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Wrinkling and pilling caused in wear and care procedures are vital performance 

characteristics of fabric. The advance of three-dimensional (3D) imaging techniques has 

made it possible to develop a convenient, reliable and low cost tool for automatic and 

efficient evaluation of fabric wrinkling and pilling. We suggest that 3D imaging and 

measurement system can provide a convenient, accommodating and comprehensive mean 

to fabric surface assessment.  

A 3D imaging system based on stereo vision technology is developed. To make it 

more affordable and portable, the system consists of a pair of consumer grade high 

resolution digital cameras with mounting hardware. The system is calibrated with classic 

camera calibration technique. The calibration procedure is relatively complicated, but 

there is no need to repeat frequently as long as the relative positions between cameras are 

not changed. In this system, image acquisition can be completed in less than one second. 

This efficient surface capturing feature is important for a large amount of measurement 

tasks. 
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However, the computation in stereo vision is complex and intensive, thus it 

remains a challenge. A two-phase multi-resolution stereo matching algorithm is 

developed. In the first phase, a discrete disparity map is generated by block matching. In 

the second phase, local least-squares matching is performed in combination with global 

optimization within a regularization framework, so as to ensure both accuracy and 

reliability.  

To make the 3D imaging system ready for practical use, detection and 

measurement modules for wrinkling and pilling were developed to take advantage of the 

depth information in the 3D surface data. The practical feasibility of the 3D imaging 

system in fabric surface assessment was demonstrated in comparison with human visual 

ratings. The results showed agreement between the 3D automatic assessment and 

subjective visual assessment. 
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Chapter 1: Introduction 

1.1 MOTIVATION AND GOALS  

From the view of fabric structure, wrinkles are rapid rises and falls of the surface 

from the initial planar status of the fabric due to folding and pressing. Wrinkles can easily 

be formed in a lot of use conditions, like home laundering, long time folding and ordinary 

wear. The quality of garments, by most of the time, depends greatly on its ability to 

recover from wrinkles. This ability of recovery is one of major concern when consumers 

choosing clothing and determining its serviceability and longevity. But wrinkles are not 

always considered bad properties. Sometimes, we even create wrinkle intentionally for 

special effects of our garments, for example, wrinkles in wedding gowns for brides, and 

also we see created wrinkles on jeans. So wrinkle is a very important property of fabrics 

which receives lots of attention from garment manufacturers, retailers, and consumers, 

and is also interested in by researchers. There have been a lot of researchers working on 

this field, try to measure wrinkling severity of fabric and group fabrics with similar 

wrinkling levels.   

 

1.2 METHODS FOR WRINKLING MEASUREMENT 

Generally, the methods for wrinkle measurement can be divided into two 

categories, one is objective and the other is subjective. One of the most commonly used 

methods of the latter type is simply comparing the standard replicas with specimen [1]. 

This method allows fabric to wrinkle after standard laundering and drying procedures, 

and then compares the specimen with the standard 3-level replicas or 6-level three 

dimensional photographs. Trained professional observers will give a rating system to 

grade the specific fabric, and determine to which level of standard replicas it matches 
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most closely. Although this method is very widely adopted in laboratories and accepted 

in the textile industry, it’s tedious and inconsistent among different raters, because the 

measurement still relies on human visual perspective. 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. It is even difficult 

for the trained observers to grade fabrics. There have been a lot of attempts for objective 

and automatic wrinkle measurement using digital computer system [2] [3] [4] [5]. 

Computers have been used to acquire specimen image rather than just make a comparison 

with standard replicas and get more accurate result which is consistent with human 

ratings. Xu et al. [4] reported a method to assess wrinkle prosperities using gray scale 

imaging, treating the grey scale as altitude. But this method had some disadvantages. 

First altitude value accuracy is greatly determined by the quality of the grey level image 

which will be different even if light source condition or camera setting of lens, and 

brightness has some slight change. So density distribution can not reveal altitude value in 

every position of a fabric surface since some part of fabric is bright and emphasized 

while some part is dim and hidden. Also, noise from color and texture in fabrics makes 

the image intensity inconsistent. So a more advanced approach is in urgent need for more 

accurate wrinkle measurement. Some researchers started to use laser profile to measure 

the real attitude of wrinkles in fabric surface because laser probe has excellent resolution 

in the order of microns [6] [7] [8]. Amirbayat et al. [6] objectively measured wrinkle 

height variations by means of laser system. But as laser gets one measurement at a time, a 

mechanical system should be used to move laser in X and Y direction so that the whole 

surface map can be scanned. This scanning fashion is time-consuming, and makes the 

data acquisition too slow to be suitable for industrial applications. Xu et al. [8] reported a 

method focused on the new instrument developed for fabric wrinkle grading based on the 
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use of a laser triangulation technique. The measured system had a laser line generator to 

project stripes on fabric surface, a motor to rotate fabric sample, a video camera to 

capture images, and a computer to process acquired data. This instrument acts as a 

profilometer to measure the smoothness of fabric surface. Normally, laser profilometers 

only get one point at one time, but this device can project a line which contains hundreds 

of points at a time so that time efficiency can be greatly improved. But this method will 

not get highly accurate ratings if a sample is carelessly placed on the stage and waves or 

folds could be mistakenly interpreted as wrinkles by the instrument. Besides, laser-based 

measurements cannot provide integrated information about fabric wrinkles and is difficult 

to apply to all kinds of fabrics.  

 

1.3 3D SURFACE RECONSTRUCTION FOR WRINKLING MEASUREMENT 

In addition to these works, fabric appearance can be inspected by the 

reconstruction of its 3D surface from fabric images, based on newly developed 

algorithms that are primarily designed and used in other fields. Recently, three-

dimensional (3D) technology was applied to measure 3D features of fabric wrinkles to 

meet the need for more quantitative data on parameters such as depth, length, and 

sharpness of wrinkles. 3D projecting grid technique can overcome some problems existed 

in laser-based measurement and is considered as an effective objective evaluation 

method. Kang et al. [9] 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. In the study, they used a projecting grid 

technique as a better objective evaluator of fabric smoothness. This technique took 3D 
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shape of wrinkles in each replica, which is constructed with data obtained from the 

deformation ratios of grid lines. The degree of wrinkling is quantified using several 

parameters from which wrinkle grading equation can be obtained using the AATCC 

replicas. Then they used this equation to evaluate the wrinkling grades of four different 

colored and patterned fabrics. In Kang’s another study [10], he developed a new 

evaluation system which permit them use the stereo vision algorithm and fractal 

geometry to build a model, with unified topological parameters, to describe the puckered 

and random structure of fabric wrinkles. In the study, they tried to combine stereo vision 

technique and fractal geometry and made the new grading method which provided more 

detailed information on fabric smoothness than the subjective method. They provided 

new five- or ten-scale grades for evaluating fabric smoothness with more linear grading 

steps and accuracy. Yang and Huang [11] reported a photometric stereo method to 

construct the 3D surface of fabrics from successive images captured by a single camera 

under several known illumination directions and measured wrinkling with the parameters 

indication the variations of surface heights. In the study, they proposed method for fabric 

3D surface reconstruction using a photometric stereo method. The 3D surface of an 

AATCC standard wrinkle pattern was reconstructed and its wrinkle degree was measured 

using four index values that indicate the variation of the surface height value. From the 

experiments result, they reported that there was a good linear correlation of the index 

value with the wrinkle degree of the pattern.      

But some of the above methods are color-dependent, they cannot get a consistent 

grade when a light-colored fabric is compared with a dark-colored fabric or a solid-

colored fabric is compared with a printed fabric. As to this problem, researchers tried to 

use structure light to create a true “color-blind” method [12] [13]. For example, Abidi et 

al. [12] reported a laser line-scanning system for fabric image capture and extracted five 
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parameters showing the five attributes for smoothness evaluation from the histograms of 

the profile amplitude and the derivative of the normalized profile amplitude. Due to its 

high degree of automation, accuracy and reliability, the system has been successfully 

commercialized, but such laser triangulation methods require that the specimen must be 

moved mechanically so the surface can be scanned progressively. As a result, the 

efficiency for data capture and processing is limited. 

 

1.4 STRUCTURES OF THE THESIS 

This thesis will cover four parts, Chapter 2 to Chapter 5 to report our contribution 

to the research on fabric wrinkle evaluation using 3D surface reconstruction technique in 

detail. 

Chapter 2 will discuss the “Framework of a stereo vision system”. This chapter 

will show us the system setup and stereo matching principle, which is the most complex 

process in stereo vision system.  

Chapter 3 is “Stereo matching and depth finding”. In this part, a stereo matching 

algorithm developed by ourselves will be discussed in detail, including five steps to solve 

a stereo matching problem: problem formulation, disparity parameterization, functional 

minimization, numerical solution and multi-resolution computation. With this method, 

we can achieve subpixel accuracy up to 0.1mm depth resolution to reveal subtle 

structures of fabric wrinkles. 

In Chapter 4, fabric surface character measurement is discussed. A measurement 

system is developed for wrinkle detection and extraction. We scale the depth data to the 

range between 0 and 255 and generate a range bitmap image with the same dimensions, 

which allows image processing procedures for wrinkle detection, and then calculates the 
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wrinkle strength by computing the gradient of the image, also we successfully eliminates 

streaking, which is the breaking up of a wrinkle caused by the operator output fluctuating 

up or down around the threshold. After the ridge detection is taken from the smoothed 

range images, ridges will form a new image, called a wrinkle image. 

Although our stereo imaging system was initially designed for fabric wrinkle 

evaluation, with high resolution 3D surface data in hand, we further explored the 

system’s potential by developing a series of pilling assessment algorithms. The results 

showed that the proposed system was also capable in pilling measurement. 

After a series of validation tests, Chapter 5 reports a summary of the wrinkle 

valuation test results and gives discussion on the developed system. Chapter 6 offers 

conclusion and future work for this study.  
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Chapter 2: Framework of a Stereo Vision System 

Depth perception using 3D stereo technique is an increasingly important subject 

with applications in various fields, including the fabric wrinkle evaluation. In this 

chapter, we describe the framework of a stereo vision system that has been developed for 

3D fabric wrinkling evaluation. Following a brief review of basic principles underlying 

stereo vision technique, we will present the setup and calibration of our system. 

 

2.1 STEREO VISION SYSTEM 

In a basic stereo vision system, as shown in Figure 2.1, two slightly separated 

cameras are used to capture the scene from two different locations at slightly different 

viewing angles. The scene can be reconstructed from a pair of the stereo pictures based 

on the stereo geometry. Due to the different views from the two standpoints, images 

captured from the left and right camera are not exactly the same. In other words, the same 

feature occurs in different locations in left and right images. That relative displacement in 

two images is call disparity, which is used to calculate the depth of object. The principle 

to calculate the depth is optical triangulation.  
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To present the optical triangulation principle, first we denote the left camera as 

"l", the right camera as "r". The position of an object point P in world coordinate can be 

determined by intersecting two rays 𝑂𝑙𝑝𝑙
𝑐           and 𝑂𝑟𝑝𝑟

𝑐          , while 𝑂𝑙  and 𝑂𝑟  are the optical 

centers of the left and right cameras, respectively. And 𝑝𝑙
𝑐  and 𝑝𝑟

𝑐  are the projections of 

P in the corresponding image planes, Π𝑙
𝑐  and Π𝑟

𝑐 . In practice, we often rectify the 

images by re-projecting to the specific image planes Π𝑙  and Π𝑟 , to simplify the 

computation of disparity. These two planes should be parallel to the baseline 𝑂𝑙𝑂𝑟 . In 

this case, the new projection points of P, 𝑝𝑙  and 𝑝𝑟 , are located in the same horizontal 

scan line, which is referred to as epiline. If the focal length f and baseline length (distance 

between two cameras) b are known, then the depth of P relative to the cameras can be 

obtained by the optical triangulation based on the geometry illustrated in Figure 2.2, as 

  
𝑋
𝑌
𝑍
 = 𝑁  

𝑥𝑙

𝑦𝑙

𝑓
 = 𝑁  

𝑥𝑟

𝑦𝑟

𝑓
 +  

𝑏
0
0
 , (2.1) 

Figure 2.1 Principle of stereo vision 
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given the origin of the 3D coordinate system is at the left optical center 𝑂𝑙 . N is the 

magnification coefficient defined as 

 𝑁 = −
𝑏

𝑑
=

𝑏

𝑥𝑙 − 𝑥𝑟
, (2.2) 

where 𝑑 = 𝑥𝑟 − 𝑥𝑙  is the disparity, and 𝑥𝑙  and 𝑥𝑟  are relative to the image centers 𝐶𝑙  

and 𝐶𝑟 , respectively. 

 

 

2.2 SYSTEM SETUP 

A prototype stereo vision system has been developed in this study. This section 

describes its hardware design, and all related accessories to facilitate stereo image 

capturing. The engineering factors of our major concern are cost, accuracy, and 

reliability. To reduce the cost and shorten the duration of development, we have used off-

the-shelf components including cameras and mounting hardware. The basic unit of the 

system is a pair of digital cameras mounted close to each other as a single unit. The unit 

X
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Figure 2.2 Triangulation geometry in parallel-axis stereo vision 
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is then fixed on a pole, which is perpendicular to a flat plane. Samples to be imaged are 

placed on the plane, so the pair of cameras can take pictures of the sample from the top. 

The configuration is illustrated in Figure 2.3. 

 

 

Two 10.2-megapixel Canon
®
 EOS Rebel XTi digital cameras were used to realize 

high-resolution imaging. In order to increase the overlap between two views, the cameras 

are placed in a convergent configuration with an angle of around 13º, and effective focal 

length of about 28 mm, and a baseline length of about 130 mm. Two cameras were 

mounted basically next to each other, so the baseline length is practically determined by 

the physical dimension of the camera. The working distance between the cameras and the 

object to be imaged was about 350 mm, and the imaging area was about 250×170 mm
2
. 

The cameras were controlled by a computer via USB interfaces, and captured images 

were transferred directly to the computer memory, which made the system more efficient 

and practical. A personal desktop computer with an Intel Core 2 Quad 2.4 GHz CPU and 

4 GB RAM was used to control the cameras and receive images from the cameras. All 

the image processing and computation were done locally on this computer. 

Figure 2.3 The prototype stereo vision system. 
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In order to ensure the overall image exposure quality, and to overcome 

inconsistent ambient lighting condition, both of the cameras were configured to have 

smallest aperture available to their lenses (F22 in our case). External flash lights were 

used to provide sufficient and consistent illumination during image capturing. A small 

aperture allows minimum amount of light to pass through the lens and reach to the image 

sensor. This reduced the amount of ambient light during exposure. 

 

2.3 SYSTEM CALIBRATION 

System calibration refers to the procedure of the estimation of internal parameters 

of each camera, as well as the estimation of the relative positions between the left and 

right cameras. Both of these two sets of parameters can be acquired from a complete 

camera calibration process. The intrinsic parameters describe the distortion induced in 

each individual camera by imperfect lens and lens displacement relative to the image 

sensor. The extrinsic parameters reflect the position and orientation of the each individual 

camera in a reference coordinate system. Based on the extrinsic parameters of the two 

cameras of a stereo device unit, their relative position and orientation can be determined.  

 

2.3.1 Camera Model and Basic Equations 

The intrinsic camera model is well documented in Tsai’s [14] and Heikkila and 

Silven’s  [15] model. These intrinsic parameters include the effective horizontal and 

vertical focal length (𝑓𝑥 , 𝑓𝑦 ) of the lens, the principal point (𝑐𝑥 , 𝑐𝑦 ), which describes the 

de-centering of the lens, the radial lens distortion coefficients (𝑘1, 𝑘2 𝑘3), and the 

tangential lens distortion coefficients (𝜏1 , 𝜏2). The description of the parameters is 

similar to that in Bouguet’s Camera Calibration Toolbox [16]. The extrinsic parameters 
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can be described by a rotation matrix R and a translation vector t. The transformation 

from the 3D world coordinate to the 2D computer image coordinate involves four steps. 

1. Rigid body transformation from the 3D world coordinate (𝑋𝑤 , 𝑌𝑤 , 𝑍𝑤 ) to the 3D 

camera coordinate (𝑋, 𝑌, 𝑍), 

  
𝑋
𝑌
𝑍
 = 𝐑  

𝑋𝑤

𝑌𝑤
𝑍𝑤

 + 𝐭. (2.3) 

2. Transformation from the 3D camera coordinates (𝑋, 𝑌, 𝑍) to the 2D undistorted, 

normalized image coordinates (𝑥𝑢 , 𝑦𝑢 ) using perspective projection with pinhole 

camera geometry, 

  
𝑥𝑢

𝑦𝑢
 =

1

𝑍
 
𝑋
𝑌
 . (2.4) 

3. Transformation from the 2D undistorted image coordinates (𝑥𝑢 , 𝑦𝑢 ) to the 2D 

distorted image coordinates (𝑥𝑑 , 𝑦𝑑 ),  

  
𝑥𝑑

𝑦𝑑
 =  

𝑥𝑢

𝑦𝑢
 +  

𝐷𝑥
(𝑟)

+ 𝐷𝑥
(𝑡)

𝐷𝑦
(𝑟)

+ 𝐷𝑦
(𝑡) , (2.5) 

where (𝐷𝑥
(𝑟)

, 𝐷𝑦
(𝑟)

) describes the radial lens distortion,  

  
𝐷𝑥

(𝑟)

𝐷𝑦
(𝑟) =  𝑘1𝑟

2 + 𝑘2𝑟
4 + 𝑘3𝑟

6  
𝑥𝑢

𝑦𝑢
 , (2.6) 

and (𝐷𝑥
(𝑡)

, 𝐷𝑦
(𝑡)

) describes the tangential lens distortion, 

  
𝐷𝑥

(𝑡)

𝐷𝑦
(𝑡) =  

2𝜏1𝑥𝑢𝑦𝑢 + 𝜏2 𝑟
2 + 2𝑥𝑢

2 

2𝜏2𝑥𝑢𝑦𝑢 + 𝜏1 𝑟
2 + 2𝑦𝑢

2 
 , (2.7) 

where 𝑟 =  𝑥𝑢
2 + 𝑦𝑢

2. 

4. Transformation from the 2D distorted image coordinates (𝑥𝑑 , 𝑦𝑑 ) to the 2D 

digital image coordinates(x, y), 



 13 

  
𝑥
𝑦 =  

𝑓𝑥 0
0 𝑓𝑦

  
𝑥𝑑

𝑦𝑑
 +  

𝑐𝑥
𝑐𝑦

 , (2.8) 

where the effective focal length (𝑓𝑥 , 𝑓𝑦 ) and the principle point (𝑐𝑥 , 𝑐𝑦 ) are 

expressed in pixels.  

 

2.3.2 Camera Parameters Calculation 

The problem of camera calibration is to compute the camera intrinsic and 

extrinsic parameters based on a number of points whose object coordinates in the (𝑋𝑤 , 

𝑌𝑤 , 𝑍𝑤 ) coordinate system are known and whose image coordinates (𝑥𝑑 , 𝑦𝑑 ) are 

measured. We designed a target that provides mono-view non-planar points for 

calibration. Figure 2.4 shows the left and right images of the same target. Perspective 

projection distorts the shape of the circular features in the image plane depending on the 

angle and displacement between the object surface and the image plane. Only when the 

surface and the image plane are parallel, projection of a circle pattern remains circular. 

The target has two perpendicular surfaces, each of which consists of a 9×6 array of 

equally spaced circles. The diameter of the circles is 7 mm, and the center-to-center 

distance between two adjacent circles is 15mm. The center points of the circles can be 

estimated by ellipse fitting with subpixel precision. A total of 108 circle centers are used 

in calibration as feature points. 
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Figure 2.4 Left and right views of the calibration pattern 

The computation of intrinsic and extrinsic parameters were solved by following 

Zhang’s [17] calibration technique. This calibration procedure is a three-step process. 

First, the intrinsic and extrinsic parameters are estimated using closed-form solution. 

Then the coefficients of the radial distortion are estimated by solving a linear least-square 

equation. Lastly, all parameters are refined by maximum likelihood estimation. Table 2.1 

lists the intrinsic and extrinsic parameters from a successful calibration for the left and 

right camera. In our calibration, we assume there was no tangential distortion, which is 

practically very small in modern lens manufacturing technology. High order of radial 

distortion (k2 and k3) was ignored also for the same reason. The mean calibration error 

was 1.223 pixels for the left camera, and 1.310 for the right camera. 

Once the cameras are calibrated, the image planes can be rectified to follow the 

parallel-axis stereo geometry as shown in Figure 2.2. And the calculated parameters are 

good for image rectification as long as the relative positions between these two cameras 

are not changed. 
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Table 2.1 Camera intrinsic and extrinsic parameters 

Camera Parameters Left Camera Right Camera 

Rx (degree) 0.3602 0.6372 

Ry (degree) -7.2213 2.0826 

Rz (degree) -0.9670 -1.5827 

Tx (mm) -1000.6134 -1065.3096 

Ty (mm) -1034.9858 -1028.1229 

Tz (mm) 308.934038 559.3996 

f (mm) 44.2172 44.7583 

κ1 1.47262×10
-4

 5.8818×10
-5

 

κ2 0 0 

k3 0 0 

cx (pixel) 1883.80898 1939.3845 

cy (pixel) 1250.24714 1289.9095 

 

 

 

 

Note: We assume there was no tangential distortion (𝜏1 and 𝜏2) due to modern lens 

manufacture technique. High order of radial distortion (k2 and k3) were ignored also for the 

same reason. Focal length (𝑓) were assumed to be the same in both X and Y direction. 



 16 

Chapter 3: Stereo Matching and Depth Finding 

3.1 INTRODUCTION 

The most difficult part in stereo vision is to build correct correspondence between 

two images, which is also called stereo matching. As the most challenging process in a 

stereo vision system, it has been intensively investigated over the past three decades. Lots 

of progress has been reported in this field, but the research is still far from complete. 

Stereo vision is an application oriented task, which means it is very hard to develop an 

algorithm which is general enough to be applicable under arbitrary circumstance. For a 

specific application, we need to choose or develop algorithms that best suit its characters 

and requirements, which include the desired level of geometric details and density of data 

(resolution), the completeness and smoothness of the 3D surface, accuracy of the surface, 

and the computation cost.  

Among a wide variety of matching algorithms [18] [19] developed in last three 

decades, some of them produce fractional disparity estimates (e.g., gradient-based [20] 

and level set method [21]), but most methods compute disparities at discrete values (e.g., 

block matching [22], dynamic programming [23] and graph cut [24]). For the stereo 

vision system developed in this study, high accuracy and resolution are required for the 

purpose of fabric 3D surface measurement. High resolution can be easily achieved by 

using high mega-pixel cameras. However, to improve the accuracy, a stereo matching 

algorithm with subpixel accuracy is needed to reach the quality of 3D data demanded by 

surface measurement.  

The remainder of this chapter is structured as follows. Section 3.2 provides a brief 

literature review on stereo matching algorithms. Section 3.3 describes details of the 
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proposed algorithm. Experimental results are given in Section 3.4. And a conclusion is 

provided in Section 3.5 along with some discussion.  

 

3.2 REVIEW ON STEREO MATCHING ALGORITHMS 

Stereo matching algorithms can be broadly classified into two categories: area-

based and feature-based. However, this classification scheme has been insufficient to 

include many algorithms developed in recent years. Actually, area-based algorithms only 

include a small group of techniques which measure correlation between patches in the 

images. Instead an algorithm can be bettered identified from two aspects: matching 

primitives and matching strategy.  

 

3.2.1 Matching Primitives 

Matching primitives are generally divided into two types: sparse primitives and 

dense primitives. Sparse primitives are usually symbolic features extracted from images, 

and include points of interest, edges, or corners, while dense primitives are located at 

every pixel, and include image intensities, intensity gradients, phase or filter-bank 

responses, and so on. For sparse primitives, local matching costs are measured by simple 

comparisons between feature descriptors. For Dense primitives, local matching costs can 

be calculated by squared difference, absolute differences or correlation. The algorithms 

based on spares primitives only produce sparse disparity maps, and thus interpolation is 

usually required as a post-process to get dense data. 
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3.2.2 Matching Strategies 

Like many other inverse engineering problems, stereo matching is under-

constrained and the solution of matching between primitives is not unique. To obtain a 

physically optimal solution, a set of priori assumptions have been proposed to impose 

constrains on the solution space. The generally used assumptions are 

1. Uniqueness constraint: Correspondence should be unique that each primitive 

should have at most on match. 

2. Continuity constraint: The disparity map is assumed to be continuous in two 

dimensions and piecewise smooth except at surface boundaries. 

3. Epipolar constraint: Matching primitives must lie on the corresponding epipolar 

lines that are coincident with scanlines for rectified images. 

4. Ordering constraint: A left-right ordering relationship between two pixels in the 

left image should have the same ordering correspondence pixels as in the right 

image. 

It is essential to a matching algorithm to effectively utilize these constraints to 

achieve a globally consistent solution, which is called a matching strategy. Correlation is 

the simplest matching strategy which has been used in area-based method. These 

methods assume constant disparity within a window centered on a pixel in each image 

and measure similarity by correlation or cross-correlation of image intensities between 

windows. The disparity which yields highest similarity will be selected for each pixel. It 

is critical to choose a suitable window size. A large window size needed to make the 

solution with high noise tolerance, but a small windows size is preferred to produce a 

detailed disparity map with higher accuracy. Therefore, some methods [25] [26] employ a 

variable windows size to adapt to local variations of intensity and disparity. Disparities 

are measured locally in this strategy.  
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Stereo matching can also be formulated by minimizing global energy functions 

defined in the disparity space [27]. These energy functions usually include two terms, a 

data term and a smoothness term. The data term measures how well the disparity map 

agrees with the input images, while the smoothness term imposes the smoothness 

constrain on the solution. But generally, these energy functions have many local minima, 

and to search for the global minimum is a combinatorial explosion problem which cannot 

be solved in practice. For example, simulated annealing [28] can be used to achieve the 

global minimum in theory, but its practical implementations are very computationally 

slow.  

Although global optimization over the whole image is not practical for current 

computers, its implementation along a single scanline is practically feasible. Dynamic 

programming (DP) [23] is such a technique in which matching is performed by searching 

for a path with minimum cost in a matching space subject to ordering and uniqueness 

constraints, where the matching space is defined as a two-dimensional (2D) space with 

axes representing the corresponding left and right scanlines. But the major drawback of 

dynamic programming is that inter-scanline consistency cannot always be guaranteed. 

Several techniques have been presented to alleviate this problem. For example, vertical 

discontinuities were taken into account by iterations [29], a two-stage dynamic 

programming technique was reported in [30]. 

In contrast to 1D optimization of DP, graph-cut/maximum-flow[24][31][32] and 

belief propagation[33][34] are two state-of-the-art approaches that perform optimization 

in 2D. In graph-cut, the matching costs and smoothness constraints are associated to 

edges in a flow graph as capacities, and stereo matching is converted into a maximum-

flow/minimum-cut problem. In belief propagation (BP), stereo matching is formulated as 

a Bayesian inference problem where the maximum a posteriori (MAP) estimated is 
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obtained by iterative message propagation in a network. The results given by graph-cuts 

and BP are comparable, and are more globally consistent than those by dynamic 

programming, but they require much more extensive computation. 

 

3.3 METHODOLOGY 

3.3.1 Overview 

Since a stereo matching problem is under-constrained, the solution is not unique. 

To obtain a physically plausible solution, priori knowledge needs to be used to make the 

problem well-posed, which is called regularization [27][35]. In a regularization 

framework, stereo matching is performed by minimizing a global energy function defined 

in the disparity space 𝑑. The energy function 𝐸(𝑑) usually include two terms, 

 𝐸 𝑑 = 𝑄 𝑑 + 𝜆𝑆 𝑑 , (3.1) 

where 𝑄 𝑑  is a data term which represents the consistency of the disparity map with 

the input image, while 𝑆 𝑑  is a smoothness term which impose smoothness constraints 

on the solution, and 𝜆 is a regularization parameter which weighs the smoothness term. 

The magnitude of 𝜆 determines the stability of a solution. The larger the 𝜆, the more 

stable the solution is. While on the other hand, a large 𝜆 will smooth out details (rapid 

transitions) in the disparity map. In practice, a constant 𝜆 does not work well because a 

real surface usually does not have a uniform smoothness. To obtain a stable solution 

while preserving details, the 𝜆 should be adjusted locally to the geometrical properties 

of the surface.  

Typically, the function 𝐸(𝑑) has many local minima, and to search the global 

minimum is computationally intensive which is too difficult in practice. Some feasible 

techniques to approximate the global minimum include simulated annealing, dynamic 
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programming, maximum-flow/minimum-cut algorithms in graph theory, belief 

propagation, and genetic algorithms. Generally speaking, global methods are superior to 

local methods such as block matching in terms of the quality of computed disparity map. 

So in this work, we noticed matching uncertainty was reduced so significantly due to the 

natural texture on the fabric that it is possible to utilize some efficient local methods to 

obtain satisfactory matching result. Therefore, we have resorted to some local methods in 

developing our algorithm. There are two major phases in the proposed algorithm. In the 

first phase, discrete-disparities are computed by using block matching which is a winner-

take-all strategy. where the regularization term in Equation (3.1) is totally ignored. In the 

second phase, we iteratively refine the disparity map within the regularization framework 

until the minimum energy is reached with a predefined iteration steps. 

 

3.3.2 Problem Formulation 

In developing a matching algorithm, it is critical to choose a proper matching 

metric, i.e., the similarity measure between two corresponding pixels. Let 𝐼𝑙(𝑥, 𝑦) and 

𝐼𝑟(𝑥, 𝑦) be the left and right intensity images, respectively. At this point, we suppose the 

images are perfectly rectified, which means the epipolar lines coincide with the scanlines 

and disparities only exist in the horizontal direction. We further assume the fabric surface 

is Lambertian and the images are corrupted with uniform Gaussian white noise, then a 

cost function (of dissimilarity) associated with a match can be defined as 

 𝑐 𝑥, 𝑦, 𝑑 =  𝐼𝑙 𝑢, 𝑣 − 𝐼  𝑟 𝑥 + 𝑑 𝑥, 𝑦 , 𝑦  2, (3.2) 

which would give a maximum likelihood solution to the disparity function 𝑑. 
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But in practice, the above function may fail due to unbalanced exposure, gain and 

white balance of the cameras. We thus use a more robust method, normalized cross-

correlation (NCC), as the similarity measure, which is defined as 

 𝜌 𝑥, 𝑦, 𝑑 =
   𝐼𝑙 𝑢, 𝑣 − 𝐼  𝑙 𝑥, 𝑦   𝐼𝑟 𝑢 + 𝑑, 𝑣 − 𝐼  𝑟 𝑥 + 𝑑, 𝑦    𝑢 ,𝑣 ∈𝑊 𝑥 ,𝑦 

𝑁𝜎𝑙 𝑥, 𝑦 𝜎𝑟 𝑥 + 𝑑, 𝑦 
, (3.3) 

where 𝑊(𝑥, 𝑦) is a correlation window around (𝑥, 𝑦) with a total pixel number 𝑁, and 

𝐼  𝑙(𝑥, 𝑦) (or 𝐼  𝑙(𝑥, 𝑦)) and 𝜎𝑙 𝑥, 𝑦  (or 𝜎𝑟(𝑥 + 𝑑, 𝑦)) are the local mean and standard 

deviation of intensity for the left (or right) image. The normalization in the local mean 

and standard deviation makes NCC insensitive to photometric distortion [19] [33]. Based 

on 𝜌(𝑥, 𝑦, 𝑑), the cost function can be defined by  

 𝐶 𝑥, 𝑦, 𝑑 =  1 − 𝜌(𝑥, 𝑦, 𝑑) 2. (3.4) 

Since −1 ≤ 𝜌(𝑥, 𝑦, 𝑑) ≤ 1, we have 0 ≤ 𝐶(𝑥, 𝑦, 𝑑) ≤ 4. 𝐶 𝑥, 𝑦, 𝑑  is defined 

in the whole image space and at each possible disparity; this trivariate function is usually 

called disparity space image (DSI) [18].  

The DSI is computed through block matching. The disparity for each pixel is 

obtained by searching the correlation peak in the DSI, i.e.,  

 𝑑 𝑥, 𝑦 =  𝑑| max 𝜌 𝑥, 𝑦, 𝑑  . (3.5) 

Although the computation is efficient, we cannot guarantee it will succeed 

everywhere on the image due to noise, geometric distortion and discontinuities. And even 

worse, disparities are undefined at occlusion. Thus false matches need to be detected. We 

used three criteria for deciding a good match. First, the variation of intensity in the 

matching window should be above a threshold 𝜎𝑡 , otherwise the definition of NCC is 
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unstable. Second, the correlation value should be greater than a threshold 𝜌𝑡 . Third, the 

match should pass the left-right check, which means it is also related to a correlation peak 

if we take the right image as the reference and search for a matched pixel in from the left 

image. There is a tradeoff in setting the parameters 𝜎𝑡  and 𝜌𝑡 : the larger they are, the 

more confident we are in decided good matches, but the chance of missing true matches 

will also increase. Ideally, 𝜎𝑡  should be set above the noise level of image, and 𝜌𝑡  

should be determined by such factors as noise level, degree of perspective distortion, size 

of matching window, and accuracy of image rectification. But in practice, it is hard to 

optimize these parameters by incorporating the above-mentioned factors. In our 

experiments, they were set empirically, and remained unchanged throughout the 

experiment. 

After false match detection, the image space (𝐼 =  (𝑥, 𝑦) ) is split into two sets, 

matched (𝐌) and unmatched (𝐌 ), and 𝐼 = 𝐌 + 𝐌 . For each pixel (𝑥, 𝑦) ∈ 𝐌 , we assign 

it a disparity by linearly interpolating disparities of its nearest-neighboring left and right 

matched pixels along the scanline, so we get a dense disparity map before moving 

forward to the disparity refinement stage. 

To formulate the energy function as defined in Equation (3.1), the data term is 

defined as  

 
𝑄 𝑑 =  𝐶 𝑥, 𝑦, 𝑑 d𝑥d𝑦

𝐌

, (3.6) 

because only matched pixels contribute to the data term. For the smoothness term, we 

take the regularization parameter into the integral and split it into 𝑥 and 𝑦 components 

since smoothness constraints along the horizontal and vertical directions may be different 
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𝑆 𝑑 =   𝜆𝑥 𝑥, 𝑦, 𝑑 𝑑𝑥

2 + 𝜆𝑦 𝑥, 𝑦, 𝑑 𝑑𝑦
2 d𝑥d𝑦

𝐼

, (3.7) 

where 𝑑𝑥  and 𝑑𝑦  are disparity gradients which are weighted by regularization 

parameters 𝜆𝑥  and 𝜆𝑦 , respectively. Here we make the regularization parameters vary 

over the disparity space image to reflect local geometry, which will be discussed in the 

next subsection. Note that the smoothness term is defined in the whole image, since 

disparity assigned to the unmatched pixels by interpolation still need to follow 

smoothness constraints. Then the disparity map 𝑑(𝑥, 𝑦)  is sought by minimizing 

Equation (3.1).  

 

3.3.3 Local Coherence-based Regularization  

As stated in previous subsection, the regularization parameters should be adaptive 

to geometric properties of the surface. We assume the surface is almost smooth 

everywhere except for some discontinuities. The smoothness constraints at discontinuities 

should be weak, and thus the regularization parameters should be small. If we assume 

𝑚(𝑥, 𝑦, 𝑑) is a good match and the local surface is smooth along the scanline, than we 

can expect 𝑚(𝑥 − 1, 𝑦, 𝑑) and 𝑚(𝑥 + 1, 𝑦, 𝑑) to be good, or close to good, too. On the 

contrary, the expectation cannot be true if there is a discontinuity. Since good matches are 

reflected by high correlation coefficients in the disparity space image, and bad matches 

are most likely related to low correlation coefficients, we can determine 𝜆 in the 

following way, 
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 𝜆𝑥 𝑥, 𝑦, 𝑑 = 𝜆0
𝑥𝜌 𝑥, 𝑦, 𝑑  𝜌 𝑥 − 1, 𝑦, 𝑑 + 𝜌 𝑥 + 1, 𝑦, 𝑑  , 

𝜆𝑦 𝑥, 𝑦, 𝑑 = 𝜆0
𝑦
𝜌 𝑥, 𝑦, 𝑑  𝜌 𝑥, 𝑦 − 1, 𝑑 + 𝜌 𝑥, 𝑦 + 1, 𝑑  , 

(3.8) 

where 𝜆0
𝑥  and 𝜆0

𝑦
 are two constants which are chosen empirically. These formulas 

reflect the local coherence in the disparity space image, so this strategy is called local 

coherence-based regularization. It should be pointed out it is only meaningful for 

matched pixels. For unmatched pixels, we keep the parameterization parameters constant, 

i.e., 𝜆𝑥 𝑥, 𝑦, 𝑑 = 𝜆0
𝑥  and 𝜆𝑦 𝑥, 𝑦, 𝑑 = 𝜆0

𝑦
. 

 

3.3.4 Disparity Parameterization 

The energy function in Equation (3.1) can be numerically minimized by the finite 

element method. To make the computation convenient, first we need to parameterize the 

disparity map. Here we choose B-spline representation due to its attractive properties 

such as piecewise smoothness, local support, affine and perspective invariance, and the 

same differentiability as with the basis function.  

Two-dimensional disparity map 𝑑 𝑥, 𝑦  can be represented as a bicubic B-spline 

surface 

 𝑑 𝑥, 𝑦 =   𝑤𝑖,𝑗𝐵𝑖,𝑗  𝑥, 𝑦 

𝑗𝑖

, (3.9) 

where 𝑤𝑖 ,𝑗  are called control vertices, and 𝐵𝑖,𝑗  𝑥, 𝑦 = 𝐵(𝑥 − 𝑖, 𝑦 − 𝑖)  are basis 

functions with a uniform knot interval  in the 𝑥 and 𝑦 directions. Here the control 

vertices are defined on every pixel ( = 1) so as to produce a detailed disparity map. The 

bicubic B-spline function 𝐵 𝑥, 𝑦  can be represented as a tensor-product 

 𝐵 𝑥, 𝑦 = 𝐵 𝑥 𝐵 𝑦 , (3.10) 
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where 𝐵(𝑥) is a cubic B-Spline function defined by  

 

𝐵 𝑥 =

 
 
 

 
 
 𝑥 3

2
−  𝑥 2 +

2

3
,  𝑥 ≤ 1

−
 𝑥 3

6
+  𝑥 2 − 2 𝑥 +

4

3
, 1 <  𝑥 ≤ 2

0,  𝑥 > 2

 , (3.11) 

for  = 1. 

 

3.3.5 Functional Minimization 

In B-spline representation, the disparity map is determined by the control vertices 

𝑤𝑖 ,𝑗 , which can be estimated by minimizing the energy function 𝐸 . Szeliski and 

Coughlan [36] used a variant of the Levenberg-Marquardt iterative non-linear 

minimization technique in their work, but it needs extensive computation for a dense B-

spline representation. To avoid a large amount of computation, the technique adopted in 

this paper is similar to the iterative gradient descent method used by Wei et al. [37]. In 

our case, the control vertices 𝑤𝑖 ,𝑗  are iteratively updated as follows, 

 Δ𝑤𝑖,𝑗
(𝑛)

= −𝛽
𝜕𝐸

𝜕𝑤𝑖 ,𝑗
+ 𝛼Δ𝑤𝑖 ,𝑗

(𝑛−1)
, (3.12) 

 𝑤𝑖 ,𝑗
(𝑛)

= 𝑤𝑖,𝑗
(𝑛−1)

+ Δ𝑤𝑖 ,𝑗
(𝑛)

, (3.13) 

where the superscript 𝑛 indexes the iteration number, 𝛽 is the learning rate, and 𝛼 is a 

momentum constant which determines the effect of past update on current one. A 

relatively large learning rate is helpful for speeding up the convergence, but an overlarge 

value will make the iteration process unstable. The momentum constant, which is in the 

range of 0 and 1, acts as a damper to prevent oscillations.  

The gradient of 𝐸 with respect to 𝑤𝑖 ,𝑗  can be calculated by 
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𝜕𝐸

𝜕𝑤𝑖 ,𝑗
=

𝜕𝑄

𝜕𝑤𝑖 ,𝑗
+

𝜕𝑆

𝜕𝑤𝑖 ,𝑗
. (3.14) 

The first gradient term 
𝜕𝑄

𝜕𝑤 𝑖 ,𝑗
 will involve the gradient of correlation function 𝜌(𝑥, 𝑦, 𝑑) 

over 𝑑, so we need to model 𝜌(𝑥, 𝑦, 𝑑) with a continuous function to facilitate the 

calculation of correlation gradients. In this work, 𝜌(𝑥, 𝑦, 𝑑) is modeled by a Gaussian 

function, i.e., 

 𝜌 𝑥, 𝑦, 𝑑 = 𝜌0 𝑥, 𝑦 exp  −
 𝑑 − 𝜇(𝑥, 𝑦) 2

𝑘(𝑥, 𝑦)
 , (3.15) 

where 𝜌0(> 0), 𝜇 and 𝑘(> 0) are constants for each (𝑥, 𝑦), and need to be calculated 

only once by fitting the Gaussian function to the correlation peak and its two neighbors. 

Since the height of the Gaussian function may not exactly be 1, Equation (3.4) should be 

modified to  

 𝐶 𝑥, 𝑦, 𝑑 =  𝜌0 𝑥, 𝑦, 𝑑 − 𝜌 𝑥, 𝑦, 𝑑  2. (3.16) 

Then 
𝜕𝑄

𝜕𝑤 𝑖 ,𝑗
 can be expressed by  

 
𝜕𝑄

𝜕𝑤𝑖,𝑗
= −2   𝜌0 𝑥, 𝑦, 𝑑 − 𝜌(𝑥, 𝑦, 𝑑) 

𝐌

𝜕𝜌(𝑥, 𝑦, 𝑑)

𝜕𝑑

𝜕𝑑(𝑥, 𝑦)

𝜕𝑤𝑖 ,𝑗
d𝑥d𝑦. (3.17) 

The second gradient term in Equation (3.14) can be expressed by 

 
𝜕𝑆

𝜕𝑤𝑖 ,𝑗
= 2   𝜆𝑥 𝑥, 𝑦, 𝑑 𝑑𝑥 𝑥, 𝑦 

𝜕𝑑𝑥 𝑥, 𝑦 

𝜕𝑤𝑖 ,𝑗

 
𝐈

+  𝜆𝑦 𝑥, 𝑦, 𝑑 𝑑𝑦 𝑥, 𝑦 
𝜕𝑑𝑦 𝑥, 𝑦 

𝜕𝑤𝑖,𝑗
 d𝑥d𝑦,

 (3.18) 

where  

 𝑑𝑥 𝑥, 𝑦 =   𝑤𝑖 ,𝑗𝐵𝑖𝑥

𝑗

 𝑥 𝐵𝑗  𝑦 

𝑖

, (3.19) 

and  
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 𝑑𝑦 𝑥, 𝑦 =   𝑤𝑖 ,𝑗𝐵𝑖

𝑗

 𝑥 𝐵𝑗𝑦
 𝑦 

𝑖

. (3.20) 

The derivatives with respect to 𝑤𝑖 ,𝑗  in Equation (3.17) and (3.18) are expressed as 

follows 

 
𝜕𝑑(𝑥, 𝑦)

𝜕𝑤𝑖 ,𝑗
= 𝐵𝑖 𝑥 𝐵𝑗  𝑦 , (3.21) 

 
𝜕𝑑𝑥(𝑥, 𝑦)

𝜕𝑤𝑖 ,𝑗
= 𝐵𝑖𝑥

 𝑥 𝐵𝑗  𝑦 , (3.22) 

 
𝜕𝑑𝑦(𝑥, 𝑦)

𝜕𝑤𝑖 ,𝑗
= 𝐵𝑖 𝑥 𝐵𝑗𝑦

 𝑦 . (3.23) 

 

3.3.6 Numerical Solution 

A numerical solution to the above problem is computed by discretizing the 

formulas using the finite element technique. First of all, we need to sample the basis 

function with  = 1 among pixels on the image. Since the basis functions are shift-

invariant, we need to consider 𝐵(∙) only. 𝐵(∙) has a finite support and takes non-zero 

values only on three integral points: 𝐵 0 = 2/3, and 𝐵 −1 = 𝐵(1) = 1/6. Thus, 

𝐵 𝑥, 𝑦  is also locally defined and takes non-zeros on a 3 × 3 window, and can be 

expressed as a mask 

 𝐁 =
1

32
 
1 4 1
4 16 4
1 4 1

 . (3.24) 

Therefore, the disparity map can be calculated by convolving the control vertices matrix 

with 𝐁,  

 𝐃 = 𝐖 ⊗ 𝐁, (3.25) 



 29 

in which ⊗ represents the convolution operator, 𝐃 =  𝑑𝑖 ,𝑗  , and 𝐖 =  𝑤𝑖,𝑗  . 

Since 𝐵𝑥 −1 = 1/2, 𝐵𝑥 0 = 0, and 𝐵𝑥 1 = −1/2, the mask corresponding 

to 𝐵𝑥 𝑥 𝐵(𝑦) can be expressed as  

 𝐁𝑥 =
1

12
 
1 0 −1
4 0 −4
1 0 −1

 . (3.26) 

Similarly, the mask corresponding to 𝐵(𝑥)𝐵𝑦 𝑦  is 

 𝐁𝑦 =
1

12
 

1 4 1
0 0 0
−1 −4 −1

 . (3.27) 

Now, we denote  

 𝑔𝑖 ,𝑗 =  −
 𝜌0 𝑖, 𝑗 − 𝜌(𝑖, 𝑗, 𝑑) 

𝜕𝜌(𝑖, 𝑗, 𝑑)

𝜕𝑑
, if  𝑖, 𝑗 ∈ 𝐌,

0, otherwise.

  (3.28) 

To obtain the discretized formula corresponding to Equation (3.14), we further denote  

 𝐄𝑤 =  
𝜕𝐸

𝜕𝑤𝑖 ,𝑗
 , (3.29) 

 𝐐𝑤 =  
𝜕𝑄

𝜕𝑤𝑖 ,𝑗
 , (3.30) 

 𝐒𝑤 =  
𝜕𝑆

𝜕𝑤𝑖,𝑗
 , (3.31) 

then it follows that 

 𝐄𝑤 = 𝐐𝑤 + 𝐒𝑤 , (3.32) 

where 

 𝐐𝑤 = 𝐆 ∗ 𝐁, (3.33) 

and 
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 𝐒𝑤 =  Λ𝑥 ∙ (𝐖 ⊗ 𝐁𝑥) ∗ 𝐁𝑥 +  Λ𝑦 ∙ (𝐖 ⊗ 𝐁𝑦) ∗ 𝐁𝑦 . (3.34) 

Here, ∗  represents the correlation operator, and ∙  represents the element-wise 

multiplication of two matrices with the same dimensions; 𝐆 =  𝑔𝑖 ,𝑗  , Λ
𝑥 =  𝜆𝑖 ,𝑗

𝑥   and 

Λ𝑦 =  𝜆𝑖,𝑗
𝑦
 .  

One issue needs to be addressed regarding the computation of a solution is that 

the initial value of 𝐖 should be assigned before starting the iteration process. It can be 

realized by inverting Equation (3.25) with 𝐃 being the integer-pixel disparity map 

obtained in the first phase. The inverse operator of 𝐁 corresponds to a 2D IIR filter 

which can be realized by applying successively along the rows and columns a direct B-

spline filter 𝑠 𝑘 =
6𝜂

1−𝜂2 𝜂
 𝑘  with 𝜂 =  3 − 2 , which is a symmetric decreasing 

exponential with an alternating sign change [38]. In practice, we only need to keep 

several significant coefficients in 𝑠 𝑘 . 

 

3.3.7 Multi-resolution Computation 

The multi-resolution scheme has been used in many stereo matching algorithms to 

avoid local minima and increase matching efficiency. This scheme is also called a coarse-

to-fine strategy. In our multi-resolution framework, an image pyramid is first constructed 

by successive Gaussian filtering and down-sampling of the images to form a coarse pair. 

Matching is performed on a coarse level, and then the obtained depth map is interpolated 

and scaled up by two times to be the initial estimation at a finer level. Starting with this 

initial estimation, a disparity refinement process can be performed at this finer level using 

the same refinement procedure which converts discrete disparity map into float-precision 

map that minimizes global energy function. The final result is obtained on the finest 



 31 

level. The interpolation between two adjacent levels can be performed successively in the 

𝑥 and 𝑦 directions by a slight variant of the cubic uniform B-spline curve subdivision 

algorithm [39], i.e.,  

 𝑤2𝑖
𝑛 =

1

8
 𝑤𝑖−1

𝑛+1 + 6𝑤𝑖
𝑛+1 + 𝑤𝑖+1

𝑛+1 , (3.35) 

 𝑤2𝑖+1
𝑛 =

1

2
 𝑤𝑖

𝑛+1 + 𝑤𝑖+1
𝑛+1 , (3.36) 

where 𝑤𝑖
𝑛  denotes the control vertices in one direction at level 𝑛 , with 𝑛 = 0 

corresponding to the finest level. 

To show the idea of multi-resolution computation, an example of wrinkled fabric 

matching is demonstrated in Figure 3.1. In the pyramid structure shown in Figure 3.1(a), 

images are scaled down from bottom to top, while disparity maps are refined successively 

from top to bottom. Only the lowest three levels of the pyramid are shown here, although 

actually five levels have been used. In Figure 3.1(b) 3D surfaces of the fabric at three 

different levels are rendered, where the depth has been scaled up to three times for better 

visualization and comparison. This example clearly shows the evolution of the surface 

with the increase of resolution, and hence the geometrical details of the fabric. 
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3.4 EXPERIMENTAL RESULTS 

The stereo matching algorithms has been tested on images of multiple fabrics 

captured by our imaging system. The cameras were carefully calibrated using the 

techniques described in the previous chapter, and the images were rectified prior to 

perform matching. The same set of parameters was used throughout the tests. These 

parameters are listed in Table 3.1.  

 

N 
0
 

N 
1
 

N 
2
 

Downsize Refine 

(a) The pyramid structure for multi-resolution stereo matching. 

N
4
  N

2
  N

0
  

(b) Reconstructed 3D surface at level 4, 2 and 0. 

Figure 3.1 Scheme of multi-resolution stereo matching. 
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Table 3.1 Parameters used in the tests of stereo matching 

Parameter Description 

𝑊NCC = 5 × 5 Window size of NCC 

𝜎𝑡 = 1.0 
Threshold of the variation of intensity for detecting unmatched 

pixels 

𝜌𝑡 = 0.6 Threshold of NCC for detecting matched pixels 

𝑊Median = 21 × 21 
Window size of the median filter for reducing noise in the coarse 

disparity map 

𝑁Iter =15  Number of iterations in disparity refinement 

𝜆0
𝑥  and 𝜆0

𝑦
= 10.0 Regularization parameter in disparity refinement 

𝑁Layers = 5 Total number of layers in multi-resolution stereo matching 

𝛼Red = 0.5 Reduction ratio from a lower level to a higher level 

 

The accuracy of the proposed stereo matching algorithm is evaluated with a slant 

flat plane. The 3D surface computed by this algorithm was compared with the ones 

generated by other algorithms, e.g., traditional parabola fitting and Gaussian fitting. The 

reconstructed surfaces are shown in Figure 3.2. Staircase artifacts are clearly presented in 

Figure 3.2(a) since the disparity are discrete. The reconstructed surfaces with parabola or 

Gaussian fitting shows embossing-like noise pattern. In contrast, the surface produced 

with the proposed algorithm is much smoother. To quantitatively evaluate the accuracy, 

bivariate linear regression were performed. The 𝑅2, root mean square error (𝐸rms ) and 

maximum error (𝐸max ) were calculated for each case. The results are listed in Table 3.2. 

It demonstrates that the proposed algorithm is superior to traditional parabola or Gaussian 

fitting. Assume 𝐸rms  is taken as the metric of accuracy, then the accuracy of the system 

can be evaluated at 0.08 mm. Although our confidence of accuracy can be greatly 

improved if a direct measurement can be performed, for example we could include tests 
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with objects with some roughness, it is hard to get ground truth of such objects. For this 

reason, these tests were not performed. 

 

 
 

 

Table 3.2 Results of bivariate linear regression for the reconstructed plane surfaces 

 Integer Parabola Gaussian Proposed 

𝑅2 0.99937 0.99989 0.99989 0.99995 

𝐸rms  (mm) 0.2832 0.1156 0.1156 0.0803 

𝐸max  (mm) 0.9450 0.4832 0.4846 0.3365 

 

 

3.5 CONCLUSION AND DISCUSSION 

In our application, the stereo matching algorithm utilizes the natural (both 

geometric and chromatic) textures of the fabric as matching targets, thanks to the high 

resolution imaging. The matching is performed in a coarse-to-fine scheme, which reduces 

the possibility of false match in the initial search. The initial discrete disparity is 

(a) (b) (c) (d) 

Figure 3.2 Reconstructed surfaces for a slant flat plane from: (a) discrete disparity map 

without refinement; (b) disparity map refined with parabola fitting; (c) disparity map 

refined with Gaussian fitting; and (d) disparity map refined with proposed algorithm.  
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calculated by searching for a highest NCC in a matching window between left and right 

images. NCC is more tolerant to unbalanced exposure and difference in sensor sensitivity 

than intensity-based correlation. The disparity refinement is performed by local least-

squares matching and global optimization. High accuracy can be reached by the least-

squares matching, but stability is maintained and potential errors are corrected by the 

global optimization in a regularization framework. 
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Chapter 4: Measurement of Fabric Wrinkling and Pilling 

4.1 INTRODUCTION 

Scaling the 3D depth data to the range between 0 and 255 generates an intensity 

bitmap image with the same dimensions, which facilitates image processing techniques 

for wrinkle detection. In the range image, wrinkles exist in the areas that have local 

maximum or minimum intensities. A wrinkle detection algorithm should be able to 

localize these events. This chapter focuses on the algorithms designed to detect wrinkles, 

as well as to extract feature parameters for wrinkling evaluation. While these algorithms 

demonstrates good capabilities in handling wrinkles of fabrics, to further explore the 

advantages of 3D imaging techniques applied on fabric surface characterization, we also 

developed procedures to evaluate pillings. Results of both of wrinkle and pilling 

detection are presented in this chapter, while the systematic evaluation of our proposed 

3D imaging system along with multi-resolution stereo matching applied on fabric will be 

reported in Chapter 5. 

 

4.2 WRINKLE MEASUREMENT 

4.2.1 Wrinkle Detection 

After converting the 3D depth data to range image, wrinkles exist in the areas that 

have local maximum or minimum intensities. Those local maxima and minima are the 

ridges and valleys of wrinkles, and the task of wrinkle detection is to find these events on 

the range image. The algorithm of ridge/valley detection is much the same as edge 

detection. The major difference is that edge detection is designed to find the sharpest 

intensity transition, while ridge/valley detection is implemented to find zero transition 

with three major steps. In the first step, an adaptive smoothing technique, which is based 
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on anisotropic diffusion [40] is applied to filter the data while preserving geometric 

details. This is a non-linear, iterative algorithm that combines the sharpening of 

foreground objects with smoothing of relatively uniform regions (background). At each 

iteration, a weighted average in the 3 × 3 neighborhoods of an image 𝐼 is calculated 

based on 

 𝐼 𝑡+1  𝑥, 𝑦 =
  𝐼 𝑡  𝑥 + 𝑖, 𝑦 + 𝑗 𝑤 𝑡  𝑥 + 𝑖, 𝑦 + 𝑗 1

𝑗=−1
1
𝑖=−1

  𝑤 𝑡  𝑥 + 𝑖, 𝑦 + 𝑗 1
𝑗=−1

1
𝑖=−1

, (4.1) 

where 𝑡 is the iteration index. The weighting function, 𝑤 𝑡 (𝑥, 𝑦), for each pixel is 

calculated as  

 𝑤 𝑡  𝑥, 𝑦 = 𝑒(𝐺2 2𝑘2) , (4.2) 

where  

 𝐺 = maxi,j∈{−1,0,1}  𝐼
 𝑡  𝑥, 𝑦 − 𝐼 𝑡  𝑥 + 𝑖, 𝑦 + 𝑗   . (4.3) 

The parameter 𝑘 in Equation (4.2) is used to set the gradient threshold where 

discontinuities are preserved. In the study, we found that 𝑘 = 5 and iteration count 

𝑡 = 10 are sufficient. 

The second step calculates the wrinkle strength by taking the gradient of the 

image. The Sobel [41] operator is applied on the image to perform a 2-D spatial gradient 

measurement, then the approximate absolute gradient magnitude (wrinkle strength) at 

each point can be found. The magnitude, or wrinkle strength, and degree of the gradient 

are approximated using the formula 

  
 𝐺 =  𝐺𝑥  +  𝐺𝑦  

𝜃 = arctan(𝐺𝑦 𝐺𝑥 )
 , (4.4) 
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where 𝐺𝑥  is the horizontal gradient and 𝐺𝑦  is the vertical gradient, both generated by 

the Sobel kernel. 

The gradient direction gives a cue for a direction of tracing a ridge pixel in a 

3 × 3 neighborhood of the image, as shown in Figure 4.1. A wrinkle gradient direction is 

set to be 0° when it falls in the range I (0° ≤ 𝜃 < 22.5° and 157.5° ≤ 𝜃 < 180°), 45° 

in the range II (22.5° ≤ 𝜃 < 67.5°), 90° in the range III (67.5° ≤ 𝜃 < 112.5°) and 

135° in the range IV (112.5° ≤ 𝜃 < 157.5°). 

 

 

 

The last step in the ridge detection is called hysteresis, which was first introduced 

in Canny’s method of edge detection [42]. Hysteresis is used as a mean of eliminating 

streaking, that is, the breaking up of a wrinkle caused by the operator output fluctuating 

above and below the threshold. To avoid this, the hysteresis algorithm uses two 

thresholds (high and low ones) adaptively chosen as fractions (between 0 and 1) of the 

mean gradient magnitude. The two fractions used for this application were empirically 

selected as 0.15 and 0.3 based on the visual assessment of the streaking elimination. Any 

pixel in the image whose gradient is smaller than the low threshold is presumed to be a 

ridge pixel (foreground), and is marked as such immediately. Then any pixel that is 

connected to a ridge pixel and that has a gradient smaller than the high threshold is also 

I. I. 

II. 

III. 

IV. 

45° 

90° 

135° 

Figure 4.1 Wrinkle direction chart. 
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selected as a ridge pixel. Any pixel that does not meet these criteria is marked as 

background. 

After the ridge/valley detection is taken from the adaptively smoothed range 

image (Figure 4.2(a)), ridges will form a new image, called a wrinkle map (Figure 

4.2(b)), to indicate the location of wrinkles. A pruning procedure is used to clean the 

wrinkle map. By analyzing the connected components, all objects less than 𝑛 pixels in 

area are removed. A minimum object size of 𝑛 = 16 is found to be effective for 

removing small spurious wrinkles. 

 

 

4.2.2 Wrinkle Feature Extraction 

In the wrinkle map, a wrinkle profile can be traced at each ridge pixel by scanning 

the wrinkle surface transversely (profile AB and CD in Figure 4.3(a)). The two endpoints 

for a transverse profile, (𝑥1, 𝑦1) and (𝑥2, 𝑦2) for example, can be calculated using 

 
 
𝑥1 = 𝑥 +

𝑙

2
sin 𝜃

𝑦1 = 𝑦 +
𝑙

2
cos 𝜃

 , (4.5) 

(a) An adaptively smoothed range image. (b) Wrinkle map of (a). 

Ridge 

Valley 

Figure 4.2 Wrinkle detection. 
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and  

 
 
𝑥2 = 𝑥 −

𝑙

2
sin 𝜃

𝑦2 = 𝑦 −
𝑙

2
cos 𝜃

 , (4.6) 

where 𝑙 is the desired profile length, 𝜃 is the direction of the intensity gradient obtained 

by Equation (4.4), and (𝑥, 𝑦) is the coordinate where wrinkle exists (the ridge pixel). 

However, in order to let the profile cover the full width of a wrinkle, the length 𝑙 may 

vary when the physical scale of wrinkles and image resolution change. After the wrinkle 

transverse profile is retrieved, the intensity of the pixels along the profile from one 

endpoint to the other can be down-sampled to generate a fixed length vector using bi-

linear interpolation. This vector contains the shape information of a wrinkle at specific 

wrinkle position. Figure 4.3(b) shows the plots of two profile vectors down-sampled from 

a sharp wrinkle AB and a smooth wrinkle CD, respectively. By fixing the length of the 

vector to 20, wrinkle features can be calculated in a uniform manner even when the actual 

width and amplitude of wrinkle varies. 

Three major parameters of wrinkle are of much concern. The first is the profile’s 

maximum amplitude (𝐴max ), which is calculated as the difference between the maximum 

and the minimum intensities of the profile. It shows the height differences among the 

wrinkles. The second parameter is a measurement of the shape, or transition, of the 

profile. First, the profile is normalized to remove any height information, so that the 

minimum value is zero and the maximum value is one, then a sharpness index 𝜂  is 

calculated using formula: 
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 𝜂 =
1

𝑙  
 𝑣𝑖

𝑙−1

𝑖=0

, (4.7) 

where 𝑣𝑖  is the point in a normalized profile vector. Sharp wrinkles will produce low 

responses or spikes, while smooth wrinkles will produce relatively “flat” responses. 

Figure 4.3(c) shows an example of these measurements from the profile obtained in 

Figure 4.3(b). Another parameter is wrinkle density ρ, which is defined as the total length 

of all wrinkles in a sample divided by the area of the sample. 
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4.3 PILLING MEASUREMENT 

The pilling of fabric refers to the appearance caused by bunches of balls of 

tangled fibers held to the surface [43]. Pills are developed from fuzzy fabric which 

contains loose, untangled fiber clusters on the surface due to abrasive actions. Pilling is 

often viewed as a "worn" look that may lead to consumer dissatisfaction with the product. 

While wrinkling exists in large geometrical scales, pilling is a relative fine surface 
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(a) Close-up of wrinkle area showing the transverse profile AB and CD. 

(b) Down-sampled profile vectors showing the 

actual wrinkle amplitudes. 
(c) Normalized profile vectors showing 

wrinkle sharpness, with sharpness index 

𝜂𝐴𝐵 = 0.48 and 𝜂𝐶𝐷 = 0.54. 

Figure 4.3 Wrinkle feature extraction. 
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characteristic of a fabric. To further explore the potential of the proposed imaging system 

to pick up fine surface details, we also developed a series of pilling assessment methods. 

When a 3D surface data is acquired from stereo matching, pills are protrusions of small 

areas on the surface. To detect these protrusions, we first applied a surface leveling to 

compensate for any rise and fall presented naturally on the fabric. Then a thresholding is 

applied to the leveled surface so that the count and area of protrusion can both be 

determined. This section presents our dedicated procedures for pilling measurement. 

 

4.3.1 Fabric Surface Leveling 

Fabric samples may contain wrinkles, folds, or overall inclination that can 

produce significant distortion on the 3D surface reconstructed from stereo matching. 

Figure 4.4(a) presents a 3D surface that contains a wrinkle and that is flattened. Sharp 

surface protrusions, or pillings, cannot be measured unless a reference surface 

representing the level of the fabric itself can be set.  

 

(a) Unleveled surface. (b) NURBS surface (elevation plane). 

(c) Leveled surface. 

Figure 4.4 Surface leveling. 
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The non-uniform rational B-spline (NURBS), as a shape representation 

commonly used in geometric design, has several attractive properties. First, it offers a 

unified mathematical formulation for representing not only free-form curves and 

surfaces, but also standard analytic shapes such as quadric and sweeping surfaces. In 

addition, by adjusting the positions of control points and manipulating associated 

weights, NURBS makes it possible to design a large variety of shapes. These features 

make it robust for the approximation of a point cloud that can be used to generate the 

initial shape [44] [45] which we found to be very helpful in our application in building 

the elevation plane of the fabric 3D surface. 

Before we can start with the surfaces of NURBS, first we need to define the B-

spline function. Let 𝐔 = (𝑢0, ⋯ , 𝑢𝑘) be a non-decreasing sequence of real numbers—

i.e., 𝑢𝑖 ≤ 𝑢𝑖+1, 𝑖 = 0, ⋯ , 𝑘 − 1. The 𝑢𝑖  are called knots, and 𝐔 is the knot vector. If 

we denote the i-th B-spline basis function of degree 𝑝 by 𝐵𝑖 ,𝑝(𝑢), then a NURBS 

surface of degree 𝑝 in the 𝑢 direction and degree 𝑞 in the 𝑣 direction is a vector-

valued piecewise rational function 𝑆:  0,1 2 → 𝐑𝑑  (𝑑 ∈ 𝐍) of the form 

 𝑆 𝑢, 𝑣 =
  𝐵𝑖,𝑝 𝑢 𝐵𝑗 ,𝑞 𝑣 𝑤𝑖,𝑗𝑃𝑖 ,𝑗

𝑙
𝑗=0

𝑘
𝑖=0

  𝐵𝑖 ,𝑝 𝑢 𝐵𝑗 ,𝑞 𝑣 𝑤𝑖,𝑗
𝑙
𝑗=0

𝑘
𝑖=0

, (4.8) 

where 𝑃𝑖 ,𝑗  are control points in 𝐑𝑑 , and 𝑤𝑖 ,𝑗  are the weights of the points 𝑃𝑖 ,𝑗 . The B-

spline basic function 𝐵𝑖,𝑝 𝑢  and 𝐵𝑗 ,𝑞 𝑣  are defined on the knot vectors as 

 𝐔 =  0, ⋯ ,0   
𝑝+1

, 𝑢𝑝+1,⋯ , 𝑢𝑟−𝑝−1, 1, ⋯ ,1   
𝑝+1

 , (4.9) 

and 
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 𝐕 =  0, ⋯ ,0   
𝑞+1

, 𝑣𝑞+1, ⋯ , 𝑣𝑠−𝑞−1, 1, ⋯ ,1   
𝑞+1

 , (4.10) 

with 𝐔 having 𝑟 + 1 and 𝐕 having 𝑠 + 1 knots. It is necessary that 𝑟 = 𝑘 + 𝑝 + 1 

and 𝑠 = 𝑙 + 𝑞 + 1. Setting the rational basic function 𝑅𝑖 ,𝑗 :  0,1 2 → 𝐑𝑑  as 

 𝑅𝑖 ,𝑗  𝑢, 𝑣 =
𝐵𝑖 ,𝑝 𝑢 𝐵𝑗 ,𝑞 𝑣 𝑤𝑖,𝑗

  𝐵𝑖,𝑝 𝑢 𝐵𝑗 ,𝑞 𝑣 𝑤𝑖 ,𝑗
𝑙
𝑗=0

𝑘
𝑖=0

. (4.11) 

The surface 𝑆(𝑢, 𝑣) can be written as  

 𝑆 𝑢, 𝑣 =   𝑅𝑖 ,𝑗  𝑢, 𝑣 𝑃𝑖 ,𝑗

𝑙−1

𝑗=0

𝑘−1

𝑖=0

. (4.12) 

Therefore, the basic function 𝑅𝑖 ,𝑗  are dependent on the weights 𝑤𝑖 ,𝑗 . 

In our application, we have given 𝑛 × 𝑚 data points with (𝑥𝑠 , 𝑦𝑡 , 𝑧𝑠,𝑡)𝑇 ∈ 𝐑3 

for 𝑠 = 0, ⋯ , 𝑛 − 1  and 𝑡 = 0, ⋯ , 𝑚 − 1. We consider 𝑑  to be equal to 1 in the 

definition of NURBS, because what we are searching for is a function 𝑓: 𝐑2 → 𝐑 with 

𝑓 𝑥𝑠 , 𝑦𝑡 ≈ 𝑧𝑠,𝑡 . Here, we could interpolate these data points with a non-rational B-spline 

surface. However, by choosing higher degrees from NURBS, we get a higher oscillatory 

phenomenon close to the knot vectors. Therefore, we prefer a method that instead 

conserves the form of he given surface. This, we solve the problem as an approximation 

of a least-squares problem. Now, we find a control point matrix of 𝑃𝑖 ,𝑗 ∈ 𝐑 and a weight 

matrix of 𝑤𝑖 ,𝑗 ∈ 𝐑 so that the resulting NURBS 𝑆 𝑢, 𝑣  minimizes the following sum: 

 
   𝑆 𝑥𝑠 , 𝑦𝑡 − 𝑧𝑠,𝑡 

2

𝑡𝑠

=      𝑅𝑖 ,𝑗  𝑥𝑠 , 𝑦𝑡 − 𝑧𝑠,𝑡

𝑙−1

𝑗=0

𝑘−1

𝑖=0

 

2

𝑡𝑠

. (4.13) 
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According to Equation (4.12) and (4.13), a NURBS surface is determined by its 

order, a set of weighted control points, and the knot vector. In our leveling process, the 

level of approximation is freely achieved by adjusting the number of control points—the 

more control points we use, the more precisely the elevation plane approximates the 

original surface. However, the number of control points is limited because we do not 

want to introduce fine details of the surface. The basic rule for deciding how many 

control points should be used is to take as many as needed to construct the approximation 

surface but not to let the fine-scale texture appear in it even on a small scale. Figure 

4.4(b) illustrates a surface generated by approximation using the least-squares method. 

The original surface contains the large-scale (low-frequency) overall variations. 

Subtracting Figure 4.4(b) from Figure 4.4(a), we can remove those large-scale 

components and level the surface while retaining the fine-scale variations in the 

differential surface as is shown in Figure 4.4(c), from which the fabric surface 

characteristic parameters can be calculated. 

 

4.3.2 Pilling Thresholding 

Due to the thickness of a fabric and the weaving pattern, an additional plane needs 

to be set above the mean height of the leveled surface to serve as the reference as the 

"surface" of fabric. The selection of the reference plane primarily depends on the 

thickness of the fabric, and, in principle, the thicker the fabric is, the larger the offset 

should be. One feasible rule for selecting the offset of the reference plane is that the 

reference plane should be raised high enough to submerge the periodic yarn structure of 

the fabric. After the offset of the reference plane is determined (as in Figure 4.5(b)), all of 

the points of the surface that are above the plane are considered to be fiber clusters, or 
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pillings. This thresholding procedure generates a binary map, on which the foreground 

objects represent pillings and the background represents the remainder of the fabric 

surface (Figure 4.5(c)). The binary bitmap gives information about the count, the areas, 

and the exact locations of the clusters found in the 3D surface data. Cluster heights can be 

calculated by masking the leveled surface with the binary bitmap, and only those points 

in the surface that can be indexed by the foreground objects of the binary bitmap are 

effective in the calculation of cluster height. 

 

 

 

(a) Leveled surface. (b) Fabric surface reference plane highlighted 

(c) Pilling identified. 

Figure 4.5 Fabric surface finding and pilling identification. 
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4.4 DISCUSSION 

We have presented two sets of methods dedicated for wrinkle and pilling 

evaluation, respectively. In general, both of these wrinkle and pilling detection 

procedures are designed to detect geometrical abnormalities on the 3D surface. By 

converting the 3D surface data to 2D map, standard imaging processing techniques can 

be applied. The idea of wrinkle detection is adopted from classic edge detection, while 

pilling detection is basically thresholding on a leveled surface. The results from both 

wrinkle and pilling detection methods showed promising performance on correctly 

identifying these local abnormal events. Systematic evaluation of the effectiveness of 

these methods, are included in Chapter 5.  
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Chapter 5: Result Analysis and Conclusions 

The purpose of validation test is to verify whether the proposed system can 

appropriately detect fabric wrinkles and pillings, and whether extracted fabric 

characteristics can effectively distinguish the difference in wrinkle and pilling severity 

levels, in terms of amplitude, sharpness and density.  

 

5.1 WRINKLE MEASUREMENT 

For wrinkle evaluation, we selected ten cotton fabrics of same size (254×254 

mm
2
), same weave structures (plain-weave), and same color (white). The ten samples 

were squeezed and then pressed by different weights and times to create different levels 

of wrinkling. The treated samples were graded using the AATCC smoothness appearance 

replicas, and immediately imaged using the stereo imaging system. Figure 5.1 displays 

the 3D surfaces and the range images of four of the ten samples. Sample #1 and #2 are 

wrinkle-heavy fabrics. Sample #2 has both of smooth and sharp wrinkles, while #1 does 

not have many smooth ones. Sample #7 is a relatively flat fabric with only some light 

wrinkle. Sample #8 is a fabric with moderate wrinkles, which are mostly smooth ones. 

Figure 5.2 shows two histograms of wrinkle parameters. Figure 5.2(a) illustrates 

the distribution of wrinkle amplitudes calculated by the feature extraction method 

provided previously, and Figure 5.2(b) shows the distribution of wrinkle sharpness index 

calculated by examining every ridge pixel along all the wrinkles in the surface range 

map. Both of these figures illustrate that most of the plots of wrinkle features extracted 

from four sample surfaces show distinctive distributions. The distribution of wrinkle 

amplitude of wrinkle-heavy sample (#1 or #2) has wider spread than those at low severity 

levels do (#7 and #8). This is because wrinkle-heavy surface often contains many smooth 
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(a) Wrinkle-heavy sample #1 shows sharp wrinkles, with wrinkle density ρ = 2.8 × 

10
-3

 mm/mm
2
. 

(b) Wrinkle-heavy sample #2 shows both smooth and sharp wrinkles, with density 

ρ = 3.6 × 10
-3

 mm/mm
2
. 

(c) Sample #7 showing light, smooth wrinkles, with wrinkle density ρ = 1.8 × 10
-3

 

mm/mm
2
. 

(d) Sample #8 shows light wrinkles, with wrinkle density ρ = 1.4 × 10
-3

 mm/mm
2
. 

Figure 5.1 3D sample surfaces and their grayscale range maps. 
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and minor wrinkles which finally contribute to the low response of amplitude. The 

histogram of wrinkle sharpness shows that for all these four samples the distribution 

show similar coverage, however the histogram of samples with sharp wrinkles (#1 and 

#2) skew to left but the sample with smooth wrinkles (#7) skews to right. This makes 

sense because sharp wrinkles generate low response to the sharpness index value while 

smooth wrinkles generate high response. The sharper wrinkles a sample may have, the 

more to the left its sharpness histogram skews. The smoother the wrinkles, the more to 

the right its histogram skews. 

Figure 5.2 shows two histograms of wrinkle parameters. Figure 5.2 (a) illustrates 

the distribution of wrinkle amplitude calculated by the feature extraction method 

provided previously, and Figure 5.2(b) shows the distribution of wrinkle sharpness index 

calculated by examining every ridge pixel along all the wrinkles in the surface range 

map. Both of these figures illustrate that most of the plots of wrinkle features extracted 

from four sample surfaces show distinctive distributions. The distribution of wrinkle 

amplitude of wrinkle-heavy sample (#1 or #2) has wider spread than those at low severity 

levels do (#7 and #8). This is because wrinkle-heavy surface often contains many smooth 

and minor wrinkles which finally contribute to the low response of amplitude. The 

histogram of wrinkle sharpness shows that for all these four samples the distribution 

show similar coverage, however the histogram of samples with sharp wrinkles (#1 and 

#2) skew to left but the sample with smooth wrinkles (#7) skews to right. This makes 

sense because sharp wrinkles generate low response to the sharpness index value while 

smooth wrinkles generate high response. The sharper wrinkles a sample may have, the 

more to the left its sharpness histogram skews. The smoother the wrinkles, the more to 

the right its histogram skews. 



 52 

 

(a) Distribution of wrinkle amplitude calculated at all wrinkle pixels. 

(b) Distribution of wrinkle sharpness index calculated at all wrinkle pixels. 
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Figure 5.2 Wrinkle feature histograms for four samples displayed. 
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The test results for samples #1 to #10 is summarized in Table 5.1. The winkle 

amplitudes and sharpness indices of these samples are the averages of all the wrinkles in 

the range images. The samples were compared with the AATCC smoothness appearance 

replicas, and the visual ratings were also given in the table to see if the calculated wrinkle 

parameters are consistent with the human ratings. Of the three parameters, the wrinkle 

density seems to have a significant correlation with the visual rating. In fact, these 

parameters provide information describing wrinkles from different perspectives, which 

come together in the visual rating. The density tells “how many” wrinkles, the amplitude 

tells “how big” the wrinkles are, and the sharpness tells “how crisp” the wrinkles are. 

These are the visual features a grader examines when selecting a wrinkling level for the 

sample. 

 

Table 5.1 Summary of the wrinkle evaluation test results. 

Samples 
Amplitude 

(mm) 

Sharpness 

(unitless) 

Wrinkle 

density 

(mm/cm
2
) 

Visual rating 

#01 1.12 0.498 0.28  1 

#02 1.01 0.499 0.36 1 

#03 0.89 0.501 0.27 2 

#04 0.88 0.506 0.23 2 

#05 0.64 0.509 0.16 3.5 

#06 0.71 0.509 0.17 3.5 

#07 0.76 0.507 0.18 3 

#08 0.68 0.521 0.14 3 

#09 0.31 0.523 0.06 4 

#10 0.34 0.523 0.0007 4.5  

R
2
 0.86 0.68 0.93  

 



 54 

Another advantage of the proposed stereo imaging system is that it can generate 

3D images of a fabric regardless of its color, structure, or print pattern. Figure 5.3 shows 

an example of the reconstructed surfaces of knitted fabrics with multi color prints. The 

color prints are not problematic in stereo matching. 
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(a) Reconstructed 3D surfaces. (b) Rendered 3D surfaces with textures. 

Figure 5.3 3D imaging of fabrics with color prints. 

Light blue with prints, 

cotton, interlock. 

Solid green, cotton, 

poplin. 

Dark blue denim. 

Black denim. 

Khaki, twill weave. 

Pink, cotton and nylon 

filament, Pongé. 

Yarn dyed colors, plain 

weave. 

Cyan, broadcloth. 
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5.2 PILLING MEASUREMENT 

The samples used in our pilling measurement are 100% cotton knitted fabrics 

treated and rated by Cotton, Inc., which has established a visual scale of fuzzing grades 

for its internal fabric rating. The scale includes six grades, which are F6—control, F5—

light fuzzing, F4—moderate fuzzing, F3—severe fuzzing, F2—fuzzing with light pilling, 

and F1—fuzzing with severe pilling. The physical samples that reflect the six descriptive 

grades of fuzzing were created by applying fabric swatches to different cycles of 

laundering, which cause abrasive wear. Pictures of these samples are presented in Figure 

5.4. And the stereo matched and rendered 3D surfaces of grade F1 to F6 are shown in 

Figure 5.5. 

It is widely recognized that fuzzing is a preliminary stage of fabric surface change 

caused by abrasive wear and that it gradually leads to fabric pilling. This gradual change 

means that fuzzing and pilling often coexist on a worn fabric. For notation convenience, 

we may use fuzzing and pilling interchangeably since both of them refer to clusters of 

protruding fibers, although fuzzing and pilling can be readily distinguished by setting 

appropriated thresholds on their height and size, once they are located. 

 

5.2.1 Pilling Characterization 

Pilling appearance can be characterized using overall surface roughness 

measurement and localized cluster data, the roughness being a measurement of the 

topographic relief of a surface [46]. Surface statistics provide valuable information for 

roughness calculations, and ISO 4287 [47] has defined a set of standard roughness 

parameters based on surface statistics. In classic surface roughness evaluation, the 
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amplitude distribution function (ADF) is deeply investigated because it is a probability 

function of a profile of the surface having a certain height 𝑧 at any position 𝑥. The bell-

shaped ADF tells “how much” of the profile lies at a particular height in a histogram 

sense, and examination of the shape of the ADF allows detailed characteristics of the 

surface to be acquired. 

(a) (b) (c) 

(d) (e) (f) 

Figure 5.4 Visual grades of fabrics with pilling: (a) F1, (b) F2, (c) F3, (d) F4, (e) 

F5, and (f) F6. Only parts of the captured fabric surface are shown to illustrate the 

surface fuzziness and pilings. 
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F1 

F2 

F3 

F4 

F5 

F6 

Figure 5.5 Rendered 3D fabric surfaces of pilling grades from F1 to F6. Left 

column: stereo matched and rendered fabric surfaces; middle colum: 3D surfaces 

with reference planes; right column: binary maps from thresholding. 
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1. Root-mean-square roughness (𝑅𝑞 ) 

The most important surface statistical parameter is the root-mean-square 

roughness 

 
𝑅𝑞 =  

1

𝑛 × 𝑚
   𝑧𝑠,𝑡 − 𝑧  

2
𝑚−1

𝑡=0

𝑛−1

𝑠=0

 

1 2 

, (5.1) 

where 𝑛 × 𝑚 is the total number of data points and 𝑧  is the average value of surface 

height. The statistic 𝑅𝑞  is the variance of the ADF (i.e., it measures the width of the 

ADF), and the wider the ADF, the larger the value of 𝑅𝑞  and the rougher the surface. 

2. Skewness (𝑆𝑘) 

The skewness 𝑆𝑘  is a measurement of the symmetry of ADF, and its definition is  

 𝑆𝑘 =
1

𝑛𝑚𝑅𝑞
3   𝑧𝑠,𝑡

3

𝑚−1

𝑡=0

𝑛−1

𝑠=0

. (5.2) 

The 𝑆𝑘  for a normal distribution is zero, and any asymmetric ADF should have a 

nonzero 𝑆𝑘 . If 𝑆𝑘 < 0, the ADF is skewed rightward, indicating sharp and small 

clusters. This is normal in the early stage of pilling. If 𝑆𝑘 > 0, the ADF is skewed 

leftward, indicating that clusters are merged and their tops are flattened—i.e., the 

formation of pills. 

3. Bearing ratio (𝑡𝑝 ) 

The bearing ratio 𝑡𝑝  is a measure commonly used to describe the curvature of a 

2D curve. While in 3D case, it can be obtained by establishing a reference plane parallel 

to the mean of a surface at a predetermined height between the highest peak and the 

lowest valley of the surface. The plane intersects the surface, generating one or more 
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subtended area fragments. The value of 𝑡𝑝  is the ratio of the sum of the subtended areas 

to the area of the entire surface. 

4. Local cluster measurements (𝑁𝑝 , 𝑆𝑎 , and 𝐻𝑎 ) 

In addition to these ISO standard measurements based on the ADF, local 

information concerning cluster count, sizes, and heights can also be extracted from the 

segmented image. The cluster count, 𝑁𝑝 , is the number of segmented objects in the 

binary image. The total area, 𝑆𝑎 , is defined as the sum of the areas of all the clusters, and 

the area of a cluster is the projected area on the reference plane—i.e., the number of 

pixels within its boundary in the binary image. The height of a cluster is the distance 

from its peak to the reference plane, and the mean height, 𝐻𝑎 , is the average of all the 

cluster peaks. 

Figure 5.6 shows the distribution of the six features of surface roughness and 

fuzzing phenomena with a high-low-mean display. For each line segment in the chart, the 

top is the maximum value of a feature parameter in the same fuzzing grade, and the 

bottom is the minimum. A bold dot in the line segment represents the mean value. As 

expected, most of the feature parameters show a tendency to decrease with increasing 

fuzzing grade (from fuzzy to smooth), although some overlapping can be found in the 

distributions of adjacent grades. The distribution of 𝑁𝑝  shows a sudden jump from F3 to 

F4, which makes sense because after a certain amount of abrasive treatment, fibers are 

more likely to be removed from the yarn, making the fabric surface hairy but not severely 

enough to generate pills. The large value of 𝑁𝑝  and the relatively small value of 𝑆𝑎  at 

F3 and F4 indicate the hairiness of the surface and the large number of tiny clusters of 

pills at this fuzzing grade. However, in grade F2 the protruding fiber ends start to 

entangle each other as abrasive wear goes on, and therefore 𝑁𝑝  decreases. 
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Figure 5.6 Distribution of pilling feature parameters at each pilling grade. 
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5.2.2 Pilling Classification 

Using the pilling grades from F1 to F6, we trained a support vector machine 

(SVM) classifier with radial basis function (RBF) to recognize the six grades. Before 

classification, feature extraction is applied to each feature vector consists of six pilling 

parameters. In statistical pattern recognition, high dimensionality is a major cause of the 

practical limitations of many classification techniques. A large number of features may 

actually degrade the performance of classifiers if the training samples are not adequate. 

Most of the feature extraction algorithms fall into two categories: linear projection and 

nonlinear (kernel) projection. Principal-component analysis (PCA) and linear 

discriminant analysis (LDA) are representatives of unsupervised and supervised learning 

methods, respectively, which yield linear projection. In contrast, the kernel PCA (KPCA) 

and generalized discriminant analysis (GDA) are representatives of feature extraction 

methods that yield nonlinear data projection. All of these four feature extraction 

algorithms were investigated in our study, and their performance was evaluated. 

Figure 5.7 shows the 3D feature data reduced from the original 6D pilling feature 

vectors using PCA, LDA, KPCA, and GDA, respectively. According to Figure 5.7, the 

class clusters generated by GDA are more compact than any of the other three methods, 

but at the expense of an obviously higher risk of overfitting. PCA, LDA, and KPCA show 

similar performance in that most of the class clusters are visually separable, except for a 

slight overlapping at F3 (marked as squares in the figure) and F4 (marked as triangles in 

the figure). Because LDA provides, relatively speaking, the maximum separability for the 

given classes, it is used as the feature extraction method in our study. By using LDA, we 

can reduce the fabric surface pilling features to 3D as the input to the classifier for better 

description of feature characteristics. 
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For each grading class (F1 to F6), six samples were examined. This yielded a total 

of 36 stereo image capturing. The performance of the SVM classifier was tested using a 

three-way, cross-validated experiment (threefold validation). The pilling expression 

vectors were randomly divided into three groups, and the classifiers were trained using 

two-thirds of the data and tested using one of the three groups of pilling vectors as a test 

vector. By applying this method, every input pattern is given the equal chance to be 

classified by the SVM. The threefold validation was then repeated 10 times with different 

random splits of the data. 

The performance of each classifier was measured by examining how well the 

classifier identified the positive and negative examples in the test sets. Each classified 

pilling grade for a feature vector in the test set can be classified in one of four ways: (1) 

Figure 5.7 Distribution of 3D pilling feature vectors generated by PCA, LDA, 

KPCA, and GDA. 
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true positives are class members according to both the classifier and standard rules; (2) 

true negatives are nonmembers according to both; (3) false positives are pilling grades 

that the classifier places within the given class, although they are not really inside the 

class; and (4) false negatives are pilling grades that the classifier places outside the class, 

although they are actually inside. The number of samples in each of these four categories 

is reported in Table 5.2. 

Table 5.2 summarizes the results of the threefold cross-validation experiment 

using the SVM classifier. The performance is evaluated in a standard machine learning 

setting in which each method must produce a positive or negative classification label for 

each member of the test set, based only on what it has learned from the training set. The 

four columns are for four categories: false positive (FP), false negative (FN), true positive 

(TP), and true negative (TN).  

 

Table 5.2 Comparison of error rate for pilling grades SVM classification. 

FP FN TP TN FP FN TP TN

F1 0 0 10 50 0 0 10 50

F2 0 0 10 50 0 0 10 50

F3 0 2 8 50 0 2 8 50

F4 2 0 10 48 2 0 10 48

F5 0 2 10 50 0 0 10 50

F6 0 0 10 50 0 0 10 50

Class
Learned Threshold Optimized Threshold

 

 

 

This result also shows, as expected, the inability of the classifier to learn how to 

recognize some pilling grades between F3 and F4. These results are not statistically 

sufficient to demonstrate that one pilling grade is indeed higher or lower than another, but 

The columns named FP, FN, TP and TN are the false-positive, false-negative, 

true-positive, and true-negative rates summed over 10 cross-validation splits.  
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they do provide some clues. The columns grouped under “Learned threshold” show the 

results achieved by the classification performed with the threshold that learned from the 

training set. The columns grouped under “Optimized threshold” show the results 

achieved by the classification performed with the threshold that minimizes the cost on the 

test set. The latter is supposed to show a better performance that could be expected if the 

classifier is capable of learning the decision threshold perfectly, if given the condition 

that sample number is large enough. 

The 10 different threefold cross-validation experiments yielded a total of 10 

experiments per sample per grading class. Across all six grading classes and all 10 

experiments, some samples were misclassified in 2 of the 10 experiments, even using the 

optimized threshold. In general, these disagreements with the annotated target label 

reflect the different perspectives provided by the pilling feature data, which represent the 

physical geometry of the fabric surface, and the visual grading definitions. All of these 

incorrectly graded samples either belong to F3 but are classified as grade F4 by the 

SVMs, or belong to F4 but are classified as grade F3. However, in our experiment there 

are some fabrics for which it is difficult to distinguish between F3 and F4 because of the 

hairy appearance of the surface—which, on the other hand, is not severe enough to 

generate bunches or balls or pills. Actually, grades F3 and F4 are descriptors for surface 

appearance intermediate between mussed and smooth. Some misclassification of F3 does 

not diminish the overall performance of the classifier as long as all of the other samples 

are correctly recognized. 

 



 66 

5.3 CONCLUSION 

We have presented an automatic fabric surface wrinkle and pilling evaluation 

system, which is an extension to the stereo imaging device with dedicated procedures 

focusing on fabric surface characteristic assessment. The overall performance of the 

developed 3D imaging system has been evaluated. The measurements were consistent 

with human subjective evaluation. For wrinkle measurement, the experimental results 

have shown that realistic wrinkling details can be recovered by using high resolution 

cameras and a subpixel stereo matching algorithm. Based on the 3D surface data, a 

wrinkle detection algorithm was developed. This algorithm searches for zero transition of 

surface elevation gradient, and is demonstrated to be effective on detecting both peaks 

and valleys of wrinkles. Wrinkles were quantized by their amplitudes, sharpness, and 

densities, so that visual grades can be assigned based on these measurements. The 

evaluation of wrinkles from this proposed system was also proven to be irrelevant to the 

types of fabrics, the weaving pattern, and the colors.   

The potential of the 3D fabric surface wrinkle measurement system was further 

explored by extending our experiments to the pilling measurement. Pillings are fine 

surface characteristic that only exist in a small areas on fabric. The ability of measuring 

these small scale features largely depends on the special resolution of the imaging 

system. By moving the fabric samples close to the stereo cameras, our system was able to 

generate the fine surface of fuzzy fabrics. By applying surface leveling and thresholding, 

pillings can be located, and a binary map indicating the existence of pillings can also be 

computed. With the leveled 3D surface data, and a pilling map, classic surface parameters 

describing the roughness can be computed. An SVM classifier was trained to recognize 

the pilling grade based on these surface parameters. The classifier can correctly recognize 

pilling of grade F1, F2, F5 and F6, but with a few errors in distinguishing grades between 
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F3 and F4. This is no surprise because grade F3 and F4 are intermediate grades between 

smooth surface and surface with pillings. In these grades, fabrics start to show surface 

abrasion and become hairy. However, fuzziness in these grades is not severe enough to 

generate pilling, which poses challenges in pilling classification. Even with 

misclassifications in F3 and F4, the overall performance of the classification is not 

compromised as long as all the other grades are correctly recognized. 

 

 

 

 

 



 68 

Chapter 6: Conclusions and Future Work 

6.1 SUMMARY OF THE THESIS 

With the advance of 3D imaging technique, a portable, low cost, and reliable 

solution is highly demanded in the measurement of fabric surface characteristics, e.g., 

wrinkle and pilling assessments. After reviewing current techniques for 3D surface 

imaging, we suggested that 3D stereo system can provide a convenient, efficient and 

comprehensive mean to fabric surface wrinkle and pilling measurement.  

A 3D imaging system based on stereo vision technology was developed. To make 

it more affordable and portable, the system consists of a pair of consumer grade high 

resolution cameras and mounting hardware to support the cameras in parallel. The system 

is calibrated with classic camera calibration technique. Although the calibration 

procedure is relative complicated, which requires a specially built calibration target and 

repeated positioning of the target to cover the cameras’ field of view, it does not need to 

be performed frequently as long as the relative positions of the cameras is not changed. 

This property contributes to the portability of the system and also reduces cost of 

maintenance.  

The hardware requirements of stereo vision are relatively low in comparison with 

laser scanning and structured lights, the most popular technologies in 3D imaging. 

Additionally, fast image acquisition can be achieved in stereo vision. However, the 

computation in stereo vision is complex and intensive, thus it remains a big challenge. In 

this study, a two-phase multi-resolution stereo matching algorithm is proposed. Here, the 

two-phase matching refers to the initial matching on the coarse scale. In the first phase, 

an integer-precision disparity space image is constructed, and the disparity which yields 

highest NCC value is selected. In the second phase, local least-squares matching is 
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combined with global optimization within a regularization framework, so both high 

accuracy and reliability can be reached. 

To make the 3D imaging system ready for practical use, automatic surface 

measurement is indispensable. Wrinkle and pilling detection and measurement modules 

were developed to take advantage of the depth information in the 3D surface data. 

Measurable parameters, including wrinkle elevation, wrinkle sharpness, wrinkle density, 

pilling root-mean-square roughness, pilling skewness, pilling bearing ratio, and other 

pilling local cluster measurements can all be calculated. The overall performance of the 

presented system was evaluated. The measurements were highly repeatable. The 

feasibility of the 3D stereo vision system in fabric surface assessment was demonstrated 

in comparison to human visual rating on fabric pillings. The results showed the 

agreement between the 3D automatic measurement and subjective visual measurement.  

 

6.2 SUGGESTED FUTURE WORK 

There is still room for improvement on the stereo matching algorithms developed 

in this study. The improved spatial resolution poses challenge to camera calibration and 

image rectification. Any mechanical error in the manufacturing of the calibration target 

will generate higher measurement error in a high spatial resolution imaging system than 

in a low spatial resolution imaging system. This error can also cause disparities in the 𝑌 

direction in the rectified image. We observed the 𝑌-disparity (with a maximum of 1 

pixel) to be almost unavoidable in our rectified images, although this disparity is not 

uniform across the whole image. The stereo matching algorithm should be improved to 

take into account the disparity in 𝑌-direction to avoid any possible false match.  



 70 

The reliability of the proposed system is largely based upon the comparison 

between the results generated from the system to the results from subjective evaluation. 

In order to make these results comparable, a support vector machine classifier was trained 

to take quantitative pilling feature measurements and to produce a rating in grades. To 

make the classifier more robust and insensitive to noise, a large population of samples is 

preferable to train the classifier. However, only six samples of each pilling grades were 

collected. These samples may not be sufficient to generalize the classification ability to 

accommodate samples of new material or weaving patterns. System performance may be 

benefited from collecting more samples, thus the limitation of the application of this 

developed system will be minimized. 
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