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Kurzfassung

Ziel dieser Arbeit ist es Unterschriften und Unterschriftfeldern in Bauantragen der Stadt
Wien zu erkennen und zu aggregieren um diese auf Vollstdndigkeit zu iiberpriifen, eine
Serienverarbeitung von Dokumenten soll mdglich sein. Eine Reihe von maschinellen
Lernmodellen wurde trainiert und evaluiert um einen robusten und schnellen Algorithmus
zu finden. Zur Gewéhrleistung der Reproduzierbarkeit und Vergleichbarkeit wurde der
frei verfiighbare Tobacco 800 Datensatz initial zum Training verwendet. Der Datensatz
beinhaltet eine Vielzahl von Dokumenten, die von Tabakproduzenten im Rahmen des
Master Settlement Aggrements freigegeben wurden. Jedes Dokument setzt sich aus ma-
schinell gedrucktem Text, Unterschriften und handgeschriebenen Notizen zusammen und
jede visuelle Entitdt ist annotiert. Aufgrund des vergleichbaren Aufbaus von Bauantra-
gen und Dokumenten aus dem Tobacco 800 Datensatz, eignet sich dieser als initiales
Substitut. Die Stadt Wien stellt Bauantrdge nur als Rohdaten zur Verfiigung, ohne
weitere Annotationen von visuellen Entitdten. Um einen zeitaufwéndigen manuellen
Annontationsprozess zu vermeiden, wurde eine Transfer Learning Pipeline implementiert.
Dabei wurde das, auf Basis des Tobacco 800 Datensatz trainierte, Modell verwendet um
Unterschriften im Datensatz der Stadt Wien zu detektieren. Die erkannten Bounding
Boxes der Unterschriften wurden danach manuell evaluiert und verfeinert um schnell
den neuen Datensatz zu annotieren. Im letzten Schritt wurde das Modell verwendet um
einen Prototyp zu implementieren, der es Benutzern ohne fundierte technische Kenntnisse
ermoglicht schnell Unterschriften aus Dokumenten zu aggregieren, um die Vollstdndigkeit
von Dokumenten in Bezug auf die bendtigten Unterschriften zu tiberpriifen.

. . Stadt | w EUROPAISCHE UNION _
Cusopdiche lana 130 segeonads Criwecibong
. =]
W I e n Das Projelatwind aus Mittaln dos Baropsischen Fonds fir ragionale Entwichisng
U im Eahmen der Uekan Inrevative fstions Inmiative kelinanzien. ‘ '
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Abstract

The goal of this thesis is to provide a means for detecting and aggregating signatures
and signature fields to check for completeness of building applications of the City of
Vienna in bulk, i.e. it should be possible to process sets of documents. In order to find
a robust algorithm, several machine learning models were trained and evaluated. For
reproducibility and comparability with published results, the freely available Tobacco
800 data set was used initially for training. This data set is composed of a variety
of documents released by tobacco companies under the Master Settlement Agreement.
Each document image contains machine printed text, signatures and handwritten notes,
whereas the position of each visual entity is annotated. Therefore, the Tobacco 800 data
set is suitable as an initial substitute for the building applications data set from the City of
Vienna. The City of Vienna only supplies raw scans of building applications without any
annotations of visual entities. To avoid a tedious and time-consuming completely manual
annotation process, a transfer learning pipeline was established, where the model trained
with the Tobacco 800 data set was applied to the building applications data set from the
City of Vienna. The model trained on the Tobacco 800 data set was used to accelerate
the manual annotation process of the building applications data set. It was employed to
predict signatures in the building applications data set, the predicted bounding boxes
were then manually refined. Finally, this model was used to implement a prototype,
accessible to users without technical knowledge, that facilitates the rapid aggregation of
signatures and assessment of completeness with regard to required signatures for building
applications in bulk.
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CHAPTER

Introduction

The City of Vienna handles numerous building applications every year. Proprietors, eager
to build, have to pass a formal building approval process at the responsible municipality.
Part of this process is the building application, which is required to gain a building permit.
It consists of building plans, building descriptions, evidence of property ownership, static
calculations, the energy performance certificate and various other documents depending on
the type of structure. Each of these documents is composed of several pages containing an
assortment of paragraphs of machine-printed text concerning the legal requirements for a
specific type of building, often complemented by handwritten notes. Building applications
have to be physically signed by a variety of legal entities (e.g. proprietor, stakeholders) to
be valid. After receiving a building application, the City of Vienna has to perform a check
for completeness, i.e. asserting that all required signatures are present, before legally
verifying the request. The civil servants of the municipality MA 37 (Baupolizei) are
responsible for examining the documents. As applications for bigger projects can easily
amount to hundreds of pages full of paragraphs and signatures being spread out through
the whole document, checking for completeness and aggregating all involved legal entities
is a tedious and error-prone task. The BRISE Vienna (Building Regulations Information
for Submission Envolvement) project is a research and development project funded by the
EU initiative Urban Innovative Actions. Its goal is the digitization of the administrative
building approval process, in which about 13000 building submissions are analyzed yearly.
Automating the process of extracting signatures of documents is in the project’s scope
so that civil servants do not have to open each scanned document manually. Experts
are then able to see on a report, which signatures are present in which document. A
variety of challenges has to be overcome, starting with the great diversity of documents,
ranging from pre-defined forms over handwritten letters up to plans exported from CAD
software and signed by the proprietor or architect. Another difficulty is posed by stamps
frequently overlapping signatures, which render the detection of signatures more difficult.
Figure 1.1 shows the challenges of signature detection based on, for privacy reasons, an
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artificially created document, mimicking a document of the building application approval

process.
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(e) drawing

Figure 1.1: Challenges of signature detection (artificially created document)

From a computer vision perspective, the problem of identifying signatures in documents
can be addressed as the detection of free-form objects from varying backgrounds [62]. As
building applications do not contain only signatures, but other types of free-form objects,
e.g. handwritten notes from the applicant, the detection process is more challenging
than simply identifying free-form objects on machine-printed text. Mandal et al. [32]
mention that interpreting signatures and machine printed text as two separate layers is
difficult in many cases due to overlapping elements, which have to be clearly identified
before performing detection. Furthermore, Zhu et al. [62] describe the problem of over-
fitting, as free-form objects are subject to large intra-class variation. Zheng et al. [60]
address the problem of noise in scanned document images, which occurs in the scanning
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1.1. Goal and research questions

process. Noise is described as blocks of black pixels not found in the original image but
in the digital image, i.e. artefacts produced by document scanners. It is stated that in
detecting signatures based on joint features, noise can interfere with model performance.
To overcome this issue noise is treated as a separate prediction class (in addition to
signatures). Finally, signatures have to be differentiated from other handwritten on the

page.

1.1 Goal and research questions

The goal of this thesis is to provide a tool for detecting and aggregating signatures to
check for completeness of building applications of the City of Vienna in bulk, i.e. it
should be possible to process sets of documents. In order to find a robust algorithm,
several machine learning models were trained with different parameter settings and data
set splits. Afterwards, a standardized testing and evaluation procedure with objective
performance metrics was used to find the best performing model. This model was then
employed to build a prototype that allows users without technical knowledge in regard
to neural networks to detect signatures in documents.

1.1.1 Research Questions

¢ RQ1: What is the best approach to detect handwritten signatures from varying,
noisy backgrounds with machine learning?

¢ RQ2: What effect has transfer-learning on model accuracy in handwritten signature
detection?

¢ RQ3: How can human annotators be supported with transfer learning?

1.1.2 Contributions

This thesis contributes a diverse data set of building application documents, annotated
with bounding boxes of signatures, in a standardized format (YOLO darknet format).
The data set can be used to train object detection models and evaluate their performance.
Due to privacy, this data set cannot be released to the public, but it can be used by
staff of the City of Vienna to train new object detection models, released in the future.
Furthermore, as the Tobacco 800 data set was used initially for training, a new baseline
of performance for the data set of, in 2020, state of the art object detection approaches is
given. By providing a detailed list of files used for training, evaluation and testing, which
to the author’s knowledge has not been released by any publication analyzing the data
set, allows others to reproduce and compare performance of the proposed approaches in
detail. In addition, a detailed evaluation of performance of different networks, parameters
used for training, as well as the specific network architecture are stated, to provide the
interested reader with information about the best approach for signature detection in
documents. Finally, a convolutional neural network model, which facilitates the prediction
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1.

INTRODUCTION

of signatures in scanned document images, is provided and integrated into a prototype
enabling the users without technical knowledge in regard of neural networks to utilize
the model.

1.2 Scope

The goal is to provide a prototypical implementation serving as a proof of concept, rather
than developing and integrating a production-ready signature detection system. For the
purposes of the City of Vienna, detection but no segmentation or verification of signatures
is sufficient. As the amount of data currently available for training and testing the object
detection model is limited, its performance is potentially affected as well. If over time
a greater number of document instances can be gathered, expanding the data set and
retraining the proposed object detection model might result in a better validation score.

1.3 Structure of the Thesis

In the current chapter, Chapter 1 of this thesis, the building application approval process
at the City of Vienna, the occurring documents as well as its issues and inefficiencies
were introduced. These issues were subsequently mapped to the computer vision problem
of object detection and research questions and goals presented. Secondly, background
knowledge, required to understand related work, is stated in Chapter 2. Besides explaining
deep learning concepts, this section contains feature extraction methodologies, due to
being the approach of choice in many signature detection publications. Thirdly, related
work in the area of signature detection is listed and aggregated in Chapter 3, to define
acquire a state of the art, the thesis can build on. Next, the two analyzed data sets,
Tobacco 800 and building applications from the City of Vienna in addition to different
experiment setups for deep learning-based signature detection are introduced in Chapter
4. Afterwards, the results of the experiments with different parameter settings and
data set splits are displayed and discussed in Chapter 5. Based on the best performing
model, a prototypical signature detection pipeline was implemented facilitating extraction
of signatures from documents in bulk, it is described in Chapter A.2 in the appendix.
Finally, the presented approaches and achievements are summarized and future research
possibilities shown in Chapter 6.
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CHAPTER

Background

The foundational concepts and theoretical background of computer vision with focus
on object detection are introduced. The discussed topics range from traditional feature
extraction based approaches, which are the method of choice in most signature detection
publications and therefore required to understand related work, to state of the art
machine- and deep learning algorithms. Furthermore, basic edge detection and clustering
algorithms as well as the concept of convolution are introduced. Feature extraction based
object detectors rely on these concepts and techniques. Moreover, convolutional neural
networks (YOLO and Faster R-CNN), which are used for signature detection in the
thesis, are introduced. Finally, metrics used to assess the performance of neural networks
used for objection detection are stated.

2.1 Computer Vision

The research area of computer vision is a subfield of artificial intelligence and machine
learning and focuses on enabling machines to "see" and interpret still images and videos
like a human. While most problems of computer vision seem trivial to humans, they are
demanding tasks for a computer program [12]. Computer vision is applied in a variety of
fields, e.g. autonomous navigation of robots and vehicles, object detection and tracing,
augmented reality and medicine. Due to the broad spectrum of problems, a wide array of
methodologies ranging from statistical and probabilistic models over computer graphics
to artificial intelligence, are used. The common goal is to distill information of varying
types from digital images [50]. The earliest experiments in computer vision date back to
the 1960s where edge detection was used to understand the content of images, in the
1980s image pyramids and the concept of scale-space were popular topics of research,
which build the foundation of methodologies such as Scale Invariant Feature Transform
(SIFT) [54]. Common Tasks in computer vision are detection of objects, i.e. locating
objects in an image, classification of objects, i.e. determining the kind of object displayed

5
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2.

BACKGROUND

classification

feature extraction

image segmentation

image preprocessing

‘ image acquisition

Figure 2.1: Image recognition pipeline

in an image, and segmentation of objects, i.e. how pixels can be grouped based on
coherence in an image.

2.1.1 Architecture of computer vision systems

From a technical point of view, Jiang [23] defines that computer vision systems can be
typically divided into two building blocks, image acquisition, often performed by scanners
or cameras, and image interpretation. Image interpretation is heavily dependent on
pattern recognition, where a pattern is defined as any form of repeating information
that needs to be analyzed. A wide variety of tasks, e.g. analysis of x-rays or MRI
images in the health sector, object detection, pose recognition and even biometrical
authentication systems build upon image recognition. Most image recognition systems
follow the structure outlined in Figure 2.1.

During the acquisition phase of a digital image recognition system a scene is captured
and digitized. In the preprocessing step, artefacts like noise are eliminated by filtering
and the image is optimized for the subsequent stages, e.g. by improving contrast. Image
segmentation refers to the merging of neighbouring and coherent parts of the image into
groups. During the feature extraction phase, dimensionality is reduced, i.e. a smaller
set of numerical values characterizing the analyzed entity is distilled from the data.
Finally, the extracted features are used to classify the entity [54]. Modern deep learning
based object detection approaches fuse many of these steps. Knowledge about these
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2.2. Basic image analysis techniques

basic concepts is, therefore, required for understanding the filtering functions of layers in
convolutional neural networks. After training, layers model feature extraction functions,
e.g. initial convolutional layers tend to perform basic feature extraction tasks like edge
detection.

2.2 Basic image analysis techniques

Traditional feature extraction in terms of computer vision refers to the extraction of
features from images. Features should be robust in terms of small changes in the image
such as translation, rotation or varying color and brightness. SIFT was selected as a
representation for advanced, generalized feature extraction algorithms, used in related
work [34]. Image segmentation algorithms aim at reducing the pixels in an image to
groups for easier analysis [54]. Borders like edges of objects can be used as markers of
segmentation for grouping pixels. Image segmentation algorithms are typically divided
into three groups: pixel-, edge- and region-based approaches. The output of such an
algorithm is an array of segments for the image, where each segment contains similar pixels,
based on a criterion. Despite the thesis focusing on object detection, knowledge about
basic image analysis techniques is required for understanding related work in the area of
feature extraction based signature detection algorithms, where mostly segmentation is
performed as well. The list of image analysis algorithms is not exhaustive, but is composed
of selected examples that allow the reader to understand related work in subsequent
chapters. Explaining all in related work used feature extraction methodologies in depth is
considered out of scope for the thesis, as it is focused on deep learning based approaches.
Furthermore, the mathematical concept of convolution is introduced, it is not only used
in feature extraction and image processing but convolutional neural networks as well.

2.2.1 Thresholding

In this very basic approach, a greyscale image is turned into a binary image by a
threshold. Madasu et al. [31] use thresholding as a preprocessing step in a signature
detection pipeline. Every pixel above the threshold is converted to white, every pixel
below is set to black. The key element of this method is a proper choice of the threshold.
It can be extended by multiple thresholds, resulting in a finer granularized image. Several
algorithms exist for finding thresholds, e.g. Otsu’s method and Balanced histogram
thresholding. Otsu’s method [38] focuses towards minimizing intra-class variances. First
the histogram of the image is calculated, then the intra-class variance is minimized. The
following formula specifies intra-class variance: o2 (t) = w1 (t)o?(t) + wa(t)o3(t), wi(t)
and wa(t) refer to the class probabilities under threshold t. These are calculated by
wi(t) = S0, P(i) and wa(t) = Y1, P(i). By minimizing the function, an optimal
threshold can be determined. An Otsu’s method based binarization approach is employed
by Mandal et al. [32] for preprocessing in a signature detection system.
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2.

BACKGROUND

2.2.2 Clustering

Clustering algorithms try to group pixels in an image by common characteristics, e.g.
colour, coordinates and textures. From a mathematical perspective clustering can be
defined as follows, considering an image I composed of M elements I = x1,x9, 3, ..., T,
I can be divided in a series of not overlapping subsets I;, I = U§:1 I; where I; UI; =
@ AVi # j. Each element of I; shares a common characteristic [12][55]. The most common
clustering algorithms are K-Means, Gaussian Mixture Model and Mean-Shift-Clustering
[22]. In K-Means-Clustering first the number of clusters (K) that the data should be
grouped into is selected [6]. Then K random tuples are selected to form the initial
clusters, afterwards for every remaining data point the distance to each of the K clusters
is calculated, subsequently the tuple is added to the nearest cluster. Next the mean
element of each cluster will be calculated, the remaining elements are then clustered
again based on the mean element. This process is repeated until the clusters do not
change further when the mean element is selected. As the K initial tuples were selected
randomly, this process has to be repeated with different initial values to find the optimal
clusters. With respect to the total number of types and number of clusters K, quality can
be measured by inner cluster variation. Nandedkar et al. [37] use K-Means-Clustering
in a document retrieval pipeline that detects signatures and logos in scanned document
images.

Convolution

Convolution, noted as a * b, is a frequently used mathematical operation in computer
vision and signal processing in general. Due to mostly discrete functions in computer
vision, it usually occurs in discrete form. Broughton and Bryan [9] define discrete
convolution formally by: Let a,b: D — C be functions with a discrete domain D C Z,
then the following holds: (a * b)(n) = > ,cp a(k)b(n — k). The domain of summation is
the domain of @ and b. Domain refers to the mathematical domain, which indicates for
which input values of a function corresponding output values are defined. In case of finite
domains (aperiodic function) a and b are usually padded with zeros and interpreted as
vectors[40]: @ € C" and b € C™, which allows more efficient computation by matrix
vector multiplication: (a * b)(n) = Ba

b 00 --- 0
0b 0 ---0
B = 0 b --- 0
L0 0 0 b |

Bemxn,

m=ng+mn,—1
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2.2. Basic image analysis techniques

Edge detection

Edge detection algorithms are based on the close relation between regional boundaries
and edges. Assuming function f specifying the intensity of each pixel of an image via
f(z), then the first discrete derivative of f, f/(x) often shows local maxima at borders of
regions due to dramatic changes in intensity. Two often used edge detection algorithms
are Sobel and Canny edge detection, Canny edge detection is based on Sobel. Gimel’Farb
and Delmas [13] describe Sobel edge detection as an algorithm that computes the gradient
of intensity for each pixel and finds the orientation of most dramatic intensity changes
between pixels. After this step every pixel has been assigned a probability of how likely
it is part of an edge, including the orientation of the edge. The following kernels are used
to perform the Sobel transformation on the image I.

1 0 -1 -1 -2 -1
By=12 0 -2 %I B, = 0 0 O i
1 0 -1 1 2 1

B, represents horizontal changes in intensity, i.e. their derivatives, and B, represents
vertical respectively. After the derivatives have been calculated, their values are merged
via B = /B2 + Bg and the direction of the edge is then computed by © = arctan (%)'

Zhu et al. [62] uses Canny edge detection in a Multi-scale Structural Saliency for Signature
Detection approach.

2.2.3 Scale Invariant Feature Transform (SIFT)

Lowe [30] introduces the feature extraction algorithm SIFT. It is translation, scaling,
rotation and luminance invariant thus allowing the robust extraction of features. The
algorithm is used in [34] to detect handwriting in scanned document images. In Figure 2.2
the main steps of the algorithm are outlined. First of all potential features are collected
by employing image pyramids. A Gaussian filter kernel is applied via convolution
multiple times with increasing strength [46], strength is defined by standard deviation
0. Afterwards the image is shrunk by the factor 2. Then Gaussian blur is applied
again multiple times, followed by downsampling. This process is repeated usually four
times, a stage is called octave, each with five applications of Gaussian blur with different
standard deviation. The resulting image of this stage is called scale space, its purpose
is to attenuate smaller structures. The next step is to calculate the difference between
Gaussian blurred images within each octave. The extrema found are then marked, where
extrema with low absolute values are suppressed. Then, a direction is assigned to each
extremum by determining the edge, it is located on. This is performed by analyzing the
gradients of pixels, surrounding the extremum. During this step all points without a
distinct orientation are truncated. Finally, descriptors for all extrema are calculated, by
gathering histogram data for the surroundings of each point. The resulting descriptors
are robust to most changes in the image, due to being computed via image pyramids,
with varying levels of blur and resolution. Mandal et al. [32] uses SIFT features for
signature-based document retrieval.
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2.3 Machine Learning

In machine learning, generalized algorithms are employed in order to extract information
from a data set without customizing the algorithm to be suitable to the data set [5].
Alignment of the algorithm towards the problem rather happens via learning, i.e. the
algorithm is trained with tuples from the data set and adapts autonomously accordingly.
In general lots of data is necessary to facilitate good adaption. In general, machine learning
algorithms can be divided into two groups following different paradigms: supervised
learning and unsupervised learning.

2.3.1 Supervised Learning

During training, supervised learning algorithms need to be fed with the correct output
values for each tuple of input they are trained on [5]. A tuple in machine learning is
a vector of fixed size, i.e. an ordered, fixed length series of values. In neural network
based machine learning approaches the tuple defines the size and structure of network’s
input layer. The necessary customization of the algorithm’s internal logic, to convert
input tuples to the correct output values is determined by the learning algorithm.
Oversimplified, a machine learning algorithm processes and manipulates input values
with a set of numbers, called weights, to compute the output values. Input and output
values are known while training, therefore weights can be adjusted to achieve optimal
output values for the training samples. This contrasts dramatically with traditional
approaches, where human experts would define rules for inference in a tedious and time
consuming process [5]. The general machine learning pipeline is shown in Figure 2.3
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{data prepmcessingH feature selection H model training H model validation H prediction }

Figure 2.3: Machine learning pipeline

2.3.2 Unsupervised learning

Unsupervised learning in contrast to supervised learning, uses algorithms that process
input data without a supervisor specifying expected output values for the input data
[5]. These algorithms are used to find hidden patterns, relationships and clusters in the
input data set. A frequently used algorithm is the self-organizing map (SOM) [26]. This
dimensionality reduction technique processes the input space of data samples into a two
dimensional map. Therefore, SOMs are very useful visualization techniques for high
dimensional data.

2.3.3 Artificial Neural Networks

Artificial neural networks are modelled on their real counterparts, neurons in the nervous
system of human beings. Artificial neural networks [20] are built from several layers,
each of which contains one to many nodes. The layers between input and output layer
are called hidden layers [20]. Nodes compute values, that are passed to subsequent nodes
in the network. Despite research and theoretical concepts of deep learning dating back to
the 1960s, decades had to pass until recent advances in computing power made it possible
to turn theory into practice. Neurons in deep learning are mimicked after neurons in
human brains, this idea originates from the McCulloch-Pitts Model [35], where Mcculloch
and Pitts introduce the relationship of neurons in brains with transistor gate logic with
binary output. In the brain dendrites receive signals which are passed to the neuron,
where they are gathered. Upon surpassing a specific level, an output signal is transferred
to the axons [41]. Figure 2.4 illustrates the signal flow in biological neurons.

Artificial neurons accept one to many input values from the data set or other neurons
from previous layers in the network. After they calculate a value, it is passed further

in the network. Connections between inputs, outputs and neurons are called synapses.

Synapses are associated with weights, that represent the previous neurons significance
in relation to the complete network. The calculation of values in neurons happens as
follows:

1. Neurons sum up the products of inputs and weights of the previous layers neurons.

2. Depending on the architecture, sometimes an additional bias is used to further
manipulate this sum.

3. Afterwards an activation function is used to process the sum and create the input
for the next layer.

11
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Figure 2.4: Biological neuron (Raschka and Mirjalili [41])

During training, the expected results of tuples fed into the network are compared with
the actual results, these are aggregated into a cost function. Minimizing the cost function
via gradient descent or other optimization algorithms and by adapting weights and biases
by backpropagation is how neural networks learn.

2.3.4 Artificial neuron

In Figure 2.5 the structure of an artificial neuron used in modern neural networks is shown.
In the forward pass of the network, a neuron processes input = specified via the values x1
to x,, as follows. First, each element of input z is multiplied by the corresponding weight
from the set of weights (w; to wy,), then these products and the bias are summed up.
This result is subsequently processed by the activation function. The bias can therefore
be seen as a means of shifting the activation function f(z) on the x-axis. During training
the output of a tuple is calculated and compared to the target value. The weight update
is calculated by Aw; =n (target(i) — output (i)) :1:5-1) [41].

Learning process

Widrow and Lehr [56] introduce Adaptive Linear Neurons (Adaline) and the Widrow-Hoff
rule, which employ a linear activation function to update weights. This allows the usage
of gradient descent to update weights. Tuples, for which the expected output is known,
are passed through the neural network. Via a cost function J(w), e.g. sum of squared
errors, the difference between expected and actual outputs is measured over all samples,
passed through the network in one training round (epoch). Batch size refers to the
number of samples fed to the network to in one iteration. The number of iterations
required for one epoch is defined by the following relation: iterations = samples in data set

batch size
Provided a continuous activation function is used in the network, the cost function can
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Figure 2.6: Gradient descent perceptron Raschka and Mirjalili [41]

be minimized by differentiation, which is a requirement for gradient descent [41].

, N2 .
J(w) = %Z (target(l) — output (’)) , output®” € R

2

Raschka and Mirjalili describes gradient descent in [41] intuitively like "climbing down
a hill" to the point of a local minimum. Steps in the size of the learning rate in the
negative direction of the gradient are performed until a minimum of the cost function
J(w) is reached, this is illustrated in Figure 2.6. Mathematically, Raschka and Mirjalili
[41] defines the calculation of the weight update as Aw = —nV.J(w). Aw is the value
that will be added to the weight vector w. By partially derivating J(w), the weight
update for a particular weight Aw; is determined.

13
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The learning rate n determines how quickly the weights adapt and is usually a value
between 0 and 1, if it is set too low, many epochs are necessary to find a minimum, with
the additional risk of getting caught in a local valley of the graph without the possibility
to escape, due to the learning rate being too small. Employing higher learning rates
results in shorter training periods, but carries the risk of missing the global minimum,
due to jumping behaviour on the cost function. Carefully selecting the learning rate is
necessary. Finally, the weights are updated all at once via w := w + Aw. For more
complex networks with multiple layers an algorithm called backpropagation is used, which
is described by Rumelhart et al. in [49]. Backpropagation is an algorithm to update
weights in a neural network via the chain rule, it starts at the last layer of the network
and updates its weights first and then traverses through the network, updating one layer
after another until the first is reached. Backpropagation uses the gradient of the cost
function to find the amount of change in a particular weight or bias required to minimize
the cost function.

Activation functions

There are many different activation functions suitable for varying applications, e.g. step,
linear, sigmoid, hyperbolic tangent, rectified linear unit and softmax. Step functions
output binary values and employ a threshold, i.e. if the calculated sum of the neurons
is above the threshold, 1 is passed to the next neuron, otherwise 0. Linear activation
functions multiply the sum of a neuron by a predefined factor that does not change during
training. These functions have two disadvantages, gradient descent is not possible for the
models with more than one neuron, because of a constant derivative. Furthermore, they
merge all layers of a network into one, because the output is simply a linear combination
of the input values, this results in a regression model not a complex neural network. The
current state of the art in activation functions is of non-linear type, these enable the
network to reproduce complex relationships required to process high dimensional data
occurring in computer vision tasks. Non-linear functions such as Sigmoid, TanH, ReLU,
Softmax and Swish have two main advantages, their derivative is related to the input
values and therefore allows backpropagation and they allow for combination of several
layers of neurons [41].

Types of artificial neural networks

Zell [59] describes different types of neural networks. The simplest form of neural
network is called feedforward neural networks, neurons of a layer are only connected
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in the forward direction to the neurons of the next layer without any backloops. The
multilayer perceptron is an example for a feedforward neural network. It consists of
several perceptrons, arranged in multiple layers. Each neuron is connected to neurons in
the next layer, i.e. during each forward step, information is only passed in one direction
through the layers of the networks and never in the other. A more complex form of
neural network are recurrent networks, which in contrast to feedforward networks, allow
connections to preceding layers and looping. This reflects the behaviour of neurons in
most areas of the human brain. There are four categories to divide recurrent networks:
direct feedback networks, which use the output of a neuron as an additional input for
it, indirect feedback networks, where the output of neurons is fed back to neurons of
preceding layers, lateral feedback networks, where the output of a neuron is used as
input for neurons on the same layer and fully recurrent networks, where the output of
each neuron is connected to the input of every other in the network. Fully connected
networks differ from fully recurrent networks as they only contain connections between
every neuron of one layer to the following, but no feedback loops where the output of
one neuron is used as input for a preceding neuron (preceding in terms of data has
already flown through the preceding node to the reach the succeeding). Recurrent
neurons enable networks to detect temporal patterns in the processed data, naturally
their application lies in areas that require processing sequences of data, e.g. detection
of handwriting, speech recognition and translation. It is possible to convert recurrent
neural networks into feedforward networks if they do not contain any loops (e.g. lateral
feedback). Popular examples are Long Short-term memory (LTSM) [21], the Elman
[11] and the Jordan network [25]. Training recurrent networks is more challenging than
simple feedforward networks, if they have finite impulse response, a common approach is
to convert them to feedforward networks for training, in LTSM networks this is done via
Backpropagation-Through-Time.

2.4 Convolutional Neural Networks (CNN)

Goodfellow et al. [17] mention that convolutional networks are especially useful in image,
video and audio processing. The most basic convolutional neural networks are usually
composed from one or more convolutional layers, after which a pooling layer is placed,
this architectural pattern can be repeated multiple times. In Figure 2.7 this architecture
is illustrated. Neurons of convolutional layers for image processing are usually aligned as

2D matrices and receive two dimensional matrices as input. Despite other layouts, e.g.

1D for audio and 3D for volumetric image processing (e.g. MRI and CT), being used as
well from now on a 2D convolution in the context of image processing is assumed. Each
neuron performs discrete convolution over parts of the input matrix via a filter kernel
to calculate its activation. Locally close neurons process overlapping areas of the input
matrix, for border areas different padding strategies are used. Considering a stacked
hierarchy of convolutional layers, one can observe that each neuron is affected only by
neighbouring areas of the previous layer. Translation invariance is an important property
of CNNs and guaranteed by neurons of one layer always sharing the same weights. Due

15
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Figure 2.7: Convolutional Neural Network architecture [4]

to shared weights, the first layer of a CNN always performs edge detection, its activation
shows the likelihood of an edge in the close vicinity of the neuron’s input. The most
commonly used activation function is rectified linear unit (ReLU), which is approximated
by f(z) =In (1 + %), as backpropagation requires differentiatable functions. The pooling
layer in convolutional neural networks is responsible for dimensionality reduction, resulting
in 1/4 of information from the previous layer. This dramatic reduction of data increases
inference performance and subsequently allows the creation of deeper networks while
minimizing overfitting. Dropout is another possibility to reduce the dimensions in a
network, a number of randomly selected neurons are removed from the network. The
most frequently used approach for pooling is max pooling, where only the highest value of
activation is transferred to the next layer, all others are truncated [17]. After a multiple
of convolutional and pooling layers, a fully-connected layer is used for classification, the
number of neurons in the last layer reflects the number of classes the network should
classify. By employing a softmax function, the output of the last layer is transformed
into a probability distribution over all classes. Convolutional neural networks follow
the principles of supervised learning, where for each input the expected output, i.e.
class is specified via backpropagation the weights are updated subsequently. LeCun and
Bengio [27] categorizes convolutional neural networks as a special kind of multi layer
perceptron (MLP), with fully connected layers of CNNs offering a similar performance as
MLP. The success of convolutional neural networks is based on their efficient processing
of image data. While shared weights result in low memory footprint, the number of
neurons necessary is dramatically reduced by convolution with respect to multilayer
perceptrons. Another problem of MLPs is that they scale badly for high resolution
images. Furthermore shared weights in layers result in shift-, translation-, scaling- and
luminance-invariance, a property that is not found in multilayer perceptrons.
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Region-based Convolutional Neural Networks (R-CNN)

Girshick et al. [16] introduces region-based convolutional neural networks. This advance-
ment in the area of CNNs is originally employed for object detection only. Subsequently,
improvements of R-CNN were presented in 2015 with Fast R-CNN [14] by Girshick,
Faster R-CNN [45] by Ren et al. and Mask R-CNN [19] by He et al., the latter being not
only an object detector but object segmentor. The architecture of R-CNN is displayed in
Figure 2.8, its process of object detection can be divided into four sequential tasks.

1. The segmentation algorithm selective search is used to identify areas of interest.
Roughly 2000 areas of interest are identified, these areas are not uniform in shape but
rather polygons as they are output of a segmentation algorithm. By surrounding
them with bounding boxes, these areas serve as regional proposals, containing
possible objects of interest, which are the input for the next step in the algorithm.
This approach is an improvement to the classic sliding window, which is very
time-consuming, requires analyzing a greater number of areas and is not adaptive
to not square objects of interest.

2. Regions of interest are stretched or shrunk to square boxes, which is the required
format for a pre-trained convolutional neural network, that is subsequently used to
reduce dimensionality by extracting 4096 features.

3. Several support vector machines, one for each category to classify into, are used to
process the features of each region of interest.

4. Regression is employed to improve accuracy of the proposed bounding boxes, i.e.

precisely locate the object of interest in the box.

This in 2014 novel approach carries a few pitfalls. First of all, the algorithm, selective
search, initially used to identify regions of interest is fixed and does not contain any means
for adaption through learning, i.e. the quality of regional proposals varies dramatically
depending on the input image. Moreover, training is very time consuming, because of the
great number of 2000 region proposals even in small images. On the other hand, due to
different parts of the network not supporting in simultaneous training, e.g. the support

17
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Figure 2.9: Fast R-CNN Architecture [14]

vector machines, the convolutional neural networks and the final regression step. Finally,
inference time is very slow with about 45 seconds per image and therefore not suitable
for realtime image processing, which might be necessary for camera feed analysis.

Girshick [14] addresses the drawbacks of R-CNN by directly using the test image as
input for the Convolutional Neural Network, instead of regional-proposals, which were
a time-consuming fixed step in the original algorithm. The changes in architecture of
Fast R-CNN are displayed in Figure 2.10. The CNN reduces the image to a feature
map, on which afterwards regional proposals are established. Then a process, similar
to R-CNN, starts, each regional proposal is stretched or shrunk to fit a square and
dimensionality further reduced by region of interest pooling, which is the required format
for the fully connected layer. Finally, by applying softmax the region is classified. To
improve the accuracy of bounding boxes, bounding box regression is used. By skipping
the time-consuming step of analyzing 2000 region proposals, Fast R-CNN offers a speed
improvement compared to R-CNN.

Ren et al. [45] propose an improvement of Fast R-CNN. In contrast to R-CNN and Fast
R-CNN, the new approach is not dependent on selective search, but replaces it with a
region proposal network. The architecture of Faster R-CNN is displayed in Figure 2.9.
This is faster as there is no need for time-consuming selective search and a smaller number
of region proposals. The only alterations of the original Fast R-CNN are the exchange of
selective search for a region proposal network, which first employs a convolutional layer to
extract features from the image, based on the feature multiple anchor boxes with varying
shapes are set up. An important hyperparameter of Faster R-CNN are anchors scales and
ratios. By fitting the aspect ratio and scales of anchors to the object of interest accuracy
can be increased. The region proposal network (RPN) then determines the likelihood of
containing an object of interest for each anchorbox. This is done by aligning the center
of the anchorbox with the centerpoint of the sliding window. The sliding window is of
square shape, by employing anchorboxes, unsquare or bigger objects, partially exceeding
the boundary of the sliding window, can be detected. Finally, all boxes are compared and
only the most promising ones are passed to the next layer. This is called Non Maximum
Suppression (NMS). Apart from that, Faster R-CNN is same as Fast R-CNN.
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Figure 2.11: YOLO Architecture [44]

YOLO

The algorithm YOLO, short for You Only Look Once, introduced by Redmon et al.

[44], takes a different approach and relies on a single pass of the image through the
network for object detection. The YOLO algorithm was improved continuously over
the last years [42][43][8][24]. This makes YOLO much faster than Faster R-CNN and
allows real time object detection with more than 30 frames per second on state of the
art hardware, rendering it particularly useful for autonomous driving and camera feed
processing, but also analyzing massive amounts of stills benefits from its fast inference
time. The architecture of YOLO is shown in Figure 2.11. YOLO only uses one neural
network and is therefore straightforward to train. Images are used as inputs for the
network, bounding boxes are the output.
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Starting from YOLOvV2, released in 2017, the input image is divided into a number
of prediction areas, e.g. 3x3. Each of these areas is in charge of predicting up to five
objects. Naturally most areas do not contain any objects of interest, to avoid a tedious
and useless prediction process for empty areas, the "object containment" probability is
calculated and subsequently areas with of low probability of object occurrence truncated.
The centerpoint of objects determines the area responsible for its prediction, in case of
one object overlapping multiple areas, the most central area is selected. Each prediction
contains a bounding box, its location within the area and a confidence value. The network
itself is composed of a sequence of convolutional and pooling layers, topped up with
two fully connected layers at the end. In 2018, YOLOv3 [43] was introduced, which
offer higher precision than its predecessor and allows the user to choose model size and
subsequently adjust the trade-off between inference speed and precision. In April 2020,
Bochkovskiy et al. [8] introduced YOLOv4, which offers further gains in inference speed
and precision compared to YOLOv3. When tested on a Telsa V100 GPU with the COCO
data set, an about 10% higher precision and 12% faster inference time was measured by
the authors of the paper. Shortly after YOLOv4 was released, YOLOv5 was introduced
in June 2020 by Jocher et al. [24]. In contrast to previous YOLO implementations, which
always originated from Darknet, an open source machine learning framework, and were
ported to other frameworks later, YOLOv5 was initially implemented in PyTorch. The
framework offers several enhancements, such as automated calculation of suitable anchors
and new strategies for data augmentation, e.g. mosaic augmentation. Another advantage
of YOLOWV5 is its model size, which is about one tenth of the size of a YOLOv4 model
with comparable inference time and precision.

2.4.1 Transfer learning

Transfer learning refers to using pre-trained neural network models and adapting them to
the new use case. The approach of transfer learning is not exclusively used in the context
of convolutional neural networks, but can be used with other deep learning techniques as
well. The main reason for its popularity with CNNs is their extremely time and resource
consuming training process, if performed from scratch. Models, used for transfer learning,
are usually trained on general purpose data sets with numerous instances such as COCO
(330k images, 80 classes, 1.5 million object instances) or ImageNet (1000 classes and
millions of images). This process lasts sometimes for weeks until it achieves satisfying
performance, even if executed on GPU clusters. Then the model is adapted to classify a
smaller, different data set, where it often achieves performance levels, unreachable with
traditional learning approaches, due to small number of instances. For custom object
detection tasks, creating a large, well distributed data set with varying instances is a
challenge. By employing transfer learning this issue can be overcome to a certain extent.
In general, this process relies on the concept of efficiently transferring knowledge (e.g.
which and how to extract features from an image) from one model to another. It has
been observed that the first layers of convolutional neural networks generally adapt to
perform similar tasks (e.g. detecting edges in images) independently of the data set used.
Two approaches are used for transferring these to other networks, feature extraction and
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fine-tuning. One approach of transfer learning is fixing weights of all layers and using
the network as a feature extractor, whose output is further processed in a new neural
network for classification. Another option is to partially fix the weights in the network,
usually the first layers, which perform the more general tasks like blob forming and edge
detection and allowing last layer(s) weights to be adapted during training, although at
a much lower learning rate than during the original training process, on the new data
set. Depending on the size of the data set the first or the second approach can be more
successful [58].

2.5 PyTorch

All algorithm implementations used in this thesis are based on PyTorch. PyTorch is a
machine learning framework and implements Torch (machine learning framework originally
for the language Lua) for Python. The framework allows performing matrix operations
via tensors on the GPU and automatic differentiation for construction and learning
process of networks. In contrast to other frameworks (e.g. Tensorflow), PyTorch builds
upon the concept of dynamic graphs, which encourages the definition of the computation
graph via Python functions. In TensorFlow the implementation has to be compiled first to
be run. In PyTorch, errors are shown as Python native exceptions. Furthermore, control

structures such as loops and if-else-blocks can be used while performing backpropagation.

Tensors are the most important data structures in PyTorch. A tensor in PyTorch is a
multi-dimensional array, that contains data of a specific type, the main difference to a
traditional numpy array is that tensors can be used for computation on CPU and GPU,
for each tensor type there exists a CPU and GPU variant [41].

2.6 Performance metrics

In machine learning, performance is measured by comparing the prediction of a network
to the expected value in the ground truth of a test data set. The most common metrics
are listed in this section. Input tuple in the aspect of performance metrics refers to
an instance of the ground truth, that is used for training, validation or testing and for
which the expected output value is defined. In a binary classification task, true positive
refers to a prediction for an input tuple that is of positive class in the ground truth and
correctly classified as positive by the model. False positive refers to a prediction that
is of negative class in the ground truth, but classified as positive by the model. False
negative is a prediction, that is of positive class in the ground truth, but is predicted as
negative by the model. Based on these definitions a series metrics was established [41].
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True Positive

Precision =
True Positive + False Positive

True Positi
Recall — ue Positive

True Positive + False Negative

True Positive + False Negative

A =
ceuracy True Positive + True Negative + False Positive + False Negative

In object detection, not only the predicted occurrence of an object, but their predicted
position and size is of interest. Usually ground truths of data sets used for object detection
are annotated with bounding boxes, referring to the area of interest. These boxes contain
x and y coordinates of the object in the image and the width and height of the box. To
evaluate how well a model performs, the predicted bounding box is compared to the
bounding box in the ground truth. The metric Intersection over Union is calculated by
computing the area of the image that lies both in the predicted and in the annotated
bounding box, i.e. the intersection between those two, and dividing that by the area of
the union of both bounding boxes.

IoU overlapping area of the bounding boxes
(0] =

union of bounding box areas

In competitions and research an intersection over union (IoU) greater than 0.5 is considered
as well performing. As exactly matching the annotated bounding boxes is extremely
unlikely, comparing the coordinates is not a good indicator, Intersection over Union
is used instead to gather a model’s performance. Based on IoU a few metrics were
established, the Pascal VOC metric (AP[0.50]) which measures average precision based
on an IoU greater than 0.50 and the COCO metric (AP[0.50:0.95]). COCO defines
average precision by the average over a series of intersection over union. IoU in the
interval from 0.5 to 0.95 with a step size of 0.05, i.e. 9 different IoU, is averaged to
compute COCO AP.

1N
COCOmAP = N ; AP;

Rezatofighi et al. [47] introduce generalized intersection over union. Intersection over
union does not provide a metric to compare bounding boxes not overlapping the ground
truth, IoU of predictions not overlapping are always zero. This leads to a problem as
bounding boxes nearer to the ground truth bounding box should achieve a higher score
than those further away. By measuring generalized intersection over union (GIoU) this
problem is solved.

ANB| _[C\AUB) _  IC\(AUB)|

GIoU =
|AU B |C| C]



Die approbierte gedruckte Originalversion dieser Diplomarbeit ist an der TU Wien Bibliothek verfligbar

The approved original version of this thesis is available in print at TU Wien Bibliothek.

[ 3ibliothek,
Your knowledge hub

2.7. Data augmentation

When measuring GIoU, the predicted bounding box (A) and the bounding box from the
ground truth (B) is surrounded by the smallest possible area C. By integrating hull C in
the calculation, predictions in closer proximity to the ground truth are encouraged and
those further away are penalized.

2.7 Data augmentation

A frequent problem in object detection are too small training data sets, data augmentation
can fix this issue to a certain extent. By performing transformations on the training
image before feeding them to the network a bigger data set can be simulated. When
performing data augmentation, not only the image, but the annotation (bounding boxes
in object detection) has to be transformed as well. Commonly used techniques are
randomly flipping or cropping the image as well as altering brightness, contrast, hue and
saturation.

2.8 GIoU as a loss function

Major requirement for backpropagation is a differentiable loss function. The metric IoU
is not differentiable, as it is not defined in case of no overlaps between prediction and
ground truth. GIoU, on the other hand, is always defined and can be differentiated. GIoU
has a value lower than 0, if hull C, surrounding ground truth and predicted bounding box,
is greater than IoU. By employing GIoU as a loss function, predictions not overlapping
the ground truth can be penalized according to their distance to the ground truth. This
is not possible with IoU, which is not defined in case of no intersection with the ground
truth.

2.9 COCO data set

Machine learning models have to be trained on large data sets, to compare performance

between different approaches publicly available data sets are used as a benchmark.

COCO (Common Objects in Context)! is such a data set, it provides a variety of feature,
instances feature pixel masks for object segmentation, 330000 images, 1500000 million
object instances, 80 object categories as well as 250000 people instances with posture
keypoints [29]. The data set contains common objects such as vehicles (car, train, bike),
humans, animals, household items, sport utilities, etc.

2.10 Summary

In this chapter, the research area of computer vision, common problems stated and
the typical architecture of computer vision systems were introduced. Basic feature

"https://cocodataset.org
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extraction based algorithms for clustering, edge detection were described as they build
the foundation of modern object detection approaches. Furthermore, an overview about
machine learning and artificial neural networks with a focus on convolutional neural
network, as these are commonly used for computer vision tasks, was given. State of the
art models model architectures such as Faster R-CNN and YOLOv5 were mentioned.
Finally, metrics to assess performance of object detectors as well as performance markers
specific to artificial neural network such as loss are presented.
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CHAPTER

Related Work

This chapter gives an overview about the state of the art in free-form object detection
in the context of signature detection and segmentation from varying backgrounds. Due
to detecting signatures in documents being a relatively narrow field of research, some
publications presenting approaches and algorithms for the detection of handwriting are
included as well. The selected work serves as a baseline and foundation, that allows
comparison of performance of the proposed detection pipeline. As mentioned in previous
sections, the majority of publications employs a feature extraction based approach, despite
the thesis’ focus on deep learning based algorithms for signature detection. Including
these methodologies is required, as they represent the state of the art in signature
detection. The majority of analyzed articles evaluated their approaches for signature
detection on publicly available data sets. The most commonly used is the Tobacco 800
data set. A large proportion of approaches are based on feature extraction algorithms,
only two papers employ deep learning to detect signatures. Therefore, this section is
divided into two parts, first different feature extraction algorithms are introduced, then
deep learning based approaches are described.

3.1 Feature extraction based approaches

Many signature detection algorithms are based on feature extraction. The most significant
one for the thesis, as it was used to create the ground truth for the Tobacco 800 data set
and therefore serves as a reference point for the experiments, is [62]. Zhu et al. [62] propose
an approach to jointly detect and segment signatures from varying backgrounds based on
multi-scale saliency, which was used in a subsequent publication [63] to implement an end
to end document retrieval system. Zhu et al. [62] describe that cluttered backgrounds
are a big challenge in signature detection and segmentation. The proposed framework
works both for offline and online applications, offline referring to signatures embedded
in scanned document images, online for smart devices where stroke directions from the
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stylus are available. The outlined methodology is divided into two tasks, identification
of salient structures and grouping of components. Signatures and their most salient
structures are illustrated in figure 3.1. Saliency of a structure is defined by dynamic
structural curvature and proximity, e.g. large connected, cursive objects like signatures.
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Figure 3.1: Examples of detected signatures from the Tobacco-800 data set, together
with their saliency maps. The top three most salient parts are shown in red, green, and
blue, respectively Zhu et al. [62]

Instead of employing local features with large variance, the most salient parts of a free-form
object are used to identify the signature. According to Zhu et al. [62], employing saliency
measures referring to high-level knowledge of the objects results in a better performance
in object detection, compared to low-level vision constraints. After salient areas are
determined, grouping is performed by less complex constraints such as neighbourhood.
By using multi-scale saliency the detection of not continuous objects like signatures is
improved. Handwritten signatures feature higher in-class variance than other free-form
objects due to being unique to each individual. To detect signatures at a given scale, first
a Gaussian blur is applied, then a Lanczos filter is used to re-sample the image. Finally, a
Canny edge detector is used to determine the edges. This procedure ensures a connected
curvature of the signature, by subsequent re-sampling after filtering. Afterwards saliency
is calculated for each component by dynamic curvature. The most salient structures of
the image are then used to segment the signature, the methodology is evaluated on the
Tobacco 800 data set with a detection rate of 92.8% among all signatures in the data
set. No machine learning algorithms are used here, the approach relies only on feature
extraction.

Mandal et al. [32] describe a methodology to segment signatures from varying backgrounds
by employing a Conditional Random Field (CRF). First, signature blocks are identified
by word level feature extraction. Then overlappings with machine printed text are
segregated with gradient based features and support vector machines. The proposed
system is illustrated in Figure 3.2. Finally, a CRF is used to separate the detected strokes
in signature and machine printed text. The approach is evaluated with the Tobacco 800
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data set. Signature segmentation is performed here on box level, underlying printed
text, seals or other free-form objects are not removed completely. This is potentially a

problem for signature verification algorithms, that use these bounding boxes as input.

Box level refers to predicting a bounding box surrounding the signature, instead of its
exact strokes. A precision of 0.8572 and a recall of 0.8186 could be achieved, which is
not fairly comparable to [62] as they only state detection rate. The biggest issue of this
methodology is the great number of samples required during the training process.
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Figure 3.2: Block diagram of system proposed by Mandal et al. [32]

Singh et al. [53] introduce an algorithm to render signatures and seals on digital document
images tamper evident, by augmenting documents with watermarking bits. The detection
of seals and signatures is performed via feature extraction. A two-step approach is
employed to distinguish between the object of interest (signatures) and the cluttered
background (printed textual characters). First the scanned document is divided into
word patches based on the machine printed text and spacing between words. Bounding
boxes of patches are identified by using morphological dilation and connected component
labelling. Then signature blocks are separated from machine printed word blocks via
gradient based features and a Support Vector Machine. This approach results in imperfect

signature blocks, due to possibly isolated printed characters and overlapping strokes.

To further refine the hypothetical zones of signatures, machine printed text lines are
evaluated via analyzing close machine printed word blocks. The publication provides
a framework for end to end watermarking and verifying documents based on seals and
signatures and relies in the signature detection part of the work on [32]. The approach is
evaluated on the Tobacco 800 data set but no isolated metric concerning the signature
detection performance is given.

Mandal et al. [33] describe a methodology to segment signatures from machine printed
documents via feature extraction. This new approach solves the issue of patch level only
segmentation that was featured in [32]. The two step approach relies on first dividing the
image into blocks by a morphological operation, which is followed by block-level analysis
to distinguish signatures from machine printed text. 400-dimensional gradient-based
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features are used with a Support Vector Machine for classification. The algorithm was
then evaluated on the Tobacco 800 data set, where an accuracy of 0.955 was achieved,
errors occurred predominantly in areas where the segmentation failed. The achieved
accuracy is higher than the accuracy of 0.928 achieved by [62] with a multi-scale saliency
approach. Mandal et al. [33] state a potential enhancement of the algorithm to be
compatible with mathematical formulae, seals and annotations.

Nandedkar et al. [37] introduce an algorithm for detection of logos, stamps and signatures
in documents, furthermore the SPODS data set is presented. Spectral Filtering and
Part-based Features (SFPF) is used to detect these objects. The algorithm is divided into
three parts, first potential machine printed text is attenuated in the image by frequency
selective filtering, afterwards graphical and textual regions are separated and finally the
object detection performed. Different spectral properties in graphical areas of documents
build the foundation of the approach. The proposed methodology was evaluated in
an experiment with the proposed SPODS data set, which provides pixel level ground
truth about the visual entities under test. During the experiments a performance with a
precision of 0.93, a recall of 0.86 and an F-Score of 0.9 in the signature class was achieved.

Zheng et al. [60] propose a framework for identification and segmentation of handwriting
and machine printed text in noisy scanned document images. The approach uses the
novel technique of mapping this two class problem to three classes (noise is treated as
a separate class). First, connected patches in documents are identified and combined
with neighbouring at block level. Afterwards the following features are extracted for each
pattern unit, structural, Gabor filter, run-length histogram, crossing count histrogram,
bi-level co-occurence and 2x2 gram. These are subsequently classified by Fisher, SVM
and k-NN classifiers into one of the three classes: noise, text or handwritten notes. The
Fisher classifier was the best performing with an accuracy of 0.94 in the handwriting
class on the Tobacco 800 data set. No deep learning networks are used here.

Ahmed et al. [3] employ Speeded Up Robust Features (SURF) to segment signatures from
machine printed text. Using SURF and relying on local features ensures compatibility
of the algorithm to visually varying of documents. The approach relies on computing
sets of keypoints for the object of interest, each of which specified by a 128 bit descriptor
and used to subsequently calculated SURF features with a Hessian threshold of 400, i.e.
all keypoints with lower thresholds are truncated. All linked components are detected
from the image during segmentation, for each connected component SURF features are
computed and the descriptors of the corresponding keypoints matched by Euclidean
distance to either the signature or the machine printed text class. The selection of
keypoints is illustrated in Figure 3.3. After all keypoints have been processed, the patch
is assigned to the class with the greater number of keypoints. The approach introduced
by Ahmed et al. [3] suffers from the same problem as the approach from Mandal et al.
[32], signatures are segmented on patch level only, this potentially interferes with using
the algorithm in a signature verification pipeline. The feature-extraction algorithm is
evaluated and trained on the Tobacco 800 data set. Compared to other approaches it
manages training with only 10 samples and achieves a precision of 0.5652 with a recall of
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Figure 3.3: Extracted signature keypoints (blue) and printed text keypoints (red) during
training Ahmed et al. [3]

1. A fair comparison to Mandal et al. [32] and Zhu et al. [62] is not possible, as both
did not state accuracy or exact filenames used for testing. Ahmed et al. [3] describe the
reason for low precision to be logos in the documents, adding a logo class should solve
this problem.

Madasu et al. [31] employ a sliding window approach to detect handwritten signatures
in scanned bank checks. Bank checks, as well as general documents, feature large in
class variance. The proposed system relies on a multi-step procedure. The approach
requires basic knowledge about the layout of the checks that starts with a preprocessing
step via a B-spline filter, that separates a checks background from handwriting. Next
the signature is extracted via a sliding window, traversing horizontally over the image
and calculating the entropy. Areas of high entropy, i.e. rectangular boxes in the check,
are used as markers to find the area of interest. The isolated boxes are then further
processed via cropping, shown in Figure 3.4. A sliding window starts in each edge of
the isolated bounding box and decreases or increases either the x or y coordinate until
a black pixel is reached (the start of a signature). An experiment was performed to
evaluated the algorithm, 45 bank checks were analyzed where 97.78% signatures could be
extracted successfully. Djeziri et al. [10] introduce a method to extract signatures from
check backgrounds based on human perception. A topological criterion called filiformity
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Figure 3.4: The crop method Madasu et al. [31]

is defined. They define edges in images as filiform objects, which are typically longer than
wider. To detect signatures, different types of lines are analyzed. Bank checks usually
contain a series of boxes, in which customers write information regarding the transaction,
e.g. amount and purpose. The authors of the paper name the borders of these boxes
layout defining lines or contouring lines. According to them, these lines typically feature
dramatic contrast of intensity. On the other hand, handwritten lines, e.g. signatures or
handwriting in general, are characterized by a much softer contrast of intensity. Via this
criterion, it is possible to distinguish between a machine printed, contouring line and
a handwritten line. When following a contouring line it intersects another orthogonal
contouring line at some point. These contouring lines form boundaries that divide a check
into multiple images. Handwritten lines, e.g. signatures, are part these images. This
heuristic is mapped to a function G(s), that refers to the set of pixels, whose intensity is
greater than the threshold s. E(s) refers to the derivative of G(s). Finding the optimal
threshold Sy, is key to isolate all handwriting in the image under test.

Shetty et al. [52] employ Conditional Random Fields to segment objects in scanned
document images. Different visual entities such as machine-printed text, handwriting
and noise are labelled. The proposed algorithm is used in signature verification pipelines,
which frequently rely on segmented signatures. Initially region growing is applied to the
document to divide it into areas of interest. Then each area of interest is labelled via a
Conditional Random Field model. The authors of the article state that the model allows
classification of signatures as a subtype of handwriting. Conditional Random Fields
perform exceptionally well in tagging sequences, which carries over to classifying regions
of interest that are often categorized by spatial relationships, e.g. handwritten notes, that
are composed of sequential patches from left to right. For each region of interest several
state features are extracted, e.g. height, average width of internal connected components,
density, aspect ratio, number of components and average run length. Parameters for the
Conditional Random Field are approximated by conjugate gradient descent by analyzing
the features of 3500 regions of interest from the training data set. The proposed system
is illustrated in Figure 3.5. The approach is tested on the Tobacco 800 data set, analyzed
in many other publications as well. 53 documents were analyzed, divided into 26 training
and 27 testing documents. The algorithm divides each document into approximately
150 areas of interest, which are classified. Using the ground truth of the Tobacco 800
data set as a baseline, an accuracy of 0.957 could be achieved, machine printed text
achieved 0.980, handwriting 0.950 and noise 0.900. In contrast to the deep learning based
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Figure 3.5: A block diagram describing the steps involved in labeling scanned documents,
from Shetty et al. [52]

approaches, the relatively low number of training samples is observed as an advantage,
while extracting features for 150 patches of interest seems inefficient, due to the actual
number of signatures on a single page amounting up to only a fraction of that. Pre-
selection could be improved to reduce the number of patches for which features have to
be extracted and analysed.

3.2 Deep learning based approaches

Only two publications could be found in which where the authors performed an experiment
to detect signatures with convolutional neural networks. In one of which the Tobacco
800 data set is analyzed as well. It is related to the thesis, but as the publication is from
2018, the used network architectures and models are obsolete or newer better performing
versions were released. Therefore, it can be used as a starting point concerning the
achievable precision, as with newer better performing models higher precision should
be achievable. Sharma et al. [51] propose a methodology to detect signatures and
logos in scanned document images with convolutional neural networks. The authors
describe high intra-category variance to be one of the main challenges in signature
detection. The approach was evaluated with the Tobacco 800 data set. In the article
four different network models were used for signature and logo detection. Due to limited
computational resources and a comparably small data set, transfer learning with fine
tuning was performed, i.e. training of models was not performed from scratch but from
pre-trained states, where not the complete model but only layers were updated. The
following convolutional neural network architectures were tested, Faster R-CNN with
different backbones (ZF, VGG, VGG16) and YOLOv2. Non-maxima suppression was
applied to distill the most accurate predictions from the models. ZF and VGG were
trained with 60000 iterations and achieved a mean average precision (mAP) of 0.882
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Figure 3.6: Mean Average Precision analysis of all the CNN networks on Set 2 (Train
30%), from Sharma et al. [51]

and 0.884 in the signature class and 0.886 and 0.892 in the signature class, VGG16 was
trained with 40000 iterations achieving a mAP of 0.894 and 0.896 in the signature class.
YOLOvV2 was performing worse with a mAP of 0.778 and 0.788 in the signature class,
while being trained for 900000 iterations. The data was split into 30% for training, 10%
for validation and 60% for testing. The performance change of mean average precision
during the training process of the models is shown in Figure 3.6.

Ribeiro et al. [48] introduces a deep learning based approach for off-line handwritten
signature recognition. The approach is focused on signature verification instead of
detection and assumes already extracted signatures from documents. A two-step approach
is described for signature verification, first the owner is determined by the identification
classifier, trained on all signatures and then verified by specific classifiers, trained for
each individual. The model is trained and evaluated on the Grupo de Procesado Digital
de Senales (GDPS) data set!. It is composed of signatures of 300 legal entities, with 24
valid and 30 forged signatures per instance. Support Vector Machines were chosen as
the classifier with the following features: MDF, Width, Six-Fold Surface and Wavelet
Transform. Modified Direction Feature (MDF') showed the strongest impact on classifier
performance, the feature is based on Direction Feature (DF) and extracts direction
information of the structure of character contours [7]. Width refers to the characteristic
of average width in pixels of signatures. Six-Fold Surface splits a signature into three
equal cells and computes the center of mass for each of it and splits each area in an upper
and lower part. Area of upper and lower part for each cell then calculated, which results
in six features [39]. Wavelet Transform extracts horizontal, vertical and diagonal pixels
variations of signatures. The error distribution per feature is illustrated in Figure 3.7. The
evaluation was performed with signatures from 121 individuals and achieved a precision of
0.86 and a recall of 0.85. Concerning deep learning a neural network with 100 visible units
and two layers with 100 hidden units each was employed to compute representations of

http://www.gpds.ulpgc.es/download /
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Figure 3.7: Errors per feature, from Ribeiro et al. [48]

signatures. Ribeiro et al. [48] demonstrated that an accurate representation of signatures
can be extracted with neural networks, but mentioned limited computational resources
with led to a training of only 5000 epochs.

Mondal et al. [36] introduce a new data set for detecting and segmenting objects in scanned
document images and create a baseline for performance comparison with convolutional
neural networks. The data set is composed of 13000 pages of publicly accessible annual
reports of companies. Graphical entities of interest, namely 13000 tables, 3000 figures,
3000 natural images, 500 logos and 600 signatures are annotated with bounding
boxes in the ground truth. Due to the relatively small number of signatures, the data
set is primarily used useful for general document layout analysis or table and figure
detection. Mondal et al. [36] describe the data set to be perfectly usable for training
convolutional neural networks for object detection purposes - comparability is maximized
by providing the filenames used during training, validation and testing of the baseline
models. Furthermore, it is stated that smaller manually annotated data sets are better
for training object detection models than massive automatically created data sets. In
order to provide a baseline for future object detection approaches, a baseline is created
by using Faster R-CNN and Mask R-CNN. Transfer learning, with COCO pre-trained
ResNet-101, was employed to speed up the learning process. The Faster R-CNN model
is based on PyTorch and was trained with a dynamically reducing learning of 0.001,
decaying every five epochs by reducing it to a tenth of the previous value. Dynamically
reducing learning allows early epochs of the training process to have more impact on the
model, than latter ones where the model has already learned basic features. On the other
hand, Mask R-CNN was implemented with Tensorflow and Keras, training was not done
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from scratch but again via a ResNet-101 backend, pre-trained on COCO. In contrast to
the Faster R-CNN training process, a fixed learning rate of 0.001 was employed, as well as
0.9 momentum and 0.0001 weight as weight decay. The baseline for signature detection
in the data set for Faster R-CNN and unseen test data is a mean average precision of
0.898, with a precision of 0.775 and a recall of 0.886. Mask R-CNN resulted in a mean
average precision of 0.911, a precision of 0.787 and a recall of 0.917.

3.3 Conclusion

There is a lot of research in the area of signature detection in documents, but most of
the proposed algorithms are based on feature extraction, including many approaches that
rely on contextual information and are outdated at the time of writing this thesis. A few
deep learning based approaches were analysed, as well, but again these use deprecated
algorithms and models. Furthermore, the hardware the models were trained on is no
longer state of the art. With current GPUs a greater number of epochs and iterations
could be achieved while training. Moreover, traceability and comparability are limited
in the analyzed publications processing the Tobacco 800 data set, due to not stating
the exact file names of images used for training, testing and validation respectively, but
only the percentage split. Additionally the approaches were not tested on the complete
data set, as some images need be to used for training. This leads to several issues, the
performance of the presented algorithms presented cannot be compared in a fair way
as well as the performance might be impacted by the selection of easier files to detect.
Sometimes the authors did not even state comprehensive metrics, i.e. missing recall or
precision. In Figure 3.8 the distribution of publications with respect to the analyzed data
set is illustrated. It can be observed that the Tobacco 800 data set was used in most
publications. Provided a large and diverse data set with scanned document images with
signatures could be gathered and sufficiently powerful GPU cluster allocated, a promising
experiment would be to train a convolutional neural network from scratch. Another
research opportunity would be to analyze a potential performance impact in case of the
Tobacco 800 data set, augmented with two more classes: date and handwritten note.

#Publications
ot
T
|

« 1 1

0
Tobacco SPODS GPDS  other

Figure 3.8: Distribution of datasets used in publications
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CHAPTER

Experiment Structure

This chapter describes a series of different experimental setups used to evaluate the
proposed methods for detecting signatures in scanned document images. It gives the
reader an overview about the employed algorithms, implementations and frameworks.
In addition, two data sets, mentioned in earlier chapters, are introduced in detail, as
well as how the data sets had to be processed to serve as training data for the models.
Finally, the hardware configuration, that the training of convolutional neural networks
was performed on, is stated. While all implementations of signature detection algorithms
used in this thesis are based on the framework PyTorch, the utilized convolutional neural
networks (Faster R-CNN, YOLOvV5, Retinanet) and backbones (Resnet, MobileNet,
ResNeXt) differ. Different frameworks (Torchvision, Detectron, YOLOv5) build on top
of PyTorch and implement these convolutional neural networks. The structure of this
chapter follows the type of CNN implementing framework instead of the type of network.
Subsequent sections refer to each of these experiment setups by a unique identifier,
specifying the network, data set and type of model. Torchvision was chosen as it allows
rapid prototyping with minimal configuration overhead to initially assess if the proposed
approaches suffice. After successful experiments further CNN implementing frameworks
such as Detectron and YOLOv5 were included. These have more configuration overhead,
but provide a wider array of pre-trained models for transfer learning, more flexibility and
better customization options for the learning process.

4.1 Data sets

The following section introduces two data sets, used to evaluate the performance of
the proposed signature detection approaches. Their structure as well as samples are
described. Furthermore, different data set splits into training, validation and testing
partitions, required for the training of deep learning models, are mentioned. Experiment
labels, introduced in this section, follow a specific format: <data set abbreviation>__
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<architecture>_ <model name>_ <optional: notes>. For data set abbreviations, "T" is
used for the Tobacco 800 data set and "W" for the City of Vienna data set. Due to the
City of Vienna data set being rather small, the Tobacco 800 data set was merged with
the City of Vienna data set for some experiments for training, evaluation was performed
only on instances of the City of Vienna data set, this is indicated by the "MIX" prefix in
some experiments. In total 14 different experiment configurations were defined, these
can be observed in the experiment tree. All leafnodes as well as nodes, marked with a
star "*' are experiment setups. Star marked nodes served as a transfer learning base for
further experiments.
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4.1.1 Tobacco 800 data set

The data set [1][2][28] is compiled from a variety of scanned document images from the
Master Settlement Agreement in the tobacco industry. It consists of 1290 documents in
TIFF format containing machine printed text, sometimes accompanied by handwritten
notes, signatures and logos with dimensions ranging from 1200 x 1600 to 2500 x 3200
pixels, DPI ranging from 150 to 300 DPI. Not all documents contain signatures and
logos. The ground truth for the data set is supplied by the Language and Media
Processing Laboratory, University of Maryland [62][61]. Logos and signatures in the
scanned document images are annotated with location and dimensionality (bounding
boxes surrounding the object of interest), stored in XML files via the GEDI (ground
truthing editor and document interface) format. In Figure 4.1, the different combinations
of signatures and logos, occurring in the data set, can be observed. Great diversity is

(0} Very Noisy document with (b} Diocument with mulitple Sig-
Logo and Signature natures

()} Noisy Document with Logo (d) Document with Signature
and Signature and handwritien texi

Figure 4.1: Samples Signature and Logo detection results from Tobacco-800 data set.
Sharma et al. [51]

one of the biggest advantages of the data set, visual entities do not only occur isolated,
but overlapped and in multiple. The instances include various difficulties for signature
detection, ranging from noisy document scans and groups of signatures, over handwritten
notes (not annotated in the ground truth) to logos. The data set was split with different
ratios into a training, testing and validation partition. Subsequent chapters refer to splits
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4.1. Data sets

Training Validation Testing

Set 1 44% 10% 36%
Set 2 60% 10% 30%
Set 3 75% 10% 15%
Set 4 80% 10% 10%

Table 4.1: Tobacco 800 data set training, validation and testing splits

listed in Table 4.1 by "set <number>". The validation data set was used to evaluate
model performance during training and to select the best performing model after a
training session was finished. Then the selected model was evaluated on the testing data
set. Scores stated in the results section refer to the performance on the testing partition.
Numerous publications (mostly feature detection based approaches) used the Tobacco
800 data set for performance evaluation and benchmarking. This renders it the perfect
data set to test the models trained in this thesis on. The filenames for different splits
can be found in the appendix.

4.1.2 City of Vienna building applications data set

The municipality MA 37 of the City of Vienna (CoV) covers the whole process of building
projects, ranging from the approval of building applications to final checks after building
completion. In this process, a variety of documents has to be processed, many of them
with signatures and stamps. These documents are collected and serve as a second ground
truth for training convolutional neural network models. The achieved performance on
this ground truth will ultimately determine the effectiveness of the proposed signature
detection system. A diverse and numerous data set is necessary for training convolutional
neural networks. Due to building applications containing confidential information and
posing the requirement of protecting the identity of applicants by law, the acquired data
set cannot be publicly distributed or made accessible by any means. Transmission of
the documents is performed via a secured connection, without possibility of access for
uninvolved third parties. The main reason for acquiring a new data set and training
models on, is a substantial difference between the documents occurring in Tobacco
800 and the building application documents of the City of Vienna. While signatures
in the Tobacco 800 data set occur usually isolated without any overlapping entities,
signatures in building application documents are often partially covered by stamps, logos
or handwritten notes. Furthermore, the aspect ratio, orientation and color-space (black
and white or color scans) of documents in the latter is not fixed. All these differences
render a model, perfectly suitable for predicting signatures in the Tobacco 800 data set,
inefficient and incapable of performing well in the City of Vienna data set. Therefore,
further fine-tuning and transfer learning is necessary. The City of Vienna data set was
split into several training, validation and testing partitions, these are outlined in Table
4.2. Subsequent chapters refer to splits listed in Table 4.1, in context of the City of
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Training Validation Testing

Set 1 60% 10% 30%
Set 2 70% 10% 20%
Set 3 80% 10% 10%
Set 4 90% 5% 5%

Table 4.2: City of Vienna data set training, validation and testing splits

Vienna data set, by "set (W) <number>". Experiments with the "MIX" prefix follow
this data set split analogously, except for testing, where only instances belonging to the
City of Vienna data set were used.

4.2 Experiment setup Torchvision

The machine learning framework Torchvision for Python offers a variety of state of the art
deep learning implementations. In this thesis, its Faster R-CNN implementation was used.
First, the Tobacco 800 data set had to be converted into a compatible format. Therefore,
the data set was used as is, i.e. without augmenting it with further annotation (e.g.
additionally annotating handwritten notes) to maximize traceability and comparability.
Logos were neglected during training, due to only signatures being relevant in this thesis.
Furthermore, documents without signatures were identified by scanning the ground truth
and removed from the training data, as negative examples cannot be used for training
Faster R-CNN models. The next step was data set preparation, the Tobacco 800 data set
is available in TIFF format with annotations in XML format, both cannot be processed
without further conversion by Torchvision’s F-RCNN implementation. Therefore, all
images were converted to JPEG and the torch.utils.data. Dataset class extended and the
init and get_item method overwritten to serve the data to the model. The init function
prepares the filepaths for annotation and image data to be served to the data loader via
get__item. The member variables imgs and annotations hold images and annotations
respectively. In the get item method instances are converted to a format that allows
them to be fed to the data loader used for training the model. First the id of the
image in the list is stored in a tensor and the respective XML file is parsed to read the
coordinates and dimensions of the bounding boxes of signatures. Furthermore, the number
of signatures in the image as well as the area of the bounding box is calculated. Boxes
and areas of boxes are stored in an array, which is then converted to a tensor. Finally,
transformations for data augmentation are applied to the image before passing it to the
data loader. RandomCrop from Torchvision transforms was applied for data augmentation,
this transformation randomly crops parts of the image. Both the annotation and the
image had to be transformed. Then data was split into various sets of training, validation
and testing according to Table 4.1. Instead of training the Faster R-CNN models from
scratch, transfer learning was employed, the backbone of the network was pre-trained on
the COCO data set. Based on this methodology, a series of models were defined, each
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4.3. Experiment setup Detectron

of which was assigned a label for reference in subsequent chapters. During the training
process, data was fed to the models via Torchvision’s data loaders, data augmentation
in form of transformations was only performed on training data, augmenting validation
and test data sets would bias the performance metrics. Due to mediocre performance on
the Tobacco 800 data set and limited performance evolution tracking in regard of the
training process, no experiments with Torchvision were performed on the City of Vienna
data set. Limited performance evolution tracking refers to no out of the box support for
logging validation accuracy and loss during training in TensorBoard. TensorBoard is a
tool for analyzing the machine learning training process.

Faster R-CNN Resnet 50 Feature Pyramid Network

Label: T TV FRCNN resnetb0 FPN

Resnet 50 Feature Pyramid Network was used as backbone. Only the classifier in the
network was replaced with a new one fitting the Tobacco 800 data set. As the network
should only differentiate between background and signatures, logos or other graphical
instances were neglected in this step, the number of classes was set to 2 (one for signatures
and another one for the rest). The predictor was replaced with a new bounding box
predictor.

Faster R-CNN Mobilenet V2

Label: T TV FRCNN mobilenetv2

In another experiment the backbone of the network was changed to Mobilenet v2,
including a custom anchor generator and roi pooler, i.e. the anchor generator and roi
pooler from the transfer learning base model were overwritten. Custom anchor generator
refers to not using the pre-defined anchor generator from the COCO pre-trained model.
Anchor generators are responsible to create location proposals of objects of interest. Roi
(region of interest) poolers reduce the number of region proposals based on their features.
The sizes of the anchor generator were set to 32, 64, 128, 256 and 512, with aspect ratios
of 0.5, 1.0 and 2.0. MultiScaleRoIAlign was selected as region of interest pooler, with an
output size of 7 and a sampling ratio of 2.

4.3 Experiment setup Detectron

Detectron 2 overcomes a few disadvantages of Torchvision, with a greater selection of pre-
trained models, better configuration and tracking options for the training process as well
as advanced data set management. Therefore, further experiments were performed with
Detectron 2. The tool facilitates a series of computer vision tasks not limited to object
detection, but includes object segmentation via Mask R-CNN, Panoptic segmentation
and Keypoint detection. The framework relies on the COCO format in data sets, as
a consequence the Tobacco 800 annotations had to be converted to a list of Python
dictionaries, following the COCO standard and registered in the Detectron 2 data set
catalog via the listing. Each data set has associated meta information, referring to class
names in case of object detection, for other disciplines more information is stored. For all
subsequent experiments with Detectron 2, a routine for repeatable selection of training,
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test and validation data sets was established. First all filenames of images in the data
set folder are loaded via os.listdir, the resulting list is then put in alphabetical order
via sorted, annotations are treated analogously. This ensures repeatable experiments as
files are split afterwards into training, validation and testing partitions. Afterwards, the
data set is partitioned by employing scikit-learns train_ test split with a fixed random
state (seed = 10) following the ratios of Table 4.1. Creating all data set partitions
according to this routine ensures maximum comparability among experiments. The
configuration of models in Detectron 2 is performed by using the default configuration of
a network architecture (hyperparameters and CNNs are defined in Detectron 2 in yaml
files) as a base and then fine tuning it via the configuration object cfg in Python. Via
cfg, parameters of the base configuration can be overwritten. Detectron 2 provides a
transformation pipeline, building on Torchvision’s tranformation package, it facilitates
augmentations like RandomBrightness, RandomFlip and RandomCrop. In the following
experiments RandomFlip and Resize were used. These were used to simulate documents
with wrong orientation and of varying size.

Faster R-CNN ResNeXt 101 Feature Pyramid Network

Label: T D FRCNN Resnext1l01 FPN

Label: W_D FRCNN_ Resnext101 FPN

Label: MIX D FRCNN_ Resnext101 FPN

The first experiment performed is based on Faster R-CNN with transfer learning. Via
model zoo, a library of pre-trained neural network models, the base configuration for
Faster R-CNN with a Feature Pyramid ResNeXt 101 (faster_rcnn_ X_101__32x8d__
FPN__3z) Backbone is fetched and a checkpoint pre-trained for 270000 iterations on the
COCO data set loaded. During the experiment different combinations of frozen layers
were evaluated, details are given in the results section. Convolutional Neural Networks
are often organized in layers, when performing transfer learning parts of the network can
be frozen, i.e. will not be fine tuned on the new data set, but the weights of the base
model are kept.

Faster R-CNN ResNeXt 101 Feature Pyramid Network Transfer Learning
from Tobacco 800

Label: W_D FRCNN_ Resnext101_ FPN_ TF

In another experiment, the best performing Faster R-CNN model of the Tobacco 800
data set prediction task was used as a base for transfer learning the City of Vienna data
set.

Faster R-CINN ResNeXt 101 Feature Pyramid Network Custom Anchors
Label: W_D_ FRCNN_ Resnext101_FPN_CA

The default anchors of Detectron’s Faster R-CNN are customized to suit the COCO data
set. Objects of the City of Vienna data set differ dramatically from COCQO’s objects,
especially in regard of aspect ratio. Therefore, an experiment with custom anchors for the
City of Vienna data set was performed. Further details on the hyperparameter anchors
(scales and ratios) were described in Chapter 2. To acquire suitable anchors the ground
truth of the City of Vienna data set was analyzed. First the distribution of instance
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4.3. Experiment setup Detectron

dimensions was aggregated and normalized to range of 600 - 1024 pixels. Dimensions,
exceeding this range, were either set to 600, if they cross the lower boundary and to
1024, if they exceed to higher boundary. Subsequently bounding boxes were resized, the
distribution of their dimensions is displayed in Figure 4.2. Then the size of the base
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Figure 4.2: Dimensions distribution of normalized bounding boxes

boxes is calculated, their distribution is shown in Figure 4.3. Then the aspect ratios of

128 196 212 56 512 &4 96 rest

Figure 4.3: Distribution of base boxes

the boxes are clustered via K-Means, resulting in 0.597, 2.454, 4.093 and 1.447, anchor
scales were treated analogously, resulting in 0.552, 1.157, 0.874 and 1.553. These new
anchors were used in training during this experiment.

Retinanet Resnet
Label: T D Retinanet Resnext101
Label: W_D Retinanet Resnext101
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Further experiments were performed with Retinanet and ResneXt101 backbone. Reti-
nanet is a one stage object detection model and provides faster inference speed compared
to Faster R-CNN. During the experiment different combinations of frozen layers (freezing
weights of certain parts of the network) were evaluated, details are given in the results
section.

4.4 Experiment setup YOLO

A couple of years ago, using one stage object detectors (especially YOLOV2 and YOLOV3)
for high precision demanding tasks such as detecting signatures in documents would
not have resulted in good performance, as these models are traditionally employed in
video analysis and real time video stream processing. When detecting objects in videos,
accuracy was sacrificed for inference speed. Due to recent advancements in one stage
object detection approaches, performance comparable to Faster R-CNN can typically be
achieved, sometimes even surpassed. Therefore, the newest version of YOLO, YOLOV5
is included in the experiments of this thesis. YOLOVS5 relies on a different annotation
format than Detectron and Torchvision. Subsequently, the data set has to be converted
first into a suitable format. YOLOV5 expects training and annotation data to be in
the folders images and labels respectively. For each image in the images folder, the
folder labels has to hold a corresponding annotation file, specifying each visual entity the
network should be trained on. Annotation files have the same filename and .txt as file
ending, each visual entity within one image is in a separate line in the annotation file.
Each line follows the format: class id, bounding box center x-coordinate, bounding box
center y-coordinate, bounding box width and bounding box height. All coordinates and
values are normalized on the image dimensions and, therefore, range between 0 and 1.
The data set is complemented with a yaml file, specifying the number of classes, class
names and paths to the training, validation and test partition of the data set. A python
script was used to distribute the instances of the data set in the corresponding directories
based on the splitting ratios of Table 4.1. YOLOvV5 offers different model sizes, in the
subsequent experiments only the largest YOLOv5x is used, as it prioritizes accuracy over
speed. As we are not performing real time object detection, prediction speed can be
neglected.

YOLOv5x

Label: T Y YOLOvbx

Label: W Y YOLOv5x

Label: MIX_Y_ YOLOvbx

In the first experiment with YOLOV5, a COCO pre-trained YOLOv5x model was
used. The architecture of models used in YOLOVS can be modified in yaml files. The
architecture of layers was not changed, only the number of classes was set to 1 (signatures).
When using Transfer Learning with YOLOv5x, freezing layers is discouraged by the
author of the framework as it results in poorer performance in case of YOLOvV5, therefore
all layers were trained during learning phase. Adapting anchors is not necessary for
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4.5. Hardware

YOLOVH, as the network determines these automatically if the original anchors from the
transfer learning base model do not fit.

YOLO5x Transfer Learning from Tobacco 800

Label: W_Y_YOLOv5x_TF

In another experiment, the best performing Faster R-CNN model of the Tobacco 800
data set prediction task was used as a base for transfer learning with the City of Vienna
data set.

4.5 Hardware

Training convolutional neural networks is a resource intensive task that can take several

weeks to complete. Employing transfer learning reduces training time significantly.

Depending on data set composition, usable results can usually be expected within 24
hours. The training process was executed on the GPU cluster of TU Wien. As of 2020
the cluster facilitates 4 Nvidia GTX 1080 TI with 12 GB VRAM and 2 Titan RTX with
24 GB VRAM. To further accelerate the training, distributed learning was performed in
longer training sessions.
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CHAPTER

Experiment Results

This chapter describes the performance achieved with deep learning models in experiments,
defined by the experimental structure of the previous chapter. Detailed metrics such as
frozen layers as well as hyperparameters of the models are given. Results are described
for two data sets, Tobacco 800 and City of Vienna building application data set. In this
section, scores of different model architectures are listed separately, in-depth comparison
is performed in the subsequent discussion chapter. Concerning training process plots,
YOLOV5 uses a combined loss function, which includes obj_ loss and giou_ loss. Therefore,
both loss functions are plotted. YOLOvV5 labels AP[0.50:0.95] as mAP_0.5:0.95 and
AP[0.50] as mAP_0.5. In regard of the learning process of Detectron models, total loss
refers to the loss on the training data set and validation loss on the validation data set.
Detectron labels AP[0.50:0.95] plots as AP and AP[0.50] as AP50.

5.1 Experiments on Tobacco 800

Based on the experiment configurations, identified by experiment labels, in Chapter
4, various experiments were conducted with differing data set splits. This section
presents and discusses results experiments concerning the Tobacco 800 data set. The
best performing model and data set split of each configuration was selected for analysis
and comparison with their counterparts from other architectures. Out of these, the
best performing model was chosen and compared with the state of the art approaches,
identified in the literature review. In many plots, the graph has been smoothed to
enhance readability, the original graph is visible in the background in lighter color.

5.1.1 Torchvision

In this section, results of experiments performed with Torchvision on the Tobacco 800
data set are presented and discussed. Furthermore, selected examples of predictions are
illustrated and analyzed.

47




Die approbierte gedruckte Originalversion dieser Diplomarbeit ist an der TU Wien Bibliothek verfligbar

The approved original version of this thesis is available in print at TU Wien Bibliothek.

[ 3ibliothek,
Your knowledge hub

5.

EXPERIMENT RESULTS

48

Backbone Epochs LR Data set AP[0.50:0.95] AP[0.50] R

resnet50 10 0.001 Set 1 0.547 0.622 0.531
resnetb0 15 0.005 Set 4 0.531 0.636 0.610
resnetb0 20 0.005 Set 2 0.506 0.669 0.665
resnetb0 25 0.001 Set 3 0.559 0.729 0.632

Table 5.1: Performance of model T_TV__FRCNN_ resnet50__FPN across varying epochs
and data splits with decaying learning rate (LR), all layers apart from last are fixed

F-RCNN resnet50

Model T_TV_FRCNN_ resnet50__FPN was trained with an optimizer, based on stochas-
tic gradient descent. An initial learning rate of 0.001, a momentum of 0.9, and a weight
decay of 0.0005 were defined. The employed scheduler facilitates a constant reduction
of learning rate by dividing it every third epoch by a divisor of 10. Reduced learning
rates partially preserve the original weights of the model. 10 epochs were selected as a
first training duration. In order to find the optimal hyperparameter settings, different
epochs, train validation, and test splits, as well as learning rates, were analyzed. Their
performance is shown in Table 5.1. Performance of models vary over the period of
training, therefore the best performing model was tracked overall epochs and selected as
a final model.

Discussion and Comparison Torchvision’s F-RCNN implementation, used in configu-
ration T__TV__FRCNN_ resnet50_FPN, does not support detailed logging of performance
evolution in graphs during the training process. Therefore, only the final model T__
TV_FRCNN_ resnet50_FPN trained on Set 1 was analyzed. In this section sample
predictions of the model are displayed, as well as common false positives are shown to
display areas having poor results. The correct signature bounding box is displayed via a
surrounding with a green border, the prediction is visualized with a red border.

In Figure 5.1, examples of the performance of the model can be observed. Single isolated
(not surrounded by handwritten notes) signatures are detected with high precision, even
multiple occurrences are located without issues. Common false positives are handwritten
notes.
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Figure 5.1: Selected predictions of model T__TV_FRCNN_ resnet50_FPN Set 1

F-RCNN MobileNet V2

Model T_TV_FRCNN_ mobilenetv2 was trained on set 4 with a learning rate of 0.001,
a momentum of 0.9 and a weight decay of 0.0005 over 15 epochs. Employing mobilenet
with custom anchor generator and roi pooler did not produce good results with an
AP[0.50:0.95] of 0.297 with a recall of 0.372. Due to the low score, no further training
with different data set splits was performed on this configuration.

5.1.2 Detectron

In this section, results of experiments performed with Detectron on the Tobacco 800
data set are presented and discussed. Furthermore, selected examples of predictions are
illustrated and analyzed.
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Backbone IT LR Data set AP[0.50:0.95] AP[0.50] R

resnext101 50000 0.00015 Set 1 0.604 0.791 0.662
resnext101 50000 0.00025 Set 2 0.604 0.760 0.650
resnext101 50000 0.00025 Set 3 0.565 0.735 0.653
resnext101 50000 0.00015 Set 4 0.552 0.680 0.598

Table 5.2: T_D_FRCNN_ Resnext101__FPN over various iterations (IT), learning rates
(LR) and different test train splits, stem + first stage were frozen

F-RCNN ResNext101

In another experiment, model T_D_FRCNN_ Resnext101__FPN was trained on different
data set splits with a batch size per image of 512 and varying learning rates with a single
class classifier (only signatures were predicted). The optimizer used stochastic gradient
descent. Intermediate states of the model where saved every 5000 iterations, out of these,
the, on the validation data set, best performing model was selected at the end. The
results of the experiments are displayed in Table 5.2.

Discussion and Comparison The best performing model of T_D_FRCNN_ Resnext101__

FPN was trained on Set 1 (44/10/36 split) for 50000 iterations. During training, the
performance was evaluated every 5000 iterations which is shown in Figure 5.2. It can be
observed that no major improvements of accuracy occurred after the first 5000 iterations
and that the best performing model was trained for 24999 iterations. In the loss graph

Figure 5.2: Average precision of T_D_FRCNN_ Resnext101__FPN validation partition
of Set 1

shown in Figure 5.3, a rapid decrease until the 5000 iteration mark is displayed. In
combination with the average precision plots presented in Figure 5.2, this indicates that
most performance gains were achieved within the first 5000 iterations. In Figure 5.4, a
selection of predictions on the test data set is shown. It is observed that in contrast to
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Figure 5.3: Loss graph of training process of T _D_FRCNN_ Resnext101_FPN on Set 1

the best performing model of T_Y_ YOLOv5x noisy backgrounds do not interfere with
prediction performance (displayed in images a and b), while multiple signatures, as well
as handwritten notes in close proximity to signatures, deteriorate performance. The best
performing model of T Y YOLOv5x suffers from problems with handwritten notes as
well.
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Figure 5.4: Selected predictions of T_D_FRCNN_ Resnext101_FPN (44/10/36 split)
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T D Retinanet Resnext101

Further experiments were performed with model T _D_ Retinanet_ Resnext101 with
varying frozen layers over different data set splits. The results are displayed in Table 5.3.
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5.1. Experiments on Tobacco 800

Backbone  frozen layers LR IT Data set AP[0.50:0.95] AP[0.50] R

resnext101l stem-first stage 0.00015 50000 Set 1 0.605 0.792 0.667
resnext101  stem-first stage 0.00025 50000 Set 2 0.578 0.708 0.590
resnext101 stem-first three stages 0.00025 50000 Set 3 0.532 0.685 0.523
resnext101l stem-first three stages 0.00015 50000 Set 4 0.552 0.720 0.598

Table 5.3: T D _Retinanet Resnext101 over various iterations (IT), learning rates (LR)
and different test train splits

Discussion and Comparison The best performing model of T D_ Retinanet_ Resnext101
was trained on set 1 (44/10/36 split). The training process of the model is illustrated in
Figure 5.5. The greatest performance increase was achieved in the first 5000 iterations

as seen in loss graphs, afterwards gains slowed down. Due to employing the same back-
bone, the training graphs of T_D FRCNN_ Resnext101__FPN and T_D_ Retinanet__
Resnext101 show similar behavior.

obj_loss

o 10k 20K 0k Ak S0k
Iterations
Figure 5.5: Loss graph of training process of model T D _ Retinanet Resnext101 on Set
1

In Figure 5.6, selected predictions from the model are shown. The signature in the image
could not be detected in contrast to previously analyzed models. In sample b and d,
not all signatures were recognized, which indicates problems with detecting multiple
signatures. Furthermore, it is the only model that misclassifies a date as a signature.
Noisy document backgrounds do not seem to interfere with prediction performance.
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Figure 5.6: Selected predictions of T_D_ Retinanet_ Resnext101 (44/10/36 split)
5.1.3 YOLOv5
In this section, results of experiments performed with YOLOv5 on the Tobacco 800 data
set are presented and discussed. Furthermore, selected examples of predictions, as well
as, the training process are illustrated and analyzed.
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5.1. Experiments on Tobacco 800

Model Data set LR  Epochs AP[0.50:0.95] AP[0.50] R

YOLOv5 Set 1 0.12 1000 0.697 0.972 0.971
YOLOv5  Set 2 0.12 1000 0.691 0.950 0.950
YOLOv5 Set 3 0.12 1000 0.690 0.963 0.897
YOLOv5 Set 4 0.12 1000 0.692 0.941 0.942

Table 5.4: Performance of model T_Y_YOLOv5x on different data set splits

T Y YOLOv5x

Experiments were conducted with the model T_Y_YOLOv5x with a batch size of 16
across various data set splits. The optimizer was based on stochastic gradient descent.
The performance of the models trained in the experiments can be observed in Table 5.4.

Discussion and Comparison The best performing model of the YOLOv5 Setup (T

Y_YOLOvV5x) was trained on set 1, with a training, validation, and testing split of 44%,
10%, and 36%. In Figure 5.7, the development of its accuracy, recall, and precision
regarding the validation set over the training period can be observed. Ultralytics YOLOv5
implementation logs more details during the training process compared to other assessed
frameworks. As it is the best performing model, understanding its training process is of
great significance. Therefore, this section presents more plots based on the additional
available data compared to the discussion section of Detectron’s Retinanet and Faster
R-CNN. In the graph displaying the development of the mean AP[0.50:0.95], one can

observe, that after 500 epochs only an insignificant performance increase was achieved.

Figure 5.8 displays loss over the training period. A stagnation of general intersection
over union loss (gloUL) can be observed in the training data set after epoch 800, in
contrast to gloUL of the validation data set, which slowly starts to increase after epoch
800. This phenomenon indicates beginning overfitting on the training data set, resulting
in deteriorating performance on the validation data set. Combined with the observed
stagnation of the mean average precision metric, it is concluded that further training
would not lead to better model performance.

In Figure 5.9, a series of selected predictions of the model T Y _YOLOv5x (44/10/36
split) is displayed. Detecting multiple signatures in a document is demonstrated. On the
other hand, noisy documents, as well as a large number of handwritten notes in close
proximity to signatures, seem to increase the difficulty for the model.
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Figure 5.7: Development of performance of model T_Y_YOLOv5x on set 1
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Figure 5.8: Loss of model T_Y__ YOLOv5x on set 1 on training and validation set
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5.1. Experiments on Tobacco 800

5.1.4 Conclusion of Tobacco 800 models

Table 5.5 shows performance on Set 1 across different model architectures, the best
performing configuration was T Y _YOLOv5x, its performance is therefore used for
comparison with the state of the art scores, found in different publications. T _D__
Retinanet_ Resnext101 and T__D_FRCNN_ Resnext101__FPN offer similar performance,
this is potentially caused by them relying on the same backbone architecture. The worst
performance in this comparison offers the model T__TV__FRCNN_ resnet50__FPN. The
models T D FRCNN Resnextl01 FPN and T TV FRCNN resnetb0 FPN differ in
performance due to the inferior backbone, Resnet 50 instead to ResNeXt101.

Furthermore, a comparison of performance to approaches in state of the art literature
was performed. The default metric in most object detection competitions, as well as in
all publications analyzing the Tobacco 800 data set, is an AP[0.50]. Using this looser
criterion an average precision of 0.972 was achieved, with a recall of 0.971, which surpasses
all deep learning based approaches found in related work. For comparison, the best
performing deep learning approach Sharma et al. [51] achieved a mean average precision
of 0.882 and a recall 0.884 with Faster R-CNN in a 30% train, 10% validation, and 60%
testing data set split. The leading feature extraction based approach [62] [62], achieved
an accuracy of 0.928 on the complete data set. The proposed YOLOv5 model of T _Y__
YOLOvV5x trained on Set 1 surpasses this score as well. However, a fair comparison is
not possible, due to not published file names used for train, validation, and test split.

Model Data set AP IoU[0.50:0.95] AP IoU[0.50] R

T Y YOLOv5x Set 1 0.697 0.972 0.971
T D Retinanet Resnext101 Set 1 0.605 0.792 0.667
T D FRCONN_Resnext1l01 FPN  Set 1 0.604 0.791 0.662
T TV FRCNN resnetb0 FPN a Set 1 0.547 0.622 0.531

Table 5.5: Best performing models
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5.2 Experiments on City of Vienna data set

Analogously to the discussion section of the Tobacco 800 data set, the best performing
model and data set split of each experiment configuration was selected for analysis and
comparison with their counterparts from other architectures. Out of these, the best
performing model was selected and used to implement a signature detection system
accessible to the end-user, this system is introduced in subsequent chapters. Due to
privacy law, predictions of the models can only be described textually, but not illustrated
as in the Tobacco 800 discussion section.

5.2.1 YOLOv5

In this section, results of experiments performed with YOLOv5 on the City of Vienna
data set are presented and discussed. Furthermore, the training process is analyzed in
detail and insights given.

W_Y YOLOv5x

Model W_Y__ YOLOv5x was trained for 3000 epochs with an initial learning rate of 0.0032
and a final learning rate of 0.12, a momentum of 0.843 and a weight decay of 0.00036 on
varying data set splits. The performance of the models trained in the experiments can
be observed in Table 5.6. As previously mentioned, the YOLOv5 implementation logs
more data during the training process of a model. As the YOLOv5x model is the best
performing, understanding its training process in depth is important. Therefore, more
graphs were plotted by employing these additionally logged metrics compared to other
architectures.

Discussion and Comparison The best performing model of the YOLOv5 configura-
tion W_Y_ YOLOv5x was trained on set (W) 4. Despite the model trained on set (W)
2 offering a higher AP[0.50], the stronger AP[0.50:0.95] is prioritized. Due to the low
number of training samples, a 20% bigger training set (the difference between set (W) 2
and set (2) 4) leads to a better generalizing model. The training process is displayed
in Figure 5.10. In the loss graph, displayed in Figure 5.11, it is observed that while
the training loss continues to decrease, general intersection over union loss regarding the
validation data set starts to increase after about 2200 epoch and object loss increases

Epochs LR dataset  AP[0.50:0.95] AP[0.50] R

3000 0.12 Set (W) 1 0.456 0.821 0.869
3000 0.12 Set (W) 2 0.499 0.891 0.922
3000 0.12 Set (W) 3 0.443 0.809 0.848
3000 0.12 Set (W) 4 0.623 0.875 0.875

Table 5.6: Performance of model WY YOLOv5x
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5.2. Experiments on City of Vienna data set

mAP_0.5 mAP_0.5:0.95

0.84

086

0.52

o.7g

precision recall

0 BOO 1k 18k 2k 28k 3k 0 800 1k 'I.:':-‘iE LF 28k 3k
Epochs pochs

Figure 5.10: Performance evolution of W_Y_YOLOv5x during training

after 1500 epochs. This indicates overfitting of the model to the training data and that
further training will not result in a better performing model. The best performing model
among all training epochs was selected for final evaluation with the test data set. Multiple
signatures in one document, as well as signatures overlapping stamps, were detected

without any problem. Dates and handwritten notes were not misclassified as signatures.
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Figure 5.11: Loss on training and validation data set of W_Y_ YOLOv5x during training

W_Y_YOLOv5x_TF

In another experiment, model W_Y_YOLOvbx_ TF was trained for 1500 epochs with
an initial learning rate of 0.0032 and a final learning rate of 0.12, a momentum of 0.843
and a weight decay of 0.00036 on varying data set splits. As transfer learning basemodel
T_Y_YOLOv5x was used, it was trained on set 1 for 1000 epochs. The results are
displayed in Table 5.7.

Discussion and Comparison The best performing model of the YOLOv5 configu-
ration W_Y_YOLOv5x_TF was trained on set (W) 4. In this experiment transfer
learning, building upon the best performing Tobacco 800 model was employed. The
training process is displayed in Figure 5.12 and 5.13. One can observe that an AP at
an IoU greater than 0.5 of 0.70 was achieved after the first epoch, this indicates that
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5.2. Experiments on City of Vienna data set

Basemodel Epochs LR  Dataset  AP[0.50:0.95] AP[0.50] R
T Y YOLOvbx 1500 0.12 Set (W) 2 0.469 0.829 0.875
T Y YOLOv5x 1500 0.12 Set (W) 4 0.573 0.799 0.812

Table 5.7: Performance of model W_Y__ YOLOv5x_ TF on different data set splits

basic signature detection is transferable across different data sets. Within the first 500

mAP_0.5

precision

A ol

800

Epochs

mAP_0.5:0.95

recall

200 400 600 8OO 1k 1.2k 1.4k
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Figure 5.12: Performance evolution of W_Y__YOLOv5x_ TF during training

epochs, high AP values of about 0.8 on the training data set were achieved. As displayed

in Figure 5.14, W_Y_ YOLOvb5x_TF reaches higher AP significantly faster than W__

Y__YOLOv5x, which uses a generic transfer learning base, compared to the task-specific
base of W_Y__YOLOv5x_TF. Despite W_Y_ YOLOv5x_TF leading up to the 500
epoch mark, W_Y_YOLOv5x takes over afterwards and achieves a higher accuracy over
the whole training period. W_Y_YOLOvbx_TF plateaus earlier at around 500 epochs
at an AP of 0.82. It is concluded that some of the features learned from the Tobacco
800 data set are transferable to the City of Vienna data set and accelerate the training
process at the beginning, but also prevent learning specialized features that would be
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Figure 5.13: Loss on training and validation data set of W_Y_ YOLOv5x_TF during
training

required to achieve better AP in the whole training process. Therefore, it is concluded
that task-specific transfer learning is not beneficial when dealing with small data sets.
Both the City of Vienna data set and the Tobacco 800 data set are small compared to the
COCO data set. It has to be considered that the Tobacco 800 transfer learning base was
trained on COCO data set, therefore a reduced learning rate was employed when training
with Tobacco 800. As a result, not all features learned from COCO were overwritten
and not the whole network was adapted to Tobacco 800, but only fine-tuned. With a
bigger initial data set, training a CNN from scratch on signatures and then fine-tuning
it on the City of Vienna data set might have better results. As expected, signatures
not overlapping stamps were detected flawlessly by the model of W_Y_ YOLOv5x_ TF,
but not all signatures overlapping stamps could be detected. This is potentially because
the Tobacco 800 data set, which served as a base for training, only contains isolated
signatures.
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5.2. Experiments on City of Vienna data set
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Figure 5.14: Accuracy of W_Y_ YOLOv5x_TF (orange) and W_Y__YOLOv5x (green)

during training

5.2.2 Detectron

In this section, results of experiments performed with Detectron on the City of Vienna
data set are presented and discussed. Furthermore, the training process is analyzed in
detail and insights given.

W_D FRCNN_Resnext1l01 _FPN

In this experiment, models were trained on varying data set splits. The results of these
experiments can be observed in Table 5.8.

Discussion and Comparison The best performing model W_D_FRCNN_ Resnext101__
FPN was trained on set (W) 4 for 50000 iterations with default anchors. The average
precision plot in Figure 5.15 for the validation data set shows a performance peak after
around 5000 iterations, both in AP[0.50:0.95] and AP[0.50]. Considering the plot of
validation and training loss, one can observe a minimum after around 5000 iterations,
afterwards validation loss increases, while training loss steadily decreases over the course
of training. In combination with the high average precision at this stage of training,
it is concluded that the model at this training level offers the best performance. Not
all signatures were detected by the model, it had problems both in areas where stamps

LR IT Data set  Anchors AP[0.50:0.95] AP[0.50] R
0.00015 50000 Set (W) 2 default  0.349 0.550 0.469
0.00015 50000 Set (W) 3 default  0.469 0.650 0.576

Table 5.8: Performance of model W_D_FRCNN_ Resnext101__FPN (default anchors)
on different data set splits
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Figure 5.15: Training process of W_D_FRCNN_ Resnext101_FPN set (W) 4

LR IT data set Anchors AP[0.50:0.95] AP[0.50] R

0.00015 50000 Set (W) 3 custom  0.398 0.675 0.505
0.00015 50000 Set (W) 4 custom  0.352 0.554 0.455

Table 5.9: Performance of model W_D_FRCNN_ Resnext101__CA (custom anchors) on
different data set splits

overlap signatures as well where multiple signatures were located in close proximity to
each other.

W_D_ FRCNN_ Resnext101__CA

This model was trained with custom anchors, computed via the methodology shown in
Chapter 4 for signatures in the City of Vienna data set, on varying data set splits. A
comprehension of results of these experiments can be observed in Table 5.9.

Discussion and Comparison The best performing model of W_D_FRCNN_ Resnext101__
CA was trained on set (W) 4 for 50000 iterations with custom anchors. The performance
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5.2. Experiments on City of Vienna data set

evolution of the training process is displayed in Figure 5.16. The best-performing of

AP APS0

0 Sk 10k 18k 20k 25k 30k 35k 40k 48k 50k 0 Gk 10k 15k 20k 25k 30k 35k 40k 48k 50k

validation_loss lterations total_loss lterations

400k 50k

ALk, Hik

20k 3K 20k 30k
Iterations lterations

Figure 5.16: Training process of W_D_FRCNN_ Resnext101__CA set (W) 4

the models W D FRCNN Resnextl01 FPN and W D FRCNN Resnext101 CA
state can be found at around 5000 iterations. In the combined plot illustrated in Figure
5.17 of the AP[0.50] one can observe that the model with custom anchors performed
worse in initial the 5000 iterations mark, afterwards performance increased, while the
model with default anchors plateaued. With regard to prediction performance, the model
W_D_FRCNN_ Resnext101__CA achieved a higher score on the validation set. But
prediction performance overall was weaker on the test set compared to W_D_FRCNN__
Resnext101_FPN. In areas where both models could detect a signature, the model with
custom anchors detected better fitting bounding boxes.

MIX_D_ FRCNN_ Resnext101__FPN

Model MIX_D_ FRCNN_ Resnext101__FPN trained on set (MIX) 3 for 200000 with a
learning rate of 0.00025 reached an AP[0.50:0.95] of 0.42, an AP[0.50] of 0.68 with an
average recall of 0.5 was achieved, due to low recall, training with further sets was not
performed.
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Figure 5.17: AP of W_D_FRCNN_ Resnext101_CA (orange) and W_D_FRCNN__
Resnext101__FPN (gray) during training

LR IT Data set ~ Basemodel  AP[0.50:0.95] AP[0.50] R

0.0001 25000 Set (W) 2 Tobacco 800 0.343 0.579 0.423
0.0001 25000 Set (W) 4 Tobacco 800 0.569 0.768 0.600

Table 5.10: Performance of model W D FRCNN Resnext101 FPN TF on different
data set splits

Discussion and Comparison The performance of MIX_D_FRCNN_ Resnext101__
FPN when evaluated only on City of Vienna documents is sub-par, this is likely due to
the City of Vienna data set generally posing more difficult instances such as overlapping
stamps for signature detection, but the network being trained on a data set, in which the
vast majority of images contains only isolated signatures (75% from Tobacco 800 and 25
% from City of Vienna).

W_D_FRCNN_ Resnext101__FPN_TF

Model W_D_ FRCNN_ Resnext101__FPN_TF was trained on varying data set splits
with a Tobacco 800 model as a transfer learning base, i.e. not a generic COCO pre-trained
model was used for training, but a model, that had already learned signature specific
features. The results of these experiments can be observed in Table 5.10.

Discussion and Comparison The best performing model of W_D_FRCNN_ Resnext101__

TF was trained on set (W) 4 for 25000 iterations with the best performing Tobacco 800
Faster R-CNN model as transfer learning base with default anchors. The performance
evolution of the model over the course of the training process is displayed in Figure
5.18. After about 3000 iterations an AP[0.50] if 0.53, which is also the point where the
minimum in the validation loss graph occurs. Afterwards validation loss begins to rise,



Die approbierte gedruckte Originalversion dieser Diplomarbeit ist an der TU Wien Bibliothek verfigbar

The approved original version of this thesis is available in print at TU Wien Bibliothek.

thek,

L]
lio
nowledge

b

o
i
r

M YOU

5.2. Experiments on City of Vienna data set

AP AP5S0
2.8 2
o] 1k 12k 16k 20k Z2dk o] 1 12k 16k 20k Z2dk
Iterations lterations
total_loss validation_loss
.12
1.0
.8
Ak Sk 12k 1Bk 20k 24k o] 1k 12k 16k 20k 24k
Iterations Iterations

Figure 5.18: Training process of W_D_FRCNN_ Resnext101__TF

while training loss slowly continues decreasing. This potentially indicates overfitting to
the training data set. After the training process, the best performing model was selected,
therefore an overfitted model can be ruled out. In Figure 5.19 the training process of W__

D_FRCNN_ Resnext101_TF and W_D_FRCNN_ Resnext101_FPN is compared. In

this case task-specific transfer learning clearly outperforms the COCO pre-trained model.

In regard to actual predictions W_D_FRCNN_ Resnext101__TF performed better in

multi-signature detection and detection of overlapped signatures, but not as well as W__

Y YOLOvix TF and W_Y_ YOLOvbx.

W_D Retinanet_ Resnext101

The models of experiment W__D_ Retinanet_ Resnext101 were trained on varying data
set splits. The results of this experiment are displayed in Table 5.11.

Discussion and Comparison The best performing model of W_D_Retinanet__

Resnext101 was trained on set (W) 4 for 25000 iterations. Figure 5.20 illustrates the
performance evolution during the training process. The model reaches an intermediate
peak in AP[0.50:0.95] at around 4000 iterations and plateaus with only small outliers
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5. EXPERIMENT RESULTS
AP50
16k 20 rltéfl‘i’tjgl:‘ué 15k 40k 48k &0k
Figure 5.19: Training process of W_D_FRCNN_ Resnext101_TF (orange) and W_D__
FRCNN_ Resnext101 FPN (gray) on set (W) 4
LR Iterations Data set ~ AP[0.50:0.95] AP[0.50] R
0.00015 25000 Set (W) 1 0.349 0.529 0.428
0.00015 25000 Set (W) 2 0.510 0.696 0.575
0.00015 25000 Set (W) 3 0.346 0.514 0.406
0.00015 25000 Set (W) 4 0.280 0.440 0.392
Table 5.11: Model W__D_ Retinanet_ Resnext101 performance across various data set
splits
Model Data set ~ AP[0.50:0.95] AP[0.50] R
W_Y YOLOvb5x Set (W) 4 0.623 0.875 0.875
W_ D FRCNN Resnext1l01 TF Set (W) 4 0.569 0.768 0.600
W_D_ Retinanet_ Resnext101 Set (W) 4 0.510 0.696 0.575
W_D_FRCNN_ Resnext101_FPN Set (W) 4 0.469 0.650 0.576
W D FRCNN Resnext101 CA Set (W) 4 0.398 0.675 0.505
Table 5.12: Comparison of best performing models
after 8000 iterations. Training loss decreases over the whole course of the training process,
while validation loss starts to increase after 2000 iterations, this potentially indicates
overfitting of the model to the training data set. In regard of predictions, the model W__
D_ Retinanet_ Resnext101 performs slightly better than the Faster R-CNN models.
5.2.3 Conclusion of City of Vienna data set
In Table 5.12, the best performing models of each experiment are listed for comparison.
Model W_Y_ YOLOv5x trained on Set (W) 4 performed better than every other model.
In general, it can be observed that the best performing model of each experiment was
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AP APS0
36 51
34 4
32 |
a0 1
28 43
26 41

o Ak &k 2k . 16k 0k Ak 8] Ak = 12] 16k 0k Ak

- Iferamné - - - - rieratleﬁs - -

total_loss validation_loss

2 1A

0 4k Bk 12k 16k 20k 24k 0 4k Bk 12k 18k 20k 24K
lterations lterations

Figure 5.20: Training process of W_D_ Retinanet_ Resnext101 set (W) 4

trained on Set (W) 4. The small portion of files used for testing and validation in this
split allows using most of the data for training, this is important for a good generalizing
model especially in small data sets such as the City of Vienna building applications
data set. Employing a single-stage object detector for predicting signatures offers faster
inference time compared to two-stage object detectors such as Faster R-CNN. Not only
inference, but training can be performed more efficiently as well.
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CHAPTER

Conclusion

In this chapter, the results of this work are aggregated and analyzed. Furthermore, the
limitations of the proposed signature detection system are summarized and contributions
to the state of the art mentioned. Finally, suggestions for future research in the area of
signature detection are given.

6.1 Research Questions

The goal of this thesis was to develop an automated system to detect signatures in
scanned document images. The system should enable civil servants at the municipality
MAZ37 (Baupolizei) of the City of Vienna to work more efficiently. Checking every page
for signatures in a building application compiled from hundreds of pages was a tedious,
time consuming and error-prone task, the proposed signature detection system solves
these problems by automatically extracting signatures from the document.

RQ1: What is the best approach to detect handwritten signatures from
varying, noisy backgrounds with machine learning? The experiments in this
thesis have shown that convolutional neural networks are highly capable of detecting
signatures from complicated backgrounds such as scanned document images with a variety
of overlapping visual entities with high precision and accuracy. While many different
types of models offered good performance, all of them were surpassed by YOLOvV5 in
terms of accuracy, training time, and inference speed. It was shown that in 2020 one stage
object detectors such as YOLOV5 offer better performance than traditional counterparts
such as Faster R-CNN. One stage object detectors are algorithms that perform detection
and classification of objects in one stage. This is not limited to YOLOv5. Retinanet,
another one stage object detector, also provides better performance than Faster R-CNN,
although the gap in achieved accuracy was not as large as between YOLOv5 and Faster
R-CNN. This was demonstrated by performing experiments on two different data sets,
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Tobacco 800 and City of Vienna building applications. In these two data sets, signatures
had to be detected, the best performing model was based on YOLOvV5 in both cases.
Hyperparameters were optimized in all three types of networks, YOLOv5, Retinanet
and Faster R-CNN, but the YOLOvV5 models T_Y__YOLOv5x and W_Y_ YOLOv5x
achieved the best overall score with AP[0.50] of 0.875 and recall of 0.875 in the City of
Vienna building applications experiment and AP[0.50] of 0.972 and recall of 0.971 in the
Tobacco 800 experiment.

RQ2: What effect has transfer-learning on model accuracy in handwritten
signature detection? Experiments in this thesis have shown that transfer learning
increases model accuracy in handwritten signature detection compared to training from
scratch. In fact, training a convolutional neural network for signature detection on a data
set as small as the City of Vienna building applications data set, with only about 250
instances from scratch, does not produce any usable results in terms of a well generalizing
model within a reasonable number of training epochs. Relying on a two step transfer
learning approach, i.e. using a COCO pre-trained model as a base for training it with
the Tobacco 800 data set and then fine tuning it again on the City of Vienna building
applications data set did only result in small performance gains in one case, in other
experiments no gains or even diminished precision was measured. Performance of model
W_D_FRCNN_ ResNeXt101_TF, which was fine tuned from the Tobacco 800 trained
model T__D_ FRCNN_ ResNeXt101__FPN could be improved. Its accuracy could be
increased by 10% and its recall by 3% compared to the pre-trained model variant W_D
FRCNN_ ResNeXt101_FPN. On the other hand performance deteriorated in YOLOv5
Models. Model W_Y YOLOv5x_TF achieved 3% worse accuracy and 6% worse recall.

RQ3: How can human annotators be supported with transfer learning? An-
notating images in data sets with bounding boxes is a time consuming and tedious
task. This task can be accelerated and performed more efficiently with a half automated
approach. Experiments in this thesis have shown that provided a similar data set exists,
it is beneficial to train a model first on the existing data set and subsequently use the
model to predict the objects of interest, e.g. signatures, in the new data set and save
the results as bounding boxes. These bounding boxes are then used as base for further
annotations by manual annotators. After the new data set is annotated completely, the
model is fine tuned on the new data set.

6.2 Contributions

Concerning contributions of this research to the state of the art in signature detection,
a new baseline of accuracy for detecting signatures in the Tobacco 800 data set was
established. To the author’s knowledge, the proposed methodology surpasses all published
approaches. Moreover, the list of files from the Tobacco 800 data set used for training,
validating, and testing is stated on the filename level in the appendix of the thesis and
was published via Zenodo [18]. This allows the reader to reproduce the proposed results
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6.3. Limitations

and encourages fair comparison of signature detection algorithms. No publication listed
the exact file names used to train signature detection algorithms with the Tobacco 800
data set. In addition, a new data set was created over the course of this master thesis, the
City of Vienna building applications data set. A data set compiled of building application
documents of varying kinds, where each scanned document image contains a variety of
visual entities such as machine printed text, handwriting, notes, logos and signatures.
Precise location and dimension of signatures were annotated in a semi-automated approach
via bounding boxes and subsequently refined manually for correctness. This data set
cannot be released to the public, but can be employed for further training other deep
learning models by the City of Vienna.

6.3 Limitations

The proposed signature detection system is a prototypical implementation. The model
used for prediction was trained on a small data set. Therefore, performance in a real
world scenario may vary. If a larger data set is available in the future, re-training the
model might result in better accuracy. Despite the system being capable of performing
inference on CPUs, useful performance can only be guaranteed when inferencing on state
of the art GPUs. Furthermore, the thesis was focused on creating an accurate deep
learning model for handwritten signature detection, instead of developing a distributed,
high performance encapsulation for machine learning models, that allows a large audience
of end users parallel access to its inference capabilities. Subsequently the implemented
system rather serves as a proof of concept, than a system for productive use. The
implementation, accessible to the end user, is therefore neither optimized for serving
numerous requests in parallel nor features security measures to restrict unsolicited use.
The new baseline established on signature detection in the Tobacco 800 data set was
verified by comparing the achieved metrics against scores found in publications. Given
the limited information in publications about the training process, especially the exact
data set split on filename level, no completely fair comparison could be performed.

6.4 Future Work

Several opportunities exist to improve the proposed system. First, the performance
of models in proposed experiments could be analyzed in regard of a larger data set.
Therefore, more samples have to be collected and annotated and the models retrained
on the new data set. Second, new object detection convolutional neural networks are
expected to be release in the future. These new algorithms could be trained and evaluated
on the Tobacco 800 data set and the achieved score compared to the new baseline set
in this thesis. This is encouraged by providing the exact list of files used for training,
validation and testing in the appendix. Third, the proposed system could be evaluated
with civil servants and potential productivity gains in comparison to a completely manual
process analyzed. If these tests are successful and high acceptance could be achieved,
efficacy of the model could be optimized. In this work, accuracy was prioritized over
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inference speed and model size in the experiments performed in this thesis, employing
smaller models such as YOLOv5s would highly likely result in reduced accuracy but
increase inference speed. Future research could evaluate if the achieved performance is
still sufficient to alleviate the signature assertion process performed by civil servants at
MAZ37. If performance suffices, the signature detection system could be ported to mobile
devices with low GPU performance such as smartphones and laptop computers. Finally,
the created model could be used to develop a distributed inference system optimized for
parallel use to serve end users more efficiently.
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APPENDIX

Appendix

A.1 Training, Validation and Testing split of Tobacco 800

Each filename is followed by the corresponding set <partition tr(aining)|te(sting)|v(alidation)>
<portion of training set>, i.e. ted4 refers to a file belonging to the testing partition of the
data set split 44% training, 10% validation and 36% testing. Images without signatures
were excluded from the split. The data set split was published via Zenodo for easier

parsing [18].

wau30a00page9_ 3.jpg tr44 tr60 tr75 tr80
ciy01a00page02_2.jpg tedd te60 te75 tr80
dgw64a00.jpg trdd tr60 tr75 tr80
fny38c00page05_5.jpg tedd tr60 tr75 tr80
fzx20e00page02_ 2.jpg tr44 tr60 tr75 tr80
vdr55d00.jpg trd4 tr60 tr75 tr80
umw13f00.jpg tedd te60 tr75 tr80
amk00a00.jpg te44 te60 v75 tr80
suh90a00.jpg tr44 tr60 tr75 tr80
mwj41f00.jpg trd4 tr60 tr75 tr80
yeo49d00page02_ 2.jpg tedd tr60 tr75 tr80
vim53c00.jpg te44 tr60 tr75 tr80
djy33f00page02_2.jpg v44 v60 v75 v80
tma35f00.jpg trd4 tr60 tr75 tr80
cvgl3f00.jpg tedd tr60 tr75 tr80
nut24f00.jpg trdd tr60 tr75 tr80
xyf43a00page02_ 2.jpg v44 v60 tr75 tr80
njk79d00page02__2.jpg tr44 tr60 tr75 tr80
nzw16e00.jpg trdd tr60 tr75 tr80
bkz54f00__1.jpg tr44 tr60 tr75 tr80
mmk15f00.jpg v44 v60 tr75 tr80
jev75f00__1.jpg v44 te60 tr75 tr80
hpz95d00.jpg tedd v60 tr75 tr80
osp65f00.jpg trd4 tr60 tr75 tr80
cjb54c00.jpg v44 v60 tr75 tr80
1jz54f00__1.jpg te44 tr60 tr75 tr80
vvq90a00page03_ 3.jpg tedd tr60 tr75 tr80
hti31a00__1.jpg te44 te60 v75 v80
vam30fO0Opage01__1.jpg te44 tr60 tr75 tr80
vwd93f00first__1.jpg trd44 tr60 tr75 tr80
fhi41£00.jpg v44 v60 te75 te80
amw93e00.jpg ted44 te60 te75 te80
eigd5f00.jpg trd4 tr60 tr75 tr80
2pq38e00page02_2.jpg tedd te60 v75 tr80
cey54f00_ 1.jpg tedd te60 te75 te80
rsv90c00first.jpg v44 v60 te75 te80
kmw13f00.jpg trd4 tr60 tr75 tr80
ofy54f00__1.jpg v44 tr60 tr75 tr80
kci90c00.jpg trdd tr60 tr75 tr80
qit05f00page2 12.jpg ted44 te60 te75 v80
mht90f00varfull_1.jpg trd4 tr60 tr75 tr80
yt294a00.jpg trdd tr60 tr75 tr80
xtj41£00.jpg trdd tr60 tr75 tr80
wau30a00page9_ 2.jpg ted44 te60 te75 te80
std20e00page0l_1.jpg trdd tr60 tr75 tr80
0an00d00.jpg v44 v60 v75 v80
pkc56d00.jpg trd4 tr60 tr75 tr80
qit05f00page2_ 38.jpg tedd te60 tr75 tr80
qit05f00page2_ 10.jpg trd4 tr60 tr75 tr80
vby5aa00.jpg v44 tr60 tr75 tr80
nlk90c00.jpg ted4 tr60 tr75 tr80

gdh93f00.jpg tr44 tr60 tr75 tr80
cnk41e00page02_ 2.jpg tedd te60 v75 v80
thl51a00page02_2.jpg trdd tr60 tr75 tr80
kfw39d00.jpg tr44 tr60 tr75 tr80
hzq96c00first.jpg tr44 tr60 tr75 tr80
dlk65e00.jpg tedd te60 tr75 tr80
2tz52d00page02. 2.jpg v44 v60 v75 v80
icw51a00.jpg trdd tr60 tr75 tr80
bat60e00.jpg ted4 tr60 tr75 tr80
bea6aa00.jpg ted4d te60 te75 tr80
cel93£00.jpg v44 tr60 tr75 tr80
wfg55f00__1.jpg tr44 tr60 tr75 tr80
hfn24f00.jpg tr44 tr60 tr75 tr80
iom19¢00.jpg tedd te60 te75 te80
vfh43£00.jpg tedd te60 tr75 tr80
xmw13f00.jpg tedd tr60 tr75 tr80
gfz10e00.jpg tr44 tr60 tr75 tr80
mxt33d00.jpg ted44d te60 v75 v80
vyjl5f00page3_ 3.jpg v44 v60 tr75 tr80
eck05f00__1.jpg v44 tr60 tr75 tr80
ix021c00.jpg tr44 tr60 tr75 tr80
qbh54c00page02__2.jpg ted4d te60 tr75 tr80
wtm90c00.jpg trdd tr60 tr75 tr80
qnj41f00.jpg tr44 tr60 tr75 tr80
zav15e00.jpg tr44 tr60 tr75 tr80
dmy31e00page02__2.jpg te44 te60 tr75 tr80
biz25e00.jpg trdd tr60 tr75 tr80
igb70f00page02_2.jpg te44 te60 v75 v80
qin54c00__1.jpg trd4 tr60 tr75 tr80
2pq38e00page02_1.jpg v4d v60 te75 te80
nuz52d00.jpg v44 tr60 tr75 tr80
upb41f00.jpg tr44 tr60 tr75 tr80
nrg54f00page02_ 1.jpg tedd tr60 tr75 tr80
jrk44a00.jpg ted4d te60 te75 te80
5ik79d00.jpg v44 v60 v75 v80
enk4le0Opage2_2.jpg tr44 tr60 tr75 tr80
jrp2aal0page02_ 2.jpg tr44 tr60 tr75 tr80
khh96d00.jpg ted44 tr60 tr75 tr80
bke80e00.jpg trdd tr60 tr75 tr80
ocr55d00.jpg tr44 tr60 tr75 tr80
pti31a00_ 1.jpg tedd v60 tr75 tr80
zqs18e00page0l_ 1.jpg tedd te60 te75 te80
ibk15f00page02_2.jpg trd4 tr60 tr75 tr80
1jid4a00.jpg tedd te60 v75 v80
jfw98c00.jpg tr44 tr60 tr75 tr80
wfg55f00.jpg ted44 te60 tr75 tr80
xik90c00__1.jpg te44 v60 tr75 tr80
btu54a00.jpg tedd tr60 tr75 tr80
kvw59c00.jpg tedd tr60 tr75 tr80
wau30a00page9_5.jpg ted4 te60 te75 v80
bnj00a00.jpg trdd tr60 tr75 tr80

uzb51a00.jpg te44 te60 te75 tr80
aaob54e00__2.jpg trdd tr60 tr75 tr80
qit05f00page2_29.jpg tedd te60 te75 te80
xme03e00.jpg te44 te60 tr75 tr80
ehz25e00.jpg trd44 tr60 tr75 tr80
hyb45f00.jpg ted44 tr60 tr75 tr80
dea05a00.jpg tedd tr60 tr75 tr80
dqn43c00.jpg tedd te60 tr75 tr80
dgi64c00.jpg ted4 te60 tr75 tr80
drd89c00page02__2.jpg tedd tr60 tr75 tr80
ixp01f00_ 1.jpg trdd tr60 tr75 tr80
ukk18c00page03__3.jpg tr44 tr60 tr75 tr80
dwr29e00_2.jpg ted4 tr60 tr75 tr80
qfw98c00.jpg ted4 te60 tr75 tr80
whz29d00page03__3.jpg ted44 te60 te75 te80
nul00a00.jpg tr44 tr60 tr75 tr80
zkd43f00__3.jpg te44 tr60 tr75 tr80
hcu72e00__2.jpg v44 tr60 tr75 tr80
jev75f00__6.jpg tedd te60 te75 tr80
etal5e00.jpg v44 v60 v75 v80
crr09c00__1.jpg trd4 tr60 tr75 tr80
bqz95d00.jpg trd4d tr60 tr75 tr80
sxq52e00page02_ 2.jpg tedd v60 v75 te80
wlv85f00__2.jpg tr44 tr60 tr75 tr80
mba90a00.jpg te44 te60 te75 tr80
acr64d00.jpg trd4 tr60 tr75 tr80
ypz83f00__1.jpg trdd tr60 tr75 tr80
zkd43f00__2.jpg v44 tr60 tr75 tr80
fkiOOfOOpage02_ 2.jpg te44 tr60 tr75 tr80
xch36e00.jpg tedd te60 te75 te80
wfn74c00.jpg tedd te60 te75 v80
ofw98c00.jpg ted44 v60 tr75 tr80
rzz5aa00.jpg trd4 tr60 tr75 tr80
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A.2 Implementation of Signature Detection System

This section introduces the signature detection system encapsulating the YOLOv5 model
to enable end users to perform inference on documents. The architecture, its API as well
as its limitations are displayed. Finally, instructions for deployment of the system are
given.

A.2.1 Architecture

To provide end users with access to the signature detection system an encapsulation
for the YOLOV5 model had to be created. As prediction is a computationally intense
task, that demands powerful GPUs, a distributed architecture was chosen. The signature
detection system runs on a server with multiple GPUs and hosts a restful web service for
access to the system. The YOLOv5 implementation is based on PyTorch and Python,
therefore the signature detection system was implemented with the same technologies.
FastAPI was employed to create a restful web service. The web framework facilitates
rapid development of web services following open web standards such as OpenAPI and
JSON Schema, as well as automated generation of documentation and tests. Building
applications can be composed of hundreds of pages that need to be analyzed, therefore
these documents are not serialized and included as binary data in the http request sent
to the prediction server but rather included as a link to the building applications file
located in a data center of the City of Vienna. This avoids redundantly transferring
data. A prediction request to the server is performed as follows, first, a request including
links to documents that should be analyzed as well as a sensitivity threshold is sent to
the FastAPI server. This request is performed asynchronously to avoid timeouts as this
process can take a couple of minutes depending on the number of files. Second, the
Fast API server downloads all requested documents and strips them in case of PDFs to
pages and converts them to jpg files. These files are then passed to the predictor with the
specified threshold. Third, the predictor detects signatures in each file, the coordinates
of their bounding boxes as well the signature image are saved. Meanwhile, the client
receives link to a queue where the status of the predictions can be periodically checked.
After inference is finished, the client downloads the predictions from the queue, images
of the signatures are included as base64 encoded images.

A.2.2 Prediction Request

For prediction, the client sends a request including the files to predict, specified with
their URI on the fileserver, and a confidence threshold to the predict endpoint at the
webserver via HTTP POST. Figure A.1 shows an example prediction request. Afterwards
the client receives a polling link, where it can periodically check for prediction results.
The polling link is shown in Figure A.2.

Now, the client frequently checks via HTTP GET for prediction results at the received
URL. As soon as partial results are available, they are published under the URL. After
the prediction is done, a flag is set to indicate that the process is done. Figure A.3
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A.2. Implementation of Signature Detection System

{

"documents": [
“applicationl.pdf"”,
“applicationZz.pdf"

1,

"sensitivity": @.5

}

Figure A.1: Prediction request

i
"url”: "http://10.90.0.1:8080/results/3093240923"

}

Figure A.2: Polling link

displays an example of a prediction result, filename as well as bounding boxes, confidence
level and base64 preview of the signature are included in the prediction result. The base64
string is rendered to an image for better illustration. These results can subsequently be
in included in the building application workflow software of the City of Vienna.

A.2.3 Deployment

The signature detection system is deployed via docker. A docker compose file was created
to set up the container and install required dependencies. Therefore, the system can
be launched with a single command docker-compose up. For useful performance the
sever hosting the container should be at minimum equipped with a Nvidia GeForce
GTX 1080 TT graphics card. While being capable of performing inference on CPUs, the
performance will highly likely not be sufficient for batch processing and serving multiple
users simultaneously.
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"finished": true,
"documents": [

"agpplicationl.pdf”: {
"bounding_boxes": []

1
1,
{
"applicationZ.pdf”: {
"bounding_boxes": [
"x_min": 108,
"y_min": 200,
"x_max": 408,
"y_max": 300,
conf1dence : @ 59,
"base64" :

A=

Meyer f&. Xoplow

Figure A.3: Results
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