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Abstract

Small sample size learning (SSSL) problem arises when the available training data are limited, making it
challenging for machine learning models to capture meaningful patterns and provide accurate
predictions. In computer vision applications, constraints on training data are common due to data
collection difficulties or high annotation costs. This PhD thesis focuses on exploring deep learning
strategies tailored for addressing the SSSL problem, with a specific emphasis on developing efficient
training methods for convolutional neural networks (CNNs) when only a limited amount of data are
available. Different approaches exist based on the space being considered: data augmentation techniques
in the input space, approximating target functions with regularization and pretraining in the model space
and encoding relationships between data points within a latent feature space. In this dissertation we
propose methods that attack SSSL in one or multiple spaces simultaneously. The applications studied in
this thesis include biometric verification in the offline signature verification (OffSV) problem, which
currently lacks a large available offline signature dataset, and the biomedical problem of human epithelial
type-2 (Hep-2) cell classification through indirect immunofluorescence (lIF) microscopy images, involving
a challenging annotation process.

Initially, shallow representation learning approaches, utilizing traditional computer vision techniques, are
studied as a baseline scenario of approaching SSSL. This enabled us to gain valuable insights into the
intrinsic characteristics of the studied problems and enhances the interpretability of the results.
Subsequently, a hybrid scheme combining hand-crafted descriptors with a CNN model is proposed. Hand
crafted features can create representations with desired invariance characteristics, hence when used as
input to a CNN, can provide a more effective starting point for training with limited samples size.

A different path to address the SSSL problem studied in this dissertation involves utilizing external data
from a similar domain with data abundance. These data can serve as information carriers within a
sophisticated training procedure, aimed at enhancing performance in the target problem that suffers data
limitations. Such methods were developed in the context of OffSV, where auxiliary handwritten text data
were utilized during the training of CNNs in the writer identification task, managing to learn effective
encodings of signature images by employing domain adaptation techniques, achieving comparable
performance or even surpassing models trained on thousands of signature images.

The first such approach proposed in this thesis is explicit domain adaptation, which encompasses metric
learning using an additional transformation layer trained via contrastive loss, used to transform the
outputs of a pretrained CNN model. The second proposed technique is implicit domain adaptation,
implemented through teacher supervision in the Feature-based Knowledge Distillation (FKD) scheme. This
method leverages both local and global information from intermediate representations of the teacher to
facilitate efficient knowledge transfer. Results demonstrate that the proposed approaches effectively
address the SSSL problem in the OffSV domain, operating in either the feature space or the model space,
by utilizing auxiliary data in the input space to overcome the challenges posed by the data limitations.






[TeptAnym

To mpoOBAnUa ekpudBnong e HIKpO TANBoc Sedopévwv mpokUmtel otav ta Stobéoipua dedopéva
eknaidevong eival meploplopéva, KATL Tou KaBLotd SUCKOAN TNV OMOTEAECUATLKN EKTIALOEUON LOVIEAWVY
MNXAVIKAG €KABnong kat tnv mpofAedn akplpwv amoteAeopdtwy. H Stabeouotnta peydlouv dykou
S6ebopévwy ouyva amotelel MpokAnon, Toéco ot eninedo amobrkevong kal enefepyaciag, 600 Kol Ot
emninedo cuA\oyng, EAEYXOU KOl XELPWVOKTLIKNG EMLONMOvVOonG Twv Sedopévwy, Llaitepa o mpoPAnpata
emBAenopevng ekpadnong. H mapovoa Aldaktopikr) Alatpilfr) eotidlel otnv avamtuén amodoTikwy Kot
TIPWTOTIOPLAKWY TEXVIKWV EKUABNONG mou kablotolv eIkt TNV aflomoinon TEXVIKWY alYUNg amd To
XWpo Twv Bablwv Tuvellktikwv Neupwvikwv Alktowy (ENA) os mpoBARUATA UE EYYEVEIC TTEPLOPLOUOUG
ota SlaBéopa dedopéva ekmaideuong, OTWE T.X. Elval oL BLOPETPLKEC Kal BLO-LATPLKESG EPAPHOYEG.

Mo artAr] Ta€Llvonon TwV MPOCEYYICEWV yLa TNV eMiAUGN TOU TPOoPANHATOC EKUABNONG HE ULKPO TIARB0G
Sebopévwy pmopet va mpaypatomnolnBel pe Bdon to medio mou sdpapuolovral ol SLAdOPEC TEXVLIKEG,
a€LOTIOLWVTAG TO XWPO ELCOSOU TWV SeSOUEVWY e KUplapXeG TIG HEBOSOoUC emalEnong Twv SeSoUEVwY,
1o mebio tou poviédou avalntwvtog thn BEATLOTN cuUVAPTNON yla TNV amodotikn Kwdlkomoinon tng
mAnpodoplag, KaL Tnv avantuén oxéoswv (av)opoldtntog ota e€ayOUeEVa AMOTEAECUATA TOU LOVTEAOU.
APXIKA MEAETWVTAL MOVTEAM €eKUABNONg Hpe Xpnon pnxwv HeBOSwvV avamapdotoong E£LKOVWY,
XPNOLUOTIOLWVTAC KAAOOLKEG TEXVIKEG UTIOAOYLOTIKAC Opaong we Baon avadopdg oto mpoPANUaL HE KPS
TANB0¢ dedopévwy. Auto ival BondNTIkd ylo TNV KATAVONOoN TWV XAPAKTNPLOTIKWY TWV ONUATWY TToU
MEAETWVTOL AAAQ KOL TNV KAAUTEPN £EHYNON TWV OTMOTEAECUATWY. XTN CUVEXELQ, TIPOTELVETAL LA UBPLOLKN
uEBoSog mou ouvbualel kAaoowkoUg meplypadeic ewkovwy pe €va INA. O KAQGGOLKOG TPOTOG
Kwdlkomoinong tg mAnpodopiag £podlalel TG MPOKUMTOUCEG OVATAPAOTACEL TNG ELKOVAG UE
EMBUUNTA XAPAKTNPLOTIKA, KoL OTAV XPNOLUOTIOLOUVTAL WG £l0080¢ o€ €va INA, Umopolv va apEXouV
£VQL TILO QTTOTEAEOUOTIKO ONpeio ekkivnong ylo Tnv ekmaideucn Tou SIKTUOU UE TIEPLOPLOUEVO aplOpd
Selypdtwy. e pa SLadopeTIK KOTELOUVON QVILMETWILONG TOU TPOPAAUATOC EKUABNONG HE HKPO
TANBo¢ Sebopévwy, aglomonOnke n xprion eEwWteplkwv deSoUéVwY amo évav TMaPOUoLo TPOBANUA HE
mAnBwpa edopévwy. Autd ta Sedopéva e€axOnkav £ToL wote va sEunmnpetolV w¢ dopeig mAnpodoplag
pLa 181k oxeblaopévn dladikaaoia ekmaibeuong, e otoxo va BeAtiwOel n anddoon oto mpoPANUa ou
umtodEPEL amod MePLOPLOUOUC SeSOUEVWY. Z€ QUTN TNV TIEPITTWON, N WTOTEAECUATIKA TIPOCAPLOYH TWV
600 MpoPANUATWY, TOU TIPOPBANUATOG He emapKela SeSOUEVWY Kal Tou poPARUaTog evilad£pPovTog Le
Tieploplopéva Sedopéva, paypatonoleital oxedlalovrag tn Stadikaoia ekmaideuong 1000 QUECA LE TNV
EKUAONON AMOCTACEWV PECW EVOG POCOETOU EMMESOU LETACYXNMATIOMOU TIOU XPNOLUOTIOLELTAL YL VOl
petaoxnuatiost tig e€66oug evog mpo-ekmaldevpuévou poviéhou INA otn Bdaon tNg opoLoTNTAG TWV
ONUATWYV MOV LEAETWVTOL OG0 KAl EUPETA LEOW EVOG OXNUOTOC AMOOTAENG YVWoNG LETaty Vo INA, drou
TO £va SIKTUO €XELTO POAO TOU PABNTEUOUEVOU KoL TO AAAO Tou eMIPBAEMOVTOG, OXNUATI{OVTAC KOLVOTOUES
OUVOPTAOEL; OMOLOTNTOC METAEY TWV EVOLAUEOWY QVOTAPACTACEWY TwWV SUO0 HOVTEAWV ylo. TNV
anoteAeopatiky petadopd tng mAnpodoplag amd to Siktuo emiBAémovia Katd TN SLAPKELA TNG
ekmaideuong Tou SIKTUoU pabnteuodpevou. Emopévwg, ota mMAaiolo auThg tng SI6AKTOPLKNG SLaTpLBAC,
OXeOLAO0TNKAV TIPWTOTIOPLOKEG TIPOCEYYIOELS emiAuong Tou TTPOPBARMATOC EKUAONONG UE TIEPLOPLOUEVDL
S6ebopéva avamtlooovtag TeXVIKEG o TIOAAmMAG media tou mpoPAnpatog aAld kat Sokiualoviag
SLapopeTIKEG epapluoyEC evOLaPEPOVTOC.
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in the FKD. The FKD is implemented utilizing the geometrical regularization terms from intermediate layers (GeomL1
and GeomL2) and the response regularization term from the final extracted features (RespL). Thus, the overall multi-
loss function combines the FKD regularizations together with the classification loss to supervise the training of the
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1.1 | Small sample size learning problem

Chapter 1

Introduction

1.1  Small sample size learning problem

Deep learning has revolutionized our world in the last decade, achieving remarkable performance
in various applications, such as computer vision, speech recognition, natural language processing,
and recommendation engines [1]-[3]. Among the most popular deep learning models are
convolutional neural networks (CNNs) due to their efficiency in many tasks [4]-[6]. The
advancements in parallel processing hardware along with the availability of large amount of
annotated data and the emergence of new theoretical tools and techniques in the field of deep
learning have made it possible to train CNNs with deep hierarchical representations [7], [8]. CNNs
are compositional learning models that use multiple layers to learn features. Higher-level learned
features are formed by combining lower-level features in a hierarchical way. Automatically
learning features at multiple levels of abstraction enables CNNs to learn complex functions,
mapping the input to the output directly from data. These layers of features are not designed by
human engineers, but they are learned from data using a data-driven learning procedure through
end-to-end training. Training a CNN involves optimizing the learnable parameters across all layers
of the model. Since the number of model’s learnable parameter (weights) is usually very large,
training typically requires a large dataset. Ultimately, the effectiveness of deep learning models
heavily relies on the availability of abundant and high-quality training data.

In many real-world scenarios, collecting large number of samples and annotating them is not
always practical. The small sample size learning problem (SSSL) arises when the available training
data are limited in size, posing a challenge for machine learning models to extract meaningful
patterns and make accurate predictions. The scarcity of training data poses difficulties in
capturing the underlying patterns and variability in the dataset accurately, leading to overfitting.
As a result, the machine learning models perform well on the training data but fail to generalize
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to unseen data. The SSSL problem is particularly evident in fields such as biometrics, where
privacy concerns hinder the collection of a large amount of labeled data, while operational
conditions of such systems rely on a small number of available reference samples for each user.
Similar challenges are also encountered in the realm of biomedical applications, where manual
annotation (diagnosis) requires high expertise and entails significant costs. These limitations
trammel the use of deep learning models in a wide range of problems, despite the potential
benefits they offer.

In a general formulation, the learning problem can be expressed as a minimization problem:

min £(p,Y) eq. 1.1

and the process of mapping data using a learning model can be mathematically represented as:
F=oWX+b) eq.1.2

where ¢ is the model with weights W and bias b, X is the input data, F is the output feature, Y
is the desired output, and 2 is the loss function. To address the SSSL problem, the proposed
solutions investigate the input space, model space, and feature space depending on whether
they operate on X, @, or F [9]. Methods that operate on input space aim to augment the data by
generating additional samples or transforming existing samples to optimize the feature space.
The methods that focus on the model space approximate target functions to map inputs to the
output while the feature space optimization aims to efficiently encode relationships among data
points on the embedded space.

In the input space, there are several techniques that can be employed to address the SSSL
problem by increasing the number of samples or making the data representation more
informative. When working with images, these methods involve generating additional image
representations to artificially expand the dataset [10], [11]. One approach is to introduce
variations in certain qualities of the data, such as through geometric and color space
transformations [12]. By creating new samples from the existing ones, the size and diversity of
the training set can be increased. To further enhance the information extraction, a more
advanced approach is to apply encoding techniques that transform existing images into new
representations. This encoding process captures specific image characteristics and provides
valuable inputs to deep learning models. By leveraging these techniques, the models can
generalize better or faster and effectively handle the SSSL problem [13], [14]. Additionally, the
utilization of synthetic data is another strategy to address the SSSL problem [15]. Synthetic data
can be generated even without relying on the original dataset by using generative methods that
generate new images resembling the target data distribution. One significant advantage of
synthetic data generation is the elimination of manual data labeling, as it becomes possible to
generate synthetic samples that are tailor-made with desired characteristics in the first place.
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However, it is important to ensure the quality and realism of the augmented data for its
effectiveness in deep learning applications. Therefore, it is crucial to provide augmented data
that captures relevant image properties and aligns with the specific objectives of the problem at
hand since there are domains, where large-consistent data generation or transformations are
not always feasible, like the biometric problems.

By working on the model space, the SSSL problem can be effectively addressed through
various approaches. Initialization tricks and transfer learning methods are commonly utilized to
mitigate this challenge [16]—-[18]. One approach involves adapting pretrained CNN models or
predefined CNN layers to the target problem, enabling finetuning with a small amount of data
[19], [20]. Initializing the model's weights based on a similar problem serves as a good initial
baseline for further re-training. Also, incorporating handcrafted filters in CNN layers, either as a
starting point or by freezing coefficients, enhances the model's ability to generalize with limited
training data, following layer-wise or end-to-end training settings [21], [22]. To prevent
overfitting, custom loss functions tailored to the available data and regularization techniques are
often utilized [23]. Introducing a penalty term to the loss function during training discourages the
CNN from becoming too complex or having large parameter values and incorporates specific
characteristics into the model. Another valuable approach is knowledge distillation, where a
student network is trained with feedback from a teacher network [24]. This knowledge transfer
process enables the student model to benefit from the insights captured by the expert teacher
model, resulting in better generalization. It is valuable to note that designing these methods
requires empirical exploration since there is no definitive rule-of-thumb that specifies the
commonalities between the first and target tasks in each application of interest. Therefore, it is
essential to experiment and adapt these techniques based on the specific characteristics and
requirements of the problem.

Deep metric learning is a popular approach for addressing the SSSL problem in the feature
space. Deep metric learning is focused on learning representations that encode similarity and
dissimilarity between samples [25]. By employing loss functions that encourage similar samples
to have closer embeddings in the latent space and dissimilar samples to have larger distances,
deep metric learning facilitates the extraction of discriminative features even with limited
training data. Exploring pairwise relationships between data instances results in effectively
expanding the number of available training samples. This approach shares similarities with few-
shot learning methods, which aim is to generalize the pretrained model to new unseen categories
of data. In few-shot learning, the model compares the feature representations of a few-shot
example with the limited labeled examples and makes predictions based on their similarity scores
[26]. However, it is important to note that while few-shot learning focuses on classifying new
samples, the goal in SSSL is to learn a distance function that serves as a metric to quantify the
similarity between data instances. Additionally, incorporating mining hard examples can
significantly enhance the effectiveness of metric learning methods [27]. Hard example mining
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involves identifying and selecting challenging or informative samples from the training set. By
prioritizing the inclusion of these difficult samples during the training process, the model can
focus on learning from the most informative instances, thereby improving its generalization.
Deep metric learning can be applied using different setups, such as the Siamese scheme where
similar and dissimilar pairs are created, or the Triplet scheme by designing triplets of training data
instances, instead of pairs [28], [29]. Various ranking losses [30], including contrastive loss, triplet
loss, margin loss, and hinge loss, offer different formulations to choose from based on the specific
requirements and objectives of the problem being studied.

1.2 Subject of the PhD Thesis

This PhD thesis aims to explore deep learning strategies specifically designed to address the small
sample size learning (SSSL) problem. The focus lies in developing efficient training methods for
convolutional neural networks (CNNs) when there are limited data available for the target
problems of interest. The research investigates the application of these strategies in domains
with inherent constraints on the training data availability, such as biometric and biomedical
problems.

Biometrics play a crucial role in balancing convenience, security, and user experience across
everyday activities [31]. Although many modern biometric solutions are continuously being
developed with a variety of input signals, handwritten signatures remain widely accepted and
legally binding in many sectors such as banking, legal, and government. Signature is considered
a behavioral biometric trait due to its association with an individual's learned behavioral patterns.
The most challenging task is signature verification problem that authenticates the identity of a
person on the basis of the claimed identity, by accepting the writer’s genuine signatures and
rejecting the forgery ones [32]. While manual signature comparison seems like an ineffective way
to handle the masses of documents that need to be checked in a small amount of time, automatic
handwritten signature verification systems are pivotal to reduce fraud. This system automatically
detects authenticity, meaning that the questioned signature owns to the claimed writer and thus
it is genuine or whether the signature has been provided from anyone else and thus it is forgery.
The problem of offline signature verification (OffSV), which analyses signature images after the
signing process, presents an ideal scenario for investigating the proposed approaches in
addressing the challenge of limited data. Additionally, during the course of this PhD research, the
retraction of the largest offline signature dataset, which was the only publicly available and large
enough dataset for training deep architectures, has emerged as a significant practical problem in
this field. As a result, a challenging need has arisen to address this issue. Therefore, the proposed
research direction seizes this opportunity and focuses on the OffSV problem. In this dissertation,
different approaches are designed to tackle the challenges of SSSL in this field, and the
effectiveness of the proposed methods is evaluated using several widely used offline signature
verification datasets.
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Biomedical research involves understanding of human health and disease, including the
development of diagnostic tools, therapies, and improving overall healthcare outcomes [33],
[34]. In the context of antinuclear autoantibodies (ANA) detection, the use of indirect
immunofluorescence (lIF) on human epithelial type-2 (HEp-2) cells is a standard protocol due to
its high sensitivity and ability to capture a wide range of antigens [35], [36]. While numerous
nuclear and cytoplasmic patterns can be observed in HEp-2 samples, typically only a few classes
are considered clinically relevant. The accurate classification of fluorescence patterns is crucial
as specific diseases are associated with distinct staining patterns. However, manual pattern
identification using a microscope is time-consuming, labor-intensive, and subjects to the
physicians’ experience while processing large amount of data might introduces significant
oversight errors. Automatic single cell HEp-2 fluorescence images classification could enhance
Computer Aided Diagnosis (CAD) systems, providing complementary information by filtering the
amount of data the expert has to inspect. The unique characteristics of HEp-2 cell images,
combined with the limited availability of data, provide a good opportunity to assess the efficacy
of a SSSL-oriented CNN approach in the context of IIF cell classification. Two widely recognized
benchmark datasets are utilized to evaluate the proposed method.

This dissertation follows a stepwise structure, studying the SSSL from multiple perspectives.
It starts by exploring the utilization of hand-crafted representations and shallow learning
approaches, gradually advancing towards a hybrid approach that combines hand-crafted image
representations with CNNs. Next, the dissertation culminates in the study of deep learning
methods that tackle the SSSL problem through various solutions, proposing novel techniques
such as external data utilization, domain adaptation, and knowledge distillation, specifically
tailored to the OffSV problem. Overall, this dissertation provides a comprehensive investigation
of various approaches and strategies for addressing the SSSL problem. By gradually transitioning
from shallow and/or hand-crafted representations to hybrid approaches and ultimately to deep
learning methods, it offers a systematic exploration of techniques to enhance the generalization
capability of deep learning models in scenarios with limited training data. The structure of the
dissertation, in detail for each chapter, is as follows:

Chapter 2 introduces shallow representation methods that specifically focus on encoding
signature image local neighborhoods. Traditional computer vision methods serve as a baseline
solution to tackle the limited sample problem in the OffSV task. These methods involve the
utilization of hand-crafted preprocessing and feature extraction stages, combined with trained
classifiers, effectively addressing the Small Sample Size Learning (SSSL) problem. While these
methods may not fully leverage the potential of automated feature learning that deep learning
offers, where the features are learned directly from the data, they uncover discriminative
characteristics of signature images. The features used in these methods are manually designed,
drawing upon the knowledge and expertise of the human engineers in the field. Different
encoding mechanisms are developed in this chapter, involving hand-crafted features using image
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visibility graph motifs (IVG) [37], and mapping the signature images as Symmetric Positive
Definite (SPD) points within the SPD manifold [38]. Also, shallow learning is employed through a
patch-based sparse representation method [39], [40], where reconstructive overcomplete
dictionaries are learned by utilizing patches extracted from a set of signature images. The sparse
coding procedure then maps pixel values to sparse features, resulting in an effective
representation to describe the information of signature images. Finally, an introduction to
deeper topologies is explored by stacking multiple sparse representation layers and training them
in a layer-wise manner [41]. The analysis of these approaches not only enables us to comprehend
the effectiveness of hand-crafted features but also provides valuable insights into the inherent
characteristics of signature signals. This understanding can subsequently guide the design of
deep learning schemes aimed at enhancing the model's capability to extract meaningful
information from limited data.

Chapter 3 presents a hybrid scheme that involves an initial step of calculating hand-crafted
descriptors, followed by the utilization of a CNN. The process of computing hand-crafted features
transforms the image into a more informative representation that captures specific image
characteristics. In this chapter, dense SIFT (Scale-Invariant Feature Transform) is implemented,
where descriptors are calculated for every pixel of a grayscale image, running SIFT algorithm [42]
on a dense gird of locations at a fixed scale. This approach extracts information from the input
data that is richer than the raw pixel values and represents them in a suitable form for
subsequent analysis. The resulting image representation, known as SIFT-Image [43], preserves
the spatial structure of the original image and serves as input to the CNN model. The CNN
operates regularly but with the new input representation, harnessing the learning capabilities of
deep neural networks. By operating in the image space, this approach aims to address the SSSL
problem enhancing the informativeness of the inputs. However, due to the degenerate nature of
signature images composed of line segments and curved strokes in a uniform canvas, dense SIFT
descriptors may not efficiently capture the underlying information in signature signals. As a
result, itis challenging to augment signature images into a more informative representation using
SIFT-Image. Hence, the proposed method's effectiveness in tackling the SSSL problem is
evaluated on the biomedical Hep-2 IIF cell classification problem. Nevertheless, in order to
explore the characteristics of handwriting within a straightforward classification problem, a study
is conducted using the widely recognized MNIST handwritten digit dataset, which is considered
the standard benchmark dataset in the field of machine learning. Although the design of this
hybrid scheme is motivated by the need to address the SSSL problem, the local rotation
invariance provided from the dense SIFT descriptors could be beneficial in many other problems.
Therefore, the chapter delves into additional applications, such as cloud type classification using
ground-based all-sky images and the lip-reading problem using video data of mouth region,
where local rotation property plays a crucial role in achieving efficient results. Ultimately, the
hybrid approach presented in this chapter combines the strengths of shallow hand-crafted



1.2 | Subject of the PhD Thesis

representations with deep neural networks, offering more informative data input for training
CNNs with less data. By integrating these two techniques, the goal is to overcome the limitations
imposed by small sample sizes while incorporating the beneficial properties derived from the
hand-crafted methods into the overall hybrid system.

Chapter 4 proposes a method that leverages external data and domain adaptation techniques
to address the SSSL problem in OffSV. Training deep architectures inherently requires a
substantial amount of data, however the utilization of auxiliary data from a related task could
serve as an information carrier to substitute the target data. In many cases, this approach
requires additional domain adaptation practices to address the distribution mismatch between
the auxiliary data and the target data. This chapter focuses on addressing the problem of learning
informative features by employing prior knowledge from a similar task in a domain with an
abundance of training data. In particular, we demonstrate that an appropriate pretraining of a
CNN model in the task of handwritten text-based writer identification task can dramatically
improve the efficiency of the CNN in the OffSV task, enabling to obtain state-of-the-art
performance with an order of magnitude less training signature samples. In the proposed
scheme, we leverage the relevance of writing and signing processes, which is also enhanced by
preprocessing the raw text data to mimic the signal characteristics of signature images through
a fast and efficient text manipulation that is highly suitable for large-scale data processing. After
the pretraining of the CNN in writer identification task using specially processed handwritten text
data, the learned features are tailored to the signature problem though a metric learning stage
that utilizes contrastive loss to learn a mapping of the signatures’ features to a latent space that
suits the OffSV task. Therefore, the proposed SSSL solution for deep feature learning operates
both in the image space including external data and in the feature space via contrastive metric
mapping. This approach enables us to leverage the knowledge and patterns present in the
auxiliary data to improve the learning and generalization capabilities of the deep architecture,
ultimately leading to enhanced performance on the target task. At the final stage, the proposed
scheme utilizes Writer-Dependent (WD) classifiers learned on a few reference samples from each
writer. Our system is tested on the three challenging signature datasets, CEDAR, MCYT75, and
GPDS300GRAY and the obtained accuracy in terms of Equal Error Rates (EER) is statistically
equivalent to the most popular CNN model (SigNet) in the field [44], which had been trained on
the largest offline signature dataset consisting of over ten thousand signature images contributed
by more than five hundred writers, despite the proposed method utilizes significantly smaller
training set of signature images and no skilled forgery signatures during training.

Chapter 5 proposes a feature-based knowledge distillation (FKD) method to address the SSSL
problem in OffSV. FKD focuses on transferring the knowledge of intermediate activations from a
teacher model to a student model [45]. Unlike simply mimicking the teacher's output
probabilities, FKD aims to align feature representations between both models. The teacher
strongly guides the training of the student CNN by harnessing multiple intermediate layers,
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providing enhanced supervision that results in improved generalization and knowledge transfer,
even when auxiliary training data were utilized. Therefore, this approach extends the work
presented in Chapter 4 but operating in the model space to address the SSSL problem, using the
FKD method as a means of implicit domain adaptation from the teacher model. This chapter
introduces a novel approach to leverage the knowledge of existing expert models for training
new CNNs. The proposed Student-Teacher (S-T) configuration, combining graph-based similarity
function for local activations with global similarity measures to supervise student’s training, using
only handwritten text data. The feature maps’ similarity in shallower layers is calculated using
the geometrical criterion based on a manifold-to-manifold distance, while the final vectorial
representations of CNN models are compared using either the cross-entropy function with
temperature softmax or a similarity metric based on redundancy-reduction principle expresses
through the cross-correlation matrix. The proposed FKD captures information from multiple
semantic perspectives and exploits the hierarchical representational learning ability of multi-
layer deep structures, combining both local and global information to improve the performance
of the student model. The models trained using this technique exhibit comparable, or superior,
performance to the teacher model across three signature datasets: CEDAR, MCYT75, and
GPDS300GRAY. Based on the current state-of-the-art in OffSV research [46], we chose to utilize
the popular pretrained SigNet feature extractor CNN as the teacher model, while the architecture
of the student model follows the Residual Network (ResNet) family. The proposed work presents
an efficient knowledge transfer from a successful CNN-based feature extractor to a student CNN
of a different architecture without employing any signatures during the S-T training. This study
demonstrates the efficacy of leveraging existing expert models to overcome data scarcity
challenges in OffSV and potentially other related domains.

1.3  Publications

This PhD Thesis is based on research results that have been published during its elaboration in
peer-reviewed scientific journals and peer-reviewed international conferences. The list of
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e Tsourounis, D., Theodorakopoulos, I., Zois, E. N., & Economou, G. (2022). From text to
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verification. Expert Systems with Applications, 189, 116136.
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Chapter 2

Shallow representation learning

2.1 Introduction

In this chapter, shallow representation models are investigated in the context of the offline
signature verification problem. Handwritten signature is a common biometric trait, widely used
for confirming the presence or the consent of a person. Signature verification can be categorized
into offline (static) and online (dynamic) based on the acquisition conditions. The first case
focuses on analyzing the visual information and shape of the signature using a digitized version
of the signing document, while the other requires a digitizing device, such as electronic tablets,
to collect additional information during signing, including pen inclination, pressure, and spatial
coordinates. Offline Signature Verification (OffSV) is the task of verifying the signer using static
signature images captured after the signing process is completed. This task finds many
applications, especially in the domain of forensics but also for ensuring the security of financial
and legal documents, such as bank and compliance forms, contracts, and mail ballots [47]—-[49].
Depending on the signature verification design plan, there are two main approaches: writer-
dependent (WD) and writer-independent (WI) [44]. WD methods build one model per user and
WI approach uses one single (global) model for all users. The WI methods usually take advantage
of the increased number of training samples by generating pairs between signatures (generally a
similar pair includes signatures of the same writer while a dissimilar pair combines genuine and
forgery signatures) and embed the feature representations to a dissimilarity space for obtaining
the final decision. The WD approaches rely on the signatures of each writer to create a custom
model dedicated to each writer and thus, they turn to be more restricted but at the same time
they could provide more efficient results due to tailoring on each individual. There are different
types of forgery signatures and the most common is to divide simulated signatures into three
categories: the random forgeries which are generated without access to the original signature,
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the simple or unskilled forgeries where the forger has information about the shape of genuine
but not allowed much practice during falsification, and the skilled forgeries where the impostor
attempts to carefully imitate the original signature with no constraints [50]. Finally, the main
challenges faced by an OffSV system are: (a) the high intra-class variability between signatures of
the same user, related on the psychophysical state of the signer and the conditions under which
the signature apposition process occurs, (b) the partial knowledge during the design of the
system and the registration of a user since there is access only to genuine signatures of the user
while its skilled forgeries are not practically available, and accordingly (c) the limited number of
available samples for each user.

Shallow representations in computer vision refer to feature representations that are
designed to capture low-level visual features such as color, texture, and shape, rather than high-
level semantic features. The goal of these models is to encode the local features and
characteristics of a signature using numerical values or vectors. To achieve this, the chapter
presents different approaches for encoding the neighborhoods of signatures. The process of
encoding a signature typically involves dividing the signature into smaller regions (patches), and
then extracting features from each patch. The feature extraction process produces a compact
and informative representation, which can be used for signature verification tasks. Additionally,
the relative location of the features could be incorporated through spatial pyramid matching
techniques that divide an image into multiple subregions at different scales, creating a hierarchy
of image subregions that form a pyramid. The presented shallow representation models can be
categorized based on their feature extraction approach, which can be either hand-crafted
methods or those that involve low-level learned features. Furthermore, the proposed methods
can be partitioned based on whether they learn a distance via a metric function or focus on
learning discriminative predictors. Although the shallow representation models are easy to
interpret and can be trained efficiently with relatively small amounts of data, they require
specially designed image preprocessing steps as well as pooling strategies to express spatial
information locally for improving performance.

This chapter presents three different approaches for encoding signature image
neighborhoods. The first approach focuses on visibility graphs, where sequential visibility motifs
within signature image patches are analyzed. These image visibility graph motifs (IVG) capture
patterns of connected nodes in the visibility graph, representing substructures within the image.
The second approach explores the representation of symmetric positive definite matrices using
the covariance descriptor of image feature maps. This involves calculating region covariance
matrices for image patches and averaging them to obtain the covariance descriptor, mapping the
image to the symmetric positive definite (SPD) manifold. In addition to utilizing the covariance
descriptor as a discriminative feature for signature images, a metric learning process is employed
within the manifold to rearrange the SPD points improving the verification purpose. The third
approach utilizes the sparse representation (SR) into the signature verification problem to extract
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informative features by computing sparse coefficients that minimize reconstruction error for
image patches using a learned dictionary. The dictionary learning process is performed for each
writer using the signature patches from a set of reference signatures. Once the dictionary is
learned, it can be used to represent and encode any query signature by computing its sparse
coefficients. Ultimately, these three approaches offer distinct ways to represent and encode local
features of images.

To conclude, this chapter describes shallow representation models that evaluated in the
offline signature verification task. It highlights their focus on low-level visual features, the
encoding of signature image neighborhoods, and the incorporation of spatial information
through spatial pyramid matching. Understanding and utilizing these models can contribute to
improved performance in signature verification tasks, while also offering interpretability and
efficiency with smaller amounts of data.

2.2 Elementary Processes for offline signature images
2.2.1 Preprocessing

The preprocessing steps play a crucial role in transforming the signature image into a simplified
and standardized representation, which is essential for accurate signature verification. This
preprocessing consists of two main operations: binarization and thinning. Grayscale images are
first binarized using Otsu's method [51]. Subsequently, morphological thinning operations are
applied to the binary image to obtain a gradual skeletonization of the signature. The outcome of
the thinning operation is crucial for the verification performance as it affects the shape of the
signature image. Experimental observations indicate that the optimal thinning level (OTL) varies
for each writer, and hence, it is not common for all databases. The OTL for each signature and
writer is defined as the number of thinning operations that result in the steepest decrease of the
density function. After enrolling a set of genuine reference signatures for a writer, the median
value of the associated OTL values (MOTL) is selected as the thinning level applied to all the
signatures related to this writer. This ensures that the thinning level used for each signature is
consistent and appropriate for the writer's signatures characteristics. For any input signature
claiming an identity, the number of thinning operations is determined by the MOTL value of the
claimed signing person. Finally, to prepare the image for further processing, it is first inverted to
have a black background and grayscale foreground. This is achieved by subtracting each pixel
from the maximum brightness value (white), after setting the background pixels to white (255)
and leaving the foreground pixels in grayscale.

2.2.2 Patch extraction

The signature patches are extracted from the original grayscale signature image, indexed by the
signature’s skeleton pixels after applying the thinning operation MOTL times. Specifically, the
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patches’ centers are sampled densely at every pixel of a signature's skeleton. As a consequence,
the number of image patches equals the number of pixels of the signature’s skeleton.
Furthermore, the patches are centered, i.e., have their average intensity been subtracted in order
to have a zero-mean value. The centering of each patch produces data invariant to the mean
intensity and the learned structures, like edges, are anticipated to have zero-mean as well. In all
the conducted experiments the patch size is set to five and thus, every patch has 25 pixels
(resolution of 5x5). The main rationale behind this selection is to keep the complexity of the local
manifold of patches reasonably low. With this aim, it is valuable to consider the parameters which
affect the dimensionality and shape of the underlying local manifolds. In [52] Peyré shows that
the local manifold of patches from cartoon images (images that contain sharp variations along
regular curves) can be parameterized by two variables, leading to a manifold topologically
equivalent to the surface of a cylinder in 3D space. This parameterization holds as long as the
signal within each patch can be approximated by two regions (black and white) separated by a
linear segment. If the patch size becomes larger and the edges within the patches appear curved,
extra degrees of freedom have to be included to the signal’s model thus leading to a more
complex manifold. Similarly to cartoon images, the nature of the signal within signature patches
is such that can be modeled by a handful of parameters if the patch size is small-enough,
indicating a low-dimensional underlying manifold structure. On the other hand, the complexity
can be dramatically increased if the patch size becomes large enough to contain curves and parts
from neighboring line segments. The patch size equals 5, since it is a good tradeoff between the
underlying signal’s complexity since for smaller patches the local manifold obviously becomes
degenerate - and the overall computational complexity.

2.2.3 Spatial Pyramid Pooling

Spatial Pyramid Pooling (SPP) is a technique used to aggregate local features over regions of
interest to create a final feature vector. To implement this technique, the signature images are
first segmented into a grid of equimass subregions using a spatial pyramid. For each segment,
local feature vectors are extracted and subjected to a pooling operation. The pooled feature
vectors from the entire image and its subregions are then concatenated into a single final feature
vector for the entire image. The spatial pyramid consists of eithera 2 x 2,3 x 3, or 4 x 4 equimass
subregion division, with a pooling function applied at each level. The pooled vector according to
different pooling functions is defined as follows:

e Average (Avg) pooling (F1): f ={f,”[j]}={%ixi[i]}, j=1:K eq. 2.1

i=1

e  Maximum (Max) pooling (Fz2): 72 ={f [ j]} = max(

X[, i=1:M, j=1:K eq. 2.2
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M

pUCSIERANTIIE

e Standard Deviation (Std) pooling (F3): 7 ={f [i]}={ HT},j:l:K eq. 2.3
> X[l
e Normalized sum (norm) pooling (Fa): ™ ={f"[jl}=%——i=1:K eq. 2.4
Z x'[i]
> Xl
e [-2 normalized sum (L-2 norm) pooling (Fs): ={f7li}==t——.j=1K eq. 2.5

where each extracted feature x' for any patch i has K elements and each region of interest
includes M feature vectors that are pooled together. The average pooling (F1) function computes
the mean of the feature vectors extracted from the regions of interest. In contrast, the max
pooling (F2) operation selects the most salient feature value from each region of interest.
Standard deviation (F3) is an alternative pooling function that captures second-order statistics of
the vectors’ elements distribution, which could potentially improve the discrimination
capabilities of the final feature vector. The normalized sum pooling (F4) function produces feature
vectors that are invariant to changes in intensity. Lastly, the L-2 normalized final feature vectors
produced by the (Fs) function are projected onto the unit ball, which is important for linear
classification kernels.

2.3 Designing systems for offline signature verification problem
2.3.1 Image Visibility Graph motifs (IVG)
2.3.1.i Method

Visibility Graphs (VG) and Horizontal Visibility Graphs (HVG) are methods of converting ordered
sequences into a graph structure, enabling the application of graph theory in analyzing the data
[53], [54]. The VG connects points in the sequences that have a clear line-of-sight (or visibility) to
one another and forming a network of nodes and edges, while the HVG is a modified version that
considers only the horizontal visibility between points, resulting in a simplified graph structure.
Image natural Visibility Graphs (IVG) and Image Horizontal Visibility Graphs (IHVG) are extensions
of this concept that map scalar fields and images into graphs, where each pixel represents a node
and edges are added between nodes that are mutually visible. Local features can be extracted by
detecting the local properties through visibility patches, which are small subgraphs in the
IVG/IHVG. The concept of visibility patch is the natural extension to images of the concept of
sequential visibility graph motifs [55] by extending the visibility criteria along one-dimensional
sections of the two-dimensional signal (image patches) via scanning in horizontal, vertical, and
diagonal directions. Sequential natural or horizontal visibility graph motifs profiles are defined as
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smaller substructures of n consecutive nodes that appear with characteristic frequencies. The
visibility motifs used in this work are of low order, and specifically of size four, which can be used
to create a six-dimensional feature vector that is computationally efficient and highly informative
[55]. To better illustrate the encoding process for each signature patch, Figure 2-1 shows how
the number of six IVG and six IHVG motifs' appearances are counted in different rasterized
formats, including row, column, 1st (main) diagonal, 2nd (secondary) diagonal, and column-wise
patch transformed-to-vector formats. The resulted visibility code is of size 60, obtained by
concatenating the five individual formats. This encoding process produces handcrafted features
and allows local patches to be represented by sequential visibility graph motifs while expresses
local information by counting the repetitions of motifs in the image. Finally, the spatial pyramid
pooling is applied to the local features (visibility codes) corresponds to image segments in order
to provide the final feature vector for any image.

IHVG motifs VG motifs
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Figure 2-1: An example of calculating a local visibility code with 12 sequential motifs of size four. The local patches are extracted
on the signature trace and each patch includes 25 pixels (5 x 5). The final visibility code (Concatenated Visibility Code) is the
concatenation of the local IVG/IHVG motif coding procedures for each line, column, main and secondary diagonals, as well as a
column-wise patch vector.

2.3.1.ii Datasets

Two popular offline signature datasets were used in order to demonstrate the effectiveness of
the proposed system. The first one is CEDAR dataset with 55 writers and a total of forty-eight
signature specimens (24 genuine and 24 simulated) while the skilled forgery signatures are
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composed from a mixture of random, simple and skilled forgeries [56]. The second signature
dataset is MCYT75 with a total of 15 genuine and 15 simulated signature samples from 75
enrolled writers [57]. For this section, the thinning levels for the CEDAR and MCYT75 datasets
have been set to one and two correspondingly. In addition, for the sake of simplicity results are
reported when the number of equimass segments has been set to four (2x2) and sixteen (4x4)
for the CEDAR and MCYT75 datasets respectively.

2.3.1.iii  Classifiers

Writer dependent (WD) classifiers are trained for the offline Signature Verification (OffSV)
problem. The number of genuine reference samples for each writer (Ngee =10) has been set to
ten for creating the positive class w*. In a similar way, a population of Ng =30 random forgeries
(selected as random genuine samples from other signatories) create the corresponding negative
class w'. For the local sequential motif features and any associative pooled Sequential Visibility
feature Vector (SVV), the reference svv,,, e R¢ssomensil has been created to account for the
genuine class while in a similar way, the random forgery visibility vector Svv,. e R ¢seoments:i]
represents the negative class. These features are used as inputs to a binary, radial basis Support
Vector Machine (SVM) classifier. A holdout cross-validation procedure returns the optimum
operational parameters for the SVM margin and scale with respect to the maximum value of the
Area under Curve (AUC). Moreover, the cross-validation procedure provides for each writer the
scores conditioned on the positive only w* class samplesCVvs®. The testing stage makes use of
guestioned (designated as: Q) samples that originate from: the remaining genuine signatures (14
for CEDAR, 5 for MCYT), the skilled forgeries (S: 24 for CEDAR and 15 for MCYT) and a number of
44 or 64 random forgeries (R) by taking one random sample from the remaining writers which
does not participate at the training phase. Results are reported by means of the receiver
operating characteristic (ROC) probabilities: the p_.., and p., error rates are computed as a

function of a sliding threshold, whose extremes lie between the minimum and maximum values
of the CvS®cross validation procedure. Two different verification approaches are reported. In
the first, a hard threshold is utilized to separate the genuine sample from skilled forgeries. This
selection relies only on the w* genuine reference samples as they are the only ones available for
training the classifier. In a typical scenario, this hard threshold is set to 50% of the average value
of w*scores. Additionally, the equal error rate per user threshold: EER(S)user-threshold i calculated
as the point in which p_,., = pee - The experiments were repeated ten times and their average

values are reported. In addition, at this specific EER(S) threshold, the random forgery-(R) pguz

error rate is calculated by using the genuine samples of the testing sets from the other writers.
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2.3.1.iv  Results

Table 2-1 displays the verification results achieved through various experimental protocols. For
the CEDAR dataset, a Spatial Pyramid Pooling with 2 x 2 equimass segments, along with the whole
image, was employed. As for the MCYT75 dataset, a Spatial Pyramid Pooling with 4 x 4 equimass
segments, along with the whole image, was utilized. Also, this table includes the verification error
rates when the vectors are partitioned in halves into their horizontal/natural parts. Table 2-2
presents a summary of results for the CEDAR and MCYT75 signature datasets, with other
approaches found on the literature. It must be kept in mind that attaining a fair comparison
between these results can be a very difficult task, because there are a number of factors that
affect it during the classifier construction and evaluation. The reported results are either the
Average or the Equal Error Rates (AER/EER) for the skilled forgeries (S) case. Ultimately, it could
be argued that the proposed method achieves a low error of verification which is considered to
be at least comparable to the ones derived from state-of-the-art methods.

Table 2-1: Verification Error Rates (%) for the CEDAR and MCYT75 datasets using different pooling strategies at the Sequential
Visibility Vectors (SVV) that calculated via Horizontal, Natural and both image graph visibility motifs.

CEDAR MCYT75
(Nrer = 10) (Nrer = 10)
Hard Decision EER(S)  Prarr) Hard Decision EER(S)  Prarpr)

Praris)  PrrRR  user_thresh = @EeR(s)  Praris) | PFRR  user_thresh = @EER(S)

Pooling strategy

Avg (SVVH) 1.23 097 030 000 437 532 159 0.02
Max (SVVH) 25.8 23.6 22.2 293 115 232 16.2 2.31
Std (SVV") 469 418 272 004 620 7.18 240 0.02
Avg (SVV) 289 214 101 002 6.00 695 203 0.02
Max (SVVN) 211 198 194 215 16.7 139 13.8 2.19
Std (SVVV) 453 402 201 003 861 809 281 0.03
Avg (SVV) 1.28 106 051 000 437 521 154 0.01
Max (SVV) 19.4 18.2 17.0 1.83 15.7 126 1255 2.54
Std (SVV) 455 413 199 0.04 6.22 729 242 @ 0.03

Avg & Std (SVV) 1.25 099 041 0.00 438 532 161 0.02
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Table 2-2: Comparative summary of error rates (EER(S)%) including SOTA methods for OffSV.

CEDAR MCYT75

Method Nrer AEEERR/ Method Nzer AEEETR/
Gradient & concavity [58] 16 7.90 H.O.T. [35] 10 18.15
Zernike moments [58] 16 16.4 Global and Local Slant [59] 10 9.28
Partially Ordered Sets [60] 5 4.12 Partially Ordered Sets [60] 5 6.02
Gradient LBP + LRF [61] 16 3.52 L.B.P. [62] 10 7.08
Chain code [63] 12 7.84 Discrete Radon Transform [64] 10 9.87
B.O.W. with KAZE [65] 1.60 .
V.LAD. with KAZE [66] 16 1.00 B.O.W. with KAZE [65] 10 6.4
Gradient Direction [67] 14 6.01 Contours [68] 10 6.44
Archetypes [69] 5 2.07 Archetypes [69] 5 3.97
Proposed: Average (SVV) [70] 10 0.51 | Proposed: Average (SVV) [70] 10 1.54

2.3.2 Symmetric Positive Definite manifold (SPD)

2.3.2.1i Method

Let F € RW*"*" pe a feature map constructing from a stack of n-image planes that generated
from one image I when a number of n-filters is applied: F(x,y,i) = ®;(I,x,y),i = 1:n. Given a
rectangular image region R C F, let f = [f;]i=12..s € R™ be a local feature map of S total
pixels that reside in R. Then, the region R is modelled by its region covariance matrix C, € R™"
of the f; € R™ points which is defined as follows:

Cr=—=3.(fi— Wi — )" eq. 2.6

where u € R" represents the column mean vector of the f; points and T denotes the transpose
operator. Thus, the covariance matrix C¢ can be considered as a Symmetric Positive Definite
(SPD) matrix. In cases where it does not meet the criteria of being SPD, it can be transformed into
an SPD matrix by adding a small regularization term A-1_, . All SPD matrices lie in the SPD

manifold. The mapping ®;(/, x, y) of a signature image Is; 4, (x, y) is defined as follows:

Yy ’Ixz + L% tan™ (1, /1) , %o Y, eq. 2.7

I L Ly L, Ly

Xy’
in which, I'is the grayscale image after the preprocessing, Iy, I, Iy, Iy, I, are image derivatives
of I(x,y), x,.y, are the signature pixel coordinates, normalized by their maximum number of
rows and columns of the image bounding box and tan‘l(ly/lx) is the gradient direction,
normalized into radians with range varying from [-m, it). The signature covariance matrix Cgcp, of
I is calculated using only the pixels that belong to the signature trace after the preprocessing.
Therefore, any signature image results in a Cg¢p, € R™™ point of the corresponding Symmetric

19



Chapter 2 | Shallow representation learning

Positive Definite (SPD) manifold. Using the equimass image division, different covariances
matrices could be calculated according to relevant sub-regions.

Both writer-dependent and writer-independent verification approaches are designed. In the
WD approach, the signature covariance matrix Cgcp is mapped on the tangent plane of a
common pole I+, that creates a tangent vector with respect to a common tangential origin
0., =log, (1,.,). The final feature vector representation for each signature arises by evaluating

the orthonormal coordinates of the tangent vector in the common pole tangent space by a)
applying the vector operator v=vec, (y)=(I,2?yl;}?)and b) selecting its n(n+1)/2 components

nxn

according to [v,,, V2v,,,.., V,,, V2v,,,., v, 1. Next, discriminative predictors are learned using WD

classifiers for the OffSV problem. In the WI approach, a metric similarity function is utilized to
learn a mapping W from the original SPD manifold B, to another SPD manifold P, using the
model A(®), with parameters ® = {IWW, A, M}, which explores diverse visual information that is
stored in the m —individual block diagonal matrices € RP*P. The objective function is
constructed based on contrastive loss, which incorporates similar pairs consisting of genuine
signatures from the same writer, as well as dissimilar pairs comprising genuine signatures with
random forgeries (i.e., genuine signatures of other writers in the dataset). Since the learnable
parameters W, M lie in the Grassman and SPD manifolds respectively, the optimization procedure
of the objective loss function is a non-jointly convex function of its learning parameters. However,
it optimized with the stochastic gradient descent (SGD) given that A € R™*? and its update stage

. . . oL . . . . .
relies on the Euclidean gradient o while the Riemannian constraints of W, M impose the use of

aL

TV [38].

. . . oL
Riemannian gradients SWF and
2.3.2.ii Datasets

Four popular offline handwritten signature datasets of western and Indo-Aryan origin were
employed in order to evaluate the proposed methods. In the Western style, the CEDAR [56] and
MCYT75 [57] datasets were used, which are described in the previous section. For the Asian style,
the BENGALI and HINDI, two subsets of the Indo-Aryan BHSig260 database [71], were utilized.
The BHSig260 database comprises signatures in two regional languages and thus, it includes 100
signers for Bengali and 160 signers for Hindi. Each signer contributed 24 genuine and 30 forged
images in both the Bengali and Hindi datasets.

2.3.2.iii  Classifiers

In the WD approach, a binary, radial basis support vector machine (SVM) classifier is trained for
each writer using Nree genuine signatures of the writer and Nz random forgeries selected from

other writers in the dataset, as described in the previous section. The test set consists of the
remaining genuine signatures of the writer, along with either skilled forgeries from the same
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writer or random forgeries from all other writers in the dataset. The results are reported by
means of the average value (10 repetitions) of two corresponding Equal Error Rates (EER) with
two user-dependent sliding thresholds. The first EER(S) measures the probability of rejecting
genuine samples prrr against the probability of accepting skilled forgery samples prar(s) and the
second EER(RF) measures the probability of rejecting genuine samples prrr against the probability
of accepting random forgery samples prarnrr). To address the limited training data problem,
feature points augmentation is performed using fixed Riemannian Gaussian Distributions (RGD)
on the space of SPD matrices, with their maximum likelihood estimators evaluated from the
original samples in the training set, which includes Nz =3 genuine signatures.

In the WI approach, a threshold is defined within the SPD manifold for each writer to
differentiate between genuine and forgery signatures. This user-specific threshold is calculated
by comparing each questioned signature with ten genuine reference samples from the same

} <3

1X1 .
and nine Cg.,,

writer. Instead of using a single global Cs¢); covariance matrix, a set of four C§2c>;42
covariance matrices are utilized. Thus, each image is represented by a set of fourteen covariance
matrices according to fourteen regions. These fourteen local scores are sorted and then a local
score is calculated by averaging. The final signature verification score is the minimum value of all
scores between the questioned signature and all reference samples, which determines whether
the signature belongs to the genuine or forgery side. Additionally, two experimental protocols
are used to evaluate the performance. The first F;;,;-q protocol follows a standard 5x2 blind-fold
approach for each individual dataset. In this protocol, the writers in each dataset are divided into
two equal sets in five different ways. One set is used for training the model A(0), while the other
set is used as the test set. The evaluation results are presented as the average across the five
repetitions, providing an overall assessment of the model's performance. The second Fj,ter
protocol resembles a transfer learning approach, which involves cross-dataset evaluation,
meaning that the model A(®) trained on one dataset is tested on another dataset.

2.3.2.iv  Results

The results obtained using the WD approach are presented in Table 2-3. To generate duplicate
samples for the genuine training class, the maximum likelihood estimate (MLE) of the parameters
of the Riemannian Gaussian Distribution (RGD) is calculated using three reference samples. An
SPD RGD model is then constructed using these parameters to draw SPD duplicates. The

duplicates are created by sampling directly from three individual RGD distributions G(Ci,&(a)ng )

where C; is one reference sample, or from three RDGs with fixed standard deviations dixeq 0f 0.1
or 0.01. This process generates five duplicates for each genuine reference signature. In these
experiments, the I, image derivative is not included in the mapping @, (I, x,y) to simplify the
calculations. Although a comprehensive comparison with other methods from the literature is
not possible due to differences in design and implementation, the proposed system achieved a
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low verification error that is comparable to related works, as demonstrated in Table 2-3.
However, a limitation of this approach is that it is sensitive to setting hyperparameters, such as
o, which can significantly impact the results if not properly configured.

Table 2-3: Comparative summary of error rates (EER(S)% and EER(RF)%) including generative SOTA methods for WD OffSV.

OffSV System Training Set CEDAR BENGALI HINDI
Augmenta- (+) (-)
Method tion class class = EER(S) EER(RF) EER(S) EER(RF) EER(S) EER(RF)
method (Nker)
Motifs
[70] - 10G 30RF 0.51 - 0.32 - 1.02 -
Deforma- . 5 N/A  3.89 - 8.92 - 984 -
tions [72] ) ) )
Synthetlc . 6.06
signatures  Duplicator 3.04 - (5G) - - -
(73] [74] 3G 648RF
Feature . +66D +14kD
Gaussian
augment Noise 0.82 - - - - -
(74]
Generativ
e [75] GAN 5G N/A 4.50 - - - - -
- 10G S50RF 0.49 0.03 0.27 0.09 1.00 0.30
- 3G 30RF 1.18 0.14 1.52 0.41 2.50 0.69
RGD:
1.73 0.18 5.22 1.80 2.13 0.63
Proposed: G(G,0.1)
SPD [76 RGD:
[76] L 3G +15D 753RF  0.74 0.15 1.41 0.53 1.82 0.57
G(Cil O—(Q)SG ) )
RGD:
G(C,0.01) 0.55 0.11 0.92 0.25 1.62 0.45

In the WI approach, the model A(®) has two hyperparameters, m and p. The parameter m

k=1:m,
"™ and, consequently, the number

determines the number of block-diagonal SPD matrices X
of sub-distances {DX(:,-)}I*,. The parameter p determines the size of each block diagonal SPD
matrix X¥ € RP*P used in the evaluation of any Dﬁ‘. After experimental investigation, it was
found that setting m - p = 10 leads to optimal performance due to the relatively small initial
dimensionality of the P;, manifold. Therefore, m is set to 1 and p is set to 10 and the projection
matrix W reorders the samples within the same dimensional space. The number of similar and
dissimilar pairs are equal and is determined by the maximum number of created similar pairs.
The number of participating segments depends on the dataset being evaluated. For the CEDAR
signature dataset, there are four participating segments using the Spatial Pyramid equimass
division into fourteen segments (1, 2x2, and 3x3 pyramid levels), while for the MCYT75, HINDI,
and BENGALI datasets, there are seven participating segments from the total of fourteen
segments on all reported results. Table 2-4 presents the EER(S) values with user-defined
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thresholds for F,+rq (Table’s diagonal) and Fj;,¢.- (Table’s non-diagonal) protocols. The results
presented in this table demonstrate the robust performance of our method. Table 2-5
summarizes the state-of-the-art results in term of EER(S) for WI-SV systems, showcasing the
comparable performance of the proposed method with other works.

Table 2-4: EER(S) values for intra-dataset (diagonal values) and inter-dataset (non-diagonal values) experimental protocols.

Train / Test CEDAR MCYT75 BENGALI HINDI

CEDAR 0.37 0.95 0.24 0.75
MCYT75 0.36 0.96 0.27 0.75
BENGALI 0.35 0.96 0.26 0.75

HINDI 0.35 0.97 0.27 0.77

Table 2-5: Comparative summary of error rates (EER(S)%) including SOTA methods for WI OffSV.

Protocol
Method (training writers /  Ngez CEDAR  MCYT75 BENGALI  HINDI
test writers)
Triplet Nets Graph edit dist.[77] -0/ SBN3WUres 0 g1 391 - -
per writer
MSDN [78] 50/55 10 1.75 - - -
Point2Set DML [79] Fintor 5 5.22 4.86 - -
DCCM [80] 10/45 5 2.10 - - -
. . 12/43 for CEDAR
Partially oriented sets [60] 50/25 for MCYT75 2.90 3.50 - -
CNN & BiLSTM [81] Fintra N/A  0.00 - 1.76 2.23
SigNet-F Dichotomy Fintra 12 5.86 2.99 - -
Transformation [82] Finter 12 4.21 4.22 - -
SigNet-Contrastive 12/10 signatures 3.34 3.52
(trained on GPDS [83]) per writer for CEDAR (12G)  (10G) i i
SigNet-Contrastive 10/5 signatures per 4.59 3.95
(trained on GPDS-S [84]) writer for MCYT75 (12G)  (10G) i i
V.L.A.D. [85] 50/55 for CEDAR = N/A 0.00 - 9.62 20.2
AVN [86] 50/100 for 1 3.77 - 6.14 5.65
Deep HSV [87] BENGALI 1 0.00 - 119 13.3
100/160 for HINDI
IDN [88] (SF used for 1 3.62 - 4.68 6.96
Training)
Proposed: SPD-WI Fintra 10 0.37 0.96 0.26 0.77
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2.3.3 Sparse Representation (SR)
2.3.3.i Method

Sparse Representation (SR) is a method used in signal processing to represent data as a sparse
linear combination of a set of basis vectors. It assumes that the data can be expressed using only
a few elements (sparsity) from a given dictionary of basis vectors (atoms). The Sparse
Representation problem combines both the dictionary learning step, which learns the dictionary
D from the training data, and the sparse coding step, which finds the sparse coefficients 4 to
represent the data using the dictionary. Many methods exploit the assumption that natural
images can be represented by a sparse combination of basis vectors in a redundant dictionary
[39], [40], [89], [90]. While these methods often succeed in enhancing discriminative power, the
optimization process for dictionary learning is primarily generative and does not explicitly
consider the discrimination task.

For a given set of M training signals X =[x!,x*..x"]1eR™", the problem of dictionary learning

can be formulated using different variants of minimization problem:

such as when the sparsity-inducing regularization function y(-) is used as a penalty:
i Isn 1o Daill? .
Degﬂ'é‘ﬁ{gpxn n&i=1, ”xl Dal”Z + Alp(al) €g. 2.8
and when the sparsity-inducing regularization function 1 (-) is used as a constraint:

1

: 1¢n 2
— ) 1 - P . L) <
Eciﬁénpxn n E:l=12 IIx, Dalllz s.t. ll)(al) S U oeq. 2.9

or equivalent

, 1
pelmin - noY(a) st |lx;—Dal3 <& eq.2.10

where the regularization function y(-) is the €-p norm for 1<p<eo, while most popular forms are
either ||a||y or ||a||; using €-0 norm and €-1 norm respectively, that could encourage sparse
solutions [39], [40]. Also, the columns of dictionary matrix D are constrained to have less than
unit -2 norm to avoid trivial solutions and mitigate the issue of large atoms’ values leading to
arbitrarily small sparce coefficients [39], [40]. Given that the above minimization problem is non-
convex, many empirical optimization methods have proven effective in practical applications. The
most classical approach for dictionary learning is the alternate minimization scheme, which
alternates between two minimization steps: updating the dictionary with fixed sparse codes and
updating the sparse codes with a fixed dictionary. Although not as fast as well-tuned stochastic
gradient descent algorithms, the alternate minimization scheme is parameter-free and has
shown reliability in computer vision tasks [39], [40].
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This work employs a writer dependent (WD) signature verification approach to discover the
underlying structure in image patches using Sparse Representation (SR). Specifically, patches are
extracted from the reference signatures of each writer and utilized as the training signals in the
dictionary learning step. Subsequently, the dictionary of the claimed writer is used to encode
every patch from the query signature, resulting in the calculation of sparse codes for the image.
Different optimization approaches for solving the SR problem have been investigated, utilizing
either batch learning with €-0 norm regularization [48] or online learning with €-1 norm
regularization [49]. Depending on the case, both the K-SVD/OMP and the SPAMS/LARS-Lasso
algorithms are evaluated in the OffSV task [91]. Therefore, greedy algorithms (like the Orthogonal
Matching Pursuit — OMP) deal with NP-hard problems arise from the €-0 norm constrain in sparse
coding (eq. 2.9 and eq. 2.10) and homotopy algorithms (like the Least Angle Regression — LARS)
solve the £-1 regularized problems with a penalty parameter (eq. 2.8). The resulting sparse codes
from any signature image are pooled together using spatial pyramid pooling (SPP) techniques.
The SPP techniques are further enhanced by incorporating an additional set of patches that
correspond to points of interest as detected by the Binary Robust Invariant Scalable Keypoints
(BRISK) detector [92]. The keypoints serve as indicators for the patches, and thereafter the
corresponding sparse codes are pooled together in order to obtain an additional feature vector.
This vector is concatenated with the spatial pyramid vector resulting to a final feature vector.
This approach enables the capture of additional local information via selective attention to
specific signature’s points of interest.

The typical SR has been extended in two directions, one that uses a structured sparse
regularization to learn a dictionary embedded in a tree and one that uses a deeper multi-layer
architecture to learn several levels of SR in different abstraction levels. First, Hierarchical Sparse
Coding (HSC) introduces the idea of embedding dictionary atoms in a rooted and directed tree
structure [93]. Since the €-1 norm cannot model interactions between atoms, it is replaced by a
more complex sparsity-inducing penalty that considers a particular tree structure of dictionary
elements [93]. The tree structures are pre-defined, and the dictionary elements naturally
organize themselves in the tree during the learning process. The hierarchical penalty combines
the Group Lasso with the £€-1 norm, promoting sparsity patterns rooted in subtrees.
Consequently, a dictionary element can only be utilized in patch decomposition if its parent in
the treeis also used, encouraging structured sparsity patterns. Second, Deep Sparse Coding (DSC)
utilizes multiple layers and incorporates a sparse-to-dense module between these layers [41].
Unlike simply stacking SR layers, DSC accounts for the spatial information of image patches and
considers that small variations in the original space might lead to significant differences in the
corresponding sparse codes. To address these issues, an average pooling function and a
dimensionality reduction (DR) method are applied between SR layers. Local spatial pooling
ensures that higher-level features are learned from collections of nearby lower-level features,
while dimensionality reduction prevents an unnecessary increase in feature dimension without
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gaining new information. In this way, the pooled sparse codes from the previous layer serve as
high-dimensional vectors, while the dimensionality-reduced latent vectors become inputs for
subsequent SR layer. Both HSC, with its pre-defined hierarchical tree structure, and DSC, with its
layer-wise organization, enable hierarchical learning. These approaches facilitate the capture of
increasingly abstract and complex representations of the data. These concepts are effectively
leveraged in the OffSV task to enhance the discriminative power of the learned features [94],
[95].

2.3.3.ii Datasets

Four popular offline handwritten signature datasets of western and Persian origin were
employed in order to evaluate the proposed methods. In the Western style, the CEDAR [56] and
MCYT75 [57] datasets were used and described in the previous section while another one dataset
that included in the experiments is GPDS300GRAY [62]. This third signature dataset contains 24
genuine signatures and 30 simulated forgeries of 300 individuals stored in an 8-bit, grey level
format. An interesting characteristic of this dataset is that the acquisition of signature specimens
is carried out using two different bounding boxes of size 1.8 x 5.0 cm and 2.5 x 4.5 cm respectively
(heightx width). As a result, the images of this dataset have two different aspect ratios. The
fourth signature dataset used is the Persian UTSIG, created by Soleimani et al. [96]. It contains
specimens from 115 writers where each one has 27 genuine signatures, 3 opposite-hand
signatures, and 42 skilled forgeries made by 6 forgers. Notably, the acquisition of signature
specimens in the UTSIG dataset was performed using six different bounding box sizes, simulating
real-world conditions and public services application forms.

2.3.3.iii ~ Classifiers

The writer dependent (WD) classifiers stage is implemented similarly to the experiments with
Image Visibility Graph motifs (IVG) described previously. In this stage, the training set of each
writer's classifier comprises both genuine signatures of the writer and randomly selected
forgeries from other writers in the dataset. The number of training random forgeries is twice the
number of training genuine signatures, i.e., Nge =2-Ngge . The test set, on the other hand, consists
of the remaining genuine signatures of the writer along with skilled forgeries corresponding to
the same writer. This approach allows for evaluating the performance of the WD classifiers with
a user-defined threshold.

2.3.3.iv  Results

The dictionary size (number of atoms) is set to 60, with a sparsity level of u = 3 for the K-
SVD/OMP algorithms and a penalty parameter of A = 0.15 for the SPAMS/LARS-Lasso
algorithms, determined through a grid search. In Table 2-6, the impact of different image division
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scenarios on verification performance is investigated specifically for the CEDAR dataset, using 8-
0 sparsity regularization for the SR problem. Six division scenarios are examined, including: a)
using the entire image (first level of SPP), b) employing only the second level of SPP with four
equimass regions (2 x 2), c) using the full SPP, d) considering only the BRISK keypoints, e) a
combination of all previous scenarios, and f) a combination of SPP with nine equimass regions (3
x 3) and BRISK keypoints. It is observed that the combination of all scenarios together
outperforms the others, irrespective of the pooling function. However, increasing the number of
equimass regions in the second level of the SPP technique is not always the optimal solution.
Therefore, subsequent tables present results for both 2 x 2 and 3 x 3 equimass regions in the
SPP, and the SR problem is optimized using either £-0 sparsity regularization with K-SVD/OMP
algorithms or £-1 sparsity regularization with SPAMS/LARS-Lasso algorithms.

Observing the results in

Table 2-7 and Table 2-8, several interesting conclusions can be drawn. Firstly, the standard
deviation pooling function (F3) consistently outperforms other pooling functions in most cases.
It is notable that although max pooling performs well in other computer vision applications, it is
not as effective for signature images. This could be attributed to the unique nature of signature
images, which exhibit a degenerate structure. Due to the limited set of structural elements
shared by all signature images, the sparse coefficients of different signatures may not differ
significantly in terms of first-order statistics, as observed in more complex image structures.
Therefore, higher-order statistics are likely to provide better discrimination between the
distributions of sparse coefficients, resulting in improved verification performance. Secondly, the
verification error rates for the CEDAR and MCYT datasets do not show substantial variation when
using either €-0 or £-1 form for the SR problem. Theoretically, for an appropriate dictionary, the
solution obtained using the £-1 norm is equivalent to an €-0 norm solution with full probability
[97]-1[99]. Nevertheless, his equivalence does not hold for the joint regularized and constrained
dictionary learning problem, as different formulations of the problem may lead to different
solutions, even when using the same €-1 norm [40]. However, due to the similar performance
achieved using both approaches, only the results obtained from the £€-0 SR problem are
presented in the Table 2-9 for the GPDS300GRAY and UTSIG datasets.

Thirdly, the experimental results indicate that the optimal performance on the CEDAR dataset
is achieved with a spatial pyramid consisting of 2 x 2 equimass regions, while for the MCYT75
dataset, the best results are obtained with a spatial pyramid of 3 x 3 equimass regions. This
observation can be attributed to the difference in scanning resolutions, with CEDAR signatures
having a resolution of 300dpi and MCYT75 signatures having a resolution of 600dpi, resulting in
higher pixel density in MCYT75 segments. It is worth noting that even with a spatial pyramid of 2
x 2 on the CEDAR dataset, there are some patches within certain segments that do not contribute
significantly to discrimination, which is not observed in the case of the MCYT75 dataset.
Additionally, increasing the spatial pyramid size from two to three has a positive impact on
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performance when using the UTSIG dataset, but it has a negative impact on the GPDS300GRAY
dataset. Since the GPDS300GRAY dataset utilized only two acquisition bounding boxes and UTSIG
utilized six, designing more regions seems to be beneficial when many bounding boxes are
employed, despite the spatial pyramid equimass division does not consider the different aspect
ratios of the acquisition bounding boxes.

Table 2-6: EER(S) values for different image division profiles using CEDAR dataset.

CEDAR £-0 sparsity regularization:
Neer=5 K-SVvD/OMP
SPP: SPP: SPP: keypoints =~ o o1& SPP:1&
. 1 2x2 182x2 only 2x2and | 3x3and
Pooling keypoints keypoints
Feature dim Feature dim Featuredim Feature dim Feature dim Feature dim
=60 =240 =300 =60 =360 =660
Avg 8.87 4.10 2.78 8.35 2.67 2.80
Max 10.3 5.73 6.30 10.3 4.17 3.21
Std 4.36 2.98 1.95 4.30 1.44 1.80
Norm 9.37 9.92 8.02 9.22 7.51 13.4
L-2 8.20 4.38 3.04 8.47 3.08 2.48

Table 2-7: Performance evaluation using Sparse Representation methods for CEDAR dataset.

CEDAR €-0 sparsity regularization: €-1 sparsity regularization:

Neer=5 K-SVD/OMP SPAMS/LARS-Lasso
Pooling Hard Decision EER(S) Prar(r) Hard Decision EER(S) Pear(r)
Prar(s) Prrr user_thresh @EER(S) Prars) Prrr user_thresh @EER(S)

SPP 1 & 2 x 2 and keypoints: final feature dimensionality is 360
Avg 6.83 7.32 2.67 0.43 6.99 7.60 2.65 0.37
Max 9.45 9.83 4.17 2.93 9.42 9.71 3.45 1.55
Std 4.76 491 1.44 0.17 4.61 4.64 1.62 0.12
Norm 8.12 9.94 7.51 1.95 8.19 8.73 3.52 0.56
L-2 5.31 5.27 3.08 0.35 7.05 7.81 3.38 0.41

SPP 1 & 3 x 3 and keypoints: final feature dimensionality is 660
Avg 6.13 7.18 2.80 0.27 6.59 6.61 3.08 0.23
Max 8.83 8.65 3.21 0.76 8.52 8.01 2.80 0.48
Std 4.78 5.63 1.80 0.12 4.88 5.81 2.01 0.08
Norm 12.7 20.2 134 4.82 9.17 8.71 3.97 0.41
L-2 5.05 5.11 2.48 0.24 5.49 6.48 3.07 0.22
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Table 2-8: Performance evaluation using Sparse Representation methods for MCYT75 dataset.

MCYT75 €-0 sparsity regularization: €-1 sparsity regularization:
Neer =5 K-SVD/OMP SPAMS/LARS-Lasso
. Hard Decision EER(S) Pearr) Hard Decision EER(S) Pearer)
Pooling
Prargs) Prrr user_thresh @EER(S) Prar(s) Prrr user_thresh @EER(S)
SPP 1 & 2 x 2 and keypoints: final feature dimensionality is 360
Avg 10.4 7.32 3.80 0.22 10.46 8.57 3.91 0.24
Max 14.7 14.6 10.9 3.16 15.8 14.3 11.20 3.09
Std 8.09 6.75 3.18 0.16 8.35 7.58 3.71 0.22
Norm 12.99 16.17 10.8 3.08 12.2 13.43 3.93 0.30
L-2 7.64 7.76 3.23 0.14 7.87 7.59 3.66 0.20
SPP 1 & 3 x 3 and keypoints: final feature dimensionality is 660
Avg 9.18 7.12 3.19 0.14 7.82 7.68 3.58 0.14
Max 15.6 11.5 8.65 1.12 13.9 12.3 8.60 1.08
Std 8.07 6.21 2.82 0.07 7.59 7.29 3.40 0.10
Norm 11.0 23.7 16.7 6.17 9.82 9.68 3.53 0.15
L-2 7.77 7.92 3.46 0.13 7.07 7.69 3.05 0.12

Table 2-9: Performance evaluation using Sparse Representation for GPDS300GRAY and UTSIG datasets.

GPDS300GRAY UTSIG
Neer =5 €-0 sparsity regularization:
K-SVD/OMP

Pooling Hard Decision EER(S) Prar(r) Hard Decision EER(S) Pear(r)
PFAR(S) PFRR user_thresh @EER(S) PFAR(S) PFRR user_thresh @EER(S)

SPP 1 & 2 x 2 and keypoints: final feature dimensionality is 360
Avg 6.91 6.22 2.47 0.59 18.3 16.9 11.7 1.91
Max 8.27 8.89 3.98 3.70 25.3 21.6 17.0 7.02
Std 6.73 6.13 1.50 0.33 16.1 13.4 9.94 1.27
Norm 16.1 19.3 15.2 6.23 24.5 27.6 21.1 6.39
L-2 7.79 7.96 3.30 0.55 20.7 24.6 12.2 1.48

SPP 1 & 3 x 3 and keypoints: final feature dimensionality is 660
Avg 6.46 6.47 3.14 0.44 16.9 12.4 9.82 1.94
Max 11.79 9.37 4.43 1.82 23.6 15.7 13.35 3.33
Std 5.01 5.92 1.97 0.19 15.8 12.5 8.56 1.25
Norm 18.6 29.4 20.4 10.0 29.8 29.5 25.15 12.5
L-2 7.58 6.83 3.53 0.30 17.3 15.2 10.48 0.92

Table 2-10 presents additional experiments involving Sparse Representation (SR) with
different preprocessing and pooling options, as well as results from Hierarchical Sparse Coding
(HSC) and Deep Sparse Coding (DSC) methods. It also includes some popular Deep Learning (DL)
methods for OffSV. The performance of SR methods is found to be sensitive to user-defined
hyperparameters in the preprocessing and Spatial Pyramid Pooling (SPP) stages, such as the
thinning level and the choice of pooling function or number of pyramid segments. Both HSC and
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DSC approaches, despite their complex implementations, did not achieve superior performance
compared to the baseline SR method. This may be attributed to the limitations of layer-by-layer
optimization and the need for setting hyperparameters specifically for the OffSV task, such as
branch size in HSC or the dimensionality reduction method in DSC. However, DSC serves as an
introduction to deep learning architectures by utilizing similar optimization solvers, such as
Stochastic Gradient Descent, when employing Dimensionality Reduction by Learning an Invariant
Mapping (DrLIM) [28]. Additionally, the layer-by-layer optimization using pairs in DSC requires
fewer initial training images compared to CNN-based writer identification tasks in other DL works
presented in the table. In conclusion, comparing DL and SR methods directly in the context of
OffSV is challenging due to the differences in system design. However, it is worth noting that SR
methods, like the one employed here, can be effective in the OffSV problem but require careful
tuning of numerous hyperparameters (from preprocessing to feature extraction and classifiers
stages) for optimal performance.

Table 2-10: Comparative summary of error rates (EER(S)%) including Deep Learning methods and extension of Sparse
Representation for OffSV.

Method GPDS300

Name Description Neee | CEDAR - MCYT75 GRAY uTSIG
HOCCNN Combine low-level and high-level 12 494 5.46 i 12.88
[100] features into a hierarchical CNN ’ (10G) (12G)
Deformations = Location information as a feature
12 2.7 - - 14
CNN [72] for capturing micro deformations 6 6
MLSE Multi-Loss Snapshot Ensemble
1 - 2. - A7
[101] objective function 0 93 6
2.87
12 4.76 3.15 -
SigNet . . L (10G)
Training with genuine signatures
[102] 5 >-87 3.58 3.92 -
(46) '
3.00
12 4, 1. -
SigNet-F Training with genuine and skilled 63 (10G) 69
[102] forgery signatures 5 5.92 3.70 242 i
(4G)
S'g[\llf)télspp 10 360  3.64 3.15 -
: Training with signatures of
SigNet-SPP different sizes
(fine-tuned) 10 2.33 3.40 - -
[103]
0.76 7.36
:1&2x2 i 1 . 1.
SPP: 1 & 2 x 2 and keypoints (std) 0 0.90 63 (126) (126)
Proposed: SR = SPP: 1 & 2 x 2 and keypoints (std) 5 1.44 3.18 1.50 9.94
[91] : 0.92 6.22
01 1 1.1 1.
SPP: 1 & 3 x 3 and keypoints (std) 0 4 97 (12G) (126)
SPP: 1 & 3 x 3 and keypoints (std) 5 1.80 2.82 1.97 8.56
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Method GPDS300
Name Description Negr | CEDAR | MCYT75 GRAY uTsiG
Preprocessing: Thinning level per
signature and 5 2.89 4,98 5.71 10.3

SPP: 1 & 2 x 2 and keypoints (std)
Preprocessing: Thinning level per

S'g“;t”re 5 345 489 623 125
SPP: 1 & 2 x 2 and keypoints (avg)
Proposed: SR SPP: 1 & 2 x 2 (avg) 5 278 367 2.70 -
[104]
Depth: 3, Branch: [20 2]
SPP:1&2x2 2.30 4.01 ) )
Depth: 3, Branch: [20 2]
Proposed: HSC SPP:1&3x3 c 2.42 3.52
[94] Depth: 4, Branch: [6 3 2]
SPP:1&2x2 2.56 4.29 ' '
Depth: 4, Branch: [6 3 2]
SPP:1&3x3 2.72 3.70 ' '
Layers: 2, DR: PCA
SPP:1&2x2 3.98 ) ' '
Layers: 2, DR: DrLIM
SPP:1&2x2 3.05 i i i
Layers: 2, DR: Random projection, 785 i i i
SPP: 1 &2x2 ’
Proposed: DSC Layers: 2, DR: Random Ortho proj. 282 i i i
[95] SPP:1&2x2 5
Layers: 3, DR: PCA 512 i i i
SPP: 1&2x2 '
Layers: 3, DR: DrLIM
SPP:1&2x2 4.93 ) ) )
Layers: 3, DR: Random projection 330 i i i
SPP: 1&2x2 '
Layers: 3, DR: Random Ortho proj. 587 i i i
SPP: 1&2x2 '

2.4  Conclusions

The shallow representation models discussed in this chapter provide a transparent and
interpretable way to extract features from signature images. The image encoding approaches
using image visibility graph motifs, SPD manifold mapping, and sparse representation offer
insights into the underlying characteristics of the signatures. Although these models demonstrate
state-of-the-art performance in capturing relevant features from signature images, they require
meticulous tuning of numerous hyperparameters to achieve optimal results. However, the major
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advantage of these models lies in their efficiency even with a limited number of training samples.
This is due to their shallow architectures, which provide low-level features and require training
procedures only for the final classifiers.

On the other hand, deep learning methods have demonstrated exceptional performance in
various computer vision tasks, including signature verification. By leveraging convolutional neural
network architectures, deep learning models can automatically learn hierarchical
representations from data, eliminating the need for handcrafted feature engineering and explicit
hyperparameter tuning. The end-to-end training process allows CNN models to capture intricate
patterns and nuances in images, potentially leading to higher accuracy and robustness. However,
the success of deep learning models heavily relies on having a large and diverse dataset for
training, which can be challenging to acquire in certain domains.

Considering these aspects, a promising direction for research lies in exploring hybrid
approaches that combine the strengths of both shallow representation methods and deep
learning models. This approach is presented in the next chapter, where hand-crafted image
descriptors are combined with CNNs.
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Chapter 3

Hybrid combination of shallow representations
and deep learning

3.1 Introduction

Hand-crafted features have been widely employed in computer vision problems, mainly for the
task of image classification [42], [105], [106]. These features are derived from non-learning
processes by directly applying various operators on image pixels and can provide several
properties, like rotation and scale invariance [42], [107], due to their ability to efficiently encode
local gradient information. However, hand-crafted features suffer from three primary limitations.
First, hand-crafted features extract a low-level representation of the data, lacking the ability to
provide a prominent abstract representation necessary for recognition tasks [108]-[110].
Secondly, the local descriptors like SIFT (Scale-Invariant Feature Transform) do not offer a fixed-
length vector representation of the input image, necessitating additional logic for the local
descriptor encoding [109], [111], [112]. Thirdly, hand-crafted features have limited capacity as
they are predetermined mappings from the data to the feature space, which remains fixed
regardless of the requirements of specific recognition problems.

In the past decade, hand-crafted based methods have been replaced by Deep Convolutional
Neural Networks (CNNs), which employ an end-to-end learning scheme, typically in a supervised
manner [113]. CNNs operate by associating each input image with a ground-truth label specific
to the computer vision task at hand. The predictive model of the CNN produces a score, which is
compared to the corresponding label, and the model weights are adjusted until the output
achieves an acceptable level of accuracy. Consequently, CNNs build a hierarchical organized
feature representation of the input data through a learning process that minimizes a given
(differentiable) cost function. Thus, the CNNs learn both the feature representation and the
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feature encoding directly from images. The result is a learnable model that can provide high-level
feature representations of input data once trained on a particular dataset and task. However,
CNNs have certain limitations. They demand extensive amounts of data for training and are highly
dependent on the quality of the data, including the availability of corresponding labels. After all,
training deep architecture presents challenges, such as the requirement for large annotated
datasets and difficulties in ensuring scale, rotation, or geometric invariance properties [114].

This chapter explores the combination of local descriptor representations with deep learning
architectures. Our objective is to assess the ability of local descriptors to provide higher-level
information to CNNs, thereby improving their performance in handling rotations, complex
textures, and patterns. Initially, we calculate SIFT descriptors on a dense grid of image locations,
considering the neighborhoods of all pixels in the image. The center pixel of each image
neighborhood is mapped to a histogram, creating a new image representation called the SIFT-
Image [43]. The spatial resolution of the SIFT-Image can match that of the input image (unless
subsampling is applied with a stride greater than one), and the depth of the SIFT-Image
corresponds to the dimensionality of the SIFT descriptor. The new image representation is used
as input to CNN, resulting in a framework called SIFT-CNN. Thus, the proposed SIFT-CNN consists
of two stages: the unsupervised calculation of the dense SIFT descriptors to generate the local
descriptor representation [115], followed by utilizing the produced SIFT-Images as inputs for the
supervised training of a CNN model in a classification task. Therefore, in the proposed SIFT-CNN
framework, we undergo a transformation of the input space representation to incorporate
desirable properties.

The SIFT-CNN incorporates local scale and local rotation invariance property and hence
robustness against affine distortion, viewpoint changes, illumination variations, and noise. The
SIFT descriptors are used here as a mapping of the input pixels into a robust representation
equipped with the SIFT properties, and thus, the local rotation invariance is integrated implicitly
to the framework This is achieved by conducting SIFT-CNN training using SIFT-Images instead of
directly operating on image pixels. Also, the SIFT-CNN takes advantage of both domains, the
hand-crafted SIFT descriptors and the learned features from CNNs. Through evaluation on
different problems, we demonstrate that this novel combination yields improved efficiency.
Finally, the SIFT-CNN emphasizes the representation of the input images rather than on specific
CNN architectures or loss functions and offers an alternative approach to enhancing performance
and addressing the limited sample size if it is presents. Initially, an investigation of SIFT-CNN
framework is developed on the widely-used MNIST ("Modified National Institute of Standards
and Technology") dataset, consisting of handwritten digit images [116], [117]. The MNIST
database serves as an ideal testbed for benchmarking classification algorithms. Here, the
experiments with varying number of training examples showed that the SIFT-CNN can be
efficiently trained with a limited number of samples. Next, our study explores mostly the local
rotation invariant property by examining scenarios where local areas within an image undergo
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rotation without affecting the overall classification category, eliminating the need to rotate the
entire image. Examples of such problems include indirect immunofluorescence (IIF) cell images,
ground-based all-sky cloud images, and human Lip-Reading image sequences, where cell, clouds,
or part of the mouth area can be rotated within the image, but the final image class decision
should be preserved, as one can observe from some example data in Figure 3-1. In the case of
the biomedical problem involving Human Epithelium Type-2 (HEp-2) cell images [118], the
proposed SIFT-CNN framework outperforms the network trained directly on image pixels. Also,
the experiments conducted on both the cloud type classification using a large dataset of all-sky
images (GRSCD) [119], [120] and the sequence modelling task of word-level Lip-reading
recognition (LRW) [121] showed that SIFT-CNN achieved state-of-the-art performance. The
experimental results across these various tasks consistently indicate that the proposed SIFT-CNN
approach provides significant improvements compared to CNNs trained directly on pixel images.
Hence, the SIFT-CNN demonstrates its effectiveness in enhancing performance across a range of
computer vision problems, making it a promising and efficient approach.

Figure 3-1: Some representative data examples of the related problems. The first row shows handwriting digits from the most
popular machine learning dataset of MNIST. The second row presents IIF cell images for the HEp-2 cell classification task. The third
row includes the all-sky images of the whole sky dome, where different types of clouds are recognized. The fourth row corresponds
to the lip-reading classification task, where each sample is an image sequence (29 frames) representing a spoken word. Obviously,
local rotation invariance is a sought-after property in these tasks.

The rest of this chapter is organized as follows: A brief overview of the existing combination
of hand-crafted SIFT features with the deep learning topologies are given in Section 2. The
proposed method is detailed in Section 3. The experimental procedure on four different
classification tasks, incorporating handwritten digit images (MNIST), Human Epithelium Type-2
(HEp-2) cells microscope images, all-sky cloud (GRSCD) images, and Lip-Reading video (LRW)
along with the corresponding results are given in Section 4. Finally, the conclusions are drawn in
Section 5.
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3.2 Related Work

For many years, computer vision research focused on developing various calculation methods for
hand-crafted features, particularly local descriptors such as SIFT, along with feature encoding
mechanisms to provide a robust image representation. However, over the past decade, the
dominance of CNNs has reshaped the field. Recently, there has been a growing interest in
combining SIFT descriptors with CNNs, recognizing the potential synergy between the two
approaches [122]. In most of the proposed works, the SIFT features are merged with the CNN
features at the final stage just before the classification topology [123], [124]. Thus, two streams
are utilized independently, on the one hand is implemented the calculation of the SIFT
descriptors along with k-means algorithm for the bag-of-words encoding and on the other hand
the CNN features are extracted utilizing a deep learning model. The outputs of the streams are
fused, and the result is fed a classifier consisting of fully connected layers. Next, only the CNN-
stream is updated through backpropagation on the respective stream. In this manner, many
different approaches are proposed for the calculation of local descriptors either exploiting key-
point SIFT [125], [126] or jointly with dense SIFT features [127]. Besides, the fusion method is
varied from simple concatenation to more sophisticated attention mechanisms [123], [128],
[129]. The previous dual-stream logic is modified by redoubling each stream and implement a
Siamese scheme [130]. Additionally, hybrid CNN and SIFT methods are evaluated on sequence
modelling tasks to capture video dynamics in opposition to optical flow [131], [132].

In scenarios with limited data availability, the use of shallow representations achieved
through hand-crafted descriptors has demonstrated significant advantages. These approaches
prove particularly valuable in addressing the challenges posed by data scarcity, enabling effective
analysis and solutions [133], [134]. In an effort to reduce the number of learnable parameters in
a CNN model, several works have proposed replacing the learnable parameters in the initial
layers with user-specified functions and pre-defined handcrafted filters. One such approach
involves incorporating Gabor filters into CNNs to enhance the resistance of deep learned features
to the orientation and scale changes [135]. Another method combines the ScatNet, utilizing a
pre-defined Morlet filter bank to extract features, with a CNN architecture to create a deep
hybrid network [136]. The PCANet [137] employs Principal Component Analysis (PCA) for the
filter banks, and its modifications include LDANet, which trains cascade filters using Linear
Discriminant Analysis (LDA), and MLDANet, which combines PCANet and LDANet [138].
Additional variations of the PCANet approach are the PCA-based Convolutional Network (PCN)
[139], a multi-stage convolutional network that can be trained layer-wise in an unsupervised
manner, and KPCANet [140], which incorporates kernel PCA and is invariant to illumination while
remaining stable under slight non-rigid deformation. Another notable technique involves
replacing regular CNN filters with Active Rotating Filters (ARFs), leading to a significant reduction
in network parameters and improved classification performance. ARFs ensure within-class
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rotation invariance by actively rotating during convolution, resulting in feature maps that
explicitly encode location and orientation information [141]. However, notable mechanism
widely used to address translation, scale, and rotation invariance in CNNs is the Spatial
Transformer Networks (STNs) [142]. STNs are a generalization of differentiable attention to any
spatial transformation. Unlike the previously mentioned approaches, STNs do not aim to reduce
the number of network parameters. Instead, they learn the parameters of an affine
transformation that is applied to the entire input image at the early stages of the CNN, thereby
enhancing the geometric invariance of the model. Finally, an approach that incorporates
underlying physics in the input representation is known as physics-informed neural networks
(PINNs) [143], [144]. These networks integrate (noisy) data and mathematical models and utilize
additional information obtained by enforcing physical laws during training in order to be trained
from additional information obtained by enforcing the physical laws. By combining data-driven
learning with the constraints imposed by the underlying physics, PINNs enable more accurate
and robust predictions, offering an effective framework for capturing complex phenomena while
incorporating prior knowledge of the physical laws. In the end, providing some kind of invariance
in the first layers of CNNs seems to be very important for learning more robust representations
without requiring large amounts of data or extreme data augmentation [145]. The integration of
hand-crafted feature representations with CNNs provides a compelling approach that leverages
the strengths of both feature engineering techniques and deep learning architectures [146],
[147]. An example of this is the utilization of Local Binary Pattern (LBP) descriptors to analyze
facial texture, where a CNN is trained using LBP-encoded images to enhance its global texture
perception [14], [148]. The combination of hand-crafted feature representations and CNNs offers
a promising approach to extract meaningful information from data and improve the overall
performance of machine learning models.

In this work, we introduce a novel method for directly integrating dense SIFT descriptors into
CNNs as inputs. While the concept of SIFT-Images and the fusion of SIFT and CNN features have
been previously proposed, to the best of our knowledge, the benefits of using SIFT-Images as
inputs to CNNs have not been thoroughly investigated. Our approach utilizes dense SIFT, and the
SIFT-Image transformation maps a single-channel image to an M-channel image, where M
corresponds to the dimension of the SIFT descriptor and consequently the number of the SIFT-
Image channels while preserving the spatial resolution of the original image. What sets our
approach apart is the utilization of these SIFT-Images as multi-channel inputs for training the CNN
model in various classification problems. Our proposed SIFT-CNN framework leverages the
feature extraction capabilities of the CNN model while implicitly incorporating the local rotation
invariance of the SIFT descriptor within a unified system. By utilizing the consecutive integration
of these two components, our framework synergistically combines the strengths of both
approaches, resulting in improved performance in various computer vision tasks.

37



Chapter 3 | Hybrid combination of shallow representations and deep learning

3.3  Proposed Method
3.3.1 The SIFT-CNN framework

In a typical CNN-based system, the input consists of the pixel values of an image, and the output
is the classification result for that image. We will refer to this approach as Pixel-CNN throughout
the rest of this chapter. In the case of dense SIFT, where SIFT descriptors are calculated on every
pixel of the image, we obtain the SIFT-Image representation. The SIFT-Image is then fed into a
CNN, resulting in the complete framework known as SIFT-CNN. The overview of the two
frameworks is presented in Figure 3-2.

By using the SIFT-CNN approach, the network learns spatial relations directly from the
histograms of gradients in neighboring pixels. This differs from learning directly from intensity
pixels and allows the network to focus on the relationships between statistical properties of the
pixel regions. Specifically, CNN learns the connections between histogram bins that encode the
frequency of gradient directions in the vicinity of each pixel. Importantly, the spatial resolution
of the input image remains unaffected, enabling CNN to learn features with high spatial detail
while utilizing the entire spatial image domain. At the same time, the spatial resolution of the
input image remains unaffected, enabling the CNN to learn features with high spatial detail
utilizing the total spatial image domain [43]. In essence, the SIFT-CNN leverages the properties
of SIFT, leading to the implicit integration of local rotation invariance within the framework.

1-Channel CNN
«—>
Input image ) @ — predicted
(grayscale) — m@ class
// /
/
HxWx1
1-Channel M-Channels
«—> + ——p CNN
Input image - - @ — predicted
(grayscale) SIFT-Image class
/
HxWx1 HxWxM

Figure 3-2: Overview of the Pixel-CNN and SIFT-CNN frameworks for image classification. Top scheme: Pixel-CNN, the regular
implementation of CNN where the pixels’ values of grayscale image are used directly as inputs into CNN. Bottom scheme: SIFT-
CNN, the SIFT-Image representation is used as input into a CNN and thus, the SIFT-CNN is guided to learn features from local
gradient information of images, something that results SIFT-CNN to incorporate implicitly the local rotation invariance property.
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3.3.2 Mapping pixels to SIFT descriptors

The SIFT descriptor is computed for every pixel of a grayscale image using a method called Dense
SIFT feature descriptor [149], which is roughly equivalent to running SIFT on a dense grid of
locations at a fixed scale and orientation. In this work, we adopt the dominant scale approach, as
suggested by previous studies [110], [150], which found that a single scale is sufficient to capture
the necessary information. The dominant scale is computed by executing the SIFT detector using
the training images and then, estimating the distribution’s mean of all the scales. For every pixel
of an image, a neighborhood of size N x N pixels is defined around it, where N is specified by the
scale parameter and is set to N = 8. This local area is divided into 4 x 4 regions called cells. For
each cell, an 8-bin histogram is computed and therefore, each pixel is represented as an M-
dimensional feature vector, where M = 128 represents the number of bins in the SIFT histogram
when all cells stacked together. As a result, each grayscale input image is transformed into a new
image with M-channels, formed by the M-dimensions descriptors for every pixel. This process is
presented on the following Figure 3-3. The descriptors encode statistical information related with
the orientation of the gradients in the local neighborhood of pixels’ area. This representation
exhibits local rotation and scale invariance while also expands the receptive field-of-view of the
first layer of the CNN. The increased input receptive field enables the CNN to capture higher-level
features with its first layer leveraging the previous SIFT encoding. Furthermore, the properties of
the SIFT descriptors are implicitly incorporated in the training process of the CNN. Training a Deep
CNN with these M-channel SIFT-Images has the potential to improve generalization with fewer
augmentations or training data, while implicitly transfusing a sense of local rotation invariance
into the CNN.

First
channel of CNN Feature

SIFT Image filter 1 map 1

Grayscale

; SIFT-Image CNN feature map
image
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neighborhood «*
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M-dimensional SIFT
descriptor

Figure 3-3: Given a grayscale image, one SIFT descriptor is computed for each pixel of the image capturing a neighborhood around
every pixel. Thus, each pixel is mapped to an M=128-dimensional SIFT descriptor. For all the pixels of the grayscale image, the
corresponding result is a new image that is called SIFT-Image. In the SIFT-CNN framework, every input convolutional layer of the
CNN (e.g., CNN filter 1) operates directly on the SIFT-Image such as in a multiscale input image with the regular convolution
process. In this way, the output of the first convolutional layer is an ordinary CNN feature map.
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3.4 Experimental Results

The efficiency of the proposed SIFT-CNN is evaluated on many different challenging tasks. In all
cases, the ability of SIFT-CNN to perform better than (or to be combined) regular Pixel-CNNs is
presented. The ResNet-18 architecture is used as the standard CNN in the SIFT-CNN framework,
since ResNets have demonstrated remarkable performance in transfer learning [151].
Optimization is performed by minimizing the loss with Stochastic Gradient Descent (SGD) for 100
epochs, starting with an initial learning rate of 0.1, which is divided by 10 every 30 epochs, unless
specified otherwise. The size of the minibatch is determined by the maximum memory on GPU,
with 64 images for image classification problems and 8 for the sequence classification task.
However, our preliminary investigation using smaller minibatches (i.e., 8,16,32) results in
performance degradation of less than 1% for each reduction. Unless otherwise stated, no specific
data augmentation procedures are incorporated into the training procedures.

3.4.1 Datasets

The MNIST dataset consists of 60,000 training images and 10,000 test images, representing 10
handwritten digit categories ranging from zero to nine [116], [117]. Upon conducting
experimental investigations using the 28 x 28 pixels images from MNIST, we observed the need
for a larger input spatial area to efficiently train CNNs with SIFT-Image representations. This is
because CNNs require the ability to handle the additional information provided by the SIFT
descriptors. Therefore, for all experiments involving Pixel-CNN and generating SIFT-Images, the
grayscale MNIST images with a resolution of 28 x 28 pixels are resized to 64 x 64 pixels using
bicubic interpolation.

Two publicly available biomedical datasets with single-channel (grayscale) images of Human
Epithelium Type-2 cells (HEp-2 cells) are used for the task of cell image classification [118]. These
datasets were introduced in two contests and are known to be highly challenging. The first one
is ICPR 2012 HEp-2 cell dataset, consisting of 721 training images and 734 test images across six
categories [152]. The training and test sets are already provided by the contest organizers. The
second dataset is ICIP 2013 HEp-2 cell contest dataset with 13,652 cell Images and six cell classes
[153]. From the total of 13,652 images, 1,186 were used for training and the rest 12,466 were
allocated for testing. To ensure consistency in the experiments, all grayscale cell images are
resized to a resolution of 128 x 128 pixels. This resolution is applied to both the input images for
Pixel-CNN and the generation of SIFT-Images.

The TJNU ground-based remote sensing cloud database (TINU-GRSCD) contains 8000 cloud
images captured by the sky camera with fisheye lens [119], [120]. The images are collected for a
long period of time from 2017 to 2018 in Tianjin, China. Every ground-based sample is an RGB
image of the sky dome with the resolution of 1024 x 1024 pixels and preserved in the JPEG
format. The sky conditions are divided into 7 sky types: 1) cumulus, 2) altocumulus and

40



3.4 | Experimental Results

cirrocumulus, 3) cirrus and cirrostratus, 4) clear sky, 5) stratocumulus, stratus, and altostratus, 6)
cumulonimbus and nimbostratus, 7) mixed cloudiness, according to cloud genera definitions of
the World Meteorological Organization (WMO) and the visual similarity of cloud in practice. The
GRSCD is composed of 4,000 training samples and 4,000 test samples from 7 classes, as provided
by the creators. The RGB images are converted to grayscale and resized to 280 x 280 pixels in
order to allow the image augmentations of random crop into resolution of 256 x 256 and random
horizontal flip during training.

The Lip-Reading problem is tackled using the LRW-500 dataset, which is a challenging large-
scale dataset specifically designed for lip reading tasks [121]. This LRW (Lip Reading Words)
dataset contains words extracted from short video clips captured automatically from BBC TV
broadcasts. Each spoken word is represented with 29 RGB frames. The dataset contains a total
of 500 different word classes, with 488,766 training samples and 25,000 samples for both
validation and testing. To maintain a consistent frame length, the creators of the dataset cropped
fixed windows with the target word positioned at the center. For our evaluation, each image was
cropped to an 88 x 88 pixels region around the mouth area. These cropped images were
transformed to grayscale and then into SIFT-Images. This mapping process converts each
grayscale image sequence into a corresponding SIFT-Image sequence, which is subsequently
processed by the CNN architecture.

3.4.2 C(lassification Results on MNIST dataset

The evaluation of the SIFT-CNN framework on the MNIST dataset enables us to conduct two
distinct investigating directions: a) analyzing the impact training samples number, and b)
assessing the robustness of SIFT-CNNs in terms of rotation invariance. By conducting experiments
on the well-known MNIST dataset, we can examine the framework's performance under varying
numbers of training samples and determine its ability to handle image rotations effectively.

3.4.2.i Study the behaviour of SIFT-CNN with limited samples

The objective is to investigate the behaviour of SIFT-CNNs concerning the number of available
training samples and thus experiments are conducted by varying the number of training images.
The number of training images is reduced to 30,000, 10,000, 5,000, and 1,000 in addition to the
full training dataset of 60,000 images. For each training set, the SIFT-CNN was compared with
Pixel-CNN using the ResNet-18 model, and the results are presented in Table 3-1. In cases with
less than 60,000 images, the average accuracy after 100 repetitions with randomly sampled
training images is demonstrated. The results indicate that Pixel-CNN can achieve similar
performance to SIFT-CNN only when it is trained with a large number of training samples. On the
contrary, as the number of training samples decreases, the SIFT-CNN consistently achieves better
accuracy than Pixel-CNN. From the results in Table 3-1, we can observe that the accuracy of SIFT-
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CNN remains more stable, consistently above 99%, even when using less than 10% of the original
available samples, namely 5,000 images.

Table 3-1.Classification Accuracy on MINIST hand-digit dataset using different training set sizes.

Classification Accuracy (%)

Number of on MNIST
Training Samples SIFT-CNN Pixel-CNN
60000 99.47 99.49
30000 99.45 99.43
10000 99.17 98.78
5000 99.09 98.42
1000 97.46 95.12

3.4.2.ii Rotation invariance and comparison with Spatial Transformer Networks

In this section, our objective is to study the behaviour of SIFT-CNN framework concerning
rotations. To do this, only the test set is subjected to rotations of various degrees. One of the
most effective methods for achieving global rotation invariance is the of Spatial Transformer
Networks (STN) [142]. Therefore, in this experiment, we study the rotation invariance properties
of SIFT-CNN its compare them with Spatial Transformer Networks (STN) and Pixel-CNN. To assess
the ability of both Pixel-CNN and STN-CNN to overcome the challenge of rotation invariance, data
augmentations are included in their trainings too. These augmentations applied random image
rotations between 0° and 90° degrees. In this experiment, ResNet-18 models are trained from
scratch to avoid using weights learned with extreme augmentations from other pretrained
datasets. The training set consists of 1000 training samples by randomly sampled 100 training
images per class digit. The experiments are performed by running 100 random repartitions to
stress the generalization capabilities of the frameworks. During these experiments, the 10,000
test images are randomly rotated at angles between 0° and 45° degrees, while the training set
remains unmodified in means of rotation. The average classification accuracy values (average
over 100 random repetitions) for the different frameworks, considering various rotation angles,
are presented in Table 3-2. The Results demonstrate that SIFT-CNN could equip the framework
with robustness against arbitrary rotations of input test images. Even for extreme rotations, the
SIFT-CNN exhibits a descent performance. Interestingly, the rotation augmentations appear to
have a negative impact on the models’ performance, particularly in cases where the training data
already have intrinsic small perturbations, such as the MNIST dataset. It is also worth-noting that
the STN-CNN outperforms the Pixel-CNN in scenarios involving large rotation angles. However,
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Pixel-CNN demonstrates superiority in cases of small rotations where the STN may not function

optimally.
Table 3-2. Evaluating different frameworks to cope with arbitrary rotations of the MNIST test set.
Test Classification Accuracy (%)
set on MNIST
R°tat|'°“ SIFT-CNN Pixel-CNN Pixel-CNN STN-CNN STN-CNN
An_g es without without with without with
(in rotation rotation rotation rotation rotation
degrees) augmentations augmentations augmentations augmentations augmentations
0° 97.46 95.12 89.66 92.43 81.16
50 97.20 93.66 89.75 92.30 78.60
15° 93.75 82.06 81.22 91.46 77.67
30° 84.15 51.72 64.39 78.92 72.29
450 73.75 27.60 52.45 71.26 67.90

3.4.3 C(Classification results on ICPR 2012 and ICIP 2013 HEp-2 cell image datasets

The Hep-2 cell image classification problem motivated us to design the SIFT-CNN method, and
thus some critical parameters of the framework are optimized on the ICPR2012 dataset. Firstly,
dimensionality reduction methods were applied to the 128-channel image representation to
reduce the input 3D volume's depth. Half of the training images were used to learn the
undercomplete dictionary for NMF (Non-negative Matrix Factorization) or the projection matrix
for PCA (Principal Component Analysis), resulting in a reduced dimensionality of M < 128. The
kernel size of filters in the first layer of the CNN was also investigated, considering that the SIFT-
Image pixels already encompass a larger receptive field with an encoding neighborhood of size N
x N pixels (N = 8). Two sizes were tested: 1x1 and 3x3 pixels. Results on Table 3-3 indicate that
the 3x3 convolution kernel demonstrated notably higher accuracy, supporting our hypothesis
that transforming the data into a more informative representation leads to a more efficient
starting point for training the CNN model. By enhancing the information encoding in initial layers,
larger convolution kernels prove beneficial for capturing more extensive neighbor information.
NMF encoding showed performance improvement with an increase in the number of dimensions,
while PCA-based representation was inferior, especially for larger dimensions. The evaluation
showed that dimensionality reduction did not significantly contribute, leading us to focus on
transfer learning in the following experiments.
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Table 3-3: Parameter analysis in input representation depth and kernel size of first convolutional layer using the ICPR2012

dataset.
Classification Accuracy (%)
Parameters on ICPR2012
Kernel size of filters in the first layer of CNN 1x1 3x3
SIFT-Image input (M=128 Channels) 70.65 73.09
Dimensionality Reduction (DR) method
Channels of Input Image after DR (M) NMF PCA NMF PCA
4 65.76 65.48 65.76 65.75
8 66.44 66.30 65.48 66.04
16 69.70 70.52 69.29 68.75
32 69.15 68.20 70.78 70.24
64 69.43 68.47 70.92 70.92
76 66.44 66.03 70.24 68.47
96 67.25 66.30 72.14 68.85

The availability of two HEp-2 cell image datasets sharing the same classes, namely the ICPR
2012 and ICIP 2013, provides the opportunity for a comprehensive experimental analysis. On the
one hand, the CNN is studied separately in each dataset and on the other hand, the transferability
of the learned features across datasets is investigated. In the first case, the ResNet-18 is trained
using only the training set of each dataset. Subsequently, the trained model is tested on the
respective test set of each dataset. This approach is referred to as "without transfer learning" in
the results presented on the Table 3-4 below. In the second case, the ResNet-18 is initially trained
using the training images of one dataset. Then, the trained model serves as the initialization point
for further training on the other dataset. The accuracy is reported on the test set of the final
dataset. This approach is referred to as "with transfer learning" and the results are also presented
in Table 3-4. To ensure a fair comparison, Pixel-CNN is tested using the same protocols as SIFT-
CNN. The SIFT descriptors are computed using the patch dominant orientation option, as
depicted in Figure 3-4.

Table 3-4. Classification Results on the Hep-2 cell image biomedical datasets.

Classification Accuracy (%)

Methods ICPR2012  ICIP 2013
Proposed: Pixel-CNN(ResNet-18) without transfer learning 66.3 84.47
Proposed: Pixel-CNN(ResNet-18) with transfer learning 68.5 86.12
Proposed: SIFT-CNN(ResNet-18) without transfer learning 73.0 89.18
SIFT + VHAR [110] 73.4 -
SIFT-SURF + BoW [154] 75.0 -
SPM [154] 75.0 -
Proposed: SIFT-CNN(ResNet-18) with transfer learning 75.0 89.21
SBoW [155] 78.0 -
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The SIFT-CNN demonstrates a notable improvement compared to the regular Pixel-CNN both
when transfer learning is performed or not. These results highlight the superior performance of
SIFT-CNN, indicating that the combination of SIFT-Image with a CNN model allows the CNN to
effectively leverage the dense SIFT properties and handle the complex textures present in the
cell images, surpassing the utilization of pixel values alone. Considering that images captured
from fluorescence microscopy often contain noise, it is evident that SIFT descriptors provide
more robust representations compared to the noisy pixels. Furthermore, the performance of
SIFT-CNN is statistically comparable to traditional methods that employ SIFT descriptors along
with Vector of Locally Aggregated Descriptors (VHAR) or frequency-related Bag-of-Words (BoW)
encoding. The effectiveness of hand-crafted features, as opposed to Pixel-CNN’s learned
features, is primarily attributed to the presence of noise in microscope images rather than the
limited number of training samples. However, it is worth mentioning that both Pixel-CNN and
SIFT-CNN exhibit the ability to transfer knowledge between tasks in all cases.

Figure 3-4: SIFT descriptors computed using patch dominant orientation on a cell image.

3.4.4 C(Classification results on GRSCD with all-sky images

The SIFT-CNN was evaluated on the Ground Based Remote Sensing Dataset (GRSCD), utilizing
only the visual information since another version of the dataset includes additional multimodal
information for every image. Table 3-5 presents a variety of methods including both traditional
techniques and deep learning architectures. The traditional-based features are calculated using
the SIFT descriptors together with bag-of-words (BoW), with the uniform invariant local binary
patterns (LBP with the (P, R) set to (24, 3), respectively), and the completed LBP that is a joint
combination of local central information, signs, and magnitudes of the local differences (CLBP
with P =24 and R = 3). Many popular CNN topologies are also presented in Table 3-5, such as the
VGG-16, the AlexNet-like for CloudNet, deep convolutional activation-based features (DCAFs),
and ResNet variations. The deep learning methods exhibit a significant advantage over hand-
crafted methods in ground-based cloud classification. This is attributed to the unique
characteristics of cloud images, which possess large intraclass and small interclass variances in
terms of texture (e.g., similar clouds at different heights) and color (e.g., different daytime). CNNs
prove effective in learning distinctive representations from challenging fisheye sky images, while
could incorporate additional mechanisms in their end-to-end training. The utilization of these
mechanisms, such as the ResNet model trained with dual guided loss (DGL), hierarchical fusion
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of intermediate feature maps of deep visual features, and the attention mechanism for exploiting
local visual features (Attentive Network) is crucial for capturing inherent structural information
and improving performance. Hence, fusion techniques enhance performance by extracting
information from multiple CNN-based streams and combining the outputs, as seen in the
Improved Combined Convolutional Network (ICN). Considering this, the proposed SIFT-CNN is
combined with PixelRGB-CNN using a late fusion mechanism to further improve results. Finally,
to optimize the decision boundary, a support vectors machine (SVM) classifier at the top of the
final extracted features seems advantageous for the cloud type classification task, as evidenced
by increased classification results.

The experiments using both Pixel-CNN and SIFT-CNN performed with the stochastic gradient
descent (SGD) optimizer started with a learning rate 0.001 and a weight decay and momentum
set to 0.0002 and 0.9 respectively. The learning rate was decreased every 30 epochs using a step
function by a factor of 0.1 for a total of 100 epochs when the minibatch had 64 images. Results
on Table 3-5 indicate that SIFT-CNN provides an efficient way to encode and utilize the SIFT
descriptors. By comparing it with the standard approach for encoding SIFT descriptors into a
histogram of occurrences (BoW), SIFT-CNN provides an improvement of about 16%. Moreover,
SIFT-CNN surpasses pixel-CNN regardless of the used architecture, like the ResNet-18, ResNet-
50, AlexNet-like, and VGG-16. However, on its own, SIFT-CNN falls short in achieving a high
classification score. To improve the results, additional mechanisms such as a fusion scheme
should be employed, as evident from the relevant works listed in the table.

Table 3-5. Summary of the state-of-the-art results on the GRSCD.

Classification

Methods Accuracy (%)
on GRSCD
SIFT + BoW [119], [156] 66.13
LBP (P =24, R =3)[119], [157] 50.20
CLBP (P =24, R =3)[119], [158] 69.18
VGG-16 [119], [159] 77.95
CloutNet (ALexNet-like) [119], [160] 79.92
Proposed: PixelRGB-CNN (ResNet-18) [161] 82.52
DCAFs & SVM [119], [156] 82.67
ResNet-50 [46] 83.15
Proposed: SIFT-CNN (ResNet-18) 83.90
ResNet-50 + DGL [162] 85.28
ResNet-50 + hierarchical fusion & SVM [163] 85.12
ResNet-50 + Attentive Net & SVM [119] 86.25
Proposed: Late Fusion PixelRGB-CNN and SIFT-CNN (Resnet 18) [161] 87.22
Proposed: Late Fusion PixelRGB-CNN and SIFT-CNN (Resnet 18) & SVM [161] 87.55
TGCNN (with ResNet-50) [120] 89.48
Fusion of ICN, ResNet-50 and VGG-16 [164] 90.08
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3.4.5 C(lassification results on Lip-Reading LRW dataset

Previous experiments have demonstrated the effectiveness of SIFT-CNN for single image
classification. In this section, the capability of SIFT-CNN in a problem of sequence modelling is
investigated. For this purpose, the Lip-Reading (LR) problem is approached using a very
challenging and large-scale dataset consisted of 500 English spoken words. LR is a challenging
image sequence classification task where the CNNs are asked to learn very high-level, abstract
patterns of mouth motion from sequences of frames [165]. Traditionally, sequence encoding
tasks have relied on recurrent neural networks (RNNs) such as GRU and LSTMs. However, in
recent years, Temporal Convolutional Networks (TCNs) have garnered significant attention for
various sequence learning tasks, including action recognitions [166], weather predictions [167],
and also LR task [168], [169]. TCNs offer an alternative approach to sequence modeling, utilizing
convolutional layers to capture temporal dependencies and extract meaningful features from
sequential data. Towards this direction, a state-of-the-art implementation has been obtained by
combining spatiotemporal convolutions, also known as 3D convolutions, with ResNet-18 CNNs
and Multiscale Temporal Convolutional Networks (MS-TCN) [168]. In this approach, the frames
of the sequence are passed through a 3D convolutional network and then processed frame-wise
from a ResNet-18 to extract a feature vector from each frame. Finally, the TCNs are used to map
the sequence of vectors into a fixed length vectorial representation, thereby providing sequence
encoding. Our goal is to explore the power of the input image representation utilizing the SIFT-
Image in combination with a deep architecture. Thus, we train the MS-TCN based Lip-Reading
system proposed by [168], using the SIFT-Images as input, ensuring fair comparison with plain
rule as possible. More specifically, given a gray scale image with a resolution of 88 x 88 pixels as
input, we compute the SIFT-Image, resulting in a tensor of size 88 x 88 x 128 (Height x Width x
Channels). Next, we apply two convolutional layers with a kernel size of 3 and a stride of 2 in
order to map the channels from 128 to 64, and then from 64 to 64, respectively. Subsequently, a
third convolutional layer with a stride of 1 and a kernel size of 3 is used to transform the 64
channels to 64. Padding of 1 is applied to all images. This downscales the dimension of the SIFT-
Image by a factor of four resulting in an input tensor of size 22 x 22 x 64, as proposed by the work
of [168]. Moreover, the essential 3D learning module in the initial stages of the LR system is used,
similar to [168], but with the corresponding SIFT-Image sequence as input.

Table 3-6 presents the classification accuracy of the state-of-the-art methods on the word-
level LRW dataset. The experimental results indicate an advantage of SIFT-CNN — MS-TCN over
Pixel-CNN — MS-TCN [168]. To provide a comprehensive comparison, we also trained the Pixel-
MS TCN of [168] from scratch, however we achieved only 79.38%, something that indicates Pixel
— MS-TCN needs some particular treatment as mentioned by its authors too, like the pre-training
in a few words and then gradually increasing the number of words as well as a transfer learning
process by training on a different task first. The increased classification accuracy of SIFT-CNN can

47



Chapter 3 | Hybrid combination of shallow representations and deep learning

be attributed to the robustness in brightness, constancy, and piecewise smoothness of SIFT-flow.

Additionally, the local rotation invariance properties and the higher-level information captured

by SIFT-descriptors (through local gradient encoding) contribute to the superior performance of

the proposed system compared to using regular pixel image as input.

Authors
(Year)

Chung et
al. (2016)
[121]
Chung et
al. (2017)
[170]
Petridis et
al. (2018)
[171]
Stafylakis
etal.
(2017)
[172]
Cheng et
al. (2020)
[173]
Wang et
al. (2019)
[174]
Courtney
et al.
(2019)
[175]
Luo et al.
(2020)
[176]
Weng et
al. (2019)
[177]
Xiao et al.
(2020)
[178]
Zhao et al.
(2020)
[179]

Table 3-6. Summary of the state-of-the-art results on the LRW-500 dataset.

Method

Frontend

3D &VGG M

3D & VGG M

version

3D & ResNet-34

3D & ResNet-34

3D & ResNet-18

2-Stream ResNet-34 &

DenseNet3D-52

alternating
ResidualNet
Bi-LSTM

3D & 2-Stream
ResNet-18

deep 3D & 2-Stream

ResNet-18

3D & 2-Stream
ResNet-18

3D & ResNet-18

Backend

LSTM &
Attention

Bi-GRU

Bi-LSTM

Bi-GRU

Bi-LSTM

alternating
ResidualNet
Bi-LSTM

Bi-GRU

Bi-LSTM

Bi-GRU

Bi-GRU

Input
image size

112 x 112

120 x 120

96 x 96

112 x 112

88 x 88

88 x 88

48 x 48,
56 x 56,
64 x 64

88 x 88

112 x 112

88 x 88

88 x 88

Data

Input and
data managing

policy

Mouth

Mouth

Mouth

Mouth

Mouth &
3D augmentations

Mouth

Mouth
(& pretraining)

Mouth and
gradient policy

Mouth &
optical flow

Mouth &
deformation flow

Mouth and mutual
information

LRW-500
Classifica-
tion
Accuracy
WRR (%)
61.10
76.20

82.00

83.00

83.20

83.34

83.40
(85.20)

83.50

84.07

84.13

84.41
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Method Data LRW-500
Input and Classifica-
Authors Frontend Backend . Input. data managing tion
(Year) image size . Accuracy
policy WRR (%)
Zhang et
al. (2020) 3D & ResNet-18 Bi-GRU 112 x 112 Mouth 85.02
[180] (Aligned)
Feng et al. Mouth
(2020) 3D & SE ResNet-18 Bi-GRU 88 x 88 (Aligned) & 85.00
[181] augmentations
g
Pan et al. Mouth
(2022) 3D & MoCo Transformer 112 x 112 L 85.00
(182] (& pretraining)
Martinez
et al. Mouth
(2020) 3D & ResNet-18 MS-TCN 88 x 88 (Aligned) 85.30
[168]
Kim et al.
(2022) 3D & ResNet-18 Bi-GRU 112 x 112 Mouth 85.40
[183] (& pretraining)
Tsourouni alternating
setal ALSOS & MS-TCN 88 x 88 Mouth 85.96
(2021) ResNet-18 layers (Aligned)
[184] y
SIFT-3D & Mouth
Proposed CNN(ResNet-18) MS-TCN 88 x 88 (Aligned) 86.46
Kim
etal. MS-TCN + KD Mouth
D & ResNet-1 .
(2022) 3D & ResNet-18 (ensemble) 88 x 88 (Aligned) 88.50
[185]
Koumparo
ulis and -
Potamian 3D & EfficientNetV2 & TCN 88 x 88 Mouth 88.53
0s (2022) + Transformer (Aligned)
[186]
3.5 Conclusions

The combination of hand-crafted descriptors with the deep learning methods is an open research

domain that bridges the experience of computer vision community with hand-crafted features

with the feature representation capabilities of deep learning. Our attempt to combine these two

worlds resulted in the SIFT-CNN framework, which consists of a mapping that produces a new

image representation based on SIFT descriptors and a learning process based on efficient CNN

architecture. For every pixel of an input single-channel (grayscale) image, the SIFT descriptor is
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calculated generating the SIFT-Image with channel size equals to 128 (as SIFT descriptor
dimension) and spatial size as the input grayscale image. Next, the SIFT-Images are fed into a CNN
model under a final classification task. The SIFT-CNN framework has its own set of advantages
and limitations. One limitation of the SIFT-CNN is its inability to inherently encode color
information. In cases where color plays a crucial role in discriminating different classes, SIFT-CNN
needs to compute SIFT descriptors per color channel and employ fusion mechanisms on the
outputs, increasing computational complexity. The computation of dense SIFT introduces extra
initial procedures, leading to higher processing resources and time compared to frameworks
working with pixel images as input. However, the time cost during training and testing is not
significantly impacted due to the implementation of SIFT computations on GPUs, and only the
descriptor calculation stage is executed. At last, the utilization of a larger input volume (HxWx128
instead of HxWx3 or HxWx1) has negligible impact on process time but needs more memory
requirements that evidently restricts the size of the minibatch. However, we observed that the
proposed framework does not expect large minibatches to be efficient. On the other hand, SIFT-
CNN offers several advantages. First, for every pixel, the surrounding pixels gradient information
is encoded into a histogram and thus, information is encoded channel-wise in SIFT-Image. In this
context, every pixel across channels encodes the occurrence of gradient patterns. This mapping
allows the CNN to be trained directly on the values formed by the SIFT histograms using an end-
to-end learning scheme. In this manner, the SIFT-CNN can be advantageous in small datasets
where regular Deep learning methods are prone to overfit as the try to learn all the feature
representation and the encoding while SIFT-CNN enforces these networks to be trained on
statistical information that might be encoded gradually in an end-to-end manner by the CNN.
Secondly, the SIFT representation inherently provides strong local rotation invariance, which can
be implicitly incorporated into the SIFT-CNN framework. Finally, experimental results
demonstrate that the proposed SIFT-CNN operates better than the CNNs trained directly on
pixels’ values in all investigated tasks. This indicates that incorporating SIFT-Images as input to a
CNN could be an effective and easy alternative that enhances system’s efficiency. By striking a
balance between the SIFT-based features and CNN-based features, the SIFT-CNN benefits from
the local rotation invariance and the data-driven learning capability. In conclusion, the SIFT-CNN
framework offers a promising approach by combining the strengths of hand-crafted descriptors
and deep learning.
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Chapter 4

Deep learning with auxiliary external data

4.1 Introduction

The scarcity of training data poses a significant challenge in pattern recognition applications [9],
[187]. Data limitations though are really inherent in the signature verification task, since a
practical Handwritten Signature Verification system (HSV) should be designed and efficiently
trained using just a small number of reference signature from each user and also, enabling easy
model updating since the signature of a writer may change -deliberately or not- through the
years. A typical structure of an HSV is presented on Figure 4-1. Thus, the solution to the small
sample size problem of HSV is either the “in-vitro” training using a large signature dataset and a
transfer-learning approach [102] or data augmentations via generating more samples based on
the existing signatures [188]. In the case of Offline Signature Verification (OffSV), significant
amounts of signature images can be found in the GPDS-960 corpus database with more than half
a thousand writers used for training, having 24 genuine and 30 forgeries signatures per writer
[44], [189], [190]. Unfortunately, this dataset is no longer publicly available due to the General
Data Protection Regulation (EU) 2016/679%, thus hindering the efforts of the research community
to develop more complex methods that require more training data. Additionally, efficient
augmentation of signatures poses a challenge, primarily due to the need for characterization of
the resulting images as genuine or forgeries. The utilization of augmented signature images,
whether obtained through geometrical transformations [73], [191] or generative learning models
[75], [192]-[194], is problematic when assuming them to be genuine because these images are
generated through a third-party process. On the other hand, considering them as forgeries could
introduce bias to the forgery class with the characteristics of the augmentation method. Thus,
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the utilization of signature duplications in feature learning methods necessitates special
processes to ensure their effectiveness. Otherwise, they are susceptible to deviating from the
realistic intra-subject variability criterion and poor image quality [193].

offline

. : [

. OR mmm) | Preprocessing | E=) E)I:frztclfcirsn ) Decision 4
online

Figure 4-1: Overview of an automatic Handwritten Signature Verification system (HSV), which builds up with the Preprocessing
stage for input data, the Feature Extraction stage for vectorial representation of inputs, and the Decision stage for classifying the
result. A query signature (either an offline or online signature) along with the claimed identity of the user are the inputs of the
HSV system and the output result is accepted if the query signature classified as genuine or rejected if the query signature regarded
as forgery. Ultimately, the HSV answers the question “is the user really who he/she claims to be?”.

In this work we explore an alternative path that could enable the continued incorporation of
modern deep-learning techniques to OffSV systems, despite the setback caused in the OffSV field
by the unavailability of the largest (to date) public dataset. In this context, we demonstrate that
state-of-the-art performance can be achieved by harnessing other types of data via appropriately
designed training procedures. In particular, we present an OffSV system based on a transfer
learning process for training a deep Convolutional Neural Network (CNN) that is utilized as the
feature extraction stage of the OffSV system. In order to enrich the feature representations
learned by the CNN without the need of a vast number of signature images, we opted for
transferring the larger part of the data-intensive training procedure in a domain similar to OffSV,
but with an abundance of training data. To that purpose, the CNN is first trained for solving the
writer identification problem using handwritten text data. The rationale behind this decision is
that since both signature and text handwriting are complex high-level tasks associated with the
person’s motoric system and psychophysical state, it is reasonable to expect that features
learned in one task can be useful to the other. We were inspired by the fact that the nature of
the data is very similar for the two tasks, being comprised by scanned images of handwritten
strokes. In this sense, features learned for such task should be far for informative to the OffSV
compared to the usual approach for transfer learning where CNNs are pretrained to large-scale
databases with natural images. Hence, in this work we attempt to operate with an auxiliary
domain of handwritten text data aiming to transfer knowledge to the target domain of
handwritten signature data. In more detail, the explored domains have the following
characteristic:
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e Auxiliary domain: A public Latin-based (western) handwriting dataset is utilized in this
work, where several subjects write some predefined pieces of text in certain forms. The
images of the filled forms of text are considered as the raw data of this domain. Such data
though, should be processed in an appropriate way in order to generate data that are as
closely related to the signature data as possible. Therefore, we designed a novel process
of extracting multiple images of text from every handwritten form, taking care of
preserving the personal handwriting information. CNN is trained in the writer
identification problem using the generated text images, labeled with the writer’s ID.

e Target domain: Three well-known western Offline signature datasets are used for
evaluating the proposed OffSV system. The signature images of each dataset are utilized
either in WD classifiers for estimating the performance of the system using the genuine
and skilled forgery signatures or in a cross-validation way for additional training the
system with the genuine signatures of one dataset and tested the system on the other
datasets using the genuine and skilled forgery signatures. In all cases, a WI feature
learning scheme along with WD classifiers is followed for OffSV.

After the pretraining of the CNN in an auxiliary domain, the learned features can be tailored
to the OffSV task through different techniques, in an intermediate fine-tuning step. In this work
we demonstrate that a metric learning stage can be used to learn an efficient mapping of the
signatures’ features to a latent space. A module that learns a metric or similarity measure
between signatures can be trained independently of the CNN model, based on the features
extracted from the model using the signature images as input. Such function can be learned using
just pairs of signatures, which are considered as similar when the two signatures come from the
same writer and dissimilar when the two signatures originate from different writers. We provide
evidence that this process can be successfully realized using only pairs of genuine-genuine and
genuine-random forgery for learning such mapping function. In the last stage of the presented
OffSV system, the extracted and mapped features, are used to verify the validity of a query
signature using WD kernel based SVM classifiers, each one trained individually on the reference
signatures of the corresponding signer and some randomly sampled genuine signatures from
other signers (used as random forgeries). As a consequence, there is no need of skilled forgery
signatures for any of the training stages of the pipeline, thus eliminating the requirement for such
scarce data samples that characterize many state-of-the-art OffSV systems [65], [103]. In
addition, a key advantage of the proposed system is that since it exploits the handwritten text
data for the learning of the CNN, it requires a significantly smaller amount of signature images
for learning the final feature representation. Our system achieves state-of-the-art performance
on three popular Latin Offline signature datasets, and it is competitive with systems trained on
thousands of signature images using datasets which are no longer available in the public domain.

The rest of the chapter is organized as follows: Section 2 presents a brief overview of the
literature related to OffSV problem, emphasizing in the deep-learning implementations. Section
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3 provides an overview of the proposed approach whereas Section 4 contains a detailed
description of the proposed OffSV system’s pipeline. Experimental set up and results are
presented in Section 5 and 6 respectively, while conclusions are drawn in Section 7.

4.2 Related Work

Feature extraction for signature images is a fundamental part of an OffSV system and various
techniques have been employed for this task [195]. Although many taxonomies of such methods
can be made, the most common distinction is between techniques that rely on hand-crafted
features and learned features.

The hand-crafted methods aim to capture the shape of the signatures or the direction of the
stokes, designing geometric, graphometry and directional features [70], [188], [196]-[204]. Also,
mathematical transformations, such as Wavelets and Counterlets are utilized for feature
extraction [205]-[207]. Moreover, texture descriptors and interest key-points detection
techniques (e.g. SIFT, SURF, BRISK, KAZE, FREAK) are frequently used in OffSV to generate
vectored representations [62], [208]-[215]. All the above methods handle with the task of
producing the more compatible hand-engineered descriptors for signature images.

The learning-based approaches seem to be more efficient in OffSV task since the features are
learnt directly from the images [44], [91]. The most prominent classes of algorithms from this
group are the methods that rely on learning a dictionary from signature images, while the images
are subsequently encoded using the learned dictionaries [91], [94], [216], [217] and methods
based on deep learning [44], [77], [101], [103], [218], [219]. The first approach of harnessing deep
representations for OffSV is, to the best of authors’ knowledge, the utilization of Restricted
Boltzmann Machine for learning an encoding/representation function [220]. Later, CNNs are
used as feature extractors in the work of [221]. Generative Adversarial Networks (GAN) were
utilized in [222], where the discriminator was used for extracting the signature features.
Subsequently, a feature extraction CNN explicitly designed for OffSV called SigNet was proposed
in [223], and latter modified effectively by [224]. In the latter approach, the SigNet is trained in
the writer identification task with signature images and then, it is used as fixed feature extractor
for any new test signature image. A testimony of the SigNet’s efficiency are the many works in
OffSV that used it, either in its original form or with various modifications [82], [101]-[103],
[225]-[228]. Of course, different architectures are also investigated, such as the Capsule CNN
[218], a combination of Recurrent Neural Network with Local Binary Patterns [219], LSTM models
[199], and networks from the family of ResNets [77], [229], [230], however the reported results
are inferior to SigNet.

A sub-class of learning-based methods are those that utilize metric-learning methods [231].
The metric learning aims to transfuse the notion of similarity between samples into the system
since it is not based on the absolute positions of the embedded samples but on their relative
positions to each other. The process of learning a distance between signatures is achieved either
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using pairs of signatures or triplets of signatures both in Wl and WD systems [77], [223], [232],
[233]. The triplets consist of a reference genuine signature from a writer as anchor sample with
another genuine signature of the same writer as positive sample and a genuine signature of
another writer or a skilled forgery signature of the same writer as negative sample. The OffSV
system is trained to minimize the anchor-positive distance and maximize the anchor-negative
distance and then a threshold is applied for the final verification decision [77], [232]. The pairs
between two genuine signatures of the same writer and one genuine signature of one writer with
one genuine signature of another writer or one skilled forgery signature of the same writer are
used for training variations of Siamese-like systems and the operation of a threshold enables the
OffSV decision [223], [233]. The Signature Embedding method proposed by [232], is equipped
with the reduced version of VGG-16 CNN which provides a 128-dimensional feature
representation for each input signature. Their scheme is designed as a WI OffSV system which is
trained with signature triplets, requiring the availability of skilled forgeries. The triplet network
scheme of [77] instead uses only genuine signatures for training, evaluating both the ResNet-18
and the DesnseNet-121 CNNs. Nevertheless, the performance of the generated features under
the WD setting is competitive only when combined with a structural approach based on Graph
Edit Distance. The WD approach of [233], named Deep Multitask Metric Learning (DMML),
utilizes pairs of similar/dissimilar signatures, but the DMML was always trained on the same
dataset (with the same subjects) used for testing, thus limiting the practical applicability of their
technique. The Siamese architecture of [223] utilized the Contrastive loss to build a WI system
but it was used an older version of SigNet with extracted features of 128 dimensions using also
skilled forgeries signatures to train the CNN model. Finally, Vianna et al. [83], [83] introduced a
training approach for the SigNet model, which involves two sequential tasks. Firstly, the model is
trained on the writer identification task, where the goal is to bring signature samples of the same
user closer together in the feature space while ensuring separation from signatures of different
users. Secondly, the model is trained using the contrastive loss function, which helps fine-tune
the representations of skilled forgeries by incorporating contrastive losses and enabling effective
hard negative mining techniques.

To the authors’ knowledge, the only work that investigates the text-based writer identification
as a domain for mining knowledge for the OffSV task is that of [229]. In that work, authors trained
a ResNet-8 CNN with text data of Persian language and subsequently utilized it in OffSV, but the
followed approach and study had some important disadvantages. First, it provides a limited
investigation of the task since it did not consider any sophisticated preprocessing in order to
improve the similarity of data from the two domains. Second, the use of a different CNN
architecture does not allow a direct comparison with the state-of-the-art SigNet network, in
order to highlight whether the implemented transfer learning Offers any performance benefits
to the OffSV task.
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In contrast to the above works, the method presented here addresses the OffSV problem by
utilizing the SigNet architecture with completely different training philosophy. We exploit both
properly processed text data as well as specialized mapping functions through metric learning. In
particular, the handwritten text data from the auxiliary domain are processed by a specially
designed algorithm in order to create an auxiliary task whose data resemble more to those of the
target domain (handwritten signature images). We propose this technique as a more convenient
and elaborate transfer learning methodology for efficiently training any CNN model using largely
available auxiliary text data in order to address the problem of limited availability of actual
signature data. Also, we design a self-contained learning module based on contrastive loss that
maps the signatures’ features, extracted from SigNet, into an embedded space. Unlike previous
metric-learning approaches, our proposed mapping module, after being independently trained
using either text data or genuine signatures (i.e., without the requirement of skilled forgeries),
can be directly applied to any input feature from any signature dataset. This design offers
versatility and flexibility, making it applicable across different datasets without requiring
additional training.

4.3  Design Philosophy

The ability to train with a small number of training samples is an implicit requirement of every
practical OffSV system. One convenient approach to build an effective feature extractor for the
signature images is to design a Writer-Independent (WI) learning scheme [44]. Thus, the feature
extraction stage learns how to efficiently encode the structure of the signature image. This
approach is also followed when the Deep Learning models are utilized. In that case though, a
large Offline signature dataset is necessary (e.g. GPDS [190]) for training the CNN models which
are used to provide the feature representations of the input signature images. In this work, we
demonstrate an alternative way to train deep architectures for learning the features, in order to
disentangle the development of OffSV systems from the need of large signature databases, since
-among other problems- privacy issues and legislation have lately made even harder to find such
data publicly available. Thereby, our core idea is the exploitation of auxiliary data with large
availability as substitute to the limited signature data.

The signature depicts wealthy personal information of the signatory, encompassing not only
the representation of the person’s name but also both the physiological writing system (hand,
arm, etc.) and the psychophysical state [49]. Each person possesses a distinctive style of
handwriting, whether it is the everyday writing text or the signatures [234]. The handwritten text
data are far more easily available in large volumes. Therefore, handwritten text can be an
appropriate source of data for the initial training of the Deep Learning systems, which then can
transfer the knowledge in the target problem of signature verification.

In this work, the handwritten text data are processed suitably aspiring to emulate shapes and
forms that resemble signatures. The goal is to manipulate the auxiliary data in order to simulate
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the target data. We are performing this by employing a properly designed processing procedure
of the text data, which exposes the underlying personal information of handwriting. The
proposed technique analyzes documents of handwritten text, extracts text images and uses them
as the training data of a CNN that solves a writer identification problem. This initial training
process leads to a baseline CNN, which is specialized in encoding handwritten signal. This training
is demonstrated in Figure 4-2 — Top panel.

Following the training of the aforementioned model, we utilize it either as an out-of-the-box
feature extractor or as an initialization for fine-tuning of another CNN for realization of the task
of interest, incorporating a transfer learning strategy. Two of the most popular such strategies
are the parameter reuse followed by fine-tuning and the learning of some kind of feature
mapping. Both techniques are graphically summarized in Figure 4-2.

Feature
Extraction

Feature
Extraction

Feature
Extraction

Figure 4-2: Different stages and techniques for transfer learning. Top panel: CNN is trained with the auxiliary data (text images),
in the task of writer identification. Middle panel: The pretrained model is finetuned with the limited number of available signature
images (target data). Ultimately, features are extracted from the penultimate layer of CNN. Bottom panel: features extracted by
the pretrained model are used to learn a mapping function (Layer 8) via Contrastive Loss. In this scheme, the mapped features are
discriminative but inherit metric properties tailored to the OffSV task.
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In the first case, the weights of the baseline CNN (which in our case have learned to
distinguish between persons’ handwriting styles) are fine-tuned by end-to-end backpropagation
in the new writer identification task, using signature images, as exposed in Figure 4-2 — Middle
panel. This warm-starting approach essentially enables to start training the CNN from an already
good initial (partial) solution and can reduce the number of signatures that are needed for
accomplishing an efficient feature-extraction model for the target problem of signature
verification. Still though, the performance scales with the amount of training data, since the
entire CNN is trained end-to-end.

In the second direction, the CNN stripped from its final classification layer provides a feature
representation of every input image, acting as a feature extractor. Given the fact that CNN learns
to solve a writer identification problem using a text image as input, the model has already learned
naturally discriminatory feature representations of the handwritten image information for the
training set of writers. Nevertheless, the objective target of OffSV focuses basically on
distinguishing between genuine and forgery signatures of a writer and not on distinguishing
among writers. Therefore, a reorganization of the feature space driven by a similarity metric can
be beneficial. The formulation of a metric learning problem using the extracted features
contributes to this direction. Hence, the learned metric space and the function that maps the
data to that space can be used as an additional module of the processing pipeline, following the
main feature extraction step performed by the CNN. The metric learning module can be
efficiently trained with less data for two reasons: a) the mapping function is itself a very small
model (essentially a projection matrix) compared to a CNN, and b) is typically learned using pairs
or triplets of images as the fundamental training datum, thus effectively increasing the number
of available training examples for a given number of signature images. Therefore, the metric
learning module can both address the limited sample availability and better encapsulate the
relative similarities between signatures in the form of Euclidean distances between
corresponding feature mappings, something advantageous in the OffSV task. This stage is
illustrated on Figure 4-2 — Bottom panel. In this work, the mapping function is learnt via an
optimization problem with Contrastive Loss [28] that utilizes pairs of features, labeled as similar
or dissimilar. The objective of the optimization is to learn a function that maps the similar
features close together in the latent space, while increasing the Euclidean distance of the
mappings from dissimilar features. The similarity relationship (label) between the features of the
pairs is determined from the writer’s ownership of the corresponding images. So, all pairs of
images from a single writer are considered similar, while pairs stemming from different writers
are labeled as dissimilar. Since the mapping is obtained from the optimization of contrastive loss,
the extracted features incorporate some sort of similarity metric. Thus, the mapped features can
be essentially used to distinguish between different writers without them necessarily belonging
to the utilized training set. Therefore, after learning the mapping function, it is then used for
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embedding the vectors generated by the CNN feature extractor for any new input image, to the
final feature space.

In the final stage of the proposed processing pipeline, a classification stage implements the
actual OffSV task, inferring on the validity of the processed signature. To that purpose, the vector
representations of the signature images are processed by writer dependent (WD) SVM classifiers.
Each of the WD classifiers is trained with the features stemming from genuine signatures of one
registered writer, and some randomly selected genuine signatures from other writers, commonly
called random forgeries. An important characteristic of this scheme is that there is no need for
skilled forgery samples in order to train the WD models, with obvious practical advantages from
an operational point of view. The different training stages of the proposed OffSV system are
outlined in Figure 4-3.

Offline Training Data Operational Data

Text or Signature User’s Reference
images Signature and some
Random Forgeries

Handwritten Text
samples

Mapping WD
Function RBF-SVM

(Metric Learning) Classifier

CNN-based
Feature
Extractor

Figure 4-3: Overview of the different training stages of the proposed OffSV system with the respective data involved in each one.

4.4  Methodology
4.4.1 Preprocessing of handwritten text images

There are many sources of images with handwritten text in the public domain. An easily
accessible source which was used in this work is the CVL dataset which is a public Offline
handwritten text database [235] with numerous writers. The CVL-database consists of image-
forms with cursively handwritten German and English texts. It contains 310 writers with 5 to 7
pages of text for each one. Each page consists of a form filled with pre-defined text, containing
between 5 and 10 lines of text on average.
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The goal is to extract multiple image samples from each form, which contains handwritten
text. The extracted images should be in a format that can convey distinctive information of the
writer’s handwriting style, without necessarily including full words. Thus, there is no need for
optical character recognition (OCR) or any similar language-dependent preprocessing. Therefore,
we opted for a procedure of extracting Solid Stripes of Text (SSoT) from the handwritten text,
which includes the following stages:

a. Convert the forms to grayscale.
b. Detect and extract horizontal stripes of text from the forms.
c. Removal of spaces between the handwritten words in each isolated horizontal stripe.

[ | ]

— .b=j-_.

a. Converting to grayscale b. Isolation horizontal stripes of text c. Deletion the spaces between words

Figure 4-4: Overview of the preprocessing of the text images. The extraction of Solid Stripes of Text (SSoT) from a page with
handwritten text consists of three steps: a) conversion of the image into grayscale, b) detection and isolation of stripes of text
following the horizontal direction, c) detection and deletion of empty spaces among handwritten words in each horizontal stripe
in order to obtain Solid Stripes of Text.

A graphical summary of the preprocessing of text images is illustrated in Figure 4-4. In the first
step, the RGB images-forms are converted into grayscale. This is necessary because the forms in
the database are scanned in color, written with pens of various colors. Given the fact that the
persons usually write across a generally horizontal direction, it is possible to isolate the horizontal
stripes of text. With the form in grayscale, the relative intensities of the pixels are utilized for
detecting the horizontal boundaries of the relevant areas, separating those from the empty ones
across the document’s area. In particular, the standard deviation (STD) of the pixels’ intensity
across every row of the image is calculated. The image then is segmented into horizontal stripes
with text by detecting rows of pixels with STD value greater than 20% of the maximum
document’s overall intensity STD value, in order to filter out the rows with no text while
accounting for noise and smudges. Additionally, the detected horizontal stripes with less than 20
pixels in height are discarded as noise-induced false positives. At the end of this process the
horizontal stripes with text in each document are marked.

A procedure similar to the above is subsequently used in order to also detect the spaces
between words, by finding the pixel columns with small intensity STD in each horizontal stripe.
Finally, the empty spaces between words are deleted and a Solid Stripe of Text (SSoT) with
continuous letters is stored as a separate image for each line of text in the dataset. The followed
preprocessing is necessary in order to ensure that the training samples do not end up having
crops with large amounts of white space and little/no text. There are some documents in the
database where the lines of text are too close to each other for the text merging process to be
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accurate in this simplistic form. These samples are processed normally with space removal
considering that the results are similar to random crops operation. The choice of not using entire
words but rather Solid Stripes of Text (SSoT) is not negatively affecting the results as the task is
to recognize the handwriting style and not its textual content. It is important to note here that
no further modification (e.g., scaling, rotation, etc) is performed on the extracted SSoT.

4.4.2 Simulating signature images

The target domain of interest deals with signatures images, whereas the auxiliary data are
handwritten text. The strategy for the selection of text crops to train the feature extraction CNN
can significantly affect the quality of the final representation, since the data essentially guide the
CNN to encode the most informative visual traits for the task. With this in mind, our purpose is
to generate text crops that resemble signature images as much as possible, by proper handling
the Solid Stripes of Text (SSoT). The signatures usually consist of a combination of allographs and
letters (i.e., symbols), especially in Latin-based languages [50]. In this manner, the SSoT, as a block
of consecutive letters, can be segmented into vertical intervals to produce samples with similar
form. This cropping process does not actually modify the vertical size of the letters and thus, it
preserves the handwriting style properties.

The aspect ratio is a common structural feature of Offline signatures [236] and it is the most
reasonable tool to manipulate the cropping process. Three different strategies of cropping the
SSoT are utilized in this study, relying on the aspect ratio of the final cropped segments.
Therefore, the SSoTs are cropped using different values of aspect ratio selected in three different
ways. Two of the cropping strategies consider aspect ratio to be a fixed parameter. In the first,
the value of aspect ratio is associated with the size of the canvas -in which the images are
centered before feed the CNN- as well as the size of the input to the CNN. The second cropping
strategy applies the value of the aspect ratio of the signatures’ trace, estimated from three public
signature datasets. The third strategy produces crops of variable aspect ratio, by selecting
random aspect ratio values lying within a fixed range. An example illustration of the three
cropping strategies is presented in Figure 4-5. At the end of each process, several cropped
segments are generated from every single SSoT. The set of cropped segments from each cropping
strategy form a different set of sample text images.
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Figure 4-5: Three strategies of cropping a SSoT based on the aspect ratio value are demonstrated. The arrows indicate the position
of cropping, and the boxes contain the cropped results, i.e. cropped segments. Top and Middle scheme have fixed value of aspect
ratio, which is defined by the user, and so the width of each cropped segment equals to the multiplication of its height with the
aspect ratio value. Bottom scheme shows the cropping process when random values of aspect ratio are utilized, and each cropped
segment has a different width.

4.4.3 Geometrical normalization

The used signature datasets consist of grayscale signature images that are already extracted from
the documents where they are written, so there is no need for signature extraction process.
Nevertheless, some simple (pre)processing operations are always used to normalize images. The
geometrical normalization steps are dedicated to noise removal and size normalization since
scanned images may contain noise and the methods require the images of a fixed size. The noise
is removed utilizing a combination of a gaussian filter along with OTSU thresholding [51]. The
common fixed size of the images is obtained by centering each signature into a blank canvas of a
predefined size, and then resize the canvas to the desired size, thus preserving each signature’s
original aspect ratio. The reason for adopting this implementation of centering-resizing is that it
has shown to achieve better results in many OffSV systems [224], [237]. The geometrical
normalization process shares exactly the same pipeline with previous works on OffSV [102],
[103], [225] and the detailed steps are the following:

e Apply a gaussian filter to remove small components.

e Utilize the threshold obtained from OTSU to remove background noise.

e Center the image in a large canvas of predefined size by aligning the signatures’ center of
mass to the center of the canvas so as not to affect the width of strokes.

e Invertimage to have black background and grayscale foreground by subtracting each pixel
from the maximum brightness (i.e., white) once the background pixels are set to black
and the foreground pixels are left in grayscale.

e Resize the image to the common fixed size.
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The above geometrical normalization steps are implemented in every image input to CNN.
Thus, both the images from the signature datasets as well as the text images emanating from the
cropped segments of SSoT are processed through the geometrical normalization steps. The
implementation of the same geometrical normalization for the text and signature images is
intentional because the goal is to train CNN using auxiliary data of text that simulate the
signatures, as an alternative of using the original signature images. The geometrical
normalization has two parameters which are defined by the user: a) the size Hcanvas X Weanvas of
canvas and b) the common size Hinput X Winput Of the final images. The canvas size is a
hyperparameter under study during the training of the models while the common size is
determined by the input size of the CNN, as in the work of [102]. Examples of text and signature
images after geometrical normalization with different canvas sizes are illustrated in Figure 4-6.

Figure 4-6: Examples of text and signature images after geometrical normalization. The top row includes processed text images,
and the bottom row contains processed signature images, when different sizes of canvas are utilized.

444 SigNet CNN architecture

The SigNet CNN architecture utilized in this work is inspired by the work of [7] and is modified
[102], [223], [224] in order to address the Offline signature recognition problem. The SigNet
primarily is designed for solving the writer identification task. Given as input a grayscale image
with handwriting, it predicts the identity of the writer among a predefined set of writers,
essentially optimized for classification task. Subsequently, the SigNet model is utilized for feature
extraction providing a vectorial representation for each input image. In previous works [82],
[102], [103], [224], [227] the SigNet was trained using the signatures from various users
therefore, it learns to distinguish between signatures from different writers in the dataset.
Provided a large collection of signatures from many writers is available, the SigNet proved to be
an efficient feature extractor for the signature verification problem. In this setting, the SigNet
implicitly learns feature representations in a Writer-Independent manner and the
representations are subsequently used by a classifier that is trained in a Writer-Dependent way.
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We employ similar concept in this work, but by using text data for training the CNN. The
manipulation of the text data to simulate the signatures images makes us anticipate that training
the SigNet in the writer identification problem of the handwritten text images can lead SigNet to
learn features that are relevant to the problem of interest, i.e., the signature verification. The
proposed methodology benefits from the large availability of text data and the simple image
manipulation process that simulates the signatures’ form, thus eliminating the need for large-
scale signature data which are nevertheless of limited availability.

The utilized CNN follows the SigNet architecture, which is summarized in the Table 4-1. SigNet
takes as input a grayscale image of size 150 X 220 pixels and outputs the probabilities for the
known writers’ identities via a softmax operation. Following the work of [102], after every layer
a batch normalization [8] is applied, followed by the ReLU non-linearity [238]. The feature
extraction is incurred from layer 7 (Fully Connected layer) and the feature’s dimension equals to
2048. The CNN is trained using simple translational augmentations, by taking crops of resolution
150 X 220 pixels randomly positioned inside the 170 X 242 pixels images used for training. All
experiments used the same set of optimization hyper-parameters, minimizing the classification
loss with Stochastic Gradient Descent with mini-batch size of 64, Nesterov Momentum factor of
0.9, while the L2-penalty with weight decay of 0.0001 is used for regularization.

Table 4-1: Overview of the SigNet CNN architecture.

SigNet architecture
Layers Dimensions
Grayscale image

Other parameters

# input with handwriting 1x150 %220

1 conv Convolution 96 X 11 x 11 stride = 4, padding=0
pool Max Pooling 96 x3x3 stride =2

5 conv Convolution 256 Xx5x%x5 stride = 1, padding =2
pool Max Pooling 256 X3 % 3 stride =2

3 conv Convolution 384 x3X%3 stride =1, padding=1
conv Convolution 384 x3x%x3 stride = 1, padding =1

5 conv Convolution 256 X3 %3 stride = 1, padding = 1
pool Max Pooling 256 X3 % 3 stride =2
fc (dense) Fully Connected 2048
fc (dense) Fully Connected | 2048
output Softmax classes -

number of writers
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4.4.5 Learning a feature mapping function (CoLL)

CNN addresses the classification problem of writer identification therefore, it ultimately learns
to construct features that are as linearly separable as possible, in order to better facilitate the
final classification layer. Therefore, such features are not necessarily equipped with a metric that
reflects the similarity of the auxiliary data [239]—[242].For this purpose, the feature learning has
to incorporate a ranking loss function. These type of loss functions require a similarity score
between data points, such as a binary score of similar and dissimilar points. In the user
identification task such notion is inherit, because the images that belong to the same person are
similar and all others are dissimilar to them. Hence, the exploitation of a ranking loss during
feature learning, can lead to discriminative features which in their turn, can distinguish between
—in principle— any different writers (even out-of-sample writers) on any two (or more) data
points. Thus, the model tries to rearrange the feature space, by learning representations with a
small distance between similar data and greater distance for dissimilar ones.

There are different forms of ranking losses, distinguished by the setup of the training problem.
The most popular is the Contrastive Loss or Pairwise Loss [28] which utilize pairs of data samples.
Its aim is to gradually (i.e., during training) decrease the distance between similar pairs and make
that larger than a margin m for the dissimilar pairs. The Contrastive Loss Layer (Coll) is the
selected implementation and therefore is applied to the extracted features (obtained by the fc 7
layer of the CNN), in order to learn a mapping function that incorporates the metric learning.
Summarizing, the CNN is used as a fixed feature extractor, and it is not trained end-to-end with
the Contrastive loss. This decision was made in order to accommodate fair comparisons to the
baseline SigNet features in the task of OffSV. The CoLL is thus used as an individual component
applied on the SigNet’s features and works as a transformation layer producing discriminative
features in a metric space designed to express the similarity of the data.

Therefore, the ColLL can be trained independently using pairs of features from the previously
trained CNN. The similar pairs are comprised of features stemming out of two images which
belong to the same writer, whilst the dissimilar pairs comprised of two features that originated
from two images which appertain to different writers. It is important to note here that when a
signature dataset is utilized for training the ColLL, all training pairs are constructed from genuine
signatures, hence skilled forgeries are not required. Thus, a similar pair is made up with genuine
- genuine for a given writer and a dissimilar pair is a genuine - random (unskilled) forgery pair.
The dimensionality of the new output feature (output space) is selected to be the same as the
size of the input feature (input space), i.e., a vector of 2048 elements, for as much as possible
fairness in comparisons with the baseline SigNet. The parameterized measure of similarity in the
output embedded space is defined as the Euclidean distance since it is simple and fast. Hence,
the Contrastive loss is formulated as follows:

Le=Y - Li+(1=Y)-L, eq.4.1
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where Ly is the partial loss function for a pair of similar vectors and Ly, is the partial loss function
for a pair of dissimilar vectors given by the relations:

L =2660 - 6(s)IF = 2oyl ea.2
Lo = (max{0.m — 660 - 6(5)I)" = 3 (max{o.m— Dy [})* 543

with G () the CNN feature extractor, s, the input image (in the current implementation G(s,.) is
a feature vector of 2048 dimensions), and m the margin of Euclidean distance in the embedded
space, while Y is the label of each pair with:

Y = {1 , for similar pairs (same writer's data)
~ 0, for dissimilar pairs (dif ferent writers' data)

It is obvious that the Contrastive Loss is equal to the Euclidean distance between the two
input features for a similar pair, otherwise is equivalent to hinge loss. The CoLL is minimized using
adaptive moment estimation (Adam) method with mini-batch [243]. At each iteration, a subset
of 32 similar pairs and 32 dissimilar pairs are randomly selected to create the mini-batch of size
64 and along with a learning rate of 0.0001, a gradient decay factor of 0.9, and a squared gradient
decay factor of 0.99, the learnable parameters of the transformation layer are updated. The
margin m outlines a radius around the point in the embedded space and the dissimilar pairs
contribute to the loss only if their distance is inside this radius. The value of margin m was set to
0.1 after a grid search. The ColL is trained using the feature representations either of the
processed text images or the genuine signature images from one dataset and then, it can be
applied in any feature vector from any input image utilized as a standard mapping function.

The CoLL maps the features extracted by SigNet into an output embedded space permeating
the metric qualities that original features were lacking. In particular, this last layer forces the
attraction of the samples owned by each writer into form clusters via the projection of the
feature vectors to the new latent space. Simultaneously, the new space enforces greater
distancing between features from different writers. Thus, the simple Euclidean distance in the
latent space reflect the neighboring relationships in the input space according to the samples’
ownership, and as a linear projection function, CoLL provides a mapping which is smoother and
more coherent in the output space [28]. This essentially results into a reorganization of the
feature space which is in-principle more suitable for the verification task, since the initial CNN-
generated features are optimized for a specific identification task without any explicit motivation
for exhibiting metric traits. An indicative 2D visualization (t-SNE projection) of the feature spaces
is provided in Figure 4-7, comparing the four different feature extraction schemes descripted in
Figure 4-2 evaluated for all the signatures of MCYT75 dataset. It can be easily observed that the
representations produced by ColL, especially when it is trained with signature data (Figure 4-7
(d)), provide a more uniform distribution of the different signatures overall, while maintaining
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very good intra-class compactness and separability between both different writers and imitators
(skilled forgeries). It is important to note that the signatures used for the training of ColLL and
finetune of the CNN (Figure 4-7 (b) and (d)) are different from the samples of MYCT which are
mapped here, thus the latter being completely unseen data to every compared scheme. The 2D
projection of the features from the CNN trained solely with text data (Figure 4-7 (a)) provides a
distribution with visibly worse characteristics in terms of both inter-class separability and intra-
class compactness and shape. Nevertheless, it is still remarkable that the features have far better
characteristics than similar features from CNNs pre-trained in external classification tasks, as
previously reported in literature [102]. This can be attributed to the special design and
preprocessing of the text-based identification task that resulted into training the CNN to a truly
similar task thus generating inherently more appropriate features for the OffSV. The other two
schemes (Figure 4-7 (b) and (c) lie in between the previous two cases, delivering relatively good
separability and distribution, but slightly inferior to that of Figure 4-7 (d). A noteworthy
observation though, is that the utilization of CoLL-even with text data- improves the resulting
representation. This signifies both the importance of engaging a metric-learning stage to the
overall pipeline, and the affinity of the specially pre-processed text data to the signature data,
since learning a metric for text clearly improves signatures’ representation.
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a) t-SNE projection of the features b t-SNE projection of the features
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Figure 4-7: 2D projections using t-SNE of feature vectors, which are provided from the four feature extractors related to our work.
The signature images are fed into the feature extractors schemes and the vectorial representations (features) are provided. Next,
the vectors of 2048-dimensions are mapped into 2-dimensions through the t-SNE dimensionality reduction method. Thus, the
signatures of MCYT75 dataset are represented as points on the 2D embedded space. The cyan points correspond to genuine
signature while the red points correspond to skilled forgery signatures of MCYT75 dataset for all the writers. The 2D projections
in a) result from features extracted from a CNN trained with text images while in b) the same CNN is finetuned with the genuine
signatures of CEDAR dataset. The points in c) came from the CoLL module -placed at the top of the initial CNN of case a)- when
the same text images are utilized for training both CNN and ColLL. Finally, in d) the representations are produced by ColLL, which
is fed with the features from the initial CNN of case a) and ColLL is trained with the genuine signatures of CEDAR dataset, the same
images that used for finetuning the CNN in case b).

4.4.6 Employing Writer-Dependent (WD) classifiers

Since a vectorized representation is constructed for every signature image via the feature
extraction and mapping process, the feature is fed into a classifier that infers on the validity of
the signature. In this study, the Writer-Dependent (WD) approach is followed, where one
classification model is trained for each one of the writers. The signature verification problem is
addressed through the respective classifier that answers the question “is the writer really who
he/she claims to be?”. Consequently, the classifier tries to separate the genuine signatures of the
corresponding writer from forgery signatures and thus, it works as a binary classifier among the
two populations.
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The SVM (Support Vectors Machine) classifier with a Radial Basis Function (RBF) kernel is
utilized for constructing the classification model of each writer. The SVM is trained with a positive
class w* consisting of a number of genuine signature features by the writer and a negative class
w composed of features from genuine signatures by other writers (also called random forgeries),
since the skilled forgeries of the writer are not available in a practical setting. The number of the
used genuine signature features of the writer is denoted as MNzer and it is a measure for
comparisons between OffSV systems because the smaller the reference set has needed the more
preferable is the system in an everyday application. The number of the genuine signatures
features of other writers is set to be the twice of Nzerin order to populate the negative class with
more samples than the positive class during the SVM training. The reason behind this decision is
to better cover the space of the negative class, since the trained model is required to reject skilled
forgeries, even if such samples are not present during training.

A radial basis SVM classifier has two hyper-parameters, the y (gamma) and c (cost). The
parameter y (gamma) defines how far the influence of a single training sample reaches and can
be seen as the inverse of the radius of influence of support vectors. The regularization parameter
c trades off the correct classification of training samples against the maximization of the decision
function’s margin. In our implementation, a holdout cross validation procedure returns the
optimal writer’s parameters yand ¢ minimizing the misclassification rate (loss) in the training set
for every writer.

4.4.7 Accuracy metrics

Many metrics have been used in order to test the efficiency of a OffSV system, such as the False
Rejection Rate (FRR), which is referred to the misclassification of a genuine signature as being a
forgery, the False Acceptance Rate (FAR), which is mentioned to the misclassification of a forgery
as genuine signature, and the Area Under Curve (AUC) considering the Receiver Operating
Characteristic (ROC) curve drew for each writer [44]. The point where the FRR and FAR are equals
(FRR=FAR) is known as the Equal Error Rate (EER). The EER describes the overall performance of
a biometric system with only one demonstrated value and for that it is a very popular metric in
the evaluation of OffSV systems too [44], [47], [49], [50], [195], [244]. Some researchers address
the signature verification problem incorporating both skilled and random forgeries [245] in the
negative population of the classifier or evaluate the performance based on each type of forgery,
i.e. only using Random forgeries and only using Skilled forgery signatures in the negative class.
This has an impact on the calculation of the EER value since the FAR is related to the evaluated
forgeries samples. Additionally, the EER can be calculated employing user-specific decision
thresholds or global decision threshold.

In this work, due to the plethora of experimental results we opted for focusing only on the
Equal Error Rate (EER), obtained using optimal user-specific decision thresholds with the genuine
signatures of the user and the corresponding skilled forgeries. Thus, the EER is calculated when
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FRR = FARskiled Using user-specific decision thresholds. After training the feature extraction
schemes, the vector representations of the signatures are processed by the Writer-Dependent
(WD) classifiers. The training of every SVM WD classifier has been repeated 10 times with the
feature representations of randomly selected Reference genuine samples. The EER results are
obtained in the terms of the average and standard deviation values across these 10 experiments
for the test set of signatures, i.e., the rest genuine and the skilled forgeries signatures of the user.

4.5 Experimental Setup
4.5.1 Handwritten Text Dataset

The CVL-database is a public dataset of digitized documents with hand-filled forms of text,
suitable for writer identification as well as optical character recognition tasks [235]. The dataset
includes 310 writers with a varying number of documents for each writer spanning from 5 to 7.
First, the forms were split into a training set and a validation set, with 3 of the forms by each
writer placed into the training set and 1 kept for validation. The forms were selected randomly
from the available set of each writer, as some writers have more forms than others.

4.5.2 Handwritten Signature Datasets

Three popular datasets of Offline signatures are utilized in this work to assess the efficiency of
the presented scheme. All the corpuses belong to Western scripts and are Latin-based. The
signatures have been digitized -by means of scanning- after acquisition and they are available as
grayscale images.

The first signature dataset is the publicly available CEDAR (Centre of Excellence for Document
Analysis and Recognition) [56]. It consists of 55 enrolled writers with 24 genuine and 24 forgeries
signatures per writer. The forgeries are a mixture of random, simple, and skilled simulated
signatures. Each person signed in a square box of 50 mm by 50 mm and the forms are scanned
at 300 dpi in grayscale.

The second signature dataset is the Offline version of the MCYT (Ministerio de Ciencia Y
Tecnologia, Spanish Ministry of Science and Technology), known as the MCYT75 Offline Signature
Baseline Corpus (“Database”) and it is publicly available [57], [198]. The MCYT75 includes 75
writers with 15 genuine and 15 forgeries signatures per writer. The forgeries contributed by 3
different user-specific forgers and thus, they are skilled simulated signatures. The signatures are
captured in a paper template within a 17.5 mm by 37.5 mm (height by width) frame and are
digitized by means of scanning at 600 dpi in grayscale.

The third signature dataset is the Offline handwritten signature GPDS (Digital Signal
Processing Group) database, which is no longer publicly available due to the General Data
Protection Regulation (EU) 2016/679 (“GDPR”) [189], [190], [246]. The GPDS-960 corpus began
with 960 enrolled writers, having 24 genuine and 30 forgeries signatures per writer. The forgeries
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signatures marked as skilled since they made by 10 forgers from 10 different genuine specimens.
The signatures were collected using black or blue ink on white paper in two different bounding
boxes evenly distributed, one box is 18 mm height by 50 mm width and the other is 25 mm height
by 45 mm width. There are two versions of the dataset based on the image type, the grayscale
version (GPDS960GRAY), which is scanned at 600 dpi, and the black-and-white version (GPDS-
160, GPDS-300 with 160 and 300 users respectively), which is scanned at 300 dpi. During the
move to the grayscale version of the dataset though, 79 users and 143 imitations of the remaining
signers were lost. Thus, the GPDS960GRAY signature database consists of 881 users. The standard
practice for evaluation with GPDS though [44], [195], is to use a subset with the first 300 users of
the GPDS960GRAY called GPDS300GRAY, which is what we utilized in this work for compatibility
with previously published results.

4.5.3 Constructing Training Sets

As already mentioned, three different strategies are evaluated for cropping SSoT into text
samples. For the first case, the aspect ratio is set in the value of 1.4 since this is the aspect ratio
of the input images in the CNN, as defined in the standard SigNet architecture. In the second
case, the aspect ratio arises from the mean aspect ratio of the signatures’ trace in the three used
signature datasets and is set to 2.2. In the third strategy, the aspect ratio takes a random value
in each cropped SSoT, with the restriction that the width of the final crop should be between 350
pixels and 50 pixels. Finally, three corresponding sets of text images are formed by applying the
above settings, having about seventy thousand training and twenty-five thousand validation
images for the first and third set, and about forty-five thousand training and fifteen thousand
validation images from the second set.

The geometrical normalization is controlled mainly by two parameters, the common final size
of the images and the size of the canvas in which the images are centered. The final size of the
images determined from the input of the CNN. The CNN takes as input a grayscale image with
150 pixels width and 220 pixels height. Nonetheless, the images are resized to resolution of 170
X 242 pixels in the end so that to apply random crops of size 150 X 220 as data augmentations
during training of the CNN. The canvas size specifies the area where the image’s center of mass
is aligned to. The centering of the image in a large canvas before resizing serves the persistence
of the stokes’ width but poses the problem that an image which is larger than the canvas should
be scaled down and also, some details can be lost in the very small images. Empirically, the
conjunction of centering and resizing as opposed to only resizing results in superior performance
of OffSV systems [224], [237]. Thus, the canvas size is a parameter of crucial importance for the
performance of the system. In this work, different sizes of canvas were investigated covering a
large range of values, though all with the same aspect ratio, which is the same as the CNN’s input
image, equal to W/H=1.4. Specifically, the tested canvases are of dimensions 300%x430,
400x560, 500710, 600x850 and 730x1042 pixels. Since our study relies on the exploitation of
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auxiliary data for efficient CNN learning schemes, the utilization of different canvas sizes also
allows the generation of multiple training images from the same original set of text images. This
enables us to investigate the effects of the relationship between the spatial distribution of the
signals in the target and auxiliary domains, and whether this should be taken into consideration
when preparing the external data for knowledge learning or it can be addressed via more general
guidelines.

In this study, we tried multiple combinations of cropping and geometrical normalization
settings to reveal the influence of image preprocessing to the accuracy of an OffSV system, and
also indicate best practices for future research efforts. First, 15 different training sets are
constructed based on the three text sets (from the three cropping strategies) and five canvas
sizes, as presented on Table 4-2. Additional training sets for the CNN can be created by merging
the existing sets. Therefore, the union of text images from all cropping strategies can form a new
training set, as also images from the first and the second cropping strategy. Finally, the union of
sets from each individual cropping can form new training sets (using all the canvas sizes), as
demonstrated on Table 4-3. Overall, 20 different training sets of text images are investigated for
their efficiency in the training of CNN models. The same procedure is executed for the validation
images with the difference that the final 150 X 220 pixels samples are cropped from the center
of the 170 X 220 images.

Furthermore, the genuine signatures from the CEDAR or MCYT75 datasets are used in the
same spirit, creating 12 (6 with CEDAR + 6 with MCYT75) signature training sets. These sets are
utilized either for finetuning the CNN after its training with text data or training the CoLL module
to learn the mapping function, and they also constitute external data (of the same nature though)
to the final verification task. The combinations for creating the 12 signature training sets are
summarized in Table 4-4 From the genuine signatures of each signer, one genuine signature is
used for the validation set and the rest constitute the training set in every single set. Once again,
after the centering step, the training images of size 170 X 242 pixels are cropped randomly in
size of 150 X 220 and the validation images are center cropped to obtain the final 150 X 220
images.

For better clarity regarding the evaluation protocol, it isimportant to note that the signatures
used for the target test verification task in each experiment, are processed with only one specific
canvas size that corresponds to the respective dataset, as proposed in the works of [102], [103].
These canvases are related to specific features of each dataset which are linked to the acquisition
techniques followed in each case and are closely followed here for the sake of fair comparisons.
Hence, the signatures of CEDAR utilize a canvas size of 730 X 1042 pixels, the signatures of
MCYT75 use a canvas with resolution of 600 X 850, and the signatures of GPDS300GRAY are
processed with a canvas of 952 X 1360 pixels. Finally, all images are center cropped with
resolution 150 X 220 pixels in order to be processed by the trained CNN.
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Cropping
# scenario
Text based on
sets aspect
ratio
1.4

uiie|wiN e

Table 4-2: Text Sets generated with single canvas sizes.

Cropping
Canvas size # scenario = Canvas size #
(Height X  Text basedon (Height x Text
Width) sets aspect Width) sets

ratio
300 x 430 6. 300 x 430 11.
400 X 560 7. 400 X 560  12.
500 x 710 8. 2.2 500 x 710 = 13.
600 x 850 9. 600 X 850 @ 14.
730 X 1042 @ 10. 730 X 1042  15.

Cropping
scenario
based on
aspect
ratio

random

Canvas size
(Height x
Width)

300 x 430
400 x 560
500 x 710
600 x 850
730 x 1042

Table 4-3: Text Sets generated with multi canvas sizes by merging the Text Sets that generated with single canvas sizes.

Cropping

# scenario .

Text  based on Canvas sizes merge
(Height X Width) Text sets
sets aspect
ratio

16. 1.4 1-5

17. 2.2 300 X 430, 400 x 560, 6—10
500 x 710, 600 x 850,

18. 14&2.2 730 X 1042 1-10
19. random 11-15
20. all 1-15

Table 4-4: Sign Sets based on the hyperparameter of canvas size using the genuine signatures of CEDAR or MCYT75 datasets.

Sign:ture Ca.nvas sizef(s) !nerge
sets (Height X Width) Sign sets
I 300 x 430 -
. 400 X 560 -
1. 500 x 710 -
V. 600 x 850 -
V. 730 x 1042 -
300 % 430, 400 x 560,
VL. 500 x 710, 600 x 850, -V
730 X 1042
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4.5.4 Assessing Different Mechanisms of Feature Learning

As mentioned earlier and summarized in, there are several ways to obtain the feature-level
representation of the signature images using the trained CNN. In the spirit of a thorough
evaluation, we opted for assessing all levels of possible feature learning schemes that lie in the
described framework. Thus, in addition to the fully-trained pipeline with CoLL, we also evaluated
the effectiveness of the representations produced directly by the trained (with text) CNN without
any modifications, as also the representations produced if the CNN is further fine-tuned with
signatures in the traditional way. Finally, since CoLL can be trained both with signatures and text
data, we evaluated and compared both strategies in the respective experimental settings.

4.5.5 Training WD classifiers

After the feature extractors of CNN and ColL are trained, Writer-Dependent (WD) classifiers are
also trained with the feature representations of the signatures. Thus, feedforward propagation
is performed for every training image until the feature extraction layer of each experimental case.
The extracted feature vectors of 2048 dimensions are used as input to the classifiers. The WD
binary classifiers are Radial Basis Function Support Vectors Machines (RBF SVM). The RBF SVM is
trained for each writer using a number Nizer of Reference signatures’ features of the writer along
with twice this number of Random forgeries signatures’ features, picked randomly from the
genuine signature pool of other writers in the dataset. Finally, the SVM (trained) model is
evaluated using feature vectors from the remaining genuine writers’ signatures and from the
skilled forgeries signatures of the writer. The features are used either as is, or normalized and
centered to zero mean and unit variance along each dimension using the global mean and
standard deviation. This is pronounced in the corresponding results in the “sd” column (True or
False).

The evaluation of the signature verification systems in the WD manner is quantified using the
Equal Error Rate (EER). The metric of EER using user-specific decision thresholds is calculated
when the False Acceptance Rate (FAR) is equals to the False Rejection Rate (FRR) for each user,
considering the respective genuine and skilled forgeries signatures of the user. For every trained
feature extractor, the SVM WD classifier of the user is trained 10 times with different Reference
genuine signatures. Finally, the average EER value as well as the standard deviation across the 10
runs are reported.

4.6  Experimental Results
4.6.1 Training CNN only with Text images

The first experimental setting involves the features generated by the trained CNN without any
modification to better suit the target task. In all experiments, the CNN was initialized using He-
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Normal [247], and trained from scratch using the text image sets 1-20 (Table 4-2 and Table 4-3),
obtaining 20 trained models. In each CNN, the writer’s identity is inferred from the text image
via a typical classification task of 310 classes, which is the number of the writers in the text
dataset. The accuracy obtained for the 20 different training sessions is demonstrated in Figure
4-8. It is important to note that the accuracy is calculated in the level of individual text -
generated- images and is not averaged across whole documents, as it is the usual approach for
text-based identification systems [235]. It is evident that the size that the text strip occupies in
the final image plays a crucial role in the obtained accuracy, with the smaller canvases (e.g., sets
1, 6, 11, 20) that have a larger portion of text inside the image bearing the best performance. In
line with that observation is the fact that if the text cutouts are resized to the full input image’s
dimensions, the accuracy gets above 90% (however in that case the performance is unsatisfactory
at signature verification task). The writer identification task using text is secondary and out of
the scope of this work though and thus, we did not perform a thorough analysis of the obtained
performance since the sole objective of this phase is to generate CNNs that are effective in the
OffSV task. In the subsequent stage and for each configuration, the final layer of the respective
model is removed, and the CNN is used as a fixed function that generates a global feature vector
for each input signature image. In order to quickly assess the quality of the learned
representations, WD classifiers are trained on each of the three signature datasets with the
extracted features, and the EER values are presented in the next error bar diagrams of Figure 4-9,
Figure 4-10, and Figure 4-11.

75



Chapter 4 | Deep learning with auxiliary external data

Validation Accuracy (%)
using the preprocessed text images
for writer identification
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Figure 4-8: Validation Accuracy (%) for the 20 generated Text Sets. The geometrical normalization steps are applied to the
preprocessed text images of the CVL-database, and the CNN predicts the writer considering only one validation image
(individual predictions are not consolidated into document-level predictions).
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Figure 4-9: Error bar diagram of EER (%) for the CEDAR dataset using the 20 different CNN models, with Nger=10 and 10
iterations with random reference genuine signatures for every experiment.
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Figure 4-10: Error bar diagram of EER (%) for the MCYT75 dataset using the 20 different CNN models, with Nzer=10 and 10

iterations with random reference genuine signatures for every experiment.
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Figure 4-11: Error bar diagram of EER (%) for the GPDS300GRAY dataset using the 20 different CNN models, with Nzer=12 and 10

iterations with random reference genuine signatures for every experiment.
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From the signature verification results some interesting observations can be made. First,
there are instances where slightly better performance can be obtained using single-canvas Text
sets (i.e., sets 1-15), compared to mixed-canvas sets 16-20. It is known that the signing procedure
depends on many parameters, including both the signer’s behavior and the conditions during the
act of signing. Even though the behavioral state of each signer cannot be regulated, the
acquisition conditions under the recording of each dataset like the type of paper, the available
pens, the signature boxes, the signers’ posture and even the environmental conditions, can have
an effect on the signatures, reflected as dataset-level characteristics. Thus, such implicit dataset-
specific traits could be coincidentally matched by a CNN trained via one specific canvas size and
one cropping strategy that better fits with the dataset, but such a mechanism has limited
practical importance since it requires prior knowledge of the reference dataset at training time.

The second and most important observation is that somewhat better results are obtained
when all cropping strategies are utilized together (i.e., in the Text set 20). In that case, the training
set is larger than any other and most importantly, it includes all the types of crops, thus priming
the trained CNN to generate features that express more general visual cues of the handwritten
signal. In the same manner, set 18, which is essentially a merge of 16 and 17, is more effective
than each of them. This remark extends to the superior performance obtained when utilizing
random aspect ratio values instead of a single aspect ratio value, which again can be justified due
to the greater generalization of cases that the Text set 19 includes against both Text sets 16 and
17. Therefore, it seems that the CNN models that learn from more general Text sets, have the
potential to consistently perform well in all three datasets.

From the above results, we can point out the more efficient baseline CNN models for the final
target task of signature verification. In order to keep the number of experiments manageable,
only these CNN models are used for the next sections that we investigate the following stages of
the proposed pipeline. Thus, for the CEDAR and MCYT75 datasets, which have about the same
number of signatures (and they are much smaller than GPDS300GRAY), only one CNN model from
each cropping strategy is selected, while the last five (16-20) CNN models are selected for all
three datasets. These five last models serve our purpose of designing an OffSV system that can
be sufficient across datasets. The selected trained CNN models -that we’ll utilize in the next
experiments- as well as the corresponding EERs (for the first experiment) are summarized in
Table 4-5.
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Table 4-5: The Selected Initial CNNs.

Test CNN trained
Signature (trained with WD classifiers CNN
dataset text) models
db name canvas size #Text set sd EER name
5. False 1.19(£0.72) M5
8. False 1.22 (+0.72) M8
15. False 1.13 (+ 0.70) M15
16. False 2.23 (£ 0.76) M16
CEDAR 730 X 1042
17. False 1.93 (£ 0.91) M17
18. False 1.88 (£ 0.75) M18
19. False 1.86 (+ 0.82) M19
20. False 1.91 (£ 0.78) M20
False 1.84 (£ 1.60) M1
. False 1.77 (+ 1.50) M6
12. False 2.29 (+ 1.30) M12
16. False 3.20 (+ 1.60) M16
MCYT75 600 x 850
17. False 2.94 (+ 1.90) M17
18. False 2.39 (+ 1.80) M18
19. False 2.15 (+ 1.70) M19
20. False 1.86 (+ 1.40) M20
16. False 2.44 (£ 0.72) M16
17. False 2.61(+0.76) M17
GPDS300GRAY 952 x 1360 18. False 2.48 (£ 0.84) M18
19. False 2.51(x0.77) M19
20. False 2.36 (+ 0.81) M20

4.6.2 Finetuning CNN with Signature images

As a next step, the selected initial CNN models are finetuned with the Signature sets obtained
applying the parameters of Table 4-4. Since the signatures used for finetune are considered as
external data from different signers than those that engage with the target OffSV task, the data
configuration in the experiments that involve external signature data is as follows: In one setting,
the Signature sets obtained using the CEDAR dataset and utilized for finetuning, while the
evaluation is performed in the datasets of MCYT75 and GPDS300GRAY. In a separate setting, the
Signature sets based on the MCYT75 dataset are used for finetuning and the systems are
evaluated on CEDAR and GPDS300GRAY datasets. The finetuning is performed for 20 epochs and
the freezing of the initial layers is utilized for the first epochs considering the best performance
in each case. The optimization was achieved with a learning policy of decreasing learning rate by
a factor of 10 after 10 epochs with initial value of 0.001, along with Nesterov Momentum factor

79



Chapter 4 | Deep learning with auxiliary external data

of 0.9, weight decay of 0.0001, and batch-size of 16. The results are reported for each dataset in
the following Table 4-6, Table 4-7, Table 4-8. The column of initial CNN, in the Tables, indicates
the CNN model, which is used as the initial pre-trained model (with the text data) for the

finetuning using the signature data.

Table 4-6: EER results for CEDAR (finetuning with Signature the initial CNNs).

Test

Signature
dataset

db name

CEDAR

canvas size

730 X 1042

initial
CNN
(trained
with text)
#Text set
model

MS5.

M8.

M15.

M16.
M17.
M18.
M169.
M20.

CNN
(finetuned
with sign)

#Sign
MCYT set

l.
Il.
.

WD classifiers

with Nger = 10
sd EER
False 2.60 (£ 0.82)
False 2.40 (£ 0.82)
False | 2.39(+0.85)
False 2.42 (+ 1.00)
False 2.15 (£ 0.95)
False 2.20 (£ 0.90)
False 2.24 (£ 0.87)
False 1.58 (+ 0.74)
False 1.51 (£ 0.76)
False 1.44 (£ 0.83)
False | 2.50(+0.85)
False 2.50 (+ 0.64)
False 2.32 (+0.68)
False 2.41 (£ 0.88)
False 2.20 (+ 0.83)
False 2.26 (+ 0.66)
False 2.15(+£0.91)
False 2.41 (£ 0.80)
False 1.95 (+ 0.68)
False 2.05 (+ 0.86)
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Table 4-7: EER results for MCYT75 (finetuning with Signatures the initial CNNs).

Test

Signature
dataset

db name

MCYT75

canvas size

600 X 850

initial
CNN
(trained
with text)
#Text set
model

M1.

M6.

M12.

M16.
M17.
M18.
M19.
M20.

CNN
(finetuned
with sign)

#Sign
CEDAR set

l.
I.
M.

WD classifiers

with Nger = 10
sd EER
False 1.83 (+ 1.20)
False 1.74 (+ 1.20)
False 1.91 (+ 1.50)
False 1.99 (+ 1.40)
False 2.03 (+1.30)
False 1.65 (+1.30)
False 1.68 (+ 1.40)
False 1.94 (£ 1.40)
False 2.12 (+1.30)
False 2.33 (+ 1.50)
False 1.52 (+ 1.30)
False 1.80 (£ 1.40)
False 1.97 (£ 1.50)
False 2.00 (+ 1.50)
False 2.38 (+ 1.50)
False 2.20 (+ 1.50)
False 2.54 (+ 1.40)
False 2.19 (+ 1.50)
False 2.08 (+ 1.50)
False 1.77 (£ 1.60)
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Table 4-8: EER results for GPDS300GRAY (finetuning with Signatures the initial CNNs).

initial

Sig.:-:;ture (t:::;\l\ilrl:led (finil:'tll\'ned W_D classifiers

dataset with with sign) with Neer =12
text)
db name canvas size #Textset #Sign #Sign sd EER
model set db
M16. VI. False = 2.64(+0.76)
M17. VI. ~  False 2.72(%0.66)
M18. VL. ©  False 231(:0.78)
M19. VL. ®  False 2.52(+0.82)
M?20. VI. False 2.21(+0.68)
GPDS300GRAY 952 x 1360

M16. VI. False = 3.01 (+0.90)
M17. VI. 2 False = 3.07 (£ 0.84)
M18. V. 2 False 2.69 (+0.80)
M19. V. U1 False 3.18(+0.83)
M20. VI. False = 2.86(+0.96)

The finetuning with about one thousand signature images improves the performance in most
of the cases, as it is expected. Each Signature set consists of about one thousand signature images
since there are 55-24=1320 and 75-14=1050 genuine signatures in CEDAR and MCYT75
respectively. Exceptions are the Sign sets VI that they have quintuple number of images because
they are obtained as a merger of the others sets. The performance of the initial model is crucial
for the performance of the finetuned model, meaning that, in general, an initial model providing
good results leads also to good results after the finetuning. Ultimately, the finetuning procedure
leads to an increase of the performance even though the rise cannot be characterized as
significant.

4.6.3 Training CoLL with Text images

Next, alternatively to traditional finetuning, the CoLL module is employed in order to apply a
feature mapping on the extracted CNN features. In this scheme, the CNN models are trained with
text data (presented at Table 4-5) and then, they are used as a fixed feature extractor. The ColL
module is fed with the CNN features and trained with pairs of features using contrastive loss in
order to learn the mapping function. The first option to train the CoLL module is to also utilize
text images. In this context, one Text set (from the 1-20) is utilized with the selected CNN model
and the extracted features are used for creating the feature pairs and for training the CoLL. The
column of initial CNN indicates the selected CNN model (Table 4-5), which is used for feature
extraction before ColLL. The Text sets that are used rely on the selected CNN model in the basis
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of having the same cropping strategy, so as again limit the number of experimental cases. For

example, when the selected CNN model is trained from the Text set 1, the relevant Text sets for

training the CoLL are the sets 1-5 because only these originated from the same cropping strategy.
The EER is computed and the results for the three signature datasets are provided in the Table
4-9 and Table 4-10, while Table 4-11 demonstrates the difference of using a CNN scheme versus

a CNN-ColLL scheme (CoLL is added after fixed CNN) when both schemes share the same training

text sets. The addendum of ColLL module at the top of CNN feature extractor increases the

performance of the OffSV systems and it appears to have more significant impact than the

previous finetuning strategy, although signature images are not utilized at all during training.

Table 4-9: EER results for CEDAR (ColLL trained with Text).

Test

Signature
dataset

db name

CEDAR

canvas size

730 X 1042

CNN
(trained
with
text)
#Text set
model

M5.

MS8.

M15.

Coll
(trained
with text)

#Text set

Wi IN U RN e

R R R R R R
CARIE Sl

WD classifiers

with Nzer= 10
sd EER
True  1.06 (£0.62)
True 1.10 (£ 0.54)
True  0.99(+£0.74)
True 1.19 (+ 0.66)
True 1.15 (£ 0.63)
True 1.17 (£ 0.84)
True = 1.18 (£ 0.76)
True 1.12 (£ 0.84)
True 1.20 (£ 0.73)
True 1.21 (£ 0.86)
True 1.27 (£ 0.84)
True 1.18 (£ 0.79)
True 1.23 (£ 0.85)
True 1.12 (£ 0.73)
True = 1.13 (£ 0.59)
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Table 4-10: EER results for MCYT75 (ColLL trained with Text).

Test CNN ColL cee
. (trained . WD classifiers
Signature . (trained ]
with ) with Nger =10
dataset with text)
text)
#T
db name canvas size ext set #Text set sd EER
model

1. True 1.62 (+ 1.20)
2. True 1.69 (+1.30)
M1. 3. True 1.47 (£ 1.30)
4, True 1.66 (+ 1.40)
5. True 1.60 (+ 1.30)
6. True 1.54 (+ 1.30)
7. True 1.64 (£ 1.40)
MCYT75 600 X 850 M6. 8. True 1.47 (£ 1.50)
9. True 1.48 (+ 1.30)
10. True 1.71 (+ 1.50)
11. True 2.05 (+ 1.30)
12. True 1.86 (+1.30)
M12. 13. True 1.82 (+1.50)
14. True 1.88 (+ 1.40)
15. True 1.99 (£ 1.10)

Table 4-11: EER results for CEDAR and MCYT75 with Nzer=10 as well as GPDS300GRAY with Ngee=12 for CNN and ColL trained

with the same Text sets.

Test
Signature
dataset

db name canvas size

CEDAR 730 X 1042

MCYT75 600 x 850

Train Set

#iText set
16.

17.
18.
19.
20.
16.
17.
18.
19.
20.

CNN
(trained
with text)
EER (WD)
2.23 (£ 0.76)
1.93 (+0.91)
1.88 (+ 0.75)
1.86 (+ 0.82)
1.91(+£0.78)
3.20 (+ 1.60)
2.94 (£ 1.90)
2.39 (£ 1.80)
2.15 (+ 1.70)
1.86 (+ 1.40)

ColL
(trained
with text)
EER (WD)
1.86 (£ 0.72)
1.61 (£ 0.65)
1.49 (£ 0.76)
1.51 (+0.81)
1.65 (£ 0.78)
2.26 (+ 1.60)
2.21 (+ 1.60)
2.06 (+ 1.50)
1.54 (+ 1.70)
1.65 (+ 1.60)
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Test CNN CollL

Signature Train Set (trained (trained

dataset with text) with text)

db name canvas size #Text set EER (WD) EER (WD)
16. 2.44 (+0.72) 2.09 (+0.82)
17. 2.61(£0.76) 2.23(+0.64)
GPDS300GRAY = 952 x 1360 18. 2.48 (£0.84) 2.17(+0.88)
19. 2.51(+0.77) 2.25(+0.71)
20. 2.36(+0.81) 2.30(+0.76)

Table 4-11 reflects the effectiveness of CoLL module in the system, since EER values are lower
in every case using the same training data and regardless of the canvas size. To support this claim,
we apply a statistical analysis of the experimental results based on common omnibus tests in
order to confirm whether the considered models significantly outperform the baseline models.
Following the work of [248], the popular non-parametric Friedman test and the parametric
repeated measures ANOVA (Analysis of Variance) are executed for calculating the p-value [249]
for the ten repetitions of each WD classifier, using the same permutations of reference/test
samples. The p-values (both ANOVA and Friedman results) lie in orders of magnitude between
1E-6 and 1E-2 for all 15 cases of Table 4-11, indicating that the obtained difference in
performance is statistically significant. As an example, ANOVA for the results corresponding to
Text set 20 have p-values equal to 4.5E-3, 6.3E-6, and 1.7E-2 for CEDAR, MCYT75, and
GPDS300GRAY respectively, while for the case of Text set 17 the p-values of Friedman tests are
1.8E-3, 3.7E-2 and 5.6E-3 for the same datasets. The important finding of the current experiments
here is that by simply employing ColLL, using exactly the same training images, leads to superior
results due to the more favorable distribution of the features in the latent space. This behavior
comes in contrast to the regular finetuning, which can deliver a performance improvement only
in specific combinations of text and signature datasets. It is important to note again that the
dimensionality of the features after the ColLL was intentionally kept the same (i.e., 2048-dim
feature), so as to highlight the role of the learned mapping regardless of any dimensionality
reduction that can be incorporated to the mapping function if needed. This way, the comparisons
are fair and can better justify the effectiveness of CoLL in the overall framework.

4.6.4 Traininng CoLL with Signature images

In the last series of experiments, the ColL is trained using the features from signature images. In
that case, signature images from the sets of Table 4-4 are processed by one CNN model from
Table 4-5 and the obtained representations are utilized for training a CoLL module. The CEDAR
or MCYT75 signature datasets are utilized for training and in each case the other two signature
datasets are used for evaluation, following the same rationale as in section 4.6.2 for the selection
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of the signature training sets. The experimental results in terms of EER are presented in the next
Table 4-12, Table 4-13, and Table 4-14 for the three test signature datasets.

Table 4-12: EER results for CEDAR (ColLL trained with Sign).

Test
Signature
dataset

db name canvas size

CEDAR 730 X1042

CNN
(trained
with
text)
#Text set
models

M5.

MS8.

M15.

M16.
M17.
M18.
M19.
M20.

CollL
(trained
with sign)
#Sign
MCYT set
I
I.

Il

WD classifiers

with Nger = 10
sd EER
True 1.23 (+0.75)
True 1.27 (+0.76)
True 1.13 (£ 0.65)
True 1.20 (£ 0.75)
True 1.12 (+ 0.68)
True 1.23 (+0.78)
True 1.35 (£ 0.64)
True 1.32(£0.52)
True 1.21 (+0.61)
True 1.09 (£ 0.58)
True 1.15 (£ 0.73)
True 1.20 (£ 0.71)
True 1.08 (+0.71)
True 1.10 (£ 0.75)
True 1.15 (£ 0.54)
True 2.03 (£ 0.75)
True 1.71 (£ 0.68)
True 1.57 (£ 0.59)
True 1.56 (£ 0.72)
True 1.66 (£ 0.74)
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Table 4-13: EER results for MCYT75 (ColLL trained with Sign).

CNN

Sig.rl;‘::xre (tra.i:: d (t::a?t:d W.It)hc;ssif_iir;
dataset tv:xt) with sign) WIth Nrer
db name canvas size #Lix;;t:t CE#I;i-{anset sd EER
l. True  1.43(+1.30)
Il True 1.46 (+ 1.30)
M1. M. True 1.39 (+ 1.40)
V. True  1.63(+1.20)
V. True  1.62 (% 1.40)
l. True 1.39 (£ 1.20)
Il. True 1.40 (+ 1.20)
M6. . True  1.26(+1.10)
V. True  1.38 (% 1.20)
V. True 1.48 (£ 1.40)
MCYT75 600 % 850
l. True 1.53 (£ 1.10)
. True  1.88 (% 1.30)
M12. . True 1.97 (£ 1.30)
IV. True 1.89 (+ 1.30)
V. True 2.07 (+ 1.30)
M16. V. True  2.18 (+ 1.40)
M17. VI. True 2.13 (+ 1.60)
M18. VI. True 1.94 (+ 1.50)
M19. VI. True 1.64 (£ 1.40)
M20. VI. True 1.62 (+1.30)
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Table 4-14: EER results for GPDS300GRAY (CoLL with Sign).

Test CNN ColLL g
. (trained . WD classifiers
Signature . (trained )

dataset with with sign) With Neer = 12

text) g
#Si #Si
db name canvas size #Text set Sign  #Sign sd EER
set db
M16. V. True 2.11(%0.79)
M17. V. ~  True 2.20(+0.75)
M18. V. S True 2.19(:0.84)
M19. V. *  True 2.23(+0.75)
M20. VI. True 2.22(+0.74)
GPDS300GRAY 952 x 1360

M16. VI. True 1.98(0.81)
M17. VI. z  True 2.26(+0.75)
M18. V. 2 True 2.04(:0.86)
M19. VI 9 True 2.16(+0.75)
M20. V. True 2.12 (0.76)

Given that the addition of CoLL in the framework exhibits superior performance, even if is
trained only with text images (for instance Table 4-11), the utilization of external signature
images is advantageous. Therefore, the use of signatures for learning the ColLL leads to mostly
superior (or at least comparable) results against all the previous experiments. Only in the case of
CEDAR dataset where the signatures of MCYT75 were utilized for the training of CoLL module,
the obtained EER values were a little bit worse. However, the deterioration is still less than 0.1%
compared to the results of Table 4-9 and thus, cannot be considered significant. Thus, the
combination of a CNN that learns features from a large amount of -readily available- text images
along with a CoLL that learns the feature mapping through a limited number of signature images
results in an efficient feature learning scheme for the OffSV task. In addition, another observation
can be made about the normalization (“sd” parameter) of the final extracted features. When the
CNN features are used to train the SVMs, there is no need for any normalization since the CNN
has a batch normalization layer before its output. On the contrary, the normalization to zero
mean and unit variance is beneficial when the CoLL module is used to produce the final features
because the feature mapping has not provided normalization controls.

4.6.5 Comparison with SigNet trained with Signature images

In this section, we perform a fair comparison of the proposed feature extraction process with
ColL, to the original SigNet feature extractor proposed by Hafemann et al. in [102]. This SigNet
model utilized only genuine signatures and no skilled forgeries during its training, similar to our
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scheme. The two compared feature extraction methods are applied to the same signature images
-after applied the same geometrical normalization steps- and their output features are processed
by the same classifiers. Thus, the comparison focuses only on the feature extraction stage and
the quality of the generated features. The original SigNet was trained with the genuine signature
images of 531 writers from GPDS-960 corpus and the trained model was downloaded from the
Official repository?.

The error bar diagrams of Figure 4-12 represent the EER values of all the proposed CNN-ColLL
variations (based on the used training sets) for the three datasets, along with the corresponding
EER and error margins derived using the SigNet as feature extractor. Similar to all previous results,
the experiments are repeated ten times by randomly selecting the reference signatures, as is the
standard practice in the OffSV literature. Additionally, Table 4-15 contains the results of our
proposed method as well as the EER values in the case of our implementation with the
downloaded SigNet model. This Table provides the direct comparison with SigNet and
summarizes the multitude of previous experimental results. The various tested models are
divided into single and multi-canvas preprocessed text and signatures, based on the used training
set. For the models that trained with single-canvas images, the table is organized such that for
each model (identified by the set used for its training) the top row includes signature sets with
the same canvas size with the selected CNN model, the middle row incudes the signature set that
provide the best performance using the sign-trained ColLL, and the bottom row includes the set
with the best result for the text-trained CoLL.

As it is clear from Figure 4-12, the error margins of the reported average EERs between the
proposed OffSV systems and the original SigNet CNN in all three signature datasets, i.e. CEDAR,
MCYT75, and GPDS300GRAY, are highly overlapping. In order to strengthen the validity of our
finding we perform a statistical analysis [248] of the results across the different experimental
setting and dataset permutations. Once again, pairwise statistical comparisons between the
original SigNet and every investigated setting for training a CNN-CoLL model are implemented
using the Friedman’s test and ANOVA (Analysis of Variance) for the ten repetitions of classifiers
(with the same permutations of reference and test signatures). For most tested settings the p-
values have large values (> 0.1), indicating that the models produced via the proposed technique
are able to produce results which are statistically equivalent to those of Signet, even if they are
trained with limited signature data. Especially important is the fact that for settings that utilize
random or multiple canvas sizes (five rightmost settings in all plots of Figure 4-12), the p-values
for all three datasets range between 0.2 and 0.97 for ANOVA and 0.11 to 1.0 for Friedman tests,
signifying that these approaches are a safe option for replicating the performance of Signet.

2 https://github.com/luizgh/sigver/tree/master/sigver/featurelearning/models
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Figure 4-12: Error bar diagrams of EER (%) for the CEDAR, MCYT75, and GPDS300GRAY datasets using the different CNN-ColLL
models from Table 4-12, Table 4-13, and Table 4-14, and comparison with the results of original SigNet model. The red lines
represent the results from our implementation of original SigNet feature extractor proposed by Hafemann et al. in [102] with the
solid red line indicating the average EER and the dashed red lines the respective error margins.
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In some of the other investigated settings, the observed variations in the average EER were
found to be statistically significant. For example, in some extreme cases (where the compared
average EERs seems to differ), like M15—CoLLIll and M8-ColLLV in the CEDAR dataset the
corresponding models achieved better performance than original SigNet with p-values of 6E-4
and 4E-4 (ANOVA) respectively. Similarly, models for M6—CoLLIIl and M12—CoLLV in the MCYT75
are slightly better or worse than original SigNet, with p-values (ANOVA) of 2E-2 and 2E-4
respectively. The p-values values of Friedman test are very similar to those of ANOVA at every
tested setting. The results of Figure 4-12 however, are presented in the spirit of an ablation study
on the effects of canvas size to the overall performance of the feature extraction CNN, and they
do not Offer any particular insight to the problem of how to train an efficient feature extraction
CNN with less signature data. They can rather be attributed to circumstantial conditions that may
benefit the classifiers for a particular database, which cannot be easily translated in a real-life
situations, especially when considering that the fluctuation of results (i.e. variation of EER) from
different CNN-CoLL settings (due to the different preprocessing parameters for generating the
training sets) are considerable smaller than the variation that arises from the writer’s signature
variability, based on the selected reference signatures (via the ten repetitions of the
experiments).

On the other hand, the statistical analysis of the results suggests that by using the proposed
CNN-ColLL technique it is feasible to train an effective feature extraction model, using less
signature images by taking advantage of the metric learning via the Contrastive Loss Layer (ColLL)
and the pre-training with properly processed handwritten text images. The original SigNet is
trained with about 531:24=12744 signature images (GPDS-960) whilst the proposed feature
extraction system can be trained with about 55-24=1320 (CEDAR) or 75-25=1125 (MCYT75)
signature images, providing statistically equivalent results. Hence, the presented technique can
use one order of magnitude fewer training signatures than the SigNet, delivering similar level of
performance. Most importantly, achieving such performance using random canvas sizes and
arbitrary cropping ratios (such as Text set 20 and Signature Sets VI) in all datasets highlights the
robustness and versatility of the proposed approach. The utilization of using the most general
setting for the selection of these parameters, combined with the effective use of ColLL, eliminates
the requirement of selecting a specific training set for each dataset. This level of flexibility enables
the method to be easily adapted to various datasets without the need for extensive
customization. Consequently, the proposed approach offers a practical and efficient solution for
OffSV, demonstrating promising potential for real-world applications.
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Table 4-15: Overview of our results for CEDAR and MCYT75 with Nzee=10 as well as for GPDS300GRAY with Nzer=12.

Test dataset
Signature
Signature
Prepro-
cessing

canvas
size

730

1042

D > 0O mO
X

600

850

nN—H4<0Z2

SigNet
[31[102]

EER
(wb)

1.66
(¥0.63)

1.51
(£1.30)

Train-

ing
Canvas

Canvas
type

Single canvas

Multi
canvas

Single canvas

initial CNN
(trained
with text)
#Text  EER
Set (WD)
1.19
M>.- (40.72)
1.22
M8 (+072)
1.13
M5 (+0.70)
1.88
M8 (+0.75)
1.86
M9 (10.82)
1.91
M20. " (10.78)
1.84
ML (+1.60)
1.77
Me. (+1.50)

Proposed method

CNN

(finetuned
with sign)

#Sign
Set

18.

19.

20.

EER
(wb)

2.15
(£0.95)
2.42
(+1.00)
2.39
(£0.85)
1.58
(£0.74)
1.44
(£0.83)
2.20
(£0.90)
2.20
(£0.83)
2.32
(£0.68)
2.41
(£0.88)
2.41
(£0.80)
1.95
(£0.68)
2.05
(£0.86)
1.83
(£1.20)
1.91
(+1.50)
2.03
(+1.30)
1.65
(+1.30)
1.94
(+1.40)
2.12
(£1.30)

ColLL
(trained
with text)

#Text  EER
Set (WD)
. LIS

(£0.63)
1.19

4 (20.66)
\ 0.99

C o (20.74)
. 112

(0.84)
1.21

10 (40.86)
. 11

(0.84)
113

15 (+0.50)
1.23

13- (s0.85)
1.12

14 0.73)
1.49

18 (+0.76)
1.51

19 s081)
1.65

20 (40.78)
. 1.62

©(1.20)
, 147

(+1.30)
. 160

(+1.30)
1.54

8 (+1.30)
1.47

10 (+1.50)
1.48

1 (41.30)

(t

ColL
rained

with sign)

#Sign
Set
V.
V.
1.

18.

19.

20.

EER
(wb)

1.12
(£0.68)
1.20
(£0.75)
1.13
(£0.65)
1.32
(£0.52)
1.09
(£0.58)
1.23
(£0.78)
1.15
(£0.54)
1.08
(£0.71)
1.10
(£0.75)
1.57
(£0.59)
1.56
(£0.72)
1.66
(£0.74)
1.43
(£1.30)
1.39
(£1.40)
1.62
(£1.40)
1.39
(£1.20)
1.26
(£1.10)
1.38
(£1.20)

92



4.6 | Experimental Results

Test dataset Proposed method
SigNet Train- initial CNN CNN ColLL ColLL
Signature [31[102] ing (trained (finetuned (trained (trained
Canvas with text) with sign) with text) with sign)
Signature
':::i:fg' EER  Canvas #Text EER  #Sign EER  #Text EER  #Sign  EER
canvas (WD) type Set (WD) Set (WD) Set (WD) Set (WD)
size
' 1.80 1 1.86 ' 1.88
(+1.40) " (+1.30) " (#1.30)
2.29 1.52 2.05 1.53
M12. (+1.30) 8 (+1.30) 11. (+1.30) s (+1.10)
1.97 1.82 1.97
I w1s0) B @maso) "™ (2130)
2.39 2.19 2.06 1.94
M18. 18. 18. 18.
i 8 x180) ¥ (500 B @1s0) ¥ (2150
s o 2.15 2.08 1.54 1.64
S 2 M19. 19. 19. 19.
S g % 1700 ¥ (21.50) % w1700 ¥ (#1.40)
1.86 1.77 1.65 1.62
M20. 20. 20. 20.
O (x140) 2% (1600 2% (r160) 2% (21.30)
G 2.44 3.01 2.09 1.98
M16. 16. 16. 16.
p ® x072) & (z090) ®  (ros2) ® (2081
D 2.61 3.07 2.23 2.26
M17. 17. 17. 17.
S (+0.76) (+0.84) (+0.64) (+0.75)
3 952 ) 2.48 2.69 2.17 2.04
2.21 £ 3 M8 18. 18. 18.
0 X (£0.79) E § 8 (+0.84) 8 (+0.80) 8 (+0.88) 8 (+0.86)
0 1360 e © M19 2.51 19 3.18 19 2.25 19 2.16
G " (+0.77) " (+0.83) " (+0.71) " (#0.75)
R
2.36 2.86 2.30 2.12
A M20. 20. 20. 20.
v O s081) 2% (006) 2%  (:076) 2%  (:076)

4.6.6 Summary of Performance in WD OffSV field

Table 4-16 provides an overview of the OffSV field, summarizing the most important results from
various methods and evaluation protocols reported in the Writer-Dependent (WD) OffSV
literature during the last 15 years, using the three most popular datasets CEDAR, MCYT75, and
GPDS. It is obvious that a fair comparison between all methods is a strenuous task due to the
many different protocols and technicalities that impact the performance. (e.g., number of
reference signatures, use of skilled forgery training samples etc.). Therefore, the particular table
serves the purpose of providing a general outlook of the WD OffSV research, emphasizing in the
recent advances. In this context, a quick look to state-of-the-art systems can be useful. At the
work of (Maruyama et al., 2021), the WD SVM classifier is populated with more points in the
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training stage using feature replicas extracted from a signature duplication process and thus, the
improvement is stemming from these classifier scheme and is not attributed to a better feature
extraction mechanism. Also, a variant of SigNet [102], named SigNet-SPP [103], utilizes spatial
pyramid pooling for variable input image sizes, while another variant of SigNet, the SigNet-F
[102], uses forged signatures along with the genuine signatures of GPDS-960 corpus for training.
However, none of SigNet's variants is consistently better in all three datasets. It is worth noting
that the difference in EER values between our implementation of SigNet and the published values
in the work of [102] is associated with the different way of utilizing the WD classifiers. In our
experiments the hyperparameters of RBF SVM are optimized through a cross-validation
procedure for every writer, while at the work of [102] the same hyperparameters were used for
all the writers. Finally, research conducted by Zois et al. [70], [91] utilizing the spatial pyramid
pooling of sparse features and visibility motif features achieved a good tradeOff between
learning-based and hand-crafted components in the model that fits OffSV task. Ultimately, we
argue that the proposed approach proves the feasibility of achieving a low verification error,
which is at least comparable to the state-of-the-art methods in all three datasets, despite
following a fully learning-based approach with limited training samples. Therefore, it can provide
a pathway to develop more complex deep learning based OffSV systems with the current data
availability.

Table 4-16: Summary of state-of-the-art OffSV Systems in terms of EER, for the CEDAR, MCYT75, and GPDS300GRAY datasets.

. WD
Signature OffSV approach classifiers

db name Nzer | Reference Method EER
12 [63] Chain Code 7.84

16 [250] Chord moments 6.02

16 [61] Gradient LBP+LRF 3.54

5 [69] Archetypes 2.07

12 [102] SigNet-F 4.63

12 [102] SigNet 4.76

10 [103] SigNet-SPP 3.60

CEDAR 5 [95] Deep SC 2.82
16 [212] VLAD with KAZE 1.00

10 [91] SR —KSVD/OMP 0.79
(18) [251] Hybrid Texture (égg)

10 [77] CNN-Triplet and Graph edit distance 5.91

12 [100] HOCCNN 4.94

10 [70] Visibility Motif profiles 0.51

3 [227] SigNet-F and classifier with replicas 0.82
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Signature OffSV approach clas‘,ls\,lizers

db name Nzee | Reference Method EER
3 [102]* SigNet 2.83

5 [102]* SigNet 2.14

10 [102]* SigNet 1.66

Proposed CNN-ColLL 2.50

Proposed CNN-ColLL 2.03

10  Proposed CNN-ColLL 1.66

10 [68] Contours 6.44

5 [252] Ring Peripheral 15.02

10 [62] LBP 7.08

10 [64] Radon Transform 9.87

10 [233] HOG + DMML 9.86

10 [253] HOT 10.60

[188] Duplicator 9.12

[217] Archetypes 3.97

10 [102] SigNet-F 3.00

10 [102] SigNet 2.87

10 [103] SigNet-SPP 3.64

10 [254] FV with KAZE 5.47

10 [229] ResNet trained with text 3.98

MCYT75 10 [101] MLSE 2.93
10 [91] SR — KSVD/OMP 1.37

(13) [251] Hybrid Texture (gig)

10 [77] CNN-Triplet and Graph edit distance 3.91

12 [100] HOCCNN 5.46

10 [70] Visibility Motif profiles 1.54

3 [227] SigNet-F and classifier with replicas 0.01

3 [102]* SigNet 3.28

5 [102]* SigNet 2.52

10 [102]* SigNet 1.51

3 Proposed CNN-ColLL 3.33

5 Proposed CNN-ColLL 2.61

10  Proposed CNN-ColLL 1.62

16 [255] Geometric 9.64

12 [256] MDF, Energy, Maxima 17.25

GPDS160GRAY

12 [215] HOG-LBP 15.41

10 [209] Pseudo-dynamic 7.66
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Signature OffSV approach clas‘,ls\,lizers
db name Nzee | Reference Method EER
12 [257] HOG-LBP-SIFT 6.97
12 [71] LBP 11.74
12 [228] 2-channel SigNet-F ((2)2:)
12 [219] RBP 0.57
13 [258] Circular Grid 4.21
12 [259] Cosine similarity 7.20
6 [260] Optical flow 4.60
12 [60] Poset-oriented grid 3.24
14 [222] DCGANs 12.57
10 [233] LBP + DMML 20.94
10 [253] HOT 9.30
8 [188] Duplicator 14.58
12 [102] SigNet-F 1.69
12 [102] SigNet 3.15
12 [103] SigNet-SPP-F 0.41
10 [261] HOT + AIRS 11.35
12 [91] SR — KSVD/OMP 0.70
12 [251] Hybrid Texture 8.03
3 [227] SigNet-F and classifier with replicas 0.20
GPDS300GRAY 3 [102]* SigNet 3.44
5 [102]* SigNet 2.84
12 [102]* SigNet 2.21
3 Proposed CNN-ColLL 3.69
5 Proposed CNN-ColLL 291
12 Proposed CNN-ColLL 2.12

*The trained SigNet model from [102] is used along with our SVM configuration.
4.7  Conclusions

The aim of this work is to present a methodology of efficient feature learning for the Offline
Signature Verification task using Convolutional Neural Networks, designed to overcome the
limitations in availability of signature images following the withdrawal of large datasets from the
public domain due to privacy legislation. The proposed CNN-CoLL scheme is taking advantage of
handwriting data in a more general sense. The handwritten style arises both in handwritten texts
and signatures. The relevancy of writing and signing let us pre-train the CNN in an exterior task
of identifying the author of an input image that contains text and then, use the trained CNN as a
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good initial baseline model for feature extraction. For validating our claim, we followed the most
established evaluation methods in the related literature, ensuring that the results are directly
comparable to the most popular deep-learning approach for OffSV task - the SigNet CNN
architecture. We incorporated a series of simple processing steps for the raw text data, designed
to simulate the signature images without the incorporation of sophisticated OCR or similar
techniques, thus enabling a fast and efficient text manipulation, well-suited to large-scale data
processing. This choice was made to allow harnessing information from the large abundance of
available handwritten text data to develop better learning-based OffSV systems, and ultimately
encourage further research towards the direction of incorporating modern deep-learning
techniques in OffSV even though a large signature dataset is currently unavailable.

The addition of a feature mapping stage aiming to reorganize the feature space, based on
metric learning with pairwise contrastive loss, boosted the performance of the presented OffSV
system. The WI training of CNN-CoLL framework provides a feature extraction mechanism which
is efficient for any query signature image of unseen writers (from other datasets or tasks). The
CNN is trained solely with text images while the training of ColLL was evaluated with either text
or genuine signatures (from irrelevant writers) as training examples.

A point of significant practical importance is that the presented scheme does not require
skilled forgeries at any stage of the training pipeline. In this spirit, the WD SVM classifiers are also
trained with samples of genuine against random forgeries but evaluated with the remaining
genuine signatures as well as the skilled forgery signatures for each writer. Results indicate that
the proposed CNN-CoLL scheme manages to successfully learn informative features with about
one thousand signature images, while other CNN-based methods utilize over an order of
magnitude more signature images in order to achieve similar performance in the OffSV task. The
efficiency of the system is demonstrated with experiments in the most popular signature
datasets, achieving better average EER than several state-of-the-art OffSV systems and
statistically equivalent results to the original SigNet model, despite the latter being trained on
the GPDS dataset with one order of magnitude more signature images compared to the
presented scheme. Comparisons were focused to SigNet since this is the only GPDS-trained
model with only genuine signatures and reproducible results, allowing a fair comparison using
the most popular protocol in WD-OffSV literature.

Evaluation results also indicated that the variability of the EER due to the random selection
of reference sets across iterations, is greater than the variability induced by the selection of the
specific combinations of canvas sizes for the normalization of text and signatures during the
training of CNN and ColL Thus, although the preprocessing is of crucial importance, the
comparable results when different models are utilized show that the different preprocessing
parameters have lower effect than the writer’s natural variability as expressed in its reference
signatures. Through a meticulous experimental study on the effects of cropping and canvas
dimensions of the external text and signature data, we demonstrated that even with random
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choice of parameters for generating the training sets (i.e., Text Set 20 and Signature Set VI) the
proposed pipeline can reliably train a model that learns efficient features across all tested
datasets. Therefore, as long as those parameters lie inside a reasonable margin as the ones tested
in this study, it is needless to seek for specific qualities in the external data which are tuned to
the target domain. This finding is of particular practical importance, since it enables to train the
feature extraction stage without any knowledge of the reference dataset, thus avoiding the need
of retraining the CNNs as the reference set grows through the lifetime of an OffSV system. This
last observation supports our core idea that transferring knowledge from the handwriting text
data to the signature problem, even with a simple and fast preprocessing procedure that involves
random selection of cropping strategy and canvas sizes for the generation of the training images
based on text and signature data, can deliver state-of-the-art performance even compared to
methods trained with 10X the amount of currently available data.
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Chapter 5

Deep learning with knowledge distillation

5.1 Introduction

An extrinsic limitation in OffSV problem is introduced from the absence of large offline datasets
[195]. Until recently, the GPDS-960 corpus offline database [262], with more than half a thousand
writers having 24 genuine along with 30 forgeries signatures per writer, allowed the training of
deep models into the similar task of writer identification [44]. Even though these CNN models
are not specialized to the task of signature verification, the large size of GPDS-960 dataset
enabled CNNs to be good universal functions for producing image-level feature descriptors for
signature images, surpassing the expressiveness of hand-crafted features [46]. Unfortunately,
this dataset, is no longer available due to the General Data Protection Regulation (EU) 2016/679
(“GDPR”), thus hindering the efforts of research community to investigate new models and
design elaborate methods that require more training data.

Motivated by the data-intensive nature of CNNs’ training, many OffSV systems pursue
designing methodologies to address the lack of adequate signature training data. These
approaches follow two main directions, the generation of synthetic signature images using
geometrical transformations [73], [191] or generative learning models [75], [192]-[194] and the
utilization of images from a relative domain such as the handwritten text documents [263], [264].
For completeness, there are also developed feature space augmentation methods that artificially
populate samples for improving the classifier’ performance, yet they rely on feature vector
representations and do not create signature images for training [74], [76], [265]. Finally,
considering the fully synthetic nature of generated signatures and the contingent unreal
identities, the signature duplications would be prone to diverge from the realistic intra-subject
variability criterion and thus, their use as the training images of an end-to-end deep learning
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model could be problematic, requiring special manipulations for their beneficial usage output
[83], [84].

Despite the capabilities of the above approaches to cope with signature verification problems
with small sample size, these methods ignored the knowledge of older benchmark models in the
OffSV task. In situations where an effective CNN model is available, a popular approach is to
transfer knowledge from this (expert) model to facilitate learning of another (new) model. This
forms the case of Knowledge Distillation (KD), where the knowledge is transferred between the
models that assume the role of teacher (expert) and student (new) [45]. When the teacher is pre-
trained and fixed during training, it is called offline KD. Additionally, the condition when an
effective teacher model exists but there is no access to its training data constitutes the data-free
KD, where the distillation process uses only external or artificial data to perform the knowledge
transfer from the teacher to the student model [24]. Finally, another branch which is relevant to
this work is Feature-based KD (FKD), which involves distilling knowledge from the intermediate
layers of the teacher model in order for the student model to learn feature representations that
are a good approximation of the teacher’s intermediate representations.

To the best of our knowledge, we consider this work to be the first one that introduces the
data-free KD approach into the OffSV domain. Here we propose a novel KD method to transfer
the knowledge from a teacher CNN into a new CNN student model with different architecture.
This allows the new model to leverage the knowledge learned by the teacher model, even though
the original training data are not available anymore. Furthermore, the new model is able to
achieve improved performance on the OffSV task compared to the teacher. The KD scheme
consists of 1) the teacher CNN supervising the training process, 2) the training data used to
transfer the knowledge, and 3) the KD method that defines knowledge features, distillation loss,
strategy, and connections. The ultimate goal is to express the learned information inasmuch as it
is helpful for building up a well-performing student CNN. Therefore, to address OffSV using offline
data-free Feature-based KD, the above components are realized as follows:

1) An appropriate teacher is one of the benchmark CNN models in the field, such as SigNet
[102] which is trained with the genuine signature images from 531 writers using GPDS-
960 corpus and the trained model is publicly available3. In this occasion, the teacher
model can provide valuable feature representations for any input image, but not a
meaningful classification response, since the training classes are person IDs which are
irrelevant outside the specific identification task.

2) The data which act as information carriers for the distillation, can be either synthetic or
external. In our work, we opt to utilize images of handwritten text because they possess
a similar structure to signatures (thin pen strokes on a piece of paper) and most

3 https://github. com/luizgh/sigver/tree/master/sigver/featurelearning/models
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importantly, there is an abundance of data available from public sources. The option of
using synthetically generated signatures was dismissed in light of evidence indicating that
the currently available synthetic signature datasets can deteriorate the effectiveness of
OffSV systems if used to train the feature extractor model [83], [84], [193].

3) The Feature-based Knowledge Distillation (FKD) is applied for guiding the activations at
the intermediate layers of teacher and student models. Here, we utilize computationally
efficient loss functions aiming to transfer the geometry of activations from intermediate
layers of the teacher CNN to the activations of the student CNN model at matching spatial
resolutions. The employed loss functions emerge from manifold-manifold distance
functions, formulating the problem of FKD as a problem of learning similar manifolds of
local activations in corresponding layers of teacher and student models. Furthermore, the
training of the student model incorporates KD attained by an additional regularization
loss that is based on the global feature, generated at the penultimate layers of the teacher
and student models respectively. Under this direction an efficient loss function is
designed to fit with the KD scope, inspired from the Self-Supervised Learning method of
Barlow Twins [266]. Ultimately, the proposed KD method utilizes both geometric FKD and
global FKD, thus integrating local information via manifold-to-manifold comparison as
well as global information via metrics that range from typical temperature-scaled cross
entropy to KD-oriented cross-correlation losses.

4) The requirements for the student CNN model architecture, utilized in the FKD scheme
are: (i) matching of intermediate activations for at least some of spatial resolutions and
(i) for the global feature to share equal dimensions with that of the teacher model. The
popular ResNet-18 CNN was selected as the student architecture, given its efficiency and
modern topology [4].

The training of a feature extraction model for OffSV is a learning task different than the main
verification task, since the identity and data of the users involved in the operational phase are
not always available during the model’s training. Following feature extraction, the decision stage
analyses the feature representation of a signature image and decides upon its validity. Since the
goal of this work is to demonstrate the value of the proposed FKD in designing an efficient OffSV
feature extractor, at the final decision stage we follow the most straightforward WD approach,
using WD Support Vector Machine classifiers to evaluate our method at the operational phase.
Results indicate that our system achieves top-tier performance on three popular Latin offline
signature datasets without requiring any signature images during Student-Teacher training. The
verification error is in par with state-of-the-art models trained with thousands of signature
images, obtained by only exploiting knowledge via the proposed FKD scheme. Also, the training
of the OffSV system does not require any skilled forgery signatures because the final decision
stage with the WD classifiers uses only genuine signatures and particularly, a few signatures of
the writer along with some signatures of other writers, also known as random forgeries.
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The contributions of the proposed work for OffSV could be summarized as follows:

e We demonstrate that FKD enables the efficient training of any new architectures that
inherit the prior knowledge of benchmark models whose training data are unavailable,
using external data of similar nature.

e The knowledge transfer between expert CNN model and new CNN model is accomplished
without the use of signature images, employing only handwritten text data processed
using a specialized yet simple pre-processing scheme.

e We propose a method for KD that combines information from both local features’
geometry and global feature distribution.

e A novel global feature-level loss function is designed in the basis of H. Barlow’s
redundancy-reduction principle, enhancing the similarity between the compared features
while minimizing the redundancy between the remaining components of these vectors,
accommodating the utilization of two different architecture in the S-T KD scheme.

The rest of the paper is organized as follows. Section 2 presents an overview of the recent
deep learning methods related to OffSV problem. Section 3 describes thoroughly the proposed
FKD method through the Student-Teacher architecture. Section 4 presents the experimental
results investigating many different KD schemes and finally Section 5 provides discussion and
conclusions.

5.2  Related Work

Training a feature extraction model for Offline Signature Verification (OffSV) is typically a
separate learning task from the main verification task, as the identity and data of users involved
in the operational phase are not available during the model’s training phase. This provides
flexibility in designing an efficient and practical OffSV system, resulting in a multitude of
developed methods. Deep learning schemes have demonstrated effective performance in OffSV,
mainly as feature extractors [46]. The main points of any deep learning based OffSV system could
be summarized on the CNN architecture, the design strategy, and the multi-task learning
mechanism. To achieve feature learning, a variety of CNN architectures are employed using
either a Wl or WD approach. The choice of architecture depends on both the user’s requirements
and the available signature data. Several OffSV datasets are available, as detailed in a recent
survey by Diaz et al. [195]. In addition, a plethora of strategies have been developed to effectively
capture the underlying signature information. The Siamese concept has a prominent position
among these strategies since it is well-suited to the verification problem, having two inputs to
compare two patterns and one output whose state value corresponds to the similarity between
the two patterns [267]. Finally, the multi-task learning enjoys high popularity in the OffSV field
due to its easy and effective implementation. The multi-task approach begins with a first task
that acts as primary learning, while additional learning task(s) fine-tuned specific characteristics
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on the feature representations of signatures [44]. A taxonomy of deep OffSV methods according
to the involved CNN architecture is attempted on Table 5-1, including information about the
respective strategies and presence of multi-task stages.

The SigNet architecture, based on the AlexNet CNN topology, is dominant in the OffSV field
[7]. It was initially designed for writer identification, with the aim of distinguishing between
signatures of different writers using only genuine signatures [102]. However, the architecture has
since undergone various modifications, resulting in several versions of SigNet that differ mainly
in the dimensions of the extracted features, such as the so-called thin SigNet [102], R-SigNet
[268], and SigNet-SPP [103]. Also, different multi-loss settings have been employed as objective
functions during training of SigNet. In these settings, the primary loss is responsible for
associating signatures with their respective users, while additional loss terms are used either for
detecting forgeries, resulting in the SigNet-F version [102], [268], or combined with other metric
learning functions to form the Multi-Loss Snapshot Ensemble (MLSE) method [101]. To leverage
the benefits of the SigNet-F feature extractor, post feature management methods are applied,
such as the Dichotomy Transformation in the dissimilarity space [82] and the feature
augmentation techniques to enhance the performance of the classifiers [74]. The Siamese
scheme is also formulated using the SigNet’s architecture in its identical subnetworks [223].
Building upon this, SigNet is utilized in multi-stage frameworks, either when it is initially trained
to distinguish between signatures of different writers and subsequently re-trained using the
contrastive loss function [84] or when it is initially trained with handwritten text data and then is
used as the baseline model for training an additional contrastive loss layer at the top of the net
[264]. The contrastive loss is the most common similarity ranking function in Siamese schemes
and its objective is to learn such an embedding space in which similar sample pairs are pulled
together while dissimilar ones are pushed apart [28]. An extension of the Siamese concept is the
triplet loss, which is composed of: an anchor, a positive sample from the same class, and a
negative sample from a different class. In this case, the goal is to minimize the distance between
the anchor and positive sample while maximizing the distance between the anchor and negative
sample in the embedding space [29], [269]. Beyond that, the dual triplets (or quadruplet) can
also be used, which include two negative samples in addition to the anchor and positive samples
[270]. In the case of OffSV using SigNet model, the first negative sample is a random forgery and
the second negative sample is a skilled forgery signature [271].

Many CNN architectures for OffSV systems are utilized as identical streams of joint
embedding (i.e., Siamese) frameworks that rely on contrastive representation learning. One such
architecture is the DenseNet [272] including squeeze-and-excitation blocks (SE) [273] with [274]
and without [275] spatial pyramid pooling (SPP) for the calculation of the global feature. The SPP
layer is also compiled with the custom CNN architecture, named Position-Dependent Siamese
Network (PDSN), to model the local similarity between signatures [276], while a custom CNN
equipped with an inception layer [277], named Siamese Convolutional Inception Neural Network
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(SCINN), is utilized to capture signature details [278]. In the work of Parcham et al. [279], the
Capsule Neural Network (CapsNet) produces the final feature embeddings of the overall Siamese
scheme and the resulting composite backbone architecture with the hybrid CNN-CapsNet models
is named CBCapsNet. In this study, a plethora of CNN architectures are evaluated along with the
CapsNet and thus, networks from the families of VGG [159], In/Xception [277], [280], ResNet [4],
[281], [282], DenseNet [272], MobileNet [283], and NASNet [284] were investigated under the
proposed Siamese set up. The triplet-based learning is also performed in the OffSV problem using
the VGG-16 model [232] as well as the ResNet-18 and DenseNet-121 models [77]. In more
complex configurations with custom CNN architectures for OffSV, the use of signature pairs can
take many forms. For example, the work of Lu et al. [285] proposed the use of a smooth double-
margin loss as an inventive extension of the contrastive loss while the work of Zhu et al. [79]
proposed a CNN equipped with fractional max pooling function as long as the contrastive and
triplet losses are formulated with the novel point-to-set (P2S) similarity metric. The Deep
Multitask Metric Learning (DMML), created by Soleimani et al. [233] as a multi-task learning
version of Discriminative Deep Metric Learning (DDML), has a shared layer for all the writers that
is followed by separated layers which belong to each writer independently and the overall
topology is optimized using the relevant signature pairs. In addition, both the Inverse
Discriminative Network (IDN) and the Multiple Siamese Net (MSN) utilize the original image (i.e.,
with white background and gray signature strokes) and the inverse version (i.e., with black
background and gray signature strokes) of each signature of the input pair and through pairwise
connection of its four different streams providing three [88] or four [286] verification scores that
combined for the final decision. Finally, in an altered direction, a pair of grayscale signatures is
fed into a custom CNN architecture as a two-channel input image to incorporate the similarity
between the two signatures implicitly in the encoding process [228].

Before their final use as feature extractors for signature images, popular CNN architectures
are often trained following a different strategy, specifically in writer identification tasks, rather
than the Siamese concept. The multi-task approach is commonly adopted in many cases, either
as a multi-stage process where pretraining serves as coarse initialization for the network before
the main training process specific to the method, or as a multi-loss implementation where
multiple loss functions are optimized together to balance multiple objectives. For the OffSV
problem, the ResNet-8 is pretrained with auxiliary Persian handwritten text images in the writer
identification task and next either is used as a fixed feature extractor or is fine-tuned with
signature images of the target domain [263]. Following a similar rationale, the CNNs are initially
pretrained on the general imagenet dataset with millions of training images and then fine-tuning
is performed on a single signature dataset under the writer identification problem to harness the
effectiveness of the extracted vectors from the models such as VGG-16 [287], ResNet-50 [287],
[288] and GooglLeNet [289]. Likewise, the pretrained (on imagenet dataset) models of VGG-16,
VGG-19, ResNet-50, and DenseNet-121 feed with feature representations the CapsuleNet that
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operates as the final verification classifier and the whole system is trained in an end-to-end
manner using signatures [193]. Also, the custom topology combining two streams of
convolutional processes in the work of Zheng et al. [72] is pretrained on the signature writer
identification task and subsequently the CNN is trained to capture micro deformations. Unlike
the previous multi-stage approaches, the Shariatmadari et al. [100] trained their deep
architecture utilizing a multi-loss approach combining two losses emerged from three CNN
streams in different sizes of convolutional layers, while the proposed approach is based on
Hierarchical One-Class CNN (HOCCNN) that trained only with genuine signatures from different
feature levels. Furthermore, the CNN structure named Large-Scale Signature Network (LS2Net)
with the class-center based classifier addresses the writer identification problem using the class
centers -by averaging the extracted features of each class- and the 1-Nearest Neighbor classifier
[290].

The Recurrent Neural Networks (RNNs) are a type of neural network that are well-suited for
processing sequential data. In the context of signature verification, RNNs can be used to analyze
signature images by dividing them into segments and treating each segment as a separate time
step in a sequence. There are several ways that RNNs can be applied to this task. One approach
is to simply design geometrical windows on the pixel domain, as described in [291]. Another
approach is to use Local Binary Patterns (LBP) coded image windows, as described in [292]. These
windows can be processed by a Bidirectional Long Short-Term Memory (BiLSTM) network, which
is a type of RNN that is able to analyze the input data in both forward and backward directions.
In a simpler implementation, a CNN can be used for feature extraction, with the output of the
CNN being fed into a BiLSTM to classify the signature as genuine or forged [81]. The Static-
Dynamic Interaction Network (SDINet) is another method for incorporating sequential
information into static signature images by assuming pseudo dynamic processes in the static
image [293]. It does this by uniformly dividing the feature maps of the signature into rows and
columns, with each row or column representing a dynamic unit in the signing process. Thus, the
static feature maps are converted into sequences based on the part-by-part nature of the signing
process.

In the field of signature verification, there have been alternative proposed approaches that
deviate from the usual line of research that was described above. One such approach is to use an
autoencoder to generate forgery signatures from the genuine ones, where the encoder model is
utilized to extract features from signature images [294]. In the same vein, another approachis to
use an Adversarial Variation Network (AVN), as proposed in the work of Li et al. [295]. The AVN
exploits a variation consistency mechanism to train a discriminative model for signature
authentication that is more robust than a typical Generative Adversarial Network (GAN). The
AVN’s feature extractor and discriminator are equipped with a variator that slightly perturbs the
colors or intensities of the signature images to produce variants that should not affect the
verification decision. Additionally, adversarial examples, which are intentionally designed to
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mislead a classifier, can pose a challenge for OffSV systems, as they can cause misclassification
[225], [296]. Finally, Graph Neural Networks (GNNs) have been applied to the problem of OffSV
for the first time in the work of Roy et al. [297] and the transformer structure has been introduced
as a feature extractor for signature images by Ren et al. [298]. Both of these approaches show
promising results.

Recently, the Self-Supervised Learning (SSL) approach has been introduced for the OffSV
domain. Two SSL approaches have been developed for this task. The first approach involves
pretraining a ResNet-18 model by minimizing the cross-correlation matrix between compared
features. The resulting model is then used as a fixed feature extractor [299]. The second approach
involves pretraining an image reconstruction network with an encoder-decoder topology. The
encoder (ResNet-18) is then finetuned using a dual triplet loss, and the resulting model is used
as a feature extractor [300]. Differently from these SSL approaches where supervisory signals are
obtained from the data itself, we propose a KD method for the training of the OffSV feature
extractor where the process is supervised from a teacher model. Hence, we leverage prior
knowledge by having the student model use an existing efficient CNN model for signature
encoding. Additionally, we utilize handwritten text data to transfer the knowledge from the
teacher to the student and not signatures, contrary to the aforementioned SSL works that rely
on signature samples from the same datasets for achieving descent performance. Although both
methods, SSL and FKD, utilize loss functions based on the cross-correlation matrix of global
features, in the proposed scheme the FKD loss function is tailored to the KD concept instead of
feature similarity.

Table 5-1: A taxonomy of recent deep learning-based OffSV systems.

CNN involved Architecture Strategy Multi- Authors, Year Refe-
task rences
SigNet, R Hafemann et al.,
thin SigNet Identification - 2017 [102]
. Multi- = Hafemann et al.,
SigNet-F 2-term Loss Loss 2017 [102]
SigNet Siamese - Dey et al., 2017 [223]
SigNet-SPP, fine- . , Multi- = Hafemann et al.,
tuned 2-term Loss & fine-tuning Loss 2018 [103]
SigNet SigNet (MLSE) 3-term Loss Multi- Masoudnia et al, [101]
Loss 2019
(AlexNet) Multi
SigNet-F Dichotomy Transformation stage Souza et al., 2020 [82]
. . Multi- = Maruyama et al.,
SigNet-F Feature Augmentation stage 5020 [74]
. Multi-
R-Signet-F 2-term Loss Loss Avola et al., 2021 [268]
SigCNN Dual Triplets - Wan and Zou, [271]

2021

106



5.2 | Related Work
CNN involved Architecture Strategy Multi- Authors, Year Refe-
task rences
. . Multi- = Tsourounis et al.,
SigNet-ColLL Contrastive Layer (ColLL) stage 2022 [264]
SieNet Multi-task Contrastive Multi- = Viana et al., 2022 [83],
& Learning stage Vianaetal., 2023 [84]
. Multi- Mersa et al.,
ResNet-8 Auxiliary data stage 2019 [263]
ResNet-18 Pretraining !dent|f|cat|on + | Multi- Maergneretal,, [77]
Triplets stage 2019
ResNet-50 Pretra|r.1|ng Imagenet + Multi- = Younesian et al., [288]
Active Learning stage 2019
ResNet Pretraining Imagenet + Multi
ResNet-50 §mas Engin etal, 2020  [287]
Identification stage
ResNet-18 SWIS.: self—Superwsef:l Multi- Manna et al., [299]
Pretraining + Contrastive stage 2022
SURDS: Self-Supervised Multi- = Chattopadhyay
ResNet-18 Pretraining + Dual Triplets stage etal., 2022 [300]
VGG-16 (reduced) Pretraining !dent|flcat|on +  Multi- Rantzsch et al., [232]
VGG Triplets stage 2016
VGG-16 Pretraining Imagenet +  Multi- o o) 9020 [287]
Identification stage
DenseNet-36 Multi-region + Siamese - Liu et al., 2018 [275]
DenseNet-121 Pretraining Identification + = Multi- Maergner et al., [77]
DenseNet (MCS) Triplets stage 2019
Mutual Signature L . .
DenseNet-36 (MSDN) Multi-region, SPP + Siamese - Liuetal., 2021 [274]
Convolutional Signature Synthesis + .
Inception NN (SCINN) Siamese i Ruiz et al., 2020 [278]
InceptionNet Pretraining Imagenet + Multi-
GoogleNet g .g loss/- = Jainetal., 2021 [289]
Identification
stage
VGG-16/19, Signature Augmentation + Multi-
DenseNet-121, Pretraining Imagenet + end- stage Yapici et al., 2021 [193]
ResNet-50 + CapsNet to-end Verification &
VGG-16/19, ResNet-
CapsuleNet 50/101/152,
In/Xception, . Parcham et al.,
InceptionResNet, Slamese i 2021 [279]
MobileNet, NASNet
+ CBCapsNet
Shared layers
followed by DDML with User-specific Multi- = Soleimani et al., [233]
Custom CNN separated layers layer + Pairs stage 2016
(DMML)
2-channel CNN 2-channel input Pair Yilmaz and [228]

Oztiirk, 2018

107



Chapter 5 | Deep learning with knowledge distillation

CNN involved Architecture
CNN + PSDN
4-stream CNN

HOCCNN

LS2Net

CNN with fraction
max pooling

2-stream combined
CNN

cut-and-compare Net
SDINet

LSTM/ BiLSTM

Recurrent Binary

RNN Pattern — BiLSTM
CNN with BiLSTM
Autoencoder = custom 6-layer CNN
AVN VGG (inspired from)
GraphNN GLCM-GNN
two-channel and
Transformer two-stream (2C2S)
transformer
Adversarial adversarial examples
attack P
5.3 Proposed Method

Strategy

Siamese

Multi-Path + Pairs
(IDN) / (MSN)
Hierarchical one-class
Learning
1-Nearest Neighbor (1-NN)
classification task by using
the class-centers

Point-to-Set (P2S) Similarity

Pretraining Identification +
micro-Deformations
Learning
Segmentation, Comparison
+ Pairs
conversion of static feature
maps into sequences
Spatial segments +
Identification
LBP coded windows +
Identification
Hybrid CNN-BiLSTM
verification

Utilization of encoder model

Variation consistency
mechanism
Node Classification
squeeze-and-excitation (SE)
operation between two
standard Swin Transformer
blocks + Pairs

adversarial characterization
/ adversarial perturbations

5.3.1 Harnessing Knowledge through Distillation
The efficiency of CNNs in the modern Deep Learning era is founded on large and annotated

Multi-
task
Multi-
Loss

Multi-
Loss

Multi-
stage

Authors, Year

Lai and Jin, 2018

Wei et al., 2019 /

Xiong et al., 2021

Shariatmadari et
al., 2019

Calik et al., 2019

Zhu et al., 2020

Zheng et al.,
2021

Lu et al., 2021

Lietal., 2021

Ghosh et al.,
2020
Yilmaz and
Oztiirk, 2020
Longjam et al.,
2023
Prajapati et al.,
2021

Li et al., 2021
Roy et al., 2021

Ren et al., 2023

Hafemann et al.,
2019/ Lietal.,
2021

Refe-
rences

[276]

(88,
[286]

[100]

[290]

[79]

[72]

[285]
[293]
[291]
[292]
(81]
[294]
[295]

[297]

[298]

[225],
[296]

training datasets and thus, the amount and quality of both data and labels is mission-critical. The

most popular approach for reducing the amount of labeled training data without affecting the
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performance too much, is by employing prior knowledge from a source domain with an
abundance of training data on a similar task. Then, transfer knowledge is performed from the
source task to enable the learning on the target task utilizing the same network sequentially
[301]. Towards a similar goal but with on a slightly different line, Knowledge Distillation (KD) is a
method for transferring information from one network to another network whilst training
constructively [302], [303]. The most prominent setting of KD is a Student-Teacher (S-T) scheme,
where the knowledge is transferring from a “Teacher (T)” model to a “Student (S)” model and in
this manner, the teacher CNN is supervising the training of the student CNN. Since the knowledge
from the teacher reflects a more general type of information that could be expressed through
many representations, there is no commonly agreed rule as to how knowledge is transferred.
Therefore, various forms of KD methods are developed covering different aspects, like the types
of distillation, the quality measures of knowledge, the design of S-T architecture, etc.

In brief, the KD schemes are either offline or online. In offline distillation, the teacher model
is pre-trained and fixed, and its knowledge is distilled to train the student model. On the other
hand, in online distillation, both the teacher and student models are updated simultaneously in
an end-to-end training procedure. Self-distillation is a special case where the teacher and student
models are the same. Additionally, there are variations in the number of teachers used, including
distillation from one teacher or multiple teachers, where the student learns from an ensemble
of teachers. Also, the S-T framework has been extended handling various data formats, such as
data-free or cross-modal KD, and different labeling requirements, including label-free or meta-
data KD. Additionally, different learning metrics have been utilized, involving adversarial
distillation and KD using attention maps. Thus, there is a wide range of S-T variations developed,
each tailored to the specific characteristics of the problem at hand. A detailed survey on KD and
S-T learning methods can be found in [24], [45].

Knowledge often refers to the learned weights and biases, although there is a diversity in the
sources of knowledge in a CNN. Typically, the two principal sources of knowledge in a CNN model
are, the output prediction score, known as logits, and the activations of intermediate layers,
known as hints. Since the soft logits represent the class probability distribution, the knowledge
from teacher’s model is shifted to the student’s model by learning the class distribution via
softened softmax (also called “soft labels”), where each soft label’s contribution is controlled
using a parameter defined as temperature [302], [303]. The main idea is that the student model
will learn to mimic the responses of the teacher model and not only the hard class predictions.
However, since CNNs are compositional models that organize the information hierarchically, they
could learn multiple levels of feature representation with increasing abstraction [304] and thus,
the knowledge derived from the intermediate layers of a teacher model could provide favorable
information. Like so, the goal of this type of KD (Feature-based KD), is matching the internal
representations between student and teacher models. Supplementary to the above sources, the
knowledge that captures the relationship between different activations and neurons -from one
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or more locations of features along the network- can also be used to train a student model. Next,
we present a detailed description of the used FKD, explaining how knowledge is measured and
how the information is transferred from teacher to student through the proposed loss functions.

5.3.2 Geometric Regularization through Local Activation Features

The local features are the activations from intermediate layers of a CNN, meaning that they are
the output of a hidden layer that constitute a Feature Map (FM). The FM is an intermediate
representation generated from a convolution layer and thus, includes local information since
each entry of FM highlights only a local neighborhood of input pixels. In an S-T FKD scheme, the
teacher’s intermediate representations supervise the training of the student model, so to learn
feature representations that match some qualities of the respective teacher’s predictions.

Given its spatial structure, a FM can be considered as a set of multidimensional vectors
representing local features depth wise. The overall affinity between two sets of multidimensional
data (feature vectors) can be measured through a similarity or dissimilarity function, formulated
from either statistical or geometrical perspective. According to the statistical approach, the
distance between two sets of feature vectors is related to the dissimilarity between the
underlying distributions from which the vectors are derived. On the other hand, the geometrical
approach assumes that the data from each set of vectors are lying on a low-dimensional manifold
inside the feature space and thus, the distance can be defined as a measure of the dissimilarity
between geometrical properties of the corresponding manifold structures. In [305], a manifold-
to-manifold distance is introduced based on the notion of reordering efficiency of the
neighborhood graphs representing the manifolds of local features. Following, in [306], [307] this
distance was extended to an efficient Feature-based Knowledge Distillation (FKD) technique
through a geometric regularization of local activations within an S-T framework. Consequently,
the local manifold-based regularization incentivizes a student CNN to create local features that
resemble, in overall geometry, to those of a teacher model at several layers with matching spatial
resolutions. In this work, we employ a FKD approach which is based on the above-mentioned
manifold-to-manifold distance, regularizing the activations in several intermediate layers of
student model via the respective activations in the teacher network.

5.3.2.i Geometric Distillation

Let us consider a Feature Map (FM) of size H X W X D, where H and W correspond to its spatial
size (Height and Width) while the Depth size D denotes the number of channels. It consists of
N=H-W feature vectors, each one having dimensionality of D (i.e., x; € R¥™P is a channel-wise
feature vector with D elements, one for each pixel location j=1,...,N). Thus, a FM is a set of N
feature vectors in a feature space of size D. Hence, the dissimilarity between two feature maps
extracted from two CNNs could be measured via a manifold-to-manifold distance metric between
the local activation manifolds, at corresponding layers of the two models with one-to-one
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correspondence between samples of the two compared sets. This happens in the case where the
two compared feature maps have the same spatial size (H&W), independent of the feature
dimensionality (i.e., the value of D). The neighboring relations within each feature set can be
encoded by a Minimal Spanning Tree (MST), which in the form of a minimalistic backbone,
connecting the nodes representing feature vectors [308]. In such case, neighborhoods can be
defined via a geodesic radius around each node on the MST. The MST was used in such setting
because it is less prone to topological short-circuits and thus, generating neighborhoods whose
affinities are more indicative of the underlying manifolds’ features [309]. Finally, a measurable
qguantity of local affinity for each FM’s vector can be obtained with the Neighborhood Affinity
Contrast (NAC) [310]. The NAC measures the ratio of the sum of square Euclidean distances of a
sample to all its neighbors, to the sum of distances to all the other samples of the set. Thus, NAC
is an atypical measure of compactness of the local neighborhood of each sample. The, the NAC
ratio (i.e., intra distance to inter distance) is calculated using the following formula:

N .
X j=q distjj - mjj
Zj-vzl diStij

NACIM = € RN eq. 5.1

where the total number of FM vectors is N = H - W, the pairwise vectors’ normalized square

2
Yi—xs
Euclidean distance is dist;; = ZN” |l| ]quz,xi € R™P and the neighborhood mask M €
j=1lXim %)l
{0,1} V¥V is based on the geodesic distance between the i-th and j-th nodes (i.e., feature vectors)

on the MST with

1, Distancejpyesic(i,j) <7
my; = eq. 5.2

0, Distancejopyesic(i,j) >

with r a geodesic radius indicating the number of hops that define the neighbors of each node on
the MST.

In this work, the neighborhood mask M € {0,1} V>V is computed only on the teacher’s side (Mt)
and once for each datum, as proposed in [306], [307], [310], to force the student model’s
activations to mimic the neighboring relations, as expressed in the corresponding activations in
the teacher’s model. Therefore, the student’s model is guided to produce local activation
features with similar geometrical characteristics to those of the teacher model. The comparison
between a feature map from the teacher CNN (FMt) and a feature map from the student CNN
(FMs) -with equal spatial resolutions- is provided by the mean squared distance between the
respective NAC vectors from the teacher’s and student’s FM, using the same neighborhood mask
Mt. Therefore, the Geometrical Loss of the local features from the intermediate layers in the
utilized S-T FKD scheme is defined as:
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GeomlL = ||NACHH* — NACHYS |3 eq. 5.3

By designing in this way, multiple supervision connections between layers of the teacher and the
student can be simultaneously implemented, adding the respective regularization terms in the
overall loss function. Also, the geometrical regularization of local activations could work
synergistically with any other KD loss as well as task-dependent loss terms. In our
implementation, we utilize two connections between intermediate layers on the S-T scheme for
geometric regularization of local activation features. Thus, there are two geometrical
regularization terms targeting different layers of the networks, one in an early layer and one after
the middle of the teacher’s topology, connecting with layers equivalent in terms of spatial size to
the student’s topology (Figure 5-1).

5.3.3 Response Regularization through Global Features

Typically, when a CNN model is utilized for feature extraction, the extracted feature is provided
by the penultimate layer, just before the classification layer. Since this feature is the network’s
response, optimized so to facilitate a classification task, it reflects the discriminative qualities
learned by the model during training. Hence, if the global feature of a CNN model exhibits
preferable characteristics, it is reasonable to try to teach the student model to imitate this
directly. Fortunately, in a S-T scheme, the teacher’s knowledge could be transferred to the
student through the feature information of the respective responses, regardless of the
classification task solved by the teacher and the respective data.

Assuming that the global features from the two models (teacher and student) have the same
dimensionality, it is easy to formulate a function to compare them. In this work, the FKD through
global features is incurred by minimizing the difference between the teacher response and
student response using either the cross-entropy loss of the two temperature-scaled features, or
a loss utilizing the cross-correlation matrix between the two feature vectors.

5.3.3.i Response Distillation based on cross-entropy

The softmax function transforms the input vector into a probability distribution promoting the
highest value against others. Accordingly, the output values are restricted to the range of [0,1]
with their sum being equal to 1, whilst the larger values are intensified, and the lower values are
denoted. One effective calibration technique for rescaling the output values to increase the
sensitivity of low probability candidates is the temperature scaling [302], [303]. The softmax with
temperature parameter softens the distribution by penalizing the larger logits more than the
smaller logits and thus, more probability mass will be assigned to the smaller logits. This
characteristic could be very beneficial for our case, where high-dimensional feature vectors (and
not class predictions) are utilized directly in the loss function. The softmax with temperature
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parameter 7 for an input vector f € R™K, where K is the feature dimensionality, is calculated

as:
efi/D
Pi = SKG7D €q. 5.4

The imitation of teacher’s output by the student model is driven by the minimization of cross-
entropy between the temperature scaled features extracted from two CNNs respectively. Thus,
the Response Loss of the final features with the temperature-scaled cross-entropy function (T-
CE) in the S-T FKD scheme is defined as:

RespLtce = — Y.X( qf -log(p}) ) eq. 5.5

where p{ and g} are the final extracted features after temperature softmax from the student and
the teacher respectively while K equals to the features’ dimensionality.

In our implementation of S-T FKD framework, the above Response regularization term is
evaluated either in conjunction with classification loss or other KD losses, or as a single loss term
of the training procedure.

5.3.3.ii Response Distillation based on cross-correlation:

The cross-correlation between two different signals can be used as a technique for comparing
two signals. A commonly used extension of the simple cross-correlation is normalized cross-
correlation which can detect the correlation of two signals with different amplitudes. The cross-
correlation matrix of two vectors in the RX space is a matrix with elements the cross-correlations
of all pairs of elements of the vectors. In particular, the cross-correlation matrix C between the
normalized responses from the teacher (zt € R¥*X) and the student (z¥ € R*¥) is computed
by the following formula:

K _s. t
C:: & z:ZiZJ

v JZK @ [ @

eq. 5.6

where C;; is the correlation between i-th element (z]) of normalized student’s vector (z° €
R¥*X) with the j-th element (th) of normalized teacher’s vector (zt € R¥*K), while the above
relation could be also applied to vectors normalized via z-score standardization across batch,
during the training of the proposed S-T framework.

An objective function which tries to make two feature vectors similar while reducing the
redundancy between their components, can be expressed by enforcing their cross-correlation
matrix as close to the identity matrix as possible. For this purpose, the Barlow Twins loss function
[266] has been proposed as a self-supervised learning approach, comparing the embeddings of
two distorted versions of an input image by the same network. In our work, we exploit a similar
logic, but comparing the features extracted from two different networks instead, (i.e., teacher

113



Chapter 5 | Deep learning with knowledge distillation

and student) for the same input image. Thus, the cross-correlation matrix between the feature
responses of the teacher and student CNNs is computed, creating an S-T FKD scheme where the
Response Loss for the final features is defined as:

2
RGSpLBT = Z{(( 1-— Cii )2 +1 Z{(Z]#(Cu) eq. 5.7

with a trade-off parameter A = 0 that controls the importance between the two terms of the
loss, with the first term trying to pull the diagonal elements of the cross-correlation matrix
towards 1 and the second term trying to minimize the off-diagonal elements. The features are
centered and normalized to unit variance along the batch dimension before the calculation of
the cross-correlation matrix.

In addition to the aforementioned loss term, we also evaluate a more relaxed version that
offers some additional degrees of freedom to the student model’s response, and is more
compatible with the context of S-T distillation. Whilst the Response loss in Barlow Twins tries to
match the response in the i-th element of student’s vector to the i-th element of teacher’s vector,
the relaxed version tries to match the i-th element of student’s vector with the element of
teacher’s vector with which it has the maximum correlation. The rationale behind this option is
that since the different architectures of the student and teacher networks do not share
parameters as in a Barlow Twins self-supervision setting, the two models could produce similar
responses but within an arbitrary permutation of their features’ elements. Hence, the utilized
loss should facilitate such behavior and not necessarily enforce element-wise correspondence
between the student’s and teacher responses. Therefore, we opted for a loss function that
accentuates the maximum correlation for each feature component. Ultimately, the proposed
Response Loss of the final features in the S-T FKD scheme is defined as:

2 2
RespLec = ¥X(1— max;(C;;) ) +1 XX Zjiargmaxj(cij)(q-j) eq. 5.8

As in the previous case, the parameter A > 0 is a coefficient that adjusts the balance between
the invariance term which enhances the maximum activations between the compared features,
and the redundancy reduction term that decorrelates all the remaining components of the
features. For this relaxation of the Barlow loss function we will use the term Barlow Colleagues
(BC), in contrast to the unmodified Barlow Twins (BT).

5.3.4 Building the Student-Teacher Knowledge Distillation (S-T FKD) Architecture

Figure 5-1 presents the proposed S-T FKD scheme which distils the knowledge via an offline
approach, where the teacher model is fixed, and the knowledge is transferred using both the
feature maps of intermediate layers and the final features, to leverage the local and global
information respectively.
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Figure 5-1: The S-T scheme presents the produced representations as data pass the sequential operations of student and teacher
CNNs. The student CNN has a fully connected layer at the end of its topology that serves the classification task (classL) using the
predicted classification scores (Pr). The teacher model provides the neighborhood masks (M1t and M2t) for any given Feature
Map (FM1t and FM2t) as well as the final feature vector response with 2048 elements (Rt). Two Feature Maps (FM1s and FM2s)
as well as the final extracted feature (Rs) of the student model participate in the FKD. The FKD is implemented utilizing the
geometrical regularization terms from intermediate layers (GeomL1 and GeomL2) and the response regularization term from the
final extracted features (Respl). Thus, the overall multi-loss function combines the FKD regularizations together with the
classification loss to supervise the training of the student CNN.

First, to form the S-T architecture, we utilize as the teacher CNN the original SigNet feature
extractor proposed by Hafemann et al. in [102]. The used SigNet model provides a feature
representation for any input image and not a predicted classification result whereas a
classification score depends on the number of classes of the corresponding training dataset.
Thus, for any input image, the SigNet produces a feature vector of 2048-dimensions. While the
teacher SigNet is built on the base of AlexNet architecture, the student CNN follows a more
modern architecture based on the ResNet-18 topology. Taking advantage from its residual skip
connections via the four residual blocks, the student model is much deeper than the teacher
model even though they have approximately equal number of learned parameters given the
addendum of one fully connected layer with 2048 neurons in the student CNN as its penultimate
layer for feature extraction before the final classification layer. The inclusion of the fully
connected layer for feature extraction has as input the feature map of the previous layer without
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using any spatial pyramid layer. The architectures and sizes of activations both for the teacher
and student models are presented in Table 5-2.

Table 5-2: Architectures and activations’ size for teacher (SigNet) and student (ResNet18) models.

SigNet ResNet-18
Layer/Block L. . Layer/Block Activation
Activation size .
Name Name size

Input 150 x 220 x 1 Input 150 x 220x 1
convl 35x53x96 conv 72 x 107 x 64
pooll 17 x 26 x 256 pool 35x53 x64
conv2 (FM1t) | 17 x26 x 256 blockl 35x53 x 64
pool2 8 x12 x 256 block2 (FM1s) 17 x 26 x 128
conv3 8 x 12 x384 block3 (FM2s) 8 x 12 x 256
conv4 8x12x384 block4 3x5x256
conv5 (FM2t) 8x12x256 fcl (Rs) 2048
pool5 3 x5x256 fc2 Hclasses
fcé 2048
fc7 (Rt) 2048
fc8 #classes

Secondly, the geometrical regularization requires to define the positions of distillation in the
two models while the unique meeting condition is the same spatial resolution of the two
connected feature maps. We select to utilize the final representation for each spatial resolution
assuming that incorporates its optimal knowledge. For an input image of 150 x 220 pixels, the
spatial pixel resolutions during the pass inside the teacher SigNet model are 35 x 53 (conv1-bn1-
relul), 17 x 26 (maxpooll or conv2-bn2-relu2), 8 x 12 (maxpool2 or conv3-bn3-relu3, conv4-bn4-
relud4, conv5-bn5-relu5), and 3 x 5 (maxpool5). Given the four different spatial resolutions
founded along teacher SigNet'’s layers, the output from the first convolutional layer (i.e., 35 x 53)
presumably captures primordial information and the smallest representation (i.e., 3 x 5) is
degenerated; thus both they are deregistered. Hence, two spatial sizes, the 17 x 26 and 8 x 12
resolutions, are remaining. We opt to make use of the output after the consecutive operations
of convolution, batch-normalization, and relu non-linearity supposing that this representation
includes the best possible information as well as makes easier the correspondence with the
output of a residual block in the student model. In this manner, the spatial resolutions lead to
utilize the feature map representations produced as the output of the second and third residual
block in the student’s ResNet-18 model. Finally, the one geometrical regularization (GeomL1) is
utilized the teacher’s FM of size 17 x 26 x 256 and the student’s FM of size 17 x 26 x 128 while
the other geometrical regularization (GeomL2) uses the volumes with size 8 x 12 x 256 from the
teacher and the student respectively. The response regularization (respl) is computed with the
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final extracted features, which are provided from the CNNs’ layer when the classification output
score is removed (i.e., if the classification task is not considered) and incorporate the total global
knowledge of the network. Thus, the feature vector from the output of the feature extractor
teacher (layer fc7 at SigNet model) and the feature vector from the fully connected layer (layer
fc1 at ResNet-18 model) of the student CNN are utilized. Both features have 2048 elements and
produced after the consecutive operations of fully convolution, batch-normalization, and relu
non-linearity in the two models.

The Geometrical Loss (GeomlL) of the intermediate feature maps (FM) from two different
distillation positions (FM1t, FM1s and FM2t, FM2s) and the Response Loss (Respl) of the final
extracted features (Rt, Rs) are implemented as regularization terms of the S-T FKD training. These
are considered together with the typical (cross-entropy) Classification Loss (classL or CL) of the
ground truth labels (Lb) and predicted classes (Pr), to form an overall multi-loss function that
supervises the training of the student CNN. Thus, the overall multi-loss function of the S-T scheme
is defined as:

L = 1l;-GeomLl + l,-GeomL2 + g-RespL + c-classL eq. 5.9

with coefficients [y, l,, g, and c representing the weights for each term that contributes to the
overall loss, where ¢ = 1 to allow compiling relative relations with the other terms.

5.4  Experimental Evaluation
5.4.1 Datasets
5.4.1.i Offline signature datasets for evaluation

The CNN models trained via the FKD processes are applied on three most popular OffSV datasets
to assess their efficiency. As mentioned above, in OffSV setting, the CNN models are utilized for
feature extraction, while WD classifiers undertake the final signature verification stage. The
CEDAR, MCYT75, and GPDS300GRAY offline signature datasets are evaluated to measure the
performance of the models as feature extractors. The three datasets include signatures scanned
from documents as grayscale images.

The CEDAR dataset (Centre of Excellence for Document Analysis and Recognition) includes 55
writers with 24 genuine and 24 forgeries signatures per writer [56]. The forgeries are a mixture
of random, simple, and skilled simulated signatures since they are contributed by some writers
of the dataset that asked to forge three other writers’ signatures, eight times per subject. The
offline CEDAR dataset is publicly available.

The MCYT75 (Ministerio de Ciencia Y Tecnologia, Spanish Ministry of Science and Technology,
MCYT75 Offline Signature Baseline Corpus (“Database”)) has 75 enrolled writers with 15 genuine
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and 15 forgeries signatures per writer [57], [59]. The forgeries generated by 3 different user-
specific forgers and thus, they are skilled simulated signatures. The offline handwritten signature
dataset MCYT75 is publicly available.

The GPDS300GRAY is a standard subset of GPDS960 corpus (Digital Signal Processing Group)
with 253 writers and each of them has 24 genuine and 30 forgeries signatures [246], [262], [311].
The forgeries signatures marked as skilled since they made by 10 forgers from 10 randomly
selected genuine specimens and the forger was allowed to practice the signature without time
limit. Although the GPDS960 database is no longer publicly available due to the General Data
Protection Regulation (EU) 2016/679 (“GDPR”), we utilize the GPDS300GRAY dataset only for
evaluation to measure the performance and to accomplish comparisons with other works that
report results on this dataset [81], [83], [265].

Preprocessing signature images:

The grayscale signature images are subjected to some simple preprocessing steps dedicated to
normalization, noise removal and size correction, since scanned images may contain noise and
also the methods require the images in a fixed size. The normalization process shares the same
steps as many previous works on OffSV [83], [84], [102], [103], something that also enables fair
performance comparisons. The preprocessing includes the following steps: gaussian filtering and
OTSU thresholding to remove background noise, centering into a large blank canvas of a
predefined size of 952 x 1360 pixels (Height x Width) -common for all datasets- by aligning the
signatures’ center of mass to the center of the canvas so as not to affect the width of strokes and
to present the original aspect ratio, inverting the images to have black background and grayscale
foreground by subtracting the maximum brightness (i.e., white value of 255), and resizing the
images to the input size of the CNNs that is 150 x 220 pixels (Height x Width).

5.4.1.ii Handwritten Text data for Training in S-T configuration

Training in a S-T configuration is realized using text data that work as information carrier to
transfer the knowledge from the teacher into the student. Taking into consideration the
biometric qualities of handwriting, the handwritten text data from the auxiliary domain are
processed by a specially designed procedure to create an auxiliary task. The auxiliary task was
designed so as its data to resemble more to those of the target domain of handwritten signature
images. The text data come from the publicly available CVL-database, where 310 writers fill in 5-
10 lines of predefined text on page-forms [312]. The text data are processed according to the
procedure proposed by Tsourounis et al. in [264] to generate text images that resemble the
distributions of signature images and use them as the training data of a CNN that solves a writer
identification problem. In brief, the handwritten text documents are first converted to grayscale,
then the lines of text are isolated as Solid Stripes of Text (SSoT), and finally, the SSoT are cropped
into vertical intervals to generate the text images. Subsequently, the text images are
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preprocessed as signature images, following the same preprocessing steps detailed above. Given
the findings in [264] about the effects of cropping and canvas dimensions of the text data, the
random choice of parameters is more favorable offering better generalization. Hence, in this
work the utilized training text set is obtained by each SSoT with random aspect ratio and using
all available canvas sizes. In the context of this work though, the increased computational load
needed for each training image -given the estimation of the Neighborhood Affinity Contrast
(NAC) for some Feature Maps (FMs) as well as the calculation of the MST from the side of the
teacher- led us to reduce the training set by sampling one text image for each canvas. Ultimately,
about sixty thousand training and twenty-five thousand validation images are used for the
training of S-T schemes (the training set could be downloaded from the official repository of our
work?).

5.4.2 Experimental Setup and Protocols

In the context of this work, the trained CNN models are utilized as feature extractors, and the
produced descriptors of the input signatures are consumed by binary classifiers that distinguish
the genuine from the forgery signatures. Hence, the generalization performance of the CNN
models is measured using the evaluation metrics obtained from the classifiers in the verification
task. In this work, we follow the Writer Dependent (WD) approach and thus, a Support Vector
Machine (SVM) classifier is trained for each writer. The implementation of WD classifiers is based
on the work of Hafemann et al. [102]. In this manner and for fair comparisons, we utilized the
implementation provided in the official repository® of [102] for the partition into training and test
sets, the training of the classifiers, and the calculation of evaluation metrics.

5.4.2.i Experimental Protocol

Initially, a number of genuine signatures for every writer, denoted as the number of reference
signatures Nger, is selected to form the training set for the SVMs. In this manner, for each writer’s
SVM, the positive training class consists of the reference signatures from the writer while the
negative training class is composed of the reference signatures from all other writers of the
evaluated dataset (also called random forgeries). The test set for each writer includes the
remaining genuine signatures from the writer and a number of the corresponding skilled
forgeries. Following the works of [74], [84], [102], the number of training and testing samples
used for evaluation on each dataset, is summarized in Table 5-3. Preferably, the number of
genuine test samples would be equal to the test skilled forgeries (without diminishing the test
set) for the two populations to have equal contributions to the error. The chosen number of the
reference signatures per subject is in line with the most common experimental protocols in the
literature [44]. For each experiment, ten (10) repetitions with WD classifiers trained using

4 https://github.com/dimTsourounis/FKD
5 https://github.com/luizgh/sigver
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randomly selected splits of data are performed (with different reference signatures), and the
results are presented in terms of the average and standard deviation values across these 10
iterations.

Table 5-3: The partition into training and test sets for the WD classifiers using the signature datasets.

OffSV Dataset Training set Test set
. Random
. Genuine . ] .
. ] Skilled o, Forgeries Genuine Skilled
Name Writers Genuine . (writer’s , .
Forgeries (others (Rest) Forgeries
M?EF)
M?EF)
CEDAR 55 24 24 12 12 x54 10 10
MCYT75 75 15 15 10 10x 74 5 15
GPDS300GRAY 253 24 30 12 12 x 252 10 10

5.4.2.ii  Writer Dependent classifiers (WD SVM)

The WD classifiers were trained using soft margin binary Support Vector Machine (SVM) with
Radial Basis Function (RBF) kernel, while the two associated hyper-parameters (cost parameter
C and scaling parameter gamma), were set to constant values of C = 1 and y = 27, Also, more
weight to the positive class is used in order to correct for the class imbalance, given that the
positive training class consists of only a few genuine signatures and the negative training class
has much more signatures due to the usage of samples from many writers. So, the weight for the
negative class is set to 1 and the weight for the positive class is the ratio of the number of negative
training examples to the number of positive training examples.

5.4.2.iii Evaluation Metrics

The number of reference signatures specifies the genuine signatures of a writer, used to
construct the positive class during the training of its corresponding SVM, while the negative
training class is created from the reference signatures of all other writers of the dataset. After
the training of an SVM, a decision threshold should be defined to distinguish any query test
signature as genuine or forgery. Mainly one of two approaches is followed to determine the
decision threshold; either utilizing all the available training signatures of the datasets (from all
the users) or using just the training signatures that correspond to each specific user, in order to
select the threshold closest to FPR = 1 — TPR (i.e., False Positive Rate equals to one minus True
Positive Rate). The first approach sets one optimum global decision threshold (a posteriori) that
is common for all the writers’ SVMs, and the second approach sets user-specific thresholds by
using the optimal decision threshold for each writer’'s SVM individually. For calculating the False
Acceptance Rate (FAR: misclassifying a forgery as being genuine) and False Rejection Rate
(FARskiled: misclassifying a genuine as being skilled forgery), the global decision threshold is used.
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The Equal Error Rate (EER) for each user is calculated considering only skilled forgeries (not
random forgeries) when FRR equals to FARskiledand using two forms, the global decision threshold
to report EERgiobalthreshold and the user-specific threshold to report EERuserthreshold. In both cases, the
reported EER is the average value from all the writers of the dataset and after the ten repetitions
of experiment with different reference samples for every writer in each iteration. Finally, the
mean Area Under the Curve (AUC) is often used as a metric measured on the ROC curves created
for each user individually.

5.4.3 Implementation Details of S-T training

The only parameter of the utilized geometric regularization is the radius of r that defines the
neighborhood size on each respective MST. In the following, we use a radius of r = 5, a value
resulted as the most reliable setting for good performance in a small set of preliminary
experiments with the selected teacher model. Also, following the observation made in [306],
[307] that training is more stable when earlier layers have a smaller contribution in the overall
loss than the deeper ones, we set the contribution coefficients [; = 10 and [, = 100
throughout the evaluation, since these values provided good results in the same preliminary
experiments. The response regularization isimplemented in three different ways, using the cross-
entropy loss of temperature scaled features (T-CE), the cross-correlation matrix of normalized
features based on Barlow Twins loss (BT), and the novel version of the latter named Barlow
Colleagues (BC). For the first case, we ran a search for the temperature factor 7 as well as the
coefficient of contribution g and found the best results fort = 10 and g = 0.001 . For the other
two cases, the trade-off parameter 4 = 0.0001 and coefficient g = 0.0001 are set after a grid
search. Our observations suggest that a downscale (approximately two or three orders of
magnitude) of the response distillation loss term relative to the classification loss, is beneficial to
the overall performance. Additionally, the utilization of the regularization terms together with
the classification term from the beginning of the training, produced better results than applying
a warmup training with only the classification loss.

The S-T framework was trained using the Stochastic Gradient Descent (SGD) optimizer with
initial learning rate of 0.01 which is reduced by a factor of 10 every 20 epochs for a total of 60
epochs, using Nesterov Momentum with a momentum factor of 0.9. The batch size was 64
according to the maximum capacity of the utilized GeForce RTX 2070 GPU. Each S-T training took
approximately 30 hours. Implementation of the proposed FKD method is available for download
at the official repository®.

6 https://github.com/dimTsourounis/FKD
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5.4.4 Results and Analysis
5.4.4.i Proof-of-concept (SigNet-to-SigNet)

A goal of this work is to demonstrate teacher-to-student knowledge transfer using exclusively
auxiliary data. The first setting we investigated as a proof-of-concept is when the teacher and
student models follow the same architecture. In this manner, we investigate only if the transfer
of knowledge is effective, without any performance contributions stemming from architectural
differences. In this experiment, the teacher model is a SigNet, which is trained on signature
images [102] and is not updated during S-T training, while the student model follows the SigNet’s
architecture with random parameters initialized using the Xavier sampling [313]. The student
model is trained on the task of text-based writer identification, utilizing different combinations
of distillation losses along with the main classification loss (CL). The evaluation of the trained
student model was performed on the signature verification task, using WD classifiers that trained
on the features extracted from layer fc7 of the student model and following the user threshold
approach to calculate the performance metrics. Specifically, the Equal Error Rates (EER) are
reported for the three evaluation datasets. Table 5-4 summarizes the obtained EER values from
the CNN models trained in both standard identification task (CL), as on the various S-T training
configurations. The results obtained using the teacher model as well as the student model at its
initial conditions (i.e., with Random Weights) are also reported as baseline performance.

Table 5-4: Performance of the WD classifiers with user-threshold on the SigNet-to-SigNet FKD schemes.

Overall loss EER (user threshold)
Method CEDAR MCYT75 GPDS300GRAY
ll lz 9 ¢ (]VREF= 12) (MEF= 10) (]VREF= 12)
Teacher — SigNet
(fixed) - - - - 4.33+0.66 3.14+0.60 3.29+0.24
Student — SigNet
) - - - - | 11.95+0.81 10.71+1.17 9.53+0.39
(Random Weights)
CL (w/o KD) 0 0 0 1 3.91+0.60 8.27+0.67 4.28+0.17
CL + KD: GEOM 10 100 0 1 3.58t0.24 7.30+0.74 3.3940.17
CL + KD: T-CE 0 0 0.001 1 2.94+0.34 8.2611.42 4.1140.19
CL + KD: BT 0 0 0.0001 1 2.94+0.34 4.76+0.97 4.46+0.38
CL + KD: BC 0 0 0.0001 1 3.78%0.56 7.9240.81 3.78+0.24
CL + KD: GEOM & T-CE 10 100 0.001 1 3.02#0.34 7.49+1.20 3.370.19
CL + KD: GEOM & BT 10 100 0.0001 1 3.73%0.56 7.55+1.29 3.40+0.27
CL + KD: GEOM & BC 10 100 0.0001 1 3.51%0.32 7.02+1.26 3.17+0.16
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As can be easily inferred by the results of Table 5-4, the utilization of any feature knowledge
distillation (FKD) technique together with classification loss (CL) is beneficial in apposition to sole
CL. Also, training only on the textual task alone (CL) produces a model with less discriminative
features for the OffSV task, delivering inferior performance to the teacher model, but superior to
randomly initialized model as expected. Since many experiments provide EER values with small
differences, statistical tests for the ten repetitions in each setting using both Friedman and paired
signed-rank Wilcoxon with p<0.05 were performed to clarify the comparisons against the teacher
model. First, we can observe that the trained student model is statistically better in the CEDAR
dataset for all the FKD schemes, while all variations are statistically on par with the teacher model
in the GPDS dataset. Secondly, the results in the MCYT dataset are inconclusive both for the
standard CL training and on the S-T schemes. An exception in the above is the case when
classification loss and response distillation with BT loss (i.e., CL + KD: BT) is applied, where worse
performance in GPDS dataset and better in MCYT are observed. An explanation behind this
behavior could be that the architecture between teacher and student CNNs is the same. Finally,
the large EERs in MCYT dataset meaning there is a trammel that degrade the performance, and
this could be caused by the utilized text data that cannot adequately simulate the distribution of
signatures on this dataset, with the limited capability of the student CNN having also a negative
impact. In the following experiments, the same training regime is retained but the student CNN
is changed from the AlexNet-based SigNet topology to the modern and efficient ResNet-18
architecture.

5.4.4.ii Model-to-Model Experiments (SigNet-to-ResNet)

Once the functionality of the proposed mechanism for knowledge transfer is established, our
main goal is to train and evaluate new models with the ResNet-18 architecture. Additionally, we
examine the effects of local and/or global distillation terms in conjunction with the baseline CL
loss. The classification loss term CL is utilized throughout all experiments, since it is beneficial to
the overall performance of the teacher model, as has also been indicated in several related
studies in the literature [302], [306], [307].

The Table 5-5 includes the experimental results (EER with user threshold) for the three offline
signature datasets following the Writer Dependent (WD) evaluation with the trained ResNet-18
models for feature extraction. In order to provide a baseline, in the same Table we also report
the results obtained by the ResNet-18 model with randomly initialized weights using Xavier
initialization [313]). For completeness, the model trained only with the classification objective
(CL loss only) is also presented in the Table 5-5.
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Table 5-5: Performance of the WD classifiers with user threshold on the SigNet-to-ResNet FKD schemes.

Overall loss EER (user threshold)
Method CEDAR MCYT75 GPDS300GRAY

l L2 g ¢ (Nrer = 12) (Nrer = 10) (Nrer= 12)
Teacher (fixed) - - - - 4.33+0.66 3.1440.60 3.2910.24
Student (RW) - - - - 9.86+1.31 10.44+0.99 8.5710.31
CL (w/o KD) 0 0 0 1 2.3910.36 3.9840.75 3.68+0.27
CL + KD: GEOM 10 100 0 1 2.24+0.45 3.67+0.73 2.95+0.24
CL+ KD: T-CE 0 0 0.001 1 1.92+0.32 4.53+1.04 3.44+0.34
CL+KD: BT 0 0 0.0001 1 2.37+0.38 4.25+0.77 3.65+0.28
CL+KD: BC 0 0 0.0001 1 2.07+0.43 3.22+0.63 2.89+0.28
CL+KD: GEOM & T-CE 10 100 0.001 1 2.1940.38 3.521+0.74 2.871£0.20
CL+ KD: GEOM & BT 10 100 0.0001 1 1.85+0.32 4.31+0.94 2.97+0.29
CL+KD: GEOM & BC 10 100 0.0001 1 2.25+0.24 3.29+0.62 2.74+0.28

Comparison between KD and CL losses:

As can be easily inferred from the results, the exploitation of any FKD method together with the
CL is advantageous for the student’s performance, since the combined optimization of any of the
KD terms along with CL is better than CL alone. Also, the combination of local and global KD along
with the classification task is the most effective KD method (i.e., CL + KD: GEOM & RESP)
considering the performance on all the three datasets. Furthermore, the settings where global
KD is realized via our proposed adaptation of Barlow Colleagues (BC) loss achieves the best
overall performance for the three signature databases, while Barlow Twins (BT) loss or
temperature scaling (T-CE) loss exhibit better results in only one dataset, while degrading results
in the others (e.g., CL + KD: T-CE or CL + KD: GEOM & BT).

These conclusions are verified with statistical tests (Friedman and Wilcoxon with p-value at
0.05 on the ten repetitions of classifiers’” EERs), comparing the results of S-T training against the
sole classification training. In this manner, the KD with BC either in combination with geometrical
loss (CL + KD: GEOM & BC) or alone (CL + KD: BC) results to statistically significant improvement
of EER on all three datasets while the geometrical regularization alone (CL + KD: GEOM)
demonstrates significant difference only on GPDS dataset. The other two response regularization
methods (CL + KD: BT, CL + KD: T-CE) as well as their combination with geometric regularization
(CL + KD: GEOM & BT, CL + KD: GEOM & T-CE) produce results which are statistically equivalent
to those achieved by using only CL loss. Finally, it is interesting to observe that the ResNet model
trained only with CL loss, has better results than the SigNet architecture from the previous
experiment (Table 5-4), proving the greater capability of ResNet architecture and confirming the
need to utilize more contemporary architectures for OffSV. Weak evidence on that can also be
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derived from the comparison of the two architectures with random weights, where the ResNet
(RW) is superior to SigNet (RW). Ultimately, the S-T scheme provides feature extraction models
superior to those obtained by training only to the task of text classification, yet utilizing the same
data sources but inducting the prior knowledge of teacher on the OffSV task.

Comparison between KD and Teacher’s performance:

The student model resulted from S-T training with FKD via geometrical and response
regularizations together with the CL loss, clearly outperforms the teacher in both GPDS and
CEDAR datasets. Since the best results obtained when utilizing both local and global based KD,
the teacher model is initially compared with these three student models. An in previous,
Friedman’s test and Wilcoxon paired signed-rank test were used again, with a 5% level of
significance, for the ten repetitions of classifiers, using the same permutations of reference and
test signatures for the comparisons. The exploitation of geometrical and global KD along with the
CL (i.e., CL + KD: GEOM & RESP (of BC, BT, or T-CE)) achieves statistically better performance than
the teacher SigNet model for the GPDS and CEDAR datasets while delivering statistical equivalent
results in two out of the three cases for the MCYT dataset. For example, the CL + KD: GEOM & BT
combination has a bad effect in the performance that can be justified from the different CNN
architectures between student and teacher, similar to the comments on the proof-of-concept
section above. For completeness, the teacher’s performance is also compared to the each of the
KD versions individually. The student exhibits statistical difference in performance for all the
cases expect that of temperature scaling loss (CL + KD: T-CE) in the GPDS, and the Barlow Twins
loss (CL + KD: BT) in the MCYT dataset. Thus, we can observe that the most efficient single KD
schemes are those utilizing geometrical loss (CL + KD: GEOM) and BC loss (CL + KD: BC), where
the EER values are either lower or not statistically different than those of the teacher. Finally, the
ResNet-18 model trained only with CL loss (without KD) is statistically inferior to the teacher
model for the GPDS and MCYT datasets and statistically superior to the teacher for the CEDAR
dataset. For the case of CEDAR, it is notable that the teacher has degraded performance anyway,
probably due to the large canvas size since used universally for all three datasets, in an aim to
eliminate unrealistic dataset-dependent pre-processing parameters. At last, the S-T training and
specifically the setting with CL + KD: GEOM & BC losses outperforms the teacher on the OffSV
problem, without using any signature images for training the feature extraction model.

Comparison between KD methods:

According to the above, FKD methods using geometrical loss and/or BC response loss are the
most beneficial for training feature extraction models. In this section we compare the different
KD methods using additional statistical tests to characterize the differences among them. Seven
different S-T KD versions in the three signature datasets are compared, and an overview of the
findings is provided. The geometrical loss (CL + KD: GEOM) is statistically in tie with the BC
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response loss (CL + KD: BC) as well as with the two combinations of geometrical and response BT
or T-CE losses (CL + KD: GEOM & BT/T-CE) for all the three datasets. Besides, the combination of
geometrical and BC losses is statistically superior in the GPDS dataset and statistically equivalent
to the other two datasets as compared to using solely geometrical loss. Between the response
losses, the BC approach is statistically better than the other two losses in GPDS and MCYT, while
it has statistically equivalent results with BT and worse than T-CE in CEDAR. Furthermore, the
utilization of BC in the combination of local and global KD has statistically better performance in
the GPDS and MCYT datasets as well as statistically equivalent results to T-CE and worse behavior
than BT in CEDAR dataset. As a general conclusion, the local information seems to have significant
importance for the final performance, and also the exploitation of BC regularization in the overall
loss reflects a safe and efficient solution across datasets. The regularization of local features on
earlier layers guides the training to a higher degree, avoiding the divergence of learning process
such could be induced by KD methods relying only on global information where the regularization
is applied deeper in the network. Nevertheless, an appropriate response regularization loss could
conflate global and local information and capitalize on the joint power of local and global
features, as in the case of the BC loss that cooperates efficiently with the geometrical
regularization allowing multiple degrees of freedom during the student’s training. After all, the
greater performance of student over teacher in two out of three datasets (GPDS and CEDAR) and
the tantamount of student and teacher results in the other dataset (MCYT) confirms the
efficiency of the proposed S-T framework. Also, our choice to utilize a modern ResNet-based
architecture (changing from AlexNet-based) has a good impact in order to exploit optimal the
knowledge of the teacher. Ultimately, the proposed FKD methods enable the expert CNN
(teacher) in signature signals to supervise the learning of the ResNet student without the need
to utilize signatures during training and finally provide an effective CNN-based feature extractor
for OffSV.

Label-free FKD:

Although the classification loss only requires the information that a text document from which
we extract the text images is written by a specific writer, the unsupervised version of the S-T FKD
framework is fully disengaged from the writers’ IDs. Thus, the unsupervised FKD configuration
eliminates the need for labeled data, making the multi-loss function solely consist of knowledge
distillation (KD) terms without the classification loss (CL). This means that the specific writers of
the handwritten texts do not need to be known, allowing for a large abundance of handwritten
text data from various sources to be easily accessed and used for training the S-T scheme. This
unsupervised S-T scheme aligns well with real-world conditions where handwritten text data can
be utilized for training without the need to identify the writer. Consequently, the unsupervised
S-T KD scheme facilitates the transfer of knowledge to a different CNN architecture for the OffSV
task and also serves the most practical scenario. Figure 5-2 presents the box plots of the EER
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values following the Writer Dependent approach with user-specific thresholds for three signature
datasets and three different cases where the geometrical loss and the response loss (KD: GEOM
& RESP, using BC, BT, or T-CE) are utilized as the loss functions during S-T training.

The absence of a specific recognition problem, such as classification, and the use of feature
regularizations as loss functions provide increased flexibility during training of the student model.
The flexibility, coupled with the relaxed response loss, introduces the risk of training divergence.
This could explain why the utilization of the BC loss yields the poorest results compared to the
other two cases, which impose stricter constraints. In particular, the BT case demonstrates the
best overall performance under the unsupervised FKD scheme. It is evident that the performance
of the student model in the unsupervised case is inferior to that of the teacher model and the
sole classification approach (CL (w/o KD)). However, the small difference (approximately 1% for
the best unsupervised case) encourages further research in this direction. The practical
advantage of the unsupervised approach lies in its ability to avoid the need for writer
identification in the utilized handwritten text. However, exploring this aspect falls beyond the
scope of the current work.
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Figure 5-2: Comparison of the performance among three unsupervised FKD settings with different response losses in the S-T

scheme. The models employ FKD with a combination of geometrical loss and one of the following response losses: BC loss, BT loss,
or T-CE loss.

127



Chapter 5 | Deep learning with knowledge distillation

5.4.4.iii  Summary of state-of-the-art WD OffSV systems

In this section we summarize the state-of-the-art (SoTA) methods for Writer Dependent (WD)
OffSV systems, evaluating their performance to the proposed system. Given the inherent
differences between various methods, there are many additional variables in the implementation
of the systems’ stages that renders the task of fairly comparing all of them very difficult. Hence,
the purpose of the presentation of SoTA literature is to provide a general overview for the WD
OffSV field, denoting the most important results in the three most popular datasets of CEDAR,
MCYT75, and GPDS300GRAY.

The Table 5-6 presents a summary of the related SoTA works for WD OffSV task using the EER
metric. Also, it includes the number of reference signatures used to form the positive class for
training the WD classifiers. A common number of reference signatures could be found across
methods for each dataset, despite the differences between methods as well as the different
approaches for selecting these reference signatures.

Table 5-6: Summary of state-of-the-art OffSV Systems in terms of EER metric, for the CEDAR, MCYT75, and GPDS300GRAY

datasets.
ret OffSV system CEDAR MCYT75  GPDS300GRAY
ers
Authors, Year Method Nzer ' EER MNper EER Neer EER

[233] @ Soleimani et al., 2016 HOG + DMML - - 10 9.86 10 20.94
[253] Serdouk et al., 2017 HOT ] - 10 1060 12  9.30
[73] Diazetal., 2017 Duplicator - - 12 9.12 12 14.58
[107] Hafemannetal, SigNet 12 476 10 287 12  3.15

2017
[102] Hafemannetal, SigNet-F 12 463 10 300 12 169

2017
[103] ;'gi‘;ma”” etal, SigNet-SPP 10 360 10 364 12 041
[276] Laiand Jin, 2018 PDSN 10 437 10 378 - ]
[91]  Zois et al., 2019 SR—KSVD/OMP 10 079 10 137 12  0.70
[251] | Bhunia et al., 2019 Hybrid Texture 10 6.66 10 9.26 12 8.03

CNN-Triplet and

77 M l., 201 o1
(771 aergner etal,, 2019 Graph edit distance

10 591 10 3.91 - -

Shariatmadari et al.,

[100] S°0 HOCCNN 12 494 12 546 - -
[263] Mersa et al., 2019 ResNet trained - - 10 398 - ;
with text
Masoudnia et al.,
oy S MLSE ; ; 10 293 - ;
[70]  Zois et al., 2020 Visibility Motif 10 051 10 154 - ;
profiles
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Ref OffSV system CEDAR MCYT75 GPDS300GRAY
efs
Authors, Year Method Neee EER | Neer ' EER Neer EER
[74] Maruyama et al., SigNet-F classifier 3 0.82 3 001 3 0.20
2020 gauss augments
[274] Liuetal, 2021 MSDN 10 1.75 - - - -
[193] @ Yapicietal., 2021 Cycle-GAN - - 10 2.58 - -
[72] = Zhenget al., 2021 miero 12 276 - - - -
deformations
[264] ;‘;‘;‘;m”ms etal, CNN-ColLL 10 166 10 162 12 212
[84] @ Vianaetal., 2023 MT-SigNet (Triplet) 12 3.50 10 2.71 - -
[84]  Viana et al., 2023 MT-SigNet(NT- 15 33, 10 3220 - ;
Xent)
S-T FKD
Proposed (CL+KD: 12 2.25 10 3.29 12 2.74
GEOM & BC)

The OffSV systems consist of three stages: the preprocessing, the feature extraction, and the
classifier. These stages are designed according to the characteristics of each method and thus,
many influential technicalities exist, like different preprocessing steps (e.g., such as different data
preparation procedures of [91], [102], different input image size [72], [274], etc.), types of
classifiers (e.g., like using SVM [84], [91], [101], [102], [253], one-class SVM [251], [276], Artificial
Neural Networks (ANN) [100], [193], thresholding [77], [233], etc.) as well as major differences
such as the type of training data (e.g., different training signature datasets [102], [251], private
dataset [274], auxiliary data [263], [264], augmentation or synthetic data [73], [74], [84], [193],
etc.). Although we have chosen so that the presented OffSV systems do not utilize skilled forgery
signatures in the classifier’s training and the number of reference signatures be common in many
cases, the varying amount of the negative training class at the classifier has a major impact in the
performance too (as also reported in the works of [102] and [74]). Additionally, the number of
test samples differs since some methods utilize all the available signatures, considering the rest
of the genuine and all the skilled forgeries (e.g., [91]), while other methods use equal number of
test genuine and skilled forgery signatures -by selecting randomly the test skilled forgeries- (e.g.,
our implementation,[74], [84], [102]). Hence, easy comparisons between methods could be
misleading and just a general outlook should be extracted. In this manner, we could argue that
the proposed OffSV system proves the feasibility of achieving a low verification error, which is at
least comparable to the state-of-the-art methods in all three datasets, despite nor using any
signatures for training the feature extraction model.
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5.4.4.iv  Comparisons with SigNets

Finally, in this section we extensively compare the obtained models with two variants of SigNet:
the teacher SigNet model and the SigNet-F model that used both genuine and skilled forgery
signatures during its training (with the now defunct GPDS960 corpus) [102]. The comparisons are
performed following identical preprocessing steps and utilizing the same partition of training and
test signatures for the evaluated models to cast the comparisons as fair as possible. Thus, the
respective classifiers are developed with common training and test sets across compared models.
In this manner, the comparisons focus on the performance of the feature extraction stage and
reveal the models’ efficiency. Additionally, the calculation of multiple metrics provides a detailed
performance analysis.

Table 5-7 provides a comprehensive evaluation of the performance achieved by the three
compared feature extraction models: the SigNet-F, the SigNet (teacher) and our proposed model
(ResNet from S-T KD with CL + KD: GEOM & BC) in the three signature datasets. The evaluation
encompasses five different metrics, including the False Rejection Rate (FRR), the False
Acceptance Rate (FAR) on skilled forged signatures, the EER values when global and user-specific
thresholds are utilized, and the mean Area Under Curve (AUC) using the Receiver Operating
Characteristic (ROC) curves. Additionally, the evaluation considers varying numbers of reference
signatures (Ngrer), ranging from 3, 5, 10, up to 12 signatures, to examine the model performance
under different reference set sizes.

Table 5-7: Detailed comparison with SigNet and SigNet-F. All the reported metrics were obtained using WD classifiers while the
FRR and FAR-skilled metrics are measured when the threshold is set to zero.

EER EER
Dataset = Method = Nzer FRR FAR skilled global user AUC
threshold thresholds
16.29 (+ 16.29 (+ 16.29 (+ 93.92
+
3 0.68) 0.79) 0.73) 9.52(+0.95) | gg)
14.02 (+ 14.13 (+ 14.07 (+ 94.76
+
SoNetE > 1.00) 1.04) 1.02) 8.78(+1.05) 4 o)
g 0 10.80 (+ 10.84 (+ 1082 4oy 9619
0.78) 0.91) 0.85) 2FED (+0.67)
10.60 (+ 10.60 (+ 10.60 (+ 96.66
+
CEDAR 12 0.59) 0.54) 0.56) 5:99(£064) 4 49)
5 13.51 (+ 13.47 (+ 1349 (¢ ooy 9627
0.71) 0.79) 0.75) S E L (+0.79)
11.22 (+ 11.18 (+ 11.20 (+ 97.04
+
SigNet > 0.68) 0.71) 0.68) 5:92(+0.47) (g
Teach .
(Teacher) 1) 833(+0.37) 836(£041) 8.35(£0.38) 4.34(0.72) (% i‘;)
97.84
12 7.98(+055) 7.98(+0.58) 7.98(+0.56) 4.33(x0.66) o
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Dataset

MCYT75

GPDS
300GRAY

Method

ResNet
S-T FKD
(Student)

SigNet-F

SigNet
(Teacher)

ResNet
S-T FKD
(Student)

SigNet-F

SigNet
(Teacher)

Nrer

10

12

10

12

10

12

10

12

10

12

FRR

7.85 (£ 1.06)
6.35 (+ 0.90)
4.78 (£0.43)

4.16 (£ 0.36)

10.05
(£ 0.45)

7.36 (+ 0.68)
6.32 (+ 0.55)
5.42 (+0.52)
9.49 (+0.77)
7.15 (+ 0.75)
6.51 (+ 0.40)

6.09 (+ 0.63)

13.31 (¢
1.21)
10.51 (¢
0.46)

7.12 (£ 0.57)
6.84 (£ 0.92)
6.26 (+ 0.26)
5.01(+0.16)
4.06 (£ 0.16)
3.93 (£ 0.16)
9.29 (£ 0.25)

7.81(+0.24)

FAR skilled

7.85 (£ 1.05)
6.24 (+ 0.81)
4.71 (£ 0.36)

4.13 (£ 0.37)

10.09 (+
0.47)

7.40 (+ 0.65)
6.30 (+ 0.55)
5.48 (+ 0.69)
9.46 (+0.75)
7.05 (+0.79)
6.35 (+ 0.38)

6.19 (+ 0.64)

13.32 (¢
1.29)
10.55 (+
0.46)

6.03 (+0.34)
7.01 (£ 1.07)
6.25 (+0.27)
5.01 (+0.17)
4.06 (+0.17)
3.92 (+0.16)
9.29 (+ 0.24)

7.79 (£ 0.25)

EER
global
threshold

7.85 (¥ 1.05)
6.29 (+ 0.85)
4.75 (£ 0.39)

4.15 (£ 0.36)

10.07 (¢
0.44)

7.38 (+ 0.66)
6.31 (+ 0.54)
5.45 (+ 0.58)
9.48 (+ 0.76)
7.10 (£ 0.76)
6.43 (+0.38)

6.14 (+ 0.62)

13.32 (¢
1.24)
10.53 (+
0.46)

6.49 (+ 0.34)
6.93 (£ 0.99)
6.25 (+ 0.26)
5.01 (+0.16)
4.06 (£ 0.16)
3.92(+0.16)
9.29 (+ 0.24)

7.80 (+ 0.25)

EER
user
thresholds

3.39 (+0.47)
2.85 (+0.27)
2.20 (+0.33)
2.25 (+0.24)
5.99 (+ 0.69)
3.77 (+0.71)
3.19 (+0.52)
2.20 (£ 0.58)
4.79 (+ 0.87)
3.86 (+0.74)
3.14 (+ 0.60)
2.73 (+ 0.80)
7.94 (+ 1.24)
5.84 (+ 0.86)
3.29 (+0.62)
3.13 (+0.66)
2.61 (+0.30)
2.04 (+0.21)
1.68 (+0.08)
1.53 (+0.15)
4.79 (+0.31)

4.12 (+0.26)

AUC

98.50
(£ 0.41)
98.70
(£ 0.29)
99.11
(£ 0.16)
99.10
(£ 0.19)
97.16
(£ 0.54)
98.32
(+0.39)
98.52
(+0.33)
98.95
(£0.35)
97.68
(£0.45)
98.21
(£0.54)
98.69
(£0.21)
98.80
(x0.35)
94.70
(£1.18)
96.18
(+1.08)
98.43
(x0.25)
98.03
(£ 0.52)
99.10
(£0.12)
99.37
(£ 0.08)
99.55
(+0.05)
99.57
(x0.06)
97.92
(+0.14)
98.32
(£0.12)
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EER EER
Dataset = Method | Nker FRR FAR skilled global user AUC
threshold thresholds
98.65
10 6.28(x0.19) 6.27(+0.18) 6.27(£0.18) 3.42(+0.21) (+0.13)
98.72
12  6.02(+x0.30) 6.05(+0.30) 6.04(£0.30) 3.29(+0.24) (+0.08)
98.05
3 8.76 (+0.30) 8.77(+0.31) 8.76(+0.30) 4.76(+0.31) (+0.16)
98.55
ResNet 5 7.33(£0.23) 7.34(+0.24) 7.33(£0.23) 3.76(+0.33) (+0.14)
S-T FKD _98 '93
(Student) = 10  5.49(+0.17) 5.51(x0.16) 5.50(+0.16) 2.86(+0.23) (+ 0' 13)
99.01
12 5.23(+0.23) 5.26(£0.20) 5.25(+0.22) 2.74(+0.28) (£0.10)

For each setting, Table 5-7 provides different qualities of the system’s performance across
the horizontal direction via the five calculated metrics while the varying number of reference
signatures provides a different view of classifier’s effectiveness. In this manner, we could derive
a few important observations. First, the number of reference signatures has a critical impact on
the performance of an OffSV system since decreasing the reference samples causes shrinkage on
both the positive and the negative training class of the SVM. Hence, only a robust and
discriminative feature extractor could assist the classifier to address the problem with a small
amount of training samples. Secondly, the SigNet is clearly better than SigNet-F in CEDAR dataset
and worse than SigNet-F in GPDS dataset. The inferior performance of SigNet in GPDS dataset
though, is something totally reasonable because the knowledge of forged signatures from the
same dataset is implicitly encoded in the SigNet-F offering a performance edge, given the later
was trained with both genuine and skilled forgeries, even they originated from different writers
of GPDS960 corpus (note that GPDS300 is a subset of GPDS960). For the MCYT dataset, the
reported results are more complicated since the OffSV system using SigNet exhibits better
performance on some metrics (e.g., global threshold for 3 or 5 references) and on the system
based on SigNet-F on some other metrics (e.g., user-specific threshold for 3 references), while
both systems are equivalent when 10 reference signatures are utilized. In the case of 12
reference signatures, only 3 genuine signatures remain for testing and consequently, the
evaluation depends mainly on the test skilled forgery samples that is a less reliable indicator of
performance (but it is included in the table for consistency with the other two datasets). In this
manner, the performance disparity in MCYT dataset, given the amount of reference samples,
relies on the classifier's effectiveness too, meaning that the SVM demands more training
signatures to generalize well for all the cases. Ultimately, based on the above observations we
can conclude that the SigNet exhibits greater generalization ability than SigNet-F across datasets
and is actually a better choice as a single teacher in a S-T scheme.
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In the light of the above, we finally compare the performance of ResNet to that of SigNet and
SigNet-F on all datasets. The ResNet model trained with the proposed scheme is statistically
superior to SigNet and statistically inferior to SigNet-F for the GPDS dataset for the same reasons
mentioned above, while ResNet’s higher performance is unambiguous for the CEDAR dataset.
Thus, the student model achieves to surpass the teacher in both evaluated datasets. In fact, the
utilization of a supplementary teacher, like SigNet-F, in a multiple-teachers FKD scheme maybe
has positive impact and opens an interesting new path, but it is out of the scope of the current
work. Lastly for the MCYT dataset, the ResNet has statistically equivalent performance with
SigNet and SigNet-F for 10 reference signatures, whereas the system based on ResNet has inferior
performance if the classifier needs to be trained with 3 or 5 genuine samples for the positive
class. In conclusion, the experimental evidence from the three datasets support that the
proposed FKD scheme comprises an adequate solution to transfer the knowledge from an expert
CNN in the field of OffSV into a new (and modern) architecture, without the need fof any
signature images, thus helping to create a new generation of models that could offer an excellent
initial baseline for further research in Deep-Learning techniques for the OffSV problem.

5.5 Conclusions

In this work, we proposed a Feature-based Knowledge Distillation (FKD) learning framework
applied to the OffSV problem. In the presented Student-Teacher (S-T) learning configuration, the
knowledge is transferred from a benchmark CNN that provides efficient feature representations
for signature images (acting as the teacher) into a new CNN model of different architecture
(acting as the student). The only compatibility requirement between the teacher and student
models are the spatial matching for at least some of intermediate activations and the common
global feature dimensionality. We distilled knowledge through multiple layers via multiple
connections among student and teacher topologies in order to incorporate both local and global
information. We expressed the local information utilizing a manifold-to-manifold distance
function that is designed to match the manifolds of local activations at the different layers of
teacher and student models through geometric criteria of dissimilarity. Additionally, we
promoted similarity in the feature responses of the student and teacher models by using loss
functions that incorporate temperature-scaled cross-entropy or normalized cross-correlation to
force the student’s global features to imitate those of the teacher. The latter approach also
included a novel loss function that leverages the cross-correlation matrix between the global
features extracted from the student and teacher models respectively, considering the different
architectures between the two CNNs. Hence, we presented, for the first time, a solution to inherit
the prior knowledge of an effective CNN model into a new CNN model for signature
representation learning through a KD method.

Since we did not have access to the signatures that the teacher model is trained on, we used
auxiliary data from a related domain, such as images of handwritten text, as a source of
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information for KD. In this manner, we take advantage from the resemblance between
handwriting in both texts and signatures, to overcome the lack of large amount of signature
images that are required for the S-T training. The proposed S-T FKD framework is strengthened
by utilizing knowledge from multiple layers and advanced relation-based distillation algorithms.
These capture the correlations and higher-order output dependencies between the teacher and
student models, enabling the student model to acquire the knowledge from a fixed teacher to a
very large extent. Hence, when the response loss, calculated using the proposed Barlow-
Colleagues (BC) cross-correlation function, is combined with the geometric loss, based on
manifold-to-manifold distance, the student model becomes at least as efficient as the teacher, if
not more so.

A significant motivation for this work was to enable the use of modern deep-learning models
in OffSV, despite the current unavailability of a large signature dataset. Our FKD scheme serves
as an excellent starting point for further research, as it incorporates knowledge from efficient
OffSV models and addresses the lack of publicly available signature datasets. The presented
OffSV system also shares common pre-processing and decision stages with other state-of-the-art
methods, allowing for fair comparisons and emphasizing the unique contributions of each
approach.

However, there are certain limitations in our study. The dependence on specific pre-
processing steps for both signatures and text images restricts the flexibility of the system, as the
teacher model has learned to encode information from pre-processed signatures. Nevertheless,
we tried to mitigate the impact using common parameters during the signature pre-processing
for all the evaluating datasets. We did not extensively analyze scale variations between raw text
and signature images, limiting our understanding in that aspect since we addressed this implicitly
by applying different canvas sizes during the generation of the training text images. Additionally,
designing the student architecture with (spatially) matching intermediate activations and global
feature dimension consistency with the teacher model, could pose some challenges for some
architectures which may be a limiting factor from an architectural design perspective.

Ultimately, the main contribution of this work is the efficient knowledge transfer from a
teacher model to any new architecture, as demonstrated with the use of a ResNet student. This
allows for the leveraging of the efficiency of a basic and outdated teacher architecture, and the
transfer of that knowledge into a deeper and more advanced student architecture for the
efficient encoding of signatures. As a result, the student CNN can provide efficient feature
representations for the OffSV task, even without utilizing any signature images during the FKD
process.

Future work will include investigation of additional knowledge distillation methods and
different distillation strategies. We believe that combining multiple teachers and multi-loss
approaches could be promising for the OffSV task since they could improve the generalization
ability of the student model and make it more effective across signature datasets and languages.
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Additionally, future plans could incorporate synthetic signatures, using both existing synthetic
datasets and generative methods to generate new signature images, during training a KD
scheme. However, the main challenge in this research direction is the difference between the
distributions of original and synthetic signatures, resulting in models that are only efficient on
one or the other type of data. Another useful research approach is to develop CNN-based
schemes that leverage diverse pre-processing steps, allowing for the decoupling of specialized
preprocessing techniques tailored to specific datasets. This approach can be further enhanced by
incorporating synthetic samples to augment the training process, particularly where a large
number of real signatures is not available. All the aforementioned approaches could be also
organized on a comprehensive study that involves a variety of KD methods for the OffSV problem,
including both Wl and WD evaluation phases for optimal deliberation. Finally, including few-shot
learning techniques into a S-T framework would be an interesting area of future research.
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Chapter 6

Summary and future directions

Various approaches have been investigated in this PhD thesis, aiming to address the challenges
of small sample-size learning (SSSL) problem. The output of this research effort includes methods
operating in the input domain, model domain, and feature domain of the overall learning tasks.
By exploring different approaches, this research aspired to contribute to the existing body of
knowledge on SSSL, offering some insights into effective strategies for handling limited data
scenarios. While the majority of the proposed methods were developed in the context of the
offline signature verification (OffSV) task, since it provided a useful ground for testing our
methods in an intrinsically data-limited domain, it is important to note that the developed
techniques are not inherently restricted to this specific application domain.

First, shallow representation models were investigated, employing traditional techniques
aimed at addressing the challenge of limited sample size in offline signature verification task.
Traditional methods heavily depend on hand-crafted features, demanding meticulous selections
to align with the specific problem at hand. First and foremost, these methods necessitate
expertise in feature engineering to select the most suitable technique for extracting features
based on the characteristics of the underlying problem. Moreover, traditional approaches
necessitate problem-specific preprocessing steps, often with writer-specific parametrization.
Also, these methods often require the incorporation of an additional mechanism for encoding
local descriptors, adding further complexity to the pipeline. However, shallow representation
methods capture local image characteristics and provide low-level features which have shown
effectiveness in recognition tasks, despite that their effectiveness often relies heavily on the
careful selection of various design parameters by the user. In this PhD research, both hand-
crafted and learned shallow (local) representations were studied in an effort to establish a
performance baseline in the field of OffSV, producing noteworthy research outputs along the
way.
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Transitioning from shallow learning to deep learning, since this is the main domain of this
dissertation, a hybrid approach was proposed that combines SIFT-descriptors and CNNs. This
approach encompasses a hand-crafted feature generation process that transforms the pixel-wise
image representation into relationships between statistical properties of the pixel regions
resulting in a more compact representation of the information in the input image. The hypothesis
is that the more informative representation can be beneficial to the training of CNNs with limited
data. Results indicated that indeed this approach has a positive impact in effectively addressing
the challenges posed by SSSL in various applications. However, it is important to acknowledge
the limitations of this approach, especially when color plays a significant role in discrimination,
since the utilized descriptor is essentially a gradient-encoding scheme. To overcome this
limitation, a promising solution is the late fusion of global feature representations from both SIFT-
CNN and pixel-CNN, treating them as two distinct streams within the framework. This fusion
technique enables the combination of complementary information during the end-to-end
training process, offering a potential direction for enhanced performance. By leveraging the
strengths of both SIFT-CNN and pixel-CNN, this approach aims to exploit the advantages of each
method and compensate for the limitations.

One of the significant practical challenges identified during the course of this PhD research
was the retraction of the only publicly accessible large offline signature database, which was the
only large enough dataset for training deep models. This event hindered the efforts of all research
community around OffSV, to develop new deep architectures for addressing this problem. Such
unique circumstances provided a useful testbed for this PhD research to develop methods that
can circumnavigate such issues, thus we prioritized the design of efficient methods for the OffSV
problem to address this current challenge.

The methods developed on that front were based in the idea of harnessing auxiliary, possibly
unlabeled, data. Therefore, the primary task was to collect relevant training data from a similar
domain with data abundance. Since handwritten text utilizes similar mechanics with signing, and
there are ample data of digitized documents with handwriting in the wed, we focused on
leveraging such data within a sophisticated training procedure, aimed at enhancing performance
in the target problem of OffSV, using only limited training (signature) samples. To accomplish
this, a specially designed preprocessing procedure was implemented, utilizing handwritten text
documents to generate samples with similar signal characteristics to signature images. The
handwriting information was extracted from the entire handwritten text document, enabling the
generation of handwritten text training images without relying on word-oriented processing. This
approach eliminates the need for word-level annotation and requires only the knowledge that
the writer of the whole document is the same person. The preprocessing is simple and fast,
making it highly suitable for large-scale data processing. While utilizing external handwritten text
data during CNN training shows potential, additional domain adaptation techniques were
employed to achieve comparable, if not superior, performance to models trained on the
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retracted datasets with thousands of signature images. Two approaches we developed: explicit
domain adaptation and implicit domain adaptation. In the first case, the proposed method uses
metric learning with a separate mapping layer - trained via contrastive loss- to embed the global
features of the CNN in a new latent space. In the other case, the domain adaptation is achieved
with the supervision of training by a teacher model, via a Feature-based Knowledge Distillation
(FKD) scheme that utilizes both local and global information from intermediate representations.
This method was proposed in an aim to demonstrate that public-domain trained models can be
efficiently utilized into SSSL problems, even if their training data are not accessible. The proposed
approaches effectively address the SSSL problem in the OffSV task, operating either on the
feature space or the model space using auxiliary data in the input space. However, their main
limitation lies in the reliance on specific preprocessing steps for input signatures, such as
predefined parameters for canvas size in each dataset. In the model obtained from the FKD, an
effort is made to alleviate this impact by using common parameters during the signature
preprocessing for all evaluation datasets. The well performance model of the proposed method
acts as proof of its generalization ability, highlighting its potential as a promising research
direction not only in the current field but also in adapting to other domains. Therefore, our future
plans include to assess the effectiveness of the proposed Knowledge Distillation loss functions
on a large-scale benchmark.

In conclusion, during the course of this PhD research, we tried to approach the SSSL problem
from multiple perspectives, developing methods that cover a wide range of circumstances.
Although the proposed methods have been evaluated on specific applications, we consider them
as contributions to the general SSSL research, and parts of which could serve as an initial
steppingstone towards further research in the domain of generalized incremental few-shot
learning (GIFSL), which represents one of the most cutting-edge and challenging learning
scenarios within the field of machine learning. An exciting future research direction entails
incorporating the proposed geometric criteria and loss functions of FKD developed in this thesis
into GIFSL configurations, exploring new research directions and applications.
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