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Abstract 
 

Footwear impression is a common phenomenon in crime investigation cas-
es. It is frequently found where the crime is committed. To identify this 
impression manually is quite difficult and time consuming. Due to the var-
ious qualities, inconsistency of the impressions and variety of footwear 
outsole designs, make it impossible to identify foot print impressions man-
ually in certain cases. The purpose of this thesis was to implement a model 
for identification the impression from a known set of outsole prints. If the 
impression is not in data set, the implemented model can determine simi-
larity between the crime scene impressions with the suspect’s shoeprint 
impressions. Forensic experts can investigate the sources of impression as 
well as the suspects which can help the prosecution. Different algorithms 
are investigated during the implementation of the model. An automatic 
image processing method to improve the quality of a query image as well 
as reference images has been studied. To evaluate the similarity between 
the known footwear impression and unknown one several features have 
been extracted from the images. The extracted features are limited to such 
geometrical shapes as lines and circles. The similarity between extracted 
features is evaluated using bin-by-bin distance and cross-bin distance using 
histograms named Features Distance Calculation (FDC). The implemented 
model compares the features with pre-computed features of database. 
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Chapter 1 

Introduction 
 

When crime has been committed or initiated many important indications 
are left behind by criminals such as fingerprints, bloods, hairs, and 
shoprints. Nowadays these clues play a significant role in investigation of 
the crime scenes. Fingerprints and DNA have been used frequently to iden-
tify the crime and criminals. However shoeprints can provide valuable fo-
rensic evidence as well. Therefore, an effective technique for automatic 
classification of the shoeprint images can greatly assist the crime scene 
investigators to identify shoeprint impressions. 

In real-time shoeprint collected from crime scenes can have poor quality. The 
images can contain different noise elements which makes almost impossible to 
recognize the shoe impression by naked eyes. 

The goal of this thesis is to examine the poor quality and wide variability of 
footwear impressions. 

 
 Evaluate or develop feature extraction methods that are: 
 (i) suitable for describing geometrical patterns in outsoles and 

(ii) robust in processing poor quality crime scene images. 
 

 Develop or evaluate similarity measures based on the extracted 
features to compare footwear prints. 

 
 Develop or identify suitable algorithms to identify and classify 

database images and query images. 
 

Different existing shoeprint recognition algorithms based on features ex-
traction techniques have been studied. The proposed model is based on 
features extraction technique where geometrical elements such as lines and 
circles are considered as features. These extracted features are prime ele-
ments used to determine the similarity or dissimilarity between known and 
unknown impressions. A comparison has made among the analyzed tech-
niques and proposed model on the basis of the features type, features ex-
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traction as well as their features matching techniques. The main objective 
of this work is to implement the proposed model. Model performance is 
visualized by Receiver Operator Characteristic (ROC). The possibility of 
classification of the shoeprints by Neural Networks is investigated. The 
algorithms and MATLAB base simulation will be investigated during im-
plementation, performance analysis as well as classifications. 

The rest of this thesis is structured as follows: chapter 2 introduces the 
background and related works. Here different approaches to shoeprint 
recognition are described and compared. Chapter 3 describes the analysis 
and implementation of the proposed model. Each section of the chapter is 
described with simulation based output. Chapter 4 discusses the mathemat-
ical analysis of the model, performance of the model and classification. 
Finally, chapter 5 summarizes and concludes the thesis with future works. 
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Chapter 2 

Background and Related works 
 

Several methods have been proposed last few decades in footwear print 
recognition. 

The extensive overview of proposed methods for shoeprint feature extrac-
tion and classification has been done by Srihari [1]. Some methods (ob-
served by Srihari) have significant drawbacks. For example SIFT (Scale 
invariant feature transform) based Feature-point method has poor perfor-
mance in case of poor quality and incompleteness of crime scene footwear 
impressions. Pavlou and Allinson [2] measure the similarity of Gaussian 
feature matrix and Gaussian proximity matrix by using SIFT to present 
footwear classification. 

Numerous features extraction based models have been proposed. Before 
deciding geometric features extraction base method we have studied some 
other features extraction base methods. 

The proposed model is designed based on features extraction method. 
However some other methods are studied before deciding features extrac-
tion base method. As De Chazal et al [3] proposed fully automated shoe-
print classification system using power spectral density of the print as a 
pattern descriptor. Zhang et al. [4] proposed system using edge direction 
histogram to locate the neighboring matching print. Xiao and Shi [5] pre-
sented an automated shoeprint matching using PSD and Zernike moments 
etc. 

Algarni and Hamiane [6] proposed an automatic shoeprint retrieval system 
where invariants are used as features. Jing et al. [7] used directionality as 
feature. Finally six methods where different features type, features extrac-
tion and matching are discussed in subsections 2.1 to 2.6. These methods 
are compared with the proposed model. 
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2.1. Phase-only correlation 
 

Directionality is one of the most apparent features in shoeprints. Co-
occurrence matrices, Fourier transform, and a directional matrix are em-
ployed to extract the features corresponding to the directionality, found in 
the shoeprint image. Employment of directionality properties of the shoe-
print images allows to automatically matching the images. Phase-only cor-
relation is invariant to rotation and translation. [8]. 

Low quality shoeprint images can be recognized accurately and efficiently 
using Phase-Only Correlation (POC) method. In frequency domain, phase 
preserves more features information compared as to magnitude of the spec-
trum of the image. 

Consider two images,  is query image and  is database 
image. The Fourier transforms of query image  and database image  
are  and , respective-
ly. The phase-only correlation function is defined as [8] 

  (2.1.1) 

Here  is inverse Fourier transform and only phase parts are used of the 
transform of the images  and . 

Eq.(2.1.1) contains high frequency components which has low reliability. 
To remove these components a spectral band-pass type weighting function 
is used. The weight function is defined as 

   (2.1.2) 

where  is function width and  (to normalize the maximum of 
the MPOC function to 1: when matching two identical images). The modi-
fied phase only correlation (MPOC) function is  

  (2.1.3) 
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Weight function offers an improvement in the recognition rate in mainly 
difficult cases [9]. 

 

2.2. Fourier-Mellin Transform 
 

Fourier-Mellin transform (FMT) is used to produce translation, rotation 
and scale invariant features and these features are compared using correla-
tion coefficient [10]. 

Consider a query image  and its Fourier transform is . 

Preprocessing of the query image can require translation, rotation, and 
scaling. If the translation offsets are  and  in the spatial domain, in 
frequency domain it will be 

  (2.2.1) 

If the input/query image is rotated by an angle  and scaled by a factor α, 
the Rotation, Translation, and Scale (RTS) invariance will be 

     (2.2.2) 

The magnitude of the FT of the image  is evaluated as 

.  (2.2.3) 

By taking into consideration the log-polar coordinates such as 

 Eq. (2.2.3) becomes 

 

     (2.2.4) 

Eq. (2.2.4) shows that rotation, scaling and translation are performed log-
polar coordinate system. The magnitude of the log-polar spectrum is not 
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scale invariant (because a factor of ). However this problem can be 
solved by considering a similarity metric that is invariant to the magnitude 
scaling [11]. 

To compare the images, a two dimensional (2-D) correlation method was 
used as similarity metric. The similarity of the images depends on the 
higher correlation coefficient. The 2D correlation coefficient  of two 

 features  and  is calculated as 

     (2.2.5) 

where  denotes correlation coefficient.  and  are 
the feature and their corresponding mean values are  
and . Here . The images are resized 
512x512 for these applications. 

A database was collected to contain different shoeprint images represent-
ing a part of available shoes on the market. A two dimensional correlation 
was employed to find similarity metric for the classification process and 
thus it recognizes the query image among the database images. In order to 
check the robustness of the process, test images with different perturba-
tions such as noise addition and cropping (partial shoeprints) were generat-
ed [11].  

 

2.3. Gabor transform 
 

Gabor transform based multi resolution features extraction [12] is similar 
to Fourier-Mellin Transform based feature extraction. Here Radon trans-
form is used to make the algorithm rotation invariant. 

Radon transform of 2-D image , denoted as  

  (2.4.1) 
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This Radon transform has been used to detect linear trends in images. To 
extract the features Gabor transform is used. It is denoted as  in 
spatial domain. 

  (2.4.2) 

The database shoeprints feature extracted as similar as the magnitude of 
power spectral density. The power spectral density is calculated by squar-
ing the absolute of the Fourier transform which is defined in Eq. (2.2.3). 
The magnitude function of power spectral density is given by 

    (2.4.3) 

The query image features and database image features are compared by 
Euclidian distance to find the best match. 

 

2.4. Redundant Discrete Wavelet Transform and Support Vector 
Machine 
 

Redundant Discrete Wavelet Transform (RDWT) is used to extract image 
feature, and Support Vector Machine (SVM) is used to deal with shoeprint 
recognition problem [13]. SVM based classifier is used for pattern recogni-
tion. Redundant Discrete Wavelet Transform & Support Vector Machine 
(RDWT&SVM) were taken to do experiments on the Cambridge ORL 
shoeprint database and SVM on recognition rate and recognition time re-
spectively [13]. 

Principle Component Analysis (PCA) method based on algebraic statistics 
is used to extract feature of shoeprint images. 

Wavelets are used as basal functions for representing signals. For 2-D im-
ages, applying Discrete Wavelet Transform corresponds to processing the 
image by 2-D filters in each dimension. 

The removing of redundant coefficients decimators makes wavelet com-
pression algorithms more computationally efficient. However wavelet 
techniques are not necessary to perfectly reconstruct the signal. 
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SVM was used as classifier. One against one classification strategy was 
taken for multi-class pattern recognition SVM. SVM has many advantages 
in solving small sample, nonlinear and high dimensional pattern recogni-
tion problems. It is effective method to solve structural risk minimization. 
It has great compromise between learning accuracy and learning ability 
under the finite samples circumstance to achieve the best generalization 
performance. 

 

2.5. Advanced Correlation Filters 
 

In case of geometric distortions (e.g. translated and/or rotated partial 
prints) partial shoeprint images can be classified by Advanced Correlation 
Filters (ACFs). Here partial shoeprint images are matched with different 
qualities using the Optimal Trade-off Synthetic Discriminant Function 
(OTSDF) filter and the Unconstrained OTSDF (UOTSDF) filter [14]. 

A correlation filter  is designed and stored based on database im-
ages . First 2-D Fourier transform  of a query image 

 is multiplied with the correlation filter  to find the corre-
lation output , i.e. 

   (2.2.6) 

where  denotes the inverse Fourier transform and  is the complex 
conjugate of . 

The correlation output  defines the peak, and the height of the 
peak, Peak-to-Correlation Energy (PCE) or Peak-to-Sidelobe Ratio (PSR). 

Finally matching is defined by the cross correlation with in query image 
and all the stored filters. 

2.6. Scale-Invariance Feature Transform 
 

Feature extraction of key points and similarity matching is used for recog-
nition and retrieval of partial and noisy shoeprint images. Different scale 
spaces are built to detect the local extrema in noisy shoeprint images and 
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these extrema are considered as key points. The key points demonstrate the 
local patterns around them. The similarity measure is found using cross 
correlation between the query image and each shoeprint image in the data-
base. The pattern of the query shoeprint is shown in the ranked list, ordered 
from the highest similarity to lowest. [9]. Features in corners are consid-
ered more stable rather than other features. 

Finding the Scale Space Construction SIFT is used to define the stable 
points from shoeprint pattern which is invariant to scale, rotation and trans-
lation. The query image  is convoluting with a Gaussian filter 

 to define the scale space . 

   (2.7.1) 

where  is defined as the width of the filter, and  is the convolution opera-
tion. 

Difference-of-Gaussian (DoG) images are produced by subtracting each 
Gaussian image from the previous Gaussian image in scale. 

   (2.7.2) 

DoG image is compared to eight neighbors in the same scale and nine 
neighbors in the neighboring scales to find local maxima and minima. To 
determine the extrema point is along an edge, using the Hessian matrix 

 

where  is the second partial derivative of the DoG image at a scale. 

The extrema points are considered to describe the pattern of the given 
shoeprints. For similarity matching cross correlation for each feature is 
computed so as to determine the similarity between the query shoeprint 
and the database shoeprint images. 

 

2.7. Comparison 
A comparison is given below among some of the existing feature based 
recognition methods and the proposed method. The comparisons are made 
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on the basis of three characteristics such as feature extraction, features and 
the features matching. 

 

Table 1: Existing Methods and Proposed Method Comparison Table 
Methods Features Ex-

traction 
Features Features 

Matching 
Phase-only cor-

relation 
First Fourier 

Transform (FFT) 
Directionality Co-occurrence 

Matrix 
Fourier-Mellin 

Transform 
Fourier Trans-

form (FT) 
Magnitude of FT Correlation Co-

efficient 
Gabor trans-

form 
Fourier Trans-

form (FT) 
Multi Resolution 

Features 
Euclidian Dis-

tance 
Redundant Dis-
crete Wavelet 

Transform and 
Support Vector 

Machine 

Principle Com-
ponent Analysis 

(PCA) 

feature vector Support Vector 
Machine (SVM) 

Advanced Cor-
relation Filters 

Correlation Fil-
ters 

Peak, height of 
Peak, PCE, PSR 

Cross Correla-
tion 

Scale-
Invariance Fea-
ture Transform 

Different Scale 
Spaces 

Local Extrema Cross Correla-
tion 

Proposed 
Method 

Hough Trans-
form, Threshold-

ing 

Line, Circle Coordinate Dis-
tance 
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Chapter 3 

Analysis and Implementation 
 

The implemented model is designed according to the Srihari’s model [1] 
shown in Fig.3. Numerous levels of analysis were investigated during de-
signing the method such as: (i) global shoeprint image properties, (ii) char-
acteristic of local features. These analyses were utilized to enhance the 
discriminative power in order to confirm a match. The model retrieves 
nearby matches to a query image with the database image. Here in both 
crimes scene images and database images are processed by image en-
hancement operations. Image enhancement is done by edge detection or 
contextually based image pixel labeling. In this project only edge detection 
is used for the proposed model. Next geometrical features such as lines as 
well as circles are extracted from the images. Then the features are repre-
sented by line coordinates for line and center and radius coordinates for 
circle. 

The query image and database image are compared using the similarity 
matching of features. The features describe the single geometrical primi-
tive, such as a circle or a line segment with attributes. These attributes be-
tween a pair of features represents spatial relationships between them. This 
relation is measured by the coordinates of lines, coordinates of centers and 
radius of circles based on Euclidean distance using histograms named  

 

 

 

 

 

 

 

Fig.3: Implemented model 

Shoeprint 
database 
images 

Image 
preprocessing 

Feature Extraction 
using Hough 
Transform 

Features 
Representation of 

query image 
using Features 

Coordinates 
Relation (FCR) 

Features 
Representation of 
database images 
using Features 

Coordinates 
Relation (FCR) 

Features 
Matching using 

Features 
Distance 

Calculation 
(FDC) 

Query 
Image 

 

 

 



Chapter 3 
Analysis and Implementation 

12 
 

Features distance calculation (FDC) and visualized by Features 
Coordinates Relation (FCR) graph. 

 

3.1. Image Preprocessing 
 

In practical cases crime scene impressions are very much noisy or degrad-
ed. Thus the first step in dealing with both crime scene prints and database 
prints is removing this noise or degradation in a way which makes features 
extraction more effective and/or efficient. There are different approaches 
of processing to extract these features. However in this implemented model 
only focused on edge detection. 

The quality of edge detection output depends on the precision of the 
boundary region detection in an image. However canny edge [15] detector 
only detects the edges outside the boundary. Detecting more exact bounda-
ry region improves the quality of edge detection. Morphological operations 
[16] play a crucial role in establishing the exact contours of the different 
shapes like line, ellipse, and circle. That’s why morphological operations 
are performed prior to edge detection. 

Using canny edge detection remarks the edges outside the boundary and 
then executes morphological operations (dilation and erosion) to create the 
interior region of the boundary. 

3.1.1. Database Image 
 

Data set can be created in different ways. The easiest way is to collect shoe 
impressions from commercial vendors. Almost all outsole prints of popular 
brands can provide the impressions to create the data set. In this project we 
have taken some sample images which we called input images to test the 
proposed model. Crime scene images are also used as a data set for future 
identification. 
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3.1.2. Query or Input image 
 

Query image or input image basically defines as the crime scène images. In 
experimental purpose it can be a simulated image. For example step on 
talcum powder and then onto a carpet to create an impression of outsole. 
This impression is captured by camera. Then it is converted into simulated 
crime scene image. However, in real time crime scene images are noisy 
and quite often only partial outsole impressions can be found. 

3.2. Edge Detection 
 

In an image the local change of intensity is edge. Different physical events 
such as geometrical events, non-geometrical events are the reasons for in-
tensity changes. Edge typically separates the boundaries of different re-
gions in an image. So important features are visible and can be extracted 
and subsequently used in recognition process. Edge detection also suppress 
as much as possible noise to smooth the image without disturbing the true 
edge. It can sharpen the image and detect the noise pixels. Different edge 
detect methods are studied to consider the suitable method for implement-
ed model. The analyzed methods are discussed in the next subsections. 

3.2.1. The Canny edge detector 
 

The Canny algorithm finds the changes in grayscale intensity and this in-
tensity change is defined by variations of the gradient of the image. Gradi-
ents are defined in a smoothed image and kernels are used to make the im-
age smooth. These kernels are applied in the x- and y-direction to deter-
mine the gradient. The kernels in  and  directions are defined by 
two matrices  and  as 

  

  (3.1.1) 
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The gradient magnitude, determined by Euclidean distance measure is 
shown in Eq. (3.1.2). 

    (3.1.2) 

To reduce the computational complexity sometimes Manhattan distance 
measure is used as shown in Eq. (3.1.3). 

    (3.1.3) 

where  are the gradients in the x- and y-directions, respectively. 

The direction of the edges is determined by 

    (3.1.4) 

Canny edge detector is considered the most powerful edge detector since it 
has many useful properties such as noise reduction, gradient calculation, 
non-maximal suppression, and thresholding. The detected edges preserve 
the most important geometric features on shoe outsoles, such as straight 
line segments, circles, ellipses. The result of applying the canny edge oper-
ator to crime scene images is shown in Fig. 3.2.1. 

 

 

Fig.3.2.1: Original image and canny edge detected image 
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Canny edge detection is more consistent compared to other detection 
methods (discussed in next subsections).  

3.2.2. The Sobel, Prewitt, Roberts edge detector 
 

Besides Canny edge detector the model has been tested by other edge de-
tector such as Sobel [17], Prewitt [18], and Roberts [19]. The output of 
edge detection is described below. 

Sobel operator is designed as a pair of 3×3 convolution kernels. One kernel 
is rotation by  of other kernel. These kernels determine the vertical 
edges and horizontal edges. 

 

  

Fig.3.2.2 shows the edge detection using sobel operator. 

 

Fig.3.2.2: Original image and Sobel edge detected image 

Sobel error rate is higher compared to Canny. Some edges present in image 
are missed (red circle marked in Fig.3.2.2) and does not show any edge. It 
does not well localize that means the pixel distance between the detected 
and the actual edge is not minimum. 
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Fig.3.2.3: Original image and Prewitt edge detected image 

Fig.3.2.3 shows the Prewitt edge detector and red circle shows the missing 
portion of detected edge image. 

 

 

Fig.3.2.4: Original image and Robert edge detected image 

Fig.3.2.4 shows Robert edge detector and red circle shows the missing por-
tion of detected edge image. 

Among Canny, Sobel, Prewitt and Roberts edge detection methods, Canny 
preserves the most important geometric features on shoe outsoles. It is 
more consistent, low error rate, well localized. Some portions of edge are 
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missing in every method except Canny. That’s why Canny is considered 
for final implementation. 

3.3. Feature extraction 
 

Features are considered to be those characteristics of image measurements 
that are functional for discriminating between different sole types. Such 
feature contains different types of geometrical patterns so that it is easy to 
distinguish it from every other sole type. Since there exists a large number 
of the patterns of a shoes sole, it can be difficult to identify the unknown 
pattern of a query shoeprint in the database consisting of previously identi-
fied prints. 

The main objective of feature extraction is dimensionality reduction and 
this is the basic fundamental of any pattern recognition as well as in image 
processing [20]. The input data is transformed into a reduced representa-
tion when the input data to an algorithm is too large and all the information 
is not important. 

Generally different primitive elements such as color, texture, and shapes 
can be used to distinguish images. Here color features are ignored due to 
working with gray scale images of obtained impression prints. Textures are 
used while shapes are not visible or difficult to recognize and present over 
a long period. Shape features are also robust against occlusion and incom-
pleteness, i.e., the wear or variation of a local region on the outsole will be 
less likely to affect shape features in other regions [1]. 
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(a) (b) (c) (d) (e) 
 

Fig.3.3: Footwear outsole features containing (a) lines, (b) circles, (c) ellipses (d) lines, circles, 
and ellipses and (e) texture. 

Some common outsole geometrical features are shown in Fig.3.3 which 
contains line, circle, ellipse as well as texture. 

3.3.1. Hough transform 
 

The Hough transform [21] is a technique to identify fundamental geomet-
rical patterns in noisy images. It is formerly considered for detecting 
straight lines as well as circles and ellipses in cloud chamber photographs. 
It identifies features in a parametric form in an image by a  dimensional 
accumulator array. Here  is the number of parameters for mapping fore-
ground pixels into parameter space required to illustrate the shape of inter-
est. The shape cast a vote in the same cell of an accumulator array for each 
significant pixel. All pixels of a shape get collected as a peak. The number 
of peaks keeps up a correspondence to the number of shapes of interest in 
the image. 

1. Line Segments: To present a straight line in a polar coordinate system, 
two parameters radius  and angle  are required. In order to transform 
Cartesian  plane to a 2-dimensional polar coordinate, it requires 

 and . The Hough transform takes the value of 
 from the accumulator peak and maps the existence of straight 

lines. 
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2. Circles: Circle detection involves building a 3-dimensional accumulator 
array corresponding to the center coordinates and the radius. Gradient ori-
entation is used to limit the generation of spurious votes [22]. Further, spa-
tial constraints are used to eliminate spurious circles. 

 

3.3.2. Thresholding and morphology 
 

In a grayscale image, thresholding is the simplest method of image seg-
mentation which can be used to create binary images [23]. Morphology is a 
technique for the analysis and processing of geometrical structures of bina-
ry images. The basic morphological operators are erosion, dilation, open-
ing and closing. Edge detection is applied to each database shoeprint to 
estimate the outside boundary. Dilation and erosion form the interior re-
gion of the boundary region and edge detector is applied to extract the 
boundary. This is processed in the following order: Edge detection → Dila-
tion → Erosion → Flood fill → Complement. 

Fig.3.3.2.1 shows an example of thresholding and morphology. 

 

Fig.3.3.2.1: Database Image using morphological operation. 
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Fig.3.3.2.2: Morphological operation with different edge detection (Canny, Roberts, Prewitt, 
and Sobel) in noisy image. 

Sometimes morphological operation plays a vital role in noisy image. 
Fig.3.3.2.2 shows a comparison among morphological operation and vari-
ous edge detection techniques such as Canny, Roberts, Prewitt, and Sobel. 
The original image is noisy. That is why Canny, Roberts, Prewitt, and So-
bel cannot find the edge, whereas morphological operation result is quite 
impressive. 

 

3.4. Feature representation 
 

The implemented model is designed on the comparison basis of extracted 
features. The extracted features are represented and compared on Features 
Coordinates Relation (FCR) and Earth Movers Distance (EMD). 

 

3.4.1. Features Coordinates Relation 
 

Coordinates relations are used to signify objects and scenes for image 
matching [24]. Coordinates relation can clearly represent the correlation 
between different parts of the image using feature points. 
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After extracting the features, a set of primitives of the impression image is 
decomposed. A Features Coordinates Relation (FCR) is constructed to pre-
sent a structural relationship of these primitives. A 3-tuple named as 
(V,E,A) is used to represented FCR where V is known as vertices, also 
called nodes, E is the set of relations (edges) and A is the set of attributes 
Each edge describes the spatial relationship between a pair of nodes. The 
attributes contain node attributes (unary) and edge attributes (binary). 

There are two types of nodes, corresponding to lines (L) and circles (C), 
and four types of edges: line-to-line (L2L), line-to-circle (L2C), circle-to-
circle (C2C), circle-to-line (C2L), Attributes of nodes and edges should be 
defined such that they are scale/rotation invariant, and capture spatial rela-
tionships such as distance, relative position, relative dimension, and orien-
tation. 

 

Fig.3.4: Example of L2L, L2C, C2C and C2L. 

 

3.5. Features Matching 
 

Features matching are used for computing similarity between the query 
image and data base image. In feature matching method the similarity is 
measured by a distance between extracted features in both retrieval and 
identification images. On the basis of distance measure retrieval result can 
be defined in terms of matching uncertainty. 

Image retrieval usually employs histogram (or probability density) distance 
measures. Bin-by-bin distance [25] measures are perceptually unsatisfacto-
ry because of poor performance in high-dimensional feature spaces. Cross-
bin measures are quadratic similarity and Kolgomogorv-Smirnov distance 
[26]; the former is perceptually unsatisfactory. However Kolmogorv-
Smirnov is only applicable while it is one-dimensional problems. In con-
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tent-based image retrieval, cross-bin distance [27] metric works better in 
case of multi-dimensional problems. It has the ability to handle the high-
dimensional feature spaces and closeness to perceptual similarity when 
applied to image histograms. It is also known as the Wasserstein metric, or 
the Earth Mover's Distance (EMD) [28]. In this project bin-by-bin distance 
and cross-bin distance are measured and used in Features Distance Calcu-
lation (FDC). FDC plays an essential part to compute the Features Coordi-
nates Relation matching. 

 

Fig.3.5: Example of histogram distance, bin-by-bin distance and cross-bin distance. 

3.5.1. Earth Mover’s Distance 
 

EMD determines the least amount of work that is required to transform one 
distribution into the other. It measures the distance found in each of the 
two sets of elements and the ground distances between elements. Mathe-
matically it can be described below. 

The distance evaluation between two histograms such as 
 and . The elements  have corre-

sponding weight  and  have . The ground dis-
tance matrix  specifies ground distance for all pairs of bins . 
The flow matrix  where  denotes the amount of weights 
transferred from  to . 
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Using linear programming algorithm [29] the distance is defined as the 
overall matching cost normalized by the sum of all the weights transferred 
from P1 to P2. 

 

 

3.6: Object classification by Neural Networks 
 

A reduced set of measurements or features which classify the FDC scores 
can be designed using a Feed Forward Neural Networks. 

The Neural Network is designed (Fig.3.6) and trained by a 1-hidden layer 
feed forward neural network with 5 hidden layer neurons. The input and 
target samples are separated into training, validation and test sets. The 
training set is used to teach the network. As long as the network continues 
improving on the validation set training continues. The test set presents a 
completely independent measure of network accuracy. The neural network 
is initialized with random initial weights. So every time the example is run 
the results vary slightly after training the network. The random seed is set 
to avoid this randomness and reproduce the same results in every time. 
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Fig.3.6: Neural Network and training tool 

The network has been configured by (24x24=576) 1x576 units input and 
1x576 units target data to train the network. The targets are set either 1 or 
0. When query and database images matched i.e. FDC score is 0 target is 
set as 1 otherwise target is set as 0. The training set is used for computing 
the gradient and updating the network weights and biases. The validation 
set monitored error during the training process because error tends to in-
crease when data is over-fitted. The test set was used to assess the quality 
of the division of the data set. The output layer of our neural network con-
sists of 2 units, one for each of the considered structural states (or classes), 
which are encoded using a binary scheme. 
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Each hidden unit received the input signals from the input layer and pro-
duces an output signal between and close to either 0 or 1 by using a trans-
fer function logsig. Weights are adjusted so that the error between the ob-
served output from each unit and the desired output specified by the target 
matrix is minimized. The data is randomly divided when the function train 
is used. So in this network 70% of the samples are assigned to the training 
set, 15% to the validation set, and 15% to the test set. 

 

3.7: Receiver Operating Characteristics (ROC) 
 

Receiver Operating Characteristics (ROC) graph is used to analyze the 
classifiers and visualize the matching performance of a classifier between 
the database images and input images. ROC graphs are mainly used for 
decision making in this model. 

In this model two classes are being considered for classification. Let con-
sider positive set  and negative set  class levels. Each instance (for 
example a comparison between a query and a database image) is mapped 
to one element of the set  of positive and negative class labels. To 
predict the classes, a classifier is mapping from the instances. Two differ-
ent types of output are produced. One is continuous output which estimates 
an instance's class membership probability. To predict the class member-
ship different thresholds may be applied. Other is discrete class label which 
indicates only the predicted class. To distinguish between the actual class 
and the predicted class the labels  are being used for the class predic-
tions. 

For a given database image and an input image, there are four possible 
outcomes. If the input image is considered as positive (that means that the 
input image and the database image belong to the same class) and is 
matched with database image (classified as positive), it is counted as a true 
positive; if it is mismatched with database image (classified as negative), it 
is counted as a false negative. If the input image is considered as negative 
(that means that the input image and the database image belong to the dif-
ferent classes) and is not matched with database image (classified as nega-
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tive), it is counted as a true negative; if it is matched with database image 
(classified as positive), it is counted as a false positive. 

Given a classifier and a set of instances (the test set), a two-by-two confu-
sion matrix (also called a contingency table) can be constructed represent-
ing the dispositions of the set of instances. This matrix forms the basis for 
many common metrics. 

 

Fig.3.7.1: Confusion matrix 

 

Fig.3.7.1 shows a confusion matrix. The numbers along the major diagonal 
(true positives and true negatives) represent the correct decisions made, 
and the numbers off this diagonal (false positives and false negatives) rep-
resent the errors — the confusion — between the various classes. 
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Fig.3.7.2: A basic ROC graph showing five discrete classifiers. 

A ROC space is defined by FPR (False Positive Rate) and TPR (True Posi-
tive Rate) as x and y axes respectively, which depicts relative comparison 
between true positive (matched) and false positive (mismatched). Since 
TPR is equivalent with sensitivity and FPR is equal to 1-specificity, the 
ROC graph is sometimes called the sensitivity vs (1-specificity) plot. Each 
prediction result or instance of a confusion matrix represents one point in 
the ROC space. 

The best possible prediction method would yield a point in the upper left 
corner or coordinate (0, 1) of the ROC space, representing 100% sensitivi-
ty (no false negatives) and 100% specificity (no false positives). The (0, 1) 
point is also called a perfect classification. A completely random guess 
would give a point along a diagonal line (the so-called line of no-
discrimination) from the left bottom to the top right corners (regardless of 
the positive and negative base rates) 
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Chapter 4 

Model Implementation 
 

The implemented model is designed on comparing FCRs. Implementing 
model approaches are described below. 

Step 1 (Morphology): Morphological operation is required to extract the 
features. It can be considered as first step where dilation and erosion type 
morphological operations are performed. It is required because canny edge 
detector is not good enough to detect all edges inside the boundary. How-
ever morphological operations make the interior region of the boundary 
uniform and enhance the quality of the edge image. 

 

Step 2 (Hough Transform): Hough transform is used to detect the features 
such as line and circle in footwear prints. Circles are detected by Standard 
Hough Transform (SHT). Features are extracted in the order: circle then 
line. In this project only circles and lines are detected. 

 

Algorithm LD: Line Detection 

The algorithm detects the linear features in query and database image as 
follows:  

Input: Edge image of BW and original image I. 
Output: Detected line and their parameters. 
(a) Compute the gradient orientation of original image, i.e. I. 
(b) Find the connected components and their eccentricities e in BW. 
(c) Find the Hough peaks. 
(d) Find the Hough lines. 
(e) Find the starting point and ending point let’s say . 
(f) Detected straight lines by connecting the start and end points of the im-
age. 
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Fig.4.1: Graphs, where only nodes are shown 

 

Fig.4.2: Original image, edge image, feature extracted (lines) image. 

Fig.4.2 demonstrates the line detection in an image. This feature extraction 
is applied both query image and database images. Fig.4.1 shows the start 
and end points of lines by green and red dots. Finally drawing green lines 
between the start and end points detect the lines is shown in Fig.4.2. 

 
 
Algorithm CD: Circle Detection 

Input: Edge image of BW and original image I. 
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Output: Detected circle and their parameters. 
(a) Compute the gradient orientation of original image, i.e. I. 
(b) Find the connected components and their eccentricities e in BW. 
(c) For each connected component consider only eccentricities e = 0and 
eliminate the other considering as noise. To do it  
i. Randomly take three pixels let’s say ,  and , 
ii. Compute the standard deviation of gradient orientation at each pixel's 
neighbor and get ,  and  
iii. if 

 
then 
A. Apply RHT and find the parameters  of the circle 
B. Find candidate foreground pixels that satisfy circle equation 

 
C. Find analytical derivative D at each candidate pixel. 
D. If difference between D and tangent of gradient orientation is equal to 
threshold , declare it as a circle. 
 

 

Fig.4.3: Original image, edge image, feature extracted (circles) image 

Fig.4.3 demonstrates the circles detection of an image. This feature extrac-
tion is applied both query image and database images.  

Step 3 (Feature Representation & Similarity Computation): Detected fea-
tures, co-ordinates of the features such as lines, circles etc. are computed 
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and edge attributes like relative distance & position between nodes are cal-
culated by Features Distance Calculation (FDC). Finally Features Distance 
Calculation (FDC) and Features Matching (FM) algorithm allows the 
recognition of query image and database image. 

Algorithm FDC: Features Distance Calculation 

Input: Edge image after removing all the on-circle pixels BW and original 
image I 
Output: Detecting FDC of line and circle. 
 

A. Consider two distributions A1 and A2 

B. The generic representations of data records of the two distributions 
called signatures (here histograms) let say for A1 is H1 and for A2 is H2 

C. Consider the evaluation of the distance between two histograms 
 

   (4.1) 

  

And  

.   (4.2) 

The element  has corresponding weight  and  
has .  

Here each  is a certain "feature" (e.g., line, circle etc.), and  is "mass or 
weight" (how many times that feature occurs the record). Alternatively,  
may be the centroid of a data cluster, and  the number of entities in that 
cluster. 

 

A typical signature consists of list of pairs, 
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The ground distance matrix  specifies ground distance for all pairs of 
bins,   

  (4.3) 

The flow matrix  where  denotes the amount of weights 
transferred from  to . 

D. The distance between two signatures is then the minimum cost of turn-
ing one of them into the other. 

Subject to the following constraints: 

 

 

 

 (4.4) 

The earth mover's distance is defined as the overall matching cost normal-
ized by the sum of all the weights transferred from P1 to P2. 
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=  (4.5) 

 

 

   (4.6) 

E. If the domain  is discrete, let’s say D is a one-dimensional array of 
"bins” .The FDC can be computed by scanning the array and keeping track 
of how much work needs to be transported between consecutive bins. For 
example: 

When  

   (4.7) 

 

Algorithm of Features Matching 

Algorithm FM: Distance between Database image Features and Query 
image Features 
Input: Two features, let say  
Output: The distance  
 
1 Input Reference or database image 
2. Finds the line in reference image 
3. Find circles parameters in reference image 
4. Input the query image 
5. Find the lines in query image 
6. Find circles parameters in query image 
7. Measure the distance using earth mover’s distance EMD 
8. Compare the distance between query and reference image 
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9. If reference image and query image doesn’t match  

Display ('Sorry the images given are mismatched) 

12. Else 

Display ('Perfect Matches of the images') 
 

Fig.4.4. shows an example of Features Matching (FM) between query im-
age and database image using Features Distance Calculation (FDC). Both 
of the images i.e. query and database image features (line, circle) are ex-
tracted and their distances are measured using FDC. Fig.4.4 shows the line 
to line, line to circle, circle to circle and circle to line coordinates matching 
magnitudes of query and database image. The magnitudes zero of FDC 
indicate that these two images are similar. 

 

Fig.4.4: FDC graph for perfect matching image 

When magnitudes of FDC not equal to zero it indicates that this query im-
age and data base image are not similar. 
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Fig.4.5: FDC graph for imperfect matching image 

Fig.4.5 shows the magnitudes of L2L, L2C, C2C and C2L. The extracted 
features distance of query and database image are not similar. That’s why 
FDC distance is different and system recognizes the query and database 
image is different. 
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Chapter 5 

Results of the System Performance Evaluation 
 

To analyze the matching performance, a small database of shoeprint imag-
es has been collected. For this model 24 images are used as database image 
and query image at the same time. Each of the images was taken as query 
image and compared with the 24 images which are then considered as da-
tabase images. To visualize the matching performance results of the classi-
fier on the database images, Receiver Operating Characteristics (ROC) 
graph is used. Fig.4.6 shows an example of the query image and dataset 
images which are used for analyze the system performance. 

 

 
 
 
 

 

 
Query Image 

 
Database Images 

Fig.4.6: The query image and dataset images 
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Algorithm: System performance evaluation 

Input: Loading the images which are used for query and database images. 
Output: Finding the FDC scores between query and database images. 
 

(a) Load the database and query images. 
(b) Extract the features (line and circle) and find the parameters of the fea-
tures for each of the image. 
(c) Calculate the FDC score of line to line, line to circle, circle to circle and 
circle to line between query image and database images. 
(d) Sum the FDC scores of line to line, line to circle, circle to circle and 
circle to line between query image and database images in every compari-
son. Define a final FDC score for every individual comparison. 
(e) Finally visualize the system performance by evaluating the confusion 
matrix and plotting ROC. 

The matching threshold value is zero. Only FDC score = 0 for match and 
FDC score > 0 for mismatch. Bigger FDC score means greater dissimilari-
ty between a query image and a database image. 
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Table 4.2: FDC score table 
 Database 

Image 
FDC 
score 

Result  Database 
Image 

FDC 
score 

Result 

 

 

 
0 

 
Match 

 

 

 
1435 

 
Mismatch 

 

 

 
1435 

 
Mismatch 

 

 

 
0 

 
Match 

 

 

 
4757 

 
Mismatch 

 

 

 
5574 

 
Mismatch 

 
Query 
Image  

 
4745 

 
Mismatch 

 
Query 
Image  

 
5114 

 
Mismatch 

 

 

 
4745 

 
Mismatch 

 

 

 
5114 

 
Mismatch 

 

 

 
7102 

 
Mismatch 

 

 

 
6006 

 
Mismatch 

 

 

 
1439 

 
Mismatch 

 

 

 
4 

 
Mismatch 

 

Table 4.2. shows some examples of the FDC scores output result of the 
comparison query image and databe images. Query image and databse 
images are matched only when the FDC score is zero and in other cases 
query image is mismathed with database images. 
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Table 4.3: FDC Scores 
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Table 4.3 shows the matching scores of all 24 images. Each of 24 database 
images shown in Fig.4.6 has a unique identification number in the range 
[1, 24]. In Table 4.3 each of the columns represents each of the image FDC 
score with database images. The value at each cross-section of the row x 
(x=1:24) and the column y (y=1:24) represents a FDC score between a 
query image x and a database image y. Let’s say column 1 represents com-
parison of the image 1 with 24 database images, column 5 represents com-
parison of the image 5 with 24 database images and so on. Each of the col-
umns contains 24 FDC scores for query image and respective database 
images. Let’s say for column 1 represents image 1. It’s considered as query 
image and is compared with all 24 images. The value in the 1st row of 1 
column is for image 1; the 5th value is for image 5 and so on. FDC score is 
zero when query image matches with database image. The bigger FDC 
value defines the more dissimilarity with data base image and query image. 

 

Fig.4.7: Receiver Operating Characteristic (a) (ROC) and (b) confusion matrix of Table 4.3: 
FDC Scores. 

Fig.4.7 (a) shows the ROC curve. To draw a ROC curve, only the true pos-
itive rate (TPR) and false positive rate (FPR) are required. The TPR de-
fines how many correct matches have been found during the test. FPR, on 
the other hand, defines how many incorrect matches have been found dur-
ing the test. 

The diagonal cells show (Fig.4.7 (b)) the number of cases that were cor-
rectly classified, and the off-diagonal cells show the misclassified cases. 
The blue cell in the bottom right shows the total percent of correctly classi-
fied cases (in green) and the total percent of misclassified cases (in red). 

(b) (a) 
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The test database holds 24 images, where each image is used as a query 
and a database image were 24. Therefore the possible number of compari-
sons is 24x24=576. Out of 576 comparisons the model has matched 24 and 
failed to match 438 images. The 24 matches are explained by the fact that 
each of these 24 images was compared with itself. Thus FDC score be-
tween two identical images is zero. Total percent of correctly classified 
cases is 80.2 and the total percent of wrong classified cases is 19.8. 

The model's performance was also evaluated using images distorted by the 
Gaussian noise [30]. Previously this model was tested using 24 noise free 
images. Now the Gaussian noise with zero mean and different variances 
was applied to each query image. Subsequently the query image contami-
nated by the noise was compared with 24 noise free database images. The 
comparison among database images and query images has been tested with 
mean value zero and variance in the set [0.001, 0.005, 0.01, 0.05, 0.1, 1] 
Gaussian noise. 

 

 

Fig.4.8: Adding AWGN noise and observe the change with increased noise level. (a)Original 
Image, (b) variance, v=.001. PSNR=31.94dB, (c) v=.005, PSNR=25.10dB, (d) v=.01, 

PSNR=22.19db, (e) v=.05, PSNR=15.46dB, (f) v =.1, PSNR=12.69dB, (g) v=1, PSNR=6.16dB 

(a) (b) (c) (d) (e) (f) (g) 
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Fig.4.9: ROC in different Gaussian noise conditions: (a) without noise, (b) when variance .001. 
PSNR=31.94dB, (c) variance .005. PSNR=25.10dB, (d) variance .01. PSNR=22.19dB, (e) vari-

ance .05. PSNR=15.46dB, (f) variance .1, PSNR=12.69dB. 

Fig 4.9 shows the ROC in different noise conditions. When noise level is 
increasing the Area Under Curve (AUC) is decreasing. That is happen 
because with the increase of noise, gradually decrease the information of 
images and made significant damage of features. As a result area under 
ROC was gradually decreased with increae of noise. 

The noise level is measured by Peak Signal-to-Noise ratio [31]. PSNR is 
defined as 

 ,   (4.8) 

where is the maximum possible signal value that exists in our 
original image  and  is mean square error. 

For a given noise free m×n gray scale image and its noisy approximation 
, MSE is defined as: 

,  (4.9) 

where  and  represent a row and column of the image , respectively. 

(b) (c) 

(d) (e) (f) 

(a) 
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The relation between AUC and PSNR is shown in Fig.4.10. When noise is 
increasing the ratio between signal and noise levels is decreasing. 

 

Fig.4.10: Peak Signal-to-Noise ratio vs Area Under Curve 

The effect of the addition of the Gaussian noise to the images on the sys-
tem performance can be evaluated in several ways. As example a query 
image only or a database image only or both images can be contaminated 
by noise before feature extraction and matching procedure. Therefore three 
types of comparison scenarios can be possible:  

(a) Noise free comparison: when query and database image are noise free,  

(b) Noisy image - noise free image comparison: where either query or da-
tabase image is contaminated by noise and 

(c) Noisy comparison: where a query and a database image are contami-
nated by noise.  

A NN classifier was used to classify images based on FDC scores in a) b) 
and c) types of comparison scenarios as described above. 

Fig.4.11 shows the network performance. The network performance is 
plotted in log scale for each of the training, validation, and test sets. An 
epoch is a measure of the number of times all of the training vectors are 



Chapter 5 
 Results of the System Performance Evaluation 

44 
 

used once to update the weights. The gradient is fed to update the weights, 
in an attempt to minimize the loss. Training set is used to adjust the 
weights on the neural network. Validation set is used to verify any increase 
in accuracy over the training data set. If the accuracy over the training data 
set increases, but the accuracy over then validation data set stays the same 
or decreases, neural network should stop training. Testing set is used for 
testing the final solution. The error decreased rapidly when the network 
was trained and performed the best validation. The green circle shows the 
best validation performance at epoch 20 in Fig.4.11 when neural network 
stop training. 

 

Fig.4.11: Network performance of Noisy image - noise free image comparisons 

The network’s performance can be seen either clicking the "Performance" 
button in the training tool using Matlab graphic user interface, or calling 
PLOTPERFORM function  using Matlab programming language [32]. 

Several conditions are used as network training parameters. The training 
process stops when one of several conditions is met. For our designed NN 
network the training process stops when the validation error increases for a 
specified number of iterations (6) or the maximum number of allowed iter-
ations is reached (1000). 

Fig.4.12 shows the gradient and val fail. Gradient updates the weights so as 
to make it better fit the training data with each iteration. Val fail provides 
guidance when neural network should stop training. 
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Fig.4.12: Training stage of Noisy image - noise free image comparisons  

Neural Network Classifier was extensively tested on FDC Scores using a 
database containing 24 images of a whole shoeprint (256 gray scale images 
of size 512x512 pixels) with good quality and uniform background. To 
evaluate the robustness of the method to noise contamination of the imag-
es, 48 test images were used, where 24 images were original images and 24 
images were noisy images. Each noisy image was generated from original 
shoeprint image. The classifier was tested on 3 sets (conditions), where 
images were classified in two classes (matched or mismatched) using FDC 
scores. The total number of comparisons was 1728 (24x24x3). 

Set1- contains 24 clean shoeprint images. These 24 images were used as 
database image and query images. Each of the query images was compared 
with 24 database images. Thus a set of 576 (24x24) FDC Scores was ob-
tained. 

Set2- contains 24 clean shoeprint images and 24 noisy shoeprint images. 
These noisy shoeprint images were obtained by adding a white Gaussian 
noise (with zero mean and variance .001) to each clean shoeprint image 
(using the MATLAB function ‘imnoise’). FDC score zero when query and 
database image were matched. So, in this set only the noisy image was 
used as database or query image when they were matched. The total num-
ber of comparisons was 576 (24x24). Among 576 comparisons only 24 
comparisons were noisy and noise free comparisons, where a noise free 
image was compared with noisy version of itself. All other pairs consist of 
noise free images. 
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Set3- contains 24 noisy shoeprint images. These 24 noisy images were 
used as database and query images. Each of the query images was com-
pared with 24 database images. Thus a set of 576 (24x24) FDC scores was 
obtained. 

To acquire each set of FDC scores, each image (query and database image) 
was preprocessed, features extracted and then features distance was calcu-
lated. In case of noisy images, noise was added to the image before image 
preprocessing. This process was performed 1728 (24x24x3) times. 

Fig.4.13 and Fig.4.14 show the ROCs and confusion matrices of noise free 
images comparison, noisy-noise free image comparison and noisy images 
comparisons respectively. 

 

Fig.4.13: Neural Network Confusion Matrix: (a) Noise free images comparisons, (b) Noisy 
image - Noise free image comparisons, (c) Noisy image – Noisy image comparisons. 

(a) (b) 

(c) 
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Fig.4.14: Neural Network Receiver Operating Characteristics (ROC) graph: (a) Noise free 
images comparisons, (b) Noisy image - Noise free image comparisons, (c) Noisy image – Noisy 

image comparisons. 

Table 4.4: Neural Network Classifier 
 

Conditions 
Total number 
of compari-

sons 

Number of 
noisy com-

parison 

Correctly 
classified 

Accuracy 
Percentage 

(%) 

Noise free 
images com-

parison 

 
576 

 
0 

 
574 

 
99.7 

Noisy-noise 
free image 
comparison 

 
576 

 
24 

 
556 

 
96.5 

Noisy images 
comparisons 

 
576 

 
576 

 
576 

 
100 

(a) (b) 

(c) 
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In order to compare Neural Network Classifier among the 3 different sets 
of FDC Scores, Neural Network Classifier perfectly classified 574 compar-
isons among 576 comparisons in set1 FDC scores. Here 2 comparisons are 
wrongly classified and accuracy is 99.7%. 

In set2 FDC scores, noise is added to the images. Neural Network Classifi-
er correctly classified 556 comparisons. The images in each compared pair 
were correctly classified as belonging to different shoes. 20 pairs were in-
correctly classified and accuracy is 96.5%. Both images in the pair belong 
to the same shoe. However the Gaussian noise added to one image in the 
pair distorted the image, thus causing the FDC score greater than 0, when a 
FDC score between two images of the same shoe sole is assumed in this 
project to be zero. As a future work it is recommended to develop an adap-
tive thresholding to classify a FDC score as match or mismatch. Table 4.5 
shows scores for noisy noise free comparison. 

Finally in set3 the Neural Network Classifier perfectly classified all the 
comparisons and proved it accuracy 100%. 

From these results, it can be seen that Neural Network Classifier shows 
better performance on noisy images comparisons instead of noise free im-
ages comparisons and noisy-noise free image comparisons However, the 
classification results depends on the accuracy of the FDC scores. 
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Table 4.5: FDC Scores: Noise free-noisy image comparisons 

 

Table 4.6 shows the FDC scores of noisy images comparison. NN correctly 
classified noisy images comparison. Both of the query and database images 
are contaminated by noise. 
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Table 4.6: FDC Scores: Noisy images comparison 

. 
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Chapter 6 

Conclusions and Future works 
 

The project has investigated tasks in footwear outsole impression analysis 
and implemented a model for automatic shoeprint recognition to use in 
forensic science. The model was implemented using different theoretical 
and experimental background. Several sub-problems such as image quality 
enhancement, features extraction from the image for comparison, deter-
mining the similarity between query image and known image are studied 
during implementation. 

This project presents a new model for the automatic matching of shoeprint 
images based on geometric features extraction. Features Coordinate Rela-
tion (FCR) and Features Distance Calculation (FDC) are used as a feature 
vector and a distance measure between two feature vectors, respectively. 
The algorithm developed has demonstrated good performance under stated 
conditions. The model performance is visualized by ROC and classified 
the matching comparisons by neural network (NN). Our results indicate 
that neural network (NN) based classifier can be used to match the shoe-
print images. However, NN has some errors in certain conditions. This 
happens when using the same images as query and database image where 
one of the images in the comparison pair is contaminated with noise. In 
practical cases, query image is not a replica of a database image. 

Through the whole project we have studied different image processing 
algorithms, feature extraction and feature matching techniques which 
helped us to implement a complete model for automatic shoeprint classifi-
cation. 

The implemented model is examined on the limited set of the shoeprint 
images due to the lack of proper database. However, some improvements 
that can be considered for future work to enhance the model's performance 
are given below:  

 A consistent database of crime scene marks will allow measur-
ing the performance of the implemented model. 
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 It is not examined in case of different sizes of the query image, 
increased number of footwear models, etc. This variability of 
the similarity measure needs to be further studied. 

 Developing an adaptive thresholding to classify a FDC score as 
match or missmatch. 
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