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Abstract 

 
Fabric Wrinkle Characterization and Classification Using Modified 

Wavelet Coefficients and Support-Vector-Machine Classifiers  

 

Jingjing Sun, M.S.T.A.T 

The University of Texas at Austin, 2012 

 

Supervisor:  Bugao Xu 

 

Wrinkling caused in wearing and laundry procedures is one of the most important 

performance properties of a fabric. Visual examination performed by trained experts is a 

routine wrinkle evaluation method in textile industry, however, this subjective evaluation 

is time-consuming. The need for objective, automatic and efficient methods of wrinkle 

evaluation has been increasing remarkably in recent years.  

In the present thesis, a wavelet transform based imaging analysis method was 

developed to measure the 2D fabric surface data captured by an infrared imaging system. 

After decomposing the fabric image by the Haar wavelet transform algorithm, five 

parameters were defined based on modified wavelet coefficients to describe wrinkling 

features, such as orientation, hardness, density and contrast. The wrinkle parameters 

provide useful information for textile, appliance, and detergent manufactures who study 

wrinkling behaviors of fabrics.   

A Support-Vector-Machine based classification scheme was developed for 

automatic wrinkle rating. Both linear kernel and radial-basis-function (RBF) kernel 



 v

functions were used to achieve a higher rating accuracy. The effectiveness of this 

evaluation method was tested by 300 images of five selected fabric types with different 

fiber contents, weave structures, colors and laundering cycles. The results show 

agreement between the proposed wavelet-based automatic assessment and experts’ visual 

ratings.  
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Chapter 1: Introduction 

1.1 MOTIVATION AND GOAL  

 Wrinkles, which are rapid rises and falls of the surface from the initial planar 

status of the fabric, are caused in wear and care procedures. The usefulness and 

longetivity of apparel and upholstery products are mainly rely on the fabric performance 

characteristic of wrinkling. Therefore, fabric wrinkle evaluation method received lots of 

attention from textile manufacturers, retailers, consumers and also researchers in material 

science area.  

The development of quantitative methods for evaluating the fabric wrinkling has been 

a hot topic since 1950s. Conventionally, fabric wrinkling is evaluated by visual 

examination, which is performed by trained experts in accordance to the wrinkling 

standards replicas [1]. However, the subjectivity and time-consuming nature of this 

method cause questionable efficiency. Recently, many instruments have been developed 

and introduced to textile industry to meet the needs for more objective and reliable 

measurements of fabric wrinkling appearance [2-14]. For example, 3D imaging 

technology, including laser structure light [2-4] and stereovision [5-8], has been used to 

generate 3D surfaces or profiles from which wrinkles can be detected. Also, various 

digital image analysis methods have been adopted for automatic wrinkle characterization 

and grading based on 2D texture information [9-14].  

The principle goal of my study is to design a novel wrinkle evaluation system to 
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characterize the wrinkling appearance for providing useful information to textile, 

appliance, and detergent manufactures to inspect wrinkling behaviors of fabrics. 

Moreover, to automatically rate wrinkling on fabric surface, a support-vector-machine 

based classifier was designed and tested by 300 fabrics with various color, fiber contents 

and weave structures.  

1.2 EXISTING WORK 

1.2.1 Traditional fabric wrinkle evaluation methods 

The most commonly used method to evaluate fabric wrinkling is visual 

examination of fabric samples performed by trained experts in accordance to the 

wrinkling standards (e.g., the AATCC Smoothness Appearance (SA) replicas) [1]. In the 

textile laboratories, the corresponding method is “Appearance of Fabrics After Repeated 

Home Laundering” (AATCC Test Method 124). 

The procedure of the AATCC 124 can be summarized into following steps: 

1. Prepare sample specimens, cut parallel to fabric length and width on grain.  

2. Wash and dry the specimens to simulate daily laundering procedure.  

3. Three trained observers visually rate each test specimen from grade 1 to Grade 

5 by comparing with standard replicas, as shown in Table 1.1.  
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Table 1.1 AATCC standard replicas for wrinkle assessment 

(a) Grade 1 (b) Grade2 

(c) Grade3 (d) Grade 3.5 

(e) Grade 4 (f) Grade 5 
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Although this method is very widely adopted in laboratories and accepted in the 

textile industry, it’s time-consuming and inconsistent among different raters, because the 

measurement relies on human visual perspective and experiences. The reliability and 

accuracy is questioned because mental and physical condition of observers is not exactly 

the same when they do the measuring and sometimes will affect their judgment.  

The AATCC Test Method 124 defined five wrinkling (or smoothness) grades, 

ranging from SA-1 (severely wrinkled) to SA-5 (very smooth) (Table 1.1) [1], for visual 

assessment of fabric appearance. Another grade, SA-3.5, was added to the standard to 

describe a fairly smooth, non-pressed appearance. Although the replica SA-3.5 follows 

the general trend of smoothness change over the complete replica set, its instrumental 

measurement of roughness disrupts the incremental differences seen in the replicas [3]. 

Since the six SA grades are not equally spaced, it is difficult to discern fabrics with 

relatively smooth surfaces. How to classify these grades reliably remains challenging in 

developing new wrinkle evaluation methods since the overall evaluation accuracy largely 

depends on the solution of this problem. 

1.2.2 Computer-aided wrinkle evaluation methods  

Recently, many instrumental methods have been developed and introduced to the 

industry to meet the needs for more objective and reliable measurements of fabric 

wrinkling appearance [2-14].  

3D imaging technology, including laser structure light [2-5] and stereovision [6-

8], has been used to generate 3D surfaces or profiles from which wrinkles can be 
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detected. Su and Xu proposed a methods using laser line triangulation to measure the 3D 

surface data of a wrinkled fabric, and a neural network was built to execute the wrinkle 

classification with respect to the visual standard [3]. Abidi et al. [4] developed a laser 

line-scanning system for fabric imaging and extracted five attributes for smoothness 

evaluation from the histograms of the profile amplitude and the derivative of the 

normalized profile amplitude. This system has been successfully commercialized because 

of its high degree of automation and reliability, but such laser triangulation methods 

require that the specimen or the sensing unit be moved mechanically so that the surface 

can be scanned progressively, and therefore the possibility of further improvement in 

their efficiency and accuracy is limited. Kang et al. [5] used a grid-line projection 

technique to get the features of fabric surface based on 3-D shaped image, and quantified 

the degree of wrinkling with four parameters, such as roughness ratio, surface area ration, 

wrinkle density and power spectrum density of fast Fourier transform. They used a 

projecting grid technique as a better objective evaluator of fabric smoothness. This 

technique reconstructed the 3D shape of wrinkles in each replica based on the data 

obtained from the deformation ratios of grid lines. A wrinkle description and evaluation 

method based on stereovision system was published very recently [8,9]. The outcome of 

this system depicts the locations of the ridges of individual wrinkles and quantitative data 

on wrinkle density, amplitude, and sharpness for a tested sample. The above-mentioned 

methods are novel application of advanced imaging system to textile industry; however, 

their common disadvantage is the high-cost instruments.   
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Various image analysis methods have been adopted for automatic wrinkle 

characterization and grading based on 2D texture information [10-14]. Xu et al. [10] 

reported a method to assess wrinkle prosperities using gray scale imaging, treating the 

grey scale as altitude. But this method is not very robust since the altitude value accuracy 

is greatly determined by the quality of the grey level image which will be different if light 

direction and brightness condition change. Recently, an objective assessment of wrinkled 

fabrics method based on multidirectional wrinkles generated by the French method 

‘cylinder creux’ has been proposed [11]. The majority of methods attempt to extract 

global features that provide a general description of the fabric surface such as wrinkle 

volume and wrinkle density. However, this study didn’t expand to the fabrics with 

different fiber content.  

Of these image processing methods, the wavelet transform (WT) appears to be a 

robust algorithm for locating and evaluating wrinkles and other surface features [12-15]. 

For instance, A wavelet-fractal method to calculate the fractal dimension is proposed in 

Kang’s paper [12] to objectively evaluate the surface roughness of fabric wrinkle and 

smoothness. Fabric wrinkles are localized (transient) and disordered disturbance from a 

regular background, and are particularly suitable for the analysis using the WT, because 

the WT can break up an image into different frequency domains, and allows each domain 

to be studied with a resolution matching wrinkles’ scale. Therefore, the WT is a powerful 

tool to remove unwanted information associated with weave structures, colors, and 
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illumination variations which are separable at different decomposing levels or frequency 

domains [14,15]. 

1.3 THESIS OVERVIEW 

This thesis is structurally divided into three parts. The first part reviews the image 

processing algorithms for wrinkling description and Support Vector machine 

classification scheme (Chapter 2).  

The second part describes the imaging setup and the wrinkling evaluation 

algorithms used in my study. We used infrared digital camera to capture fabric images at 

different lighting orientation. In this study, wavelet transform algorithm is used to extract 

fabric wrinkle characteristics such as orientation, hardness, density, and contrast. An 

optimized SVM classification mechanism was utilized for automatic wrinkle grading 

(Chapter 3).  

The third part of the thesis shows the experimental results. The effectiveness of 

this evaluation method was tested by 300 images of five selected fabric types that had 

different fiber contents, weave structures, colors and laundering cycles (Chapter 4). 

Chapter 5 presents conclusions and directions for future studies related to my 

thesis research. Several potential research directions are proposed and outlined. 
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Chapter 2: Background 

2.1 FABRIC WRINKLE  

Repeated washing and drying process cause wrinkles by applying heat and water 

to fabric. Heat breaks the bonds holding polymers in place within the fibers of a fabric. 

When the bonds are broken, the fibers are less rigid with respect to each other, so they 

can shift into new positions. For cellulose-based fabrics, such as cotton, linen and rayon, 

water is the key factor to deform and wrinkle the fabric. When the fabric absorbs water, 

which has the same hydrogen bonds, the fabric will let the water molecule to penetrate 

polymer chains and form new hydrogen bonds. When the moisture evaporates, new 

bonds will be set in the fabric. Therefore, roughness or crease is commonly seen on 

cellulose fabric after washing or sweating. This also explains why ironing can remove the 

wrinkles out of the clothes.  

Not all fabrics are equally susceptible to this type of wrinkling. Nylon, wool, and 

polyester are more affected by press instead of moisture. Daily wearing can generate 

permanent wrinkles on these fabrics which are harder to be removed by ironing. This is 

because these fabrics have glass transition temperature, the temperature below which the 

polymer molecules are almost crystalline in structure and above which the material is 

more fluid, or glassy. So, heat from ironing could be harmful to these fabrics and extra 

care need to be spent.  

 Due to the different causalities as well as different fiber contents, fabrics can 

have different styles and severities of wrinkles, even if they undergo the same laundering 
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treatment. In figure2.1 shows three grade 1(the most severe wrinkling) fabrics with 

different fiber contents: (a) is a 100% cotton and has round-toped wrinkles and more 

irregular roughness; (c) is a 100% polyester with shaper wrinkles; (c) is a cotton-

polyester blends and has a combination of soft and sharp wrinkles. In this thesis, three 

types of fiber contents, cotton, polyester and their blends were used for the experimental 

study. The classification scheme trained separately according to fiber contents showed a 

higher accuracy. 

  

(a)                     (b)                      (c) 

Figure 2.1 SA-1 fabric images. (a) 100% cotton and (b) 60%cotton with 40%polyester 
(c) 100% polyester. 

2.2 WAVELET TRANSFORM (WT)  

Wavelet is a widely used tool to analyze signals because it can examine the signal 

in both time and frequency domain simultaneously, and this is why the wavelet is 

superior to Fourier transform. The first record of the term “wavelets” was mentioned in 

1909 in Alfred Haar’s thesis. The theoretical form of wavelet was proposed by Jean 

Morlet in France. Then, Mallat proposed the main algorithm in 1988[16]. Since then, 

a 
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researches on wavelets has become international, specifically popular in United states 

( Daubechies wavelet) [17]. 

The basic idea of wavelet transform is to represent signal by a superposition of 

wavelets. Typically, wavelet transform represents an arbitrary function by superposing a 

group of wavelets which are generated from a mother wavelet function Ψ through 

dilations and translations. Applying wavelet analysis to decompose a chromatogram can 

be viewed as a filtering process, in which a bank of low-pass and high-pass filters are 

used to split the signal into high frequency (detail, D) and low frequency (approximation, 

A) bands[18]. The approximation can be further split into second-level approximation 

and detail, and this process is repeated. This decomposition process can be iterated by 

successively decompose approximations in turn.  

The 2D image decomposing has similar procedure. First, columns are 

decomposed with a low pass filter (L) and a high pass filter (H). Then, the rows of each 

resultant subsection are further decomposed with a low- and a high-pass filter. Thus, an 

original “image” will become four sections: LL, LH, HL, and HH, the size of each of 

which is about 1/4 of the original [19]. The low frequency domain, LL can be then further 

decomposed with the same strategy. Eventually, the original signal can be broken down 

into many lower-resolution component images (Change 1993). Figure 2.2 shows a Tree-

structured wavelet decomposition algorithm used in this study. 
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Figure 2.2 Tree-structured image decomposition  

The tree-structured 2-D WT was performed using the Matlab® Wavelet Toolbox 

for image decomposition [20] in this study. This commonly used wavelet algorithm can 

break down image signals into shifted and scaled versions of the Haar (original) wavelets 

[21]. In this study, we will use Haar mother wavelet due to following reasons: 

1. Haar is real and orthogonal, so it’s a very fast transform, which is suitable to 

large numbers of fabric images’ processing. 

2. Haar has directional property, which is very helpful for fabric wrinkle analysis. 

3. Haar has perfection reconstruction result. This is will be described in the 

following chapter. 

HL3 

LH3 HH3 

HH2 
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sub-image
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sub-image 
 (Level1) 

 

 
HL1 

Horizontal  
sub-image 
(Level1) 
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sub-image
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LH1 
Vertical 

sub-image 
(Level1) 

 

LL3 
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Generally speaking, lower level sub-images contain noise and artifact. Higher 

contain textural information and background lighting. After the trial tests with original 

fabric images, it was found that only the wavelet coefficients at decomposing levels 4 and 

5 were needed for wrinkle characterization. Components in other domains were either 

insignificant or irrelevant in representing wrinkles.  

Table 2.1 shows a normalized SA-1 fabric images and it’s decomposed WT 

coefficients at level 4 and level 5. The grayscale image of was firstly normalized by 

dividing its pixels with the maximum value before the decomposition. Level 4 

coefficients mainly contain finer wrinkles compare to the coefficients at Level 5. The 

directionality is persevered and manifested in the horizontal coefficients, vertical 

coefficients and diagonal coefficients sub-images. This advantage of WT will be helpful 

to describe wrinkle regularity and randomness.  
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Normalized image 

 

 
 

Horizontal 

Level 4 Level 5 

 

Vertical 

 

 

 

Diagonal 

 

 

 

 

Table 2.1 Wavelet coefficient maps of a SA-1 fabric 

CV4

CD4 CD5

CV5

CH5 CH4
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The image reconstruction is the assembling of original signal based on 

decomposed wavelet coefficient. This mathematical algorithm is called the inverse 

wavelet transform (IWT). Fabric images containing wrinkle information can be 

reconstructed from the wavelet coefficients only from useful levels by Matlab. This 

reconstruction process consists of up sampling and filtering where as wavelet analysis 

involves filtering and down sampling. Up sampling is the process of lengthening a signal 

component by inserting zeros between samples. 

In order to verify our choices of the correct sub-images to represent the wrinkle 

information, we reconstructed the fabric image by using level 4 and level 5 sub-images at 

horizontal, vertical and diagonal direction.  

The normalized image (Figure 2.3a) has apparently non-uniform illumination—a 

bright stripe along one diagonal and dark regions at the two other corners. In the 

reconstructed image (Figure 2.3b), the background variation has been filtered out.  

However, most of wrinkles are preserved on the smoothed background whose value is set 

to zero. 

 

           (a)                                  (b)  

Figure 2.3 Normalized image (a) and reconstructed image (b) of the SA-1 fabric  
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2.3 SUPPORT VECTOR MACHINE (SVM) 

Support vector Machines are useful tools for data classification. In this study, we 

first construct a number of parameters that characterize wrinkle directionality, hardness, 

density and contrast based on the wavelet coefficients. Then, the multi-class SVM 

classifiers based on a linear kernel and a radial-basis-function (RBF) kernel were used to 

rate the fabric wrinkling level from grade 1 to grade 5. Following is a brief review of the 

basic principles underlying SVM classification scheme, we will also present the kernel 

functions and Matlab toolbox I used in this study.    

SVM idea was firstly proposed in 1960s, but until 1990s, it was not studied 

enough for real application. Similar to feed-forward neutral networks, SVM is a machine 

learning based classification techniques which has been used a lot in pattern recognition 

field.  

Basically, classification process involves two datasets: training and testing. Each 

instance (fabric samples) in the training dataset has “target value”, so called class labels 

and “attributes” (i.e. the descriptive features of wrinkles). The output of the SVMs is a 

model which predicts the target value of new instances (usually from testing dataset) with 

known data attributes. 

Let’s start with a two-class linear separation problem for discussion, since it’s the 

fundament of multi-class separation. Given a training dataset with known label, (xi, yi), 

i=1,…l; n
ix R∈ and y= -1 or 1[22,23]. The linear two-class linear discriminate function 

would be: 
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 T
i if(x )=w x +b , 

Here w is a weighted vector and b is bias value. The label of the instance xi is 

determined by the sign of f(xi). Figure 2.4 shows a linear binary SVM classifier based on 

two perfectly separable classes (circles and triangles). Of note, there are only 2 

dimensions (2 attributes) for each instance. There are many potential ways to differentiate 

those two datasets, as shown in dashed lines in the figure 2.4 SVM is to find an optimal 

classification hyperplane (the thick red line) in order to maximize the margin 2
w

 , the 

distance between the hyperplane bounding each class [24]. The optimization problem can 

be derived to: 

 Minimize:  2 12
2

Tw w w=  

After introducing Lagrange method, it becomes:  

Minimize: 
1L(w,b, )= [ ( ) 1]
2

T
i i i

i

w w y wx bα α− + −∑    

Here, iα  is Lagrange multiplies. After achieving this optimal classifier, we will 

find out that usually the numbers of support vectors (solid colored) are much smaller than 

original testing datasets. Therefore, SVM is capable of reducing data dimension. 

(2.3) 

(2.1) 

(2.2) 
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Figure 2.4 A linear binary SVM classifier construction illustration.  

In a non-perfectly separable case, the margin is “soft”. This means that in-sample 

classification errors is allowed and of course need to be minimized. A non-negative slack 

variable ξi is introduced for the in-sample misclassifications. When ξi =0, the classes can 

be differentiated perfectly as portrayed in Figure 2.4. While ξi>0 means there are some 

misclassified samples in the training dataset [25].  

SVM is a robust classification scheme even when the training dataset has some 

biased sample. This is because the maximized soft margin provides a good out-of-sample 

generalization ability. It’s noted that in the figure 2.4 there are two more possible 

classifiers marked with dashed line. Those two classifiers didn’t separate the two classes 

enough, so the future sample is more likely to be misclassified.   

Potential 
classifier 1

Potential 
classifier 2 

Optimal 
Hyperplane: 

f(x)=0 

Margin: 2
w

 
 Instances in Class 1 

 Instances in Class 2 
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It is not hard to extend the linear SVM classifier to nonlinear systems based on 

the application of kernel functions, which is used to map the original input space to a 

multi-dimensional (or even unlimited dimensional) transitional space. The kernel 

function changed the original optimization function to: 

, , 1

1min
2i

l
T

iw b i
w w C

ξ
ξ

=

+ ∑  

subject to ( ( ) ) 1 , ( 0)T
i i i iy w x bφ ξ ξ+ > − ≥  

Function φ  in the equation 2.4 maps the training samples ix  into a higher 

dimensional space. The kernel function is: 

( , ) ( ) ( )T
i i i jK x y x xφ φ≡  

SVM will then find a linear separating hyperplane with the maximal margin in 

this higher dimensional space. The penalty factor C is introduced for error term. There 

are different types of kernel functions such as linear kernel, polynomial kernel, radial 

basis function (RBF) and SIGMOID kernel, as shown in equitation 2.5[26,27]: 

• Linear: ( , ) T
i i i jK x y x x=  

• Polynomial: ( , ) ( ) , 0T d
i i i jK x y x x rγ γ= + > . 

• RBF: 
2

( , ) exp( ), 0i i i jK x y x xγ γ= − − > . 

• Sigmoid: ( , ) tanh( )T
i i i jK x y x x rγ= + .  

Here, γ , r and d  are kernel parameters which will be determined after training 

process.  

(2.4) 

(2.4) 
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In this study, the overall SA rating of a sample is performed by employing a novel 

optimized SVM classifiers, whose parameters are optimized by the “grid searching” 

method during the cross-validation process. This advanced SVM will be introduced in 

detail in the Chapter 3.  
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Chapter 3: Frame work of a fabric wrinkle evaluation system  

3.1 INTRODUCTION 

Chapter 3 and chapter 4 have been previously published in Textile Research 

Journal, June 2011 vol. 81 no. 9 902-913. 

The wavelet coefficients in different frequency domains can be selected to 

represent wrinkling appearances of fabrics, and modified to eliminate unwanted 

information associated with weave structures (high frequency) and the oblique 

illumination (low frequency). A number of parameters that characterize wrinkle 

directionality, hardness, density, and contrast can be defined based on the modified 

coefficients as well. It is demonstrated that these parameters are useful in indicating basic 

features of wrinkling (such as oriented or random, hard or soft), and are effective in 

discriminating fabric images in terms of the AATCC SA grades when used as inputs to 

SVM classifiers. The five-fold cross-validation scheme can prevent biased classifications, 

yielding an accuracy of 78% and 75%, respectively, for the RBF SVM classifier and the 

linear SVM classifier. The new method provides an efficient way for both the detailed 

characterization of wrinkling features and the overall grading of smoothness appearance. 

3.2 SYSTEM SETUP 

The designed wrinkle evaluation system mainly consists of an infrared digital 

camera, four infrared LED light fixtures each containing 40 LED lights, a copy-stand, a 

computer and the software that controls the camera, processes the images, and measures 
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wrinkles (see Figure 3.1). To intensify wrinkle contrasts in the image, the LED lights are 

placed in oblique positions to case directional lighting, generating high intensity gradients 

across the image field. The four lights can be turned on in sequence to highlight wrinkles 

from different angles. Therefore, the same sample can be imaged four times without 

being moved, and wrinkles in different directions can be illuminated equivalently in 

separate images. It is important to use this multi-lighting scheme for an unbiased 

evaluation because one directional light highlights wrinkles more in that direction than in 

other directions. Our evaluation system was proved to be robust under different lighting 

directions.       

 

Figure 3.1 Fabric imaging system with infrared digital camera and four LED light 
fixtures  
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3.3 SAMPLE PREPARATION 

Five fabrics with different fiber contents and weave structures were chosen by an 

appliance company to validate the evaluation results of the wrinkle evaluation system. 25 

swatches of 380x380 mm (15x15 in) were cut for each fabric and laundered in various 

cycles to create diversified wrinkling appearances. Each sample was graded with the 

AATCC SA replicas by the trained personnel, and then imaged four times by the system.  

Ten sample images were selected at each SA grade to construct the datasets shown in 

Table 3.1.  

Fabric Fiber 
content 

Weave 
methods

Color SA 

1 2 3 3.5 4 5 

F1 100%C1 Plain White 10 10 10 10 10 10 

F2 100%P2 Plain White 10 10 10 10 10 10 

F3 60C/40P  Plain White 10 10 10 10 10 10 

F4 100%C  
khaki 

Twill Khaki 10 10 10 10 10 10 

F5 100%C jean Twill Blue 10 10 10 10 10 10 

1: C—cotton;   2: P—polyester 

Table 3.1 Fabric characteristics and smoothness appearance 
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High 
frequency 
domains 

3.4 MODIFIED WAVELET COEFFICIENTS 
The grayscale image of a treated sample was firstly normalized by dividing its 

pixels with the maximum value. Then the pyramid-structured 2-D Haar WT was 

performed using the Matlab® Wavelet Toolbox for image decomposition (see Figure 3.2) 

[20]. This commonly used wavelet algorithm can break down image signals into shifted 

and scaled versions of the Haar (original) wavelet. Wrinkles normally appear in lower 

frequency domains than the fabric texture (weave patterns, yarns, etc.), and in higher 

frequency domains than the oblique lighting [15]. After the trial tests with original fabric 

images, it was found that only the wavelet coefficients at decomposing levels 4 and 5 

were needed for wrinkle characterization. Components in other domains were either 

insignificant or irrelevant in representing wrinkles.  

  

Figure 3.2 Pyramid-structured wavelet decomposition 

Table 3.2 displays the normalized images and the maps of wavelet decomposing 

coefficients at level 4 (higher) and level 5 (lower) for fabrics rated at the six AATCC SA 

grades, respectively. It is noted that the six coefficient maps (CH4, CV4, CD4, CH5, CV5 

CH5

CV5CD5
CH4

CV4 CD4

Low 
frequency 
domains 
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and CD5) reveal the wrinkling differences in intensity, scale and direction among the six 

grades. 

Normalized fabric image Level 4 
Wavelet coefficients 

Level 5 
Wavelet coefficients 

 
 
 
 
 

 

 

 
 

 
 

 

 

 
 

 
 

 
 

 
 
 
 
 

 

 

 

 

 

 

 

 

 

Table 3.2 Wavelet coefficient maps of fabrics rated at the six SA grades  

SA-1 

CH4

CV4

CD4

CH5 

CV5 

CD5 

SA-2 

CH4

CV4

CH5 

CV5 

CD4 CD5 
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Table 3.2 (continued) 
Normalized fabric image Level 4 

Wavelet coefficients 
Level 5 

Wavelet coefficients 
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Table 3.2 (continued) 
 
 
 
 
 
 

 

 

 
 

 
 

 
 

 

 
 

 
 

 

 

However, these selected coefficient maps still contain some small peaks, which 

correspond to short variations on fabric surfaces that may not be wrinkles. These peaks 

should be removed prior to wrinkle characterization. A global threshold was applied to 

remove noisy peaks in the coefficient maps. In order to obtain an appropriate threshold, 

30 SA-5 images of F1, F2 and F3 were used for the threshold calculation because these 

images should be wrinkle-free. The mean value of the coefficients in CH4, CH5, CV4, 

CV5, CD4 and CD5 of these images seems to be a good universal threshold for 

modifying all the images, that is, the coefficients under the threshold were set to zero and 

the rest remain unchanged. The modified coefficient maps and their corresponding 

reconstructed image of the SA-1 fabric in Figure 2.3 based on levels 4 and 5 are shown in 

CH5

CV5

CD5

SA-5 

CH4

CV4

CD4
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Table 3.3. By using the modified coefficient maps, the reconstructed images eliminate the 

influence of oblique lighting and noise arising from undesired textures (e.g., weave 

patterns). 

Reconstructed Level4 Level5 

 
 
 
 
 

 

 
 

 

 
 

 

 

Table 3.3 Modified coefficient maps and the reconstructed image 

 

3.5 WRINKLE CHARACTERIZATION 
Useful wrinkling information, including wrinkle orientation, relative height, size 

and shape, can be extracted from the modified wavelet decomposing coefficients (i.e. 

CH4

CV4

CD4

CH5

CV5

CD5

Before modification 

After modification 
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CH4, CH5, CV4, CV5, CD4 and CD5). In this study, three types of wrinkling parameters 

were defined from different perspectives: texture energy, geometrical measurements and 

contrast.  

1.  The total energy (ENERGY) of the selected coefficients: a quantitative 

measure to reflect the texture content information. The average energies, E4H, E5H, E4V, 

E5V, E4D and E5D of the coefficients CH4, CH5, CV4, CV5, CD4 and CD5 are calculated 

as follows:  

 ∑ ∑ ,  (l=4, 5; d= horizontal, vertical and diagonal). 

Where M×N is the size of the wavelet coefficient, ,  are the values of the wavelet 

coefficient at level l and in direction d. 

The total energy is a simple summation of these individual energies, that is,  

ENERGY = E4h+E5h+E4v+E5v+E4d+E5d 

Figure 3.3 exhibits three images with various SA grades. From a highly wrinkled 

sample (Figure 3.3a) to a smooth sample (Figure 3.3c), the textures of the images 

diminish, and the ENERGY values decrease dramatically, as demonstrated in Table 3.4.  

   

           (a)                       (b)                    (c) 
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Figure 3.3 SA-1 fabric (a), SA-3 fabric (b), and SA-5 fabric (c)  

Image Figure 3.3a Figure 3.3b Figure 3.3c 

SA Grade SA-1 SA-3 SA-5 

ENERGY 3.35×103 2.80×102 4.30 

Table 3.4 ENERGY values of the images in Figure 3.3 

 
2. The wrinkle geometrical measurements: the directionality (orientation), 

hardness (shape), and density of wrinkle are used to describe whether wrinkles are 

oriented in a dominant direction, how sharply wrinkles are formed, and how densely 

winkles are distributed. 

Wrinkle Directionality (DIRECT) 

The WT decomposes an image into horizontal, vertical, diagonal detail 

components at various levels. Therefore, the decomposing coefficients in different 

domains can be used to reveal the overall directionality of wrinkle. In this study, a 

parameter, DIRECT was defined based on the energy content information: EH, EV, ED 

and E. Here, EH, EV and ED are the total horizontal energy, total vertical energy and the 

total diagonal energy at levels 4 and 5, that is, 

EH = E4H+E5H, 

EV = E4V+E5V, 

ED = E4D+E5D, 

DIRECT = MAX EH,ED,EV  ×100%. 
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DIRECT can be used to discern wrinkle appearance into three categories: 

1) Disordered and directionless if DIRECT < 50%; 

2) Slightly ordered wrinkles if 50% ≤ DIRECT < 70%;   

3) Highly ordered (oriented) wrinkles if DIRECT ≥ 70%. 

Three SA-1 images with different wrinkling orientations and their corresponding 

DIRECT values are shown in Figure 3.4 and Table 3.5. Although the appearance of the 

three images was rated by the experts as SA-1, wrinkles in Figure 3.4a appear to be 

highly oriented while wrinkles in Figure 3.4c are almost random. The difference in 

directionality of these wrinkled appearances is correctly ordered by their DIRECT values 

(Table 3.5). It is necessary to point out that DIRECT is not associated with wrinkling 

severity, and therefore it will not be included in the parameter set for the classification of 

wrinkling appearance. 

   
             (a)                    (b)                    (c) 

Figure 3.4 SA-1 fabric images, (a) highly oriented, (b) slightly oriented and (c) 
randomly oriented. 

Image Figure 3.4a Figure 3.4b Figure 3.4c 
Wrinkle 

Orientation Highly ordered  Slightly ordered  Disordered 

DIRECT  87.4% 50.2% 43.2% 



31 
 

Table 3.5 DIRECT values of the images in Figure 3.4 

Wrinkle Hardness (HARDNESS) 

Hardness refers to the sharpness of wrinkle, representing the angle of wrinkle 

ridges. Compared with round and soft wrinkles in SA grades of 3.5, 4 and 5, severe 

wrinkles in SA grades of 1, 2 and 3 have sharp top edges, which means they are harder to 

recover or remove.  

In the multiple-level WT, the decomposing coefficients at the fourth level (CD4, 

CV4 and CH4) contain higher frequency components (e.g., sharper wrinkles) than those 

at the fifth level (CD5, CV5 and CH5). Thus, wrinkles HARDNESS can be characterized 

by the proportion of the energy of the coefficients at the fourth level to the ENERGY 

(total energy) as follows:  

HARDNESS = (E4H+ E4V+ E4D) / ENERGY 

A higher value of HARDNESS corresponds to more severe and harder wrinkles; a 

lower value of HARDNESS means that majority of the wrinkles on the fabric are soft, 

rounded lumps. HARDNESS helps to differentiate wrinkle appearances from SA-3 to 

SA-3.5 as seen in Figure 3.5. 

   
           (a)                      (b)                     (c) 
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Figure 3.5 SA-3 and 3.5 images (a) fabric SA-3, (b) fabric at SA-3 and (c) fabric at SA- 
3.5 

 
Image Figure 3.5a Figure 3.5b Figure 3.5c 

SA Grade SA-3 SA-3 SA-3.5 
Wrinkles Hard  Hard and soft  Soft  

HARDNESS  0.71 0.57 0.26 

Table 3.6 Wrinkle HARDNESS measurements of hard and soft wrinkles in Figure 3.5 

The HARDNESS can be interpreted as the estimated percentage of hard-pressed 

wrinkles in the image. For example, the HARDNESS of Figure 3.5a is 0.71, which 

implies that 71% of the wrinkles on this fabric are pressed wrinkles with sharp angles. 

Although both Figure 3.5a and Figure 3.5b were rated visually as SA-3, The 

HARDNESS of Figure 3.5b are noticeably lower, revealing that the wrinkling appearance 

grade should fall between SA-3 and SA-3.5. The imaging system seems to be more 

sensitive to changes in wrinkle form than human eyes.  Figure 3.5c is a fabric rated at 

SA-3.5 and its HARDNESS value is 0.26, which indicates that the majority of the 

wrinkles are round lumps. Therefore, HARDNESS is an effective parameter to indicate 

the wrinkle shape on the fabric surface. 

 

Wrinkle Density (DENSITY) 

Winkle density is a parameter to indicate the ratio of wrinkled area to the image 

area. This can also be calculated using the selected coefficients. The mean value of each 

coefficient region is firstly computed as a threshold to segment wrinkle points whose 
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coefficients are higher than the mean value, and then the DENSITY is calculated by 

using the ratio of the total wrinkle points to the total coefficient points: 

DENSITY = N CH N CV N CD
M N

 + N CH N CV N CD
M N

,   

Where NumCH4, NumCV4, NumCD4, NumCH5, NumCV5 and NumCD5 are 

the numbers of points whose values are higher than the mean coefficient value in the 

different frequency domains. M4×N4 is the total coefficient point at level 4 and M5×N5 

is the total coefficient point at level 5. According to the Haar WT definition, M4×N4= 

M5×N5×2. The DENSITY values of the three fabric images shown in Figure 3.3 were 

listed in Table 3.7, which are highly consistent with the SA grades assigned by the 

experts. DENSITY is also an important factor to be used for wrinkling classification. 

Image Figure 3.3a Figure 3.3b Figure 3.3c 
SA grade SA-1 SA-3 SA-5 

DENSITY  0.53 0.12  6.10 ×10-3 

Table 3.7 DENSITY values of the images in figure 3.3 

 
3. The contrast parameter (CONTRAST): a supplementary reference to help predicting 

the SA grade of a fabric. CONTRAST can be calculated from the modified coefficients 

as follows:  

CONTRAST ∑ ∑ ∑ ∑ | , |NM , 

where MIld is the mean intensity of the coefficients at level l and in direction d. Table 3.8 

displays the CONTRAST values of the three images in Figure 3.3. The SA-1 image 

(Figure 3.3a) has the highest CONTRAST value among the three images, while the SA-5 

image (Figure 3.3c) has no contrast due to a wrinkle-free surface.  
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Image Figure 3.3a Figure 3.3b Figure 3.3c 
SA grade SA-1 SA-3 SA-5 

CONTRAST 0.81 0.16 5.20×10-4 

Table 3.8 CONTRAST values of the images in Figure 3.3  

 

3.6 OPTIMIZED SVM FOR WRINKLE CLASSIFICATION  
Prior to the SA classification using a SVM scheme, the numeric attributes (i.e. 

classification features) were scaled to [0, 1] in order to prevent the dominance of 

attributes in large ranges (i.e. ENERGY) over attributes in small ranges [29, 30]. This 

scaling can also improve the efficiency of the SA classifications by curbing large kernel 

computations caused by the large numeric range, and reduce the data variability arising 

from different weave structures and fiber contents.  

The classification takes wrinkle features (ENERGY, HARDNESS, DENSITY and 

CONTRACT) as inputs and SA grades as outputs that target the visual SA ratings. The 

SVM classification scheme was used with two different kernels mentioned before for 

comparison [28]:  

• Linear: ( , ) T
i i i jK x y x x=  

• RBF: 
2

( , ) exp( ), 0i i i jK x y x xγ γ= − − >  
These two kernels are proved to be fast and effective in literatures [25]. Linear 

kernel is very simple and fast for large data size. Due to its simplicity, it can prevent the 

over fitting problem. The RBF non-linear kernel can deal with the case when the 
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relationship between groups and features is nonlinear by mapping the original data sets, 

which may not be separable in a linear space, into a higher dimensional space.  

Moreover, the RBF kernel has computational superiority compared to other non-linear 

functions (e.g., sigmoid kernel) [30,31]. 

In order to prevent the over-fitting problem, a 5-fold cross-validation was used. In 

the 5-fold cross-validation, the data sets were randomly separated into 5 subsets, called 

folds. Each time, the SVM classifier was first trained with four subsets and then tested by 

the last subset. This procedure was repeated five times to generate the average 

classification accuracy, which is the unbiased percentage of the samples that is correctly 

rated.  

There are two classifier parameters for the RBF kernel: penalty factor C and kernel 

parameter while only penalty factor C for linear kernel. Since the effectiveness of the 

SVM classification scheme largely depends on the selection of the classifier parameters, 

a “grid searching” procedure was used to determine the best selection of the parameters 

[32]. During the cross-validation process, various C or pairs of (C, γ) values 

exponentially grow for the linear kernel or the RBF kernel respectively. In this study, the 

range of parameter sequence was preset as: C = 2-10, 2-8, …, 210;  γ = 2-10, 2-8,…, 210. 

Therefore, eleven C values were attempted for the linear kernel SVM, and 11×11=121 

combinations of (C, γ) for the RBF kernel SVM. The one giving the best rating accuracy 

was chosen as the optimal C or (C, γ). The rating accuracy based on such optimized 

classifier will be discussed in the following section.  
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Chapter 4: Experimental results 

4.1 WRINKLE DESCRIPTOR ANALYSYS 

 
Table 4.1 shows the box plots of the four wrinkle feature measurements (ENERGY, 

HARDNESS, DENSITY and CONTRAST) of the three plain weave fabrics: F1 (100% 

cotton), F2 (100% polyester) and F3 (60c/40p). A box plot is an effective descriptive tool 

to indicate the distribution of a data set. In the plot, the central line in the box signifies the 

median of the data, and the borders of the box indicate upper quartile and lower quartile. 

The entire range of the data, excluding outliers which are specified by “+”, is shown by 

the whiskers.  From the plots in Table 4.1, it is clear that all of the five features show 

similar declining trends and similar numeric ranges as the SA grade ascends. F2 fabrics 

(100% polyester) have lower ENERGY values than to F1 and F3 because they have 

smoother surfaces and smaller wrinkles than fabrics containing cotton fibers. This 

difference is also noticed in the CONTRAST and DENSITY plots, especially at SA-1, 

meaning polyester fabrics contain shallower (flatter) and fewer wrinkles than cotton 

fabrics even if they are rated at the same SA grades. The HARDNESS values of the three 

fabrics at the first SA stage (SA-1, SA-2 and SA-3) appear to be in the same level, but 

start to exhibit bigger differences after SA-3.5. The difference of the wrinkle hardness 

between first SA stage and second SA stage (SA-3.5, SA-4 and SA-5) is clear for F1 

(100% Cotton fiber). But this trend for F2 and F3 is not as clear as that of F1 due to the 

changes of fiber content. After a small increase at SA-3, the HARDNESS of F2 remains 
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the same at SA-3.5 and then decreases. This implies that polyester fabrics are more likely 

to have hard-pressed wrinkles than fabrics contain cotton fibers.  

F1 F2 F3 
 

 
 

   

 
 

   

 
   

 

Table 4.1 Box plots of the four wrinkle features of Fabrics F1, F2 and F3. 
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The box plots of the wrinkle features of the two twill-weave fabrics, F4 (khaki) 

and F5 (blue jean), were illustrated in Table 4.2. Both F4 and F5 are thicker and rougher 

than the plain weave fabrics, and therefore they are supposed to have higher ENERGY 

and CONTRAST values. However, only F4 meets this expectation. The ENERGY and 

CONTRAST values of F5 are sharing the same numeric ranges with that of F1, F2 and 

F3 because the darker color (blue) of F5 helps concealing wrinkles. F4 and F5 are thick 

fabrics, which are difficult to generate hard or sharp wrinkles. Therefore, the 

HARDNESS values of F4 and F5 are lower than that of F1, F2 and F3, except those at 

SA-5. This is because the fabrics of F4 and F5 at SA-5 are not completely smooth. 

Permanent lumps and small-scale wrinkles always exist on the surface. Nonetheless, 

HARDNESS is still an important supplemental feature for the SA classification, because 

it reveals important wrinkling information. 

From the plots in Tables 10 and 11, overlapping across the SA grades was 

observed in all the wrinkle features. Of the five fabric samples, F3 and F5 had more 

scattered distributions with less overlapping than F1, F2, and F4., and therefore could 

have higher accuracy in the SA classification because data classification largely depends 

on the separability of data sets. 
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Table 4.2 Box plots of the four wrinkle features of Fabrics F4 and F5. 
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The measurements of the four wrinkling features, ENERGY, HARDNESS, 

DENSITY and CONRAST, of F1, F2, F3, F4 and F5 were scaled into [0,1]  and  used 

as inputs of the linear SVM and the RBF SVM classifiers. The five-fold cross-validation 

(four training sets and one testing set) was used to implement a “grid searching” 

procedure that can help to achieve unbiased SA classifications. To illustrate the grid 

searching process, a contour map was plotted for the RBF kernel SVM used to classify 

F3 images (see Figure 4.1). Different isolines represent different numeric regions of 

(log2C, log2γ) associated with different levels of classification accuracy. The highest 

accuracy (90%) was firstly archived when (C, γ) = (16, 16). Later, six more pairs of (C, γ) 

on the inner isoline also archived 90% accuracy as indicated in Figure 4.1. 

4.2 WRINKLE RATING 
 

An one-against-one scheme was employed to construct the multi-class classifiers 

[17]. The scheme constructed binary classifiers to differentiate SA grades. There were 15 

(6×5/2) combinations for the six SA classes/grades. Figure 4.2 displays an example of 

using the linear kernel and the RBF kernel 2-Dimensional SVMs to classify the SA-1 and 

SA-2 images of F4. For the sake of visualization, only two wrinkle features, HARDNESS 

and ENERGY, were used for the classification. Eight of ten SA-1 samples and eight of 

ten SA-2 samples, which are marked as hollow circles and triangles in the figure 

respectively, were randomly selected to train the classifier. The rest two SA-1 and two 

SA-2 samples, marked as solid circles and triangles respectively, were used to test the 



41 
 

classifier.  As shown in the Figure 4.2a, the linear kernel SVM classifier generated a 

linear decision line that separates the SA-1 and SA-2 classes with one training sample 

and one test sample being misclassified. The RBF kernel SVM can form a hyperplane 

which correctly divides all the training data with only one test sample being 

misclassified. Therefore, the RBF classifier is more robust in separating overlapped 

classes, although the linear classifier can provide satisfactory results. 

 

Figure 4.1 Contour map of grid searching 

 
(a) 

 

-10 -5 0 5 10-10

-5

0

5

10

 

 

87%
88%
89%
90%

0 0.2 0.4 0.6 0.8 1
0

0.2

0.4

0.6

0.8

1

ENERGY

H
A

R
D

N
ES

S 

 

 

SA-1 in Training
SA-2 in Training
Dicision line
SA-1 in Testing
SA-2 in Testing

Log2C 

Lo
g 2
γ 

SA-2 
Class 

Misclassified 
SA-1 
Class 



42 
 

 
 

  
                                (b)     

Figure 4.2 Linear kernel (a) and RBF kernel(b) SVM classifications of SA-1and SA-2 
samples of F4 

Table 4.3 SA classification accuracy of two SVM classifiers 

Table 4.3 provides the SA classification accuracy (the percentage of the samples 

classified in the same SA grades as the experts’ visual rating) of the RBF and the linear 

SVM classifiers for the five selected fabrics. The classifications were performed 

separately for each fabric to avoid the influence of the weave structures and the fiber 

contents. Various levels of the classification accuracy ranging from 70.0% to 91.7% were 

achieved. In addition to the difference in fabric structure, the quality of the visual rating 

was another important factor that had an impact on the classification accuracy.  For F1, 
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F2 and F5, the accuracies of both the linear and RBF classifiers are at comparable levels, 

but are lower than those of F3 and F5. This is because the wrinkle feature data of F3 and 

F5 were more separated as mentioned previously.  Overall, the average classification 

accuracy for the five different fabrics is 75.3% for the linear SVM classifier and 78.0% 

for the RBF SVM classifier. When the samples of the five fabrics were combined, the 

RBF SVM classifier had an accuracy of 73.3% as opposed to 66.3% for the linear SVM 

classifier.  Combining the data together increased the ambiguity of class definitions, 

reducing the overall classification accuracy. However, the RBF SVM classifier outputs a 

comparable result and demonstrates an advantage in classifying overlapped wrinkle data 

over the linear SVM classifier.  
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Chapter 5: Conclusions and Future Studies 

5.1 CONCLUSIONS 

With the advance of image analysis technique, an efficient, low cost and reliable 

solution is highly needed for fabric wrinkling characterization and evaluation. After 

reviewing current technology for texture analysis, we suggested that wavelet transform 

algorithm is an efficient and comprehensive tool to assess surface wrinkles.  

An infrared imaging system with multi-directional lighting was used to capture 

fabric surface images. Haar wavelet transform was used to decompose 2D fabric images 

in order to extract useful wrinkling sub-images by excluding irrelevant background 

information, such as lighting and weave structure. Based on the selected sub-images at 

level4 and level5, a number of parameters that characterize wrinkle directionality, 

hardness, density, and contrast can be defined based on the modified coefficients. It is 

demonstrated that these parameters are useful in indicating basic features of wrinkling 

(such as oriented or random, hard or soft), and are effective in discriminating fabric 

images in terms of the AATCC SA grades when used as inputs to SVM classifiers.   

An automatic wrinkling rating system was developed based on SVM technology. 

Both linear and RBF kernels were used for achieving a higher rating accuracy. 300 

images of fabric varied in weave structures, colors and fiber contents were used to test the 

efficiency of the proposed classification scheme. The inputs of this classifier are the 

wrinkling descriptors mentioned above. The five-fold cross-validation scheme can 
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prevent biased classifications, yielding an accuracy of 78% and 75%, respectively, for the 

RBF SVM classifier and the linear SVM classifier. The new method provides an efficient 

way for both the detailed characterization of wrinkling features and the overall grading of 

smoothness appearance. 

5.2 FUTURE STUDIES 

Based on the above results, the proposed system generated highest rating accuracy 

for polyester fabric: 91.7%. If more training samples can be collected, it is promising to 

develop a highly reliable wrinkling rating system exclusively for polyester, nylon and 

other synthetic fabric has similar wrinkle feature. 

In the prevent thesis, we used a SVM classifier to rate the fabric wrinkling 

automatically. SVM is a machine-learning technology which utilizes the training 

instances with known labels to find an optimal hyperplane (i.e. classifier). Therefore, the 

reliability of this classifier is largely based on the training dataset size and quality. To 

make the classifier more robust and less sensitive to noise, a larger population of training 

samples is preferred. The rating system performance should be more accurate with more 

training samples.   
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