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Abstract
In order to improve the efficiency and accuracy of predicting the thermal and moisture comfort 
of skin-tight clothing (also called skin-tight underwear), principal component analysis(PCA) 
is used to reduce the dimensions of related variables and eliminate the multicollinearity re-
lationship among variables. Then, the optimized variables are used as the input parameters 
of the coupled intelligent model of the genetic algorithm (GA) and back propagation (BP) 
neural network, and the thermal and moisture comfort of different tights (tight tops and tight 
trousers) under different sports conditions is analysed. At the same time, in order to verify the 
superiority of the genetic algorithm and BP neural network intelligent model, the prediction 
results of GA-BP, PCA-BP and BP are compared with this model. The results show that 
principal component analysis (PCA) improves the accuracy and adaptability of the GA-BP 
neural network in predicting thermal and humidity comfort. The forecasting effect of the 
PCA-GA-BP neural network is obviously better than that of the GA-BP, PCA-BP, BP model, 
which can accurately predict the thermal and moisture comfort of tight-fitting sportswear. 
The model has better forecasting accuracy and a simpler structure.

Key words: sportswear tights, thermal and moisture comfort, principal component analysis, 
intelligent prediction model.
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worn as underwear (also called tight-fit-
ting underwear), and can also be used as 
outdoor sportswear, such as tight-fitting 
running sportswear. However, there is 
little research on the thermal and mois-
ture comfort of tight-fitting sportswear. 
Scholars at home and abroad mainly 
study the many functions of tight-fitting 
sportswear, such as protection [4-6], drag 
reduction [7-9] and improving sports per-
formance [10-12].

Due to the different occasions of wearing 
clothing, the functional requirements of 
clothing vary widely, but for thermal and 
moisture comfort, it must be considered 
for any kind of garment. As clothing that 
closely adheres to human skin, the ther-
mal and moisture comfort of tight-fitting 
sportswear is also a key performance in-
dicator that cannot be ignored. In this pa-
per, evaluation of the thermal and mois-
ture comfort of tight-fitting sportswear 
was assessed by human sensory per-
ception, where the process of analysing 
comfort information is extremely com-
plicated, which is related to whether the 
clothing and human body meet a series of 
requirements. How to integrate multi-do-
main knowledge to build a spatial form 
model representing comfort is a problem 
to be solved.

In order to analyse the thermal and mois-
ture comfort of tights, 10 subjects were 
selected in this paper. According to the 
average size of the subjects, 5 tight tops 
and 5 tight trousers were purchased, all of 

which can be worn as underwear. Among 
them, three sets had the same pattern but 
different fabrics, while the other two sets 
had different patterns but the same fab-
ric, and the colors were mainly black, 
dark blue and grey. Through wearing 
experiments, the influencing factors of 
thermal and moisture comfort were ana-
lyzed comprehensively and systematical-
ly from multiple dimensions, which pro-
vides reference for the design of tights.

To improve the efficiency of research 
on the thermal and moisture comfort of 
sportswear tights, this paper proposes 
to establish a prediction model. Howev-
er, because there are too many factors 
affecting thermal and moisture comfort 
and the relationship between some pa-
rameters is complicated, it is difficult 
for a general mathematical model to deal 
with the relationship, and it is easy to fall 
into a local optimum, which ultimately 
leads to unsatisfactory prediction results 
of the comfort model. In view of this, this 
paper proposes a new prediction model: 
a principal component analysis-genetic 
algorithm-BP neural network. By design-
ing a new experimental scheme, princi-
pal component analysis (PCA) is used to 
reduce the dimension of feature parame-
ters, remove irrelevant indexes and relat-
ed indexes, and avoid the redundancy of 
input indexes, thus reducing the calcula-
tion workload of the GA-BP model and 
simplifying the network structure. At the 
same time, the simplified data still retain 
most of the information of the original 

 Introduction

The evaluation of thermal and moisture 
comfort has always been a hot spot in 
the study of clothing comfort, which is 
a result of the harmonious interaction be-
tween physiological and psychological 
factors of the human body and garments 
under different motions. The factors af-
fecting thermal and moisture comfort 
are complex, which not only cover fab-
ric properties but also involve human 
body characteristics, movement state and 
clothing size, even style, colour, seam 
technology and other factors. There-
fore, the thermal and moisture comfort 
of clothing is the result of the interac-
tion and comprehensive influence of the 
above factors. However, at present, most 
of the researches on clothing comfort fo-
cus on single or multiple factors. such as 
fabric or fiber properties, to analyse ther-
mal and moisture comfort [1-3], and few 
researchers comprehensively and sys-
tematically analyse and study the effects 
on thermal and moisture comfort. Such 
studies can easily cause information loss, 
and cannot effectively or truly describe 
subjective comfort and its influencing 
factors; and the repeatability of experi-
ments is also low. In addition, there are 
complicated relationships among these 
parameters, which are difficult to be han-
dled well by common neural network 
models or linear theoretical models.

As sportswear favoured by sports en-
thusiasts, tight-fitting sportswear can be 
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data. The genetic algorithm (GA) has 
strong global search ability [13-17], and 
the BP neural network has strong nonlin-
ear fuzzy approximation ability [18-21]. 
The GA algorithm combined with the BP 
neural network can better deal with the 
intricate relationship between indexes, 
obtain reliable and credible prediction 
results, and finally establish an objective 
quantitative model for thermal and mois-
ture comfort evaluation.

 Experiment

Subjects

10 healthy young men of similar age, 
size and hobbies were selected. They had 
long-term running experience, were all 
graduate students majoring in clothing, 
and had sufficient knowledge of ergo-
nomics. For the convenience of research, 
the subjects are numbered as M1, M2,...
M10. See Table 1 for the body shape pa-
rameters.

According to the “2020 China Runner 
Sports Big Data Report” jointly released 
by ANTA and GUDONG, runners aged 
22-30 account for 30% of the total run-
ners. Besides running, runners also 
like sports such as gym activities and 

walking. Most people aged 22-30 have 
strong sports vitality and are energetic. 
According to the research report of the 
Forward Industry Research Institute, this 
age group is also the main one to buy 
tight-fitting sportswear, which may be 
related to their monthly income, because 
this age group works, being at a medium 
level and having strong purchasing pow-
er. Therefore, male youths aged from 25 
to 28 years old were selected as experi-
mental subjects.

Experimental clothing

According to the average body shape of 
the 10 subjects, 5 tight tops (T1,T2,...,T5) 
and 5 tight trousers (P1,P2,...,P5) were 
purchased (see Table 2 for the size of 
tights). In order to analyse the influence 
of the pattern, fabric composition and 
colour on thermal and moisture comfort, 
2 sets of them with the same pattern but 
of different fabrics, and 3 sets with dif-
ferent patterns but of same fabric were 
selected. 25 sets of experimental tights 
were formed by the free combination 
of tops and trousers, which were named 
T1P1, T2P2, T3P3, T1P2, T2P3, T3P1, 
T1P3, T2P1, T3P2, ..., . During the whole 
experiment, the 10 subjects wore the 25 
sets of experimental tights in turn.

Experimental requirements

(1) All the experiments were conduct-
ed in an artificial climate room at 
constant temperature and humidity, 
environment temperature (25±2)°C, 
relative humidity (65±5)% and wind 
speed ≤ 0.1 m/s.

(2) Before participating in the experi-
ment, the subjects maintained a good 
mood and emotion.

(3) Before the experiment, it was ensured 
that all experimental tights were re-
stored to their original state and 
placed in the artificial climate room 
for 24 h.

(4) Testers randomly selected and tried 
them on in turn without being told 
about the fabric of the tights.

(5) Before the experiment, all subjects 
were given a comprehensive expla-
nation of the questionnaire, so as to 
ensure that all subjects had the same 
understanding of the questionnaire 
content and scale, and eliminate sys-
tematic error of the experiment as 
much as possible.

Experimental content

The whole testing process was divided 
into 7 test stages, and the total duration 
of the experiment was 90 minutes (in-

Table 1. Subjects’ body parameters.

No. Age
Bust girth, 

cm
Waist girth, 

cm
Height,  

cm
Shoulder girth, 

cm
Thigh girth, 

cm
Arm girth, 

cm
Upper hip girth, 

cm
Lower hip girth, 

cm
BMI

M1 26 95.9 80.9 176.8 41.9 55.5 33.1 91.3 97.6 21.1 

M2 28 100.1 88.8 178.2 42.9 57.1 32.8 95.0 100.5 22.7 

M3 28 99.7 88.4 176.5 42.6 56.8 33.3 94.4 99.9 21.2 

M4 26 96.5 84.7 177.0 42.1 55.7 32.9 91.8 98.0 21.7 

M5 27 98.3 86.7 176.7 42.4 56.3 33.0 93.2 99.0 22.4 

M6 25 97.8 86.2 175.3 42.1 56.1 32.8 92.6 98.4 20.8 

M7 26 99.6 88.2 177.6 42.7 56.9 33.1 94.5 100.1 22.8 

M8 27 98.7 87.2 176.4 42.4 56.5 32.9 93.5 99.2 22.2 

M9 25 97.3 85.6 176.1 42.1 55.9 33.0 92.3 98.3 21.6 

M10 25 103.1 89.2 178.8 43.2 57.9 33.4 96.8 101.5 23.5 

BMI = Weight, kg ÷ Height, m2

Table 2. Size of tights.

No.
Bust girth,

cm
Waist girth,

cm
Shoulder girth, 

cm
Thigh girth, 

cm
Arm girth, 

cm
Upper hip girth, 

cm
Lower hip girth, 

cm
Sleeve 

length, cm
Trousers 

length, cm

T1 90 * 33 * 26 * * 55 *

T2 91 * 36 * 28 * * 56.5 *

T3 91 * 36 * 28 * * 56.5 *

T4 89 * 31 * 25 * * 55 *

T5 88 * 31 * 25 * * 55 *

P1 * 67 * 48 * 76 82 * 92

P2 * 62 * 46 * 75 80 * 90

P3 * 67 * 48 * 76 82 * 92

P4 * 66 * 47 * 78 84 * 90

P5 * 64 * 46 * 75 81 * 90
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cluding the preparation before the ex-
periment): prepare (20 min, adapt to the 
test environment) → standing (10 min) 
→ jumping (10 min) → squat (10 min, 
1 min as a group, rest 0.5 min individu-
ally) → jogging (10 min, average speed: 
5.5 km/h) → walking (10 min, average 
speed: 4.3 km/h) → lifting legs (10 min, 
left and right legs raised alternately, 
1 min as a group, rest 0.5 min individ-
ually) → rest (10 min) → experiment 
end. During the standing process, all the 
subjects undertook limb movements, 
such as bending over, lifting their arms 
horizontally, lifting their arms vertically, 
and lifting their arms laterally at 45°. At 
the end of each testing stage, the staff 
recorded the subjective thermal comfort 
evaluation values of the partcipant under 
different motions.

Evaluation scale

Overall thermal and moisture comfort 
was evaluated subjectively according to 
ISO 10551-2001 “Ergonomics of Ther-
mal Environment Assessing the Influ-
ence of Thermal Environment by Sub-
jective Judgment Scale”, which means 
very comfortable, comfortable, normal, 
uncomfortable and extremely uncomfort-
able, shown in Figure 1.

Sensory comforts such as thermal sensa-
tion, moisture sensation and cold sensation 
all adopt the five-level scale of semantic 
difference, that is, no feeling, slight feel-
ing, moderate feeling, strong feeling and 
extremely strong feeling. The evaluation 
scale is shown in Figure 2.

And then, according to the comfort eval-
uation scale, the thermal-moisture com-
fort under different motions conditions 
was evaluated where the thermal-mois-

ture comfort evaluation of each set of 

tight-fitting sportswear is the average 

value of the thermal-moisture comfort 

evaluation of that set of tight-fitting 

sportswear by the 10 subjects.

Data acquisition of fabric parameters

For data collection for the performance 

of the tights fabric, the main testing 

instruments were as follows: a fabric 

density mirror, an air permeabilimeter 

(EMI-Developpement), KES-FB system, 

an LCK-800 textile capillary effect tester, 

a Thermo Labo II (Kato Tech Co., Ltd.), 

a sweat hot plate tester (Northwest Test-

ing Technology Company of the United 

States), a digital fabric thickness meter 

(Sodemal Co., Ltd.), and an EY60 MMT 

automatic liquid water management tester  

(Standard International Group (HK) Lim-

ited), related data of which are shown in 

Table 3.

Pretreatment of experimental data

Encode and transform non-numeric data

In this study, there are some non-numer-

ical variables, such as fiber content, col-

our, tissue structure, and seam process, 

and we often dealt with numerical varia-

bles in many studies. All the non-numer-

ical variables involved in this paper can 

be regarded as disordered characteristic 

variables. For these kinds of non-numer-

ical variables, most researches often give 

1, 2, 3, 4, etc. From a numerical point of 

view, after assigning values such as 1, 2, 

3, 4, etc., they have a certain order rela-

tionship from small to large. In fact, these 

variables do not have so much of a size 

relationship and should be equal and in-

dependent of each other. Therefore, it is 

not reasonable to assign values according 

to values such as 1, 2, 3 and 4. In order 

to solve the problems above, this paper 
adopted One-Hot Encoding to encode 
these kinds of non-numerical features.

The coding process of One-Hot is to 
design the corresponding coding vector 
length according to the value space of fea-
tures, which also plays a role in expand-
ing features to a certain extent. Its val-
ues are only 0 and 1, and different types 
are stored in different spaces [22-25]. 

One-Hot coding realises the mapping 
from feature to coding space. If the value 
space of a feature is V, the coding result 
of the i-th element vi in the order-pre-
serving feature space is r = (r1, …, r|V|),  
rj = 1j = i, j = 1, 2,…, |V|. At any time, 
there is the only significant part of the re-
sult of One-Hot coding, whose value is 1, 
and the rest are all 0.

Normalisation of transformed  

non-numerical data and numerical data

Because the input parameter values and 
output parameter values of the model are 
different in magnitude and dimension, 
there will be great differences between 
the data, hence they should be standard-
ised before establishing the model. In this 
paper, Equation (1) is directly adopted to 
normalise or standardise the input param-
eters and output parameters of the predic-
tion model.
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Where, xij is the value before normali-
sation of the j-th column of the i-th row 
sample, xij

* the normalised value of the jth 
column of the i-th row sample, and ximax 
and ximin are the maximum and minimum 
values before normalisation, respective-
ly.

Intelligent model

On the basis of the BP neural network, 
the genetic algorithm (GA) is used to 
optimise the weights and thresholds 
of the BP neural network and improve 
the accuracy of the BP neural network. 
The initial input parameters of the  
GA-BP neural network model are given 
in Tables 1, 2 and 3, with a total of 38 pa-
rameters, which are the fiber content, 
colour, fabric structure, seam process, 
thickness, grammage, longitudinal fabric 
density, horizontal fabric density, mois-
ture regain, air permeability, moisture 
permeability, wet resistance, heat resist-
ance, heat preservation rate, heat trans-
fer coefficient, porosity, wicking height, 

 4 
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4.3km/h)→lifting legs

)→rest (10min)→experiment end. 

and extremely uncomfortable,  shown in Figure 1. 

 

Figure 1 Overall thermal and moisture comfort evaluation scale 

Thermo Labo Ⅱ
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4.3km/h)→lifting legs

)→rest (10min)→experiment end. 

 

Figure 2

Thermo Labo Ⅱ

Figure 1. Overall thermal and moisture comfort evaluation scale.

Figure 2. Thermal and moisture comfort feeling evaluation scale.
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No.

Fiber 
content

Colour

Fabric  
structure 

Seam 
process

Thickness,
mm

Grammage,
g·m-2

Longitudinal 
fabric density,
coil number· 

(5 cm)-1

Horizontal fabric 
density,  

coil number·
(5 cm)-1

Moisture regain, 
%

Air permeability,
L·m-2·s-1

Moisture 
permeability,

g/(m2·h)

Wet resistance, 
Pa·m2·W-1

Heat resistance, 
°C·m2·W-1

Heat preservation 
rate, %

Heat transfer 
coefficient, 
W·m-2·K-1

Porosity, %

Wicking height, 
cm/30 min

Evaporation rate, 
g·h-1

Liquid water 
diffusion rate, 

mm·s-1

Maximum wetting 
radius, mm
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evaporation rate, liquid water diffusion 
rate, maximum wetting radius, tights size 
(bust girth, waist girth, shoulder girth, 
thigh girth, arm girth, upper hip girth, 
lower hip girth, sleeve length, trouser 
length), and human body size (bust girth, 
waist girth, height girth, shoulder girth, 
thigh girth, arm girth, upper hip girth, 
lower hip girth, BMI), while the output 
parameters are the evaluation values of 
thermal and moisture comfort under dif-
ferent motions. However, there are too 
many input parameters and there may be 
a complex correlation, which may lead 
to network redundancy. Multi-collinear-
ity between input variables will lead to 
strange changes in network parameters, 
reducing the general performance of the 
network. Therefore, PCA is used to re-
duce the dimension of parameters as well 
as eliminate some irrelevant factors and 
multicollinearity among the variables 
to improve the accuracy of the GA-BP 
model.

Dimension reduction of input 

parameters

The purpose of dimension reduction 
mainly includes: reducing the number of 
predicted variables; making these varia-
bles independent of each other; thereby 
removing noise. Through principal com-
ponent analysis, some representative in-
put parameters are selected. The specific 
process is as follows:
(1) 38 input parameters (all parame-

ters are normalised data according 
to Equation (1)) are grouped into 
a matrix by columns: J = (j1, j2,..., jP)  
(p = 38),

(2) Then all indexes are linearly trans-
formed to form a new comprehensive 
variable, which is expressed by Y, 
that is, the new comprehensive vari-
able can be linearly expressed by the 
original variable as follows,
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Where, to meet μ 'μ =1，Y  and Y are i ， ，

≤ ≤

   （ ）

 (2)

 Where, to meet μi
’μi = 1, Yi and Yj are 

independent of each other. Then Y1, 
Y2, ..., Yq are the first, second, ..., q-th 
principal components of the original 
variables, 2 ≤ q ≤ 38.

Through Equation (2) to determine the 
principal components affecting thermal 
and moisture comfort, and finally ex-
tracting the characteristic index of each 

Table 3. Data of fabric parameters. 
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human body (

 8 

（ ） （ ） ocess（

—

2E j = ）

（ ） （ ） （ ）

（ ） （ ） （ ）

（ ） （ ） （ ）

（ ） （ ） （ ）

（ ）

① 

②



1

（ ）

¯   = 0.638), hip girth of hu-

man body (
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¯   = 0.7600.

Therefore, after principal component 
analysis and 16 input parameters having 
been preliminarily obtained, mainly the 
fiber content, fabric structure, seam pro-
cess, porosity, horizontal fabric density, 
evaporation rate, heat transfer coeffi-
cient, moisture regain, air permeability, 
maximum wetting radius, bust girth of 
tights, thigh girth of tights, BMI, arm 
girth of human body, bust girth of hu-
man body, and hip girth of human body, 
it can be preliminarily judged from the 
non-numeric parameters that the fiber 
content, fabric structure, and seam pro-
cess have a certain impact on the ther-
mal and moisture comfort of tight-fit-
ting sportswear, while pattern and col-
our have little effect.
 
Among them, different from other types 
of clothing, such as loose clothing, pat-
tern design has little influence on the 
thermal and moisture comfort. The main 
reason may be that tight-fitting sports-
wear, as body-fitting  clothing, has no 
obvious influence on the thermal and 
moisture comfort, or it may be because 
there are fewer patterns of experiment 
clothing used in this study, and the in-
fluence of patterns needs to be verified 
by more patterns. To determine the final 
input parameters of the prediction mod-
el, it is necessary to further optimise the 

type of factor using formula Equation 

(3) and professional knowledge, the cal-

culation formula of the characteristic in-

dex is as follows:
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Where, 
2
hE is 

¯  is the characteristic value of 

input parameter h, c the correlation co-

efficient between the input parameter 

and other input parameters, and Nh is 

the index number of input parameters. 

If the 
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Where, 
2
hE is 

¯  value is larger, it indicates 

that the parameter is representative in 

this category and can reflect the infor-

mation of this classification; hence, 

this parameter can be used as the char-

acteristic index of this classification.

Through the calculation of Equation (3), 

the characteristic indexes affecting the 

thermal and moisture comfort parameters 

finally obtained are as follows. 

Fibre content (
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parameters selected by principal compo-
nent analysis through the GA-BP model.

GA-BP neural network model design

(1) The hidden layer l = √m + n + a, 
where m is the number of input layer 
variables (i.e. the number of input lay-
er nodes or neurons), n the number of 
output layer variables (i.e. the number 
of output layer nodes or neurons), and 
a is a constant between 1 and 10. In ad-
dition, the maximum number of times 
of this training is 1000; the learning 
rate is 0.1, and the minimum learning 
error is 0.0001. The additional mo-
mentum factor is net.trainParam.mc = 
0.95, the minimum performance gra-
dient net.trainParam.min_grad = 1e-6. 
Genetic algorithm parameter evolution 
algebra is iteration times maxgen = 
100, the population size sizepop = 50, 
the cross probability pcross = 0.4, and 
the mutation probability pmutation  
= 0.05.

(2) Transfer function: the transfer func-
tion from the input layer to the hidden 
layer and the transfer function from 
the hidden layer to the output layer all 
use the log-sigmoid function.
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 The sigmoid function is suitable for 
the neural network model of forward 
propagation, which can compress data 
and ensure that there is no problem 
with data amplitude. The sigmoid 
function is smooth and differentia-
ble. In addition, the transfer function 
of the BP network must be differen-
tiable, hence the transfer function of 
perceptron, such as hardlim/hardlims 
function, is not applicable. The dif-
ferentiability of the sigmoid function 
makes it possible to use the gradient 
descent method. In the output layer, 
if the sigmoid function is used, the 
output value will be limited to a small 
range. Therefore, the typical design 
of a BP neural network is that the sig-
moid function is used as the transfer 
function in the hidden layer, while 
a linear function is used as the transfer 
function in the output layer.

(3) Determination of the fitness function.
 The fitness function F(r) optimised 

by the GA algorithm for the BP neural 
network is determined by the learn-
ing error of sample (i.e., tight-fitting 
sportswear) data on population train-
ing, whose expression is as follows,
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Table 4. Evaluation value of thermal and moisture comfort.

Tights Posture
Thermal  

sensation
Moisture  
sensation

Cold  
sensation

Cool  
sensation

Sticky 
body  

sensation

Overall thermal  
and moisture 

comfort

T1P1

standing 1.0 1.0 4.3 3.5 1.0 1.2

jumping 1.3 1.2 4.0 3.3 1.1 2.2

squat 2.1 1.7 3.7 3.3 2.2 2.4

jogging 3.6 4.2 2.2 2.1 4.0 2.7

walking 4.2 3.9 2.5 2.3 3.8 3.1

lifting legs 4.5 3.6 3.5 1.3 3.3 2.8

rest 3.9 4.1 4.0 1.3 3.2 2.8

T3P5

standing 1.0 1.1 4.2 3.2 1.0 1.1

jumping 1.3 1.2 4.0 3.2 1.2 1.8

squat 2.4 1.8 3.6 3.1 2.3 2.5

jogging 4.0 4.2 2.1 2.7 4.0 3.3

walking 4.3 4.4 2.5 2.3 4.1 3.3

lifting legs 4.3 3.8 3.3 1.5 3.9 3.0

rest 4.3 4.1 4.1 1.3 3.9 3.8

T2P2

standing 1.1 1.0 4.1 3.5 1.1 1.1

jumping 1.3 1.3 4.1 3.5 1.1 2.1

squat 2.5 1.6 3.8 3.4 2.5 2.6

jogging 4.2 4.5 2.3 2.5 4.3 3.8

walking 4.4 4.3 2.4 2.4 4.2 3.5

lifting legs 4.4 3.9 3.6 1.6 4.0 3.6

rest 4.5 4.4 4.3 1.5 4.1 4.1
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Where, r represents the number of chro-
mosomes, m the number of network 
output nodes, n the number of training 
samples; and em & am ,respectively, rep-
resent the expected and actual values of 
thermal-moisture comfort perception of 
the m-th tights.

The purpose of BP neural network train-
ing in this paper is to ensure that the sum 
of error squares between the expected 
value and the actual value is the small-
est; thus, the fitness function f(r) of the 
GA algorithm should be expressed by the 
reciprocal of the sum of error squares, 
expressed by:
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 Results and discussion

Analysis of thermal and moisture 

comfort data of each part and whole 

body

In this paper, T1P1, T3P5 and T2P2 are 
taken as examples, and the thermal and 
moisture comfort values of these three 
sets of tight-fitting sportswear are the 
test samples of the intelligent prediction 
model, while the rest are training sam-
ples, shown in Table 4.

It can be seen from Table 4 that in a stat-
ic state of the human body, the sense of 
coldness and coolness is obvious, be-
cause in a static state the energy gener-
ated by the human body’s metabolism 
alone is far from enough to maintain hu-
man body temperature. However, there 
is no obvious difference in other senses, 
and hence the thermal and moisture com-
fort of tight-fitting sportswear should be 
analysed in an exercise state. The results 
obtained can better reflect the thermal 
and moisture comfort of wearing, and 
thus the research is more convincing. 
When running, the humidity and sticky 
feeling are stronger. When running stops, 
the evaluation of the humidity and sticky 
feeling of T1P1 and T2P2 is ceased, 
while that of the humidity and sticky 
feeling of T3P5 is increased, which in-
dicates that a higher polyester content is 
beneficial with respect to humidity and 
a sticky feeling. This is mainly because 
polyester has better moisture conduc-
tivity, and fabric with a higher polyester 
content can quickly transfer sweat ad-
sorbed on the skin to the outer surface of 
the fabric, resulting in the subject being 
wet. Under sports conditions, the overall 
thermal and moisture comfort of T1P1 is 
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Table 5. Prediction value of thermal and humidity comfort. 
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Figure 3. Prediction errors of various models.

effect on regulating human thermal sen-

sation.

Parameter index optimisation

There are 16 input parameters after di-

mension reduction, thus the number of 

input parameter indexes in this paper is 

set to N(N = 16). When the indexes are 

optimised and screened by the genetic 

algorithm, the coding length of this pa-

per is designed to be N, with each bit of 

chromosome corresponding to an index 

and the gene value of each bit being “1” 

or “0” (such as 101101101). If a certain 

bit of chromosome is “1”, on the contra-

ry, it means that the index corresponding 

to “0” is not used as the one to finally 

participate in the modeling. N indexes 

and corresponding thermal and humidi-

ty comfort evaluation values are used as 

the input and output parameters of the BP 

neural network, respectively.

The genetic algorithm is used to optimise 

the thermal and moisture comfort index, 

and it is concluded that the most repre-

sentative evaluation factor of thermal and 

moisture comfort is I = [1 0 1 1 0 1 1 0 0 

0 0 1 1 0 0 1], that is, the indexes corre-

sponding to these chromosome numbers: 

the fiber content, seam process, porosi-

ty, evaporation rate, heat transfer coeffi-

cient, thigh girth of tights, BMI, and hip 

girth of the human body, being the main 

indexes that affect the thermal and mois-

ture comfort of tight-fitting sportswear.

It shows that the factors affecting ther-

mal and moisture comfort are not only 

fabric properties but also clothing size 

and human body shape characteris-

tics. Therefore, in order to evaluate the 

wearing comfort of clothing more com-

prehensively and effectively, it should 

be analysed from multiple dimensions, 

otherwise it will often lead to a lack of 

information, which will eventually lead 

to wide differences in thermal and mois-

ture comfort analysis, which may also be 

the main reason why the research cannot 

be repeated. In addition, when designing 

tight-fitting sportswear, we should pay 

more attention to the thigh circumfer-

ence, BMI and the hip circumference of 

the human body.

Prediction results and verification

After training the optimized GA-BP 

model through learning samples, the op-

timized GA-BP neural network model is 

verified by T1P1, T3P5 and T2P2 test 

samples. For verifying the superiority 

a)

b)

c)

better than that of T3P5 and T2P2, with 
T2P2 being the worst, which indicates 
that the higher the polyester content, the 
better the overall thermal and moisture 
comfort. When the subject is at rest, the 
cold and moisture feeling are strong, be-
cause the whole experiment causes the 
subject to produce a lot of sweat, and 

the evaporation thereof takes away part 
of the body heat, with the heat gener-
ated by the metabolism not being able 
to completely supplement the lost heat 
in time. For thermal sensation, there is 
little difference among T1P1, T3P5 and 
T2P2, which shows that the combination 
of polyester and spandex has no obvious 
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of the PCA-GA-BP model, the predic-
tion results are compared with those of 
GA-BP, PCA-BP and BP models, respec-
tively, as shown in Table 5, Figure 3 and 
Table 6.

According to Table 5 and Figure 3, the 
maximum absolute error of the PCA-
GA-BP model is 0.2052, and the abso-
lute error of thermal prediction is al-
most within 0.15 when wearing T2P2 in 
a walking state and other sports motion 
states, which shows that the PCA-GA-
BP model has high accuracy of thermal 
sensation prediction. The absolute error 
of the PCA-GA-BP model for other per-
ceptions is smaller than that of the oth-
er models, and the maximum absolute 
error is 0.2765. Through comparative 
analysis, the prediction accuracy of the 
PCA-GA-BP model is obviously higher 
than that of the other models. According 
to the overall analysis, the PCA-GA-BP 
model has the best effect on thermal and 
moisture comfort perception and overall 
thermal and moisture comfort percep-
tion, followed by the GA-BP and PCA-
BP models, which shows that there is 
a complex relationship between the pa-
rameters affecting thermal and moisture 
comfort, and that the parameters must be 
optimised before the prediction model is 
established.

With respect to the average absolute er-
ror (see Table 6), that of the PCA-GA-
BP model is less than 0.10, with the av-
erage value of absolute error being only 
0.0892, while the maximum absolute 
error of GA-BP model is only 0.2629, 
with the average absolute error being 
0.2148. The prediction effect of the BP 
neural network is the worst, which shows 
a strong correlation and nonlinearity 
between the input parameters without 
dimension reduction, and the weakness 
that the BP is easy to fall into a local op-
timal solution The maximum average ab-
solute error and average absolute error of 
the PCA-BP and BP models are close to 
each other, being higher than that of the 
PCA-GA-BP and GA-BP models, which 
shows that although PCA has fewer out-
put parameters to a certain extent and 
achieves the effect of dimension reduc-
tion, its effect on the BP neural network 
is not obvious. Therefore, PCA should be 
combined with other neural networks to 
optimize the BP model and achieve high-
er prediction accuracy. The results show 
that the PCA-GA-BP model is reliable in 
predicting the sensory evaluation value 
of thermal and moisture comfort.

Through the above analysis, it can be 
stated that the GA algorithm can deal 
with the correlation and nonlinear prob-
lems among the influencing factors well 
and that the combination of the GA-BP 
model has strong robustness and can 
accurately obtain a global optimal solu-
tion, which reduces the possibility of 
BP falling into a local extremum. At the 
same time, the PCA-GA-BP model has 
higher prediction accuracy than the GA-
BP model, which shows that PCA has 
improved the prediction accuracy of the 
GA-BP model to a certain extent.

 Conclusions

There have been many researches on 
thermal and moisture comfort, but there 
are some limitations due to various rea-
sons. In this paper, a new experimental 
scheme was designed and a prediction 
model of thermal and moisture comfort 
sensation established. The results show 
that the performance of a GA-BP neural 
network based on principal components 
analysis is better than that of other mod-
els in predicting thermal and moisture 
comfort, and it has higher accuracy and 
adaptability, which can better satisfy the 
application of the GA-BP neural network 
in multi-dimensional and multi-factor 
thermal comfort sensation evaluation, 
screening out the factors affecting ther-
mal comfort. It can be seen from the in-
dexes’ contents that the factors affecting 
thermal and moisture comfort are mul-
ti-dimensional and diverse, in which fab-
ric properties should not only be consid-
ered but also comprehensively and sys-
tematically analysed in order to reflect 
the thermal and moisture comfort effect 
more truly.

There are many influencing factors of 
thermal and moisture comfort, and the re-
lationship between them is highly nonlin-
ear and complex. Before establishing the 
prediction model, the parameter indexes 
should be preprocessed or optimised, the 
representative and independent parame-

ters (that is, there is no mutual influence 
between the parameters) screened out, 
and the intelligent algorithm or the com-
bination of linear analysis and intelligent 
algorithm be adopted to deal with them. 
It is difficult for the general algorithm 
to deal with such complicated relation-
ships. The PCA-GA-BP model used in 
this paper can handle this relationship 
well, and the predicted value of thermal 
and moisture comfort is close to the real 
thermal and moisture comfort sensation 
evaluation, which shows that the model 
is universal and can be popularised.

The sports motion state has a great influ-
ence on thermal and moisture comfort, 
and the combination of different fabrics 
has a significant influence on thermal 
and moisture comfort. Therefore, when 
designing tight-fitting sportswear, we 
should pay attention to the matching of 
different fabrics according to sports type, 
especially when running, analyse which 
part has the most obvious comfort state in 
the running state, and increase the design 
of that part.
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