0,47 |27,04| 85 | 0,15 7.4 240 | 1,24 10 | 13,7 | 12,9 | 18,7
& |ar 55 65 26 24 195 [ 0,47 |27,04| 85 | 0,15 7.4 205 | 123 | 96 [ 131 [ 10,2 | 14,8
4 | T 55 65 26 24 195 [ 0,47 |27,04| 85 | 0,15 7,4 260 | 324 | 9,8 [ 134 [ 154 [ 22
ST 55 55 26 24 195 [ 0,47 |27,04| 145 | 0,31 10,7 270 29 | 12,9 [ 17,2 | 1555 | 21,9
6 | T 55 55 26 24 195 [ 0,47 |27,04| 145 | 0,31 10,7 240 | 124 | 11,4 [ 159 | 149 [ 22,2
7|1k 55 65 26 24 195 [ 0,47 |27,04| 145 | 0,31 10,7 205 | 1,23 | 95 [ 12,9 [ 121 | 16,9
8 | T 55 65 26 24 195 [ 0,47 |27,04| 145 | 0,31 10,7 260 | 324 | 111 [ 146 | 153 [ 22
9 | T 55 55 26 24 195 [ 0,47 |27,04] 90 | 0,35 9,83 270 29 | 111|152 ] 13,9 | 20,1
10 | T 55 65 26 24 195 [ 0,47 |27,04] 90 | 0,35 9,83 240 | 1,24 | 144 [ 191 [ 19,2 | 25,5
11 [T 55 655 26 24 195 [ 0,47 127,04 90 | 0,35 9,83 205 | 123 | 11,1 [ 151 | 14,7 | 20,3
12| T 65 &3 26 24 195 [ 0,47 |27,04] 90 | 0,35 9,83 260 | 324 | 126 [ 17,4 | 16,1 | 22,3
13| T 55 65 26 24 195 [ 0,47 |27,04| 125 | 0,89 [ 13,025 [ 270 29 [147 208 | 181 [ 24,7
14 | T 55 65 26 24 195 [ 0,47 |27,04| 125 | 0,89 | 13,025 [ 240 | 1,24 | 12,9 | 176 | 17,5 | 24,4
18 || a8 55 55 26 24 195 [ 0,47 |27,04| 125 ]| 0,89 | 13,025 [ 205 | 1,23 | 124 | 16,7 | 14,2 | 20,2
16 | T 55 55 26 24 195 [ 0,47 |27,04| 125 ]| 0,89 | 13,025 [ 260 | 3,24 | 14,7 | 20,2 | 184 | 25
i BRE[" 55 65 26 24 195 [ 0,46 |27,04| 85 | 0,15 7,4 270 2,9 9,9 | 13,7 | 13,2 | 18,5
18 | R [ 55 55 26 24 195 [ 0,46 |27,04] 85 | 0,15 7,4 240 | 1,24 | 10,5 | 146 | 13,6 | 19,9
19 | R [ 55 55 26 24 195 [ 0,46 |27,04| 85 | 0,15 74 205 | 123 | 96 [ 132 | 10,8 [ 15,8
20 | R | 55 655 26 24 195 [ 0,46 |27,04| 85 | 0,15 7.4 260 | 324 | 11,1 [ 155 | 153 | 21,3
ZMBRY 55 55 26 24 195 [ 0,46 |27,04| 145 | 0,31 10,7 270 29 [ 11,7 [ 158 | 14,3 [ 19,9
22 | R | 55 55 26 24 195 [ 0,46 |27,04| 145 | 0,31 10,7 240 | 1,24 | 13,9 [ 19,9 | 156 | 23,2
28IBRY| 55 55 26 24 195 [ 0,46 |27,04| 145 | 0,31 10,7 205 | 123 | 11,1 [ 154 [ 125 [ 18
248BR"| 55 55 26 24 195 [ 0,46 |27,04| 145 | 0,31 10,7 260 | 3,24 13 | 181 | 15 | 22,5
25 | RS 55 26 24 195 [ 0,46 |27,04| 90 | 0,35 9,83 270 29 [ 11,7 [ 16,1 | 13,2 [ 18,5
26 | R | 55 55 26 24 195 [ 0,46 |27,04] 90 | 0,35 9,83 240 | 1,24 [ 131 [ 17,8 [ 16,3 | 221
27 | R | 55 55 26 24 195 [ 0,46 |27,04| 90 | 0,35 9,83 205 | 1,23 [ 10,8 [ 14,8 [ 12,2 | 18,1
2El BRY|N 55 8o 26 24 195 [ 0,46 |27,04| 90 | 0,35 9,83 260 | 324 [ 133 [ 185 | 164 [ 22,2
29 | R | 55 55 26 24 195 [ 0,46 |27,04| 125 | 0,89 [ 13,025 [ 270 29 |[134 | 183 | 17,2 | 23,6
BONERY" 55 55 26 24 195 | 0,46 (27,04 125 | 0,89 | 13,025 | 240 | 1,24 | 13,9 | 19,3 | 17,8 | 25,3
BINERY| 55 55 26 24 195 [ 0,46 |27,04| 125 | 0,89 | 13,025 [ 205 | 1,23 13 | 17,7 ||N1518) N2k
B2HBRY|. 55 55 26 24 195 [ 0,46 |27,04| 125 | 0,89 | 13,025 [ 260 | 3,24 | 146 | 19,9 | 18,8 | 25,6
33| R| 26 26 21 18 200 | 0,57 | 444 | 85 | 0,15 7,4 270 29 [ 11,1 [ 154 | 15,7 | 23,9
34 | R| 26 26 21 18 200 | 0,57 | 444 | 85 | 0,15 7.4 240 | 1,24 | 10,9 | 15,2 | 15,3 | 23,5
BENBRY 26 26 21 18 200 | 0,57 | 444 | 85 | 0,15 7,4 205 | 1,23 | 9,8 | 13,4 | 13,3 | 20,5
36 | R| 26 26 21 18 200 [ 0,57 | 444 | 85 | 0,15 7,4 260 | 324 | 119 [ 16,9 | 17 [ 249
37 | R | 26 26 21 18 200 | 0,57 | 44,4 | 145 | 0,31 10,7 270 29 [ 11,2158 | 16,9 [ 24
38 | R| 26 26 21 18 200 | 0,57 | 44,4 145 | 0,31 10,7 240 | 1,24 [ 12,7 | 17,5 | 16,3 | 24,2
39 | R| 26 26 21 18 200 | 0,57 | 44,4 | 145 | 0,31 10,7 205 | 1,23 | 11,1 | 15,6 | 14,5 | 21,3
40 | R [ 26 26 21 18 200 | 0,57 | 44,4 145 | 0,31 10,7 260 | 3,24 14 | 19,6 | 18,7 | 27,7
41 | R | 26 26 21 18 200 | 0,57 | 44,4 | 90 | 0,35 9,83 270 29 [138 | 20 | 20,2 [ 29,6
42 | R | 26 26 21 18 200 [ 0,57 | 44,4 | 90 | 0,35 9,83 240 | 1,24 10 | 149 ] 21,6 | 31,0
43 | R | 26 26 21 18 200 | 0,57 (44,4 | 90 | 0,35 9,83 205 | 1,23 [ 10,9 | 149 | 15,7 | 23,3
44 | R | 26 26 21 18 200 | 0,57 | 44,4 | 90 | 0,35 9,83 260 | 3,24 [ 134 | 18,9 [ 20 29
45 | R | 26 26 21 18 200 | 0,57 | 44,4 | 125 | 0,89 | 13,025 [ 270 29 [156 [ 22 [209 | 31
46 | R [ 26 26 21 18 200 | 0,57 | 44,4 | 125 | 0,89 | 13,025 | 240 | 1,24 | 14,1 | 19,5 | 17,6 | 27,1
47 | R | 26 26 21 18 200 | 0,57 | 44,4 125 | 0,89 | 13,025 | 205 | 1,23 | 125 | 17,1 | 16,4 | 24,9
48 | R | 26 26 21 18 200 | 0,57 | 44,4 125 | 0,89 | 13,025 | 260 | 3,24 | 14,4 | 20,3 | 20,6 | 30,2
49 | T 64 64 30 22 165 | 0,32 [33,75] 85 | 0,15 7,4 270 29 [12,8 | 184 [ 16,4 | 24,2
50 | T 64 64 30 22 165 | 0,32 [33,75| 85 | 0,15 7,4 240 | 1,24 | 11,5 | 159 | 13,5 | 20,5
51 | T 64 64 30 22 165 | 0,32 [33,75] 85 | 0,15 7,4 205 | 1,23 | 104 | 144 | 11,9 | 18,3
52 | T 64 64 30 22 165 | 0,32 [33,75| 85 | 0,15 7,4 260 | 324 | 12,6 | 17,9 | 156 | 22,8
53 | T 64 64 30 22 165 | 0,32 [33,75| 145 | 0,31 10,7 270 29 [144]208 | 192 [ 27,8
54 | T 64 64 30 22 165 | 0,32 (33,75 145 | 0,31 10,7 240 | 1,24 | 12,8 | 17,8 | 151 | 22,4
55 | T 64 64 30 22 165 | 0,32 [33,75| 145 | 0,31 10,7 205 | 1,23 [ 11,8 | 16,2 [ 144 | 21,2
56 | T 64 64 30 22 165 | 0,32 |33,75] 145 | 0,31 10,7 260 | 3,24 | 153 | 21,5 | 19,9 | 28,1
57 | T 64 64 30 22 165 | 0,32 [33,75] 90 | 0,35 9,83 270 2,9 15 | 21,6 | 18,3 | 26,1
58 | T 64 64 30 22 165 | 0,32 [33,75] 90 | 0,35 9,83 240 | 1,24 [ 129 | 17,9 | 158 | 22,9
5 | T 64 64 30 22 165 | 0,32 [33,75] 90 | 0,35 9,83 205 | 1,23 | 11,8 | 16,1 | 143 | 21,3
60 | T 64 64 30 22 165 | 0,32 [33,75] 90 | 0,35 9,83 260 | 3,24 | 14,7 | 20,2 | 19,5 | 26,6
61 | T 64 64 30 22 165 | 0,32 [33,75] 125 | 0,89 | 13,025 | 270 29 [148 [ 21,3 [ 193 [ 271
62 | T 64 64 30 22 165 | 0,32 [33,75] 125 | 0,89 | 13,025 | 240 | 1,24 | 141 [ 19,7 | 17,7 | 25,3
63 | T 64 64 30 22 165 | 0,32 [33,75| 125 | 0,89 | 13,025 | 205 | 1,23 | 12,2 [ 16,3 | 154 [ 22,9
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Fig. 3. Block diagram of the networks

RESULTS AND DISCUSSION

There are total of 64 data sets, each of which con-
sists of 12 input and 4 outputs. 7 inputs were
obtained from the outer shell, 3 inputs from the mois-
ture barrier, and the other 2 from the thermal liner.
The outputs are HTI,, and HTI,, for EN 367 standard
and RHTI,, and RHTI,, for EN ISO 6942 standard.
In this study, all six networks were trained with a dif-
ferent number of hidden layers and neurons in each
layer. The best performance was empirically obtained
with only one hidden layer having five neurons.
Neural networks were trained with Levenberg-
Marquardt backpropogation algorithm, which is gen-
erally considered the fastest algorithm for providing
optimized weight and bias values. Data sets were
randomly divided into three sections: 70% for train-
ing, 10% for validation, and the remaining 20% to test
the networks. To obtain comparable results, all net-
works were trained and tested with the same data
sets.

Network 1 and Network 2, which had only one output,
were trained to predict HTl,, and HTI,, for EN 367
standard, respectively, while Network 3 and 4, which
also had only one output, were trained to predict
RHTI,, and RHTI,, for EN ISO 6942 standard. In
contrast, Network 5 and 6 were trained to predict two
outputs for HTI,, and HTI,, of EN 367 standard and
for RHTI,, and RHTI,, of EN ISO 6942 standard,
respectively. The obtained network output values and
the measured target sample values are illustrated in
figures 4, 5, 6, 7, 8, and 9, which all show that there
are good approximations between network output
and corresponding measured target values.

Neural networks were compared with each other by
calculating mean absolute percent error (MAPE)
between target and predicted values of networks.
MAPE is calculated as the average of the unsigned
percentage error using the following formula in equa-
tion 1. Normally, absolute value of target values,
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Fig. 6. Comparison between predicted and test sample
values for RHTI,, of EN ISO 6942 standard
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Fig. 7. Comparison between predicted and test sample
values for RHTI,, of EN ISO 6942 standard
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Fig. 8. Comparison between predicted and test sample

which is given in the denominator of the equation, is
taken. However, the absolute value is not taken here
as target value is always positive.

| target value — predicted value| . 100%

MAPE = target value n (1)

where n is total number of samples. Table 2 gives the
calculated MAPE values and correlation coefficient of
all six networks. Networks 1, 2, 3, and 4 provide sin-
gle output and Networks 5 and 6 gives two outputs.
Therefore, MAPE and correlation coefficient values
of last two networks are based on the average of two
outputs. From table 2, it is seen that error values of
all networks are similar, and the obtained error values
varies between 4.95% and 6.87%. However, the net-
works trained with data obtained in accordance with
EN 367 standard provides slightly better error values
compared to the networks trained with data obtained
in respect to EN ISO 6942 standard. The other out-
come of these comparisons is the better result of
Network 5 and Network 6 compared to other four net-
works. The result suggests that prediction of two rather
than one output provides less error within the same
standard. One possible explanation for this perfor-
mance improvement would be the reduction of simi-
larities between the output data sets. The consistency
of performance of network with two outputs was ver-
ified by Networks 5 and 6. In particular, Network 5
gives the best performance among all six networks.
The correlation coefficient of target and predicted
values gives the strength and direction of the linear
relationship. While the correlation coefficients for
Network 1 to 4 are similar, Network 5 and Network 6
provide slightly higher values. These results also sup-
port lower error values of Network 5 and Network 6.

values for HT1,, and HTI,, of EN 367standard, respec- Table 2
tively C =
Networks | MAPE L a_t . Description
coefficient
% , HTIS
- Network 1 | 5.94% 0.83
© Outputs i of EN 367 standard
shl 2 & + Targets || HTI
. T e ? Network 2 | 5.40% 0.86 o
@ & @ & 9 # o @ 7 S i of EN 367 standard
10+ R
RHTI,, of EN
Network 3 | 6.87% 0.84 il2
4 ; ; . ; . i ISO 6942 standard
1] ¥ 4 6 8 10 12 14
RHTI,, of EN
Samples Network 4 | 6.46% 0.88 2
" i ISO 6942 standard
O * - :
¥ @ © Outputs HTI,, + HTl,,
Network 5 | 4.95% 0.94
o ¢ & @ & O . +_Targets || i of EN 367 standard
RHTI,, + RHTI,,
10F 1 Network 6 | 6.23% 0.92 of EN I1SO 6942
standard
00 2 4 6 8 10 12 14
S I
i CONCLUSIONS

Fig. 9. Comparison between predicted and test sample
values for RHTI,, and RHTI,, of EN ISO 6942 standard,

respectively
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In this study, six different artificial neural networks
were studied using MATLAB to predict the convective
heat transfer index and radiant heat transfer index of

62 I 2019. vol. 70. nr. 1



three-layered fabrics for firefighter protective cloth-
ing. Four neural networks; Network 1 to 4 were con-
structed with 12 inputs data and only one output, cor-
responding to the index of either convective or
radiant heat transfer. Whereas, the Networks 5 and
Network 6 were constructed with 12 inputs and two
outputs, one for convective heat transfer and one for
radiant heat transfer. All networks have one hidden
layer with 5 neurons.

The simulation results have shown that all six net-
works gives similar prediction error values for the cor-
responding experimentally obtained indexes of con-
vective heat transfer or radiant heat transfer. The

results reveal that predicting two rather than one
output gave a slight advantage. This performance
improvement could possibly the reduction of similari-
ties between two outputs in respect to one output.
Moreover, network outputs trained with indexes of
convective heat transfer gives less error values inde-
pendent of number of outputs. The best performance
was obtained by Network 5, trained to predict HTI,,
and HTI,, of EN 367 standard.
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