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1.1 Background 

1.1.1 Factors of clothing comfort sensation 
 

Wearing clothes is a part of daily life. The main functions of wearing clothing are controlling 

the temperature and humidity near the surface of the body, protecting the body and skin, hiding 

or emphasizing parts of the body, decorating the body, and indicating gender, status, and 

occupation [1]. Although the origins of clothing are not clear, there is evidence that it has been 

used by humans for a very long time. Animal fur coats found with mummies in the Ötzal Italian 

Alps have been dated to approximately 5,300 years ago. Mitochondrial analysis suggests that 

Chalcolithic people used specific clothing materials, and wore clothing to protect themselves 

against the cold [2]. Thus, clothing has been a part of human life since ancient times, and the use 

of clothing in human societies is ubiquitous. Consequently, enhancing the sensation of comfort 

associated with clothing is important for enabling people to live comfortable lives.  

Three basic categories have been widely used to define clothing comfort sensation, which 

encompass the psychological, physical, and physiological factors involved in interactions 

between humans and the environment (shown in Figure 1.1) [3-10]. Each aspect is important in 

relation to context and preferences. In addition, each aspect of comfort is influenced by different 

attributes within the cloth-wearer-environment. It is important to classify and explain these types 

of comfort-related perceptions and their stimuli. 
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evokes psychological and physiological responses between the wearer and clothing, while 

psychological fluctuations also evoke physiological responses. Additionally, the fluctuations of 

psychological responses themselves also influence physiological responses. These processes are 

cyclical, and when one stimulus induces one aspect, that aspect also affects the other. Finally, the 

combination of these factors constitutes the complete clothing comfort sensation [46]. In this way, 

the clothing comfort sensation involves complex components with independent elements, as well 

as elements that are related to each other. Thus, to evaluate clothing comfort sensation, it is 

important not only to measure the physical characteristics of the fabric, but also to evaluate the 

wearer’s physiological and psychological characteristics. Clarifying the relationship between 

wearers’ psychological and physiological responses is an important aspect of clothing design to 

help people live comfortably.  
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1.1.2 Conventional evaluation methods for measuring clothing comfort sensation 
 

Many previous studies have attempted to measure psychophysiological responses to evaluate 

clothing comfort sensation. General linear analysis methods, such as correlation analysis and 

multivariate analysis, are usually performed on measured data. Because the calculations in linear 

analysis are relatively simple, it is possible to analyze a small amount of data with a low 

calculation cost. The results and relationships can be understood easily in the analysis. 

The most common type of study design in this area involves evaluating clothing comfort 

sensation using subjective evaluation of psychological sensations [17,18]. Such studies have also 

been used in product evaluation, investigating the correspondence between the properties of 

clothing materials and subjective ratings of wearers using correlation analysis. 

In addition, several studies have attempted to examine human physiological responses in 

addition to subjective sensations. In one well known example, measurements of thermal 

physiological responses such as body temperature and perspiration were used as thermal 

indicators [17,18]. These measures were performed by analyzing thermal physiological indicators 

such as changes of skin temperature in addition to subjective evaluation and assessment of 

material properties. 

In some physiological measurement methods, the activity of the nervous system is measured 

to evaluate clothing comfort sensation. As shown in Figure 1.3, the nervous system comprises 

two main components: the central nervous system and the peripheral nervous system.  

Electroencephalography (EEG) is widely used for the measurement of central nervous system 

activity. One study reported that EEG measurement may be effective for evaluating the sensation 

of warmth by clarifying differences in brain waves when putting on and taking off clothes [19]. In 

addition, sandpaper, which is considered to cause an uncomfortable sensation, was reported to 

induce lower α-wave power and a larger amplitude of the event-related P-300 (reflecting 



 10 



 11 

The studies described above suggest the effectiveness of evaluating clothing comfort 

sensation by measuring subjective psychological sensations, thermophysical indices, and the 

activity of the nervous system using general linear analysis. Thus, it appears to be possible to 

evaluate the relationship between clothing comfort sensation and various factors, including 

physical, psychological, and physiological components. 
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1.1.3 Proposal of evaluation method using artificial neural networks 

 

In most of the previous studies mentioned above, general linear analysis was performed as a 

conventional evaluation method. However, sensations in humans do not always exhibit linear 

changes in response to changes in presented stimuli. For example, Ernst Weber discovered 

Weber's Law. According to Weber’s Law, the threshold for discrimination between two stimuli 

increases in proportion to the stimulus intensity for many parameters [25]. Consequently, Gustav 

Fechner explained Weber’s law by assuming that external stimuli are scaled to a logarithmic 

internal representation of the sensation [25]. In addition, Stevens et al. reported an exponential 

relationship between the brightness of stimuli and the sensation of brightness [26]. These findings 

suggest that non-linear analytical approaches may be useful for the evaluation of clothing comfort 

sensation, and could potentially provide greater accuracy than conventional linear analysis. 

 In the current study, an artificial neural network (ANN) was used as a non-linear analysis 

method. ANNs are models that simulate networks of nerve cells (neurons) in the brain of an 

organism. ANNs typically have a three-layer structure consisting of an input layer, a hidden layer, 

and an output layer. When measurable values of physiological indicators and psychological 

sensations are input to the input layer, the values pass through the hidden layer. Finally, the values 

corresponding to a higher-order concept, such as the clothing comfort sensation, are output to the 

output layer. Back-propagation can be used as a learning method for ANNs. This learning method 

modifies the connection load between neurons in a direction to reduce the error between the 

teacher signal and the output value of the ANN. This process allows non-linear discrimination. 

Because ANNs have non-linear discrimination ability and self-organizing ability, it is possible to 

recognize patterns corresponding to deformation and ambiguity, and recognition ability can be 

achieved with human-like flexibility. Table 1.1. shows the advantages and disadvantages of non-
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linear analysis using ANNs [63]. The flexibility of non-linear analysis can be calculated using many 

features. As a disadvantages of this analysis, the relationships may be over-fitted, and it may not 

be possible to handle general data when only a small amount of data is used. In addition, the cost 

of calculation involved in non-linear analysis is much higher than that for conventional linear 

analysis. However, computational power has improved in recent years, increasing the ability to 

perform the calculations involved in non-linear analysis. Moreover, from the perspective of data 

measurement technology, some methods enable data to be collected easily. For example, fabric-

based sensing is a major research field in biomedical science and textile engineering [64] and the 

development of technologies involving wearable sensors for collecting data using 

electrocardiography (ECG) and thermo-physiological indices is also progressing [38, 39]. Because 

of the improvement of calculation technologies and the ease of collecting measurement data, it is 

easier to perform nonlinear analysis that requires a large amount of data and complex calculations. 

When targeting human sensations and responses, non-linear analysis methods using new 

technologies may be more effective than conventional linear analysis. Thus, these methods may 

be suitable for evaluating clothing comfort sensation. 

 

Table 1.1. Advantages and disadvantages of non-linear analysis using ANNs 

 

Although ANN methods have been applied to solve textile production problems [27-34], few 

studies have examined the application of ANNs for elucidating subjective clothing comfort 

Advantages Disadvantages (compared to linear model) 

High accuracy High computational cost 

Using many features Need a lot of data 

Flexible calculations of the relationships Risk of overfitting with a small amount of data 

Discovering relationships that are difficult to 
imagine easily Difficulty of understanding the result 
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sensation for the wearer because of their disadvantages. In one previous study involving comfort 

evaluation using an ANN, evaluation of the comfort of a skirt was performed using a small-scale 

ANN with data regarding the wearer’s body shape, product material, and pattern [35]. Another 

study using an ANN investigated the predictability of the sensation of comfort from other 

psychological sensations using the ANN. The results revealed a strong correlation between 

predicted and actual comfort ratings (r = 0.817) [35]. These findings suggest that overall comfort 

performance could be predicted using ANNs. 

Only a small number of attempts have been made to use ANNs to predict the clothing comfort 

sensation from the wearer’s body shape [35], material data [37], and psychological sensation data 

[36], and no previous studies have attempted to predict the clothing comfort sensation by including 

the physiological responses of the wearer as a feature. Evaluating the clothing comfort sensation 

via ANN analysis using physiological responses as input data may be an effective approach 

because physiological responses are one of the three elements of the clothing comfort sensation, 

and previous studies using conventional analysis methods reported the effectiveness of measuring 

physiological responses. 
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As a first step toward the overall research goal of this thesis, in Chapter 2, a conventional 

linear analysis method was first investigated. Although previous studies clarified the relationships 

among clothing comfort sensations and other psychological sensations and physiological indices, 

the stimulation conditions of the fabric samples were simplistic and varied widely. The 

effectiveness of measuring and evaluating physiological responses for undershirts with similar 

properties has not been completely clarified. Undershirt samples with minute material property 

differences were prepared, and the effectiveness of psychophysiological response measurement 

was assessed to clarify the relationships between psychological sensations and physiological 

indices. Regarding indices for measuring physiological responses, the most commonly used 

techniques are thermal physiological indices such as thermal sweating and body temperature, 

autonomic nervous system activity indices such as ECG, and central nervous system activity 

indices such as EEG. Thermal physiological indices and autonomic nervous system activity 

indices were the main focus in this thesis because the technologies for measuring the indices are 

progressing as wearable sensors [38, 39]. Thus, it is likely that easy and comfortable data collection 

in daily life will be possible in future. 

Chapter 3 reports psychophysiological data collection for ANN analysis, and describes the 

characteristics of the collected data. Specifically, changes in physiological and psychological 

responses were investigated, and the psychological structure of clothing comfort sensation was 

analyzed when the material of the undershirt samples was changed. 

Finally, in Chapter 4, the evaluation method using ANN with data obtained from the 

physiological and psychological responses in Chapter 3 was verified. The relationship between 

the prediction accuracy of ANN with input psychophysiological response data was investigated. 

In addition, the effectiveness of the evaluation method using ANN was verified by comparison 

with the predictions of a conventional linear analysis method. 
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2.1 Introduction 

As mentioned in Chapter 1, previous studies reported the effectiveness of methods involving 

the measurement of psychophysiological responses for evaluating clothing comfort sensation. 

However, in these previous studies, the stimulation conditions of the samples were simplistic and 

varied widely. The effectiveness of measuring and evaluating psychophysiological responses for 

undershirts with similar properties has not been clarified in detail.  

In this chapter, therefore, the effectiveness of measuring physiological psychological 

responses was confirmed by examining undershirts with very small differences in material 

properties. Undershirts were prepared using the same hydrophobic fiber materials with other 

similar material properties, namely polyester (polyethylene terephthalate [PET]) and 

polypropylene (PP). Psychophysiological responses were measured during the state of sweating 

induced by exercise as a complex situation.  

The purpose of the current chapter was to verify the effectiveness of conventional comfort 

evaluation by measuring psychophysiological responses when wearing clothing with minute 

differences in material properties, before conducting evaluation using ANN. 
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moisture to easily transport from the skin side to the outside when sweating as a background. On 

the outside, all samples were unified with PET, and the material on the skin side differed 

depending on the sample. The skin side of the PET/PP structure was PP yarn while the skin side 

of the PET/PET structure was PET yarn. 

 

 

Table 2.1. Specifications of the two types of yarn samples 

  PP PET 

Material Polypropylene spun yarn 
100% 

Polyester spun yarn 
100% 

Fineness of fiber [dtex] 1.80 1.32 
Fineness of yarn [tex] 15.2 14.9 

Diameter [mm] 0.221 0.209 
Number of twists [/inch] 22.33 20.68 

Twist factor [-] 3.53 3.27 
The number of hairiness [n/10m] 0 1 

Porosity [%] 56.4 52.2 
Elongation [%] 21.9 13.1 

U% [%] 11.21 8.4 

 

Table 2.2. Knitting structure of the undershirt samples and mixing ratio 

Fabric sample 

Knitting structure and material 

Total mixing ratio [%] Outside:  

Plain stich 
Skin side: Honeycomb 

PET/PP 
Polyester yarn 100% 

Polypropylene yarn 

100% 

Polyester 44% / 

Polypropylene 56% 

PET/PET Polyester yarn 100% Polyester 100% 
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2.2.2 Confirmation of subtle differences in material properties between samples 

 

In order to confirm the subtle difference in the material properties of the two types of fabric 

samples, various material properties of the fabric samples were measured.  

All of the experiments were conducted at 20 ± 1°C in an environment with a relative humidity 

of 65 ± 3%. These environmental conditions were in accordance with the relevant Japanese 

Industrial Standard (JIS); JIS L 0105. The specimens were kept in the environment described for 

at least 24 h before the measurements were carried out. The properties of fabric surface on the 

skin side were investigated. The skin side meant the side in contact with the skin while the 

undershirt was being worn. Each measurement was performed five times, and the mean value and 

standard deviation were calculated. The values for the material properties were used to assess the 

psychophysiological indices from the wearing experiment. 

The properties of bending, compression, surface, heat-transfer and air permeability were 

determined using a KES-FB System (Kato Tech, Inc., Kyoto, Japan) [11-13]. The moisture-transfer 

properties of the fabric samples were evaluated using the BOKEN method (BQE A 028) [41]. This 

method was used to measure the wicking and drying rate at 20 min.  

Table 2.3 shows the mean values and standard deviations of the material properties and results 

of significant differences between samples obtained in a Student’s t-test. The above 

measurements of the material properties of PET/PP and PET/PET samples revealed the following 

features.  
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addition, the wicking and drying rates of the previous study was about twice that of 20.0 to 11.8 

[%]. There were larger differences than the ranges of samples in this study.  

There was also a significant difference in the value of air flow resistance this time, but the 

difference is not larger than existing studies. In the sample used in other previous research [42], the 

value of the air flow resistance was about twice as different (0.041- 0.084 [kPa·s/m]), so there 

was a difference in the sensation of stuffiness.  

The two samples used in this study showed some significant differences between the samples 

due to the small variance of the measured data, but it is considered that the samples do not have 

absolute large differences compared to other similar wearing experiment studies. 

 

Table 2.4. Ranges of material property values of the samples used in this time and the previous studies 

Material properties Samples  
in this study 

Samples in  
previous studies 

Thermal transport 
Thermal conductivity [W/(m・K)] 0.0604 ~ 0.0664 0.0596 ~ 0.0783 

Insulation rate [%] 24.7 ~ 30.3 20.9 ~ 29.3 

Moisture transport Wicking ＆ Quick drying [%] 19.3 ~ 26.5 11.8 ~ 20.0 

Air permeability Air flow resistance [KPa・s/m] 0.035 ~ 0.041 0.041 ~ 0.084 
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2.2.3 Wearing experiment  

 

Wearing experiment was performed to evaluate the psychophysiological responses of 

participants wearing two types of undershirt sample having different characteristics.  

Ten healthy male college students participated in the experiment (age: 21.8 ± 0.8 years, height: 

173.7 ± 7.2 cm, mass: 64.2 ± 4.8 kg, body mass index: 21.3 ± 1.6). Due to a more stable body 

temperature and less changes in hormonal balance, male participants were chosen over female 

participants [43-45]. Also, participants were only healthy college students who had experience in 

the sensory evaluations and had discriminatory ability. The participants were advised to refrain 

from eating food for 2 hours before the experiment, from consuming alcohol for 24 hours before 

the experiment, and from consuming caffeine on the day of the experiment [46]. Each participant 

followed the experimental procedures for one sample per day, taking 2 days in total to complete 

the experiment. The information on the sample when worn was not given to the participants. A 

new undershirt sample was used in each experiment to avoid changing material properties of the 

samples. The experiment was carried out at the same time of day in consideration of the circadian 

rhythm of humans, to avoid potential bias resulting from the influence of thermoregulation [47]. 

 

The participants first changed clothes, putting on a T-shirt (100% cotton) and bottoms (cotton 

54% and polyester 46%) to ensure the same initial state. The participants then entered a room 

with a constant temperature and relative humidity of 20 °C and 65% respectively, and rested for 

15 min to allow their bodies to adjust to the temperature. ECG electrodes were then attached to 

the participants’ skin. The ECG was attached via a bipolar chest lead and the signal was amplified 

by an amplifier. Temperature and humidity sensor electrodes were also attached to four parts of 

the body (i.e., the left side of the chest, the abdomen, the upper back, and the lower back) to 
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Table 2.5. Evaluation term pairs of SD method 

Evaluation term pairs  

Hot–Cool 

Sticky–Slippery 

Stuffy–Dry 

Rough–Smooth 

Hard–Soft 

Heavy–Light 

Thick–Thin 

Poor texture–Good texture 

Uncomfortable–Comfortable 

 

Temperature and humidity sensors were used to measure the mean skin surface temperature 

and the mean humidity within the clothing throughout the 60-min experiment as the 

thermophysical indices. The average value of the temperature at the four points of the upper body 

(i.e., the chest, abdomen, upper back, and lower back) was calculated as the skin surface 

temperature. Similarly, the average value of the humidity at the four points of the upper body was 

calculated as the humidity within the clothing. 

As a method of physiological measurement, to measure the activity of the autonomic nervous 

system, ECG signals and a finger plethysmogram were recorded a total of five times at intervals 

of 2 min. The above signals were sampled at a frequency of 2000 Hz. The results from the ECG 

were analyzed to calculate some indices of autonomic activity. The results of the ECG—which 

measures autonomic nervous system activity—were analyzed. The time-series data pertaining to 

the time between adjacent R waves (i.e., the R–R interval) were obtained. CVRR was calculated 

using the coefficient of variation (CV) of the value of the R–R interval for each period of 2 min. 

The CVRR expresses the fluctuation of the heartbeat, with a higher value indicating an increase 
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in parasympathetic nervous activity [49]. In addition, Using R–R interval values, spline 

interpolation was performed. The integral ratio of the spline curve from the fast Fourier transform 

analysis was obtained by dividing the integral of low frequency (LF) (0.04–0.15 Hz) by the 

integral of high frequency (HF) (0.15–0.40 Hz) on the power spectrum. LF/HF was calculated as 

the ratio of LF and HF. LF/HF is a sympathetic nervous activity index, and the stress experienced 

is considered to increase with the value of the index [50]. MATLAB (MathWorks, Inc., Natick, 

Massachusetts, USA) was used for the analysis.  

In addition to the ECG, other autonomic nervous system activity indexes were used from a 

finger plethysmogram. The rising point during each beat was calculated from the pulse wave 

obtained by the pulse measurement transducer. The time difference between the value of the 

pulsation and the R wave of the electrocardiogram was obtained, and the pulse transit time (PTT) 

was calculated. The PTT is negatively correlated with blood pressure because the pulse wave 

transit time becomes shorter with vasoconstriction, and it was measured as an index of the blood 

pressure fluctuation. MATLAB software was also used in the analysis. 

 

A two-way ANOVA was performed on the values of sensory evaluation and thermophysical 

indices every 10 min with two factors (i.e., the sample and time). There were two levels of sample 

(i.e., PET/PP, and PET/PET) for all indices. There were seven levels of time (i.e., 0, 10, 20, 30, 

40, 50, and 60 min) for each thermophysical index, and five levels of time (i.e., 0, 10, 30, 40, and 

50 min) for each sensory evaluation score.  
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Table 2.6 denotes the calculated difference between the maximum temperature before 

exercise and the minimum temperature after exercise. The temperatures decreased after exercise 

for both samples. The differences between the maximum temperature before exercise and the 

minimum temperature after exercise was 0.63 ºC for PET/PP and 0.83 ºC for PET/PET. The skin 

surface got colder after exercise when wearing PET/PET. 

 

Table 2.6. The maximum and minimum mean skin surface temperature and their differences 

Temperature [℃] Maximum Minimum Difference 

PET/PP 32.91 (23min) 32.29 (40min) 0.63 

PET/PET 32.74 (18min) 31.91 (39min) 0.83 

 

Figure 2.6 gives the average humidity within the clothing for 10 participants over the course 

of the experiment. As the result of a two-way ANOVA, there was a significant main effect of 

time, F(6, 54) = 31.43, p < .001. The main effect of sample was non-significant, F(1, 9) = 0.91, p 

= 0.36, nor was the interaction between time and sample, F(6, 54) = 1.08, p = 0.38. For both 

samples, the humidity suddenly increased immediately after exercise. Afterward, the humidity 

dropped to a neutral level. 
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significantly before and after exercise as in physical conditions, the skin surface temperature and 

the humidity within the clothing. 

As the results of two-way ANOVA in each evaluation term, there were significant main effects 

of time for all evaluation terms except for Rough-Smooth and Hard-Soft (p < .001). There was 

no interaction between time and sample for any term pair. When wearers perspired after exercise, 

the roughness and hardness sensations of the undershirts did not change significantly. However, 

sensations of discomfort, such as hot, stuffy, and sticky sensation were greatly strengthened by 

exercise and perspiration. Following these sensations, the overall sensations of texture and 

comfort also worse than before exercise. 

 

Table 2.7. Results of two-way ANOVA for all evaluation terms (**p < 0.01, *p < 0.05) 

Evaluation term pairs  
Effect of time Effect of sample Interaction 

F(4,36) p   F(1,9) p   F(4,36) p 

Hot-Cool 30.44 0.00  ** 7.11 0.03  * 1.09  0.36  

Sticky-Slippery 16.89 0.00  ** 1.16 0.31   1.13  0.36  

Stuffy-Dry 17.98 0.00  ** 6.23 0.03  * 1.00  0.41  

Poor texture-Good texture 13.68 0.00  ** 1.01 0.34   1.05  0.40  

Rough-Smooth 2.07 0.13   0.43 0.53   0.98  0.41  

Hard-Soft 0.98 0.43   0.08 0.79   1.16  0.34  

Heavy-Light 6.57 0.00  ** 3.82 0.08   2.64  0.07  

Thick-Thin 7.03 0.00  ** 0.93 0.36   0.88  0.49  

Uncomfortable-Comfortable 9.15 0.00  ** 1.41 0.27    0.78  0.55  

 

A multiple regression analysis was performed to investigate psychological factors related to 

the clothing comfort sensation in this experiment. The Uncomfortable–Comfortable pair was used 

as objective variables, and the remaining evaluation terms were adopted as explanatory variables 

using the data of all time zones. The analysis adopted the stepwise method. As a result, Stuffy–

Dry, Poor texture–Good texture, Rough–Smooth, and Thick–Thin were selected as explanatory 
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Factor analysis revealed that the three main potential factors were the sensation of thermal 

and moisture transport characteristics, the sensation of the skin texture, and the physical sensation 

of the skin in the exercise/rest process. 

 

Table 2.9. Results of factor analysis 

Evaluation terms 
Loadings 

Factor 1 Factor 2 Factor 3 

Hot–Cool 0.74 -0.07 0.19 

Sticky–Slippery 0.88 0.00 0.10 

Stuffy–Dry 0.97 0.00 -0.05 

Poor texture–Good texture 0.54 0.55 -0.16 

Rough–Smooth -0.05 0.78 -0.04 

Hard–Soft -0.18 0.66 0.17 

Heavy–Light 0.05 0.05 0.70 

Thick–Thin 0.02 -0.04 0.82 
    

Loadings (sum of squares) 2.58 1.36 1.27 

Proportion of Variance [%] 32.3 17.0 15.9 

Cumulative Proportion [%] 32.3 49.3 65.2 
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2.4 Discussion 

2.4.1 Physical conditions of the wearing state 

 

A drastic increase in humidity within the clothes due to exercise was observed around 30 min 

as seen in Figure 2.6. This result indicates that the participants perspired immediately after 

exercise. There was no significant difference in the humidity within the clothes and thus no 

difference in the degree of perspiration between samples. After the perspiration (at 40 min), a 

decrease in skin surface temperature due to a sweat chill was observed for both samples (Figure 

2.5 and Table 2.5). Although there was no difference in humidity within the clothes, there was a 

difference in the temperature reduction between the samples. The result was considered to relate 

to the moisture transport property of the fabric samples. The temperature drop of PET/PP was 

smaller because the sample had a significantly higher wicking and quick drying property (Table 

2.3). The moisture on the skin surface was considered to move to the outside quickly, and it was 

difficult to chill the skin surface. 
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2.4.2 Psychological sensations 

 

Two-way ANOVA in the sensory evaluation revealed significant differences in the factor of 

sample only for Hot–Cool and Stuffy–Dry (Table 2.6). The result was considered to be due to 

thermal and moisture transport properties. There were significant differences in the thermal 

sensation Hot–Cool between the samples at the pre-rest time. The values of thermal transport 

properties (q-max and insulation rate) of the samples were thought to relate to this result. It had 

been recognized that q-max correlates with human contact coolness. PET/PP with a larger value 

of q-max provided a cool sensation. Additionally, the higher insulation rate of PET/PET also led 

to the warm sensation of PET/PET. 

Significant differences in the scores of Stuffy–Dry were observed between samples after 

exercise (at 30 and 50 min). The values for PET/PP were higher than those for PET/PET. The 

stuffy sensation was weaker for PET/PP. This result might be explained by the thermal and 

moisture transport properties and surface properties of fabrics being related. The sensation of 

stuffiness is a complex factor of the sensations of warmth and touch.[51] PET/PP had a high q-max, 

which means a stronger contact cooling sensation, and a lower dynamic friction coefficient (MIU) 

and small surface irregularity (SMD of wale direction) significantly, and easy to remove moisture 

on the skin surface because of the wicking and drying rates of the moisture transport properties. 

This may have weakened the sensation of stuffiness, even though the material properties of 

samples were subtle differences. 
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2.4.3 Autonomic nervous activity indices 

 

LF/HF, which is the sympathetic nervous activity index, increased at the measurement after 

exercise. These changes correspond to the result that the clothing comfort sensation changed 

significantly in the exercise/rest process. There was high correlation between the clothing comfort 

sensation and LH/HF values in the time process. This result indicated that LF/HF is useful in 

estimating clothing comfort sensation in situations involving dynamic change, such as the pre-

rest, exercise, and post-rest process. This result was same tendency as the results of previous 

literatures in that the stress of the sensation of skin touching and thermal sensation when wearing 

clothing enhance the sympathetic nervous activity [22, 23, 52, 53]. However, there was no significant 

difference between samples due to the large variability among participants. It was not possible to 

capture the subtle differences in material characteristics of the samples using LF/HF at in this 

chapter. 

The differences between samples might affect the CVRR when the participants felt the 

psychological stuffy sensation (Figure 2.14). The stuffy sensation might be generated by the 

thermal stimulus of perspiration due to exercise and the effect of moisture as mentioned in the 

discussion above. It was possible that such a complex thermal discomfort sensation can be 

estimated using the CVRR. A previous study reported that the CVRR is significantly higher when 

wearing work wear with a fan to prevent heat stroke than when wearing work wear without a 

fan.[54] The CVRR is therefore an index of comfort related to stuffiness and thermal stimulus. At 

this time, it was considered that the CVRR was higher for PET/PP because of better management 

of thermal and moisture after perspiration. It was considered that the difference in thermal and 

moisture transport properties of the undershirt samples was reflected in the parasympathetic 

nervous activity of the participants. However, Figure 2.15 indicated that the relationships of 
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absolute values of CVRR and stuffy sensations were not simple linear. It was suggested that fitting 

the relationship between physiological and psychological values using a simple linear analysis 

was not always suitable. Performing non-linear analyzes such as quadratic curves may be more 

effective in showing complex psychological factors. 

Significant differences were observed between samples in terms of Hot–Cool and Stuffy–Dry 

(Table 2.6) due to the stimulation in this experiment, which was thermal changes such as body 

temperature rise and perspiration due to exercise. It was considered that CVRR, which is the 

parasympathetic nervous system index, can be used to evaluate the differences in the physical 

conditions and psychological responses related to different thermal changes in the samples, rather 

than the sympathetic nervous system activity indices like LF/HF and PTT.  
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2.5 Summary 

In this chapter, the two kinds of undershirts with small differences in material properties were 

constructed from two types of fiber materials with similar characteristics (PP and PET) to 

investigate the effectiveness of psychophysiological response measurement for the evaluation of 

clothing comfort sensation. The wearers’ psychological sensations and physiological responses, 

such as ECG and pulse, were measured during pre-rest, exercise, and rest. 

As a result, it was found that the humidity within the clothing increased sharply, and the skin 

surface temperature decreased because of perspiration after exercise. Regarding psychological 

sensations, the sensation of stuffiness increased, and discomfort increased after exercise. In the 

exercise and rest periods, the LF/HF index values obtained using ECG exhibited a strong negative 

correlation with clothing comfort sensation. The results suggested that it is possible to estimate 

discomfort during perspiration caused by exercise from LF/HF. However, the differences between 

the samples were not confirmed in the LF/HF results. 

Wearers identified differences between the samples in the sensation of coolness and stuffiness, 

discriminating the minute differences between the thermal and moisture transport properties of 

the samples. In addition, the difference in the sensation of stuffiness between the samples after 

exercise was consistent with the CVRR obtained from the ECG, which is an index of 

parasympathetic nervous system activity. This finding suggests that CVRR can be used to 

estimate complex discomfort, such as the sensation of stuffiness associated with thermal and 

moisture transport properties. Therefore, the measurement of psychophysiological responses and 

conventional linear analysis methods could be applied in some components of evaluation of 

clothing comfort sensation when wearing clothing with minute material differences. However, 

the relationship between CVRR and the sensation of stuffiness did not exhibit a strong linear 
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Chapter 3. Psychophysiological data collection for 

ANN and analysis of the data structures 
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3.1 Introduction 

 

In Chapter 2, some relationships between psychophysiological indices were clarified using 

conventional analysis methods, and the evaluation of clothing comfort sensation was verified. In 

Chapter 3, the proposed ANN analysis was examined as a method for evaluating clothing comfort 

sensation. First, this chapter describes the details of an experiment designed to collect data 

required for the ANN analysis described in Chapter 4. The tendencies in the data were then 

analyzed for the latter part of the ANN analysis.   
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3.2 Methods  

3.2.1 Materials 

 

For the purpose of preparing various types of data in later wearing experiments for ANN, 

three types of blended yarns containing both hydrophobic fibers and hydrophilic fibers were 

selected in order to change the thermal and moisture coupling of the sample. Table 3.1 provides 

the blending ratios and properties of the spun yarns. Cotton, rayon, and PP were used to prepare 

blended yarns of cotton and PP (PP/Cy) and of rayon and PP (PP/Ry). The blending ratio of 

hydrophilic fibers to hydrophobic (PP) fibers was 70:30. This ratio was similar to the value 

considered suitable for favorable moisture transfer characteristics based on previous research [55]. 

 

Table 3.1. Blending ratios of the yarns and specifications of the spun yarns (means ± SDs) 

Yarn Blending ratio 
[%] 

Fineness of  
yarn [tex] Diameter [μm] 

Number of 
twists 

[time/inch] 

Twist factor 
[-] 

Tensile 
strength [N/tex] 

PP/Ry Rayon 70% / 
PP 30% 13.8 ± 0.7 162 ± 6 25.3 ± 1.3 3.9 ± 0.3 1.23 ± 0.05 

PP/Cy Cotton 70% / 
PP 30% 14.9 ± 0.7 224 ± 16 24.6 ± 0.6 3.9 ± 0.2 1.24 ± 0.14 

Cy Cotton 100% 14.1 ± 0.3 257 ± 8 24.6 ± 0.8 3.8 ± 0.2 1.39 ± 0.29 

 

Table 3.2 shows details of the fabric samples made from the spun yarns and the 

comprehensive mixing ratios of the samples. The fabric samples comprised rib stitches produced 

by a circular knitting machine (gauge number: 18), and were made so as to interknit two spun 

yarns (Figure 3.1). An offset needle bed, in which the front and rear needle banks were offset by 

half the width of the interval between the needles, was used to produce the fabrics. The three 

types of fabric samples are denoted PP/R/C (where R signifies rayon), PP/C (where C signifies 

cotton), and C. In all three samples, the yarns on the skin side of the fabric (skin side yarns) were 
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3.2.2 Material properties of samples 

 

Table 3.3 shows the material properties of the fabrics. The measurement indices were the 

same as in Chapter 2, mechanical properties, thermal, moisture, and air transport properties. The 

environmental conditions at the time of measurement and the number of measurements were all 

the same as in Chapter 2. 

 

Table 3.3. Mean values and standard deviations (SD) of the material properties of the fabric samples 

 

The measurements revealed that the fabric sample C had significantly greater weight, 

thickness, and air flow resistance than the other two samples, which indicates that this sample had 

poor air permeability. The sample PP/C had the largest values of surface properties, MIU (mean 

coefficient of friction) of course direction, MMD (mean deviation of friction) of both directions, 

and SMD (geometrical surface roughness) of both directions. Multiple comparisons using 

Blocked Property Property
PP/R/C PP/C C Reference & Conditions of 

measurementMean±SD Mean±SD Mean±SD

Bending

B: Bending rigidity
[gf・cm2/cm]

wale 0.023±0.001 0.027±0.001 0.038±0.002 

KES-FB2
Maximum curvature : 2.5 [/cm]

course 0.005±0.001 0.008±0.001 0.01±0.002 
2HB: Hysteresis of 
bending moment

[gf・cm/cm]

wale 0.030±0.001 0.037±0.001 0.049±0.002 

course 0.005±0.001 0.008±0.000 0.011±0.001 

Compression

LC: Linearity of compression-
thickness curve [-] 0.31±0.01 0.33±0.00 0.32±0.00 

KES-FB3
Rate of compression : 50 [s/mm]
Maximum Pressure : 50 [gf/cm2]

WC: Compression Energy
[gf・cm/cm2] 0.43±0.03 0.45±0.02 0.50±0.01 

RC: Compressional resilience [%] 43.6±1.4 41.6±1.2 34.7±0.6 
TO: Thickness under 0.5 gf/cm2

load [mm] 1.22±0.04 1.26±0.03 1.31±0.02 

Surface

MIU: Mean coefficient 
of friction [-]

wale 0.165±0.003 0.155±0.002 0.175±0.002 

KES-FB4
Contact force of MIU and MMD : 50 

[gf]
contact force of SMD : 10 [gf]

Tension of specimen : 20 [gf/cm]

course 0.195±0.002 0.201±0.002 0.197±0.005 

MMD: Mean deviation 
of friction [-]

wale 0.007±0.001 0.012±0.003 0.007±0.000 

course 0.013±0.002 0.015±0.003 0.011±0.002 

SMD: Geometrical 
roughness [micron]

wale 11.54±0.3 13.5±0.8 3.56±0.3 

course 11.87±1.0 12.5±0.7 7.7±0.3 

Thermal transport

q-max [W/cm2] 0.101±0.001 0.103±0.001 0.103±0.001 KES-F7 Thermo-Lab
Sourc of heat : 30 [℃]

ΔT : 10 [℃]
Air verocity of Qd : 0.3 [m/s]

Thermal conductance [W/(m2・K)] 61.1±0.8 62.3±0.7 63.4±0.9 

Insulation rate [%] 24.6±0.8 23.9±0.7 24.7±0.4 

Moisture transport Wicking ＆ Quick drying [%] 15.01±2.2 14.4±1.6 14.0±1.7 BOKEN BQE A028

Air permeability Air flow resistance [KPa・s/m] 0.044±0.001 0.041±0.001 0.084±0.003 KES-F8 
SENSE : H    SPEED : 2 [cm/s]

Weight [g/m2] 144±3 143±5 157±2 Electronic balance
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Tukey’s test revealed that the SMD values of PP/C were significantly higher than the other two 

samples. Thus, the PP/C sample appeared to have features of poor skin texture. 
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procedure for one sample per day, taking 3 days in total to complete the experiment. The order of 

wearing the three material samples for each participant was randomly selected. The information 

on the sample when worn was not given to the participants except for the size. A new undershirt 

sample was used in each experiment to avoid changing material properties of the samples. The 

experiment was carried out at the same time of day in consideration of the circadian rhythm of 

humans, to avoid potential bias resulting from the effect of thermoregulation.  

 

Participants first changed clothes, putting on a T-shirt (100% cotton) and trousers (cotton 54% 

and polyester 46%) to ensure the same initial status. Participants then entered a room with 

constant temperature and relative humidity levels of 24°C and 50%, and rested for 15 min to allow 

their bodies to adjust to the temperature. ECG electrodes, and temperature and humidity sensors 

(Hygrochron; KN Laboratories, Inc., Osaka, Japan) were then attached to participants’ skin as 

shown in Figure 3.3. The ECG electrodes were attached to the upper sternum and apical part of 

the participants via the chest bipolar induction method, and amplified by an ECG100C amplifier 

(BIOPAC Systems, Inc., Goleta, California, USA). The temperature and humidity sensors were 

attached to seven parts of the body (the left side of the chest, the abdomen, the upper back, the 

lower back, the left upper arm, the left femur, and the left calf). In this experiment, the materials 

of the blended yarn were changed from the viewpoint of hydrophobicity and hydrophilicity of 

fibers in the three types of undershirt samples. The thermal indicators were selected on the 

assumption that the thermal indices of temperature and humidity would also change when wearers 

exercised and perspired. 

Each participant wore an undershirt sample randomly selected from three different kinds of 

materials, and the ECG electrodes were connected to an amplifier via a lead wire.  
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 In this 60-minute experiment, the psychophysiological responses of the participants were 

measured every 10 minutes except for 10 minutes during the exercise period from 20 to 30 

minutes (refer to Figure 3.4). A total of five measurements were performed in a single experiment. 

As a measurement procedure, first, a sensory evaluation was performed to measure psychological 

responses. Furthermore, the physiological responses when worn were measured. After the sensory 

evaluation, ECG measurement was performed for 2 minutes. In addition, skin temperature and 

humidity within the clothes were constantly measured using a temperature and humidity sensor 

attached to the body to monitor the wearer’s body status. 

 In psychological response measurement, the SD method was employed. Sensations of 

participants were measured five times in total at intervals of 10 min, except while exercising. 

“Neither”, “Slightly”, “Very” and “Extremely” were used as the adjectives, and the evaluation of 

the adjectives was scored by seven points (−3 to +3). There were 10 evaluation term pairs: Hot–

Cool, Cold–Warm, Sticky–Slippery, Stuffy–Dry, Poor texture–Good texture, Rough–Smooth, 

Hard–Soft, Restrained–Unrestrained, Thick–Thin, and Uncomfortable–Comfortable (Table 3.4). 

The two pairs, Hot–Cool and Cold–Warm, were used for warmth sensation to confirm in detail 

the comfort of warmth. In these two pairs, hot and cold, which have negative meanings, were 

placed in the negative direction, and cool and warm, which have positive meanings, were added 

in the positive and comfortable direction. 
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Table 3.4. Evaluation term pairs of SD method 

Evaluation term pairs  

Hot–Cool 

Cold–Warm 

Sticky–Slippery 

Stuffy–Dry 

Poor texture–Good texture 

Rough–Smooth 

Hard–Soft 

Restrained–Unrestrained 

Thick–Thin 

Uncomfortable–Comfortable 

 

Temperature and humidity sensors were used to measure the mean skin temperature and the 

mean humidity within the clothes. The mean skin temperature (Tsk) was calculated according to 

Ramanathan’s four-point method, as expressed by equation (3.1) [56]. 

 

𝑇!" = 0.3	(𝑇#$%!& + 𝑇'()) + 0.2	+𝑇*%)+( + 𝑇#',*,						(3.1) 

where, Tchest = skin temperature of the left side of the chest [°C]; 

Tarm = skin temperature of the left upper arm [°C]; 

Tfemur = skin temperature of the left femur [°C]; 

Tcalf = skin temperature of the left calf [°C]. 

 

The mean humidity within the clothing was calculated from the results obtained by the sensor 

at four measuring points (the left side of the chest, the abdomen, the upper back, and the lower 

back). The average value of the four points was used as the representative value of the mean 

humidity within the clothing. 
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The ECG signal was sampled at a frequency of 2000 Hz. The results of the ECG—which 

measures autonomic nervous activity—were analyzed. LF/HF was calculated in the same way as 

in Chapter 2. 

 

In the wearing experiment, a two-way analysis of variance (ANOVA) was performed to detect 

significant differences among two main effects (i.e., the sample and elapsed time) and interaction 

between them. There were three levels of sample (i.e., PP/R/C, PP/C, and C) and five levels of 

elapsed time (i.e., 1-10, 11-20, 31-40, 41-50, 51-60min). Additionally, Tukey’s test was used for 

multiple comparisons. 
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3.3 Results 

 
3.3.1 Physical conditions of the wearing state 

 

The characteristics of the collected data are shown from here. First, the changes in thermal 

physical body indices when wearing each sample are shown. The mean skin temperature and the 

mean humidity within the clothing were calculated from the measurements of temperature and 

humidity sensors. The mean values and standard deviation of nine participants were calculated 

except for one participant who could not measure due to sensor malfunction in physiological 

measurement. Additionally in the PP/C condition, the mean value was calculated from the data 

of eight participants because of a sensor malfunction in another participant. The values at 1, 11, 

31, 41, and 51 min corresponding to the beginning of each measurement phase were used as 

represented values.  

Figure 3.5 shows the values of mean skin temperature. Figure 3.5 (a) is the absolute value of 

mean skin temperature, and Figure 3.5 (b) is the relative value from initial temperature to consider 

changes the state of after exercise. Multiple comparisons for absolute values revealed that there 

were significant differences between PP/R/C and PP/C at all time (**p<0.01, *p<0.05). 

Additionally, there were significant differences between C and PP/C at 10, 30, 40, 50 min.  
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Considering each sample, Stuffy-Dry was selected for PP/R/C, and Sticky-Slippery were 

selected for PP/C as significant variables. Since the standard partial regression coefficients of 

these variables were high, they had a high effect on the objective variable: the clothing comfort 

sensation. When wearing PP samples, sensations of stuffiness and stickiness, which are affected 

by sweating, were the factors that greatly affected clothing comfort sensation. 

For the sample C, Hard-Soft was a significant explanatory variable in addition to Poor texture-

Good texture. Therefore, for Sample C (with 100% cotton), the impression of compression 

softness, and good skin touch had a big influence on the clothing comfort sensation.  

In this way, the clothing comfort sensation was basically affected by the skin texture sensation. 

In addition, the impression with a high degree of influence changed depending on the differences 

in characteristics of each sample. 
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3.4 Discussion 

3.4.1 Relationships between psychophysiological responses and material properties 

 

In the results of the wearing experiment, the values of psychophysiological responses differed 

depending on the sample. In sample C, the value of humidity within the clothes was significantly 

higher than that for the other samples after exercise (Figure 3.6). This result was greatly 

influenced by the air permeability of the samples. It is presumed that the heat and humidity in the 

sample C increased significantly due to exercise because of low air permeability and low moisture 

transport property. The sample C was a thicker and its air permeability was significantly lower 

than the other two samples. Similarly, because of the influence of air permeability, the value of 

C was significantly higher for the psychological sensation of stuffiness at 40 min (10 min after 

the end of exercise). These results suggested that the humidity inside the clothes increased after 

exercise because of the low air permeability, and the change in humidity resulted in a high 

sensation of stuffiness after exercise. The analysis of the LF/HF scores revealed significantly 

higher values for sample C than for the two other samples after exercise (Figure 3.12). The results 

suggested that the value of LF/HF, which is an index of the sympathetic nervous system, increased 

because the wearer felt thermal discomfort after exercise caused by a sensation of stuffiness.  

In sample PP/C, the values of Uncomfortable–Comfortable tended to be smaller compared 

with the other samples after exercise. At 40 min, there was a significant difference between PP/C 

and PP/R/C. Similarly, the values of the sensation of hardness and smoothness of the fabric at the 

time of contact were smaller than those of PP/R/C. In terms of material property values, PP/C had 

significantly large values for surface roughness, which suggests that the wearer may have 

perceived this surface property when wearing the fabric. PP/C had a relatively low sensation of 

comfort associated with the skin contact after exercise, and the LF/HF value of the sympathetic 
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nervous system also gradually increased from the start of the experiment. There was a significant 

difference before and after exercise. Because the discomfort sensation was caused by negative 

skin contact sensations, the LF/HF value was expected to also increase. 

 



 76 

3.4.2 Psychological structures of clothing comfort sensations in each sample 

 

Multiple regression analysis with comfort as the objective variable was performed for each 

sample. As a result, the skin contact sensation was commonly selected as the explanatory variable, 

and another term different depending on the sample was selected as a significant variable in each 

sample. 

Considering each sample, Stuffy-Dry was selected for PP/R/C, and Sticky-Slippery were 

selected for PP/C significantly. It seems that the sensation related thermal, moisture and air 

permeability greatly affected clothing comfort sensation in samples using PP blended yarn. This 

also corresponded to the values of the material properties, and the PP blended yarn samples had 

remarkably better air permeability as compared with C. In addition, the transpiration of moisture 

was also PP/R/C > PP/C > C. For this reason, the PP blended yarn samples, which had the better 

air permeability and the moisture transport characteristics, evoked the low stuffy sensation, and 

greatly affected the clothing comfort sensation. 

For the sample C, Hard-Soft was a significant explanatory variable in addition to Poor texture-

Good texture. Since C made of 100% cotton was the thickest and had the highest WC and smallest 

SMD in material properties. So, the sample had compressional softness and low roughness. It is 

thought that the good mechanical contact sensation had a great influence on the clothing comfort 

sensation.  
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3.5 Summary 

In the current chapter, three types of undershirts were produced from PP blended yarns or 

cotton spun yarn, and the various material properties of fabric samples were measured to collect 

a range of psychophysiological data for ANN analysis. Using these three fabric samples, wearing 

experiments were conducted and psychophysiological responses were measured to analyze the 

structure of clothing comfort sensation.  

The results of the wearing experiments revealed that differences in reactions to 

psychophysiological responses were caused by differences in the material properties of the 

undershirt samples. Figure 3.13 shows the summary of the results in this chapter. It was found 

that the humidity within the clothing after exercise rapidly increased in sample C(100% cotton 

sample), which had low air permeability. Consequently, it took longer for the sensation of 

stuffiness to decrease. In addition, the wearer experienced sensations of hardness and roughness 

when wearing sample PP/C, which had a high level of surface roughness and a relatively large 

coefficient of friction. Because of the influence of these negative skin contact sensations, the 

clothing comfort sensation after exercise in the PP/C condition was lower than that for the other 

two samples.  

Multiple regression analysis was used to analyze the psychological structure of clothing 

comfort sensation for each sample. The results revealed that the selected explanatory variables 

corresponded to the features of the material properties of each sample. For the PP blended samples, 

which have better moisture transport and air permeability properties, the sensation related to the 

thermal comfort properties affected the clothing comfort sensation. In addition, the sensation of 

softness had a strong influence on sample C (100% cotton sample), which had high thickness and 

soft compression properties. Therefore, the psychological structures of clothing comfort sensation 

varied depending on the material characteristics of each sample. Using the data corresponding to 
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Chapter 4. Evaluation of clothing comfort sensation 

using artificial neural networks with 

psychophysiological responses as input data 
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4.1 Introduction 

As reported in previous studies and revealed by the findings presented in Chapter 2, the 

measurement of human psychophysiological responses and linear analysis were effective 

methods for evaluating clothing comfort sensation. However, although some results showed 

linear relationships, previous studies have not confirmed that human physiological and 

psychological responses are always highly linear. For example, the relationship between the 

psychological sensation of stuffiness and CVRR, which is a physiological index, were not found 

to be simple linear relationships in Chapter 2. Non-linear relationships were also reported in 

previous studies [25, 26]. Therefore, it may be more suitable to use ANN analysis than conventional 

linear analysis methods, because ANNs are more similar to the human brain structure and have 

flexible computing ability. No previous studies have combined ANN and psychophysiological 

response measurement for evaluating clothing comfort sensation. Therefore, in this chapter, 

evaluation of clothing comfort sensation was conducted using ANN analysis in combination with 

the psychophysiological response data obtained in Chapter 3. 

The relationships between input three conditions were investigated: (1) physiological 

responses only; (2) psychological responses only; and (3) both psychological and physiological 

response data. Furthermore, the prediction accuracy by conventional linear analysis using 

multiple regression analysis was compared with the accuracy of ANN. The purpose of this chapter 

was to verify the effectiveness of the clothing comfort sensation evaluation method using ANN. 

The findings of this study provide a first step toward constructing a more accurate ANN model, 

providing a tool for increasing understanding of clothing comfort sensation, and informing the 

development of useful tools for creating comfortable undershirt products. 
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4.2 Methods for evaluation of clothing comfort sensation by the ANN 

4.2.1 Data collection 

 

The data of the wearing experiment in Chapter 3 was used for the training data and 

constructing model by ANN. In the experiment, the state of the human condition changed 

variously in an environment where sweating occurs, and the three types of undershirt samples 

were used from a blended yarn in which the material ratio was changed. So, there were various 

clothing comfort sensations with various human conditions changed from the obtained 

physiological and psychological responses. 

As the psychological response data, I used the semantic differential (SD) method. There were 

10 evaluation term pairs: Hot–Cool, Cold–Warm, Sticky–Slippery, Stuffy–Dry, Poor texture–

Good texture, Rough–Smooth, Hard–Soft, Restrained–Unrestrained, Thick–Thin, and 

Uncomfortable–Comfortable. 

As the physiological responses, the thermal physiological indices calculated from the 

temperature and humidity sensor attached to the skin and the autonomic nervous system activity 

indices calculated from the ECG were used. Table 4.1 shows various indices calculated from the 

indices. Regarding the autonomic nervous system activity from ECG, various indices were 

calculated from the time domain and frequency domain of heart rate variabilities. 

Ten participants were measured in the experiment. However, the data for one participant could 

not be used due to a failure during measurement in the physiological responses, so the data for 

nine participants was used in this experiment. The result of the study was from only data for nine 

Japanese male college students as a first step, and had limitations. It is necessary to continue to 

collect data on wearing for a wide range of ages, women, and nationalities to build a model that 
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Each feature was individually normalized using Equation (4.1), and the feature quantity range 

was converted to a value in the range of 0 to 1. In general, a standardized transformation, which 

is transformed to the values with a mean of 0 and a standard deviation of 1 with a small effect of 

outliers, is performed on physiological response data. In this study, however, there were no data 

with large outliers, so normalization, which transforms the features to 0-1, was performed to 

reduce the learning cost of the calculation. 

 

𝑋 = (𝑋! − 𝑋"!#)	/	(𝑋"$% − 𝑋"!#)						(4.1), 
 

where: X = normalized data in each indice;	
Xi = actual data in each indice; 

Xmin = the minimum value of actual data in each indice; 
Xmax = the maximum value of actual data in each indice. 

 

The normalized data were randomly divided for training, validation, and testing data using 

the train_test_split function of the scikit-learn library of Python 3.6.5. All 128 data points were 

randomly divided into 86 data points for training (68%), 22 for validation (17%), and 20 for 

testing (15%). At this time, Uncomfortable–Comfortable was set in the argument stratify of the 

train_test_split function so that the output the scores of Uncomfortable–Comfortable were divided 

at the same rate in train, validation, and test data. 
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4.2.3 Neural network architecture 

 

Figure 4.2 shows the constructed ANN model and the indices used for input and output layers. 

Python 3.6.5 was used to construct the ANN models. The feature quantity to be input is the 

information of the sample and the values of indices obtained by measuring psychophysiological 

responses.  

For the input layer, three input conditions have been prepared: (1) physiological responses 

only; (2) psychological responses only; and (3) both psychological and physiological response 

data.  In addition, sample data was added under all conditions. As for the sample data, there were 

no data on the material properties corresponding to each participant's condition (same time zone), 

so the name number (PP/R/C; [1,0,0], PP/C; [0,1,0]], C; [0,0,1]) was used. In future studies, using 

a larger number of samples or developing the technology to collect physical data of materials 

when worn, we plan to use the material property values of each sample as the input amount. As 

data of psychological sensations, nine evaluation terms excluding “Uncomfortable–Comfortable” 

were used from the SD method. The data of physiological responses used for input are shown in 

Table 4.1. There were 24 physiological indices in total. 
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changed by a fixed amount (unit numbers were 30, 60, or 90). In summary, the total number of 

models verified this study were 18 by changing the number of units of hidden layers and the 

number of hidden layers. Table 4.2 shows all types of models with different structures. 

 

Table 4.2. Unit numbers of hidden layers and the numbers of hidden layers of each neural network model 

Model name Number of hidden layer Number of units of each hidden layer 

n 1 n 

2n 1 2n 

3n 1 3n 

n_n 2 First layer: n, Second layer: n 

2n_2n 2 First layer: 2n, Second layer: 2n 

2n_n 2 First layer: 2n, Second layer: n 

3n_3n 2 First layer: 3n, Second layer: 3n 

3n_n 2 First layer: 3n, Second layer: n 

3n_2n_n 3 First layer: 3n, Second layer: 2n, Third layer: n 

30 1 30 

60 1 60 

90 1 90 

30_30 2 First layer: 30, Second layer: 30 

60_60 2 First layer: 60, Second layer: 60 

60_30 2 First layer: 60, Second layer: 30 

90_90 2 First layer: 90, Second layer: 90 

90_30 2 First layer: 90, Second layer: 30 

90_60_30 3 First layer: 90, Second layer: 60, Third layer: 30 

 

In all models, dropout was applied to output the feature quantity from the hidden layer to the 

next hidden layer or output layer to prevent overfitting. Dropout is a technique for addressing the 

overfitting. The idea is to randomly drop units along with their connections from the ANN during 

training [57]. This prevents units from co-adapting too much. The dropout rate was set to 0.2, it 

meant 20% of data were dropped from the hidden layer to the next hidden layer or output layer.  
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Rectified Linear Unit (ReLU) function [58] was used as the activation function in each 

interlayer. Because there were five states of clothing comfort classification problems, the softmax 

function was used as the activation function in the final output layer. The output label (the scores 

of Uncomfortable–Comfortable) were categorical encoded (one-hot encoding), and categorical 

cross entropy was used as the loss function. 
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4.2.4 Model training and evaluation 

 

Training data were input to the above models to learn the features. The learning batch size 

was set to 20, and the epoch number was set to 300. Model learning was terminated when the loss 

of verification data did not decrease during the learning process. Adaptive moment estimation 

(Adam) [59] was used as the optimizing algorithm. Adam is one of the most sophisticated 

optimizing algorithms for ANN parameters. This algorithm was used because Adam can change 

the learning step by weight, with the previous gradient being most strongly related to the current 

gradient, and the uncertainty of the gradient update direction based on the annealing method. 

After the model was trained, unknown test data were used to predict the scores of Uncomfortable–

Comfortable. The accuracy rate of the model was confirmed based on the actual scores of clothing 

comfort sensation of the test data and the predicted clothing comfort sensation. 
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Table 4.3. Mean and maximum values of accuracy of test data in each model 

Mean [%] Max [%] Mean [%] Max [%] Mean [%] Max [%]

n 53 60 57 65 78 85

2n 53 65 65 70 80 85

3n 56 65 63 65 80 85

n_n 52 55 58 60 78 85

2n_2n 56 60 64 70 77 80

2n_n 57 75 60 65 80 80

3n_3n 58 65 67 70 77 85

3n_n 56 65 62 70 82 85

3n_2n_n 59 65 58 60 80 85

30 51 55 67 75 78 85

60 55 60 70 70 81 85

90 54 60 69 70 83 85

30_30 56 65 63 65 77 80

60_60 56 65 67 70 84 85

60_30 66 70 69 75 81 85

90_90 58 60 65 70 81 85

90_30 60 65 68 70 83 85

90_60_30 60 70 66 75 80 85

(1)
Physiological indices

(2)
Psychological indices

(3)
Both psychological and

physiological indices
Model

Input condition
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4.3.3 Analysis of misclassification 

 

One example of classification of test data is shown when both psychological and physiological 

data were used in model 60_60, which had the highest accuracy rate of all models stably. Table 

4.4 shows a confusion matrix between the actual values of the test data and the predicted values 

of the model after training. The best model accurately predicted the classification for 17 of the 20 

tests data (= 85%) and three cases were misclassified. Of the three cases of incorrect predictions, 

there was one case in which the data indicated a “slightly uncomfortable state (−1)” but the case 

was classified as a “very comfortable (+2)”, and two cases in which the data indicated “slightly 

comfortable state (+1)” but the case was classified as “slightly uncomfortable (−1)”. 

 

 

One of the above misclassification data was described in detail. Table 4.5 shows the 

psychological response values of the misclassified data that actual value was a slightly 

uncomfortable state (−1) and misclassified as very comfortable (+2). In this misclassified data, 

Table 4.4. Confusion matrix between the actual values of the test data and the 

predicted values of the best model 60_60 

Predicted value

-1 0 1 2 3

Ac
tu

al
 v

al
ue

Slightly Uncomfortable (-1) 6 0 0 1 0

Neither (0) 0 3 0 0 0

Slightly Comfortable (+1) 2 0 4 0 0

Very Comfortable (+2) 0 0 0 2 0

Extremely Comfortable (+3) 0 0 0 0 2



 95 

because sensations of softness and smoothness were high and the sensation of stuffiness was low, 

the ANN predicted that the clothing comfort sensation at this time was “very comfortable (+2)”. 

However, in the actual judgement of wearer was a “slightly uncomfortable (−1)”. 

 

 

Next, the difference in classification of test data between inputting conditions is described. In 

the best model 60_60, there were three data sets in which values were correctly predicted when 

the indices of both psychological and physiological data were input, but were incorrectly 

predicted when only the indices of the psychological data were input. Table 4.6 shows the three 

tests data and the probability distribution of each class used for prediction in each condition. In 

the probability density of Table 4.6, in the case of both psychological and physiological data, the 

correct value could be discriminated with a high probability of 0.4 or more. So, the predicted 

value and the actual value matched. However, in the case of only psychological responses, there 

Evaluation term pairs The values of a 
misclassification data

Hot–Cool 1

Cold–Warm -1

Sticky–Slippery 2

Stuffy–Dry 2

Poor texture–Good texture 2

Rough–Smooth 2

Hard–Soft 2

Restrained–Unrestrained 2

Thick–Thin 3

Actual value of
Uncomfortable–Comfortable -1

Predicted value of
Uncomfortable–Comfortable 2

Table 4.5. Values of psychological responses and comfort prediction values of 

misclassified data 
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was a high probability not only for the correct actual value but also for other wrong classes. The 

error value with the highest probability was wrongly selected for the predicted values. 

 

 

 

 

Table 4.6. Test data that correctly predicted values when the indices of both psychological and 

physiological data were input but that were wrong when only the indices of the psychological data 

were input and the probability density of each class used for prediction 

Test
data

Actual
value

Both psychological and physiological indices  (n=36) Psychological indices (n=12)

Predicted
value

Probability distribution of class Predicted
value

Probability distribution  of class

-1 0 1 2 3 -1 0 1 2 3

No. 1 0 0 0.12 0.47 0.29 0.06 0.06 -1 0.41 0.31 0.25 0.03 0.00

No. 2 2 2 0.00 0.11 0.26 0.44 0.19 1 0.01 0.15 0.45 0.24 0.16

No. 3 0 0 0.16 0.46 0.29 0.05 0.03 -1 0.41 0.31 0.25 0.03 0.00
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4.3.4 Comparison of accuracy with multiple regression analysis 
 

The prediction accuracy of the test data by ANN was compared with the method using the 

conventional linear analysis. A multiple regression analysis was performed to construct model 

as a conventional linear analysis for prediction of the clothing comfort sensation. The 

Uncomfortable–Comfortable scores of train data were used as objective variables, and the other 

psychological evaluation terms and physiological indices of train data were adopted as 

explanatory variables. It was same dataset as the ANN training.  The analysis adopted the forward 

selection method.  

The result of multiple regression analysis was shown in Table 4.7. From the physiological 

indices, HR and VLF, which are indicators of the sympathetic nervous system, were selected as 

explanatory variables. Among the psychological indices, Stuffy–Dry, Poor texture–Good texture, 

Hard–Soft, and Restrained–Unrestrained were selected as explanatory variables. 

 
Table 4.7. Results of multiple regression analysis for train data 

Objective 
variable Explanatory variables 

Partial 
regression 
coefficient 

Standard 
error 

Standardized 
partial regression 
coefficient 

F value t value  p value 

Uncomfortable
– 

Comfortable 
 

(Adjusted R2 = 
0.80) 

HR 2.34 0.99 0.41 5.57 2.36 0.02 * 

VLF 1.68 1.07 0.27 2.46 1.57 0.12  

Stuffy-Dry 1.04 0.32 0.21 10.57 3.25 0.00 ** 
Poor texture-Good 
texture 2.26 0.47 0.42 22.95 4.79 0.00 ** 

Hard-Soft 1.74 0.44 0.31 15.55 3.94 0.00 ** 
Restrained–
Unrestrained 0.62 0.29 0.13 4.76 2.18 0.03 * 

Constant term -2.12 0.88 - 12.61 -3.55 0.00 ** 
     **: p<0.01, *: p<0.05 

 

Next, the predicted Uncomfortable–Comfortable values of unknown test data were calculated 

using the prediction model created by the multiple regression analysis. The test data was the same 

as the 20 used in ANN.  
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Figure 4.6 shows a scatter plot of the actual and predicted test data. In many test data, the 

predicted values were similar to the predicted values. However, three data were much different 

values. The result was same tendency as ANN's predictions in Table 4.4. On the other hand, In 

the case of this linear prediction model, the predicted value when the actual value was -1 tended 

to be different from the actual value. These deviations caused the low adjusted coefficient of 

determination (r2 = 0.54) and high mean absolute error (MAE). MAE is the average value obtained 

by calculating the absolute value of the difference between the predicted value and the actual 

value for each data, and is used as an index of accuracy. The higher this value, the larger the error. 

 

 
 

Finally, the prediction results of the test data using the above multiple regression equation and 

the prediction results by ANN were compared. Figure 4.7 shows the actual values and predicter 

values of both multiple regression analysis and ANN methods. Regarding the result of multiple 

Figure 4.6. Scatter plot of actual scores and predicted scores  

of test data’s Uncomfortable-Comfortable 

y = 0.74x + 0.11
R² = 0.54, MAE = 0.61
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4.4 Discussion 

4.4.1 Prediction results by the ANN 

 

The attempt to predict the clothing comfort sensation from the data of various physiological 

and psychological indices revealed that it was possible to predict the clothing comfort sensation 

with a maximum accuracy of 85% using both physiological and psychological data as input 

parameters.  

The architecture of the model that showed the highest accuracy with this input data contained 

two hidden layers, with 60 neurons in the hidden layers (Model 60_60). Because the number of 

learning data points was relatively small in this study, it was not suitable for deep learning using 

many hidden layers. The structure of this model, with two hidden layers and 60 units in each 

hidden layer, was suitable for the data set of this study. It is probable that the accuracy of the test 

data was stable without the risk of overfitting because the parameters were appropriate for the 

number of data points. With a greater amount of data, it may be possible for future studies to 

construct a model that performs deep learning and achieves a high accuracy rate. 

The classification results of the test data after training of model 60_60 (the best model) were 

confirmed, and the data shown in Table 4.5 are provided as an example of misclassification. The 

example data were unusual, and these abnormal data may not have enabled learning with the 

relatively small amount of training data in the current study. Finally, the data were classified 

incorrectly. Misclassification could possibly be decreased in future studies with a greater amount 

of data and more variation. 

In Table 4.6, the probability densities of each class in the output layer of the three data sets, 

which were correct when both the physiological and psychological data were used and could not 

be classified correctly only using psychological data, were confirmed. When only the 
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psychological data were input, the probabilities were often dispersed. Consequently, the data were 

misclassified. This result appeared to indicate that a definitive evaluation cannot be made using 

psychological data alone. Therefore, the clothing comfort sensation could not be sufficiently 

predicted by the subjective psychological sensation alone, and it is useful to generate predictions 

by adding data for objective physiological responses to supplement unconscious physiological 

information. 

Comparing the result of conventional multiple regression analysis with the prediction 

accuracy of unknown data, the ANN method was more accurate. The reason for this result was 

thought to be related to the explanatory variables of multiple regression analysis and the number 

of inputs amount of ANN. In the case of multiple regression analysis, it was necessary to select 

explanatory variables to prevent multicollinearity. Therefore, six indices with less linearity with 

each other were selected as explanatory variables using the stepwise method. However, these six 

explanatory variables often differed from the actual values, even if the values were rounded off 

when evaluating unknown test data. This was a value corresponding only to the existing training 

data, and lacked flexibility. In the case of ANN analysis, there were also disadvantages in using 

all variables as input amounts. One of disadvantages was that the scale of the network was 

increased, and it took more time to construct a model. In addition, it may be difficult to converge 

the error if all variables are used as input quantities when there is a high correlation between 

variables [60]. Despite these disadvantages, it was possible to calculate the relationships between 

all variables and ANN. Therefore, the ANN appeared to develop into a model that flexibly 

responded to unknown test data. 
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4.4.2 Importance of measuring both psychological and physiological responses 

 

The input amount of ANN was tested under three conditions: (1) when only physiological 

response indices were used; (2) when only psychological response indices were used; and (3) 

when both physiological and psychological indices were used. The results revealed that the 

prediction of clothing comfort sensation was optimal when using data of both subjective 

psychological responses and objective physiological response indices. It was not possible to 

evaluate the clothing comfort sensation from one component of the response with high accuracy. 

In particular, the mean prediction accuracy was only 51%–66% when the analysis was based on 

physiological information alone. The results revealed that a high level of accuracy was achieved 

by inputting both psychological sensations and physiological responses of the wearing state 

because the amount of information increased by obtaining two aspects of the component of 

clothing comfort sensation. 

As mentioned in Chapter 1, clothing comfort sensation is a complex structure composed of 

three main independent elements of psychological, physical, and physiological aspects between 

humans and the environment. Each element exerts its own influence. The current ANN results 

revealed the effectiveness of measuring both psychological and physiological responses for the 

evaluation and prediction of the complex clothing comfort sensation. As originally hypothesized, 

the estimated accuracy of clothing comfort sensation was improved by incorporating 

physiological data. Measuring both psychological sensations and physiological responses 

appeared to have a complementary effect, leading to a better expression of clothing comfort 

sensation. It is necessary to measure psychological sensations and physiological states of the body 

including the autonomic nervous system activity when considering the clothing comfort sensation, 

which is a complex structure. The results indicated that ANN provided a good analysis tool for 
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handling human sensation and response data and performing flexible analysis, and it was possible 

to obtain a high level of accuracy using this approach. 
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value and lower mean absolute error. It indicated that the ANN method was more accurate for the 

prediction of clothing comfort sensation. Therefore, the findings suggested that the method using 

ANN and measuring data of psychological sensations and physiological responses was effective 

for the evaluation of clothing comfort sensation. 

In the present study, specific material property values were not used as input values because 

there were no material properties in the worn state and only three fabric samples were prepared. 

In future, measuring the material property values of many samples and clothes and combining 

them with input values will be useful for developing an ANN model with better performance 

accuracy. 
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Chapter 5. Conclusions 
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In this thesis, a method for evaluating clothing comfort sensation using ANN for non-linear 

analysis was verified. As a preliminary step, in Chapter 2, the effectiveness of 

psychophysiological response measurement using conventional linear analysis was confirmed 

with undershirt samples that had minute differences in material properties before ANN analysis. 

Two types of undershirt samples were constructed from PET and PP. These fibers had relatively 

similar properties with the same hydrophobic fibers when wearing undershirt samples with 

minute material properties. The evaluation scores of clothing comfort in the wearing experiments 

revealed a high negative correlation with LF/HF values, which is an index of sympathetic nervous 

system activity. The findings indicated that it was possible to evaluate the clothing comfort 

sensation from the sympathetic nervous activity index when wearing status changed significantly 

because of exercise or perspiration. However, a difference between samples was not detected in 

LF/HF values. Measures in which a minute sample difference could be confirmed were as follows. 

Wearers discriminated the differences between coolness and stuffiness sensations caused by the 

minute thermal and moisture transport characteristics of the undershirt samples. Furthermore, 

differences in the sensation of stuffiness were associated with CVRR, which is an index of 

autonomic nervous system activity. This finding indicated that the sensation of complex thermal 

discomfort can be evaluated using CVRR as an index of parasympathetic nervous system activity. 

Using this approach, even when undershirts with minute material differences were worn, the 

differences and relationships were clarified by the psychophysiological indices, and the 

measurement method was effective for evaluating clothing comfort sensation. The effectiveness 

of conventional measurement methods and linear analysis were confirmed for evaluation of 

clothing comfort sensation. However, the results regarding the relationship between CVRR and 

the sensation of stuffiness revealed a non-linear relationship rather than a linear one. In Chapter 
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2, although linear analysis was useful for evaluating simple changes that are dynamic in terms of 

physical status (pre-rest, exercise, post-rest), complex methods such as non-linear analysis are 

more effective for minute changes in higher-order psychological sensations and physiological 

responses. This chapter also indicated the need for non-linear analysis. 

 In Chapter 3, the collection of data regarding the ANN analysis in Chapter 4 and the data 

structure were explained. Three types of undershirts with different material properties were 

constructed using hydrophilic fibers (cotton or rayon) and hydrophobic fiber (PP) to obtain 

various types of data. The psychological structures of clothing comfort sensations were analyzed 

when the samples were worn. The results revealed that when wearing a sample using PP with 

high moisture transport properties and air permeability, evaluation terms related to moisture 

transport properties and air permeability, such as sensations of stuffiness and stickiness, were 

selected as psychological factors that had a strong influence on clothing comfort sensation. In 

contrast, for the 100% cotton undershirt sample, which had a softness and higher thickness, 

mechanical evaluation terms such as sensation of softness and skin contact were selected as 

psychological factors. These results indicated that the psychological factors involved in the 

wearer’s clothing comfort sensation changed with the material characteristics of the undershirt 

sample and perspiration. The data structure was confirmed before analysis using ANNs. 

In Chapter 4, evaluation of clothing comfort sensation using ANNs was attempted using the 

data of psychophysiological response measurement to verify the effectiveness of this method. The 

evaluation results revealed that it was possible to predict the clothing comfort sensation from an 

unknown data set with an accuracy of up to 85% when both the physiological response indices 

and psychological sensation data were used as the input data. These results suggested that it is 

important to measure both physiological and psychological aspects when evaluating clothing 

comfort sensation because the accuracy of the input conditions was lower when only 
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psychological data or physiological response data were included separately. Comparison of the 

ANN findings with the prediction results of multiple regression analysis (a conventional linear 

analysis method) revealed that the ANN analysis was more accurate. These results indicated that 

the evaluation method using an ANN with psychophysiological response data was useful as a new 

technique for evaluating clothing comfort sensation. 

Thus, the effectiveness of the evaluation method was verified for assessing the clothing 

comfort sensation using ANN as a first step. Additionally, the importance of measuring both 

physiological responses and psychological sensations was confirmed. The current findings may 

enable the development of more accurate and effective evaluation methods for clothing comfort 

sensation in the future. 

 

Although the effectiveness of the method using ANN was verified, the current experiments 

involved several limitations that should be considered.  

1. The results of the study were obtained using data from nine Japanese male college students.  

2. Because there were only 128 data points in total, the ANN model did not perform deep 

calculations. Small-scale hierarchical neural networks were used in this thesis.  

3. The ANN had a simple hierarchical structure for inputting raw data. The multivariate data 

were not analyzed before inputting, and other non-linear analysis methods were not 

examined. 

4. Regarding the sample data, there were no data on the material properties corresponding to 

each participant’s condition at the same time, so the name number (PP/R/C; [1,0,0], PP/C; 

[0,1,0], C; [0,0,1]) was used.  
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There are several possible future research directions for addressing these limitations. First, it 

would be useful to collect data in female participants, and samples that include a wide range of 

ages and nationalities, to build a model that predicts the clothing comfort sensation from diverse 

physiological and psychological responses in future. Second, it may be valuable to include a larger 

number of samples and material data collected while clothing is worn as input data. The 

measurement of complex physical characteristics, such as the transport of heat and moisture and 

the skin contact state in real time at the time of wearing, would enable material and physical 

property data to be included in the ANN model. Thus, the proposed method for evaluating 

clothing comfort sensation can be improved in future studies. Additionally, it will be possible to 

prepare a larger amount of wearing data in the future using computer technology and 

measurement methods for physiological responses. The ANN model can also use other sources 

of information, including individual age, physical information, cultural attributes, and material 

information about fabrics, yarns, fibers as input data (shown in Figure 5.1). It will be possible to 

improve accuracy by examining the method and verifying its accuracy under various input 

conditions, and to improve accuracy and practicality by combining this approach with other non-

linear analysis methods. The current approach may contribute to the development and 

manufacturing of undershirt products that consider each individual wearer. 

The current findings suggest that ANNs may also provide a better tool for understanding 

clothing comfort sensation, which is a complex and higher-order sensation, as well as a tool for 

improving accuracy for the purpose of developing comfortable products. The current thesis 

verified a method for evaluating clothing comfort sensation using ANNs. The findings enabled 

examination of the relationships between output results (clothing comfort sensation) and input 

data (psychophysiological responses) by changing input amounts. Therefore, when the input 

amount is increased by various types of data, it is possible to deeply investigate the relationship 
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black box model, such as ANNs, and to clarify the important input features that contribute to the 

output result, may be useful for improving ANN analysis in future. With the development of these 

technologies, ANNs will provide a better tool for understanding the complex phenomenon of 

clothing comfort sensation. 
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