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Abstract 
This thesis presents a protocol for creating digital images of printed fabric 

swatches and an algorithm that will automatically measure dimensional changes and 

segment stains so that soil release could be evaluated.  The dimensional changes 

measured here are shrinkage and skew.  Current methods for evaluating dimensional 

changes on printed fabrics are manual.  There are no current methods for evaluation of 

soil release on printed fabrics and the segmentation that the proposed algorithm provides 

is a vital first step to such a system.  This thesis proposes a system that could become a 

standard for making both measurements simultaneously. 

To make these measurements, printed fabric swatches are scanned before and 

after wash using an off-the-shelf scanner.  Reference points (called shrinkage dots) are 

placed on the fabric swatches and then located in the scanned images.  This is done using 

image registration and subtraction to remove the influence of the pattern followed by 

cross-correlation to then locate the shrinkage dots.  The locations of the shrinkage dots 

are used both to calculate the dimensional changes and in locating the stains.  Before a 

snake-based method segments the stain, the influence of the background pattern is 

removed using the same registration and subtraction method used for shrinkage dot 

detection. 

In an experiment involving 240 images and 10 different printed patterns, the 

algorithm was able to correctly identify 98.8% of the shrinkage dots and identify stains in 

93.3% of stains that were determined to exist according to technicians.  The segmentation 

accuracy is quantified by an average dice metric of .87 in a set of 50 potential stains when 

comparing to manual segmentations. 
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The purpose of this work is to make automatic measurements concerning the 

effects of laundering on printed fabric swatches, as have been made previously on solid-

colored fabrics [1].  The measurements of concern are dimensional changes, which 

includes shrinkage and skew, and soil release, which is a measure of how well a stain has 

faded during the laundering process.  These measurements are important because they are 

indicators of fabric quality.  The dimensional change measurements are currently 

performed manually.  The stain segmentation is not performed on printed fabrics.  This 

thesis proposes a system that has the potential to become a standard for making both 

measurements simultaneously. 

The current standards for assessing soil release and shrinkage are set by the 

American Association of Textile Chemists and Colorists (“AATCC”).  Soil release is 

evaluated for oily stains on solid-colored fabrics according to AATCC test method 130 

[2].  The test method describes how a fabric swatch is stained, laundered, and finally 

compared to a set of AATCC stain release replicas shown in Figure 1.1.  After visual 

comparison, a suitable soil release grade (ranging from 1 to 5) is assigned to the fabric by 

a trained technician.  This grading is subjective and was not created with the intention of 

use with printed fabrics or colored stains. 

 

Figure 1.1: AATCC Stain Replicas 

   Chapter ρ 

Introduction 
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According to AATCC test method 135 [3], shrinkage is measured by placing four 

shrinkage dots on a fabric swatch and measuring distances both lengthwise and 

widthwise before and after the washing process.  Using these distances, the shrinkage in 

the two orthogonal directions is computed.  This process is not automated. 

Our group has previously completed work measuring dimensional changes and 

soil release on solid-colored fabrics [1].  That work automates AATCC test methods 130 

and 135 which removes the subjectivity of human grading.  While that work 

accomplishes its task, it will not work on printed fabrics because the solid colored fabric 

assumption was irreversibly imbedded in the algorithm. 

The algorithm presented in this thesis is capable of measuring dimensional 

changes and segmenting stains for the assessment of soil release on printed fabrics.  This 

involves solving the problem of selectively ignoring the pattern without ignoring any 

relevant information.  To accomplish this, the algorithm requires an image of the 

background pattern as a reference for comparison.  Another benefit of the algorithm 

presented here is that the color of the shrinkage dots can vary within a fabric swatch.  The 

only assumption the algorithm makes about the color of the shrinkage dots is that there is 

good contrast with the background pattern.  Consequently, a technician can select 

different colors for each of the shrinkage dots.  This added robustness allows for the 

algorithm to work on a wider range of fabrics. 

The contributions of this work are as follows: 

1. Dimensional changes are measured on printed fabrics, 

2. Stains are detected on printed fabrics, and  

3. The algorithm is robust to the point of having only one assumption in 

addition to the input being formatted as described in Chapter 2.  The 

algorithm assumes there is sufficient contrast between shrinkage dots and 

the background pattern. 

This thesis is organized as follows.  The technical portion of this work is divided 

into two chapters, the protocol for creation of the digital images and the algorithm that 

makes automatic measurements from the images.  Chapter 2 describes the protocol for 
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creation of the images.  This protocol involves the fabric swatches, how they are marked, 

and when they are scanned.  Chapter 3 covers the algorithm, which first detects the 

shrinkage dots (Section 3.1) and uses them to measure the dimensional changes (Section 

3.2).  The stains are then located, the influence of the pattern is removed, and the stains 

are segmented (Section 3.3).  The remainder of this thesis is the results (Chapter 4) and 

the conclusion and future work (Chapter 5). 
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This chapter describes the treatment of the fabric up to, and including, the 

creation of the digital images.  Swatches are cut from the fabric to be 21.6 cm by 29.2 cm 

(8.5 inches by 11.5 inches) and are subsequently marked and scanned before and after 

washing.  For uniformity in the images, the fabric swatches are always oriented the same 

way during the scanning process.  This section is divided into four parts as follows: the 

marks placed on the fabric (Section 2.1), how and when the scans are taken (Section 2.2), 

the hardware used to scan the fabric swatches (Section 2.3), and the resolution of the 

images (Section 2.4). 

2.1 Fabric Markings 

The fabric swatches receive two different marks, shrinkage dots and stains.  

Shrinkage dots are reference points placed in precise locations that, once found, will 

indicate dimensional changes in the fabric.  The colors of the shrinkage dots are chosen 

by the technician.  The determining factor is which available color will maximize contrast 

with respect to the background pattern.  The stains are placed in an effort to measure soil 

release.  Both types of marks are placed in accordance with a Plexiglas template shown in 

Figure 2.1. 

Equation 1 shows how the center of the stains can be located given the shrinkage 

dot locations by using the template dimensions from Figure 2.1. 

�
𝒙𝒔𝒕
𝒚𝒔𝒕� =.𝟒𝟖𝟔𝟏 × �

𝒙𝒏
𝒚𝒏�+.𝟐𝟓𝟕 × �

𝒙𝑳
𝒚𝑳�+.𝟐𝟓𝟕 × �

𝒙𝑹
𝒚𝑹�,    (1) 

where �
𝑥𝐿
𝑦𝐿� and �

𝑥𝑅
𝑦𝑅� are the locations of the left and right shrinkage dots, respectively, 

�
𝑥𝑛
𝑦𝑛� is the location of the top or bottom shrinkage dot, and �

𝑥𝑠𝑡
𝑦𝑠𝑡� is the location of the 

center of the top or bottom stain. 

                                    Chapter 2 

Protocol for Marking and Scanning Fabric 
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Figure 2.1: Fabric swatch template (left) and its dimensions (right).  For the template, the large holes 
are for stains and the smaller holes are for shrinkage dots.  Only the center shrinkage dot holes on 

each side are used. 

The size of the fabric swatch is chosen to fit on an off-the-shelf flatbed scanner.  

The shrinkage dots were placed close to the edges of the swatch to provide room for the 

stains.  They were also placed a minimum distance away from the edges to mitigate the 

effects of the curling of the fabric.  The stains are placed to allow room for them to 

diffuse without interfering with each other or the shrinkage dots.  Using three stains 

instead of two was considered, but ultimately dismissed because some stains, especially 

oily ones, tend to diffuse significantly.  Figure 2.2 shows an example fabric swatch 

image.  This example image is used throughout this thesis to visually describe the various 

steps in the proposed algorithm. 
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Figure 2.2: Example fabric swatch image.  This is an after-wash image with one make-up stain (top) 
that shows up clearly and one oily stain (bottom) that does not show up well.  Shrinkage dots are red.  

The potential stains and the shrinkage dots have arrows indicating their locations. 

2.2 Fabric Scans 
Each fabric swatch is scanned at four different times.  The first scan occurs before 

the fabric is marked (the “pattern-only image”).  This scan provides the algorithm with 

the background pattern.  The second scan occurs after the fabric is marked and before 

washing (the “before-wash image”).  This scan provides a before-wash reference point 

for the various measurements.  The third scan occurs after the fabric swatch is washed 

and before ironing (the “after-wash image”).  The fourth scan occurs after the fabric 

swatch is ironed (the “after-iron image”).  The last two scans provide two different 

comparisons (before-wash to after-wash and before-wash to after-iron) that allow for 
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analysis of the effects of ironing.  This is important because ironing removes the wrinkles 

which have caused problems in past experiments. 

2.3 Scanner Hardware 
The hardware used to scan the fabric swatches is an off-the-shelf scanner capable 

of scanning at the low resolution of 29.53 DPCM (75 DPI).  The scanning process 

involves placing the fabric swatch on the scanner bed and placing a 6.4 kg (14 lb) weight 

on the fabric swatch, as shown in Figure 2.3, to help flatten out the wrinkles.  More 

weight is not used for fear of damaging the scanner. 

 

Figure 2.3: A picture of the scanner taken immediately before a scan 

2.4 Image Resolution 
The resolution of the images was chosen such that the background pattern is 

adequately sampled and without regard to the weave pattern.  For the fabrics used in the 

experiment presented in this thesis, that resolution is 29.53 DPCM (75 DPI).  Given a 

fabric with a higher frequency pattern, the resolution might need to be increased so that 

the pattern is adequately represented.  Figure 2.4 shows two resolutions that were 

considered. 
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Figure 2.4: Resolution comparison. Depicted is the upper left corner of the example image from 
Figure 2.2.  At 78.74 DPCM (200 DPI), the highly repetitive black pixels are the texture associated 

with the weave pattern.  At 29.53 DPCM (75 DPI), the texture appears as dark horizontal stripes due 
to aliasing. 

 

Given the preceding information on how the digital images are created, the 

following chapter discusses the algorithm that uses these images to make the necessary 

measurements. 
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Chapter 3 

Algorithm 
The algorithm uses the digital images, created as described in Chapter 2, to 

measure dimensional changes and segment stains for soil release measurements.  The 

algorithm’s flowchart is shown in Figure 3.1. 

 

Figure 3.1: Algorithm's flowchart 

Shrinkage dots are detected (Section 3.1) by comparing each image containing 

such dots to its corresponding pattern-only image (Section 3.1.1).  This pair of images is 

registered (Section 3.1.2) and then combined using a neighborhood-based subtraction 

method (Section 3.1.3) to remove the pattern before cross-correlation is used to locate the 

shrinkage dots (Section 3.1.4).  The shrinkage dot locations are then used to calculate the 

dimensional changes measured from before-wash to after-wash and from before-wash to 

after-iron (Section 3.2).  Then, also using the locations of the shrinkage dots, the stains 

are located and segmented using an adaptive snake-based method (Section 3.3). 

3.1 Shrinkage Dot Detection 
Detecting shrinkage dots presents a unique challenge because, depending on the 

pattern, the shrinkage dots can appear as part of the pattern, even to a human observer 

(see Figure 3.2 for examples).  The effects of the pattern are removed by pairing each 

image containing shrinkage dots with its corresponding pattern-only image (Section 

3.1.1).  This pair of images is registered using the pattern, the commonality between the 

images (Section 3.1.2), and combined using a neighborhood-based subtraction method 

(Section 3.1.3) resulting in an image that prominently displays the differences between 

the image and the background pattern.  Cross-correlation then locates the largest such 

Shrinkage Dot Detection 
(Section 3.1)

• Preprocessing (Section 3.1.1)
•Registration (Section 3.1.2)
• Pattern Removal (Section 3.1.3)
• Shrinkage Dot Location (Section 

3.1.4)

Measure Dimensional Changes 
(Section 3.2)

• Shrinkage Calculation
• Skew Calculation

Stain Detection 
(Section 3.3)

•Region of Interest 
Selection (Section 3.3.1)

• Image Enhancement and 
Segmentation (Section 
3.3.2)
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difference and assumes it to be the shrinkage dot (Section 3.1.4).  However, in practice, 

anomalies may be mistaken for shrinkage dots.  In the vernacular of this thesis, an 

anomaly is something in the fabric image that is not part of the fabric swatch.  

Consequently, these anomalies only appear in one of the scans of the particular fabric 

swatch.  Typically these anomalies are foreign fibers that become lodged between the 

fabric swatch and the scanner during the scanning process. Figure 3.3 shows three 

examples near shrinkage dots. 

 

Figure 3.2: Examples of shrinkage dots blending into patterns 

 

Figure 3.3: Anomaly examples.  Arrows indicate the anomalies. 

3.1.1 Shrinkage Dot Detection Step 1: Preprocessing 
The preprocessing involves two aspects, identifying regions of interest (Section 

3.1.1.1) and choosing a color representation for the images (Section 3.1.1.2). 

3.1.1.1 Regions of Interest Selection 
Regions of interest are chosen to decrease computation and complexity of the 

registration.  The fabric swatch images are about 29.21 cm by 19.05 cm (11.5 inches by 

7.5 inches) and selecting regions of interest means that only four 3.38 cm (1.33 inch) 

squares are used in subsequent computations.  This decreases the area involved in these 

computations by about 92%, while still including all relevant information. 
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To understand the decreased complexity in the registration, a few details of the 

registration are important.  The registration needs to model all geometric deformations.  

The scanning and washing of the fabric swatches create a spatially varying deformation.  

Without using regions of interest, the registration would have to compute a spatially 

varying transform.  Within the regions of interest, the deformation, and consequently the 

transformation that models it, can be assumed to be spatially invariant, which is a 

significantly simpler problem. 

Figure 3.4 shows the regions of interest marked on the example image from 

Figure 2.2.  There are four concentric squares that represent the selected regions.  These 

regions are chosen relative to the edges of the image and are always the same size.  To 

understand the distinction between the larger and smaller regions of interest, consider the 

iterative registration that uses the regions of interest.  Each iteration can be divided into 

two steps: (1) calculating the transform parameters, and (2) using the parameters to 

transform the image.  The smaller region of interest is used for calculating the transform 

parameters while the larger region of interest is used for transforming the image. 

This distinction is necessary because it combines the benefits of both the larger 

and smaller regions of interest.  The smaller region provides reduced computation time 

and increased accuracy.  The increased accuracy is caused by the region having less 

probability of including anomalies, as defined in Section 3.1.  The larger region ensures 

that the shrinkage dot and its background pattern from the pattern-only image will 

overlap within the regions of interest.  With extreme translational shifts in the geometric 

transformation, it is possible for the smaller region of interest to not include the 

background pattern that is behind the shrinkage dot.  To prevent that, the outer region is 

larger by the length of the largest expected translation shift, which was found to be 1.69 

cm (.67 inches) for the experiments presented in this thesis. 
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Figure 3.4: Shrinkage dot regions of interest on the example image in Figure 2.2.  The outer square is 
5.08 cm (2 inch, 150 pixels) in length and is positioned along the middle of its side starting .34 cm 

(.133 inches, 10 pixels) from the edge.  The inner square is 3.38 cm (1.33 inch, 100 pixels) in length 
starting 1.19 cm (.47 inches, 35 pixels) from the edge.  These sizes were chosen empirically. 

3.1.1.2 Color Image Representation 
While the images are scanned in RGB format, several gray-scale alternatives were 

considered for the calculations because working in a single color plane reduces 

computation time and simplifies equations.  However, these alternatives proved 

problematic as there was never a guarantee that converting to gray-scale would preserve 

the contrast between the shrinkage dot and the background pattern (see Figure 3.5).  As a 

result, the images are processed in RGB format. 
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(a)          (b) 

Figure 3.5: Example of how a single color plane cannot properly preserve color differences. (a) is a 
four-color example pattern.  (b) is the gray version of (a) using MATLAB’s rgb2gray function.  The 

distinction between colors is lost when converting from (a) to (b). 

3.1.1.3 Preprocessing Output 
The preprocessing step outputs four pairs of images. The first image in each pair 

is a region of interest from a fabric image that contains the shrinkage dots.  Each of these 

images is paired with the same region of interest extracted from the corresponding 

pattern-only image.  These pairs are shown in Figure 3.6. 

 

Figure 3.6: Preprocessing example output.  The left and right images of the pairs are the pattern-only 
image and the image containing a shrinkage dot, respectively.  For this figure, the larger regions of 

interest are shown on the example image in Figure 2.2. 



Texas Tech University, Matthew Hill, August 2010 
 

14 

3.1.2 Shrinkage Dot Detection Step 2: Image Registration 
“Image registration is a process by which we determine a transformation that 

provides the most accurate match between two [or more] images.” [4] 

There are a number of methods used to determine “the most accurate match.”  

The most general categories for these methods would be feature-based and area-based 

(also called intensity-based).  Feature-based registration methods identify features (also 

called control points) in both images and use those features to calculate the transform.  

Feature-based registration is explained more thoroughly in Section 3.3.1.  Area-based 

methods do not identify specific features but instead use the entire area, the intensity 

values of the image, to calculate the transform.  For the purposes of this registration, an 

area-based method was used because the desired effect of registration is to use the pattern 

common to both images to register them.  According to Flusser and Zitova, “the use of 

feature-based methods is recommended if the images contain enough distinctive and 

easily detectable objects” [5].  When dealing with patterns, however, there is no 

guarantee that this clause holds true.  It notably fails with striped fabrics because they 

contain a one-dimensional pattern that cannot be reliably converted into two-dimensional 

locations.  For this reason, an area-based method is used. 

When using area-based methods, an “accurate match” is determined by an 

objective function.  Examples of area-based objective functions include mutual 

information, which is popular for multi-modal images, cross-correlation, and mean-

squared difference; a method suggested when images are taken from the same imaging 

source (“mono-modal”) [6,7]. 

While the objective function defines what “the most accurate match” is, that 

match must still be found by an optimization routine.  A few of the optimization routines 

used for image registration are gradient ascent/descent, simultaneous perturbation 

stochastic approximation (“SPSA”), and simplex [8]. 

Once the above registration choices are made, there are five interdependent 

aspects of the registration: the transform, the interpolator, the objective function, the 

optimizer, and the initial guess for the optimizer.  The transform is the form of the 
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geometric transformation that is being calculated (Section 3.1.2.1).  The bilinear 

interpolator is used when the images are being transformed as it is the simplest 

interpolator that provides the requisite sub-pixel accuracy.  The objective function 

(Section 3.1.2.2) and the optimizer (Section 3.1.2.3) are both as described above.  The 

initial guess for the optimizer (Section 3.1.2.4) is always a concern when dealing with 

optimization but is of particular concern with image registration as the function being 

optimized tends to have many local extrema [8,9].  For more information on image 

registration see references [5,10]. 

3.1.2.1 Image Registration: The Transform 
The transform is the output of the registration step.  It geometrically maps the 

pattern-only image to the image with a shrinkage dot.  The affine transformation was 

chosen because it is the simplest model that can represent all expected fabric swatch 

deformations due to laundering and scanning.  The expected deformations are bi-

directional scaling and skew caused by laundering, and rotation and translation inherent 

in the scanning process.  The affine transform is shown in Equation 2. 

𝑇�𝑥1,𝑦1,𝜃� = �
𝑥2
𝑦2� = �

𝑎11 𝑎12
𝑎21 𝑎22� × �

𝑥1
𝑦1� + �

𝑡𝑥
𝑡𝑦�,            (2) 

where  �
𝑥1
𝑦1� is the spatial coordinate being transformed, �

𝑥2
𝑦2� is the spatial coordinate after 

transformation, 𝜃 = �𝑡𝑥, 𝑡𝑦,𝑎11,𝑎12,𝑎21,𝑎22�
𝑇
 is the transform parameter, superscript 𝑇 is 

the transpose operator, 𝑡𝑥 and 𝑡𝑦 control translation, and 𝑎11, 𝑎12, 𝑎21, and 𝑎22 control 

scale, skew, and rotation. 

3.1.2.2 Image Registration: The Objective Function 
The objective function provides a comparison between two images.  For the 

reasons described in Section 3.1.2, an area-based registration is used and, therefore, this 

section will be limited in scope to area-based objective functions.  For more information 

on feature-based methods see Section 3.3.1.  Given that the images involved are mono-

modal, mean-squared difference is recommended [7] because it complements the 

problem well.  The mean-squared difference objective function quantitatively describes 
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similarity by assuming that matched pixels should be equivalent in intensity if the 

transform properly aligns the images.  Also, the equation (Equation 3) is simple to 

implement and the derivative is simple to calculate.   

𝐿�𝜃� = 1
𝜁

× ∑ �𝐼1�𝑇�𝑥, 𝑦,𝜃�, 𝑏� − 𝐼2(𝑥,𝑦, 𝑏)�
2

𝑥,𝑦,𝑏 ,   (3) 

where 𝐿�𝜃� is the objective function, 𝜁 is the total number of pixels times 3 (for the 3 

color planes), 𝐼(𝑥,𝑦, 𝑏) indicates the intensity value at the (𝑥, 𝑦) spatial location in the 𝑏 

color plane for an image, 𝐼1 and  𝐼2 are the two images being registered, and 𝑇�𝑥,𝑦,𝜃� is 

the affine transformation defined in Equation 2. 

 One alternative to mean-squared difference that received significant consideration 

was mutual information.  It was considered because it is used for multi-modal image 

registration [4-17] and therefore is robust to the fading of the colors assuming that colors 

fade evenly (i.e., bright red always fades to the same duller red).  However, that was 

found to not be an advantage as the colors did not significantly fade.  The multi-modal 

nature of mutual information also has a significant disadvantage: it matches shapes 

instead of colors.  This means that if mutual information is used to register a striped 

pattern with alternating black and white stripes of the same width, the output of the 

registration could be the improper alignment of matching white stripes with black stripes.  

Mutual information was not chosen as the objective function because it would have either 

led to additional assumptions for the overall algorithm or additional errors. 

3.1.2.3 Image Registration: The Optimizer 
The minimization of the objective function is accomplished using gradient 

descent, which starts with an initial guess of the variables being optimized (the six 

transform parameters) and it iteratively updates the guess in the direction of the negative 

gradient, lowering the value of the objective function with each iteration.  The optimizer 

stops when the gradient becomes sufficiently small.  The per-iteration update is shown in 

Equation 4. 

𝜃𝑘+1 = 𝜃𝑘 − 𝜌𝑘 × 𝜕𝐿(𝜃)
𝜕𝜃

,     (4) 
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where 𝜃𝑘 is the current guess of the transform parameters, 𝜃𝑘+1 is the next guess of the 

transform parameters, 𝜌𝑘 > 0 is the correction factor, and 𝜕𝐿(𝜃)
𝜕𝜃

 is the partial derivative of 

the objective function with respect to the transform parameters. 

The partial derivative of the objective function is shown in Equations 5 and 6.  In 

Equation 6, the first partial derivative on the right hand side is the gradient of the 

transformed image and the second partial derivative is the gradient of the affine 

transformation shown in Equation 7. 

𝜕𝐿�𝜃�
𝜕𝜃

= 1
𝜁

× ∑ �2 × �𝐼1�𝑇�𝑥,𝑦,𝜃�, 𝑏� − 𝐼2(𝑥, 𝑦, 𝑏)� × �𝜕𝐼1�𝑇�𝑥,𝑦,𝜃�,𝑏�
𝜕𝜃

��𝑥,𝑦,𝑏      (5) 

𝜕𝐿�𝜃�
𝜕𝜃

= 1
𝜁

× ∑ �2 × �𝐼1�𝑇�𝑥,𝑦,𝜃�, 𝑏� − 𝐼2(𝑥,𝑦, 𝑏)� × ��𝜕𝐼1�𝑇�𝑥,𝑦,𝜃�,𝑏�
𝜕𝑇�𝑥,𝑦,𝜃�

× �𝜕𝑇�𝑥,𝑦,𝜃�
𝜕𝜃

�
𝑇
��

𝑇

�𝑥,𝑦,𝑏     (6) 

𝜕𝑇�𝑥,𝑦,𝜃�
𝜕𝜃

=

⎣
⎢
⎢
⎢
⎢
⎡
1 0
0
𝑥

1
0

𝑦
0
0

0
𝑥
𝑦⎦
⎥
⎥
⎥
⎥
⎤

              (7) 

One common problem with gradient descent is the inability to overcome local 

extrema.  In this optimization implementation, that problem is solved by using a quality 

initial guess as described in the next section. 

3.1.2.4 Image Registration: Optimizer’s Initial Guess 
Every iterative optimization algorithm is sensitive to the initial guess.  This is 

especially true for gradient descent because it has no mechanism for avoiding local 

extrema.  This makes a quality initial guess particularly valuable [9].  It was 

experimentally determined that the identity matrix is an adequate initialization of the four 

‘a’ parameters in the affine transform (Equation 2), but the translational parameters 

require additional computation to find an adequate initialization.  Those translational 

parameters are estimated using a brute force method which acts as a coarse registration 

before gradient descent does a finer registration. 
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The objective function is measured at translational shifts every .1016 cm (.04 

inches, 3 pixels) within 1.27 cm (.5 inch, 37.5 pixels) in each direction.  The maximal 

range was set by the maximum expected translational shift for the experiment.  The 

frequency of measurement was set to minimize the amount of brute force calculations 

while still having sufficient resolution.  If the background pattern in the fabric contains 

high frequencies, the frequency of measurement might have to increase accordingly. 

Figure 3.7 shows one example of this brute force initialization.  In this example it 

is apparent that the pattern-only image needs to be shifted down and right. 

 

   
 (a)         (b)               (c) 

Figure 3.7: Optimizer's initial guess example. (a) and (b) are the top shrinkage dot images from 
Figure 3.6 (c) is the objective function measurements linearly scaled such that black represents the 

highest objective function value and white represents the lowest objective function value. 

3.1.2.5 Other Implementation Issues 
The registration process is very complex and this section covers the details that 

are important for implementation.  Topics covered include the optimizer’s correction 

factor and the stopping criteria of the optimization algorithm. 

The correction factor (𝜌𝑘 from Equation 4 in Section 3.1.2.3) varies both per-

iteration and per-parameter.  The per-iteration change is a decrease described in Equation 

8 and shown in Figure 3.8.  The purpose of this change is to add another level of coarse-

to-fine tuning.  The form of this equation is that of the correction factor for The SPSA 

optimizer [17].  The ‘𝑚’ parameter is an iteration offset and can be increased if the 

optimizer’s initial guess is known to be good.  The ‘𝑔’ parameter controls the behavior of 

the correction factor’s decrease and was empirically set to .4. 
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𝜌𝑘 = 𝜏
(𝑘+𝑚)𝑔 ,            (8) 

where 𝑘 is the iteration number, 𝑔 is a positive constant that is less than 1, and 𝑚 and 𝜏 

are constants. 

 

Figure 3.8: Behavior of Equation 8 (tau=1, m=.1, g=.4) 

Because the transform parameters have vastly different meaning, they need to be 

scaled differently.  For example, the translation parameters have units in pixels, while the 

other four parameters are multiplicative factors.  This requires the correction factor to 

vary per transform parameter by way of ‘𝜏,’ shown in Equation 9. 

𝜏 =

⎣
⎢
⎢
⎢
⎢
⎡

. 02

. 02
. 00005
. 00002
. 00002
. 00005⎦

⎥
⎥
⎥
⎥
⎤

         (9) 

The other implementation issue is the stopping criteria for the optimization 

algorithm.  Optimization stops when the difference between the maximum and minimum 

of the objective function over the last ten iterations is less than .5.  This number was 

chosen by examining the behavior of the objective function to ensure convergence.  

There is also a hard-coded maximum of 300 iterations which ensures the algorithm will 

eventually stop.  The form of the stopping criteria was chosen for added robustness 
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against single-iteration increases of the objective function.  These increases, examples of 

which are in Figure 3.9, could mislead a stopping criterion that simply compares two 

values. 

  
(a)      (b) 

Figure 3.9: Objective function value vs iteration number for a specific registration example.  (a) 
shows the entire curve and (b) is zoomed in on iterations 10 though 137.  While not visible in (a), (b) 

shows several single iteration increases. 

3.1.2.6 Image Registration’s Output 
The output of the registration is shown in Figure 3.10 using Equation 10. 

 

Figure 3.10: Difference images demonstrating the output of the registration for the example image 
pairs presented in Figure 3.6.  These images are calculated according to Equation 10.  Each image is 

labeled according to which shrinkage dot it is displaying. 
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𝐼𝑑𝑖𝑓(𝑥, 𝑦, 𝑏) = �𝐼𝑃�𝑇�𝑥, 𝑦,𝜃�, 𝑏� − 𝐼𝑆𝐷(𝑥,𝑦, 𝑏)�                (10) 

where 𝐼𝑑𝑖𝑓 is the difference image, 𝐼𝑃 is the pattern-only image, and  𝐼𝑆𝐷 is an image with 

a shrinkage dot. 

3.1.3 Shrinkage Dot Detection Step 3: Neighborhood-Based Subtraction 
Method 
After registration calculates the geometric transformation between each of the 

pairs of images, that relationship is used to remove the pattern from the images 

containing the shrinkage dots. It was experimentally concluded that the simple difference 

images, examples of which appear in Figure 3.10, demonstrate an attenuation of the 

pattern with minimal effect on the shrinkage dots.  However, these images also show that 

the pattern should be further attenuated on the boundaries of the objects in the 

background pattern.  To accomplish this, a neighborhood-based subtraction method is 

proposed. 

The neighborhood-based subtraction method does the following.  Each pixel, 

(𝑥,𝑦), in the image with the shrinkage dot, 𝐼𝑆𝐷, is matched to a pixel within a 

neighborhood of pixel 𝑇�𝑥,𝑦, 𝜃� in the pattern-only image, 𝐼𝑃.  The matching is done 

according to which pixel within the neighborhood has the smallest Euclidean distance 

between its RGB value and the RGB value of the pixel from 𝐼𝑆𝐷.  From there, the 

proposed method operates similarly to the difference method presented in Equation 10 

except that it replaces 𝑇�𝑥,𝑦,𝜃� with the spatial coordinates that correspond to the 

previously defined matched pixel within the neighborhood of 𝑇�𝑥,𝑦,𝜃�. 

The neighborhood size was chosen empirically to be 5x5.  This size cannot be too 

small; else, the procedure reduces to the subtraction method of Equation 10.  It also 

cannot be too large; else, a color match for the shrinkage dot could be found, which will 

lead to its attenuation. 

An example of the output of neighborhood-based subtraction is shown in Figure 

3.11.  Visual inspection of Figures 3.10 and 3.11 show that the proposed neighborhood-
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based subtraction method further attenuates the pattern while leaving the shrinkage dots 

relatively unaltered. 

 

Figure 3.11: Example output of neighborhood-based subtraction for the example image pairs 
presented in Figure 3.6.  Each image is labeled according to which shrinkage dot it is displaying. 

3.1.4 Shrinkage Dot Detection Step 4: Locating the Shrinkage Dot 
After the neighborhood-based subtraction method, there are four color images, 

each of which contains one shrinkage dot (Figure 3.11).  This step uses those images to 

locate the shrinkage dots by using cross-correlation as expressed in Equation 11.  Here, 

the (𝜇, 𝜈) coordinate that corresponds to the highest value of 𝐶𝐶(𝜇, 𝜈) is identified as the 

location of the shrinkage dot. 

𝐶𝐶(𝜇, 𝜈) = ∑ {𝐼𝐴(𝑥 + 𝜇,𝑦 + 𝜈, 𝑏) × 𝐼𝐵(𝑥, 𝑦, 𝑏)}𝑥,𝑦,𝑏 ,  (11) 

where 𝐶𝐶(𝜇, 𝜈) is the cross-correlation value associated with shift (𝜇, 𝜈), 𝐼𝐴 is the output 

of the neighborhood-based subtraction method, and 𝐼𝐵 is the model of the shrinkage dot. 

The model of the shrinkage dot is based on its expected size, shape, and color.  

The expected size and shape of the shrinkage dots, a circle with a radius of .119 cm 

(.0467 inches, 3.5 pixels), is based on the template (Figure 2.1 in Section 2.1) and the 

resolution of the images (Section 2.4).  The color of the model is white because, through 

the subtraction process, the pattern has become black and the whitest pixels are those 
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with maximal contrast with respect to the background.  Figure 3.12 shows an example of 

the cross-correlation and Figure 3.13 shows its results. 

 

Figure 3.12: Example of cross-correlation for the images presented in Figure 3.11.  The columns 
separate the four different shrinkage dots.  The top row shows the model of the shrinkage dots (𝑰𝑩 in 

Equation 11).  The second row shows the regions of interest after the pattern was removed.  The 
bottom row shows the output of the cross-correlation linearly rescaled such that black corresponds to 

no correlation and white corresponds to maximal correlation. 
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Figure 3.13: The identified shrinkage dot locations (the black crosses) on the example image from 
Figure 2.1. 

3.1.5 Shrinkage Dot Detection on Solid-Colored Fabrics 
While the previous sections (Sections 3.1.1 through 3.1.4) discuss a method for 

shrinkage dot detection in presence of a pattern, it is interesting to consider how well that 

method would work on fabrics that have minimal pattern or no pattern at all.  To explore 

that contingency, this section applies the proposed shrinkage dot detection method to a 

solid-colored fabric image.  The image with the shrinkage dot is an after-wash image 

from a previous experiment.  That experiment used the same protocol for creation of the 

digital images with one exception: as there was no pattern, there was no pattern-only 
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image.  For this experiment, the pattern-only image was simulated by sampling large 

regions of the before-wash image.  These two images are shown in Figure 3.14 and the 

intermediate images are shown in Figure 3.15.  First, regions of interest are declared as 

described in Section 3.1.1.  Then, the brute force initialization for the iterative 

registration operates as described in Section 3.1.2.4 resulting in the difference images 

(created with Equation 10) in the top row of Figure 3.15.  Next, the images are registered 

as described in Section 3.1.2  (results shown in the second row of Figure 3.15 in the form 

of difference images) and are combined using the neighborhood-based subtraction 

method described in Section 3.1.3 (results shown in the third row of Figure 3.15) .  

Lastly, cross-correlation, as described in Section 3.1.4, identifies the shrinkage dot 

location (the bottom row of Figure 3.15 shows the cross-correlation values linearly 

rescaled such that black represents no correlation and white represents the maximal 

correlation). Figure 3.16 shows the identified shrinkage dot locations marked on the after-

wash image. 
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(Pattern-only)       (After-wash) 

Figure 3.14: The images used to test the proposed shrinkage dot detection method on solid-colored 
fabrics 
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Figure 3.15: The process of detecting the shrinkage dots on a solid-colored fabric image.  Columns 
separate shrinkage dots and the rows separate the steps. 
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Figure 3.16: The solid-colored after-wash image from Figure 3.14 with the shrinkage dots (black 
crosses) labeled. 

3.2 Calculating Dimensional Changes 
After the shrinkage dots are detected, the locations are used to calculate 

dimensional changes in the fabric swatches from before to after wash, as shown in the 

algorithm’s flowchart, Figure 3.1.  This involves two calculations: shrinkage and skew. 

Shrinkage is measured both vertically and horizontally.  The vertical 

measurement is the percent change in the Euclidean distance between the top shrinkage 

dot and the bottom shrinkage dot from before-wash to after-wash.  The horizontal 

measurement is analogous to the vertical measurement with the left and the right 

shrinkage dots in place of the top and bottom shrinkage dots.  See Equation 12. 
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𝑆𝐻 = 100 − 100 ×
��𝑥𝐿,𝐴𝑊−𝑥𝑅,𝐴𝑊�2−�𝑦𝐿,𝐴𝑊−𝑦𝑅,𝐴𝑊�2

��𝑥𝐿,𝐵𝑊−𝑥𝑅,𝐵𝑊�2−�𝑦𝐿,𝐵𝑊−𝑦𝑅,𝐵𝑊�2
,           (12) 

𝑆𝑉 = 100 − 100 ×
��𝑥𝑇,𝐴𝑊 − 𝑥𝐵,𝐴𝑊�

2
− �𝑦𝑇,𝐴𝑊 − 𝑦𝐵,𝐴𝑊�

2

��𝑥𝑇,𝐵𝑊 − 𝑥𝐵,𝐵𝑊�
2
− �𝑦𝑇,𝐵𝑊 − 𝑦𝐵,𝐵𝑊�

2
, 

where 𝑆𝐻 and 𝑆𝑉 are the horizontal and vertical shrinkage, respectively, and each �
𝑥
𝑦� pair 

indicates a particular shrinkage dot with the first subscript indicating the particular 

shrinkage dot within an image (𝑇 for top, 𝑅 for right, 𝐵 for bottom, and 𝐿 for left) and the 

second subscript indicating whether the dot is before-wash (𝐵𝑊) or after-wash (𝐴𝑊). 

To calculate skew, two vectors are defined.  One vector, 𝑓, extends from the top 

shrinkage dot to the bottom shrinkage dot and the other vector, 𝑔, extends from the left 

shrinkage dot to the right shrinkage dot.  Skew, presented in Equation 13, numerically 

describes how close the angle between 𝑓 and 𝑔 is to 90 degrees. 

𝜙 = 90° − cos−1
𝑓∙𝑔

�𝑓��𝑔�
,     (13) 

where 𝜙 is the skew. 

After the dimensional changes are calculated using the shrinkage dot locations, 

these locations are also used in the calculations for detecting the stains, as described in 

the following section. 

3.3 Stain Detection 
As shown in the algorithm’s flowchart, Figure 3.1, the dimensional change 

calculations are followed by detecting the stains using the previously identified shrinkage 

dot locations.  The process of stain detection is divided into two steps.  First, shrinkage 

dot locations are used to identify regions of interest around each stain (Section 3.3.1).  

Then, the regions of interest are enhanced and the stains are segmented (Section 3.3.2). 
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3.3.1 Regions of Interest for Stains 
Regions of interest are selected relative to the center of the stains.  This was done 

to ensure that the stains would occupy the center of the regions which provides additional 

a-priori information to the ensuing segmentation algorithm. 

There are two prerequisites for identification of the centers of the stains in the 

after-wash image: the locations of the centers of the stains must be known in the before-

wash image and the geometric relationship between the before-wash and after-wash 

image must be known.  The centers of the stains in the before-wash image are located 

using the shrinkage dot locations and the geometries of the proposed fabric swatch 

template (Figure 2.1) presented in Equation 1. 

To calculate the geometric relationship between the before-wash and the after-

wash image, a feature-based registration is used.  This is because the shrinkage dots can 

be used as features (control points). 

This registration is divided into three steps: features are detected in both images, 

features are matched between the images, and the transform parameters are calculated.  

While feature detection is usually complicated, this application uses the shrinkage dots as 

features.  Then, features are matched according to which shrinkage dot they represent 

(top, right, bottom, or left).  Lastly, the transform parameters are calculated.  For the 

same reasons as with the area-based registration, an affine transform (Equation 2, Section 

3.1.2.1) is used and, therefore, the aim is to determine the six affine parameters.  To that 

end, each feature creates two equations, presented in vector form in Equation 14.  This 

over-determined system of equations is solved using least squares regression. 

𝑇�𝑥𝑇,𝐵𝑊,𝑦𝑇,𝐵𝑊,𝜃� = �
𝑥𝑇,𝐴𝑊
𝑦𝑇,𝐴𝑊

� = �
𝑎11 𝑎12
𝑎21 𝑎22� × �

𝑥𝑇,𝐵𝑊
𝑦𝑇,𝐵𝑊

� + �
𝑡𝑥
𝑡𝑦�,        (14) 

𝑇�𝑥𝑅,𝐵𝑊,𝑦𝑅,𝐵𝑊,𝜃� = �
𝑥𝑅,𝐴𝑊
𝑦𝑅,𝐴𝑊

� = �
𝑎11 𝑎12
𝑎21 𝑎22� × �

𝑥𝑅,𝐵𝑊
𝑦𝑅,𝐵𝑊

� + �
𝑡𝑥
𝑡𝑦�, 

𝑇�𝑥𝐵,𝐵𝑊,𝑦𝐵,𝐵𝑊,𝜃� = �
𝑥𝐵,𝐴𝑊
𝑦𝐵,𝐴𝑊

� = �
𝑎11 𝑎12
𝑎21 𝑎22� × �

𝑥𝐵,𝐵𝑊
𝑦𝐵,𝐵𝑊

� + �
𝑡𝑥
𝑡𝑦�, 

𝑇�𝑥𝐿,𝐵𝑊,𝑦𝐿,𝐵𝑊,𝜃� = �
𝑥𝐿,𝐴𝑊
𝑦𝐿,𝐴𝑊

� = �
𝑎11 𝑎12
𝑎21 𝑎22� × �

𝑥𝐿,𝐵𝑊
𝑦𝐿,𝐵𝑊

� + �
𝑡𝑥
𝑡𝑦�, 
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where each �
𝑥
𝑦� pair indicates a particular shrinkage dot with the first subscript indicating 

the particular shrinkage dot within an image (𝑇 for top, 𝑅 for right, 𝐵 for bottom, and 𝐿 

for left) and the second subscript indicating whether the dot is before-wash (𝐵𝑊) or 

after-wash (𝐴𝑊). 

Subsequently, the feature-based registration results are used to identify the center 

of the stain on the after-wash image and a region of interest is defined that is centered on 

the stain and large enough to fully encompass the stain.  Based on the fabrics, the 

template, and the types of stains, the regions of interest are 8.84 cm (3.48 inches, 261 

pixels) tall and 6.81 cm (2.68 inches, 201 pixels) wide and are shown in Figure 3.17.  

This size may need to be increased if the stains are expected to diffuse more due to 

laundering. 

 

Figure 3.17: Stain regions of interest on the example fabric from Figure 2.2 
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3.3.2 Stain Enhancement and Segmentation 
Once the stain regions of interest are determined, the regions must be enhanced so 

that the stain can then be segmented.  The first image enhancement step is removing the 

pattern as it was done while detecting the shrinkage dots.  Then, principal component 

analysis (“PCA”) is used to reduce the dimensionality of the images before an iterative 

snake-based segmentation method detects the stains.  For the purposes of this thesis, stain 

detection is identifying if the stain exists. 

To remove the pattern, registration and subtraction is used.  The image with the 

stain is registered to its pattern-only counterpart using the same area-based method 

described in Section 3.1.2.  Figure 3.18 shows an example of the images that are 

registered and Figure 3.19 demonstrates the results of this registration using difference 

images.  Then, the neighborhood-based subtraction method presented in Section 3.1.3 is 

applied, resulting in the images in Figure 3.20.  For these figures it is important to 

remember that the top potential stain is visible and made from make-up while the bottom 

potential stain is non-visible and made from vegetable oil. 
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Figure 3.18: Example stain regions of interest prior to removal of the pattern.  The top potential stain 
is a visible make-up stain.  The bottom potential stain is a non-visible and vegetable oil. 

 
(Top Stain)   (Bottom Stain) 

Figure 3.19: Difference images demonstrating the output of the registration for the example image 
pairs presented in Figure 3.18.  The values in the difference image are calculated by Equation 10. 
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(Top Stain)   (Bottom Stain) 

Figure 3.20: Output of neighborhood-based subtraction method for the stains 

After the pattern is removed from the stain regions of interest, principal 

component analysis (“PCA”) is used to reduce the dimensionality of the images.  This 

converts the RGB images to a gray-scale plane that captures the greatest variance 

between the planes.  The overall effect of this is to accentuate the stain.  An example of 

this analysis is shown in Figure 3.21. 

 
(Top Stain)   (Bottom Stain) 

Figure 3.21: PCA output of images from Figure 3.20 

The segmentation method that operates on the output of PCA (Figure 3.21) is the 

same segmentation method used in reference [1].  This choice is justified because, in both 
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this work and in reference [1], segmentation is preceded by PCA of an RGB image that 

does not contain a pattern.  While reference [1] ensures the lack of pattern by working 

with solid-colored fabrics, this algorithm removes the pattern using the neighborhood-

based subtraction method described in Section 3.1.3.  What follows is a summary of that 

statistical segmentation method. 

A contour is initialized and iteratively evolved using both internal and external 

forces.  The initialization of the contour is a region within the stain which is identified 

using the a-priori information that the stain is centered in the region of interest.  The size 

of the initial contour is small enough to ensure that it is entirely within the stain 

(according to the template in Figure 2.1) and large enough to reliably establish statistics 

for the stain (mean and standard deviation in this case).  The two internal forces, 

commonly called the elastic and bending forces, ensure that the contour remains smooth 

and continuous.   

The external force is image-based and pushes the contour towards the boundary of 

the stain.  To understand how this happens, consider the a-priori information available.  

The statistics, mean and standard deviation, are calculated for the stain and the 

background (The stain is known to be within the contour and the background is known to 

be close to the boundary of the region of interest.).  With those statistics, the external 

image-based force can fluctuate between an expansive force when the contour is located 

on pixels similar to the stain and a contracting force when the contour is located on pixels 

similar to the background.  The overall effect of this force’s fluctuation is that it will 

always push towards the boundary of the stain. 

One key improvement in this version of the statistical segmentation method is that 

it is adaptive.  This adaptive nature is implemented by updating the statistics as the 

evolution of the contour redefines the stain.  In the code, this is done by combining the 

background statistics with the constantly changing stain statistics into a single variable 

that quantitatively describes how distinct the stain is from the background.  After 

segmentation is completed, this variable is used to determine the presence or absence of 

the stain by comparing it to a threshold. 
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Chapter 4 

Results 

4.1 Spatial Variance Validation 
In Section 3.1.1.1, the claim was made that the deformations caused by laundering 

and scanning fabric swatches vary spatially.  To validate that claim, Figure 4.1 is 

presented.  By using difference images as defined in Equation 10, this figure shows the 

results of the feature-based registration presented in Section 3.3.1 that registered the 

overall images using the shrinkage dot locations.  These difference images are interpreted 

with the understanding that overall darkness is indicative of an accurate registration and 

visible lines around the edges of objects in the background pattern is indicative of a poor 

registration.  When analyzing these images with that understanding, it is apparent that 

parts of each image are registered accurately and other parts are registered poorly.  Most 

notably, in the after-iron difference image (b), the upper right corner and the lower left 

are both registered well while the area between them is registered poorly.  That means 

that the affine transform is insufficient in characterizing the deformations because the 

deformations vary spatially.  These images also show that, while the spatial variance is 

significant enough to affect the full image, it is not significant enough to affect the small 

regions of interest used for detecting the shrinkage dots.  This is apparent by how slowly 

the regions of the image transition from being poorly registered to well registered. 
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(a)       (b) 

Figure 4.1: Difference images created according to Equation 10 using the results of the feature-based 
registration.  (a) is the difference between before-wash and after-wash.  (b) is the difference between 

before-wash and after-iron. 

4.2 The Experiment 
The experiment consisted of 10 different fabrics.  These fabrics are shown in 

Figure 4.2 and were chosen to provide a wide variety of inputs that would challenge the 

algorithm.  There are large patterns (e, g, h, i), small patterns (b, d, f), a repeated pattern 

(c), and a striped pattern (j).  There is a two-color fabric (i), three-color fabrics (a, b, c, d, 

e), and a seven-color fabric (j).  Some fabrics have color gradients (g, h) while other 

fabrics do not (i).  Some fabrics have patterns that look like shrinkage dots (a, b, c, d). 
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Figure 4.2: The 10 fabrics used in the experiment 
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Each fabric was cut into 6 different swatches in accordance with Figure 4.3, 

where 𝑆𝑚𝑎 is a make-up stain, 𝑆𝑣 is a vegetable oil stain, 𝑆𝑏 is a blueberry stain, and 𝑆𝑚𝑢 

is a mustard stain.  These stains were chosen because they represent the various degrees 

of detection difficulty.  For example, vegetable oil does not form an easily visible stain 

while make-up causes a very distinct stain.  Because there are 4 scans of each swatch, as 

described in Section 2.2, the experiment has a total of 240 images. 

 

Figure 4.3: Template for the swatches from a single fabric.  Stains are labeled as follows: 𝑺𝒎𝒂 is a 
make-up stain, 𝑺𝒗 is a vegetable oil stain, 𝑺𝒃 is a blueberry stain, and 𝑺𝒎𝒖 is a mustard stain. 

4.3 Shrinkage Dot Detection Results 
The shrinkage dot detection algorithm, described in Section 3.1, was considered 

successful when the location it identified as a shrinkage dot was manually verified to be 

within the shrinkage dot.  Based on this criterion, the success rate was 98.75% (711 

successes and 9 failures).  Because the dimensional change calculations (Equation 12 and 

13) are exclusively based on the shrinkage dot locations, success in shrinkage dot 

detection directly leads to success in measuring dimensional changes. 
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Figure 4.4 shows select successes that highlight some of the harder shrinkage dots 

to detect.  Some of them were difficult because the shrinkage dots appeared to be part of 

the pattern (a, e, f) while others had similar color to the background pattern (b, c, d). 

 
(a)     (b)       (c)           (d)            (e)           (f) 

Figure 4.4: Examples of success in shrinkage dot detection  

Figure 4.5 shows examples of the 9 failures.  In the first three images, (a), (b) and 

(c), anomalies interfere with locating the shrinkage dots.  The final image, (d), is an 

example of the final six failures in which the lack of contrast between the shrinkage dots 

and the background pattern is responsible for the failure of the algorithm.  Because all 

seven of these failures occurred with the same fabric, the success rate for that fabric was 

only 90% (65 of 72). 

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

Figure 4.5: Examples of failure in shrinkage dot detection. (a), (b), and (c) failed because of the 
presence of an anomaly (see Figure 3.3).  (d) failed because of insufficient contrast between the 

shrinkage dot and the background pattern. 

4.4 Dimensional Change Results 
As mentioned in the previous section, dimensional change success directly 

follows from success in detecting shrinkage dots.  Consequently, in all cases where the 

shrinkage dots were correctly identified, the shrinkage and skew were correctly 

calculated.  The skew results are shown in Figure 4.6.  The skew measurements are 
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averaged over all 6 swatches from each fabric and separated by when the scans were 

taken.  The skew is reported in degrees.  These results show that, as one would expect, 

laundering and ironing increases the swatches skew. 

 

Figure 4.6: Skew Results 

4.5 Segmentation and Stain Detection Results 
Segmentation, as described in Section 3.3.2, was evaluated for accuracy by using 

the dice metric to compare to a manual segmentation in 50 of the potential stains.  The 

dice metric is defined in Equation 15. 

𝐷𝑀 = ⌊𝑅𝑀∩𝑅𝐴⌋
⌊𝑅𝑀∪𝑅𝐴⌋

 ,      (15) 

where DM is the dice metric, 𝑅𝑀 is the region produced by manual segmentation, 𝑅𝐴 is 

the region produced by the algorithm, and ⌊∙⌋ represents the cardinality of the enclosed 

set.  Dice metrics of this form range between 0, which means the two regions having 

nothing in common, and 1, which means the two regions are identical.  The dice metrics 
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are shown in Figure 4.7.  Figure 4.8 shows examples of the dice metric that demonstrate a 

range of values including the average dice metric of .87. 

 

Figure 4.7: The dice metrics for all 50 manually segmented stains.  The blue line is the average dice 
metric of .87. 

 
(a)                                          (b)               (c) 

Figure 4.8: Dice metric examples. The green contour marks the manually segmented ground truth 
and the red contour marks the algorithm's output. (a) has a very good dice metric (DM=.9463). (b) 
has dice metric close to the average (DM=.8878).  (c) has a low, but acceptable value (DM=.8125). 

Stain detection was evaluated by labeling each potential stain as a visible stain or 

an invisible stain and comparing to technician determinations.  The algorithm judges 

stain visibility according to a criterion set forth in Section 3.3.2.  Of the 240 potential 
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stains, the technicians labeled 120 of the stains as visible and 120 as not visible.  Of the 

120 visible stains, 112 were detected by the algorithm (93%).  The algorithm also 

detected a stain in 45 of the 120 stain images that did not have visible stains (37.5%).   

While the high rate of detection in visible stains is encouraging, what I find more 

encouraging is how high the rate of detection was in the non-visible stains.  This is 

because the detection does not yet include any form of grading.  The algorithm is merely 

identifying a location such that a grading could then take place. 

4.6 Timing Results 
The algorithm typically takes between 2 and 4 minutes to run depending on how 

many iterations are required for registration and the size of the regions of interest.  These 

results were achieved on a quad-core 3.2 GHz processor using MATLAB 2007b.  This 

time is disconcerting, but could be improved significantly by either optimizing the 

MATLAB code, coding the algorithm in a faster language such as C or C++, or 

implementing the algorithm on special hardware such as GPUs. 

4.7 Solid-Colored Fabric Experiment 
To provide further validation of the algorithm, it was applied to the set of images 

from a previous experiment involving solid-colored fabrics.  This experiment involved 

287 fabric swatch images and 2 different fabrics (white and khaki).  These images, 

examples of which are shown in Figure 4.9, were created using the same protocol 

described in Chapter 2 with one difference: as there was no pattern, there was no pattern-

only image.  For use with this algorithm, synthetic pattern-only images were created by 

sampling large sections of the before-wash image.  Examples of this are shown in Figure 

4.10.  These synthetic images still contain a texture, but have visible seams.  
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Figure 4.9: Examples of the images from the solid-colored fabric experiment. 

 

Figure 4.10: Examples of the ‘pattern-only’ images for the solid-colored fabric experiment. 

For the white fabric, 99.3% (568 of 572) of the shrinkage dots were detected and 

for the khaki fabric, 98.6% (568 of 576) of the shrinkage dots were detected.  Analysis of 

the failures revealed two different causes.  The errors on the white fabric were caused by 

improperly chosen regions of interest which is easily fixable.  The errors on the khaki 

fabric, however, were registration related.  More specifically, the errors are related to 

what the registration algorithm determined to be more prominent: texture or pattern.  In 

the case of these failures, the pattern is the text along the right side of the images and the 

texture can cause an erroneous alignment because of the use of a synthetic texture.  
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Because this problem is entangled with the use of synthetic pattern-only images, it is 

possible that this problem does not exist when using non-synthetic pattern-only images.  

The reason this problem occurred on the khaki fabric images and not the white fabric 

images is because red, the color of the text has more contrast with white than with khaki.  

The added contrast was enough ensure that the pattern would always be more prominent 

than the texture. 
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Chapter 5 

Conclusions and Future Work 
This thesis presented a protocol for the creation of digital images on printed fabric 

swatches and an algorithm that successfully and automatically measured dimensional 

changes and segmented stains so that soil release can be evaluated.  Current methods for 

evaluating dimensional changes on printed fabrics are manual.  There are no current 

methods for evaluation of soil release on printed fabrics and the segmentation that the 

proposed algorithm provides is a vital first step to such a system.  Automating the 

measurements provides repeatability in the form of a complete system that could become 

an industry standard. 

To make these measurements, printed fabric swatches were scanned before and 

after wash using an off-the-shelf scanner.  These scans included one of the background 

pattern that is used as a reference for comparison.  Reference points (called shrinkage 

dots) were placed on the fabric swatches and then located in the scanned images.  This 

was done using image registration and a neighborhood-based subtraction to remove the 

influence of the pattern followed by cross-correlation to then locate the shrinkage dots.  

The locations of the shrinkage dots were used both to calculate the dimensional changes 

and in locating the center of the stains such that they may be segmented and detected.  

Before a snake-based method segments the stain, the influence of the background pattern 

was removed using the same registration and subtraction method used for shrinkage dot 

detection. 

In an experiment involving 240 images and 10 different printed patterns, the 

algorithm was able to correctly identify 98.8% of the dots used to measure shrinkage.  

The errors were caused by anomalies and an improperly chosen color for some of the 

shrinkage dots.  Given the shrinkage dot locations, both shrinkage and skew were 

successfully measured.  The skew results are in accordance with the intuitive idea that 

there should be more skew after washing than before.  The segmentation accuracy was 

quantitatively proven successful by an average dice metric of .87 on a subset of the 
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potential stains.  The stain detection results showed that the algorithm was capable of 

identifying 93.3% of the visible potential stains and 37.5% of those that were not visible. 

While the results are encouraging, they do indicate some need for future work.  

The most outstanding need is a method for evaluating soil release after segmentation.  

Soil release is the degree to which a stain disappears through laundering and the 

information provided by the algorithm presented above is a natural basis for being able to 

make that measurement.  One possible way to do this is to compare the segmented stain 

region to corresponding region in the pattern-only image.  This could also be done using 

a probabilistic mapping that could potentially factor in a comparison between the 

background pattern in the pattern-only image and the background pattern in the image 

being considered. 

Future work can also include improving the existing algorithm.  The 

neighborhood-based subtraction method that removes the pattern is probably the single 

piece of the algorithm that could be improved the most.  While it has impressive results 

for the shrinkage dot detection, shrinkage dots are intended to be easily detectable.  The 

stains, however, should be detected even when they are subtle so that they can be graded 

(The stain detection rate for non-visible potential stains was only 37.5%.).  To that end, I 

believe improving the neighborhood-based subtraction would provide the largest benefit.  

Possible improvements include bypassing the interpolation to mitigate the filtering effects 

of the interpolation.  Another possible improvement is treating the pattern-only image as 

a continuous signal by defining intensity values between the pixels.  This would provide 

the neighborhood-based subtraction with a wider range of values for comparison without 

expanding the neighborhood.  I believe both of these improvements could help the pattern 

removal process by further attenuating the background pattern. 
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