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ABSTRACT

Shoeprints are often recovered at crime scenes and are the most abundant form of evidence at a 

crime scene, and in some cases, it is proved to be as accurate as fingerprints. The basis for 

shoeprint impression evidence is determining the source of a shoeprint impression recovered 

from a crime scene. This shoeprint evidence collected are often noisy and unclear. To obtain a 

clear image, the shoeprint evidence should be enhanced by de-noising and improving the quality 

of the picture.

In the thesis, we introduced a novel shoeprint enhancement algorithm based on sparse 

representation for obtaining the complete dictionary from a set of shoeprint patches which allows 

us to represent them as a sparse linear combination of dictionary atoms. In the proposed 

algorithm, we first pre-process the image by SMQT method, and then Daubechies first level 

DWT is applied. The SVD of the image is computed, and Inverse Discrete Wavelet 

Transform(IDWT) is applied. To the singular value decomposed image, l1-norm minimization 

sparse representation employed by the K-SVD algorithm is computed where the image is divided

into predefined shoeprint image patches of size 8 by 8. Shoeprint images of three different 

databases with different image quality are tested.

The performance of the algorithm is assessed by comparing the original shoeprint image 

and the image obtained after proposed algorithm based on objective and subjective parameters 

like PSNR, MSE, and MOS. The results show the proposed method gives better performance in 

terms of contrast (Variance) and brightness (Mean). Finally, as a conclusion, we state that the 

proposed algorithm enhances the image better than the existing method DWT-SVD.

Keywords: Crime scene, Daubechies first level DWT, Image enhancement, l1 minimization, Mean 
Opinion Score, Successive Mean Quantization Transform, Sparse representation, Singular Value 
Decomposition.
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CHAPTER 1

                                                              Introduction

1.1    Motivation

Shoeprints evidence is often the most abundant form of proof at a crime scene, and in some cases, it 

is proved to be as specific as a fingerprint evidence. Foot or shoeprint is the first recognized proof of 

a person’s entry into the crime scene. Criminals have become smarter by beginning to wear protection 

over their hands to avoid leaving fingerprints for forensic evidence, and masks over their faces to [1]

prevent eyewitness identification. However, they are rarely aware that they should consider 

footprints. There will be traces of footwear left, and it is reasonable to assume that because they enter 

and exit the crime scene areas. The impression of footwear can give information on the brand of the 

shoe, a model of the shoe, size of the shoe and also the pattern of the sole. Criminals find it difficult

and almost impossible to avoid leaving shoeprints behind a crime scene. Irrespective of the flooring 

the crime scene is made of, either trace or impression of footprints are often left and these are as 

useful as fingerprint and DNA left at the crime scene. In recent times, footprints have become very 

good forensic evidence for crime scene investigations, as features from the sole or shoeprints can be 

used to determine certain information about the individual that owns the shoe. The unique identity of 

an individual can also be obtained by features from the bare foot. Organizations with safe rooms that 

are meant to have limited or restricted access can control access to these rooms and can identify 

unauthorized access into the rooms. This research proposes a modest means of acquiring and 

recording shoeprints of anyone who enters the safe room [2] (can be circles, zigzag, curves).

Footprint images obtained from crime scenes are poor in quality. So, to retrieve the original 

image, the noise in the image must be reduced. The forensic images serve a great importance in crime 

scene investigation. In Image processing, many algorithms were proposed for image enhancement. 

The shoeprint image quality is improved by 2-D DWT and SVD method [3]. Additional noise in the 

image can be reduced by sparse representation [4]. Hence, this motivates in using SVD method 

followed by a sparse representation for reducing noise in the shoeprint image.
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1.2    Problem Statement and Main Contribution                         

The main goal of this research was to explore computational methods for enhancement of shoeprint 

image. Collecting forensic evidence from the crime area is considered problematic because usually 

they are gathered from dusty places. Hence, it makes it difficult for extracting key components from 

the evidence and match the images obtained with the ones in the database. Computer based methods 

that reduce operator effort offers great benefit to forensic scientists and the criminal justice system.

The main contributions of the thesis are,

• Developing a suitable image processing algorithm to enhance the quality of the images

for further processing and making that robust in processing poor quality crime scene 

images.

• The proposed algorithm is evaluated by determining the quantitative metrics and 

measures, that are to be taken for making it compatible with the realistic data.

1.3    Research questions

Below are the research questions related to the research work.

1) What are the existing methods proposed for image enhancement?

2) Is SMQT technique significant for contrast enhancement and dynamic range compression?

3) How effectively does Singular Value Decomposition work in image processing fields?

4) How effectively does Sparse Representation suppress the noise and enhance the image?

1.4    Aim and objectives

The main aim is to propose an efficient noise removal method for shoeprint image enhancement 

which helps in crime scene investigations for forensic evidence.

The main objectives of the thesis are,

• The shoeprint images in the database are pre-processed using SMQT technique.

• A study on how the image is enhanced by using SVD (Singular value decomposition)

algorithm.

• A study on how effectively the Sparse representation technique help in noise suppression.

• Calculating the performance metrics like PSNR and MSE of the image.

• Subjective quality assessment by calculating Mean Opinion Score (MOS) with the help 

of Human Visual System (HVS).
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1.5    Proposed Solution

The research methodology followed in this thesis is Qualitative and Quantitative analysis.

The research methods developed are as follows:

• Data Sets.

• Designing the system.

• Pre-Processing the Image.

• Image enhancement.                                                   

• Evaluation of designed system.

• Computing the match score.

The first stage is to pre-process and normalize the shoeprint images in the database by histogram 

stretching using SMQT method. The pre-processed image is decomposed into four frequency 

subbands by 2-D DWT with first level D4 basis Daubechies wavelet [3]. Then, the shoeprint is 

singular value decomposed, and IDWT is applied to reconstruct the image. Lastly, Sparse 

representation employed by l1-norm minimization is performed locally to enhance the shoeprint 

image.

Finally, evaluation of the proposed algorithm is done by calculating the performance metrics such as 

PSNR, MSE [4] of the image and objective quality assessment is done by calculating the MOS. The 

implementation and simulation are done in MATLAB as a platform.

1.6    Outline of the thesis

The detailed information about the proposed model in this thesis is explained below.

• Chapter 2 describes the proposed models in the previous work.

• Detailed description of implementation of the proposed model is given in Chapter 3

• The experimental results after implementing the proposed model are explained in Chapter4.

• Chapter 5 deals with the performance evaluation of proposed algorithm where the subjective 

and objective quality assessment are validated.

• Analysis and discussions of the results are presented in Chapter 6.

• Conclusion and future scope of the thesis is given in Chapter 7.
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Figure 1.1: Block Diagram of Proposed Enhancement Model

Fig 1.1 shows the block diagram of the implementation and evaluation of the proposed algorithm for 

enhancement of the shoeprint images, where the stages of implementing enhancement model are

presented.
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CHAPTER 2

Literature Study and Background

2.1   Literature study

Many approaches have been developed for enhancing the quality of the image. Some recent 

approaches are as follows

Jing-Wein Wang, Ngoc Tuyen Le, Chou-Chen Wang, and Jiann-Shu Lee proposed an algorithm that 

consists of 2 stages. The first stage is decomposing the input fingerprint image into four subbands by 

applying two-dimensional discrete wavelet transform. At the second stage, the compensated image 

is produced by adaptively obtaining the compensation coefficient for each subband based on the 

referred Gaussian template. The experimental results indicated that the offset image quality was 

higher than that of the original image [3].

Guangqi Shao, Yanping Wu, Yong A, Xiao Liu, and Tiande Guo proposed a new compression 

algorithm based on sparse representation, and first, constructed a dictionary for predefined

fingerprint image patches. For a new given fingerprint images, its pieces are represented according 

to the dictionary by computing l0-minimization and then quantize and encode the representation.

Three groups of fingerprint images are tested. Experiments demonstrate that the algorithm is efficient 

compared with several competing compression techniques (JPEG, JPEG 2000, and WSQ), especially 

at high compression ratios and the algorithm is robust to extract minutiae [4].

Jingsha Lv, Fuxiang Wang addressed the image Laplace denoising problem, where the

additive noise is Laplace, and the model is proposed by adopting the Bayesian MAP estimation 

theory. This model is operated on image patches and show how to solve it with linear programming,

and the experimental results have shown good performance in terms of PSNR [5].

Katta Sugamya, Suresh Pabboju, Vinaya Babu proposed an image enhancement technique based on 

frequency domain methods. DWT is used to decompose the input image into the four frequency 

subbands, and for the low±low sub-band, singular value matrix of the image is estimated. Then, the 
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improved image is reconstructed by applying IDWT. The technique also determines the singular 

value matrix using singular value decomposition (SVD). The LL sub-band of histogram equalized

image normalizes singular value matrix to obtain brightness enhanced image [5].

Zhijun Yao, Quan Zhou, Zhongyuan Lai, Zhiming Ren, Liming Liu proposed an image enhancement 

method using histogram equalization called Bi-Histogram Equalization with Non-Parametric

Modified Technology (BHENMT). The method consists of three steps: (i) The original input

histogram is divided into two parts using the Otsu method. (ii) Then the histogram modification 

technique is used to control over enhancement and maximize entropy. (iii) Two sub-images are 

enhanced by the traditional histogram equalization method using the corresponding modified 

histogram respectively and are merged into one output enhanced image. The experimental results 

show that BHENMT is a better contrast enhancement method according to subjective evaluation and 

various image objective assessment measures like Entropy, AMBE, and PSNR [6].

Liang Zhang, Peiyi Shen, Xilu Peng, Guangming Zhu, Juan Song, Wei Wei, Houbing Song proposed 

a low-light image enhancement algorithm based on the dark channel prior de-hazing technique can 

enhance the contrast of images efficiently and can highlight the details of images. However, the dark 

channel prior de-hazing technique ignores the effects of noise, which leads to significant noise 

amplification after the enhancement process. In this study, a de-hazing-based simultaneous 

enhancement and noise reduction algorithm are proposed by analyzing the essence of the dark 

channel prior de-hazing technique and bilateral filter. First, the authors have estimated the values of 

the initial parameters of the hazy image model by de-hazing technique. Then, they correct the 

parameters of the hazy image model alternately with the iterative joint bilateral filter. Experimental 

results indicate that the proposed algorithm can simultaneously enhance the low-light images and 

reduce noise effectively [7].

Xiaojun Xu, Youren Wang, Guoshi Yang, Yanli Hu proposed an image enhancement method based 

on fractional wavelet transform. The characteristic of the sub-band coefficients of the discrete 

fractional wavelet transform (DFRWT) vary with the change of the order p should be utilized in this 

paper. DFRWT decomposes the original image in different p order near p=1, and the mode sub-band 

coefficients have changed slightly with the comparison of DWT(p=1). In a view to making the result 

of image enhancement selective, the paper presents a new image enhancement technique based on 

DFRWT and adaptive threshold algorithm. Experimental results show that the proposed methods 
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effectively promote the enhancement effect in detail compared to the result of the order p=1, objective 

evaluation of Contrast Improvement Index(CII) are apparently improved [8].

2.2   Shoeprint Recognition

Shoeprint recognition is significant for identifying criminals and linking crime scenes, but it is 

ignored in recent years. Shoeprints can be deposited on almost any surface, from paper to the human 

body[9]. A study conducted showed that about 35% of the crime scenes have good shoeprints. 

Shoeprints found in the crime scenes are often used in three different tasks: 

(i) Comparing shoeprints with all the shoes available in the market to decide its brand and 

type.

(ii) Comparing shoeprints in different crime scenes (to link between crimes).

(iii) Match shoeprints with the ones stored in suspects database.

However, because of incomplete marks and complicated background, shoeprint recognition has been 

a challenging task.

2.2.1 Types of shoeprints

Shoeprints are three types:

Visible: A visible print is a transfer of material from the shoe to the surface. Visible print can be seen 

by the naked eye, without using any additional aids. For example, bloody shoeprints left on the 

flooring.

Plastic: A plastic shoeprint is a three-dimensional impression left on a soft surface. Shoeprints left 

on snow, sand or mud come under this category.

Latent: A latent shoeprint is the one that is not readily visible to the naked eye. Latent shoeprint is 

created through static charges between the sole and the surface. Investigators use chemicals, powders 

or alternate light sources to find out the shoeprints. Shoeprints detected on a wooden floor, tiles or 

metal counters come under this category[9].

2.3    Shoeprint sample collection

Investigators or Examiners use several techniques for collecting shoeprint evidence depending on the 

type of impression found. For impressions in the soil, snow or other soft surfaces, casting is the most 

commonly used collection technique. For imprints, investigators try to collect the entire object 
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containing the imprint, such as the whole sheet of paper or cardboard containing the shoeprint. 

Sometimes, when that is not possible, for instance, if the shoeprint is on a bank counter, then the 

examiner would be using a lifting technique to transfer the imprint to a medium that can be sent to 

the laboratory[9].

Impression evidence is easily damaged, so prior precautions must be taken to avoid the damage to 

the evidence. With the evidence found at a crime scene, the shoeprints must be properly documented, 

collected and preserved to maintain the integrity of proof. The documentation and securing the scene 

is included before collecting the evidence.

Taking proper photographs to the impressions is crucial, and if these pictures are not taken at a 

90°angle to the shoeprint impression, then the correct size of the shoe may not be obtained. Since 

there might be only a slight difference between different shoe sizes, in order to compare it to the 

actual shoe size it becomes difficult. Whenever possible, impression evidence is collected as it is and 

is submitted to the laboratory for examination.

2.3.1 Types of lifting techniques

For shoeprints that cannot be picked up, various lifting techniques are used to recover the evidence.
These include,

Adhesive lifter: A heavy coating of adhesive lifts the imprint from smooth, non-delicate surfaces 

such as tiles, metal counters, hardwood floors, etc. It is usually used in conjunction with fingerprint 

powders.

Gelatine lifter: Gelatine lifter is a sheet of rubber with a low-adhesive gelatin layer on one side that 

can lift prints from almost any surface including porous, rough, curved and textured surfaces. It is 

less tacky and more flexible than the adhesive lifter, allowing it to pick up a dusty shoeprint on a 

cardboard box.
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Electrostatic dust-print lifting device: A tool that electrostatically charges the particles within dust 

or light soil which are then attracted and bonded to a lifting film. Hence, it is the best method for 

collecting dry or dusty residue impressions on almost any surface [10].

Any plastic or three-dimensional footwear or tire impressions can be collected by casting. Casting 

uses a powdered stone material such as dental stone, that can be mixed with water and poured into 

the impression. When it dries, this method creates a three-dimensional model of the impression.

Imprints and impressions may be further processed to enhance or bring out additional minute details. 

To enhance image color or increase the contrast against the background fingerprint powders, 

chemical stains or dyes can be useful [9]. Thus, it enables lifted or cast evidence to be photographed

or scanned.

Figure 2.1: Comparison of crime scene impression with suspect’s footwear

The typical comparison of crime scene impression with suspect’s footwear is illustrated in Fig. 2.1.

2.4 Shoeprint Analysts

Evaluation and comparison of the shoeprint evidence should be performed by a well-trained footwear 

and tire track examiner. Typically, these examiners have received extensive training in footwear 

evidence detection, recovery, handling and examination procedures, laboratory, photography 

equipment and procedures, courtroom testimony and legal issues, casework, etc. The Scientific 

Working Group on Shoeprint has a published standard that discusses the minimum qualifications and 
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the training required for the examiners. Additionally, the International Association for Identification 

(IAI) offers a recommended course of study for shoeprint examiners that takes participants through 

training. The IAI also certifies shoeprint examiners.

2.5 Impression Analysis

Detection, documentation, photography, and collection of imprints and impressions occur in relation 

to crime scenes of many types. Experienced Examiners provide us the analysis of impression

evidence, and it is typically performed at a public crime laboratory or private laboratory[9]. Scheme 

of the general shoeprint matching system is shown in Fig.2.2.

Figure 2.2: Scheme of General Shoeprint matching system

2.5.1 Evidence submission and examination

Forensic shoeprint evidence can be used in legal proceedings to help prove that a shoe was at the 

crime scene. In some cases, as accurate as a fingerprint, the shoe-print evidence is often the most 

abundant form of evidence at a crime scene [11]. Ideally, the suspect’s shoeprints are submitted to 

the lab along with the collected evidence. To make test standards, impressions of a known source, 

which can then be compared to the collected evidence, examiners will be using the submitted 

shoeprints and is usually done using transparency overlays or side by side comparisons. In some 

cases, an investigator may be asked to submit shoes of other individuals for exclusion purposes, such 

as from [9] the cohabitant of a home or from a first responder to a crime scene.

Pre-
Processing

Feature     
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Feature 
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2.5.2 Tools and Techniques

During the examination and comparison, examiners use different tools such as dividers, calipers,

special lighting and low magnification. Inspectors measure various elements within the tread design 

as well as the length and width of the impressions and then compare those measurements to what is 

seen in the crime scene print or impressions. Low magnification and special lighting are sometimes 

used to determine if various characteristics are accidental or something that was created during the 

manufacturing process. Examiners perform side-by-side comparisons by placing the known shoe

alongside the crime scene print so that corresponding areas can be examined. Test prints are also 

compared to the crime scene prints, and digital images on double or triple computer monitors can 

also be used during the comparison [10].

2.5.3 Resources and References

Investigators or examiners often use searchable databases containing reference files of shoe 

outsoles[9] to determine the brand/model of a shoe. The FBI, private consultants, and fee-based 

commercial systems maintain databases with tens of thousands of shoeprints. Often investigators can 

contact the manufacturer directly to obtain information and images for a specific shoe. The FBI’s 

Criminal Justice Information System (CJIS) maintains the Footwear database. The SWGTREAD 

website http://www.swgtread.org/ contains links, resources, information and videos to assist 

investigators and examiners. Some agencies also use the databases to store crime scene images of 

shoes to search and compare from crime to crime.
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CHAPTER 3

PROPOSED MODEL

Chapter 3 deals with the description of the proposed enhancement model and the stages of model 

implementation. The enhancement model proposed in the thesis mainly consists of two steps, SVD,

and Sparse Representation. As different methods have different objectives to handle, the SVD method 

is based on Eigen values and purpose of it is to remove the possible noise which is visible. Similarly, 

Sparse Representation divides the Image into blocks of a specific size, which results in the removal

of blind noise in the reference shoeprint Image.

3.1 Overview of the Proposed Enhancement Model
The query image from the shoeprint database is pre-processed using SMQT technique followed by 

pattern enhancement and background noise removal using DWT and SVD algorithms. Additionally, 

to address the issues of pattern recognition and blind-noise separation Sparse representation 

algorithm is applied producing an enhanced image. Fig 3.1 gives overview of the proposed model.

Figure 3.1: Overview of the Proposed Enhancement Model

    SMQT    
Technique 

     DWT 
Algorithm 

      SVD 
Algorithm 

         Sparse    
Representation 

Enhanced 
   Image 
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3.2 Pre-processing (SMQT)

Successive Mean Quantization Transform(SMQT) reveals the organization or structure of a data and 

removes the properties such as gain and bias. SMQT algorithm is mostly described and applied in 

speech and image processing fields. In image processing, the SMQT algorithm is used in automatic 

image enhancement and dynamic range compression. The algorithm, when applied to images, can be 

seen as a growing focus on the details in an image. SMQT algorithm has the goal to get the advantage

of whole dynamic range, but in a very different way as Histogram Equalization technique. The SMQT 

can be used to extend structure representation to an arbitrary predefined number of bits of arbitrary 

dimensional data[12].

The optimum results of SMQT in an 8-bit image are obtained when using an 8-level SMQT.

                       Figure 3.2: MQU Operation

3.2.1 SMQT Algorithm

The primary SMQT function can be described by a Mean Quantization Units (MQUs). It consists of 

three steps, first is the calculation of mean of the pixels in the image, then in the second phase mean

is used to quantize the values of data into 0 or 1, depending upon the pixel value is lower or higher 

than the mean [13]. Figure 3.2 gives us the clear explanation of the MQU Operation. After doing this 

input is split into two. The SMQT can be seen as a tree of MQU operations as shown in Fig 3.3,

where weight is given depending on the current level of the tree as

                                    Weight = 2L-I                                                                                     (3.1)                                  

where, L is the total number of levels, and I is the current level.



 

14 

Figure 3.3: SMQT as a binary tree of MQU’s 

In RGB images, SMQT is applied in two different ways. The first way is to apply in each of the three 

channels as           

SMQTL : DR R(x),                                                                         (3.2)

SMQTL : DG G(x),                                                                         (3.3)

SMQTL : DB B(x),                                                                        (3.4)

where, DR(x), DG(x) and DB(x) are the data values of red, green and blue respectively.

The enhanced pixels set MRGB*(x) is found by concatenating[14] all the data obtained from red, green 

and blue plane sets [13].The result will be non-linear contrast enhancement and neglects the order of 

the RGB values.

In the second method, SMQT is applied to the value plane in HSV image and the transformation 

occurs as

SMQTL:DH;DS;DV DH;DS;MV.                                                                             (3.5)

Finally, the enhanced pixels set is MHSV*(x) is found by replacing the enhanced v plane with the HSV 

image. Hence the enhancement may work as color correction for some images.
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3.3 Wavelet based Shoeprint Image Enhancement

Image transforms are very important in digital processing. For example, Fourier transform(FT) may 

be used effectively to compute convolutions of images and Discrete cosine transform(DCT) may be 

used to decrease space occupied by images without noticeable quality loss significantly. Fourier 

transform gives the frequency information of the signal [15] which means it tells how much frequency 

exists in the signal, but it does not say when in time these frequency components exist. The time 

information is not required when the signal is stationary.

The ultimate solution for this problem is Discrete wavelet transform(DWT) which provides time-

frequency representation. There are other transforms too which gives us this information, such as 

Short Time Fourier transform(STFT), Wigner transforms, etc. but DWT is designed to provide

excellent time resolution and poor frequency resolution at high frequencies and good frequency 

resolution and poor time resolution at low frequencies. This approach makes sense especially when 

signal at hand has high-frequency components for short durations and low-frequency components for 

long durations. Fortunately, the signals that are encountered in practical applications are often of this 

type.

3.3.1 Wavelet transform of shoeprint image 

The Discrete Wavelet Transform has a huge number of applications in science, engineering, 

mathematics and computer science. Most notably, it is used for signal coding to represent a discrete 

signal in a more redundant form, often as a preconditioning for data compression[15]. Practical 

applications can also be found in the signal processing of accelerations for Gait analysis, Image 

Processing, Digital Communications and many others. The Discrete Wavelet Transform is 

successfully implemented as an Analog filter bank in biomedical signal processing for the design of 

low-power pacemakers and ultra-wideband (UWB) wireless communications.

Wavelets are often used to denoise two- signals such as images.  To transform the images, we use 

two-dimensional wavelets or apply a one-dimensional transform to the rows and columns of the 

image successively a separable two-dimensional transform. Wavelets are used for image processing 

and compression, but the compression technique is favored than the former because of low 

computational complexity[16].

Before explaining the detailed information of wavelet transforms on images, we should introduce 

some notations. We consider an N × N image as two-dimensional pixel array I with N rows and N 
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columns and we assume without loss of generality that the equation N = 2r holds for some positive 

integer r.

                               Figure 3.4: Images Interpretation as two-dimensional array I

Fig 3.4 shows the images Interpretation as two-dimensional array I, starting at index 0, columns 

from left to right and rows from top to bottom. Here we illustrated how the pixels of the images are 

arranged in the corresponding array I. The rows are enumerated from top to bottom and the 

columns from left to right. The index starts with zero and therefore the largest index is N

image pixels themselves at row i and column j will be denoted by Ii,j. The wavelet transformed 

image will be indicated by , and the coefficients are addressed with k,l. For the reconstructed 

image, we use and address the corresponding reconstructed pixels as n,m.

In two’s complementary encoding the pixels and coefficients themselves are stored as signed 

integers. The range of them assuming a dpth-bit grayscale resolution is given as

I i,j [ -2dpth-1, 2dpth-1-1], (3.6)

where i , j N.

Thus, we can distinguish 2dpth between different values of brightness. The smallest value and the 

largest value correspond to the black and white respectively. Because of this, pixels with a magnitude

around zero appear as a gray color. Fig 3.5 shows the illustration of grey scales and the pixel values.
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                 Figure 3.5: Grayscales and the corresponding pixel values for dpth-bit resolution

Several color components represent each pixel in the color image, and typically there are three of 

them for each pixel. For example, in the RGB color space, there is only one component for red, green, 

and blue, respectively. Other choices are the YUV color space (luminance and chrominance) and the 

CMYK color space (cyan, magenta, yellow, black). Note, that there exist YUV based image and 

video formats. The size N of the different components is different (e.g., 4:2:2 and 4:1:1). In the case

of 4:1:1 format for instance, we obtain three-pixel arrays of size N, N/4, and N/4.

Now, coming back to wavelet transforms on images, the one-dimensional transform will be applied 

to rows and columns successively. Consider a row r = (r0, r1, … rN-1) of an image I. The row has a

finite length in contrast to the considered signals or sequences. In order to convolve such a row r with 

a filter f, we need to extend it to infinity in both the directions. Let be the extended row defined by

r 0,…........., r N-1)                                                                          (3.7)

where k = rk for all -1.

3.3.2 Two-dimensional Discrete Wavelet Transform of an Image

We now discuss about the separable two-dimensional wavelet transform. Again, we consider a row r 

of a given image of size N×N. In the computation of a specific wavelet transform using the lifting 

scheme after one level of transform we obtain N/2 coefficients c0, l and N/2 coefficients d0, k with 

Because of the split in odd and even indexed positions in lifting scheme, they are given in 

interleaved order as 

(c0,0, d0,0 , c0,1,d0,1 ,…., ,…., c0, N-1, d0, N-1).                                                                                              (3.8)

Usually the row of Fig 3.5 is rearranged to

r0 = (c0,0, c0,1, …., c0, N-1, d0,0, d0, 1, …., d0, N-1)                                                            (3.9)

as the transform is applied to low-frequency coefficients c0, l recursively.

The one-dimensional wavelet transform can be implemented to the columns of the horizontal 

transformed image as well. The result is shown in Figure 3.4 and is decomposed into four quadrants

with different interpretations. Fig 3.6 below shows the resulting two-dimensional array of coefficients 
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contains four bands of data each labeled as LL (low-low), HL (high-low), LH (low-high) and HH 

(high-high). The LL band can be decomposed once again in the [17] similar manner, thereby 

producing even more sub-bands. It can be done upto any level, thereby resulting in a pyramidal 

decomposition.

(a) 1st level DWT on Shoeprint Image                      (b) Different Frequency blocks

Figure 3.6:  1st level Discrete wavelet transform applied to rows of shoeprint image and their corresponding 

frequency blocks

The sub-bands in the next higher transform levels l will be denoted by LL(l) , LH(l),HL(l) and HH(l) ,

where LL(l) = LL, LH(l) = LH, HL(l) = HL, HH(l) = HH respectively.

LL sub-band: The upper left quadrant consists of all coefficients, which were filtered by the analysis 

low pass filter along the rows and then filtered along the corresponding columns with the analysis 

low pass filter again. This sub-block is denoted by LL and represents the approximated version of 

the original at half the resolution.

HL/LH sub-band: The lower left and the upper right blocks were filtered along the rows and 

columns with and , alternatively. The LH block contains vertical edges and in contrast the HL 

blocks shows horizontal edges very clearly. 

HH sub-band: The lower right quadrant was derived analogously to the upper left quadrant but with 

the use of the analysis high pass filter g which belongs to the given wavelet. We can interpret this 

block as the area, where we find edges of the original image in diagonal direction.

LL
         

HL

LH
 

HH
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Due to the local similarities between neighboring pixels, many coefficients in the LH, HL, and HH 

subbands at different scales will be small. Corresponding to this, only a few samples especially those 

of the LL block at the coarsest scale represents most out of the energy of the image. The energy

of an image ‘I’ is defined as

                                                  ) = ( , ) .                                            (3.10)

                      Figure 3.7: Multiresolution scheme after several levels of wavelet transform

The tree structured image decomposition where only the LL blocks are sub-divided is known as multi

resolution scheme or multiscale representation shown in Fig 3.7. Other decomposition types are also 

possible and are known under the terms of wavelet packets.

3.4    Singular Value Decomposition of an Image

SVD has been widely used in digital image processing and is based on a theorem of linear algebra.

Without the loss of genarality, for every matrix A with size M × N (M N), the SVD of A can be 

written as product of three matrices that is, (i) an orthogonal matrix U, (ii) a diagonal matrix , (iii) 

and the transpose of orthogonal matrix V. The Singular Value based Image equalization (SVE) 

technique, is based on equalizing the singular value matrix obtained from Singular Value 

Decomposition (SVD) [18]. SVD of a matrix A can be written as follows,
T,                                                                                                              (3.11)

where, U Rm×n and V Rn×n are two orthogonal matrices and VT is the transpose matrix of the matrix 

V and =[D,O] is a diagonal matrix contains the sorted singular values (SVs) i, i=1,2………n. on its 
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main diagonal. The diagonal elements in main diagonal (D) can be arranged in a non-increasing order 

as

D = diag{ 1, 2,….., n}                                                                 (3.12)

O is a N×(M - N) zero matrix. Since n, the first terms of this series will have the largest 

influence on the total sum, with the last few terms representing insignificant noise effects. Thus, we 

can approximate the matrix A by summing only a few terms of the series. We can correct for a low-

contrast image by using a new i with singular values obtained from the adjustable enhanced image 

[19].

To observe the effects of SVs on a shoeprint image, firstly all the SVs of the shoeprintprint image 

were set equal to 1(no effects of SVs) and the shoeprint image was then reconstructed. Singular 

vectors represent the background information of the given shoeprint image. Next, all the SVs of the 

shoeprint image were multiplied by two and the shoeprint image was then reconstructed. SVs 

represent the foreground patterns of the given shoeprint image. Thus, SVD can be used for enhancing

the pattern structure and removing noise from background of shoeprint image. In addition, if the 

shoeprint image is a low-contrast image, this problem can be corrected by replacing with an 

equalized singular matrix obtained from normalized image, which is considered as that probability 

density function involving a Gaussian distribution with a mean and variance calculated using 

available dataset. This normalized image is called Gaussian template denoted by G.

A novel algorithm is introduced for shoeprint image enhancement. This algorithm involves the use 

of adaptive SVD on wavelet coefficients. Initially, the input query shoeprint image is decomposed

into four sub-bands by employing 2D DWT. Subsequently, the shoeprint image was compensated by

adaptively obtaining the compensation coefficients for each sub-band based on the referred Gaussian 

template G [3]. The compensation coefficients were computed based on the relation between all sub-

bands of the wavelet transform domain and the Gaussian templates. Each sub-band of the DWT 

contains distinct information on the image. The low-frequency sub-band contains most of the 

dominant information, and the high-frequency sub-band contains noise of the shoeprint image [3].

Based on the observations of the 2D-DWT and SVD on a shoeprint image the following algorithm is 

proposed to improve shoeprint image quality. Assume that s is a shoeprint image and G is a Gaussian 

template with a size M × N, and apply 2D DWT with Daubechies mother wavelet to decompose s

and G to four sub-bands at scale level 1. Assume that LL, HL, LH and HH are 2D matrices sub-band 

wavelet coefficients:
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Matrix A takes the form as follows

A =

, ,…, , .                                                 (3.13)

where,  { , , , } are sub-bands names, a  { , , , } are sub-band wavelet 

coefficients and m = 0,1…., 1 ; n = 0,1…., 1 are coefficient indices.

The SVD of each sub-band coefficient matrix of the shoeprint image can be calculated as follows

A = ( ) .                                                                   (3.14)

Here ,    are the orthogonal and diagonal sub-band coefficient matrices of the shoeprint 

image. The pre-compensation mean of the positive coefficients for each sub-band is first calculated. 

Using highest mean as the reference value, individual compensation weighing coefficients for the 

remaining three sub-bands are adaptively derived according to their ratio to the highest mean value. 

In addition, the sub-band coefficients possess symmetric properties; therefore, only the mean values 

of the positive coefficients are computed to prevent them from cancelling each other out. The mean 

of all the positive coefficients of each sub-band can be calculated as follows

= , ,where , ,                     (3.15)

and the maximum of    can be determined as follows,= max (  ) .                                                                                  (3.16)

To enhance a shoeprint image, the singular values of each sub-band coefficient matrix, which 

contains most of the foreground and intensity information, are examined. Gaussian filter is applied 

to the shoeprint image, which has the effect of reducing high frequency components in the image. 

Hence a gaussian template (G) is obtained. Then 2D DWT is applied to G, where the image is divided 

into four sub-bands and denoted as , where { , , , } . SVD of each sub-band

coefficient matrix of the Gaussian template can be calculated as follows

=  ( )  .                                                         (3.17)

Here  ,  and are the orthogonal and diagonal sub-band coefficient matrices of the 

Gaussian template respectively. However, specific equations were used accordingly to compute the 

compensation coefficients for the low, middle and high-frequency subbands, which can be used to 

effectively compress the dynamic range through the root function property.

Let the compensation coefficient here be denoted by . The compensation weight coefficients for 

each sub-band are computed as follows
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=      * (  )( ) ,                                                          (3.18)

= ( )( ) ,                                                     (3.19)

=  ( ) ( ) , (3.20)

=  ( ) ( ) .                                                          (3.21)

The shoeprint contrast was adaptively adjusted by multiplying the singular value matrix of each sub-

band coefficient matrix by the corresponding compensation coefficients. Then the reformed equation 

would be

A = ( * ) .                                                                                   (3.22)

The image was rebuilt by applying 2D inverse DWT to obtain the SVD compensated image. Fig 3.8 

shows the results of the SVD method employed on the shoeprint image. Moreover, this method can 

effectively be used to reduce the noise and therefore, obtaining an image exhibiting normal 

distribution. It also enhances the clarity and pattern structure of the shoeprint image. 1st level D4 basis 

Daubechies wavelet was chosen because of its compactness. If the image is too dark, the 

compensation coefficient must be increased, and if the image is too bright the compensation 

coefficient must be decreased [3]. 

(a) (b) (c)

Figure 3.8: SVD Image Enhancement (a) Original Shoeprint Image                                                                            

                                   (b) 4 sub-bands after using 2D-DWT at 1st level (c) SVD processed Image
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3.4.1 Properties of SVD

There are many properties and attributes of SVD. We discuss some of those properties below:

The singular values 1, 2,….., n unique, however the matrices U and V are not unique.

Since AT T VT, so V diagonalizes ATA, it follows that the vj’s are the eigen vectors of 

ATA.

Since ATA=U T UT, so U diagonalizes ATA, it follows that the uj’s are the eigen vectors of 

ATA.

If A has rank of r then vj, vj, vj,….vr form an orthonormal basis for range space of AT, R(AT)

and uj, uj, uj,…..ur form an orthonormal basis for range space A, R(A).

The number of non-zero singular values gives the rank of matrix A.

The rank of matrix A is equal to the number of its non-zero singular values.

In above properties of SVD, property 5 tells us that the rank of matrix A is equal to the number of its 

non-zero singular values. An SVD processed image has maximum amount of image information in 

the first singular value, but it is not compressed. When an image is SVD transformed, it is 

not compressed, but the data takes a form in which the first singular value has an enormous amount 

of the image information. With this, we can use only a few singular values to represent the image

with few differences from the original.                 

3.5    Sparse Representation
            
Sparse representation approximates the sparse vectors and finds its use in many applications like

image and audio processing, image de-noising, speech enhancement, etc. In image processing, the 

image is sliced into patches of predefined size, then the filter is applied, and the dictionary of the 

image is obtained. It is widely used for face recognition, array processing, blind source separation, 

enhancing the image and pattern recognition. Hence, sparse representation is implemented for 

shoeprint image enhancement, where blind noise is presumed to be reduced.
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3.5.1   The model and algorithms of Sparse Representation

Model of  Sparse representation:

Sparse representation model is used for de-noising the shoeprint in the thesis. Suppose, image A of

size M×N is assumed to represent as A = [ , , . . , ] R and any new sample y R, M×1 is 

assumed to be represented as a linear combination of few columns from the dictionary A, as shown 

in the equation (3.21). This isthe only prior knowledge about the dictionary in the proposed algorithm. 

For ensuring the property, proper dictionary must be constructed and it is defined as=                                                                  (3.24)

where, y R m×1, A R M×N and x = [ , , . . . , ] T R N×1.

However, the system y = Ax is underdetermined when m < n. Therefore, its solution is not unique. 

The representation of the image is sparse according to the assumption made. A proper solution can 

be obtained by solving the following optimization problem which is defined as

                        ( )              || ||                   = .                                      (3.25)

                                                    

The solution of the optimization problem is very sparse, i.e || ||  << N, where ||x|| denotes the 

number of non-zero entries in x. By compressing x, the compression of y is achieved. Firstly, the 

locations of its nonzero entries and magnitudes are noted. Then, the records are quantized and 

encoded [4].

Algorithms of Sparse Representation:

Sparse Solution by Greedy Algorithm:

Researchers first thought to solve the optimization problem directly. The Matching Pursuit (MP) 

because of its simplicity and efficiency is often used to approximately solve the  problem. Many 

variants of the algorithm are available, offering improvement either in accuracy and complexity. 

Although the theoretical analysis of these algorithms is difficult, experiments show that they behave 

quite well when the number of non-zero entries is low.
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Sparse Solution by -Minimization:

It is a natural idea that the optimization problem can be approximated by solving the following 

optimization problem

                 (  )               || ||                  = .                                    (3.26)

However, smaller the p, the closer the solutions of the two optimization problems  and . If the 

value of p is very small, the magnitude of x is neglected [3]. What does matter is whether x is equal 

to 0 or not. Therefore, p is theoretically chosen as small as possible. However, the optimization 

problem is not convex if 0 < p < 1. It makes p = 1, the most ideal situation and is given as

                             ( )              || ||                 = .                                    (3.27)

Recent developments in the field of sparse representation and compressed sensing reveal that the 

solution of the optimization problem in Eqn (3.24) is approximately equal to the solution of the 

optimization problem (3.22) if the optimal solution is sparse enough. Linear programming methods 

can effectively solve the problem (3.24).

3.5.2   Shoeprint De-Noising Based on Sparse Representation
In the preceding paragraphs, it is mentioned that the size of the dictionary may be too large when it 

contains as much information as possible. Therefore, to obtain a dictionary with a modest size, the 

pre-processing is indispensable. What we first think is that each shoeprint image is pre-aligned, 

independently of the others. The most common pre-alignment technique is to translate and rotate 

the shoeprint according to the position of the core point. Unfortunately, reliable detection of the 

core is complicated in shoeprint images with poor quality. 

Compared with general natural images, the shoeprint images have a simpler structure. In the local 

regions, they look the same. Therefore, to solve these two problems, the whole image is sliced into 

square and non-overlapping small patches. For these small patches, there are no problems with

transformation and rotation. The size of the dictionary is not too large because the small blocks are 

relatively smaller [4].
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CHAPTER 4

Implementation of enhancement model
 

This chapter deals with the Implementation of the proposed enhancement model to the reference 

shoeprint image. The steps of implementation and the implementation problems are mentioned.

Firstly, the reference Image is pre-processed with the help of SMQT method. SVD method is used

for enhancing the shoeprint structure and removal of the background noise in the image and Sparse 

representation averages the pixels in the patches are parameter dependent. Both the models improve

the dynamic range and reduces fixed pattern noise. The proposed model is implemented on ten 

different Images from three different databases. For the implementation of the enhancement model,

MATLAB R2016a is taken as platform. Toolboxes used for the implementation are Signal Processing 

toolbox, Image processing toolbox, DSP system toolbox, and Wavelet toolbox.

4.1    Steps of Implementation

The primary objective of Image enhancement is to process a given image so that the final image is 

more suitable for a specific application. The main objective of the thesis is to remove the noise, 

enhance the boundaries of the shoeprint and increase the contrast. However, the inherent information 

is not affected, but the image dynamic range increases to obtain satisfactory results. The following 

figure 4.1 represents the flow chart of steps of implementation of the proposed enhancement model. 

Detailed explanation of step by step procedure is followed by the flow chart.
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No

     Yes

Figure 4.1: Flowchart of Steps of Implementation

The steps of implementation are as follows:

1. Read the original standard image.

2. Pre-processing the original image using the SMQT method to 8 levels.

3. Perform 2-D DWT to pre-processed image with first level D4 basis Daubechies wavelet.

4. Apply SVD to the DWT image to remove the background noise.

Input/Query Image 

Pre-processing(SMQT) 

2-D DWT with D4 Daubechies 

  Perform SVD 

 IDWT to restore the Image 

8*8 patches 

Gaussian Filter of size 5*5 

 l1-norm minimization 

Threshold 
&&

Rank =2

Pad array of Image 

 Output Image 

Dictionary(K-SVD) 

Sparse Sampling
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5. IDWT is applied to restore the image.

6. Sparse sampling is performed by dividing SVD processed shoeprint image into 8×8 blocks 

of pixel patches.

7. For each piece, mean is calculated and subtracted from the original patch.

8. Gaussian filter of size 5*5 is applied as enhancement filter, and l1 norm minimization is 

computed for each patch to reduce the error.

9. The threshold range is set to the coefficients and whose absolute value less than given 

threshold is set to zero.

10. Rank of the patch is predefined to two, and pad array is updated.

11. The above process is repeated to the whole image.

12. Finally, the dictionary of the image is updated with the help of K-SVD algorithm.

13. The enhanced image is obtained.

4.2    Problems faced in Implementation

During the implementation of a model, there are chances of facing errors which disrupt from 

achieving the desired output. To overcome such problems, choosing an alternate method is 

necessary which helps in smooth implementation. Some of the challenges that were encountered

during the implementation of thesis are as follows:

4.2.1 Implementation errors
Earlier, Histogram Equalization was considered as the pre-processing technique. This method is 

useful in images with backgrounds and foregrounds that are both bright or both dark. In histogram 

equalization, the illumination on the images is high which makes us difficult to identify the features 

of some images. Later SMQT was considered replacing Histogram Equalization for pre-processing.

4.2.2 Execution errors
Some of the problems that we have faced during the execution are:

Only a standard image of size (256×256) / (512×512) is compatible with all the databases, and only 

gray scale images could be enhanced. Apart from these, no other errors have been faced for the 

implementation and execution.
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CHAPTER 5

Performance Evaluation
 

In this Chapter, the performance evaluation of the proposed methods for shoeprint enhancement are

presented. The primary purpose of evaluating the performance of the proposed model is to test the 

quality, credibility, and accuracy of the work produced. Taking all factors that contribute to the

human perceived quality of a system, the evaluation of the model is performed. The evaluation 

procedure is described in this chapter, considering the objective and subjective quality assessment of 

the enhanced shoeprint image.

 

5.1    Objective Quality Assessment

Objective Assessment is used to predict the quality of the image accurately and automatically using 

mathematical models. There are three types of such objective metrics such as no reference, full 

reference, and reduced reference. Assessing a picture becomes convenient and can be tested for many

test sequences. There are several objective quality assessment algorithms such as PSNR, MSE, SSIM,

etc. Here, the quality of the image is judged based on full reference and no reference objective 

metrics. The following metrics are used to evaluate the performance metrics of the algorithm.

Objective Metrics:
The reference image is assumed to be known in full reference objective metrics. In this thesis, to 

measure the quality of the enhanced image, we used two most widely used metrics such as PSNR 

and MSE.

5.1.1 Mean Square Error
The MSE of an estimator measures the average of the squares of the errors or deviations[k]. MSE is 

the measure of the quality of an estimator. It is always non-negative and the values closer to zero are 

better, since lower the MSE better the PSNR value. MSE is defined as                            

MSE = [ ( , ) ( , )]                                                        (5.1)

where, monochrome image I of size m×n and its noisy approximation K.
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5.1.2    Peak Signal to Noise Ratio
The PSNR value, as the name suggests, it is the ratio of signal to noise. By measuring the quality of 

the reconstruction, PSNR approximates the human perception. Higher the PSNR value, higher is the 

quality of the image. The range of validity of this metric is limited. PSNR is most easily defined via 

the Mean squared error (MSE) and is given as

PSNR = 10. log ( )                                                                                    (5.2)

where, is the square of monochrome image I of size m×n and MSE is the Mean Square Error.

5.2    Subjective Quality Assessment

Qualitative approach to the project that is the subjective quality assessment is also considered after 

quantitative approach to test the shoeprint image quality. The Human Visual System (HVS) helps 

in serving the purpose.

5.2.1   Test Environment and procedure
Subjective quality assessments are setup and are carried out in a laboratory environment at Blekinge 

Institute of Technology (BTH) so that all the subjects will have identical viewing conditions for 

assessing the test sequences. These are set as per the recommendations given by ITU-R BT. 500-13

[21]. For subjective assessments, a desktop or a laptop is considered, and the enhancement code is 

executed, and the corresponding sequences of the test are displayed.

                    SYSTEM SPECIFICATIONS

Processor

RAM

System type

Operating system

Resolution

Intel® Core™ i5-5200U CPU@2.20GHz

8.00 GB

64-bit OS

Windows 10 Home

1366 × 768 pixel

                                                             Table 5.1: System Specifications

Table 5.1 shows the specifications of the laptop considered for the subjective quality assessment.
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5.2.2   Observers 

The observers for the subject quality assessment test for proposed enhancement model are, Image 

processing experts, photographers and non-experts were considered. The observers with visual sight 

problems are only taken up under standard conditions, and the people involved in the algorithm 

development were not considered. The output images are shown to the subject and asked to rate them 

on five-point scale. To complete the survey, it took four days for 20 subjects under the laboratory 

environment of age group 21-30 years which involves twelve males and eight females. Only one 

person is called per session for a subjective assessment to make sure none of the subject’s test results 

affect the test results of another subject.

5.2.3   Performance Parameters 

The performance parameters considered for subjective quality assessment are Contrast, Visibility, 

Amount of noise and the overall quality. Particularly these four parameters have been considered 

for the subjective quality assessment as these are the parameters for assessing the quality of any 

kind of image. 

Contrast 

Contrast is the difference in luminance or color that makes an object or its representation in an image 

or display distinguishable. Contrast is determined by the difference in the color and brightness of the 

object and other objects with the same field of view.

The following 5-level scale is used for rating the level of contrast in the frame.

0-1 1-2 2-3 3-4 4-5

Low Low-Medium Medium   Medium- High High

Visibility 

Visibility is the measure of the distance at which an object or light can be clearly discerned. It is 

determined by some subject details preserved in the output frame after processing.

The following 5-level scale is used for rating the level of visibility in the output frame concerning

input frame.
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0-1 1-2 2-3 3-4 4-5

Poor Good Fair Very Good Excellent

Amount of noise

Image noise is a random variation of brightness or color information in images, and is visually an 

aspect of electronic noise and is determined by the amount of distortions in the image.

The following 5-level scale is used for rating the level of noise.

0-1 1-2 2-3 3-4 4-5

Very Low Low  Moderate Significant High

 

Overall quality

The overall enhancement achieved by the algorithm with respect to the input frame and this is rated 

on a 5-level scale as follows

0-1 1-2 2-3 3-4 4-5

Poor Good Fair Very good Excellent
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CHAPTER 6

Results and discussion

6.1    Experimental Results

In this Chapter, the results of the implementation of the proposed model in MATLAB are presented.

Since overall quality assessment of an image is the only way to test the performance of a method, the 

PSNR, MSE, and MOS are computed for different quality images. In this thesis, three databases of 

different image formats with a total of 800 images are considered.

6.1.1   PSNR and MSE comparison

Peak signal to noise ratio is the ratio between the signal power to the noise power which corrupts the 

signal. The comparison of PSNR and MSE values for different images is performed. The following 

figures below shows the comparison of the objective quality assessment metrics.

Table 6.1: PSNR values of a database with TIFF images

PSNR

(dB) Different TIFF images in database 1

Original 

Image 12.88 12.60 11.97 12.85 12.28 23.02 13.92 12.00 10.69 13.0

SVD

Image 43.33 45.61 44.32 43.56 41.15 67.09 49.17 44.45 47.91 48.27

SVD +

Sparse 62.33 61.16 60.30 60.24 60.38 70.01 61.93 59.78 58.40 61.07

%

increase 

in

PSNR

383.9 385.3 403.7 368.7 391.6 249.7 344.8 398.1 446.3 369.7
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Table 6.1 shows the PSNR(db) comparison values of the original, SVD and proposed methods 

TIFF images. Also states the % increase in the PSNR(db). 

 

 

 
 

Scale:

X-Axis- TIFF images
Y-Axis- PSNR(dB)

              

                                        Figure 6.1: PSNR of Database1(TIFF Images)

Fig 6.1 shows the PSNR comparison values of the original, SVD and proposed methods TIFF 

images. The PSNR(db) of the proposed method is almost 20db more than the existing SVD method.
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Table 6.2: MSE values of a database with TIFF images

MSE Different TIFF images in database 1

Pre-
processed 
Image

3343.1 3568.3 4121.9 3370.2 3846.6 324.03 2632.4 4097.6 5545.9 3252.3

SVD 
image 3.01 1.78 2.404 2.862 4.983 0.0126 0.7866 2.33 1.0521 0.9671

SVD + 
Sparse 0.038 0.0497 0.0606 0.0615 0.0595 0.0065 0.0417 0.068 0.0938 0.0507

Table 6.2 shows the MSE comparison values of the original, SVD and proposed methods TIFF 

images. The MSE value of the proposed method is very less compared to existing SVD method.

 

 
Scale:

X-Axis- TIFF images
Y-Axis- MSE values,
where,
Original image Y-Axis, 1 unit=1
SVD & Proposed model Y-Axis, 1 Unit= 10-3

 

                                        Figure 6.2: MSE of Database1(TIFF Images)
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Fig 6.2 shows the MSE comparison values of the original, SVD and proposed methods TIFF 

images. The MSE value of the proposed method is almost negligible compared to existing SVD 

method.

Table 6.3: PSNR values of a database with JPG images

PSNR

(dB) Different JPG images in database 2

Original 

Image 16.463 20.617 14.57 17.71 19.29 16.62 16.95 13.52 17.77 7.87

SVD

Image 51.91 51.89 48.76 54.97 51.01 47.08 45.01 47.72 44.56 48.625

SVD +

Sparse 63.326 66.332 61.37 64.49 66.446 64.144 63.485 61.226 63.61 65.44

%

increase 

in

PSNR

284.69 221.83 321.2 264.1 244.42 285.9 274.51 352.81 257.9 266.2

 

Table 6.3 shows the PSNR(db) comparison values of the original, SVD and proposed methods JPG

images. Also states the % increase in the PSNR(db). 
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Scale: 

X-Axis- JPG images
Y-Axis- PSNR(dB)

 

                                        Figure 6.3: PSNR of Database2(JPG Images)

Fig 6.3 shows the PSNR comparison values of the original, SVD and proposed methods JPG

images. The PSNR(db) of the proposed method is almost 18db more than the existing SVD method.

Table 6.4: MSE values of a database with JPG images

MSE Different JPG images in database 2

Pre-
processed 
Image

1467.9 564.02 2266.4 1099.3 763.98 1413 1309.9 2890.4 1085.6 1061.2

SVD 
image 0.418 0.420 0.864 0.2066 0.5147 1.2718 2.051 1.098 2.272 0.892

SVD + 
Sparse 0.0302 0.0151 0.0474 0.089 0.0231 0.0147 0.0250 0.0291 0.0490 0.0186

0

10

20

30

40

50

60

70

IMAGE 1 IMAGE2 IMAGE3 IMAGE4 IMAGE5

PS
NR

(d
B)

 

Images

PSNR(db) values of Database2

Orginal Image SVD SVD+Sparse



 

38 

Table 6.4 shows the MSE comparison values of the original, SVD and proposed methods JPG 

images. The MSE value of the proposed method is very less compared to existing SVD method.

Scale:

X-Axis- TIFF images
Y-Axis- MSE values,
where, Original image Y-Axis, 1 unit=1

SVD & Proposed model Y-Axis, 1 Unit= 10-3

                                          Figure 6.4: MSE of Database2(JPG Images)

Fig 6.4 shows the MSE comparison values of the original, SVD and proposed methods JPG images. 

The MSE value of the proposed method is almost negligible compared to existing SVD method.
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Table 6.5: PSNR values of a database with BMP images

PSNR(dB) Different BMP images in database 3

Pre-
processed
Image

13.28 12.40 11.50 10.23 9.325 11.87 13.60 12.16 12.49 11.34

SVD 
image 53.48 49.83 44.76 36.38 44.255 48.32 56.75 49.22 54.862 60.98

SVD + 
Sparse 63.319 61.553 60.148 58.599 57.774 60.893 62.800 61.273 62.888 65.212

% increase 
in     PSNR 376.73 395.96 422.95 472.72 519.51 412.97 361.76 403.86 403.44 475.04

Table 6.5 shows the PSNR(db) comparison values of the original, SVD and proposed methods 

BMP images. Also states the % increase in the PSNR(db). 

Scale:

X-Axis- BMP images
Y-Axis- PSNR(dB)

                                  Figure 6.5: PSNR of Database3(BMP Images)
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Fig 6.5 shows the PSNR comparison values of the original, SVD and proposed methods BMP 

images. The PSNR(db) of the proposed method is almost 12db more than the existing SVD method.

Table 6.6: MSE values of a database with BMP images

MSE Different BMP images in database 3

Pre-
processed
Image

3052.2 3738.2 4598.1 6155.8 7594.9 4225.0 2836.8 3947.5 3660.3 4775.6

SVD 
image 0.291 0.675 2.169 14.932 2.440 0.956 0.1371 0.7764 0.212 0.051

SVD + 
Sparse 0.0303 0.0455 0.062 0.089 0.108 0.052 0.034 0.048 0.033 0.019

Table 6.6 shows the MSE comparison values of the original, SVD and proposed methods BMP 

images. The MSE value of the proposed method is very less compared to existing SVD method
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Scale:

X-Axis- BMP images
Y-Axis- MSE values,

where, Original image Y-Axis, 1 unit=1
SVD & Proposed model Y-Axis, 1 Unit= 10-3

                                           Figure 6.6: MSE of Database3(BMP Images)

Fig 6.6 shows the MSE comparison values of the original, SVD and proposed methods BMP 

images. The MSE value of the proposed method is almost negligible compared to existing SVD 

method.
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6.1.2   Histogram of the Shoeprint

The histogram of an image represents the tonal distribution of the pixels in a digital image. The 

histogram plots of proposed and SVD method are presented in the following figures, from which the 

dynamic range of the image is inferred.

 
                                                (a)                                                                        (b)                                                                        

                                                (c) (d)

Figure 6.7: Image Enhancement process for database1 (a) Original Image (b) SMQT Image (c) SVD Image
(d) Proposed Model Output
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Figure 6.8: Histogram plots of Database 1 (TIFF)

 

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

Figure 6.9: Image Enhancement process for database2 (a) Original Image (b) SMQT Image (c) SVD Image
(d) Proposed Model Output

                                            

Figure 6.10:  Histogram plots of Database2 (JPG)
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                                      (a)                                                                                                (b)                                                                           

          
                           (c) (d)

Figure 6.11: Image Enhancement process for database3 (a) Original Image (b) SMQT Image (c) SVD Image
(d) Proposed Model Output
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Figure 6.12: Histogram plots of Database3 (BMP) image

From the Fig. 6.8, Fig 6.10, and Fig. 6.12 it is an evident inference that the tones captured by the 

proposed method is equally distributed along the shoeprint image. Hence, we can deduce that the 

proposed model gives a brighter image with good contrast and dynamic range of shoeprint image

compared to SVD method for image enhancement.

From Fig. 6.7 it is evident that the image is a low contrast image with unclear pattern. The obtained 

output image has an enhanced pattern structure and continuity in pattern is also achieved.

From Fig. 6.9 we can see that the image has been enhanced but also, we can observe slight 

enhancement in the background. Since, we have performed local filtration on image with the help of 

sparse representation on whole shoeprint image, the background is also targeted. Segmentation 

techniques in next stages can help us in overcoming the problem.
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From Fig. 6.11 (a) it is evident that the image is a low contrast image with loss in some pattern 

information. The obtained enhanced shoeprint image has an enhanced pattern structure with good 

contrast and illumination.

Before enhancing the image using sparse representation method, the pre-processed shoeprint image 

is enhanced using SVD method which helps in achieving the background noise reduction and

improves the structure of the shoeprint pattern. 

6.1.3   MOS w.r.t various parameters

The most reliable method for assessing the quality of an image is through subjective testing since 

human observers are the ultimate users in most of the multimedia applications. Subjective tests are 

conducted for real-time images taken in extremely low light conditions and images generated using

lifting techniques in forensics. The two models were tested with these inputs and different image 

qualities are considered. The MOS (Mean Opinion Score) of the two models is given in Fig.6.1. From 

the Fig.6.7, 6.9, 6.11 we can see that in terms of

Contrast: Model 1 has ideal value and Model 2 has the highest value.

Visibility: Model 2 has the best performance as the fine details and edges have the best visibility 

with this model compared to Model 1.

Noise: Both Model 1 and Model 2 has an ideal performance due to their less amount of noise.

Overall quality: Model 2 has the best performance. On comparing Model 1 and Model 2 with respect 

to overall quality, our proposed model has a great amount of increase in the overall quality.

Fig 6.13 shows the Mean Opinion Score with respect to various parameters of the SVD and the 

SVD processed images.
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Figure 6.13: MOS values of SVD and SVD processed models

6.1.4   Standard Deviation w.r.t various parameters 
 
This measure is performed to check the accuracy of the results obtained. Low standard deviation is 

attained when the individuals have a common view on the score of the parameters. The Standard 

deviation is a statistic that describes the amount of variation in a measured process characteristic. 

Specifically, it computes how much an individual measurement should be expected to deviate from 

the mean on average.

Fig 6.14 shows the standard deviation of subjective opinion scores with respect to various parameters.
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Model Contrast Visibility Amount of Noise Overall Quality 
Original 0.38 0.35 0.26 0.2828 

SVD 0.2828 0.266 0.64 0.57 
Proposed 0.42 0.62 0.50 0.39 

Figure 6.14: Standard Deviation for Subjective Opinion scores 
 
 

6.2    Answers to Research Questions

Research Question 1:
What are the existing methods proposed for image enhancement?

A: Image enhancement by SVD, DCT, DWT are widely used for enhancement of noisy and low 

light images. However, many supervised, non-supervised algorithms are also proposed.

Morphological methods play a vital role in background noise removal and contrast enhancement 

techniques like histogram equalization, SMQT are commonly implemented. Sparse representation 

method followed by SVD, employed by l1 norm minimization technique proposed in the thesis gives 

higher PSNR with visibly good quality image.

Research Question 2:
Is SMQT technique significant for contrast enhancement and dynamic range compression?

A: Yes, SMQT technique helps in improving the image contrast. It is mainly used for automatic 

image enhancement and dynamic range compression. It reveals the structure of the data and removes 
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and this when applied to images can be seen as a progressive focus on the details of the image. As a 

result an image with balanced contrast and good illumination is obtained compared to other pre-

processing techniques like histogram equalization.

      
Research Question 3:
How effectively does Singular Value Decomposition helps in image processing fields?

A: SVD method can be used for enhancing the image and reducing the background noise effectively.

In addition, if the image constrast is too bright or too dark, such problem can be overcomed by 

replacing with an equalized singular matrix obtained from normalized image, which is considered 

as that probability density function involving a Gaussian distribution with a mean and variance 

calculated using available dataset. This normalized image is called Gaussian template denoted by G.

Hence by adjusting the corresponding values of compensation coefficients, desired contrast of the 

image can be obtained.

Research Question 4:
How effectively does Sparse Representation supress the noise and enhance the image?

A:  The image quality metrics can determine the effectiveness of the proposed (Sparse representation 

+ SVD) enhancement model. Since only objective quality assessment metrics are not sufficient to 

define an image quality; objective quality assessment metrics must also be considered to assess the 

accurate efficiency of the enhancement model. Based on MOS values of the proposed and SVD 

models, it is evident that the enhanced image by the proposed model has the least noise. However, 

from the experimental results, on an average, we can observe that there is almost 250% increase in 

the value of PSNR compared to original to the original image with the proposed model.



 

51 

CHAPTER 7

                       CONCLUSION AND FUTURE WORK

Summary

This thesis proposes a shoeprint enhancement model based on sparse representation technique which 

serves the purpose of blind noise removal. Insights of different models for image enhancement are 

presented. Shoeprints collected from a crime scene must be enhanced to serve the purpose of effective

shoeprint recognition.

The SVD model based on eigen values provides effective background noise removal and enhances 

the shoeprint pattern . In the second stage of proposed enhancement model, the blind noise removal

in the shoeprint image is provided by the Sparse representation technique which works locally on the 

image.

The performance evaluation of the proposed model is evaluated by testing the quality of the image

both objectively and subjectively.

7.1 Conclusion

The experimental results show us that Image Enhancement based on Sparse Representation gives 

better image quality compared to SVD method, where the quality test is majorly based on the increase 

in PSNR value of the sample shoeprint and the MOS values. There is a decent increase in PSNR 

value of the enhanced image compared to the original image. Keeping the MOS values in mind, we

conclude that proposed model results in better quality of enhanced shoeprint compared to the 

SVD+DWT method. The experiments also illustrate that the proposed algorithm is robust for 

shoeprint recognition and reliable for realistic data. We obtained same results under same conditions.  
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Advantages:

Enhancement of contrast and pattern structure of the shoeprint.
Tuned control over image enhancement.

Disadvantages:

Parameter values must be carefully selected and adjusted each time to obtain desirable 

results.

7.2 Future Scope

The future scope of our project would be, 

1) The proposed sparse representation model employed by the K-SVD algorithm overlooks the global 

structure of the image. Only small patches of predefined size are concentrated. Hence, techniques 

which work on multi scale dictionaries must be developed, as the K-SVD algorithm cannot be 

deployed on large blocks.    

2) Since the enhancement model is applied to the entire image, it may sometimes result in loss of 

information in the image. However, the threshold range is fixed, adaptive thresholding and focused 

area detection methods can help in more efficient denoising.
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