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ABSTRACT

ANALYSIS OF FINGERPRINT MATCHING PERFORMANCE WITH
DEEP NEURAL NETWORKS

Fingerprints are unique biometric properties for each person. In the literature and
industry, they are widely used for identification purposes. Collecting biometric datasets is
a tedious work since it is not possible without the owners’ consent, and existing fingerprint
datasets are either not sufficient to use in deep learning tasks by means of size or most of
them are kept private to the collectors’ use. This increases the need of synthetic fingerprint
images and their use in a variety of tasks especially for training deep learning models.

In this study, the performance of a CNN architecture named Finger ConvNet[1] is
compared to well-known networks and the question of whether a mixed dataset consisting
of synthetically generated and real fingerprint images can reach a performance close or
equal to ones having only real images is discussed.

As aresult of experiments, it is shown that the number of real images in the dataset
is an important factor and that the performance of the mixed dataset was less than the one

having only real images proposed in the referred study[1].
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OZET

DERIN SINIR AGLARI iLE PARMAK iZi ESLESTIRME
PERFORMANSI ANALIZI

Parmak izleri her kisi icin benzersiz biyometrik 6zelliklerdir. Literatiirde ve endiistride
kimlik belirleme amaciyla yaygin olarak kullanilmiglardir. Biyometrik veri kiimesi olug-
turmak veri sahibinin izni olmadan yapilamadigindan ve varolan veri kiimelerinin derin
O0grenme yontemleri icin yeterli olmamasi, toplayan kisi ya da kurumun 6zel kullanimi
icin olusturulmasi gibi sebeplerden otiirii zorlu bir istir. Bu, sentetik parmak izi resim-
lerinin ve onlarin 6zellikle derin 68renme gibi cesitli problemlerde kullaniminin 6nemini
arttirmistir.

Bu calismada, Finger Convnet[1] isimli bir siniflandirici derin 6grenme modelinin
performansi, literatiirdeki iyi bilinen modellerle karsilastirilmis, sentetik ve gercek veri
karisimindan olusan veri kiimesinin performansinin, yalnizca gercek verilerden olusan-
lara yakin ya da esit olup olamayacagi sorusu tartisilmistir.

Deneylerin sonucu olarak, karma veri kiimesinin i¢indeki gercek resim sayisinin
belirleyici bir faktor oldugu ve performansin referans calismadaki[1] sadece gercek veri

iceren veri kilmesinden daha az oldugu goriilmiistiir.
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CHAPTER 1

INTRODUCTION

Fingerprint recognition is a problem that has been in the literature for several
decades and has become a topic of information technologies and computer science as the
developments in automated systems, computer vision and artificial intelligence has ad-
vanced. A fingerprint is a graphical ridge pattern present in human fingers which with
its uniqueness and permanence is one of the most reliable biometric identification char-
acteristics. In history, a lot of methods have been applied to recognize humans by their
fingerprints. The research started with manual methods such as marking the unique points
in the fingerprint by human intervention and comparing the match percentage to decide
how much two fingerprints are alike. Despite the intelligent methods applied in history
devised to augment the performance and accuracy of fingerprint recognition, the increas-
ing needs of the field became overwhelming.

After increasing demands, researchers started working on automating the finger-
print identification process and identifying the key visual features in fingerprints that make
them unique, which is still the governing approach today. The features extracted from a
fingerprint image are classified under 3 main groups: Level-1, Level-2, and Level-3 fea-
tures from the least to the most detailed respectively. Level-1 features consist of the
global ridge orientations and mostly used for fingerprint classification. Level-2 features
are minutiae points which are ridge endings and bifurcations. There are other types of
minutiae mentioned in the literature but these are the most reliably working features.
Level-3 features consist of very detailed features such as pores, ridge contours, etc.

In this study, fingerprint features are acquired by training a CNN, and using it as
a feature extractor. These features are then used to train a binary classifier to complete an
overall fingerprint matching architecture. The CNN architecture is trained by a mixture
of real and synthetic data to investigate if synthetically generated fingerprint data can be

used for training when the real data at hand are not sufficient.



1.1 Motivation

Constructing a fingerprint dataset is a cumbersome work like any other biometric
data. Collecting huge numbers of fingerprint images takes a lot of time and sometimes
it is even impossible because of personal/cultural reasons. There are some organizations
collecting this kind of datasets, however, most of them keep them private to their own use.

In this study, leveraging [2][3], we construct a dataset which is constituted by
a small number of real fingerprint images which belong to human beings, and a large
number of synthetically generated fingerprint images to analyze if a deep learning model
trained by this dataset can reach a performance close or equal to the ones trained by
completely real datasets. The generation of synthetic images is not part of this study and
images generated using [25] are used. To compare the performances of the networks used
in this work, the work in [1] is taken as a reference point and the networks named Finger

ConvNet and Resnet18 are used to test the constructed mixed dataset.

1.1.1 Contributions

In this study, the architecture of the first CNN named Finger ConvNet is inspired
by [1], in which they compared this network’s performance with well-known CNN archi-
tectures such as VGG-16 and ResNet. However, they used around 100.000 images for
training these architectures and, as mentioned before, collecting a dataset of this size may
not always be possible. We leverage synthetic fingerprint generation methods and gener-
ate more than 90% of the dataset of size 10.980 synthetically and analyze whether or not
a similar performance can be acquired with this mixed data.

While using a smaller dataset which consists only of the real data, the classifi-
cation performance of the Finger ConvNet and Resnetl8 deteriorated, and making the
architectures simpler did not help improve the performance. We show in this work that
the synthetic fingerprint generators can be used to construct a larger dataset to train deep

learning models with sufficient performance when more data are needed.



1.2 Fingerprint Features

After 2012 when a neural network, specifically a CNN, won the ImageNet compe-
tition [4], deep neural networks’ effects on visual recognition tasks immensely increased.
In this work, we will specifically focus on feature extraction and making use of those
features with a specific deep neural network architecture to recognize the visual pattern
in the fingerprints.

Before starting to explain what will be done in this work, we find explaining what
feature extraction is, and how we will extract the related features from a fingerprint image
very valuable. After this, we will continue explaining the neural network architecture that
will be used.

As mentioned previously there are Level-1, Level-2 and Level-3 features in a fin-
gerprint image. Extracting and comparing these features, especially Level-2 features,
help distinguish fingerprint images from each other. Level-2 features are named minutiae
points, and they are a special type of ridge feature, where a ridge ends or constructs a
structure called bifurcation. These features turned out to be unique features that distin-
guish a fingerprint from one another a few decades ago. Since then, minutiae are features
which many researchers worked with in order to increase the accuracy and performance
of the fingerprint recognition task. In Figure 1.1 an example of ridge ending and a bifur-

cation is shown:

e
—

(a) Ridge Ending (b) Bifurcation

Figure 1.1: Fingerprint level-2 features

Feature extraction operation is detecting and putting an image’s discriminative
features in a usable format. In this work, we use CNN architectures as feature extractors
since they are very powerful at detecting and extracting visual features out of images. We
use an architecture which consists of a CNN named Finger-ConvNet and a NN classifier
proposed in [1].

To compare the performance of the mentioned network with another well known

CNN architecture, we chose Resnet18 to train with the same setup. This network is also



put in the overall setup as a classifier with its pre-trained Imagenet[4] weights. On top of
the model itself, a few fully-connected layers are added and these layers are fine-tuned for
the model to learn fingerprint specific features. The performance analysis of these three

networks will be discussed in the following chapters.

1.3 Thesis Outline

This thesis consists of five chapters.

In chapter 2, the literature survey on the use of CNNs for fingerprint classification
and matching is given.

In chapter 3, the methodology for dataset cleaning, training and performance eval-
uation of CNN and binary classifier models are explained.

In chapter 4, Experimental results and their comparison to the original work is
given.

In chapter 5, Conclusion and possible ways to enlarge this study are discussed.



CHAPTER 2

RELATED WORK

Traditional fingerprint recognition steps generally apply image acquisition, pre-
processing, feature extraction, and matching steps. Some algorithms like [5][6] need the
extraction of minutia to catch the most number of correspondences between them. Some
other algorithms like [7] leverage the ridge information which consists of some chosen
set of minutiae for pre-alignment to minimize the risk of misalignment of the two finger-
prints. Since the amount of fingerprint data is increasing day by day, the speed of feature
extraction of classic matching algorithms will not be sufficiently fast and the performance
of the algorithms will deteriorate.

Artificial neural networks (ANNs) have always been used as fingerprint classifiers
in the literature. [8] proposed various models of multilayer perceptrons to deal with the
classification problem. Mascinska and Tyma [9] used Kahonen’s Self Organizing Maps
(SOMs), which have been used in other works as well. ANNs have also been used as com-
ponents in classification architectures like in [10][11] (Probabilistic ANNs + Structural
models).

Before deep neural networks started to output the state-of-the-art results, SVMs
(Support Vector Machines), which is a well-performing classification technique for prob-
lems with two classes, had been the dominating approach in classification problems. A
modification on the SVM structure were needed, since fingerprint classification is a multi-
class classification problem. Decomposition techniques used in [12][13] was one of the
approaches to deal with this problem. In [14] Yao et al. employed SVMs with error
correction mechanisms. This approach continued in [15] incorporating RNNs to the mul-
ticlassifier. Some recent approaches with SVMs like [16][17] use Genetic Programming
to cleanse the features that will be used in the classification.

Ghaddab et al.[5] proposed Expanded Delaunay Triangularization (EDT-C) which
is a new fingerprint matching architecture based on minutiae triplets. The introduced
matcher leverages an extended form of Delaunay triangularization and optimizes the pro-
cess that allows it to consolidate local matchings in a fast way. Peralta et al. [6] proposed
an approach to filter spurious minutiae to increase the matching algorithm’s efficiency

Today, deep learning based solutions got significant attention and did a very suc-
cessful job in computer vision problems, such as face recognition, object detection, and

etc. Since CNNs specifically have a very good performance on this kind of problems,



they are also used in fingerprint recognition. In [18], a minutiae extraction system based
on CNNs was proposed which does not require any preprocessing steps before extraction.
In that work, a dataset with overlapping patches from 200 labeled fingerprint images were
chosen. Patches are firstly processed by a network called JudgeNet to detect patches that
have exactly one minutiae point. Then the exact position of the minutia was calculated by
the further post-processing steps. A precision value of 94.59%, a recall value of 91.63%,
and an F1-score of 93.09% were reported. In another work [19], a network called Finger-
Net was proposed, which included some domain-specific knowledge in the neural network
architecture (orientation mapping, segmentation, etc.) and resulted in better results com-
pared to the state-of-the-art on the NIST SD27 [20] and FVC 2002 [21] datasets. These
datasets were used by another work named MinutiaeNet which consists of two subnet-
works named CoarseNet and FineNet where CoarseNet takes whole fingerprint images as
well as orientation map, enhanced image, and segmentation map and generates a minutia
score map. FineNet processes each candidate patch, a square region, whose center is the
candidate minutiae point, to refine the orientation score map.

Siamese networks are also used in fingerprint matching tasks. A siamese network
is composed of two identical feature extractor architectures and perform the matching task
by using semantic similarities in deeper layers. In [22], the authors used a siamese net-
work named SiameseFinger to perform cross-sensor fingerprint matching. The network
takes the features extracted by the Gabor-HoG descriptor and they got a comparable re-
sult with that of the state-of-the-art architectures using FingerPass and MOLF datasets. In
[23], a multi-siamese network is used to match contactless and contact-based fingerprint
images by using additional handcrafted fingerprint features like minutiae, core point and
etc. Their proposed architecture got a 8.39% EER result which outperforms the state-of-
the-art architectures, and compared to the other CNN architectures such as VGG, Triplet
CNN and also minutiae-based methods [24] on a publicly available dataset named PolyU.

In [1], which this study is inspired by, a CNN classifier namely Finger Convnet
is proposed. This architecture outperformed other well-known CNN architectures such
as VGG-16 and ResNet on fingerprint matching problem. They achieved around a 98%
validation accuracy on the classifier and NN classifier and 98% of test accuracy on finger-
print matching task on Ten-Finger Card and ID Card Data datasets which is better than

the other networks’ performances.



CHAPTER 3

METHODOLOGY

3.1 Dataset Preparation

The overall dataset consists of both real and synthetic fingerprint images. It has
480 aligned fingerprint images from the FVC2002 dataset. The FVC2002 part is divided
into 60 classes each having 8 impressions. The rest of the dataset is constituted by syn-
thetic fingerprint images. In this study the synthetic fingerprint images generated by [25]
are used and the generation process was not done in the scope of this work. The align-
ment process is completed using the singular points and orientation map. All the images
in the dataset are enhanced leveraging oriented Gabor filters, since the synthetic finger-
print images need a cleaning process. Enhancement operation enabled us to clean them,
since it makes the ridge structure way more visible and clean. After the enhancement
operation, the synthetic part of the dataset is cleaned by eliminating noisy images, since

they increase the inner-class variance of the dataset and add unnecessary noise.

(a) Real 1image from (b) Synthetically gener-
FV(C2002 ated image

Figure 3.1: Images from different subsets



3.1.1 Alignment of Synthetic Images

Since deep learning models learn fingerprint images by interpreting their ridge
structure, we need to make sure that the classes in our dataset are aligned with each other.
We use an alignment algorithm that makes use of the singular points and orientation maps
of the fingerprint images. Since we already know the singular points and orientation maps,
we do not take the step in which they are found into consideration. The algorithm steps

are as follows:
1. Cut the image as a right and left half vertically from the core point.
2. Calculate the average orientation angle of the left and right halves.

3. Rotate the fingerprint image so that the difference between the two average angles

become the minimum

4. Translate the image so that the core point becomes the image center

(a) Before alignment

Figure 3.2: Alignment operation results

3.1.2 Image Enhancement

The synthetically generated fingerprint images had some samples that had unclear
and noisy ridge structures because of a problem in the generation operation. For some of
the images the ridge structures could not be constructed properly, and they needed to be
eliminated, since they added unnecessary noise and increased the inner-class variation in
the dataset. All the images having unclear or incomplete ridge structures were removed

from the dataset.
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Figure 3.5: Steps of the alignment process

Since in the beginning, the synthetic images’ ridge structures were not so clear,
an enhancement operation using oriented Gabor filters was applied on the images. The
orientation of the Gabor filters are based on the orientation of the ridges. For the synthetic
images we have the orientation map of the images, therefore there is not a separate cal-
culation step. After having the orientation image, the ridge frequency image and region
masks are calculated as proposed in [26]. After these calculation steps a bank of Gabor

filters is applied on the images as a last step.

N ,
h(x,y; ¢, f) = exp 3252 + 752 cos (2zrfx¢) (3.1
x y



Equation 3.1 shows the general form of the Gabor filters used in the enhancement
operation. The parameters of the filter are f: the frequency of the sinusoidal plane wave, ¢:
the orientation of the filter and ¢, and 6,: the Gaussian envelope standard deviations. The
f parameter is completely defined by the local ridge frequency of the fingerprint image,
and the values of 0, and ¢, were taken as 4.0 as proposed in [26]. Since we already know
¢ we do not have to calculate it separately.

This operation made the ridge structure way more clear, and enabled us to elimi-
nate the images having noisy ridge structure.

The image classes were analyzed one by one, and the unclear images were elimi-
nated before the training operation while keeping the class balance as constant as possible.
The standard and enhanced images are shown in 3.6, and also the problematic images are
shown in 3.7. As a final result, 20% of the total synthetic fingerprint images were elimi-

nated and 10500 images are left for training.

(a) Before enhancement (b) After enhancement

Figure 3.6: Effect of enhancement operation on ridge structure clarity

After the elimination operation our dataset has 480 real and 10500 synthetic im-

ages divided into 1776 classes. These images will be directly fed to the CNN classifiers.

3.2 Fingerprint Matching Setup

In this section, we analyse the fingerprint matching architecture proposed in [1].

The architecture is depicted in 3.8
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(a) Good quality image (b) Distorted image

Figure 3.7: Clean and distorted images’ ridge structures
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(a) The aligned fingerprint images are given to a classifier network namely Finger Con-
vNet which does identification. This network is trained with the fingerprint images
and the truth labels which indicate whom the finger impression belongs to. (b) After
the training the model is able to extract the discriminative features of fingerprint im-
ages. (c) Two fingerprint features are concatenated and given to the neural network
classifier for verification with YES or NO truth labels indicating if the fingers are
matching or not.

Figure 3.8: Overall architecture

3.2.1 CNN Architectures

The CNN architecture in the proposed [1] matching system is used as a feature ex-
tractor and these features are used to train a binary neural network classifier. In this study,
Finger ConvNet [1], and to compare its performance, Resnet18 with its pre-trained Ima-

geNet weights are used. The details of these architectures will be given in the following

11



sections.

3.2.1.1 Finger ConvNet

Flatten: Nx10240(8*8*160)

Input: Nx320 |

Softmax I

Output: Nxn (n classes) |

Figure 3.9: Finger ConvNet Architecture

Fingerprint images have their own characteristics and performance demands com-
pared to other image types. Since VGG-16 [7] has strong expressive ability, Finger Con-
vNet was inspired by the VGG-16 architecture. This network is trained using the finger-
print images and their truth labels indicating the owner of the image, in order to extract the
discriminative features out of fingerprint images for matching. Moreover, the matching
performance of pre-trained Resnet18 network was compared to discuss the contribution
of Finger ConvNet better. Finger ConvNet consists of five ConvBlocks each of which has
two convolutions, one batch normalization, and one exponential linear unit layer. The last
block is the feature block, and it is followed by a softmax layer.

The hidden layer at the end is kept as a feature layer, where the aforementioned
features, which will distinguish one fingerprint from another, are formed. Since in the

datasets, the fingerprint images can be of different sizes, all the images are cropped to the

12



ConvBlock

Convolution Layer

Convolution Layer

Batch Normalization (BN)

Exponential Linear Unit (ELU)

Figure 3.10: First 4 conv block structures

5th ConvBlock

Convolution Layer

Batch Normalization (BN)

Exponential Linear Unit (ELU)

Figure 3.11: The 5th conv block structure

same size 256 x 256 x k, where k is 3 for colored images and 1 for grayscale images. In
this setup, the feature later outputs 320-dimensional feature vectors. In the matching step,
320-dimensional feature vector couples are concatenated and, a binary classifier network
is trained with these combined features. The Finger Convnet architecture and a single
conv block structure is depicted in figures 3.9 and 3.10

Since the dataset size used in this study is smaller than the original work, the last
convolution layer was removed while training Finger ConvNet. In the final setup, the 5th
conv block has only one convolution later. The rest of the architecture is kept as is. The
fifth conv block is shown in 3.11

13



3.2.1.2 Resnetl8

The ResNet architecture is another CNN network that performs well in vision
problems. We used this network to compare its performance with Finger ConvNet as
a classifier in our matching system. Originally it has been proposed to overcome some
problems faced while using deep NN architectures.

Residual networks were proposed by Microsoft Research Team in 2015 [27], and a
ResNet won ILSVRC 2015 and proved itself to perform very well in image classification
and recognition problems. The main reason residual networks were proposed was that
the deeper the networks became, the more their accuracies got saturated since they were
converging. This led to a degradation problem in the networks’ performances. Resnet18
is used as the second architecture in this study because of its proven performance in clas-
sification tasks. Resnetl18 was chosen specifically since Resnet35 and Resnet50 models
had a slightly worse performance than this network since the dataset size is relatively
small to get the optimal performances out of these deeper networks. The performances of
Resnet34 and Resnet50 will also be discussed in Chapter 4.

Input
3x3 conv, 64
3x3 conv, 64
3x3 conv, 128
3x3 conv, 128
3x3 conv, 256, 12
3x3 conv, 236
3x3 conv, 256
3x3 conv, 512,72
3x3 eonv, 512
3x3 conv, 512
Avg pool

o %
o8 =
&
=2 E
?' 7
-
) -
-

Figure 3.12: Resnet18 architecture

The Resnet architecture was used as a pre-trained model in this setup. All the
layers are frozen and they are not trained. 2 dense layers having 128 and 320 layers
respectively are put on top of the frozen layers for fine tuning. In order to prevent over-
fitting, after every dense layer a dropout layer is used. The complete setup of Resnet18
architecture used in this study is given in 3.13. At every layer, 30% of the neurons are
disabled to prevent overfitting. The last dense layer having 320 neurons will output the

320-dimensional feature vectors that will be used to train the binary classifier network.
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Resnetl8

Dense (128)

Dropout (0,3)

Dense (320)

Dropout (0,3)

Softmax (1776)

Figure 3.13: Resnet18 setup

3.2.2 Binary Classifier Network

The binary classifier network is the network that is used to measure the matching
performance of the discriminative vectors that the classifier networks extracted. The ex-
tracted 320-dimensional vectors are concatenated as fingerprint couples and fed into the
binary classifier, so that it learns whether two fingerprints are matching or not. The neural
network classifier has a very basic structure. It has 640-dimensional input layer, 640-
dimensional hidden layer and, 2-dimensional output layer which has sigmoid activation

function.
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Figure 3.14: NN binary classifier
3.3 Training Setup

3.3.1 CNN Classifier Training Setup

After the alignment of the fingerprint images our setup is ready for training. In a
CNN, to learn the mapping function Conv(.), we need to find the best set of parameters 6,
which constitutes the weights and biases in each layer. We can achieve this by classifying
the feature vectors by an n-dimensional softmax classifier.

Both classifier networks have a softmax layer as a last layer, and it calculates a
probability distribution over 1776 classes. The best probability is chosen as the predicted
class value while minimizing the categorical cross-entropy loss. We minimize the cat-
egorical cross-entropy loss to learn the network parameters. It can be formularized as

follows:

Lsoftmax(fa t, Oident) = — Z yl log(Pz) == log(pt) (3.2)

where f is the feature vector extracted from a fingerprint image, t represents the

target class, 6,4, denotes the softmax layer, which gives a probability distribution over

16



fingerprint classes. yi is a 1xn vector that represents the predicted probability distribution,
in which yt = 1 indicates the target class and yt = 0 for the rest of the classes. Finally, pi
is the probability distribution that the network predicts.

3.3.1.1 Finger ConvNet Training Setup

All the convolution layers in the Finger ConvNet architecture were initialized with
normal distribution having zero mean and 0,001 standard deviation. Adam optimizer is
used as the optimizer function.

5-fold cross validation is applied to validate the performance of the classifier, and
all folds were run for 700 epochs. On an Nvidia 3070RTX graphics card, every training

session which consists of 5-folds lasted around 36 hours.

3.3.1.2 Resnet Training Setup

Resnet18, Resnet34 and Resnet50 training experiments were conducted with the
same experimental setups. The Resnet’s weights were frozen and 2 dense layers were
added on top of the frozen layers to fine-tune the model. As a last layer, a softmax
layer was added for the model to output a probability distribution over the fingerprint
classes in the dataset. In all of the Resnet setups the convolutional layer weights were
initialized with normal distribution having standard deviation and mean equal to 0,01 and
1 respectively. In order to validate the model performance, 5-fold cross validation was
applied similar to Finger ConvNet experiments.

The experiments were conducted for 5-folds each having 250 epochs for Resnet18
and 450 epochs for Resnet34 and Resnet50. A single experiment on these networks lasted
around 30 hours on a 3070RTX graphics card.

The experimental results of the classifier networks will be discussed in detail in

chapters 4.
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3.3.2 Binary Classifier Training Setup

In contrast to CNN classifiers, the binary classifier uses binary cross-entropy loss
which is only a special case of categorical cross-entropy loss. This function outputs a
probability distribution over 2 classes. The class value having a probability over 50% is
chosen as the predicted class.

While building the dataset for an NN classifier, to keep the dataset balanced, the
number of matching fingerprints are kept equal to the number of non-matching fingerprint
couples. This prevented any issues that would be caused by an unbalanced dataset.

The feature vectors have been normalized so that they have zero mean and one
standard deviation. The input and hidden layers were initialized with normal distribution
having zero mean and 0,01 standard deviation, and all the biases were initialized as zero.
In these layers, instead of ELU activation function, RELU was used. Batch normalization
layers were used after the input and hidden layers to normalize the inputs passing through
these layers.

In this study the real images are taken from FVC2002 dataset, and 120 images

from this dataset are taken to construct the test set for the binary classifier network.
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CHAPTER 4

EXPERIMENTAL RESULTS

The classifier networks were trained with 10860 fingerprint images. 360 of them
were real images used from FVC2002 dataset (120 of the 480 real images are put aside
for the final tests), and 10500 of them were synthetically generated. As the experiments
show, both classifier networks got more than 90% of validation accuracy. The matching

performances will also be given in details in the following chapters.

4.1 Finger ConvNet Results

Finger ConvNet architecture got higher results when trained with the mixed dataset,
than only with the real data. The real part of the dataset gave worse results since the size
of the data was not sufficient. The results show that a dataset that does not have sufficient
amount of data can be enlarged using synthetically generated fingerprint data to make a
classifier’s performance better.

In order to validate the performance of the model, 5-fold cross validation was
applied and the model had comparable training performances with the original study [1]

on each fold. Figure 4.1 shows the accuracy charts of the 5 folds.
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Figure 4.1: 5-fold cross validation results for Finger ConvNet
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The model got a satisfying result with the mixed dataset, and when compared to
the original work [1], considering the difference between the dataset sizes, the Finger
ConvNet implemented in this study did a successful job.

In order to understand the contribution that the synthetic dataset added on top of
the real data, a training with only real data was performed. As seen in 4.2, with the dataset
having only 480 images the training could not be performed properly and a bad validation
accuracy was output. This shows that, enlarging a dataset with synthetic fingerprint data

works as expected.

Table 4.1: Finger ConvNet 5-fold cross validation results with their mean(u) and standard

deviation(o)

Fold \ Validation Accuracy (Mixed) \ Validation Accuracy (Only Real)
1 90.83% 79.13%

2 89.37% 76.16%

3 92.19% 81.07%

4 88.71% 78.34%

5 90.28% 82.12%

7 90.27% 79.36%

o 1.20% 1.90%

4.2 Resnet Results

In this study, Resnet18 is chosen as the network to compare the Finger ConvNet’s
performance. The exact same experimental setup was designed for Resnet1 8 model and
the training was performed. The 5-fold cross validation results for Resnet18 are shown
in 4.3. As seen in these figures, this model got better results with the mixed dataset as

proposed in the original work [1].

22



model accuracy

model accuracy

1079 — train 1.0 =
—— \validation ,mm L - M
0.8+ 0.8
0.6 064
%y %y
I I
g g
s s
3 3
g g
® 04 ® 0.4
02 02
0.0 00
0 50 100 150 200 250 0 50 100 150 200 250
epoch epoch

(a) Validation accuracy: 96.23%

model accuracy

(b) Validation accuracy: 95.93%

model accuracy

107 — rain | e 1.0 =
—— validation —— validation
0.8 0.8 4
0.6 0.6
> >
I I
il il
H H
8 8
® 04 © 0.4
0.2 0.2 4
0.0 0.0+
[ 50 100 150 200 250 [ 50

epoch

(c) Validation accuracy: 94.72%

accuracy

model accuracy

T ] iy
—— Validation WWWW

0 50 100 150 200 250
epoch

(e) Validation accuracy: 96.78%

100 150 200 250
epoch

(d) Validation accuracy: 95.19%

Figure 4.3: 5-fold cross validation results for Resnet18
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As performed with Finger ConvNet model, a training was performed with only
real data with Resnetl8, as well. As expected, the results were worse than the mixed
dataset. As seen in 4.5, completing the dataset with synthetic fingerprint images increased

the performance in Resnet18 experiments.
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Figure 4.4: 5-fold cross validation results for Resnet18 with only real data
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Table 4.2: Resnet18 5-fold cross validation results with their mean(u) and standard

deviation(o)

Fold \ Validation Accuracy (Mixed) \ Validation Accuracy (Only real)
1 96.23% 86.54%
2 95.93% 87.23%
3 94.72% 88.37%
4 95.19% 87.64%
5 96.78% 85.98%
7 95.77% 87.15%
o 0.67% 0.83%

Table 4.3: Resnet18, Resnet34 and Resnet50 5-fold accuracy comparison
Fold | Resnet18 | Resnet34 | Resnet50
1 96.23% 93.97% 96.13%
2 95.93% 93.88% 95.27%
3 94.72% 93.24% 94.23%
4 95.19% 95.01% 96.54%
5 96.78% 92.76% 94.13%
u 95.77% 93.77% 95.26%
o 0.67% 0.76% 0.97%

4.3 Binary Classifier Results

In the overall fingerprint matching architecture proposed in this study, the binary
classification network is used to evaluate the performance of the previously mentioned
classfication networks. The features extracted from the trained classifiers are used to
train the binary classifier network. In order to set up a system to perform a fingerprint
matching, the feature vector couples are concatenated and fed into the network as shown
in 4.7. After the network is trained the performance on the test set is evaluated.

Before feeding the features to the binary classifier the concatenated feature vectors
are normalized so that they have a zero mean. The 4.8 shows the feature vectors around
the origin.

The binary classifier was trained very smoothly and the results from Finger Con-
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vNet and ResNet18 features were given in 4.8. The Finger ConvNet features got 80.37%
test accuracy with 89.25% precision and 88.48% recall values using mixed-dataset fea-
tures. It got 77.87% test accuracy with 85.43 precision and 84.56% recall values using
the features from only-real dataset with the same setup. The Resnet18 model got 84.12%
test accuracy with 87.54% precision and 88.09% recall using mixed-dataset features and
82.76% test accuracy with 84.29% precision and 84.12% recall using only-real dataset
features. The whole testing setup was conducted using the test set from FVC2002, which
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was mentioned before, consisting of only real fingerprint images. The precision and re-

call being higher than the test accuracy could be because of the number of non-matching

fingerprint images in the binary classifier dataset than number of matching images.
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4.4 Summary

The experimental results show that Finger ConvNet and Resnet architectures can
be trained with the mixed dataset, and the performances are close to the results proposed
in [1]. The reason there is a difference between the performances is that there is still a
considerable amount of difference between the dataset sizes. The Finger ConvNet got
around a 92% mean validation accuracy with the mixed dataset, and compared to the
original work, this is a reliable result, although it might change depending on the fault
tolerance of the problem, for fingerprint classification and matching.

The Resnetl8, Resnet34 and Resnet50 networks got better results than the Fin-
ger ConvNet model. This is an expected case, because in this study, a transfer learning
approach was applied on this models, and transfer learning is already the governing ap-
proach when insufficient amount of data are present at hand. Resnetl18 got around 96%
of mean validation accuracy with the mixed dataset and it is very close to the proposed
results of pre-trained networks in [1].

The small difference between the model performances compared to the dataset
size differences can be explained with the fact that the number of classes in the dataset
used in the original work increases as the dataset size becomes larger. In the real dataset
experiments in this study, the performance deteriorated even more, since the dataset size
was not sufficient even for the weights in the model to converge well.

The final test results from the experiments conducted on the real fingerprint im-
ages gave a worse performance than the original work. The reason for that could be that
the number of real fingerprint images were the minority in our mixed dataset. The per-
formance could be increased by having a larger portion of the dataset consisting of real
fingerprint images. Synthetic fingerprint images increased the performance of the feature
extractors, however, the same amount of increase was not reflected in the overall matching
performance. Nevertheless, there is a slight increase between the matching performances
of only-real and the mixed datasets

The comparative results of classifier networks and datasets in this study and the
original work is given in tables 4.4, 4.5 and 4.6. The table 4.5 shows that Resnet18 got
a better result than Finger ConvNet, since the dataset is still smaller that the one used
in the original work. Since transfer learning approach was applied in Resnet experiment
setups, a better result is expected. Table 4.6 shows that, Finger ConvNet and Resnet18
got similar result in matching task as well, by keeping a similar difference they had in the

feature extraction setup.
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Table 4.4: Dataset comparisons

| Original Study | Mixed Dataset | Only Real Dataset
Number of classes 20-29k 1776 60
Total number of images 100-170k 10860 360

Table 4.5: Feature extractor validation accuracy comparisons

| Original Study | Mixed Dataset | Only Real Dataset
Finger ConvNet 96.89% 90.48% 79.44%
Resnet18 96.18% 96.02% 89.15%
Table 4.6: Fingerprint matching performance comparison
| Original Study | Mixed Dataset | Only Real Dataset
Finger ConvNet features 96.89% 80.37% 79.36%
Resnet18 features 96.34% 84.12% 82.76%
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CHAPTER 5

CONCLUSION

The fact that training neural networks require large dataset sizes is a known truth
in the deep learning literature. Providing the model with the sufficient amount of data
is an important concern, since the generalization power of the model after the training
process depends on this.

The problem of collecting a large dataset has always been a problem since the
very first feed forward networks stepped into the machine learning literature. The moti-
vation of this project is to compare the performances of well-performing neural network
architectures with the classifier network architecture proposed in [1] with different dataset
sizes. Using a dataset consisting of only real images may not always be possible, since
collecting a large dataset is a tedious work. As a solution to this problem, the idea of
employing a synthetically generated dataset for neural network training has arisen.

As a result of the experiments conducted in this study, it is shown that enlarging
a dataset using synthetic fingerprint images help improve the feature extractor perfor-
mances. However, the number of real fingerprint images in the training dataset is an
important factor. Since the number of images in our dataset was not as many as in the
original work, there is a difference between the matching performances on Finger Con-
vNet experiments. This shows that synthetic fingerprint images can be used in neural
network training for classification and matching problems provided that the number of

real fingerprint images is not too small.
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