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Artificial neural network (ANN) was utilized to predict the thermal insulation values of children’s school wear in Kuwait.The input
thermal insulation data of the different children’s school wear used in Kuwait classrooms were obtained from study using thermal
manikins. The lowest mean squared error (MSE) value for the validation data was 1.5 × 10−5 using one hidden layer of six neurons
and one output layer. The R2 values for the training, validation, and testing data were almost equal to 1. The values from ANN
prediction were compared with McCullough’s equation and the standard tables’ methods. Results suggested that the ANN is able
to give more accurate prediction of the clothing thermal insulation values than the regression equation and the standard tables
methods. The effect of the different input variables on the thermal insulation value was examined using Garson algorithm and
sensitivity analysis and it was found that the cloths weight, the body surface area nude (BSA

0

), and body surface area covered by
one layer of clothing (BSAC

1

) have the highest effect on the thermal insulation value with about 29%, 27%, and 23%, respectively.

1. Introduction

Conducting thermal comfort field experiments is a money-
and time-consuming process due to the need of sophisticated
equipment to measure the environmental factors (ambient
air temperature, humidity, mean radiant temperature, and
air speed) and personal factors (activity level and cloth-
ing insulation). Due to cultural differences, people around
the world wear different clothing ensembles. Assessing the
thermal insulation values of these clothing ensembles can
be done using adult-size thermal manikins which is not
always available and costly. This problem became more
complicated for children’s clothing due to the absences of the
children-size thermal manikin. To cover this lack and as an
alternative method the applicability of the neural network
techniques was investigated to predict the thermal insulation
of the children’s clothing. This investigation can also support
the use of the neural network techniques in the thermal
comfort, HVAC, and indoor air quality fields especially in
built environment area.

Previous Research. The PMV-PPD index was established by
Fanger [1] to predict the comfort thermal conditions for
occupants in indoor environments. According to the index,
the effects of environmental factors (ambient air tempera-
ture, humidity, mean radiant temperature, and air speed)
and personal factors (activity level and clothing insulation)
combination are measured to assess the occupants’ thermal
comfort sensations and their satisfaction with the thermal
environment of the space. The insulation of the clothing in
this index plays an important role in the comfort prediction
method where assessing the thermal insulation value for the
clothing type worn by occupants is essential to predict the
occupant’s thermal sensation in that space.

Many clothing research projects have been developed
since 1972 for many individual items of clothing as well as
several ensembles to investigate the effects of clothing on
occupants’ thermal comfort.The thermal insulation values of
the different ensembles used in this study are based on adult
measurements from standard tables for assessing thermal
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insulation values [2, 3]. All of the previous standard tables
may introduce errors if applied to children’s clothing to assess
the children’s thermal comfort sensation.

All thermal comfort field studies were conducted in
classrooms, except those of Havenith [4] and Al-Rashidi
et al. [5–7], in which the estimation of children’s clothing
insulation values from the standard tables was based on adult
measurements. McCullough et al.’ study [8], which itself was
based on adult clothing, was adapted byHavenith [4] to fit the
children’s sizes by scaling the measurements of the equation’s
input parameters. In McCullough et al. [9] and Al-Rashidi
et al. [5–7] studies, the children’s clothing insulation values
were measured using adult-sized thermal manikins using
children’s clothing manufactured in adult’s sizes.

In a comprehensive study done by Al-Rashidi et al. [10]
threemethods were used to determine the thermal insulation
values of summer andwinter school clothing ensembles worn
by 6- to 17-year-old school children, girls and boys, in Kuwait
classrooms.The insulation of the different clothing ensembles
was determined by measurement using adult-sized versions
of the clothing on thermal manikins, estimations from adult
clothing data obtained from the standards tables in [3, 11], and
calculations using a regression equation from McCullough
et al. [8] that was adapted by Havenith [4] to accommodate
children’s sizes.

The three methods were compared together and the
results of this study suggested that the clothing insulation
values found from the measured and adapted data were
similar to the adult’s data in standards tables for the same
summer and winter seasons ensembles. In the last few
decades, an observed secular change in the children’s body
surface area (McCullough et al. [9] and Al-Rashidi et al.
[10]) implies that, for adolescents, the children’s body surface
areas are similar to those of adults, making the use of adult
clothing tables even more acceptable. McCullough et al. [9]
and Al-Rashidi et al. [10] in these studies give some evidence
to support the applicability of using adults’ data in [3, 11]
standards to assess the thermal insulation values of different
children’s clothing ensembles, provided that careful selection
of the garments, ensembles material, and design takes place.

Artificial Neural Network. Neural networks are models meant
to mimic the biological neural systems of the human brain.
Neural networks consist of an input layer, connection from
the input layer to each node (neuron), and connection from
the nodes to the output layer in resemblance to the structure
of neurons in the human brain. The advantage of artificial
neural network is its ability to compute extremely compli-
cated nonlinear problems and find relationships between
different inputs variables and the output [12].

The neural networks models were used extensively and
successfully in many fields, especially in control of the HVAC
systems and the indoor environment conditions such as the
thermal comfort conditions inside the buildings. Few neural
network studies concerned predicting the occupant’s thermal
comfort conditions inside buildings [13, 14]. The occupant’s
clothing thermal insulation is estimated in these studies;
nevertheless, to the best knowledge of the authors no neural

networks models were designed to predict the occupant’s
clothing thermal insulation.

In this study, a neural network model was developed and
designed depending on the actual clothing thermal insulation
data obtained by Al-Rashidi et al. [10] for the different
scholarly clothing used in Kuwait classrooms. The objectives
of this study are

(1) to use the thermal insulation actual data obtained in
Al-Rashidi et al. [10] study to develop and design an
artificial neural networkmodel to predict the thermal
insulation of the school wear in Kuwait classrooms:
the data of this study were used to train, validate, and
test the ANN,

(2) to investigate the applicability of the newANNmodel
to predict the thermal insulation of different clothing
ensembles.

2. Methodology

2.1. The Insulation Values of Kuwaiti School Wear. In this
study, the data presented in the previous study published
by Al-Rashidi et al. [10] for the scholarly girl’s and boy’s
clothing worn in Kuwait classrooms will be used to inves-
tigate the applicability of the new ANN model. The data
of insulation values of children’s school wear, from 6 to 17
years of age, in Kuwait classrooms, for summer and winter
using different methods, standard tables, McCullough et al.’s
[8] regression equation with Havenith [4] corrections, and
thermalmanikins, are shown inTable 1 for girls and inTable 2
for boys.

The data in Tables 1 and 2 were selected from the original
data published by Al-Rashidi et al. [10] to design the new
ANNmodel in the next section.

2.2. Neural Network Design. MATLAB neural network tool-
box was used for creating and training the neural network.
A feed-forward backpropagation neural network consisted of
one input layer and one hidden layer with “tansig” transfer
function, and linear function output layer was selected. The
input layers for the neural network are presented in Tables
1 and 2 and consisted of five variables: children’s weight,
children height, corrected cloth’s weight, body surface area
nude (BSA

0

), and body surface area covered by one layer of
clothing (BSAC

1

).
The input data are included in Figure 1 for girl’s and

boy’s school wear in summer and winter seasons. These
inputs variables were used inMcCullough et al. [8] regression
equation, with Havenith [4] corrections to fit adult sizes, for
calculating the intrinsic clothing insulation:

𝐼cl = 0.919 + 0.255weight
∗

− 0.00874BSA
0

− 0.0051BSAC
1

(clo) ,
(1)

where 𝐼cl is intrinsic clothing insulation (clo); weight∗ is
actual clothing weight (kg) excluding shoes ∗1.8/child’s body
surface area (𝐴Du); BSA0 is body surface area nude (%);
BSAC

1

is body surface area covered by one layer of clothing
(%).
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Inputs Hidden layer Output

Children weight

Children height

Cloth’s weight

BSA

BSAC

Thermal insulation

Figure 1: Neural network architecture.

The output/target variable is the actual thermal insulation
measured by thermal manikin (𝐼cl,m). The neural network
was trained using Levenberg-Marquardt backpropagation
“trainlm” function and “learngdm” function was used as the
learning function. The neural network was trained with 70%
of the data and the remaining 30% was for validation and
testing of the neural network as 15% for validation and 15%
for testing.The hidden layer number of neurons was changed
from one to nine neurons and the lowest mean squared error
of 1.5 × 10−5 was obtained with six neurons, Figure 1.

Garson [15] equation was used to determine the relative
effect of each input variable (children weight, children height,
clothing weights, BSA

0

, and BSAC
1

) on the thermal insula-
tion value.

2.3. Input Variables Effect Analysis. Even though ANN is
considered as a “black box,” in which inputs are provided
to the ANN and outputs (predictions) are generated by the
ANN without a clear understanding of what goes inside the
ANN, several researchers developed methods to evaluate the
contribution of the inputs variables to the changes in the
output values [15–17]. Garson [15] developed an algorithm
that uses the connection weight between each input variable
and the hidden layer neurons to calculate the absolute effect
of each input variable on the output result. Another method
of measuring the effect of the input variables on the output
variable is to perform a sensitivity analysis, in which each
input variable value is changed from the lowest value to
the maximum value whilst holding other input variables
constant, to examine the effect of the input variables at the
output variable value.

3. Results and Discussion

3.1. Optimization of Hidden Layer Number of Neurons. Dif-
ferent numbers of neurons were used to optimize the hidden
layer. The best performance, with lowest mean squared error
(MSE) value for the validation data, was 1.5 × 10−5. Figure 2
shows clearly the optimumnumber of neurons for the hidden
layers (six neurons).

The mean squared error values for the training, valida-
tion, and testing data are 0.99998, 0.99983, and 0.99986,
respectively, Figure 3. The high accuracy of the predicted
values of the thermal insulation compared with the actual

1 2 3 4 5 6 7 8 9
M

ea
n 

sq
ua

re
d 

er
ro

r

Neurons in hidden layer

3.00E − 04

2.50E − 04

2.00E − 04

1.50E − 04

1.00E − 04

5.00E − 05

0.00E + 00

Figure 2: Optimization of the hidden layer number of neurons.

thermal insulation data from the manikin indicates that
artificial neural network could be used to estimate the value
of thermal insulation for children’s school wear with great
confidence.

3.2. Network Prediction of Thermal Insulation Values. The
neural network was extremely successful in predicting the
actual thermal insulation data obtained with the manikin. A
high 𝑅2 value of above 0.99 was achieved using the neural
network. A comparison between the actual experimental
values of the cloths thermal insulation with artificial neural
network prediction reveals an almost perfectmatch, Figure 4.

3.3. Relative Effect of Different Input Variables. The relative
effect of each input variable (children weight, children height,
clothing weights, BSA

0

, and BSAC
1

) on the thermal insula-
tion value is shown in Figure 5. The weight of the cloths has
the highest effect on the thermal insulation value with about
29%. The body surface area nude (BSA

0

) and body surface
area covered by one layer of clothing (BSAC

1

) had less effect
on the value of the thermal insulation with about 27% and
23% of the total effect, respectively. The least effect on the
value of the thermal insulationwas by the childrenweight and
height.

3.4. Variables Sensitivity Analysis. ANNwas used to examine
the effect of changing each input variable while holding
other variables at the constant average values on the thermal
insulation, Table 3. The effects of changing the five input
variables, children’s weight, children’s height, cloth’s weight,
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Figure 3: The mean squared error value for the training, validation, and testing data, respectively.

BSA
0

, and BSAC
1

, on the thermal insulation of the cloths are
shown in Figures 6(a), 6(b), 6(c), 6(d), and 6(e), respectively.

Table 3 and Figures 6(a), 6(b), 6(c), 6(d), and 6(e) show
that increasing children’s height (from 1m to 2m) and the
children’s weight (from 20Kg to 50Kg) decreased the clo

value predicated by the ANN model by 29% and 17%,
respectively. This effect can be related to the combined effect
of the height and weight, considered as main factors, in
calculating the body surface area 𝐴Du (see [18]) and (1).
The most noticeable increase in clo value is found with
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Figure 5: The relative importance of the input variables on the thermal insulation value.

increasing the weight of the children cloths. An increase of
88% in the value of clo from 0.64 to 1.2 was predicated by
the ANN by increasing the cloth’s weight from 200 grams to
1200 grams, respectively. A very slight change noticed in the
clo value is predicted by the ANN with changing the BSA

0

value. The value of the clo reduced by 15% from 0.85 to 0.74
with increasing the percentages of the BSA

0

from 11 to 25,
respectively, which means that the more the percentages of
the nude body surface areas, BSA

0

, are, the less the clo values
will be predicted. Finally increasing the percentage of the
body surface areas covered by one layer of clothing, BSAC

1

,
resulted in large reduction in the value of clo and a decrease
of 57%, from 1.08 to 0.69, was predicted by the ANN with
increasing BSAC

1

value from 0 to 50, respectively. From these
findings, it can be suggested that cloths weight is the most
significant and very effective factor in school wear children.
All findings of this study are consistent with Garson equation
relative effect analysis and Havenith [4] and Al-Rashidi et al.
[10] studies.

4. Conclusion

Cloth’s thermal insulation is one of the important variables
playing an important role in predicting the thermal comfort
status of occupants. Developing new artificial neural network
ANNmodelsmay greatly facilitate and increases the accuracy
of the clo values prediction for different clothing types. The
artificial neural network model in this study was proven to

Table 3: Input variables range to the artificial neural network
simulation.

Variable Minimum Average Maximum
Children’s weight (kg) 20 50 80
Children’s height (m) 1.0 1.5 2.0
Cloth’s weight (g) 200 700 1200
BSA
0

(%) 11 18 25
BSAC

1

(%) 0 25 50

be capable of predicating the clo value of children’s school
wear with high accuracy with𝑅2 value above 0.99.Theweight
of each variable in the neural network structure was used
to estimate the relative importance of each variable on the
clothing thermal insulation prediction and results indicated
that the weight of the cloths has the most pronounced effect
on the thermal insulation value. Moreover, BSA

0

and BSAC
1

had the second influential factors that affect predicting the
insulation value of the cloths.The lowest effect on the thermal
insulation was with changing children’s weight and height.
Thefindings of this study give evidence about the applicability
of ANN models to predict the clothing thermal insulation
values for children’s school wear with high accuracy and
support the previous work done by Havenith [4] and Al-
Rashidi et al. [10] studies in addition to the use of the adults’
data in [3, 11] standards to assess the thermal insulation values
of different children’s clothing ensembles.
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Figure 6:The effect of changing the five input variables, (a) children’s weight, (b) children’s height, (c) cloth’s weight, (d) BSA
0

, and (e) BSAC
1

,
on the thermal insulation of the cloths.
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