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1. Introduction

Online shopping has become a popular way to purchase many 

kinds of products.  Consumers can search for and purchase prod-

ucts worldwide on e-commerce sites and the products will be deliv-

ered to them in a few days or weeks.  The recent COVID-19 pan-

demic has accelerated this trend [1].  However, in some cases, 

especially when shopping for clothing, there may be a discrepancy 

between the visual information conveyed by photos on the online 

shop and the texture and feel of the actual material once it is in the 

consumer’s hand, leading to dissatisfaction in the customer.  One 

reason for this discrepancy is that the haptic information consumers 

assume based on the photographs and the written descriptions of 

the clothing may not sufficiently convey the information that would 

be obtained from touching the fabrics.  In addition, this visual in-

formation may not translate well into a consumer deciding to 

choose the product.  Much research has been conducted with the 

aim of developing novel devices such as haptic displays that are ca-

pable of transferring haptic information [2, 3].  However, these de-

vices are not yet ready for use by consumers.  Information about 

consumers’ shopping behaviors in terms of clothing purchases is 

not easy to understand.

Recently, some studies on visual and haptic cross-modal recog-

nition have been reported in the field of psychology [4-6].  These 

studies have helped to clarify the relationship between visual and 

haptic cross-modal integration.  These studies used simple samples 

such as Lego TM  bricks or hard solid objects produced by a 3D print-

er.  However, fabric textures are more complicated because fabrics 

are flexible and can have elaborate surfaces.  A complicated fabric 

texture might also affect the recognition between visual and haptic 

information.  In our previous fundamental work [7] , we investigat-

ed both short-term and working memory of the visual and haptic 

sensation of fabric.  It was found that fabric is recognized under 

both visual and haptic modalities.  It was also found that 

cross-modal recognition of fabrics was possible; that is, a fabric 

learned visually can be recognized via haptic test and vice versa.  

The next question of this study is what kind of the fabric texture 

and physical properties are difficult in recognized under both visual 

and haptic modalities and cross-modal recognition.  Therefore, the 

objective of this study was to determine the influence of fabric tex-
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ture on the information transfer from visual to haptic and vice ver-

sa.  The results can be applied to design fabric features that elicit 

short-term memory of the texture.

2. Experimental data

In this study, the same sensory evaluation data in our previous 

study [7] was used for the analysis.  Specification of eleven fabric 

samples and CIELAB color coordinates:  L*a*b*  are shown in Ta-

ble 1 and Table 2, respectively.  The mechanical properties of the 

samples, as measured using the Kawabata evaluation system, var-

ied widely.  Lightness values ( L* ) ranged from 1.66 to 2.70, indi-

cating the color difference was small.  The experimental procedure 

involves two learning conditions, vision (V) and haptics (H), and 

two test conditions, within or across modalities, as shown in Fig. 1 

[7].  These conditions are abbreviated as V–V, H–H, V–H, and H–

V.  For the visual stimulus, a fabric sample (6 × 6 cm) was waved 

to emphasize the difference in visual material texture , was set 30 

cm from the participant’s eyes at eye level.  For the haptic stimulus, 

a fabric sample (20 cm × 10 cm, warp × weft) was placed in the 

black box and a participant manipulate sample freely.  The 42 par-

ticipants performed 36 trials following the procedure in Fig. 1, 

which took about 1 hour.

3. Analysis

3.1 Generalized linear mixed models

We used generalized linear mixed models (GLMMs) to quantify 

the difficulties of recognizing various fabrics.  The applied 

GLMMs are regression model for fitting.  Fig. 2 shows schematic 

images of the GLMMs used in this study.  The models consist of 

fixed effects, random effects, and residual error.  In this study, the 

fixed effects are the kind of stimuli presented (old or new), the ex-

perimental conditions (H-H, H-V, V-H, V-V), and their interaction 

of the stimuli and conditions.  The random effects are the individu-

al differences between participants or samples.  The residual error 

is the error that cannot be expressed by either the fixed or random 

effects.  Thus, the model can be expressed as eq. (1)

f(Resp)=aX + bY + e, (1)

where  Resp  is the response of participant,  f  (Resp) is a link function 

for the probability distribution of responses (in this study, a probit 

function is applied, as shown in Fig. 2),  X  is a matrix of the fixed 

effects parameters,  Y  is a matrix of the random effects parameters, 

a is an unknown vector of the fixed effects regression coefficients, 

b is an unknown vector of regression coefficients for the random 

Fig. 1    Experimental procedure for the memorization and retrieval sections.
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effects, and e is a residual error term assumed to be normally dis-

tributed with a mean of zero and is independent of random effects.  

In GLMMs, the coefficients of the fixed effects are estimated by 

maximum likelihood (ML).  However, the coefficients of the ran-

dom effects cannot be calculated by ML because the number of pa-

rameters is greater than the number of simultaneous equations.  

Therefore, the random effects are assumed to be sampled from a 

normal distribution with a mean of zero and its variance is estimat-

ed by ML.  The likelihood for GLMMs is defined by eq. (2).

  ( ) ( )| , |i i i i iL p Resp p s dα β β β∞

−∞
=   (2)

Here,  L  is likelihood,  i  is the sample number, p(Resp
i
 | a, b

i
) de-

notes the appropriate probability density function, and  s  is the vari-

ance of each random effect.  Through integration, the coefficients 

of the random effects can be wiped out when calculating the likeli-

hood [8, 9].  For estimating the coefficients by ML, the Laplace ap-

proximation, which is faster and more accurate than these algo-

rithms, for the hierarchical logistic regression [10, 11].  As 

mentioned above, the random effects are assumed to be normally 

distributed, and thus each random effect of each sample can be es-

timated from the variance  s .  The estimated values of the random 

effects show the recognition difficulty for each fabric sample and 

participant.

3.2 Individual differences among fabric samples

The response (old or new), Resp was modeled as eq. (3).

Resp ~ Stim*Cond + (Stim|Subj) + (Cond|Subj) + 
 (Stim|Item) + (Cond|Item). 

(3)

The response “old” means that the participant answered that the 

sample was the same fabric presented in the test condition.  The re-

sponse “new” means that the participant answered that it was not 

the same.   Stim  is the presented stimulus type in the test condition 

(old or new).   Cond  is the condition of the experiment (V-V, H-H, 

V-H, or H-V).   Subj  is the participants (all participants).   Item  is the 

kind of sample (one of the 11 fabrics shown in Table 1).  The sym-

bol “ A * B ” means the effects of  A ,  B , and the interaction of the 

two.  “ A  |  B ” means that  B  is treated as a random effect for  A .  In 

this study, we focused on the random effects of  Item  for  Cond

( Cond  |  Item ).  These effects indicate the individual differences 

among fabric samples for each experimental condition.

4. Results and discussion

4.1 Differences among random effect for samples in H-H, 

H-V, V-H, and V-V conditions

Does visuo-haptic recognition depend on the kinds of fabrics? To 

answer this question, we compared the full model (eq. (3)) and the 

reduced model that removed the random effect: ( Cond  |  Item ) using 

Fig. 2    Schematic image of GLMMs showing fixed effects and random effects.
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simulation-based likelihood test (RLRSim in R).  The test showed 

a larger likelihood and a smaller AIC for the full model ( p  <0.01), 

indicating the individual difference in the recognition among the 

fabric samples.  Fig. 3 compared the random effects of all 11 fabric 

samples across the four conditions (H-H, H-V, V-H, V-V).  In the 

figure, lower values indicate that the remembered fabric (old fab-

ric) was correctly chosen as an old fabric at a higher probability.  In 

contrast, higher values indicate that the remembered fabric (old 

fabric) was correctly chosen at a lower probability.  In the V-V con-

dition, all values of random effects were small, and the participants 

continued to remember to the old fabric during the subsequent tri-

als.  For the other three conditions (H-H, H-V, V-H), differences in 

random effects for the fabric samples were clearly observed.  The 

tendency of the results of H-H and V-H condition are similar.

The random effects of samples F3 and F7 showed large values in 

all conditions except V-V, suggesting that these fabrics were diffi-

cult to retrieve correctly.  Sample F3 is a plain weave and F7 is a 

2/2 twill weave with a slight luster.  The weave structure was visu-

ally recognized in both samples, but the lack of strong fabric hand 

features might have influenced the difficulty of haptic discrimina-

tion.  For the H-H condition, samples F1 and F2 were easy to rec-

ognize.  The surface of sample F1 is smooth and shiny.  The hand 

of sample F2 was evaluated as thin, soft, and smooth.  However, in 

the H-H condition, participants could not see the shiny finish.  

Therefore, the softness and smoothness of the sample might be the 

key qualities for H-H recognition.  Sample F11 is a standard wool 

twill fabric without any particular features.

For the H-V condition, samples F5, F6, F9, and F11 were easy to 

recognize and samples F3, F7, and F10 were difficult to recognize.  

Both F5 and F6 are thicker than the other samples (see Table 1).  

Fig. 3    Estimated random effects of each fabric sample for four conditions: 
H-H, H-V, V-H, V-V.

Table 1    Physical properties of the fabrics. [7]
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Sample F9 is a georgette fabric and it showed the largest random 

effects value.  It is likely that the irregular surface texture of F9 

generated a strong haptic perception.

For the V-H condition, samples F1, F2, and F10 were easy to 

recognize and samples F3, F7, F9, and F11 were difficult to recog-

nize.  This tendency was also found in the H-H condition.  For the 

V-H condition, participants might assume a smooth fabric based on 

their perception of its shiny surface.

4.2 Mechanism of recognition failure in the cross-modal 

conditions

We next focused on the fabrics that were difficult to recognize.  

Table 3 shows the accuracy rate of fabrics having positive random 

effects in the H-V and V-H conditions.  Here, the accuracy rate 

(AR) is calculated as eq. (4).

 AR =  number of times the correct answer was given / 
  number of times the fabric was presented 

(4)

In the recognition experiment, “new fabric” was randomly present-

ed to the participant, and thus the value of the denominator in this 

equation was decided each case.

Samples with accuracy rates of less than 0.33 are listed in Table 

3.  The top part of the table [I] shows the accuracy rates between 

the fabrics with positive random effects and the new fabrics with 

low accuracy rates.  For example, the random effect of F3 was 

0.299 and the accuracy rate was 0.17 when F3 was remembered 

with haptic perception (old) and F7 was presented as new.  In con-

trast, the bottom part of the table [II] shows the accuracy rates be-

tween the fabrics with positive random effects and old fabrics with 

low accuracy rates.  For example, F10 was remembered when pre-

Table 2    CIELAB color co-ordinates: 
L*a*b* values (D65). [7]

Table 3    Accuracy rate of fabrics that had positive random effects for H-V and V-H conditions.
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sented haptically but as F1 (random effect: 0.098) when presented 

visually.  The accuracy rate was as 0.00 when F1 was judged as 

F10 in all trials, indicating that failure occurred.  Similarly, F2 was 

remembered when presented haptically but as F3 when presented 

visually.  The accuracy rate was 0.33 in this case.  Low accuracy 

pairs of fabric samples such as F3 and F7 were also found in both 

H-V and V-H conditions.

The relationship between accuracy rate and the physical proper-

ties of the fabric is considered to explain the accuracy rate.  The 

physical and  L*a*b*  values were normalized as the mean ( X 
mean

 ) 

and standard deviation ( X 
std

 ) of the 11 fabrics by the following for-

mula:  S 
i
  =  ( X 

i
  –  X 

mean
 ) /  X 

std
 .  The difference between the remem-

bered fabric (old fabric) and the retrieved fabric (new fabric) was 

calculated by subtracting  S 
i-new

  (new fabric) from  S 
i-old

  (old fabric) 

and represented as  DS 
i
 .

In Fig. 4, The  DS 
i
  of physical and  L*a*b*  values for low accura-

cy rate pairs are shown for each condition.  The positive values of 

the  DS 
i
  mean that the property of  S 

i-old
  (old fabric) is larger than that 

of  S 
i-new

  (new fabric).  Fig. 4 shows that the profile of the fabric fea-

ture in varies with the condition (H-V, V-H).  Hence, cluster analy-

sis (Ward’s method, hclust function with ward. D2 method in R 

[12] ) was applied to these  DS 
i
 values to evaluate the fabric differ-

ence in each experimental condition.  Fig. 5 shows the dendrogram 

obtained by the cluster analysis, in which three categories are ap-

peared.  Cluster 1 consists of six pairs of fabric (F9/F6, F4/F5, F10/

F1, F10/F7, F6/F7, and F3/F7).  Fig. 6 shows the  DS 
i
  for each phys-

ical value in Cluster 1.  A difference in thickness was observed for 

F9/F6, F4/F5, and F6/F7.  For F10/F1 and F10/F7, fabric thickness 

had similar values but fabric surface roughness  SMD  varied.  Par-

ticipants may guess the fabric thickness and  SMD  when tactically 

discriminating the fabric.  Cluster 2 consists of four pairs of fabric 

(F3/F11, F3/F10, F7/F9, and F7/F10).  Fig. 7 shows the  DS 
i
  for 

each physical value in Cluster 2.  The mechanical and physical 

properties of  DS 
i
  were small among the samples, indicating that the 

pairs in the Cluster 2 fabrics had a low recognition accuracy in the 

vicinity of 0.  The participants could not recognize the difference 

among samples during the experiments.  Cluster 3 consists of six 

pairs of fabric (F9/F11, F8/F11, F7/F3, F9/F3, F2/F3, and F1/F11) 

Fig. 4    DS
i
 of physical and L*a*b* values for fabric pairs that occurred in recognition failure.
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Fig. 6    DS
i
 of physical and L*a*b* values for fabric pairs that occurred in recognition failure in 

Cluster 1.

Fig. 5    Hierarchical clustering dendrogram of the difference between two fabric discriminations 
(V-H and H-V).  Fabric sample paired: F9/F6 ： New or Old: First sample name (F9) 
corresponds to the remembered sample as “New” or the retrieved sample as “Old”.
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Fig. 8    DS
i
 of physical and L*a*b* values for fabric pairs that occurred in recognition failure in 

Cluster 3.

Fig. 7    DS
i
 of physical and L*a*b* values for fabric pairs that occurred in recognition failure in 

Cluster 2.
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that had a low accuracy rate.  These fabrics were characterized by 

their surface features, including roughness and smoothness.  Fig. 8 

shows the  DS 
i
  for each physical value in Cluster 3.  The  DS 

i
  values 

of the surface properties were negative except for F9/F11, indicat-

ing that when rough fabrics are evaluated as a new fabric, the sur-

face of this fabric (new) is recognized more or less the same as the 

roughness of the remembered fabric (old).  These results suggest 

three reasons for recognition failure.  First, the visual estimation of 

thickness was not easy to discriminate.  In Fig. 9,  SMD  values are 

plotted according to fabric thickness.  Even in two fabrics of nearly 

Fig. 9    Plots of thickness against SMD.

Appendix:    Characteristic values of physical properties and measurement conditions.
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identical thickness, the surface fiber fuzz and light reflection may 

change the visual sensing information enough to discriminate be-

tween them.  In this case, participants might touch the fabric and 

make a decision using visual and haptic cross-modal integration.  

Second, when the physical properties of two fabrics are very simi-

lar, the discriminating decision regarding the new and old fabrics 

were nearly the same.  Third, the decision was influenced by the 

fabric surface texture.  The subtracted values for surface roughness 

(SMD) were negative except in the V-H condition for F9/F11, 

which implies that once surface is discriminated, it is difficult to 

feel accurately using a single modality.  In the case of e-commerce, 

it is better to present as much surface information as possible, for 

example using the pictures to show fabric surface fuzz or weave 

structure.

5. Conclusion

In this study, the difficulties of visual and haptic cross-modal 

recognition were investigated, with a focus on the effects of the 

physical and optical properties of fabrics on the recognition of par-

ticipants.  Analysis of the random effects obtained by GLMMs re-

vealed that difficulties discriminating between samples not only 

arose from a given fabric’s physical properties but was also influ-

enced by the comparison of fabric pairs.  As a result, three ways of 

recognition were considered in cases of poor discrimination in 

cross-modal recognition.  The discrimination of fabric thickness 

was influenced by both visual and haptic information.  In fabrics of 

nearly identical thickness, the surface fiber fuzz and luster obtained 

by visual sensing information may influence the haptic discrimina-

tion.  Surface texture is a very important factor for such an evalua-

tion.  When the surface texture was evaluated visually first and 

haptically second, participants might think the fabric surface is 

rougher than the actual texture.
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