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wearing comfort of tight
sportswear during exercise

Pengpeng Cheng1,2, Jianping Wang1, Xianyi ZENG2,
Pascal BRUNIAUX2 and Xuyuan Tao2

Abstract
In this study, the distribution characteristics and changing law of sports comfort per-
ception were analyzed by collecting the comfort evaluation data of running in winter tight
sportswear, and proposes a network model based on particle swarm optimization-
cuckoo search-long short-term memory to track the changing law of motion comfort.
First, considering the existence of redundant features, analytic hierarchy process analysis
is used to screen out key features; and then, particle swarm optimization and cuckoo
search algorithms are used to optimize the key parameters of the long short-term
memory prediction model, so as to avoid the model prediction performance caused by
the selection of parameters based on experience. The experiments compared the
prediction accuracy of other models, and selected mean absolute error, root mean
square error, and mean absolute percentage error evaluation indicators to verify the
effectiveness of these models. The results show that the perception of wearing comfort
changes over time, but when it reaches the extreme point at a certain moment, and then it
gradually falls back. The humidity sense and thermal sense of bust, crotch, and back in
human body are the main comfort perceptions that affect movement; LSTM and the
optimized LSTM models are suitable for the prediction of comfort perception at different
times during exercise. Among them, the PSO-CS-LSTM model can more accurately track
the changing trend of motion comfort, the prediction has high prediction accuracy and
validity; we selected three different running speeds as the experimental data, which also
verifies the universal applicability of the model.
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With the improvement of people’s living standards, today’s diversified lifestyles inspire
people to yearn for and enjoy a free and green life, and constantly try to challenge and
break through themselves. As a new fashion, sports are becoming more and more popular
among the public. Various online forums also actively spread and promote the knowledge
of fitness sports, promoting the establishment of various sports associations and clubs, and
promoting the rapid development of sportswear market, which shows three major trends
of clothing segmentation, specialization and intelligence. Sportswear is no longer the
training clothes and competition clothes of athletes, but it has become an indispensable
equipment for many ordinary people who are interested in fitness and daily exercise.
Wearing high-performance sportswear not only reduces the fatigue of athletes, but also
enables the wearer to show off his professional pleasure to others. With the increasing
number of modern sports items, the diversity of sports items also leads to the diversity of
sportswear. Different sports items have different requirements, and the functionality of
required clothing is different. As a kind of sportswear, tights are getting more and more
popular among the general public. At the same time, the research of tights has been paid
more and more attention by domestic and foreign scholars. Tight sportswear includes tight
tops, one-piece tights, corsets, compression stockings, compression garments and so on,
which are mainly used for running, swimming, cycling, diving, surfing, and other sports.
The style and structure design of modern sportswear should be professionally designed
according to different functional requirements of sports items.

At present, many scholars have carried out different studies on tight-fitting equipment,
and some scholars proposed that tight-fitting clothing could help the wearer to improve
the athletic performance, which is mainly reflected in the aspects of fatigue recovery,
strength performance, physiology and energy metabolism, drag reduction, injury pro-
tection and so on.1–15 Some scholars only studied the comfort of tight sportswear from the
aspects of new fibers, yarns, fabrics, clothing structure, or sewing process. Troynikov
et al.16 investigated the effect of physical attributes of fabric and their composition in tight
sportswear on the amount and distribution of pressure generated to the underlying body.
Suganthi and Senthilkumar17 analyzed the moisture management properties of seven bi-
layer knitted fabrics for active sportswear comfort. Suganthi and Senthilkumar18 carried
out an investigation on influence of tri-layer knitted structure on thermal comfort
characteristics of layered knitted fabrics . Wardiningsih and Troynikov19 determined the
effect of fabric direction, fabric composition and number of fabric layers on pressure
generated by sport compression garments. Virginija and Giedre20 found that the air
permeability of the investigated knitted fabrics depends not only on their structure pa-
rameters but also on the fabric seam type. Some scholars have also studied sports comfort,
but they are only limited to pressure or thermal-humidity, and have not conducted
systematic research. Quesada et al.21 investigated the effects of graduated compression
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stockings on skin temperature after running. Valenza et al.10 performed the same
quantitative wetness sensory test prior to and following a maximal running test. Tanda22

investigated the total body skin temperature during running exercise on treadmill, he
gathered thermal maps of the anterior and posterior body regions, before, during and after
the exercise, by infrared thermography. Vasile et al.23 studied the effect of two rowing
postures on skin-sportswear interface pressure for competitive rowers, they found a
considerable influence of the catch and finish posture on interface skin-sportswear
pressure. However, when people are exercising, the sense of comfort is a complex, so
it is very important to study the comfort characteristics and distribution during exercise,
only in this way can sportswear be designed more specifically. In addition, although some
scholars have studied sports comfort, they only study the comfort perception before or
after exercise, and rarely analyze the comfort state during exercise. And the comfort state
during exercise has an intuitive importance for sports performance.24,25 Zeng et al.26,27

claimed that sensory evaluation is simpler and more efficient for quality determination
related to consumer’s behavior compared with physical measures, and it cannot be
completely replaced by objective evaluation, comfort research should be people-oriented.
Although sensory evaluation also has certain limitations, after reasonable design, the
effectiveness of sensory evaluation can often be greatly improved. Some scholars only
analyze the comfort of several sports postures to analyze the sports comfort. Silina et al.28

proposed a model for the development of 3D interface pressure modeling by considering
the athlete’s shank 3D shape and sportswear pressure in the motion posture. However,
their research on dynamic comfort mainly focuses on the static study of dynamic posture
(that is, decomposing dynamic posture and analyzing human comfort in a static form).
There is a big difference between this research model and the actual movement, because
the actual movement is continuous and the comfort perception is also changing con-
tinuously. Even though some researchers29–31 have analyzed the comfort analysis of
continuous movements, they only used the comfort value of a certain time point as the
judgment basis of exercise comfort, they did not study the dynamic change of comfort
during exercise. Dynamic comfort is an interval change feature, rather than a value, so the
current related research is difficult to meet the substantial optimization of tight sportswear
comfort.

Summarizing the existing research, we know that the research at home and abroad
mainly focuses on the application research of tight sportswear, such as energy meta-
bolism, muscle function, mechanical performance, drag reduction effect, injury protection
and sports medicine, and they have made a certain foundation.32–34 However, as the
clothes that cling to human skin, the comfort of tight sportswear is also a key performance
that cannot be ignored. Comfort evaluation of tight sportswear is mainly judged by human
senses, and the process of analyzing comfort information is extremely complicated,35

which is related to whether clothing and human body meet a series of requirements.
The existing research on sports comfort perception is only the research of overall

comfort, without studying the distribution characteristics and change law of comfort
perception during exercise, and neglecting the monitoring and analysis of the change of
sports comfort perception. In addition, different exercise intensities will produce different
exercise loads on the human body. In order to achieve the steady state of the body, the
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human body itself will have different physiological and psychological reactions. This
reaction is not limited to the comfort such as pressure or thermal-humidity, but may be the
comprehensive result of several kinds of comfort perception. Because there will be
different perceptions in the process of exercise, it is necessary to study and analyze the
fluctuation of comfort perception in the process of exercise in order to better improve the
comfort of tight sportswear. In order to make clear the dynamic change of the comfort of
tight sportswear in the exercise state, this study firstly makes clear the time response
characteristics of the sports comfort, establishes the time model of the comfort, quantifies
the change characteristics of the comfort, and provides the method and theoretical basis
for the comprehensive dynamic comfort research of clothes.

Experiment

Participants

Fourteen male personnel were recruited as initial experimental participants. Their age and
body shape parameters were as following: Age: 27±2, Height: 176.2±2.1 cm, Weight:
69.8±4.3 kg, Chest: 87.7±2.8 cm, Thigh: 55.3±2.2 cm, Hip: 94.0±3.1 cm, Waist:
74.4±2.0 cm. They were recorded as M1, M2, M3, ..., M8, respectively. All participants
have many years of running experience.

All subjects were free of disease; all voluntarily completed the entire experiment. And
all participants were asked to avoid intense exercise, refrain from alcohol and caffeine
24 h before the test.

Upon arriving at the laboratory, participants signed informed consent and filled out a
basic health check. Approval of this study was given by the ethics committee of Ecole
Nationale Supérieure des Arts et Industries Textiles.

All the volunteers were taken to the climate chamber to test the temperature sensitivity,
humidity sensitivity, and pressure sensitivity. The specific test details were as follows:
Firstly, by adjusting the temperature of the climate room, 12 subjects who were sensitive
to temperature were selected; and then, adjusted the humidity of the climate chamber, test
the humidity sensitivity of 12 subjects, and 11 subjects were selected; according to the
upper arm circumference of 11 participants, three kinds of arm sleeves samples (92%
polyester, 8% spandex) were designed for each subject which were for pressure sensitivity
test, and the sizes were�1,�2, and�3, respectively, as shown in Figure 1. Finally, eight

Figure 1. Upper arm sleeve.
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participants were selected as experimental participants of this research and would
complete the experimental protocol.

Experimental garments

This study takes running tights as the research example. According to the body size of
eight participants, five tight-fitting sportswear tops with long-sleeved tops, and five tight-
fitting sportswear trousers were purchased from Decathlon, which are suitable for
running. The long-sleeved tops are marked as T1, T2, ..., T5. Tight trousers are marked as
P1, P2, ..., P5. The parameter of these tight sportswear is shown in Table 1.

Twenty five different test garments, categorized as T1P1, T2P2, T3P3, ..., T4P3, T5P1,
were used as a result of the combination of five tight tops (T1, T2, ..., T5) and five tight
pants (P1, P2, ..., P5). The experiment ends until each subject wears all the combination of
tops and pants.

Experimental environment

All test processes are carried out in an environment with room temperature (5±1)°C,
relative humidity (78±5)%, and indoor wind speed (5.3±0.1)m/s. In order to avoid the

Table 1. Fabric parameters of tight sportswear.

Tights Fabric composition
Fabric
structure

Weight/
g�m�2

Thickness/
mm

Thread
density

T1 91% polyester, 9% spandex Jersey stitch 153.3 0.94 L: 136.5,
H: 88.5

T2 75% polyester, 25% nylon Warp plain
stitch

181.1 0.60 L: 99.0,
H: 103.5

T3 70% polyester, 26% nylon, 4%
spandex

Jersey stitch 230.8 0.66 L: 178.0,
H: 93.5

T4 72% polyester, 28% spandex 1×1 rib stitch 159.1 0.71 L: 83.0,
H: 148.0

T5 86% polyester, 14% spandex Warp plain
stitch

200.6 0.91 L: 100.0,
H: 185.0

P1 91% polyester, 9% spandex Warp plain
stitch

305.7 0.99 L: 180.5,
H: 116.0

P2 67% nylon, 19% elastane, 14%
polyester

Warp plain
stitch

266.0 0.87 L: 110.0,
H: 160.0

P3 65% polyamide, 35% elastane Jersey stitch 245.5 0.48 L: 90.5,
H: 175.0

P4 81% polyester, 19% elastane 1×1 rib stitch 264.7 0.87 L: 121.5,
H: 138.0

P5 87% polyester, 13% spandex Interlock
stitch

237.5 0.98 L: 129.5,
H: 110.0

Note: L—Longitudinal fabric density/coil number�(5 cm)�1; H—Horizontal fabric density/coil number�(5 cm)�1.
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potential bias resulting from the effect of thermoregulation,36 the experiment was carried
out at the same time every day in consideration of the circadian rhythm of humans.

Experimental content

In order to ensure that the selected parts are more comprehensive and representative, after
summarizing the literature and our own research experience,37–45 the key parts that affect
the comfort during exercise and the perception of comfort are preliminarily selected,
mainly including the abdomen, body side, bust, crotch, back, waist, upper arm, armpit,
shank, and thigh; sports comfort perception mainly includes humidity sense, thermal
sense, sticky body sense, restraint sense, itching sense, rough sense, and soft sense.

Therefore, when the subjects ran in the experimental tight sportswear, we collected the
data of the above-mentioned body parts’ humidity sense, thermal sense, sticky body
sense, restraint sense, itching sense, rough sense, and soft sense.

Experimental protocol

(1) Prior to the experiment, all participants must keep a good mood and they must
enter a climate chamber in advance and adjust to the new condition for about
20 minutes.

(2) The participants wore experimental tight sportswear and ran on the treadmill and
they must run for 50 min. The subjects were asked about the comfort of each body
part every 5 min and the participants evaluated the tactile comfort, thermal
comfort, humidity comfort, and pressure comfort of the tight sportswear they
were wearing according to Table 2.

(3) The running test was divided into three groups, and the running speed was 3 km/h,
6 km/h, and 8 km/h, respectively. That is, the first group: light-intensity exercise
(slow speed running, the speed is 3 km/h), and the comfort of the sportswear is
scored during the exercise; the second group: moderate-intensity exercise
(medium speed running, the average speed is 6 km/h), and the comfort of the
sportswear is scored during the exercise; the third group: high-intensity exercise
(fast speed running, average speed is 8 km/h), and the comfort of the sportswear is
scored during the exercise. The comfort perception evaluation value of each
combination of tight sportswear is the average value of eight participants’ comfort
evaluation of this tight sportswear.

Methods

In recent years, with the development of new technologies such as information technology
and artificial intelligence, more and more emerging technologies are applied to the re-
search of clothing comfort. However, clothing comfort is a simultaneous coupling
process, which is a very complicated and rapidly changing process. Although many
scholars at home and abroad have established some mathematical models or invented
some devices to try to explain the changes of clothing comfort, it is in the complexity of
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the actual situation, and each method must be based on certain assumptions and pre-
conditions, and there is still a big gap with the actual situation.

At the same time, as far as sports comfort is concerned, it is a multi-dimensional feature
with complicated relationships. In order to better analyze the wearing comfort of tight
sportswear in motion, this study introduces long short-term memory (LSTM) to study
sports comfort for the first time. Sports comfort itself is a dynamic change, which is a time
function, and it is also the accumulation of data of comfort perception and its influencing
factors, therefore, LSTM is very suitable for solving the prediction problem of comfort
perception sequence .46,47

In a word, the causes of sports comfort are influenced by many factors, which can’t be
summarized by one factor, and show the characteristics of high noise, nonlinear, low
frequency, which make the series difficult to fit. Although the general neural network
prediction method can better fit nonlinear comfort perception in prediction accuracy, it
can’t well describe the memory of sports comfort perception, which has pre and post
effects. Therefore, it is particularly appropriate to introduce the neural network model
with memory characteristics to predict the comfort in the exercise state. Finally, the future
comfort state can be predicted by the comfort before the current moment, so as to un-
derstand the change law and the state of human comfort in the exercise state more in-
tuitively and more quickly. In addition, because there are too many indexes that affect
sports comfort, we first used analytic hierarchy process (AHP) to assign weights to the
comfort perception of key body parts selected preliminarily, and then select the key

Table 2. Comfort perception evaluation scale.

Sensory
description 1 2 3 4 5

Humidity
sense

Dry Strongly
dry

Slightly dry Middle Slightly
wet

Strongly wet Wet

Thermal
sense

Cold Strongly
cold

Slightly
cold

Middle Slightly
hot

Strongly hot Hot

Sticky body
sense

No
sticky

No sticky Slightly
sticky

Moderate
sticky

Strong
sticky

Extremely
sticky

Sticky

Restraint
sense

Loose Strongly
loose

Slightly
loose

Middle Slightly
tight

Strongly
tight

Tight

Itching sense No
itching

No itching Slightly
itching

Moderate
itching

Strong
itching

Extremely
itching

Itching

Rough sense Smooth Strongly
smooth

Slightly
smooth

Middle Slightly
rough

Strongly
rough

Rough

Soft sense Soft Strongly
soft

Slightly soft Middle Slightly
stiff

Strongly stiff Stiff

Note: “Middle” means that both sensations are present, but neither of them is obvious. For example, about
thermal sense, the middle sense is that sometimes could feel a little cold, and sometimes feel a little hot, but no
one is important than the other one.

Cheng et al. 5151S



indexes for building the model. Therefore, the main flow of the research method is as
follows: (1) Weighting the comfort perception by AHP to select the key comfort per-
ception of body parts; (2) particle swarm optimization-cuckoo search (PSO-CS) was used
to optimize various parameters, and then LSTM was used to predict the comfort per-
ception at different times.

Analytic hierarchy process model

Analytic hierarchy process (AHP) is a method to quantify non-quantitative things through
systematic analysis. The pairwise judgment matrix is used to determine the weight
coefficients of evaluation indexes at all levels, and the relative importance of pairwise
different factors, as shown in Table 3. AHP can quantitatively analyze non-quantitative
things, and at the same time, it can objectively describe people’s subjective judgments.

Long short-term memory model

Long short-term memory (LSTM) neural network model is a special form of recurrent
neural network. LSTM neural network can not only deal with nonlinear mapping between
multivariate variables, but also deal with time series data well, which has achieved success
in many researches and applications. At present, LSTM is mostly used in transportation,
finance, and other fields to predict time series data such as signals and prices, but not
clothing comfort. For the first time, this study proposes to use LSTM model to study and
analyze sports comfort, realize the use of comfort perception in the previous period and
predict the comfort in the later period, which is helpful to optimize the design of sports
tights and improve the wearing comfort.

LSTM neural network has great advantages in forecasting time series data. LSTM
introduces the “gate” structure to strengthen the ability of controlling information
transmission and communication between cells. The LSTM cell structure consists of input
gate, output gate, forget gate, and cell state. The specific cell structure is shown in

Table 3. Setting the standard group of values.

No
Comparison
values Introductions

1 1 Two factors i have the same importance as j
2 3 Two factors i are slightly more important than j
3 5 Two factors i compared with j, the former is obviously more

important than the latter
4 7 Two factors i compared with j, the former is more important than

the latter
5 9 Two factors i compared with j, the former is extremely important

than the latter
6 2,4,6,8 Median value of the above two adjacent judgments
Reciprocal Judgment of comparison between factor i and j, aij=1/aij
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Figure 2. At time t, there are three input parameters of LSTM network: the input value xt at
time t, the output value ht�1 at time t�1, and the state of memory unit c at time t�1. There
are two output parameters: the output value ht of the hidden layer at time t and the state of
the memory cell ct at time t. LSTM controls the three gates by the activation function σ,
whose value range is [0,1]. When the output value of the gate is 0, the multiplication with
any state value is 0, which is equivalent to discarding information. When the gate output is
1, it means neurons retain all information, thus realizing the retention and forgetting of
historical information.

In the forward propagation stage, the t time memory unit receives the input xt of this
time and the output ht�1 of the t�1 time hidden layer as the input of the forget gate. The
forget gate determines the information to be discarded and retained by activation function
layer and outputs ft.

ft ¼ σ
�
wf � ½ht�1,xt� þ bf

�
(1)

where, ft is forget gate; ht�1 is the cell state at time t�1; xt is the output variable at time t;
wf is the weight matrix of forget gate; bf is the bias term of the forgot gate; and σ is the
Sigmoid activation function of forget gate.

The information that neurons need to keep is realized by the input gate. The input gate
calculation is divided into two parts: using Sigmoid function to calculate the update value
it, and using tanh function to generate new candidate values ~c, and the product of the two
is used to update the cell state.

Figure 2. LSTM basic cell structure.
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it ¼ σðwi � ½ht�1,xt� þ biÞ
~c ¼ tanhðwc � ½ht�1,xt� þ bcÞ (2)

where, it is the input gate; ~c is the candidate gate; wi and wc is the weight matrix of input
gate and candidate gate; bi and bc is the bias term of input gate and input node; ht�1 is the
state variable of hidden layer at time t�1; and tanh is the activation function of forget gate.

The cell state update includes the product of the forget gate output and the cell output at
time t�1, plus the product of the input gate output and the candidate value.

ct ¼ ft � ct�1 þ it � ~ct (3)

Where, ct�1 is unit state at time t�1; and ~ct is the input state of the memory cell.
The update of the final output gate, that is, the hidden layer output at time t, is de-

termined by equation (4).

ot ¼ σðwo � ½ht�1,xt� þ boÞ
ht ¼ ot � tanhðctÞ (4)

Where, ot is the output gate; wo is the weight matrix of the output gate; bo is the bias term
of the output gate; and ht is the output at time t.

However, similar to other neural network models, some parameters in LSTM neural
network model need to be set artificially, such as the size of time window, batch number,
number of hidden layer units. These parameters directly control the topological structure
of the network model, and the prediction performance of the models trained by different
parameters varies greatly, so it is particularly important to choose appropriate model
parameters. At present, the selection of hyperparameters of network models often depends
on the experience of researchers and the results of many experiments, which consumes a
lot of manpower and computing resources.

In a word, the traditional LSTM has very complicated calculation. And the longer the
input, the larger the information contained in the data. The traditional LSTM model will
show obvious instability in the training process, and even the gradient will disappear.48–50

Therefore, this study proposes PSO-CS optimization algorithm to iteratively optimize the
LSTM model and find the optimal parameters of the model. That is, the PSO-CS al-
gorithm is used to optimize the two key parameters of LSTM model (the number of
neurons m and the learning rate lr). On the premise of satisfying the optimal evaluation
index of the model, the PSO-CS-LSTM combined prediction model is built according to
the optimized parameters. The PSO-CS algorithm is used to match the comfort perception
data features with the topology of LSTM neural network to obtain higher prediction
performance. This model overcomes the problem of low prediction accuracy caused by
the traditional selection of parameters based on experience.

LSTM model based on PSO-CS optimization

At present, excellent algorithms emerge one after another, but no single algorithm could
solve all optimization problems well. The combination of various algorithms has become
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an effective means.51,52 In this paper, PSO-CS hybrid algorithm was adopted, in which
PSO is the most widely used algorithm because of its simplicity and convergence speed. It
also proves that CS can search the global optimal value, but its speed is very slow. In order
to solve the above problems, a hybrid algorithm of PSO and CS (PSO-CS) was proposed.

The implementation process of LSTM prediction model based on PSO-CS is shown in
Figure 3.

Model system main body:
Step 1: The acquired comfort perception data are divided into training set and

testing set.
Step 2: Initialize model parameters. Set neuron number m, the value range of

learning rate lr, and search range, and determine the maximum iteration number
Nmax and population number pop.

Step 3: According to the values of initialization m and lr, the LSTM network
model is established, and the data of the training set and the testing set are trained
and predicted, respectively. And mean absolute percentage error of the predicted
results is taken as the fitness value of each particle.

Step 4: According to the initial fitness value of particles, determine the position
of Pbest and Gbest, and take the optimal position of each particle as the historical

optimal position. By

8<: vtþ1
i,j ¼ wvti,j þ c1r1ðPbest

t
i,j � xti,jÞ þ c2r2ðGbest

t
j � xti,jÞ

xtþ1
i,j ¼ xti,j þ vtþ1

i,j

(where, w is the inertia weight; c1 and c2 are learning factors; r1 and r2 are

Figure 3. PSO-CS-LSTM network prediction model.
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independent random numbers among [0,1]; vi,j
t, xi,j

t+1, Pbesti,j
t, and Gbestj

t are the
velocity component, position component, individual optimal value, and population
global optimal value of the ith particle in the jth dimension in the tth iteration,
respectively), iterate and update the velocity and position of the particles, calculate
the corresponding fitness value of particles, and compare the local and global
optimal solutions to maximize prediction accuracy.

Step 5: Judge the termination condition (when the fitness value of the particle
tends to be stable or the number of iterations reaches the maximum), if the ter-
mination condition is satisfied, get the optimal m and lr; otherwise, return to Step 4.

Step 6: According to the optimal parameters obtained by PSO algorithm, and n
small-particle population optimal solutions are obtained as the initial bird’s nest of
the CS algorithm, and the parameters in the CS algorithm are initialized.

Step 7: Calculate the fitness of each nest, and calculate the fitness of new nests
based on the Levy flight mechanism for migrating nests
X ðtþ1Þ
i ¼ X ðtþ1Þ

i þ αÅLðβÞ,i ¼ 1; 2,:::,n, where, Xi
(t) is the position of the bird’s

nest i in the t generation, α is the improved step size conforming to the normal
distribution, and L(β) is the random search path of Levy flight. Compare the fitness
of the old and new nests, and update if it is excellent.

Step 8: The optimal solution optimized by CS algorithm returns to each small
population, compare with the historical optimal solution of small population, and
update if it is excellent.

Step 9: Determine whether the termination conditions are met, if so, Step 9 is
executed; otherwise, return to Step 3.

Step 10:At last, output the optimal solution searched by CS algorithm, build the
PSO-CS-LSTM prediction model, and analyze the prediction results with the
evaluation index.

Results and discussion

Selection of model indicators

Three professors in garment field and two people who have been running for many years
were invited to conduct AHP evaluation on the comfort perception of key parts according
to the collected raw data of comfort perception, and selected the key comfort indicators.
The weight of each comfort perception is obtained through AHP, taking the comfort
perception under running (3 km/h) as an example, as shown in Table 4. According to the
weight, the key indicators that affect exercise comfort are selected.

According to the results of AHP, we obtained the main comfort perception of three
groups of exercise states, respectively.

Running (3 km/h): the main comfort perceptions in some key body parts are abdomen
(humidity sense, thermal sense, sticky body sense), side body (itching sense, humidity
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sense), bust (humidity sense, thermal sense, sticky body sense), crotch (humidity sense,
thermal sense, sticky body sense), back (humidity sense, thermal sense, sticky body
sense), waist (humidity sense, thermal sense, sticky body sense, itching sense), upper arm
(humidity sense, thermal sense, sticky body sense, itching sense), armpit (humidity sense,
thermal sense, sticky body sense), shank (thermal sense, restraint sense), and thigh
(humidity sense, sticky body sense, itching sense).

Running (6 km/h): the main comfort perceptions in some key body parts are abdomen
(humidity sense, thermal sense, sticky body sense), side body (itching sense, humidity
sense), bust (humidity sense, thermal sense, sticky body sense), crotch (thermal sense,
sticky body sense), back (humidity sense, thermal sense, sticky body sense), waist
(humidity sense, thermal sense, sticky body sense), upper arm (humidity sense, thermal
sense, sticky body sense, itching sense), armpit (humidity sense, thermal sense, sticky
body sense), shank (thermal sense, restraint sense), and thigh (thermal sense, sticky body
sense, itching sense).

Running (8 km/h): the main comfort perceptions in some key body parts are abdomen
(humidity sense, thermal sense, sticky body sense, restraint sense), side body (itching
sense, sticky body sense), bust (thermal sense, sticky body sense, itching sense), crotch
(thermal sense, sticky body sense, restraint sense), back (humidity sense, thermal sense,

Table 4. Weights of comfort sense.

Parts Weights

Ab Humidity sense(0.230), thermal sense(0.247), sticky body sense(0.189), restraint sense
(0.066), itching sense (0.023), rough sense (0.053), and soft sense (0.133)

Bs Humidity sense(0.151), thermal sense (0.128), sticky body sense (0.109), restraint sense
(0.086), itching sense(0.401), rough sense (0.056), and soft sense (0.068)

Bu Humidity sense(0.314), thermal sense(0.257), sticky body sense(0.173), restraint sense
(0.066), itching sense (0.117), rough sense (0.030), and soft sense (0.042)

Cr Humidity sense(0.236), thermal sense(0.305), sticky body sense(0.183), restraint sense
(0.091), itching sense (0.094), rough sense (0.038), and soft sense (0.053)

Ba Thermal sense(0.208), humidity sense(0.376), sticky body sense(0.152), restraint sense
(0.062), itching sense (0.142), rough sense (0.037), and soft sense (0.023)

Wa Humidity sense(0.253), thermal sense(0.262), sticky body sense(0.196), restraint sense
(0.065), itching sense(0.164), rough sense (0.026), soft sense (0.034)

Ua Humidity sense(0.181), thermal sense(0.220), sticky body sense(0.234), restraint sense
(0.097), itching sense(0.178), rough sense (0.038), soft sense (0.053)

Ar Humidity sense(0.369), thermal sense(0.269), sticky body sense(0.174), restraint sense
(0.055), itching sense (0.071), rough sense (0.027), and soft sense (0.035)

Sh Humidity sense (0.068), thermal sense(0.426), sticky body sense (0.088), restraint
sense(0.182), itching sense (0.080), rough sense (0.054), and soft sense (0.103)

Th Humidity sense(0.349), thermal sense (0.087), sticky body sense(0.228), restraint sense
(0.092), itching sense(0.145), rough sense (0.041), and soft sense (0.059)

Note: ①The perception with bold and italic will be used as key indicators of the prediction model.
②Ab-Abdomen; Bs-Body side; Bu-Bust; Cr-Crotch; Ba-Back; Wa-Waist; Ua-Upper arm; Ar-Armpit; Sh-Shank;
Th-Thigh.
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sticky body sense), waist (humidity sense, thermal sense), upper arm (thermal sense,
sticky body sense, itching sense, restraint sense), armpit (humidity sense, sticky body
sense), shank (thermal sense, restraint sense), and thigh (thermal sense, restraint sense).

According to the analysis of the results, we found that at different speeds, most of the
same parts have the same comfort sense, but there are different senses. For example, at
3 km/h, there are humidity sense, sticky body sense, and itching sense perception in the
thigh; while at 6 km/h, the comfort perception of the thigh is mainly thermal sense, sticky
body sense, and itching sense; at 8 km/h, the comfort perception of thigh mainly includes
thermal sense and restraint sense.

Comfort perception result

According to the key indicators after AHP optimization, the non-key indicators were
excluded. In order to get a more comprehensive understanding of the changing law of
sports comfort perception, the average evaluation of the optimized comfort perception of
all combined tight-fitting sportswear was carried out, as shown in Figure 4.

It can be seen from Figure 4 that at 0 min, since the subjects did not start exercising, the
difference in comfort perception when wearing the tight sportswear was small, and the
perception evaluation was basically close. From the 15th minute, the human body began
to sweat a lot. At the 20th minute, the subjective variability began to increase.

Figure 4. The changing curve of sports comfort.Note: Ab-Abdomen; Bs-Body side; Bu-Bust; Cr-
Crotch; Ba-Back; Wa-Waist; Ua-Upper arm; Ar-Armpit; Sh-Shank; Th-Thigh.
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The thermal sensation level of each body part increased at first and then decreased with
the increase of exercise time. And it reached the maximum value at about the 40th minute,
and then began to decrease. The main reason is that the human body begins to produce
heat at the beginning of exercise, and the sense of heat increases. With the increase of
exercise, the amount of sweat also increases, taking away part of the heat, and as the
amount of sweat increases, the amount of heat that is taken away increases, so the thermal
sensation reaches a peak and starts to fall back.

Except for the strong cold feeling in the shank, the restraint sense fluctuates slightly
during the whole exercise process, and other senses are not obvious, which indicates that
the warm-keeping design should be appropriately increased in the shank, and the restraint
sense should be taken into account while reducing the shank’s muscle vibration and
improving the exercise performance.

The humidity sense of back and bust is stronger than that of other parts, followed by
abdomen, crotch, and armpit. Besides the shank, the humidity sense of other parts is
dominant, and the humidity sense of bust, back, and crotch changes slowly with the
extension of exercise time. Therefore, with regard to the comfort of tights sportswear, we
should consider increasing the function design of moisture absorption and moisture
conduction, especially bust, back, and crotch.

In order to better describe the fluctuation state of each comfort perception, analysis of
variance (ANOVA) was introduced. Through the variance results, it is found that during
the whole exercise process, the humidity comfort in bust fluctuates the most over time (i.e.
the most change) (the variance value is 1.337), followed by the humidity sense in back,
while the restraint sense in shank fluctuates the least over time (i.e. the least change) (the
variance value is 0.196). However, considering all the comfort change trends of each part,
the comfort perception grades of bust (the variance value is 1.0897), body side (the
variance value is 1.1070), back (the variance value is 1.0229), and crotch (the variance
value is 1.0632) change greatly.

With the increase of exercise time, the itching sense decreases, and all the senses of
each part show a decreasing trend after 40 min of exercise, so the 40th minute can be
regarded as a demarcation point of the change of motion comfort.

In a word, humidity sense and thermal sense are the main perceptions that affect sports
comfort, and the humidity sense and thermal sense of bust, crotch, and back are strong, so
these three parts are the key design parts of thermal sense and humidity sense.

Data selection for the model

This study predicted the comfort perception of each body part of the tights sportswear
from the 40th minute to the 50th minute through the evaluation data of the comfort
perception of different parts of the tights sportswear from 0 min to the 40th minute. In this
study, the comfort perception evaluation data of T1P1, T4P4, T5P2, T2P3, and
T3P1 tights sportswear are used as the testing samples, and the rest of the tights sportswear
combinations are used as training samples, that is, the valid data of the training set are
20 groups, and the valid data of the testing set are five groups (i.e.T1P1, T4P4, T5P2,
T2P3, and T3P1).
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Normalize the data

In order to improve the convergence speed and prediction accuracy of the model, training
data, and testing data are normalized to [0,1], and the calculation equation of normalized
data is as follows

x∗ ¼ x� xmin

xmax � xmin
(5)

Where, x∗ are normalized data; and xmax are minimum and maximum values of the sample
data, respectively.

Comparison of prediction model results

In order to verify the accuracy of the prediction model proposed in this paper, LSTM,
PSO-LSTM, CS-LSTM, and PSO-CS-LSTM model are selected for comparative
experiments.

Figure 5 shows the comparison of the prediction effects of each model on comfort
perception. As can be seen from Figure 5, although the LSTM, PSO-LSTM, CS-LSTM,
and PSO-CS-LSTM all have similar curve trends to the real values, the difference between

Figure 5. Comparison of prediction results of each model.
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the predicted value of the PSO-CS-LSTM model and the real value is the smallest, the
prediction curve is closer to the real value curve, and the fitting degree is higher, and the
model is better than other prediction models.

Model Error Analysis

In order to more accurately reflect the performance comparison between various models,
measure the prediction effect of each model, and use quantitative methods to achieve the
comparative analysis of prediction accuracy between models ,53–57 mean absolute error
(MAE), root mean square error (RMSE), and mean absolute percentage error (MAPE)
evaluation indicators are selected to measure the performance of each model in comfort
perception prediction. The smaller the values of MAE, RMSE, andMAPE, the smaller the
deviation between the prediction result and the real value, the more accurate the prediction
result, and the better the effect of prediction model.

The specific calculation formula is as follows

MAE ¼ 1

n

Xn

i¼1

���yi � byi���
RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n

Xn

i¼1

�
yi � byi�2

s

MAPE ¼ 1

n

Xn

i¼1

���yi � byi���
yi

(6)

where, n is the number of samples in the test data set; yi is the real value of the ith sample
point; and ŷi is the predicted value of the ith sample point.

It can be seen from Table 5 and Table 6 that the optimized LSTM prediction accuracy
has been improved:

At 3 km/h, for LSTM model, its MAE mean is 0.3481, RSME mean is 0.4188, and
MAPE mean is 0.1132. Compared with the LSTM model, PSO-LSTM model’s MAE
mean is reduced by 0.1106, RSME mean is reduced by 0.1332, and MAPE mean is
reduced by 0.0356; CS-LSTM model’s MAE mean decreases by 0.1548, RSME mean
decreases by 0.1913, and MAPE means decreases by 0.0502; PSO-CS-LSTM model’s
MAE mean decreases by 0.2575, RMSE mean decreases by 0.3152, and MAPE mean
decreases by 0.0871. From the above data, MAE, RMSE, and MAPE of PSO-CS-LSTM
have the largest reduction, which also shows that PSO-CS-LSTM has the best effect of
optimizing LSTM. Therefore, compared with LSTM, PSO-LSTM, CS-LSTM, the PSO-
CS-LSTM model has the highest prediction accuracy, followed by the CS-LSTM model.

At 6 km/h, for LSTMmodel, the average values of MAE, RSME, andMAPE of LSTM
are 0.3637, 0.4429, and 0.1080, respectively; the average values of MAE, RSME and
MAPE of the improved LSTM model based on PSO decrease by 0.1126, 0.1385, and
0.0105, respectively; the average values of MAE, RSME, and MAPE of the improved
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LSTM model based on CS decrease by 0.1806, 0.2156, and 0.0332, respectively; the
average values of MAE, RSME and MAPE of the improved LSTM based on PSO-CS
decrease by 0.2834, 0.3477, and 0.0889, respectively. Compared with MAE mean, it can
be seen that the prediction accuracy of the PSO-CS-LSTM model is the highest, followed
by the CS-LSTM model.

At 8 km/h, the average values of MAE, RSME and MAPE of LSTM model are 0.329,
0.4126, and 0.1201, respectively; the average values of MAE, RSME, and MAPE of the

Table 5. Error of testing samples.

Running (3 km/h) Running (6 km/h) Running (8 km/h)

Tights Model MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE
T1P1 LSTM 0.3588 0.4235 0.1284 0.4094 0.4638 0.1145 0.3600 0.4312 0.1687

PSO-LSTM 0.2395 0.3182 0.0857 0.1972 0.2198 0.1007 0.3020 0.3281 0.0943
CS-LSTM 0.2130 0.2511 0.0762 0.1506 0.1831 0.0855 0.2481 0.2713 0.0797
PSO-CS-
LSTM

0.1194 0.1378 0.0341 0.0869 0.1002 0.0291 0.1940 0.2185 0.0672

T4P4 LSTM 0.2774 0.2986 0.1049 0.3714 0.4352 0.0966 0.2360 0.3621 0.0906
PSO-LSTM 0.2142 0.2549 0.0810 0.2519 0.3283 0.0868 0.1316 0.1563 0.0598
CS-LSTM 0.1564 0.2060 0.0591 0.2179 0.2615 0.0764 0.1054 0.1379 0.0453
PSO-CS-
LSTM

0.0953 0.1028 0.0309 0.0612 0.0817 0.0174 0.0731 0.0917 0.0265

T5P2 LSTM 0.3409 0.4664 0.0988 0.3943 0.4117 0.1333 0.4150 0.4471 0.1761
PSO-LSTM 0.2128 0.2399 0.0617 0.2919 0.3077 0.1253 0.3427 0.5115 0.1047
CS-LSTM 0.1914 0.2193 0.0555 0.2038 0.2472 0.0649 0.2385 0.3003 0.0815
PSO-CS-
LSTM

0.0749 0.0862 0.0217 0.0795 0.0848 0.0160 0.0826 0.0915 0.0257

T2P3 LSTM 0.3156 0.3919 0.0969 0.2890 0.4068 0.0903 0.3225 0.4676 0.0753
PSO-LSTM 0.2641 0.2994 0.0811 0.2597 0.2738 0.0618 0.2625 0.3354 0.0642
CS-LSTM 0.1747 0.2003 0.0536 0.1454 0.1961 0.0436 0.1255 0.1926 0.0566
PSO-CS-
LSTM

0.0630 0.0804 0.0193 0.1047 0.1236 0.0207 0.0923 0.1188 0.0338

T3P1 LSTM 0.4479 0.5137 0.1370 0.3545 0.4970 0.1051 0.3115 0.3550 0.0897
PSO-LSTM 0.2568 0.3156 0.0786 0.2546 0.3925 0.1128 0.2175 0.3237 0.0753
CS-LSTM 0.2312 0.2606 0.0707 0.1980 0.2486 0.1038 0.1537 0.1925 0.0496
PSO-CS-
LSTM

0.1002 0.1108 0.0245 0.0692 0.0859 0.0122 0.0975 0.1027 0.0308

Table 6. Mean value of errors for each model.

Running (3 km/h) Running (6 km/h) Running (8 km/h)

Model MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE
LSTM 0.3481 0.4188 0.1132 0.3637 0.4429 0.1080 0.3290 0.4126 0.1201
PSO-LSTM 0.2375 0.2856 0.0776 0.2511 0.3044 0.0975 0.2513 0.3310 0.0797
CS-LSTM 0.1933 0.2275 0.0630 0.1831 0.2273 0.0748 0.1742 0.2189 0.0625
PSO-CS-LSTM 0.0906 0.1036 0.0261 0.0803 0.0952 0.0191 0.1079 0.1246 0.0368
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improved LSTM model based on PSO decrease by 0.0777, 0.0816, and 0.0404, re-
spectively; the average values of MAE, RSME, andMAPE of the improved LSTMmodel
based on CS decrease by 0.1548, 0.1937, and 0.0576, respectively; the average values of
MAE, RSME, and MAPE of the improved LSTM based on PSO-CS decrease by 0.2211,
0.2880, and 0.0833, respectively. Compared with MAE mean, it can be seen that the
prediction accuracy of the PSO-CS-LSTM model is the highest, followed by the CS-
LSTM model.

In short, whether it is slow running, medium running or fast running, the average
values of MAE, RSME, and MAPE of the LSTM model are higher than those of PSO-
LSTM, CS-LSTM, and PSO-CS-LSTM, indicating that these optimized LSTM models
can well reflect the trend of data changes. PSO, CS, and PSO-CS all improve the
prediction accuracy of LSTMmodel, and the average values of MAE are all less than 0.3.
Among them, the prediction curve of the PSO-CS-LSTM model is closer to the true
comfort change, and the prediction results are more accurate than the LSTMmodel. At the
same time, compared with LSTM, PSO-LSTM, CS-LSTM models, PSO-CS-LSTM has
the lowest MAE mean, RSME mean and MAPE mean, indicating that compared with
PSO, CS, PSO-CS could improve the time series prediction ability of LSTM better, and
the prediction effect of the PSO-CS-LSTM model is the best, which verifies the ef-
fectiveness of the PSO-CS-LSTMmodel in improving the prediction accuracy of comfort
perception in motion. It also shows that the PSO-CS-LSTMmodel is very suitable for the
prediction of dynamic changes in comfort perception during running. Compared with the
three optimization models, although the prediction error of LSTM is larger, its MAEmean
is less than 0.4. For general time series problems, it is also a better choice,58–61 which also
shows that LSTM is suitable for the prediction of comfort perception at different moments
in the sports state.

Conclusion

This study proposes to analyze the dynamic changes of wearing comfort when running in
winter tight sportswear, and it is found that the perception of wearing comfort changes
over time. In addition, while analyzing the distribution characteristics and changing law of
sports comfort, in order to improve the efficiency of clothing comfort research and reduce
the research cost, and provide reference for the functional design and development of
tights sportswear, a model suitable for analyzing the changes of wearing comfort in sports
state was proposed, that is, PSO-CS algorithm optimizes long short-term memory neural
network (LSTM). The conclusions are as follows:

(1) Sports comfort perception reaches its peak in 40 min, and then falls back. It is
found that thermal sense and humidity sense are the main perceptions that affect
sports comfort, mainly occurring in bust, crotch and back, etc. Therefore, at-
tention should be paid to the design of thermal-humidity function in these parts
when designing tights sportswear.

(2) LSTM model optimized by PSO or CS algorithm has improved the prediction
effect of comfort perception in the exercise state to a certain extent. Using PSO or
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CS to optimize the important parameters of LSTM network can better solve the
problem of parameter selection, significantly improve the ability of feature se-
lection and reduce the influence of human factors. Both PSO and CS have
improved the prediction accuracy of the model, but the LSTM model optimized
by PSO and CS coupling algorithm has the highest prediction accuracy. It shows
that PSO-CS coupling algorithm, compared with PSO, CS single algorithm,
expands the global searching ability, could better overcome the state of falling
into local optimum in the process of optimization, and greatly increases the
efficiency of local optimization.

(3) Compared with the PSO-LSTM, CS-LSTM, and LSTM model, the PSO-CS-
LSTM model is more suitable for the prediction of comfortable perception time
series in motion state, and effectively improves the prediction accuracy. In the
face of complex motion comfort perception, PSO-CS-LSTM model can achieve
faster and more accurate predictions. This model can more accurately predict the
comfort perception in the next 10 min, providing a technical reference for an-
alyzing and studying dynamic comfort changes.
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