
WAVELET-BASED COMPRESSION OF INFRARED 

IMAGES USING MULTISCALE EDGES 

by 

TARUN KUMAR MADAN, B.E. 

A THESIS 

IN 

COMPUTER SCIENCE 

Submitted to the Graduate Faculty 

of Texas Tech University in 
Partial Fulfillment of 
the Requirements for 

the Degree of 

MASTER OF SCIENCE 

Approved 

Chairperson of the Committee 

Accepted 

Dean of the Graduate School 

May, 2003 



ACKNOWLEDGMENTS 

I am thankfial to Dr. Gopal Lakhani, my thesis advisor, for his constant support, 

without which it would not have been possible to complete this work. I would also like to 

thank my thesis committee members Dr. Eric D. Sinzinger and Dr. Sunanda Mitra for 

their insightful suggestions. 

n 



TABLE OF CONTENTS 

ACKNOWLEDGEMENTS ii 

ABSTRACT v 

LIST OF TABLES vi 

LIST OF FIGURES vii 

CHAPTER 

1. INTRODUCTION 1 

1.1 Overview 1 

1.2 Goals of this Research 2 

1.3 Multiscale Edge Coding Scheme 3 

1.4 Document Organization 5 

2. PRELIMINARIES 6 

2.1 Wavelet Transform 7 

2.2 Discrete Wavelet Transform 9 

2.3 Wavelet Image Decomposition 14 

2.4 Multiresolution Decomposition 18 

3. MULTISCALE EDGE REPRESENTATION 21 

3.1 Wavelet Edge Detection 21 

3.2 Computation of Multiscale Edge Representation 23 

3.3 Characteristics of Modulus Maxima 28 

3.4 Advantages ofMultiscale Edge Representation 29 

ni 



4. EDGE EXTRACTION FROM MULTISCALE REPRESENTATION 35 

4.1 Properties of Modulus Maxima 35 

4.2 Curve Building 38 

4.2.1 Modulus Maxima Thresholding 38 

4.2.2 Curve Selection 39 

4.2.3 Curve Thresholding 41 

4.3 Significance of Curve Building Thresholds 45 

4.4 Image Reconstruction from Multiscale Edges 48 

5. MULTISCALE EDGE CODING SCHEME 52 

5.1 Encoding of Curves 5 5 

5.2 Encoding ModuU and Angle of Curve Points 57 

5.3 Encoding Low Resolution LL Image 63 

6. EXPERIMENTS AND RESULTS 67 

6.1 Compression Obtained by Curve Encoding 67 

6.2 Comparison with JPEG and Wavelet Coding 69 

6.3 Artifacts of MER 74 

7. CONCLUSIONS AND FUTURE WORK 76 

REFERENCES 79 

APPENDIX 81 

IV 



ABSTRACT 

Infrared technology has found many exciting and useful applications in the fields 

ranging from surveillance to astronomy. Therefore the volume of IR data being collected 

is increasing rapidly. Thus, there is a strong interest in developing image encoding and 

compression algorithms, specifically for infrared images. 

Most compression schemes have been developed for photographic images, and 

very little study exists on IR image coding. These may not be optimized or even 

appropriate for Infrared data, because they do not take into consideration the peculiar 

characteristics of infrared images. 

For this purpose, we study a compression scheme based on edge detection and 

noise reduction within the wavelet framework. We begin by analyzing the effectiveness 

of wavelet based multi-scale edge scheme proposed by Mallat and Zhong [1] for 

compression and noise removal, and optimize it to suit the characteristics of infrared 

images. 
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CHAPTER 1 

INTRODUCTION 

1.1 Overview 

Infi-ared technology has found many exciting and usefiil applications in 

astronomy, medical imaging, surveillance, fire fighting and the military. Infrared 

satellites have been used to monitor the Earth's weather, to study vegetation patterns, and 

to study geology and ocean temperatures. In spite of its extensive use, only a little study 

exists of algorithms specifically developed for infrared images. Hence, this thesis 

considers data encoding and decoding algorithms for infrared images. 

IR images posses some special characteristics, which should be considered prior 

to developing any image compression algorithm. These are: 

1. IR images are noisier than photographic images. Noise degrades the quality of 

infrared images and hinders in data compression. 

2. An IR image may contain large smooth regions, which lack fine details, thus there 

exists greater scope of data compression. 

3. Edges in the IR image are blurred. This makes certain tasks such as segmentation 

very difficult. 

These characteristics suggest that for compression of IR images, one should find a way to 

reduce coding bits for pixels in smooth regions while retaining edge information. It 

means that existing encoding/decoding algorithms designed for photographic images are 



not likely to obtain higher compression ratios and yet keep the image quality to an 

acceptable level. 

1.2 Goals of this Research 

We believe that edges represent very important information of an image, although 

they cover only a small part of the entire image. Their perceptual significance is far 

greater than their numerical contribution to an image. Moreover, infrared images contain 

a large number of weak edges, which should be treated differently than needed for other 

kinds of images. One choice is to extract and code all edges with a minimum loss of 

information, so that it is possible to reproduce a good quality image from the compressed 

representation. The wavelet transform method is particularly well suited to characterize 

transient phenomena. Hence, it has been applied to extract edges and to remove noise 

from photographic images. 

Focus of our research is to study and implement multiscale edge compression 

scheme and test its suitability for IR images. Wavelet based image compression scheme 

using multi-scale edges was pioneered by S. Mallat and S. Zhong in [1] and has been 

studied extensively [4]. Motivation behind using multi-scale edge based image 

reconstruction in our research is that it helps to eliminate a variety of noise and extract all 

the important edges from the image. Furthermore, IR images generally contain few 

edges. Therefore, encoding them as an image representation seems quite advantageous to 

achieve reasonable compression. 



1.3 Muhiscale Edge Coding Scheme 

The muhiscale edge coding scheme is applied as follows: 

1. A suitable wavelet transform is applied on the given image repeatedly to obtain a 

multiscale wavelet representation of the image. 

2. Wavelet coefficients are processed to obtain multiscale edge representation. This 

representafion captures all the edges of the image. 

3. Most of the edges represent noise and textured content of the image and do not form 

important features. Long and sharper edges, which represent important features are 

selected using some curve selection criteria and the remaining edges are dropped. 

4. Selected curves are encoded, by coding their pixel positions. The LL band, the lowest 

resolution image obtained for last scale, is coded separately. Encoded edges and LL 

band together represent the compressed image code. 
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1.4 Document Organization 

This thesis comprises of seven chapters. Chapter 1 states the need for developing 

compression algorithm for IR images. It also presents motivation for this research and an 

outline of the thesis. Chapter 2 presents the fundamentals of discrete wavelet transforms. 

It shows how a discrete wavelet transform can be applied to obtain a multiresolution 

decomposifion of images. It also presents the basis for using wavelet coefficients for 

detecting edges of images. Chapter 3 discusses computation of Muhiscale Edge 

Representation (MER); it explains the concept of modulus maxima and describes 

characteristics, advantages and applications of using MER. Chapter 4 gives details of 

curve selection algorithm we developed to extract important edges of the image. It also 

describes effectiveness of different steps of the procedure by presenting a number of 

experimental results on both photographic and infrared image. Chapter 5 presents our 

algorithm for encoding of extracted edges and other data as a representation of the input 

image. Chapter 6 presents the compression results by setting different thresholds for both 

photographic and infrared image. Then, it compares the decompressed images obtained 

using three different methods (a) JPEG: a DCT based image coding [8], (b) GWIC: GNU 

Wavelet Image Codec [6], and (c) MER based image coding studied in this thesis. It also 

shows the various artifacts introduced in the reconstructed image using MER. Chapter 7 

summarizes the weakness of MER and then states possible enhancements to pursue this 

research work flirther. 



CHAPTER 2 

PRELIMINARIES 

During the last decade, a number of signal processing applications have been 

developed using wavelet theory. Some of these applications include analyzing brain 

signals for the detection of Alzheimer's disease [11], analyzing ultrasonic weld inspection 

signals for the detection of cracks in piping of nuclear power plants [12] among many 

others. Data compression is one of the most well known applications of wavelet theory. 

For example, standard for fingerprint image compression standard [9] adopted by FBI, is 

based on this theory. The evolving next-generation image compression standard, dubbed 

JPEG-2000 [10], is also wavelet-based. 

Given a function/(x), the wavelet transform computes its frequency content as a 

function of x. It is different from the fourier transform, that computes the frequency 

content, but it does not give any information regarding the spectral location in the spatial 

domain. The principle of analyzing a function by space as well as spatial frequency is 

better suited for image compression, because images contain areas that exhibit "trends" 

and areas with "anomalies." A trend is an image feature, which involves just a few 

frequencies but it is spread spatially, a typical example is an image area where brightness 

varies gradually. An anomaly is an image feature that involves several frequencies but it 

is localized spatially. An edge is an example of image anomaly. A wavelet transform is a 

method of expressing information in vector subspaces and is used for signal 

representation. The goal is to represent all useful signal features in as compact manner as 



possible. It compresses the bulk of energy of the signal described by the function into few 

transform coefficients while retaining the spatial location of the energy components. 

2.1 Wavelet Transform 

The main idea in the wavelet analysis is to select a scaling function (J)(x) and a 

mother wavelet .•. (x), which are nonzero only over some small interval, and then use it to 

express a given/(x) as the sum. Figure 2.1 shows a typical mother wavelet, which can be 

used to develop a set of basis functions. One common method for deriving such functions 

is to shift the mother wavelet by fixed amount. For example, the function .". (x-k) is a 

shift of.". (x) by k units. Another method is to dilate mother wavelet. For example, .•.(x/2) 

is a dilation of .•. (x) scaled to double the width of.". (x). For discrete mother wavelet.'. 

(x), fimction .•. (2^x-k) denotes a scaled ftinction by a factor of 2̂  and shifted by k 

Figure 2.1 Wavelet function 

Given any continuous function/(x), the objective is to express it as a linear 

combination of the basis function and scaling function as shown in equation below where 

j and k are integers. The constants Ujk are called the wavelet coefficients of the function 



/ (x ) . The process of mapping functions to a set of wavelet coefficients is referred to as 

the wavelet transform. 

fix) c) (x) f aj^,< i^x k) 

The wavelet transform therefore provides an efficient representation of fiinctions, 

which have characteristics similar to those of wavelet basis functions. Decomposition of 

functions in terms of basis functions is, in fact, old news. It has been known that 

continuous functions may be represented by an orthonormal basis of sinusoidal functions 

in what is called a Fourier expansion. The main advantage of wavelet decomposition is 

that the wavelet basis functions are compact, i.e., the basis functions are non-zero only 

over a finite interval. In contrast, the sinusoidal basis functions of the Fourier expansion 

are infinite in extent. Given a fianction/(x), the wavelet transform decomposes it in both 

frequency as well as time domain. 

The compact support of the wavelet basis functions allows the wavelet 

transformation to efficiently represent signals, which have localized features. Many real-

world signals have these features. The efficiency of this representation is important in 

applications such as compression, edge detection, and denoising. The common thread of 

all these applications is that the structured component of a signal is well represented by 

relatively few wavelet basis functions, whereas the unstructured component of the signal 

contributes almost equally to all basis functions in the representation. The structured and 

unstructured parts of the signal should therefore be separated using wavelet transform. 

Another important property of certain wavelet basis is that it can be implemented 

in computationally efficient manner by means of what is called the multiresolution 
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analysis. Just as fast fourier transform algorithms made the fourier transform a practical 

tool for spectral analysis, the multiresolution analysis has made the discrete wavelet 

transform a viable tool for computational time-scale analysis. In the next section we 

discuss application of discrete wavelet transform to image signals. 

2.2 Discrete Wavelet Transform 

Information produced and analyzed in practical situations is discrete. The discrete 

wavelet transform (DWT) was developed to apply the wavelet transform to the digital 

world. In DWT, filters of different cutoff frequencies are used to analyze the signal at 

different scales. The signal is passed through a series of high pass filters to analyze the 

high frequencies, and it is passed through a series of low pass filters to analyze the low 

frequencies. A filter is a linear operation of convolution of the signal with the impulse 

response of the filter. For example, given the filter coefficient h[0],h[l],.. and signal x[ ], 

the convolution operation in discrete time is defined as follows: 

X*/? { h[k].x[n k] 

In DWT, the resolution of the signal, which is a measure of the amount of detail 

information in the signal, is changed by the filtering operations, and the scale is changed 

by upsampling and downsampling (subsampling) operations. In case the signal is not 

downsampled, the scale is changed by extending the filter. Subsampling a signal 

corresponds to reducing the sampling rate, or removing some of the samples of the signal. 

For example, subsampling by two refers to dropping every other sample of the signal, 



upsampling by two refers to adding a new sample, usually a zero, between every two 

samples of the signal. 

A 1-D signal ( or a vector) is decomposed using a high-pass filter and a low-pass 

filter into two subbands. The coefficients of filters are computed using some 

mathematical analysis, which depends on the application. The low-pass filter performs a 

convolution to remove high frequencies from the input signal and leave the low 

fi-equency component unchanged. The high-pass filter does the opposite. Together, they 

separate the input into two frequency bands. Fig. 1(a) shows the basic idea of a two-

channel filter bank; Analysis filters HO and HI decompose the input signal into subbands 

and the synthesis filters FO and Fl reconstruct the original signal. Here ^ and ^ denote 

downsampling and upsampling by 2, respectively, the denotes summation. HO and FO 

denote low-pass and HI and Fl denote high-pass filters. 

Low-Pass I >• 

x(n) 

High-Pass I • 

HO 71 2 

H1 71 2 

Analysis 

v2 FO 

2 - • F1 

Synthesis 

• x(n) 

Figure 2.2 Discrete wavelet transform filter scheme on 1-D signals 
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We demonstrate analysis and synthesis phases by taking a vector of eight 

samples. We use Haar wavelet for illustration as it is the simplest wavelet. Table 2.1 

shows the filter coefficients of Haar transform. 

Table 2.1 Filter coefficients for Haar Transform 

Low Pass Filter HO 

High Pass Filter HI 

Analysis 

HO 

HI 

1 

1/ 2 

1/ 2 

2 

1/ 2 

-1/ 2 

Synthesis 

FO 

Fl 

1 

1/ 2 

1/ 2 

2 

1/ 2 

-1/ 2 

In the analysis step shown in Table 2.2, first we convolve every two adjacent 

samples with the coefficients of low-pass filter (1/ 2, 1/ 2) to obtain eight coefficients, 

and then downsample them to obtain four low-pass coefficients (204, 185,145, 147). We 

do the same using the high-pass fiher (1/ 2,-1/ 2) and obtain the high-pass coefficients. 

(-5, -9, 2, -1). It is worth to note that low-pass coefficients represent normalized averages 

of consecutive pixels, e.g. 208 = 1 / 2 (148+141). Thus, low-pass coefficients give a 

summary of the input signal. The high pass coefficients denote normalized differences 

between two samples, e.g., -5 = 1/ 2 (-148+141). Thus, high-pass coefficients denote 

changes in the input. 

In the synthesis step shown in Table 2.3, first we upsample the four low-pass 

coefficients by inserting 0 between every two samples of the signal to get eight 

coefficients and then we convolve every two adjacent samples with the coefficients of 

low-pass filter (1/ 2, 1/ 2) to obtain eight coefficients. We do the same with high-pass 

11 



coefficients and convolve using high-pass filter (1/ 2, -1 / 2) to obtain eight coefficients. 

Then, we reconstruct the original signal by adding low-pass coefficients with the 

corresponding high pass coefficients. 

Above we described computation of DWT on a 1-D signal input. This is called 

scale 1 decomposition. To compute scale 2 decomposition, we do the same analysis 

filtering on the low pass output of scale 1. If we repeat the computation of Table 2.2 on 

(204, 185, 145, 147), we obtain scale 2 low-pass coefficients (275, 206) and high-pass 

coefficients (-13,1). A scale 2 low-pass coefficients denote the normalized average of 

every four input samples and high-pass coefficients denote difference between averages 

of every two samples. Thus scale 2 coefficients give coarser details of the input than scale 

1 decomposition. We can compute scale 3 decomposition, similarly on the low-pass 

output of scale 2, to obtain even further coarser details of the input. Note that a scale 3 

high-pass coefficients denotes the difference between the average of two consecutive 

groups of four samples each. 

12 



Table 2.2 Illustrating analysis of a 1-D signal using Haar Transform. 

1-D Signal 

Convolution 

Downsampling 

1-D Signal 

Convolution 

Downsampling 

Coefficients 

Low-Pass Filtering 

148 141 137 124 101 104 105 103 148 

204 197 185 159 145 148 147 178 

204 185 145 147 

High-Pass Filtering 

148 141 137 124 101 104 105 103 148 

-5 -3 -9 -16 2 1 -1 32 

-5 -9 2 -1 

Low-Pass Band( Averages) 

204 185 145 147 

High-Pass Band (Differences ) 

-5 -9 2 -1 

Table 2.3 Illustrating synthesis of a ID signal using Haar Transform. 

Coefficients 

Upsampling 

Convolution 

Coefficients 

Upsampling 

Convolution 

ID Signal 

Low-Pass Filtering 

204 185 145 147 

0 204 0 185 0 145 0 147 0 

144.5 144.5 131.5 131.5 102.5 102.5 104.0 104.0 

High-Pass Filtering 

-5 -9 2 -1 

0 - 5 0 - 9 0 2 0 - 1 

3.5 -3.5 6.5 -6.5 -1.5 1.5 1.0 -1.0 

Original Signal( High + Low) 

148 141 137 124 101 104 105 103 

13 



2.3 Wavelet Image Decomposition 

DWT decomposes a 1-D signal into low-pass and high-pass components. 

Following this approach, one can decompose an image of size (M x N) by first applying 

1-D DWT to the rows of the image and then to columns of the filtered rows, or vice 

versa. The scheme for image decomposition is illustrated in Figure 2.3(a). The output of 

the analysis stage consists of a set of four N/2 x M/2 subbands, so called LL (Low low), 

LH (low high), HL (high low), and HH (high high) subbands. The total number of pixels 

in the four subbands together is equal to NM. 

Low Pass 

— • HO 71 2 

H1 7l2 

High Pass 

Row Filtering 

HO 7t 2 LL Low Resolution Image 

>• HI —>• 7T 2 LH Horizontal Detail Image 

HO 

HI 

Til HL Vertical Detail Image 

n 2I HH Diagonal Detail Image 

Colunm Filtering 

Figure 2.3 Discrete wavelet transform scheme on 2-D signals 

We illustrate the above process by applying the Haar wavelet transform on a 8x8 

block of pixels shown in Figure 2.4 (a). It also explains how the coefficients of wavelet 

transform locate the edges in an image. We apply the 1-D Haar transform first on rows 

This divides the image into two halves, the left half showing average image and right half 
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showing the differences see Figure 2.4(b). Next, we apply 1-D to the columns of Figure 

2.4(b) that results in the average image in the top left quadrant and differences in the 

other three quarters. The four bands shown in Figure 2.4(c) displays the different 

geometi-ical alignments of the image; HL subband displays sketches of vertical lines, LH 

subband horizontal lines and HH subband displays diagonal lines present in the image. 

LL subband displays a one quarter version of the input image. Figure 2.4 computes scale 

1 decomposition of the input. 

To show the characteristics of the four subbands, we apply the wavelet 

decomposition on a actual picture which shows a house (Figure 2.5(a)). It contains 

horizontal, vertical and diagonal edges. After scale 1 decomposition, we obtain the four 

subbands as shown in Figure 2.5 (b). We observe that the LL subband shows a coarse 

(low resolution) version of the original image, and HL, LH, and HH subbands show 

vertical, horizontal, and diagonal edges of the image, respectively. To obtain second level 

(scale 2) of wavelet decomposition, we repeat above on the LL subband. Each stage of 

this recursive approach produces a further coarser version of the input image as well as 

three new detail images at the next scale. Figure 2.5(c) shows scale 2 decomposition. It is 

worth noting that scale 2 subband (HL2 and LH2) contain mostly the segments of solid 

(darker) lines of LLl image. Another fact to note is that scale 2 decomposition produce 

subbands of size 1/16 of the original. A repeated apphcation of 2-D DWT decomposes 

input, which can be shown in the form of pyramid with the top layer showing the coarsest 

resolution image. Hence this method is called multiresolution wavelet decomposition. 

15 
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Figure 2.4 Wavelet Decomposition of 8x8 Image, (a) 8x8 Image, (b) Wavelet 
decomposition of rows into two bands, (c) Wavelet decomposition into 4 bands. 
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Figure 2.5 Wavelet Decomposition of House Image, (a) Original House Image, 
(b) Scale 1 decomposition, (c) Scale 2 decomposition. 
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2.4 Multiresolution Decomposition 

Previous section showed that how wavelet transform is used to obtain 

multiresolution decomposition of the input signal. The objective of this thesis is to 

analyze the input signal at different scales. We assume that a suitable mother wavelet .-. 

(x) is used to construct basis wavelets .-. (2-'x-k) at different scales j (dilations) and 

ti-anslated by each unit position k. Figure 2.6 and Figure 2.7 show two examples taken 

fi-om [7], showing a single spike and multiple spikes, where a spike represents a sharp 

variation in the input signal, indicating a presence of edges. We applied the 1-D wavelet 

transform on the input signal to obtain the plot the high pass coefficients for different 

scales. This transform uses a filter, whose coefficients are 0.4830,0.8368, 0.2241, 

-0.12941. We reproduced these examples to show characteristics of multiresolution 

decompositions of signals. This is a pioneer contribution of Mallat and Meyer, which we 

follow in the rest of this thesis. It is easy to see how the wavelet coefficients in different 

scale plots are concentrated at the location of the spike. 

18 
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Figure 2.6 Multiresolution decomposition of 1-D signal with a single spike, (a) 1-D 
signal with a single spike, (b) Wavelet ti-ansform of 1-D signal at multiple scales. 
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Figure 2.7 Multiresolution decomposition of 1-D signal with multiple spikes, (a) ID 
signal with a multiple spikes, (b) Wavelet transform of 1-D signal at multiple scales. 
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CHAPTER 3 

MULTISCALE EDGE REPRESENTATION 

3.1 Wavelet Edge Detection 

This section presents our understanding of how wavelet analysis has been applied 

by Mallat in [1] to detect presence of edges in the image. We limit this consideration to 

1-D signals for sake of simplicity. Given a function/(x), the objective is to determine 

regions, where/(x) changes sharply from the wavelet transform of/(x). Therefore, we 

should start with a suitable scaling function <I)(x) so that convolution of/(x) with 0(x), 

denoted as / * O, and f(x) have the same regions of sharp changes. For this purpose, 

Mallat used a cubic spline ftinction, <I)(x) shown in Figure 3.1 (b) as the scaling function. 

Its first-order derivative, the mother wavelet .".(x), is shown in Figure 3.1 (a). <|)(x) is 

continuously differentiable; its integral is equal to 1, and it converges to 0. 

(a) (b) 

Figure 3.1 Scaling function, (a) Cubic spline function 0(x), 
(b) Derivative of Cubic spline ftinction .-.(x). 
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The convolution of f (x) with <D(x) is defined as 

f*<D = Jf(u)(D(x-u)5u. 

The dilation of 0(x) by a scaling factor s is given by Os (x) = s 0(x/s). The scale 1 

wavelet transform of f(x) is ^^' -̂̂ ^ / * (̂ co) , / ox) ^ * co(/ *) J / OK ^n edge (or a 

spike) is a point of sharp change in f (x) is a point, where concavity changes direction. 

This is called inflection point and it is attained when the first order derivative reaches 

maxima or minima. These points can be found by determining all local extrema of Wis 

(f) or by determining the points where second derivative of f (x) is zero. 

The second derivative can be computed by considering derivative of .-.(x), i.e., 

r / ( / ) f*isOKj0X) f*(sW) J/OK' ^ V ( / * ) J/(OC^ 

In [1], the local extrema are computed from the maxima of absolute value of the first 

derivative of /* Os(x), since maxima of absolute values denote sharp variations and 

minima correspond to slow variations. 

Now, we present above for a 2-D function/(x,y), which denotes an image 

surface. Let <I>(x,y) be a mother wavelet, and .•.'(x,y) = co<I)(x,y) /cox , .•.̂ (x,y)= coO (x,y) 

/coy. Further W's/(x,y) = s(o(f* Os)(x,y)/cox = s (f* <Ds)(x,y). 

W's/(x,y) = s (0{f* Os)(x,y)/coy = s (f* Os)(x,y). 

The/* Os is computed for multiple scales s, because f(x,y) may have different 

smoothing at different scales. The direction of gradient vector (f* Os) at a point (XQ, yo) 

indicates the direction along which the directional derivatives of/'(x,y) has the largest 

absolute value. The edges are located as points where the modulus of gradient vector is 
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maximum. The computation of the maxima and directional angles are discussed in detail 

in the next section. 

3.2 Computation ofMultiscale Edge Representation 

Multiscale edge representation of an image is computed using a 2-D wavelet 

representation of the image. Public domain software called Last Wave [5] was used to 

obtain the multiscale edge representation. It is a signal processing (wavelet oriented) 

software developed by Emmanuel Bacry. It is written in C and it runs on both XI 1/Unix 

and Macintosh platforms. It provides a set of user commands, which can be used to 

display high level object-oriented graphic objects such as buttons, strings, text and some 

complex objects such as signals, images, wavelet transforms, extrema representation etc. 

We studied basic commands and made modifications to the software to produce various 

dumps necessary for our project. These include wavelet representation, modulus maxima 

and angle representation of at first three scales, and the LL image of the input. We also 

made changes for it to read back the modified maxima modulus and angle dumps. We 

used the reconstruction algorithm of the software to reconstruct the image from the 

modified maxima representation. Thus, we used LastWave as the front end of our project. 

Now we describe various steps involved in computation of the multiscale edge 

representation (MER). 

1. Lastwave applies an appropriate wavelet transform on the image/(x,y) to obtain 

wavelet representation at scale one. It produced has four subbands LL, HL, LH and 

HH. These bands are slightly different from the one explained in the previous chapter. 
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that no subsampling is performed on the wavelet coefficients, and therefore all the 

bands of the wavelet transform are of same size as original image. In this respect, 

MER is different from multiresolution representation, where the four bands are one-

fourth the size of the original image. The HH band is discarded from any further 

consideration. The two bands LH and HL denote the two components W's/(x,y) and 

W s/(x,y) of the gradient vector at scale s=l. This step is repeated twice and the 

wavelet transform is applied now on the LL band to obtain the decomposition at scale 

s=2 and s=3. Thus, we obtain three bands LL3, HL3 and LH3 at scale 3, two bands 

LH2 and HL2 at scale 2 and LHl and HLl at scale 1. Note that all bands are of the 

same size. 

2. Lastwave converts LH and HL bands for each scale to obtain an equivalent 

representation. It is stored in the form of two matrices: modulus and angle. The 

modulus Ms/(x,y) and angle As/(x,y) represent the two components of the gradient 

vector at scale s as it computed using the following two equations. 

Modulus ofthe gradient vector MJ{x,y) ^!^\wlf{x,y)\ ^^f{x,y) 

Angle of the gradient vector AJ{x, y) arctan \ J ^ ' t 

3. Lastwave computes the local maxima ofthe moduli ofthe gradient vector along the 

angle at each scale as following. For each pixel, it discretizes the gradient into eight 

directions. Let us represent an angle in the range [-180910 1808] by one of-180e, 

-1350, -909, -459, 09, 450, 909, 1359, which show gradients in the direction of one of 8 

directions. Then it examines the modulus of each pixel in the modulus image and 

24 



compare it with two pixels in the direction specified by discretization. If this pixel is 

strictly greater than one ofthe two neighboring pixels and not smaller than the other 

neighbor, it records the position ofthe pixel (x, y) and the values ofthe modulus M s / 

(x, y) and the angle As/(x, y) at the corresponding locations. Otherwise, it resets 

these two values to 0. This computation results into two matrices, one containing 

local maxima and other containing gradient of these pixels at that scale. At this point, 

we dumped three sets of matrices (M1,A1), (M2,A2) and (M3,A3) denoting MER at 

scales 1, 2, and 3, respectively. 

We illustrate the above computation of modulus maxima following the steps 

described above. We applied Lastwave on a 8x8 block obtained by cropping an infrared 

image around a sharp edge. The block is shown in Figure 3.2(a) and corresponding image 

is shown in Figure 3.2(b). Figure 3.2(c) and Figure 3.2(d) show the HLl and LHl bands 

ofthe wavelet transform applied to Figure 3.2(a). HLl band contains small coefficients 

(the gradient in the vertical direction is small), which indicate that image contains no 

vertical edges. Large coefficients in LH are all in the middle, which indicate presence of 

horizontal edges. Figure 3.3(e) and (f) give the modulus Ml (x, y) and Al (x, y) at scale 

one. We discuss computation of local maxima for two pixels (2,2) and (3,5). A(2,2) is 

1129, which is discretized to 1359. ft means that for local maxima of (2,2), we should 

compare M(2,2) with M(l,l) and M(3,3). Since M(2, 2) is smaller than M(3,3), the local 

maxima at (2,2) is zero. Next A(3,5) is 789, which is discretized to 909. ft denotes 

presence of a large coefficient in LHl and very small coefficient in HLl. This indicates 

presence of horizontal line through that pixel. Hence for local maxima at (3,5), M(3,5) is 
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compared with M(2,4) and M(2,6), the two pixels in vertical direction. M(2,2) is larger 

than both, and hence the local maxima of (3,5) is 42. Figure 3.2(g) gives the matrix of 

local maxima. One is able to recognize presence of a splited horizontal edge in Figure 

3.2(b) from the last two matrices. Pixels of this edge are high lighted in Figure 3.2(a). 

This completes description on computation of local maxima and how it detects edges. 

It is worth noting that all bands computed for MER are obtained without 

performing any downsampling. This step is important to capture location of edges (sharp 

changes) in the band sets computed for different scales. This procedure of DWT is called 

dyadic wavelet transform. Thus, MER is not a pyramid wavelet representation ofthe 

input. 
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Figure 3.2 Example to illustrate computation of Modulus Maxima, (a) 8x8 block of pixels 
of IR image, (b) 8x8 Image cropped from IR image, (c) HL band containing vertical 

edges, (d) LH band containing horizontal edges, (e) Modulus image, (f) Angle Image, (g) 
Modulus Maxima Image, (h) Angle Maxima Image. 
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3.3 Charactersitics of Modulus Maxima 

The modulus maxima can be used to find sharp variations in the grayscale images. 

Sharp changes in graylevel denote either edges or texftire. A texture is generally a cluster 

of small edges. By removing moduli, which are not local maxima, we drop all the edges 

that are insignificant. Note that in most images, there is gradual change in grayscale 

intensity around a significant edge and then there is a sharp change, this sharp change 

corresponds to exact location ofthe edge. Modulus maxima approach helps to identify 

the position of this edge. 

By computation of modulus maxima at different scales, we obtain the so-called 

multiscale edge representation. The wavelet multiscale edge representation constitutes of 

a coarse resolution image, and for each scale ofthe wavelet representation, two detail 

images, one for the modulus maxima, one for the angle. 

Wavelet representation of Lena image at scale one is shown in Figure 3.3. Figure 

3.3(a) is the original Lena image. Figure 3.3(b) shows low-resolution LL image after one 

wavelet analysis step; it therefore exhibits a resolution that is half the original image. 

Figure 3.3(c) shows the HL band containing vertical edges ofthe image like nose, 

hairline etc. Figure 3.3(d) shows the LH band containing horizontal edges ofthe image 

like lips, eyebrows etc. Diagonal edges like shoulder, hat, etc., show up in both HL and 

LH bands. Figure 3.3(e) shows the modulus image and it contains both the vertical and 

horizontal edges. It shows thick white lines due to large number of high coefficients. 

The multiscale representation of Lena image at three levels of decomposition is 

shown in Figure 3.4(a). Modulus maxima images at three different scales contain 
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different kinds of information. Figure 3.4(a) showing the modulus maxima at scale one 

contains all kind of edges and a lot of noise, because we took the difference of every two 

adjacent pixels to obtain the wavelet representation. Figure 3.4(b) showing modulus 

maxima image at scale two is much clean around important edges and detect most ofthe 

edges. Modulus maxima image at scale 3 shown in Figure 3.4(c) captures boundaries of 

some important structures. Similarly, Figure 3.5 and Figure 3.6 show the wavelet 

representation at scale 1 and multiscale representation of IR image, respectively. Since 

infrared image is lot more noisy, the image seems to contain a number of weak edges due 

to the background and some small sharp edges corresponding to bright object of interests. 

Modulus image shown in Figure 3.5(e) captures the sharp edges around bright object of 

interests. They appear in the image as thick white lines due to large number of high 

coefficients around these edges. Modulus maxima at scale 3 shown in Figure 3.6(a) 

contains a lot of small coefficients due to noise in the image. Modulus maxima at scale 3 

shovm in Figure 3.6(c) contains edges corresponding to sharpest variation in grayscale 

intensity. 

3.4 Advantages ofMultiscale Edge Representation 

This multiscale edge representation provides an interesting edge map ofthe image 

and it conveys a lot of information about image content. This representation can be used 

to denoise the image. This representation can be very useful in pattern recognition 

algorithms or classification because it exfracts important image strucftires, and we know 

that classification is often performed using this type of information. From this 
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representation, one can obtain a perceptually perfect reconstruction, that is to say, one 

cannot see the difference between the original image and the reconstructed one. 

Therefore, this representation can also be used in compact image coding. 
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(e) (f) 
Figure 3.3 Wavelet Representation of Lena Image at scale one. (a) Infrared image, (b) LL 
Image, (c) HL band containing vertical edges, (d) LH band containing horizontal edges, 

(e) Modulus image, (f) Angle Image angle turns from 09 (white) to 3600 (black). 
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(a) 

(c) 

(b) 

(d) 

Figure 3.4 Multiscale Edge Representation of Lena Image, (a) Modulus Maxima Image at 
scale 1, (b) Modulus Maxima Image at scale 2, (c) Modulus Maxima Image at scale 3, (d) 

Low Resolution Image (LL). Images shown in (a), (b) and (c) are bi-level (non-zero 
coefficient is white pixel and zero is black pixel). 
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(e) (f) 
Figure 3.5 Wavelet Representation of IR Image at scale 1. (a) Infrared image, (b) LL 

Image (c) HL band containing vertical edges, (d) LH band containing horizontal edges, 
(e) Modulus image, (f) Angle Image angle turns from 00 (white) to 3600 (black). 
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Figure 3.6 Multiscale Edge Representation of IR Image, (a) Modulus Maxima Image at 
scale 1, (b) Modulus Maxima Image at scale 2, (c) Modulus Maxima Image at scale 3, (d) 

Low Resolution Image (LL). Images shown in (a), (b) and (c) are bi-level (non-zero 
coefficient is white pixel and zero is black pixel). 
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CHAPTER 4 

EDGE EXTRACTION FROM MULTISCALE 

REPRESENTATION 

Multiscale edge representation contains a lot of information. As outlined in the 

previous chapter, this representation comprises ofthe modulus maxima computed at 

different scales. Coefficients of modulus maxima with a large value denote sharp 

variations in the image intensity. Sharp changes are often not isolated and outline position 

of curves in the image plane. Along a curve, the image intensity can be singular in one 

direction and vary in the perpendicular direction. It is evident from the modulus maxima 

images that such curves are more meaningful than edge points by themselves, because 

they generally show boundaries ofthe image structures. Since boundaries provide 

meaningful information for an image, extraction of this information is an important 

problem. There are many types of sharp changes in an image. For example, edges created 

by occlusions, shadows, highlights, roofs, textures, or noise have different intensity 

profiles. The purpose of this chapter is to describe information contained in modulus 

maxima images computed at first three scales and isolate different types of edges to 

obtain an edge map of an image. 

4.1 Properties of Modulus Maxima 

Scale 1 denotes wavelet decomposition of first level and gives summary of every 

two consecutive pixels (if Haar wavelet is used). Scale 2 denotes next level 
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decomposition and give summary of every 4 consecutive pixels. In practice, since 

multipoint filter is used for wavelet transform, scale 1, in fact, gives summary of a small 

number of consecutive pixels. Modulus maxima coefficients with a large value denote 

sharp variations in the image intensity. Therefore, coefficients with a large value 

correspond to edges of important image structures whereas small coefficients correspond 

to weak edges or texture. Figure 4.1 (a), (b), (c) shows the histogram ofthe modulus 

maxima coefficients at scales 1, 2, and 3, respectively. The histogram of scale 1 shows 

that practically all modulus maxima coefficients are very small. These coefficients 

essentially represent noise in the image, since each coefficient shows a very local change, 

which is very small. Hence, scale 1 modulus maxima essentially contain no information 

of interest. The histogram of scale 2 modulus maxima coefficients show that this map 

also contain a large number of small coefficients, but their count is relatively smaller than 

in scale 2. This shows that scale 2 modulus maxima is much more suitable in extracting 

edges ofthe given image. Further, scale 2 coefficients do not represent noise. If they are 

clustered, such coefficients denote texture. The histogram of scale 3 shows that there are 

few small coefficients and percentage of larger coefficients is higher. The modulus 

maxima map at scale 3 shows more distinct edges in the image and finer texture are 

eliminated. 
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(a) Histogram for Modulus Maxima Coefficients at scale 1 
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(b) Histogram for Modulus Maxima Coefficients at scale 2 

Figure 4.1 Histogram for Modulus Maxima Coefficients 
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Figure 4.1 continued (c) Histogram for Modulus Maxima Coefficients at scale 3 

4.2 Curve Building 

This section describes how we can chain together coefficients of modulus maxima 

to build curves, which correspond to noticeable edges ofthe given image. This 

coefficient selection is performed at the scale 2, because at the finer scale 1, coefficients 

are greatly clustered due to high frequency noises. We coded an algorithm in C to 

identify coefficients, which constitute the important curves from modulus maxima image 

at scale 2. We read in modulus maxima and angle dumps obtained from Lastwave at scale 

2. The process of curve selection is realized in the following three steps. 

4.2.1 Modulus Maxima Thresholding 

This is the step 1 in the curve building process. We saw that most ofthe 

coefficients are small and they represent either very fine texture or noise in the image; 
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therefore, we drop all the coefficients below a certain threshold. This eliminates most of 

the coefficients from ftirther processing. This threshold was determined for 8-bit 

grayscale images by conducting some experiments. Figure 4.3(a) and Figure 4.3(b) show 

the modulus maxima image before and after thresholding, respectively; the value of this 

threshold for this image is 5. Thresholded image contains only those coefficients that 

denote sharper edges of Lena. This shows that thresholding is very important for our edge 

exfraction. 

4.2.2 Curve Selection 

This is the step 2 in the curve building process. We build curves by linking 

together points ofthe thresholded maxima maps, which have similar modulus and 

arguments. The points are linked keeping the following observation in mind. In natural 

images, feature boundaries change direction gradually and they are generally long. On the 

other hand, noise and fine texture lead to formation of very small and incohesive edges. 

These edges change directions sharply. Therefore, we extract longer curves. Further, if a 

curve changes sharply, we prefer to terminate the current curve and start a new curve. As 

described later, it helps reduce search space. 

We scan the scale 2 modulus maxima map from top and pick the first point 

(coefficient), not yet on any curve and then explore its neighbor to determine the next 

point to link. First we consider the immediate neighbors, and then we consider extended 

neighborhood, i.e., if there is no coefficient with similar modulus in the eight surrounding 

pixels, we look into next 16 points, which are one pixel away to find the next point to 
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join. Connecting to a point, that is one or two pixels away, helps to fill gaps in the curves 

and thus reduces the number of curves of smaller length. 

Initially, when a new curve is started, we scan from top and hence we need to 

look into only 4 neighbors as shown in Figure 4.2(a) to see if any one of them satisfies 

the following conditions. 

1. Difference between the modulus ofthe current pixel and 4 neighbors is less than the a 

pre-chosen difference threshold, and 

2. Difference between the angles of these pixels is less than 300. 

If more than one neighboring pixels satisfy these conditions, we choose the one with the 

minimum difference. We then proceed by looking into only 3 neighbors numbered 1, 2 

and 3, and do not consider neighbors 4, 5, 6 and 7 connected by dotted arrows, of this 

new point as shown in Figure 4.2(b). 

The reason that we consider just 3 and not 7 neighbors to find the next point is to 

limit the change in direction of curve. We make this point clear, let A, B, and C denote 

the previous point, current point and the possible next point on a curve respectively. Then 

the angle formed at point B should be 1350, 1800, or 2250, i.e., extracted curves do not 

bend by 900 or less at any point. It ensures that we do not extend the curve and add points 

that are present due to noise. If no such point C exists, we terminate the curve. This 

restriction does not increase the number of curves in photographic images. 

If we do not find any neighbor satisfying the above two conditions, then we 

examine the 7 extended neighbors of this point shown in Figure 4.2(c). If still we do not 

find any point, we end the curve and scan the image with the next coefficient as the start 
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ofthe next curve. This processing leaves the isolated points that are not part of any ofthe 

selected curves. 
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Figure 4.2 Neighborhood for Curve Building, (a) Starting point ofthe curve, 
(b) Any other point on the curve, (c) Extended neighborhood for a point on the curve. 

4.2.3 Curve Thresholding 

The previous step of curve building will always connect points, which are due to 

noise or fine textures. This adds a number of some very small and weak curves. In IR 

images, there are usually few small but sharp curves produced by bright objects of 

interest and a lot of long and weak curves produced by the boundaries ofthe features in 

the background. So if we just use length threshold alone to remove curves we will lose 
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fine texftire and also curves due to small bright objects. Therefore, we use a combination 

of length threshold and average modulus along the curve to drop small and weak curves. 

Again, we determined this threshold by experiments. 

We present the effectiveness of curve selection algorithm on two images; 

photographic and infrared. Figure 4.3 shows Lena image at various stages of curve 

selection process. Figure 4.3(a) is the bi-level (all nonzero coefficient are white pixels) 

modulus maxima image at scale 2. Figure 4.3(b) shows the same image after removal of 

the small coefficients. Figure 4.3(c) shows all curves selected by the algorithm of section 

4.2.2. The difference between Figure 4.3 (b) and Figure 4.3 (c) is small; the isolated 

points are not retained. Figure 4.3 (d) shows the surviving curves after curve thresholding 

i.e., after all small curves are removed. In photographic images, edges produced by fine 

details like eye of Lena image produce small and weak curves. Figure 4.3 (d) shows these 

curves get eliminated at curve thresholding using length threshold of 10 and average 

modulus threshold of 10. Similarly, Figure 4.4 shows IR image at various stages of curve 

selection process. Figure 4.4(d) shows that small and sharp curves around the man 

survive even after curve thresholding using length threshold of 15 and average modulus 

threshold of 15. 
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(a) (b) 

(c) (d) 

Figure 4.3 Curve Selection on Lena image, (a) Modulus Maxima image at scale 2, (b) 
Thresholded Modulus Maxima image (coefficient threshold = 5), (c) Selected curves 
image (difference threshold =10), (d) Curve thresholded image (length and average 

modulus threshold =15-15). Images shown here are all bi-level (non-zero coefficient is 
white pixel and zero is black pixel). 
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(c) (d) 

Figure 4.4 Curve Selection on IR image, (a) Modulus Maxima image at scale 2, (b) 
Thresholded Modulus Maxima image, (c) Selected curves image (difference threshold 

=10), (d) Curve thresholded image (length and average modulus threshold =15-15). 
Images shown here are all bi-level (non-zero coefficient is white pixel and zero is black 

pixel). 
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4.3 Significance of Curve Building Thresholds 

Curve selection algorithm requires us to choose four thresholds, namely 

coefficient, difference, length and average modulus along the curve as parameters. 

Coefficient threshold is needed to discard the very small edge points, which are formed 

due to noise and fine texture in the image. Figure 4.3(b) shows that a suitable coefficient 

thresholding is absolutely necessary and that thresholding turns most ofthe coefficients 

to zero. The feather area still contains a lot of small curves, because some coefficients are 

above threshold. 

The difference threshold is needed to join points in order to build curves. Increase 

in the difference threshold results in longer but fewer curves. Figure 4.5 shows the 

histogram ofthe curve lengths at two different difference thresholds. Figure 4.5(a) shows 

that there are large number of curves of small lengths and Figure 4.5(b) shows that there 

are few small curves and greater number of longer curves. 

The last two thresholds are needed to remove very small and weak edges. The 

increase in the length and modulus thresholds reduces the number of curves and therefore 

total points. These two thresholds are most important and they should be chosen with 

care. The number of curves obtained by our algorithm depends on these four thresholds. 

Table 4.1 shows the effect ofthe last two thresholds, i.e., length and average modulus 

used by curve selection algorithm. It shows the number of curves selected by our 

algorithm and number of coefficients retained in the scale 2 of modulus maxima for 

different combinations ofthe two thresholds. We have fixed the coefficient threshold as 5 
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and difference threshold as 10. The next chapter states the significance of these statistics 

when we discuss our coding algorithms. 
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Figure 4.5 Histogram for Curve Lengths, (a) Difference threshold 5, 
(b) Difference threshold 10. 
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Table 4.1 Curves obtained at different thresholds 

Image 

LENA 
(512x512) 

IR 
(256x256) 

Coefficient 
Threshold 

5 

5 

5 

5 

5 

5 

5 

5 

5 

5 

5 

5 

5 

5 

5 

5 

5 

5 

5 

5 

5 

5 

5 

5 

Difference 
Threshold 

10 

10 

10 

10 

10 

10 

10 

10 

10 

10 

10 
10 

10 

10 

10 

10 

10 

10 

10 

10 

10 

10 

10 

10 

Length-Average 
Modulus 

Threshold 
5-5 

5-10 
5-15 

10-10 

10-15 

10-20 

15-10 

15-15 

15-20 

20-10 

20-15 

20-20 
5-5 

5-10 

5-15 

10-10 
10-15 

10-20 

15-10 

15-15 
15-20 

20-10 

20-15 

20-20 

No of 
curves 

794 

703 

662 

581 

457 

414 

535 

360 

292 

513 

322 

237 

205 

184 

181 

149 

132 

124 

131 

106 

96 

118 

84 

68 

Total Points 

13539 

13175 

13011 

12367 

11654 

11401 

11828 

10504 

9955 

11460 

9876 

9046 

3326 

3242 

3230 

3021 

2920 

2874 

2817 

2626 

2555 

2604 

2260 

2091 
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4.4 Image Reconstruction from Multiscale Edges 

It was stated in [1] that one can reconstruct a perceptually very accurate image so 

that it is difficult to identify any differences between the original image and the 

reconstructed one from the multiscale edge representation. The ability to reconstruct 

images from muhiscale edge representation is important for signal processing. One can 

use the reconstiiicted images to process many edge-based algorithm. This approach can 

also be used to remove noise from the images. We made some changes in LastWave [5] 

software for it to read back the modified maxima modulus and angle dumps. We used the 

reconstruction algorithm ofthe software to reconstruct the image from the modified 

maxima representation. 

We demonstrate this capability by showing reconstructed Lena image from the 

output of curve building algorithm at different stages. Figure 4.6(a) gives the initial 

modulus maxima image at scale 2. Figure 4.6(b) shows the reconstructed Lena image 

from this map. This image was recreated without any processing of multiscale 

representation. In this process, only data thrown away are the HH bands computed at 

different scales. Figure 4.6(b) is very close to the original image and reconstruction errors 

are below our visual sensitivity, even though HH data was not used. Figure 4.6(c) shows 

modulus maxima at scale 2 after curve building. Figure 4.6(d) shows the reconstructed 

Lena image from selected curves. It retains all the features and loses all the texture on the 

hat and the face is somewhat less sharp. Figure 4.6(e) shows modulus maxima at scale 2 

after removal of small edges. Figure 4.6(f) shows the reconstructed Lena image from 

thresholded curves. Due to loss of small edges, one can see distortion around eyes and 
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nose, as well as there is distortion in feather area, but reconstructed image still contains 

all features clearly. 

In Figure 4.7, we show the reconstruction of IR image from the output of curve 

building algorithm at different stages. Figure 4.7 (a) gives the initial modulus maxima 

image at scale 2. Figure 4.7 (b) shows the reconstructed IR image from this map. Since 

modulus maxima contain all the edges, reconstructed image appears to be identical to the 

original image. Figure 4.7 (c) shows modulus maxima at scale 2 after curve building. 

Figure 4.7 (d) shows the reconstructed IR image from selected curves. It retains all the 

features without any noise. Figure 4.7 (e) shows modulus maxima at scale 2 after curve 

thresholding. Figure 4.7 (f) shows the reconstructed IR image from thresholded curves. It 

retains the bright object like man but shows some distortion around the weak edges lost 

around the tires ofthe car. 

49 



(a) (b) 

(c) (d) 

(e) (f) 
Figure 4.6 Reconstruction of Lena Image, (a) Modulus Maxima, (b) Reconstructed Image 

using modulus maxima, (c) Selected Curves, (d) Reconstructed Image from curves, (e) 
Thresholded Curves (Threshold =10), (f) Reconstructed Image from thresholded curves. 
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(e) (f) 
Figure 4.7 Reconstruction of IR Image, (a) Modulus Maxima, (b) Reconstructed Image 
using modulus maxima, (c) Selected Curves, (d) Reconstructed Image from curves, (e) 

Thresholded Curves (Threshold =15), (f) Reconstructed Image from thresholded curves. 
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CHAPTER 5 

MULTISCALE EDGE CODING SCHEME 

The multiscale edge representation can be used as the basis for coding an image. 

We have to encode a set of information to store an image given its multiscale edge 

representation. Recall from Chapter 4, for each scale, we compute first modulus maxima 

and angles of all coefficients, and then from the modulus maxima, we extract important 

curves. Thus, for each scale, we need to encode curves, i.e., coordinate ofthe points of 

curves. Further, we need to code modulus and angles of points of curves. In addition, we 

have to encode a coarse resolution image, which denotes the top-level low pass image. 

Experiments show that it is sufficient to encode first three scales. 

Multiscale edge representation contains a lot of data. In order to obtain high 

compression ratios, we should trim curve points without losing significant image data. 

This was the purpose of curve thresholding step in curve building algorithm discussed in 

Chapter 4. We also showed that we could obtain a good quality reconstructed image from 

these curves. So it is necessary to efficiently encode the information contained in the 

surviving curves. This requires coding the position, modulus value, and the angle value of 

each modulus coefficient along the curves at the scales 1, 2, and 3. Experiments show 

that position of important curves obtained from representation of scales 1, 2, and 3 are 

very close. Hence, the geometry ofthe curves is coded only for scale 2. Consequently, we 

need to code angle data for points of curves in scale 2. However, modulus value is coded 
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at all three scales. Thus, for each point on a curve, we need to code its (x, y) coordinate, 

the modulus coefficients ofthe point in three scales, and angle in scale 2. 

A point P of a curve C extracted from scale 2 modulus maxima denotes local 

maxima in scale 2. However, the same point in the scale 1 or 3 modulus maxima need not 

be denoted local maxima. On the other hand, since a curve extracted from scale 2 is likely 

to be very similar to a curve, C , if extracted from scale 1 and 3. Hence the point P' on 

curve C corresponding to P can be computed by finding local maxima in scale 1 or 3, in 

the neighborhood of P. This method is called curve shifting, and it is used to obtain 

modulus maxima of P for scale 1 and 3. To shift a curve, we consider each pixel ofthe 

curve in the scale 2 and for this pixel, we try to determine points that belong to the same 

curve as the pixel we are considering, but in the 2 other scales. To determine these two 

points, we look in the 8 pixel neighborhood ofthe pixel under consideration in the scale 1 

and 3, and find a modulus maximum. If there are multiple candidates, we choose the one 

that has the highest modulus value. Figure 5.1 shows the curve shifting procedure. 
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Figure 5.1 Curve Shifting 

The curve selection algorithm and shifting process are used to produce complete 

information of all the curves. Table 5.1 shows the information stored for one such curve. 

The value of X and Y in the first row gives the coordinates of the starting point, and in 

remaining rows, the same denote increment to x and y coordinates ofthe next point. Ml, 

M2 and M3 denote the modulus value at scale 1, 2, and 3, respectively. The last column 

gives the angle ofthe point on the curve at scale 2. Note that angle belong to range -180 

to 180. The table shows that the typical modulus maxima are smaller for scale 1 and large 

for scale 3. The Table 5.1 presents data for a horizontal edge. 

54 



Table 5.1 Information to be coded for a curve 

X 

60 

0 

0 

0 

0 

0 

-1 

0 

Y 

0 

Ml 

4 

4 

4 

4 

6 

6 

6 

4 

M2 

16 

10 

8 

8 

8 

7 

6 

6 

M3 

22 

22 

19 

16 

14 

13 

13 

13 

ANGLE 

-175 

-174 

-178 

-177 

-168 

-161 

-160 

-175 

To store the multiscale representation of an image, the three different kinds of 

information must be coded. These are (1) points of the curve, (2) moduli and angle of 

these points, and (3) a low-resolution LL image. We discuss a coding method for each of 

them in the following sections. 

5.1 Encoding of Curves 

It is necessary that all curves of an image be coded very accurately, because the 

image quality is very sensitive to their position. Therefore, we must use lossless coding to 

encode the curves. For each curve, we code a number of information: (1) x and y 

coordinate ofthe starting point, (2) the second point ofthe curve by recording one ofthe 

four directions. Figure 4.1(a), (3) changes to (x, y) coordinate for each ofthe remaining 

points on the curve. This information is stored by coding one ofthe three directions as 

shown in Figure 4.1(b), and (4) length ofthe curve. 
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First, we code the x and y coordinate ofthe starting points of all the curves in one 

file. Since we do raster scanning ofthe image to select start ofthe next curve, there is no 

clear relationship in the x coordinate ofthe starting points ofthe curves. However, the 

difference between the y coordinate ofthe starting points of every two successive curves 

is small and it is positive. Hence, we code X and Y coordinates using two different 

methods. We encode the difference between y coordinate and encode the x coordinate as 

it is. Since differences are small and positive, we apply Huffman coding to encode y 

coordinates. X coordinate is coded as fixed size unsigned binary integer. 

Next, we code the direction ofthe second point of curve separately in another file 

by giving the direction to this point. Since there are four possible directions, this 

information is coded as a 2-bit unsigned binary integer. 

Next, we code the direction ofthe next point on the curve from the current point. 

Since there are only 3 choices for the directions and curve generally maintain the same 

direction, we represent this information as a string of characters, a, b, and c and then use 

LZW algorithm to compress this file. There are good chances of strings of same 

characters repeating often, because probability of going in the same direction is greater 

than changing the direction. Hence LZW produces further compression. The fourth piece 

of information on curve, the length (or the number of pixels) is coded as a 8-bit number. 

If a curve is longer than 256 points, it is broken into multiple curves. Thus, the coding of 

curves produces 4 output files. 
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5.2 Encoding Moduli and Angle of Curve Points 

Moduli and angles of points on the curves can be encoded with loss, since a littie 

change in pixel intensity is not easily noticeable. Since we exfract a curve by linking the 

points tiiat have a similar moduli and angles, it is appropriate to represent moduli of all 

points of a curve by the average of all points, i.e., we need not code modulus of points 

individually. The same can be tried to code angle of all points. To test this approach we 

reconstiiicted the image first by modulus averaging alone, keeping angles of all points. 

The reconsti^cted image from average modulus values did not have much visible 

distortion in the image. But the image reconstructed from replacing the angle of every 

point by the average ofthe whole curve contained severe distortion at places, especially 

where the curves are long and the angle of curve changes quickly. This fact can be easily 

understood by considering a curve, which is a complete circle. Since a circular curve 

angle varies smoothly from -1800 to 1809, replacing the angle of each point by the 

average value of zero, should naturally result in distortion. Figure 5.2(a) and (b) show a 

reconstructed image containing circles by replacing moduli and angles by average 

modulus and angle respectively. In Figure 5.2(b), since all the curves are circular, the 

image is very distorted. Therefore, we conclude that we cannot represent the angle of all 

points of curve by single average angle. 

One choice is to divide a curve into some curves, so that change in the angle of all 

points of a segment is limited. First, we replace angle of each point on the curve with an 

average of angles of 5 points on the curve, two above it and two below it and the point 

itself This could be thought of as smoothing of angle so that we do not break a curve if 
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there is a sudden change in angle due to noise in the image. Then we scan a curve and 

keep adding the change in angle, which is the difference of average angle of current point 

with the previous point, to record the sum of differences in the angle. If the change in 

angle changes sign, we make the sum of differences in angle to zero. If at any point this 

sum is greater than threshold, we conclude that there has been an enough change in the 

angle and we break the curve. Segmentation of curves result in greater number of curves, 

hence increase in code size, but the total number of points remains the same. The extra 

information that is to be coded for any additional curve is the starting point (x and y 

coordinate) and the curve length. 

Figure 5.2(c) and (d) show the reconstructed circle image following the above 

approach where some curves may be divided into multiple segments. In Figure 5.2(c) 

moduli of all points is shown by a single average. In Figure 5.2(d) the average of all 

points of a segment is coded by the average. Quality of reconstructed image is improved 

far better in (c) over (b) and (d). We show the effect of curve segmentation on two more 

test images. Figure 5.3(a) the reconstructed Lena image, where a curve represented by a 

average modulus has very little distortion seen in the form of some small white marks on 

some long edges like shoulder. In Figure 5.3(b), the reconstructed Lena image where 

angle of a curve is represented by average angle has distortion around the eye. It is due to 

some circular curves around the eyes. Figure 5.3(c) and (d) shows the reconstructed Lena 

image obtained using the segmented curves and they look much better. Figure 5.4(a) 

reconstructed Bird image using average modulus has very little distorted in the form of 

white mark below the beak. Figure 5.4(b) reconstructed Bird image using average angle 
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value has distortion around the eye due to some circular curves around the eyes. Also due 

to some long streaks with changing curvature, it gets distorted. Segmentation ofthe 

curves removes distortion around the edges to a greater extent. Figure 5.4(c) and (d) 

shows the reconstructed Bird image obtained using the segmented curves and they look 

much better. 

Above discussion shows that a segment of a curve (or a curve as a whole, if not 

divided into segments) cab be described by a single average modulus and average angle. 

We represent the average modulus as a seven bit positive integer and then quantize it by 4 

and code it using 5 bits. The average angle varies from -1809 to 1809, and it is coded 

using 9 bits. 
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(a) (b) 

(c) (d) 

Figure 5.2 Effect of Segmentation on Circle Image, (a) Reconstructed Image using 
average modulus, (b) Reconstructed Image using average angle, (c) Reconstructed Image 
using average modulus after segmentation, (d) Reconstructed Image using average angle 

after segmentation. 
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(c) (d) 

Figure 5.3 Effect of Segmentation on Lena Image, (a) Reconstructed Image using average 
modulus, (b Reconstructed Image using average angle, (c) Reconstructed Image using 

average modulus after segmentation, (d) Reconstructed Image using average angle after 
segmentation. 
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(a) (b) 

(c) (d) 

Figure 5.4 Effect of Segmentation on Bird Image, (a) Reconstructed Image using average 
modulus, (b) Reconstructed Image using average angle, (c) Reconstructed Image using 
average modulus after segmentation, (d) Reconstructed Image using average angle after 

segmentation. 
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5.3 Encoding Low-Resolution LL Image 

We also code a low-resolution LL Image, which is obtained at the end of a 3-level 

wavelet decomposition ofthe given image. The size of LL is M/8 x N/8 if the original 

image is MxN. We code the LL image by coding the DC of every 8x8 block. The DC is 

represented differentially and the difference is coded using Huffman coding. This method 

is the same as used for DC coding in JPEG baseline algorithm. There is one difference; 

however, the difference is computed with the block above the current block. Like in 

JPEG, we also quantize the DC difference by 8. 

To reconstruct the LL image ( M x N ) from coded data, we follow the JPEG 

decoding method for DC coefficient, but we also do some averaging of DC coefficients 

of each block to remove blocking effect. Figure 5.5(a) shows the LL image obtained from 

3-level decomposition. Figure 5.5(b) shows the reconstructed LL image obtained by 

taking averages of every 8x8 Block of pixels ofthe original LL image. Figure 5.5(c) 

shows reconstiiicted LL image, when quantizer is 8. Figure 5.5(d) shows the same using 

16 as a quantizer. 

Next we present the complete reconstructed image, following multiscale edge 

representation approach, but using each ofthe different LL Images shown in 

Figure 5.5(a) to (d). These are given to show the effect of sub-sampling and quantization 

ofthe LL image on the final reconstructed image. These are given in Figure 5.6. We can 

easily see that Figure 5.6(d) obtained by using 16 as a quantizer has noticeable defects. 

Figure 5.6(c) obtained by using 8 as a quantizer is acceptable. 
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(a) (b) 

(c) (d) 

Figure 5.5 Reconstructed LL Image, (a) Original LL Image, (b) Reconstructed LL Image 
without quantization, (c) Reconstructed LL Image with Quantization (Q = 8), 

(d) Reconstructed LL Image with Quantization (Q = 16). 
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(b) 

(c) (d) 

Figure 5.6 Effect of LL Image Subsampling and Quantization, (a) Reconstructed Image 
using LL Image, (b) Reconstructed Image using sub-sampled LL Image, (c) 

Reconstructed Image using Quantized ( Q = 8 ) LL Image, (d) Reconstructed Image using 
Quantized ( Q = 16 ) LL Image. 
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Table 5.2 summarizes the type of encoding used for different kinds of 

information. It also gives the number of bits required for each sample value. Total Code 

size depends on the number of curves and total points on all the curves. 

Table 5.2 Estimation of bits for different information in the curve (512 x 512) 

Information 

Starting position X Coord (0 to 
511) 

Starting position Y Coord 

Length ofthe curve (0 to 255) 

Starting Direction (4 directions) 

Remaining Direction (3 
directions) 

Average Modulus at 3 scales 

Average Angle at scale 2 (180 to -
180) 

Subsampled LL Image ( 64 x 64) 

Proportional 
To 

No of Curves 

No of Curves 

No of Curves 

No of Curves 

No of Points 

No of 
Curvesx3 

No of Curves 

64x64 

Coding 

Huffman 
Coding 

Huffman 
Coding 

LZW 

Quantization 

Huffman 
Coding 

No of 
Bits/sample 

9 bits 

3 bits(approx) 

8 bits 

2 bits 

1.4bits(approx) 

6 bits 

9 bits 

6 bits 
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CHAPTER 6 

EXPERIMENTS AND RESULTS 

This chapter presents compression results on two types of images, photographic 

and infrared. First, we present the results on the coding scheme discussed in the chapter 5 

and give tiie compression ratio of reconstructed images for different setting of thresholds. 

Then, we compare the quality of reconstructed images obtained using the multiscale edge 

coding scheme (MER) with the images compressed using JPEG [8] and general wavelet 

image coding (GWIC) [6] algorithm for different compression ratios. 

6.1 Compression Obtained from Curve Encoding 

The curve building method described in chapter 4 depends heavily on four 

parameters: the coefficient threshold, difference threshold, length and average modulus 

threshold. Among them, the last two thresholds play greater role in deciding what curves 

are retained and if we discard more curves the image quality degrades noticeably. These 

thresholds control the code size ofthe compressed image. We provide results for 3 

images: Lena (photographic) and Mancar and People (infrared). We show the code size 

for three different settings of last two thresholds. First, we provide the number of curves 

and the % of total points ofthe curves. Next, we provide code size of each component of 

the multiscale representation ofthe images. The maximum compression for these settings 

is 49. Results are given in Table 6.1. Table shows that the code size ofthe locations 

(directions) of points of curves, contributes the maximum to the total image code size. 
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One reason is that this information is coded losslessly. Next big contributor to the code 

size is the LL image. Modulus coefficients are the third largest contributor to the code 

size, ft is worth noting that MER only retains between 3 to 5% of coefficients. 

Table 6.1 Compression obtained from curve encoding 

Length-average 
modulus threshold 

No Of curves 

Points (% of total 
pixels in image 

Direction 
( % of code size) 
Start Direction 

( % of code size) 
Starting Point X 
(% of code size) 

Starting Point 
(% of code size) 
Length of curves 
(% of code size) 
Modulus 3 scales 
( % of code size) 

Angle scale 2 
(% of code size) 

LL Image 
( % of code size) 

Code size (bytes) 

Compression Ratio 

LENA (512x512) 

10-10 

686 

4.72% 

28% 

2% 

10% 

3% 

9% 

16% 

10% 

22% 

7948 

33 

15-15 

465 

3.80% 

30% 

2% 

8% 

3% 

7% 

14% 

8% 

28% 

6340 

41 

20-20 

338 

3.45% 

31% 

2% 

7% 

2% 

6% 

12% 

7% 

33% 

5345 

49 

MANCAR (256 x 256) 

10-10 

166 

4.61% 

26% 

2% 

8% 

3% 

8% 

15% 

9% 

29% 

2089 

31 

15-15 

123 

3.80% 

27% 

2% 

7% 

3% 

7% 

13% 

8% 

34% 

1775 

37 

20-20 

83 

3.19% 

26% 

1% 

6% 

2% 

6% 

11% 

6% 

42% 

1453 

45 

PEOPLE (256x256) 

10-10 

236 

4.61% 

22% 

2% 

10% 

4% 

10% 

18% 

11% 

24% 

2479 

26 

15-15 

181 

3.85% 

22% 

2% 

9% 

3% 

9% 

16% 

10% 

29% 

2078 

32 

20-20 

149 

3.32% 

21% 

2% 

8% 

3% 

8% 

15% 

9% 

33% 

1835 

36 
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6.2 Comparison with JPEG and Wavelet Coding 

Now, we compare the reconstructed image obtained by the multiscale edge coding 

scheme (MER) with that from JPEG [8] and GWIC (GNU Wavelet Image Codec) [6] for 

different compression ratios. 

JPEG is lossy image compression algorithm. It divides the image into 8x8 pixel 

blocks and then applies DCT on each block. Coefficients of each block are quantized and 

then enfropy encoded. GWIC [6] is also a lossy image compression algorithm designed 

for compression of photographic images. GWIC transforms an image into octave band 

composition using a wavelet transform. Resulting coefficient bands are scanned by bit-

planes, and coded using an arithmetic coder. 

Figure 6.1 shows the reconstructed image of Lena compressed at moderate and 

high compression ratio of 33 and 49 using each ofthe three coding methods, JPEG, 

GWIC and MER. MER outperforms the JPEG at both compression ratios. Reconstructed 

image using MER has a little distortion around the right eye even at lower compression 

ratio because MER is not able to retain small edges around the eye, although we used 

small thresholds. Since Lena image does not have a lot of small edges, MER performs 

well even at higher compression ratio, except for some little distortion around the eyes. 

GWIC works well on photographic images and it therefore outperforms the MER at both 

compression ratios. 

Figure 6.2 shows decompressed Mancar image decompressed at the compression 

ratio of 31 and 45 using the three coding methods, JPEG, GWIC and MER. Again, MER 

outperforms JPEG at both compression ratio. Mancar image using MER at the lower 
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compression ratio is comparable to GWIC. As we move to higher compression ratios, 

reconstiiicted image using MER shows more distortion around some small and weak 

edges but edges around object of interests like man and cars are distinctly retained. At a 

high compression ratio, GWIC causes blurring of some weak edges along the curb. 

Figure 6.3 shows the compressed People image at the compression ratios of 26 

and 36. People image contains long and but weak edges. Again, MER outperforms JPEG 

at both compression ratios. Reconstructed People image using MER at low compression 

is comparable to GWIC. At high compression GWIC causes blurring of some weak 

edges, whereas MER retains all the edges clearly. 

To summarize, JPEG is inferior to both MER and GWIC at high compression 

ratios. JPEG causes blocking artifacts, which are clearly visible in all the images. GWIC 

performs the best on photographic images. GWIC performs well on infrared images at 

lower compression ratio, but it causes blurring of weaker edges at high compression. 

MER captures small and sharp edges as well as long and weak edges but it completely 

removes small and weak edges in the photographic images causing distortion around 

them. For infrared images, MER performs comparable to GWIC at lower compression 

ratio. MER performs better than GWIC for higher compression in the sense that it retains 

most ofthe edges ofthe image. It retains all the bright objects even if they are small. 
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Figure 6.1 Compressed Lena Image. Left column shows compressed images using JPEG, 
GWIC and MER from top to bottom at 33:1 compression. 

49:1 compression in the right column. 
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Figure 6.2 Compressed Mancar Image. Left colunm shows compressed images using 
JPEG, GWIC and MER from top to bottom at 31:1 compression. 

45:1 compression in the right column. 
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Figure 6.3 Compressed People Image. Left colunm shows compressed images using 
JPEG, GWIC and MER from top to bottom 26:1 compression. 

36:1 compression in the right column. 
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6.3 Artifacts of MER 

Artifacts present in reconstructed images using multiscale edge coding scheme are 

due to three reasons: (1) curve thresholding, (2) averaging of angle along the curve 

during encoding, and (3) LL image quantization. 

During curve thresholding we completely throw away the edges that are small and 

weak. Figure 6.4(a) and Figure 6.4(b) show the selected curves before and after 

thresholding respectively for Mancar image. We have deliberately chosen very high 

curve thresholds (20-20) to remove most ofthe edges. Figure 6.4(c) is the difference 

image of Figure 6.4(a) and Figure 6.4(b) and shows the edges that were discarded. Figure 

6.4(d) is the reconstructed image from the edges in Figure 6.4(b). Reconstructed image in 

Figure 6.4(d) lacks the edges around the tires ofthe car, bonnet ofthe car and shoulder of 

the man. 

We can see the effect of angle averaging along the curve for this image in the left-

bottom-most image in Figure 6.2. Arched doorway, which is a long circular curve 

appears to be distorted at the top. Head ofthe man is also a circular curve but since it is 

small and circular, and curves belong to the objects of interest, we code it differently by 

doing more segmentation. We have retained it without any distortion. 

There are two artifacts due to the quantization ofthe LL image. The reconstructed 

image contains few vertical lines on the road and the man appears to be a littie darker 

than in the original image. Since the bright objects in the infrared image do not just 

contain one graylevel but varying graylevels. Subsampling and quantization of LL image 

leads to averaging of graylevels, and thus decreases the overall graylevel. 
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Figure 6.4 Artifacts of MER. (a) Selected curves image, (b) Curve thresholded image 
(length and average modulus threshold =20-20), (c) Difference image of (a) and (b), (d) 
Reconstructed image from (b) using MER. Images shown in (a), (b) and (c) are all bi-

level (non-zero coefficient is white pixel and zero is black pixel). 
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CHAPTER 7 

CONCLUSIONS AND FUTURE WORK 

In this thesis, we studied the wavelet multiscale edge representation (MER) for 

compression of infrared images. The key characteristics of MER method is that image is 

constructed by capttiring all the important edges. Hence, this method can be used for 

object recognition and fracking. 

We concentrated on how this representation can be used to compress and code an 

image. We developed a complete coding algorithm, which can be used to achieve a 

compression ratio up to 50. We applied this technique first on photographic images, since 

they contain a variety of information such as texture and fine details. We noticed that this 

technique removed most ofthe texture from the image easily. If this method is applied to 

achieve high compression, it distorts some fine details because it removes small and weak 

edges. Our coding method does not consider context of edges. However it does retain all 

long and sharp edges accurately even at high compression. Thus, to achieve high 

compression we sacrifice small and weak edges only. Since texture and fine details are 

due to small edges, these details are omitted first. For photographic images this technique 

does not perform well as compared to general wavelet coding (GWIC) [6], which is able 

to retain texture and fine details information more even at high compression. 

We applied MER technique to test its effectiveness on infrared images. Since an 

infrared image contains relatively more noise and has little texture or fine details, this 

technique shows a lot of promise. Most objects of interest in infrared images are small. 
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and bright compared to surroundings and therefore possess small and sharp edges. It may 

also have some big and not so bright objects in the background, which may produce long 

and weak edges. So we need to choose the curve selection thresholds in such a way that 

we retain small and sharp edges as well as long and weak edges. We use two thresholds, 

curve length and curve average modulus to retain those curves, which have length greater 

than the length threshold and have average modulus greater than average modulus 

threshold. 

MER refines the weak edges of infrared image and GWIC causes further 

distortion of these weak edges. MER causes distortion of small edges in the background. 

At low compression ratios, we can retain all edges and reconstruct a good quality images 

with distinct edges, difficult to achieve by using GWIC. 

We now summarize our evaluation of MER method for image coding and its 

implementation described in previous chapters. As shown in previous chapter, MER is 

not appropriate for coding of photographic images, which contain lots of details. The 

technique may be used for coding of special images, which have fewer details, i.e., 

contain few objects which have confrast in their surroundings such as IR images. 

The reason that MER method does not perform as well as GWIC is that we did 

not develop an adaptive method for selecting edges, which should be coded. Note that we 

have a very simple method of quantization of wavelet coefficients, which is as follows: 

(a) Wavelet coefficients which correspond to pixels not on any selected curves are totally 

truncated, (b) Wavelet coefficients corresponding to pixels of a selected curve or a 

segment of a curve are all represented by the same average, i.e., there is uniform loss, (c) 
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We manipulate the magniftide and angle components of gradient vectors together, i.e., 

given a pixel (x, y), we manipulate df/dx and 5f/5y together and not separately, as it is 

done in other transform methods. For edges, which are not aligned in horizontal or 

vertical directions, this step creates distortion. This should help us to recognize the 

reasons for GWIC to perform better on photographic images. Another reason for our 

implementation to not perform so well is that we do not select thresholds adaptively, i.e., 

the same set of thresholds are used for all points on the curves. 

We did not apply this technique on wide variety of IR images due to lack of 

availability of proper images. Therefore, future work could involve applying this 

technique on a wide variety of IR images to determine the precise thresholds at curve 

building and curve thresholding stage. We have used the Mallat's spline quadratic filters 

[1]. One can try using different set of filters, which can be more suitable for infrared 

images. We obtained edge map at scale 2. Similarly, edge maps could be obtained at 

higher scales and could be used for pattern recognition purposes. We divide the curves 

into segments for many reasons, and therefore we end up with more curves than 

necessary. Joining them to obtain longer and continuous curves can help reduce code size 

further. We did not use the information contained at scale 3 and higher for curve building 

and curve selection. One could use this information to decide if a curve should be 

retained. There is a lot of scope for improvement of coding of angle and modulus maxima 

of points on the curves. 
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APPENDIX 

ADDITIONAL RESULTS 
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(b) 

(c) (d) 

Figure A. 1 Original Test Images, (a) Lena Image (Photographic), 
(b) Bird Image (Photographic), (c) Mancar Image (Infrared), (d) People Image (Infrared). 
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(a) (b) 

(c) (d) 

Figure A.2 Curve selection on Bird image, (a) modulus maxima image at scale 2, (b) 
Thresholded modulus maxima image, (c) Selected curves image (difference tiireshold 
=10) (d) Curve thresholded image (length and average modulus threshold -15-15). 

Images shown here are all bi-level (non-zero coefficient is white pixel and zero is black 
pixel). 
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(a) 

Figure A.3 Curve selection on People Image, (a) modulus maxima image at scale 2, (b) 
Thresholded modulus maxima image, (c) Selected curves image (difference threshold 
=10), (d) Curve thresholded image (length and average modulus threshold =15-15). 

Images shown here are all bi-level (non-zero coefficient is white pixel and zero is black 
pixel). 
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