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ABSTRACT

VEHICLE DETECTION ON SMALL SCALE DATA BY GENERATIVE
DATA AUGMENTATION

Kumdakci, Hilmi
M.S., Department of Modelling and Simulation
Supervisor : Prof. Dr. Alptekin Temizel

February 2021, [54] pages

Scarcity of training data is one of the prominent problems for deep neural networks,
which commonly require high amounts of data to display their potential. Data aug-
mentation techniques are frequently applied during the pre-training and training phases
of deep neural networks to overcome the problem of having insufficient data for train-
ing. These techniques aim to increase a neural network’s generalization performance
on unseen data by increasing the number of training samples and provide a more rep-
resentative distribution to the system during training. In this work, we focus on im-
proving vehicle detection in aerial images by proposing a data augmentation method
that does not need any extra supervision than the bounding box annotations of the
vehicle instances in the training data. The methods we used are based on a condi-
tional Generative Adversarial Network (cGAN). The proposed method is not exclu-
sive and can be used in association with classical augmentation techniques to further
improve object detection performance. We showed that the proposed data augmenta-
tion method increases the Average Precision by up to 25.2%, 32.7%, and 25.7% when
integrated with Pluralistic, PSGAN, and DeepFill respectively.

Keywords: Data Augmentation, Generative Adversarial Networks, Aerial Imaging,
Object Detection
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KUCUK OLCEKLI VERILERDE ARAC TESPITI ICIN URETKEN
METODLARLA VERI ARTIRMA

Kumdakci, Hilmi
Yiiksek Lisans, Modelleme ve Simiilasyon Boliimii

Tez Yoneticisi : Prof. Dr. Alptekin Temizel

Subat 2021 , [54] sayfa

Egitim verilerinin yetersiz olmas1 durumu, derin sinir aglarinin potansiyellerini agiga
cikarmasinda en 6nde gelen sorunlardan biridir. Veri eksikligi probleminin iistesinden
gelmek i¢in, derin sinir aglarinin egitim 6ncesi ve egitim asamalari sirasinda veri ar-
tirma tekniklerine siklikla bagvurulur. Bu teknikler, egitim 6rnegi sayisini ve ornekle-
rin dagilimin artirarak bir sinir aginin belirli bir test seti icin performansini artirmay1
amaclamaktadir. Bu calismada, sadece egitim verilerindeki arag sinifina ait nesnelerin
sinirlayici kutu etiketleri kullanilarak bir veri artirim yontemi 6nerilip, havadan ¢ekil-
mis az miktarda bulunan goriintiilerde arac tespiti performansi gelistirilmeye odak-
lamlmugtir. Onerilen yontemin kosullu iiretken ¢ekismeli aglarin (cGAN) farkli var-
yasyonlariyla beraber ¢aligabilecegi ve performansi iyilestirilebilecegi gosterilmistir.
Onerilen yontemdeki modiiller essiz olmamakla birlikte degistirilebilir veya modifiye
edilebilir. Bununla birlikte obje tespit performansini daha da arttirmak i¢in klasik data
artirimi teknikleri ile birlikte kullanilabilir. Onerilen veri artirma yontemi, Pluralistic,
PSGAN, ve DeepFill iiretken aglari ile birlikte kullanildiginda ortalama hassasiyet
hesaplamasinda sirasiyla 25.2%, 32.7%, ve 25.7% seviyelerine kadar artiglar sagla-
dig1 gosterildi.

Anahtar Kelimeler: Veri Biiyiitme, Cekismeli Uretici Aglar, Havadan Gériitiileme,
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CHAPTER 1

INTRODUCTION

State-of-the-art results for visual domain tasks such as face detection [[1][2], object
detection [3][4][S][6], visual question answering [7]], image captioning [8]], image
segmentation[9][10], are generally obtained with a task specific supervised algo-
rithms. Supervised algorithms can be evaluated based on their accuracy, speed, and
the number of parameters depending on the problem type and requirements. These
algorithms are expected to achieve a satisfactory generalization performance, by per-
forming well on unseen test samples, different from those available in training, and
this is a fundamental performance definition in several real-life scenarios. For a given
input vector x, a corresponding output vector y with a corresponding type of annota-
tion format specific to the given visual task is provided. A typical supervised algo-
rithm searches for the optimal parameters to find the ideal fit between x and y, based
on a predefined set of rules and learning directions in the training phase. Other than
supervised methods, unsupervised methods are a popular set of machine learning al-
gorithms. These methods aim to discover hidden patterns covered by existing input
data and use these hidden patterns to infer an output without direct supervision and
dependence on labeled data. Another paradigm, reinforcement learning, is based on
learning parameters through the decisions of an agent and the output of these deci-
sions to maximize the reward. In reinforcement learning, instead of directly feeding
the network with annotated data, the aim is to make the parameters learnable through

an intelligent agent by discovering the environment itself.

Whether supervised or not, in order to successfully train a neural network and obtain

its optimal parameters, a large amount of data is required for most tasks. This training



data can be provided into the neural network to train it from scratch or continue to
update its weights using pretrained models which are trained with different datasets
early on. For the target task, data collection may not be sufficient as the raw data
obtained from the source may not be in the desired format. In such cases, some
data preprocessing steps are needed to prepare data for use in training and testing,
which brings extra costs. On the other hand, when the data collection process is not
feasible and it does not allow collecting the required amount of data, due to the high
amount of neural network parameters, models may end up learning suboptimal node
values and still manage to fit the input-output relationship dictated by supervision in
the training phase. This problem is very common in the training of neural networks
and is defined as the overfitting problem. From the perspective of computer vision,
even if the existing data seem sufficient to train a model and get meaningful results,
there may be shortcomings in the algorithm’s robustness. At this stage, testing of the
trained model with different unseen scenarios is an important step to check whether

there is overfitting or not.

Another problem that should be overcome is the difference between distributions of
training and unseen test data in terms of their domains. It happens when there is not
an easy way to collect the data coming from test distribution but there is an abundance
of training data that belong to a different domain. When the training data is different
from unseen test scenarios, then neural networks tend to learn the complex patterns
for training samples only and might fail in test scenarios, especially when there are
significant amounts of domain shift. For example, if the aim is to detect pedestrians
from a street view and training samples only contain images taken under the sun,
the model will be biased towards detecting pedestrians under sunny conditions and
the performance in different weather conditions will be inferior. This is because of
the fact that sunlight affecting pedestrian instances’ pixel distribution in the given
training data. To improve robustness and remedy the unbalanced data distribution,
more synthetic or real data representing different pixel distributions could be added

as an alternative to designing more domain specific algorithms.

Social and other commercial types of media platforms have a major role in supplying
various types of multimodal, abiding by their own data usage rules. However, even

though large amounts of data can be collected through them, this data cannot be



used without task-specific annotations. While there are several publicly available
annotated data sources, such as Pascal VOC [[11]] and COCO [[12], their annotated
classes are highly distributed and the amount of data is not sufficient for various
specific visual tasks. While there are several available commercial data sources as
an alternative to publicly available or self-collected datasets, they have high costs and
usage restrictions. This necessitates collecting data for specific tasks, which comes
with a high cost in terms of the acquisition, annotation, and legal complications of

capturing the data in many cases.

To mitigate the challenges stated above, many people attempted to apply geometri-
cal and color based transformations into training samples to increase the number of
samples for training. More recently, the usage of generative networks have become
widespread in many fields of computer vision, and they are used to generate synthetic

data for the data augmentation problem and add diversity to existing data.

1.1 Problem Statement and Motivation

Image classification, object detection, and object segmentation are some of the most
important computer vision problems. Image classification aims at classifying images
based on predefined classes. When the location information is also provided, in ad-
dition to the class information, the problem can be defined as object detection. This
location information could be in the form of bounding boxes which can be oriented
or based on its extreme points as shown in Fig. The performance of an object
detection algorithm is mainly evaluated by its accuracy in terms of localization and
classification based on predetermined classes, as well as the computational complex-
ity of the algorithm. Data related issues, mainly its quality and scale, are fundamental
in both training and testing phases to obtain a model with sufficient performance.
While quality can be defined regarding the amount of noise in the dataset, the scale
can be considered the amount of the training and test data. The noise may exist in im-
ages themselves as well as their corresponding annotations. In images, noise can be
described as deviations from ideal data. The source of this noise could be data acqui-
sition or preprocessing steps. Label-noise may appear as a result of mislabeling due

to human errors or environmental factors. The scale of the data is another fundamen-



(a) Oriented bounding box (b) Extreme point based bounding box

Figure 1.1: Different bounding box annotation types

tal factor in the development of successful methods. Due to the wide range of image
classification and object detection research, there are different available approaches
to solve different scale problems based on the amount of data [13]], [14], [15]], and
different size of instances for object detection task [16][17], etc. Supervised meth-
ods, where the aim is to detect and localize target instances, require the existence of
correctly annotated target data. Unfortunately, for some target instances, the required
amount of data might not be available for free or more samples need to be collected to
reach target performance. In such cases, the most common and inexpensive solution

is to apply data augmentation techniques to existing samples.

There are several traditional data augmentation methods in the literature and these
methods have been proven to be effective in many research areas and commercial
projects. However, even though there are several traditional methods to augment data
to improve performance, there are no formal rules that could help obtain the best aug-
mentation strategy to be followed under different conditions. There may not be room
for improvement for some problems using data augmentation, and it is also possi-
ble to get worse performance than using only raw data. Hence, evaluation of these
augmentation methods should be carefully done by specifying the proper evaluation
criteria and repeating experiments with and without applying data augmentation tech-

niques. Another main drawback of traditional data augmentation techniques is that
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they rely only on the image pixel intensities, not the given image’s deep features or

semantics.

To benefit from deep features of the image to be augmented, attributes of instances
or images should be extracted and formulated with different methods. Using convo-
lutional layers is one of the methods of how objects in an image or image itself map
into feature maps. It has been shown that convolutional neural networks(CNNs) [[18]]
are performing well on extracting features from images [19] and they can be used
for image clustering purposes based on the extracted deep features. To test the qual-
ity of these extracted deep features, a decoder module can be used to reconstruct the
original image from these features, which is forming autoencoders together with the
encoding part. Training of these autoencoder networks for feature extraction tend to
give better results when it is trained with the similar type of images which feature
extraction is aimed to be performed on. In this way, more discriminative features can

be observed in deep features.

Recently, several neural networks have used these types of deep features and learned
weights to generate new instances which are grouped as generative networks. These
approaches basically try to learn underlying distribution of training data, and by feed-
ing a noise as an input, they result in generating samples with similar looking but
with differences in semantic features regard to training samples. By adding this type
of variety and preserving training data distribution, these networks help to generate

synthetic but realistically looking samples.

1.2 Scope and Contributions of the Thesis

The main focus of this study is improving detection performance for vehicle detec-
tion in aerial images when there are limited amounts of data. For this purpose, a
data augmentation scheme, which employs generative networks, has been proposed.
The results of the study have been experimentally validated using different generator

structures and different data amounts for different use-case scenarios.

This thesis has two main contributions: As a data augmentation framework, a scheme

of the generative network combined with a detector network is developed to improve

5



object detection task performance. A comprehensive comparative study is conducted
to understand the effect of the detector network and the amount of existing data in
the proposed scheme. Some methods and results of this thesis has been published in

[20].

1.3 Outline

e In Chapter |2} we provide a comprehensive review of traditional and deep learning

based data augmentation techniques in literature

e In Chapter 3| Our data augmentation scheme that consists of a generative network
combined with an object detection network is presented with a comprehensive

experimental work

e In Chapter 4] we conclude the thesis and illustrate possibilities for future improve-

ments and investigations



CHAPTER 2

DATA AUGMENTATION LITERATURE

Due to a large number of parameters in deep learning-based systems, overfitting and
lack of generalization problems are likely to happen. Hence, in various vision-related
tasks, accessing large amounts of data is a key for achieving higher performance in
real-life scenarios, which makes data collection and acquisition a critical element. On
the other hand, data acquisition is a costly process and it is desirable to achieve good
performance on smaller datasets. Supervised image classification algorithms aim to
assign input images into predefined classes along with their confidence. Hence, the
annotation required for this task involves the labeling of images with their respective
classes. Object detection algorithms aim to return bounding box coordinates which
are fully enclosing the objects along with their class information and their respective
confidence. Supervised training of these algorithms necessitate annotations of ob-
ject locations and object classes for each target object in an image. These bounding
boxes should contain an object’s location information to enclose all pixels that de-
fine the object. A comparison of the requirements of these tasks reveals that object
detection tasks require much more time and budget in terms of annotation effort. To
overcome these budget and timing issues related to the scale of the data, there are
different approaches to make this process more feasible. These approaches can be
investigated under three topics, which are traditional data augmentation, rendering
based data augmentation, and neural network based data augmentation. Traditional
data augmentation methods rely only on the pixel values of images, whereas neural
network based methods also take the semantic information into account. Rendering
based data augmentation techniques make use of 3D modeling software programs to

insert 3D models into 2D images, where the bottleneck is the amount of 3D data in



this scenario. The key advantages and drawbacks of using these different approaches

will be discussed in the following subsections.

2.1 Traditional Data Augmentation Methods

Even though they do not guarantee to improve the performance of a model on a test
set, classical data augmentation methods are widely accepted as a primary solution
to overcome data scarcity issues due to their ease of implementation. These tech-
niques are also generally useful and applicable for the object detection task, which is
the main focus of the thesis. These methods can be mainly grouped as geometrical
and color based transformations. Geometric methods alter an image or appearance
of an object by geometric transformations. When applied to an image, the shape of
the object within the image is preserved but the orientation and position may change
based on the location where the object location within an image. If bounding boxes
are required for the task, their raw annotations need to be modified according to the
geometric transformation type applied to the class instance. On the other hand, color-
based changes in the images or patches do not require modifications in bounding
box annotations, unlike the geometric methods, since they change the values of given
channel pixels without changing their location. Within these main groups, each trans-
formation method has its own advantages, depending on the problem, each might
work much better than other similar techniques under different experimental setups.
When the main requirement for the problem is robustness to varying illumination
conditions which might be due to weather conditions and if the object is geometri-
cally simple, color-based augmentation techniques might work better than geometric
augmentation techniques since the model would still be able to capture the shape
properties. Hence, if the orientation of a different object is changing in test images,
then geometric transformations especially rotating, might be more helpful to improve

the overall performance of the model.

The main disadvantage of these traditional methods is that they only rely on pixel in-
tensities and do not consider the semantics of an image in the augmentation stage as
their focus is not on exploring how deep features can be used and extracted from

images. Even though it has these drawbacks, they are commonly used in indus-



trial applications and academic works as they provide promising results while be-
ing generic and directly applicable to any class. In the work conducted by Taylor
and Nitschke [21], a benchmark consisting of different traditional data augmentation
techniques, namely flipping, rotating, cropping, color jittering, edge enhancement,
and fancy PCA, have been compared. According to their results, cropping is the most
effective one, whereas geometric ones(flipping, rotating, cropping) mostly outper-
formed photometric methods(color jittering, edge enhancement, fancy PCA) in the
Caltech101 dataset. Another traditional data augmentation method [22], called Ran-
dom Erasing, is based on removing random parts of images. They have shown that
Random Erasing method outperforms no-augmentation in different tasks, such that
image classification, object detection, and person re-identification. In the remainder
of this section, the most popular traditional data augmentation methods are explained

with examples.

2.1.1 Noise Injection

Noise can be defined as random variations in the captured visual data through a cam-
era system. Noise addition into training images can be seen as one of the most applied
strategies for data augmentation. It may help the data to be robust against different
cameras where their ISO settings may cause noise appearance. There are different
types of noise addition methods such as Gaussian, Poisson, and Salt-and-pepper. The
type of noise to augment the data should be determined based on the system specifi-
cations and requirements. In the figure Salt-and-pepper noise can be seen. In

general, noise injection can be defined as in the equation 2.1}

[augmented = [original + N(,u, U) (21)

2.1.2 Intensity Shift

Sometimes the train and test distribution might not match in terms of intensity values
and this may create accuracy problems. This mismatch problem can be prevented by

shifting the intensity of images or instances. To apply this intensity transformation
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(a) Original Image (b) Noise Injected (c) Intensity Shifting

(d) Intensity scaling (e) Gamma Modification (f) Image Enhancement

(g) Random Translation (h) Random Rotation (i) Color Jittering

Figure 2.1: Effects of various data augmentation techniques
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for instances, there needs to be a segmentation annotation exists. Intensity shift cor-
responds to the addition of each pixel intensity with a constant value. In the figure
a patch becomes darker by a negative amount of intensity shift. If we define a

signed constant ¢ for shifting, the formulation can be described as in the equation [2.2}

Iaugmented = ]original +c (22)

2.1.3 Intensity Scaling

Intensity scaling corresponds to the element-wise multiplication of each pixel inten-
sity with a constant value. In the figure [2.1d] a patch gets darker with a scale factor
less than 1. If it is more than 1, the image gets brighter. This scale factor should
be carefully selected since the intensity value will be clipped into the upper bound

in the case of exceeding the upper limit. The formulation can be described as in the

equation [2.3;

Iaugmented = [om'ginal * N(,U, 0) (23)

2.1.4 Gamma Correction

Gamma correction is a nonlinear intensity transformation technique that tries to rear-
range pixel ranges. The algorithm is based on the  parameter and reduce the number
of possible intensity ranges to reduce the number of allocated bits in some applica-
tions other than data augmentation purpose. In the figure ~ value has been set
such that the image looks darker within a small amount of discrete number range.

The gamma correction can be formulated as in the equation [2.4}

Iaugmented = Iolr/i’yginal (24)

11



2.1.5 Image Enhancement

Image enhancement modifies the edges in the images by intensifying them. This
transformation might help CNNs to discover descriptive features. In the equation
[2.T1] the coefficients can be played to arrange according to desired enhancement level.
An example to enhance the version of an image can be found in [2.1f The example

transformation matrix and the equation can be expressed as in [2.5}

-1 -1 -1
Iaugmented =|-1 10 —1|=* [original (25)
-1 -1 -1

2.1.6 Random Translation

Random translation can be performed by defining two variables, ¢, and ¢,. These
variables are used to indicate the amount of shift along the specified dimension. As
in the given equation [2.6] transformed locations become 2/ and y/. As shown in Fig.
this method might cause to lose some info from the image. In this scenario, the
suitable border padding method should be used to fill the lost area of the image.

xl=x+t, y=y+t, (2.6)

2.1.7 Random Rotation

Random rotation requires one parameter, which is the rotation angle . The rotated
coordinates can be obtained by multiplying x and y locations as given in equation
[2.7/In the given figure 90° rotation applied into the original image which is
shown in by equating § = 7 /4 in equation.

xl =z % cos(f) —y *sin(f), y/ = x xcos(f) + y x sin(6) (2.7)

12



2.1.8 Color Jittering

Color jittering can be defined as randomly changing the hue component of an image
when it is projected into the HSV domain. As shown in Fig. random jitter
operations have been applied into different locations of an image. When the random

constant is defined as ¢, the augmentation equation becomes:

[augmented = HUE(Ioriginal) +c (28)

2.2 Data Augmentation with Rendering

Availability of sufficient computational power and open 3D repositories on the web
made the data augmentation using various rendering tools possible. With the use of
rendering tools, in addition to the orientation and shape of the object, its illumination,
pose, and scale can also be controlled. By modification of these parameters, a large
number of samples can be rendered and inserted into the training data. In [23], a
technique is proposed to create datasets automatically for viewpoint estimation. They
have shown that training with synthetic images suffers from domain adaptation prob-
lems, but combining synthetic ones with natural examples gives improved results with
respect to using only natural ones. [24] proposes to generate synthetic training data
for optical flow estimation task, which is hard to find the desired amount of annotation
since it needs a pixel-accurate labeling process. They have rendered chair instances
to perform experiments. They have outperformed previous datasets in different test
scenarios that do not contain chairs. So, it has been shown that variety on the data
is the key to create a dataset rather than having domain specialized data, at least for
optical flow estimation tasks. In [23], it is proposed to synthesize randomized data
in terms of visual factors, such as lightning, pose, and textures. With less emphasis
on realism, it outperformed VKITTI[26] dataset by training both datasets with dif-
ferent object detection algorithms and compared their accuracy. Test data has been
selected as KITTI[27], where VKITTTI is aimed to be rendered as close as possible
to the KITTI dataset. It has been shown that a variety of data is more important than

limited realistic data to get better results.

13



Image rendering based approaches commonly focus on only one class, and each ad-
ditional require additional effort, especially when there is no open 3D repository for
that respective class. Also, these rendering tools can only be used for vision based

tasks, and cannot be applied to different domains, such as text and audio.

2.3 Data Augmentation using Neural Networks

Recently, neural networks have been used to extend the scope of data augmentation by
generating objects from different backgrounds or determining the suitable locations
for objects to be inserted within an image. In Section [2.3.1] some neural network ap-
proaches to find best matching between contextual area and segmented object masks
are mentioned. In Section data augmentation in feature space, exploiting the
semantics of the data, is described. In Section @ the use of generative networks

for data augmentation is described.

2.3.1 Data Augmentation by Cutting and Pasting

In [28] [29], a matching score between an object and different regions of an image
is calculated for proposing the location to insert an object within a segmented mask.
Context-based CNN is employed with these approaches to assign a score between the
context and the object. For the best matching pair of object and region, the object is
scaled and blended into patches which obtain the highest score from the matching al-
gorithm. To prevent boundary artifacts, they use segmented annotated instances while
choosing their data to be augmented. This set of methods are based on copying in-
stances into different images without any modification, which corresponds to without

generative modeling.

2.3.2 Data Augmentation in Feature Space

Traditional data augmentation methods work in input space and hence they do not
make use of the discriminative features that can be learned through statistical meth-

ods or with the help of neural networks. Neural networks allow reducing dimension-
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ality by mapping inputs into low dimensional features by exploiting discriminative
features. Visualizing the lower-dimensional data allows investigation of feature space
and evaluation of the accuracy of the feature extraction step. Devries and Taylor [30]
performed interpolation, extrapolation, and noise addition with the extracted feature
vectors and provided an improvement in the task of visual classification in classifying

feature vectors.

2.3.3 Data Augmentation using Generative Networks

Generative Adversarial Networks(GANs)[31]] are introduced by Goodfellow et al.
and has been quickly adopted by the researchers. The proposed baseline algorithm
has been improved and iterated in many directions to solve different tasks from differ-
ent domains. While some effort has been put to create domain specific solutions, there
have been base improvements in the training of GANs as well to enable researchers
and ML practitioners to generate objects with high quality and more diversity. Other
than synthetic object generation within a specific class, there are also several works
to refine generated objects with given specified viewpoints and angles indicated by
textual or other input types[32]. There are some works[33]][34] try to generate high-
resolution images where the training of networks take longer than most of the works
as a drawback. Conditional based style and domain transfer task is also one of the
most popular applications where GANs are used[35][36][37]. GANs have many
other applications such as object detection [38]][39], single image and video based
superresolution[40][41], photo inpainting[42]], frame prediction in videos [43]][44],
, image blending [45]][46], face aging [47],text-to-image synthesis [48] , generation
of cartoon characters [49][50] and so on.While most of the works are built on some
modifications upon base theoretical knowledge on GANs, there are some key works

worth mentioning under this section.

2.3.3.1 Generative Adversarial Network

GANSs are considered to be the most successful type of generative models in many

domains. A typical GAN consists of two differentiable neural networks, which are
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called generator G and discriminator D. These two differentiable neural networks
have clear purposes: the generator network, G, aims to generate synthetic samples
to deceive discriminator network by capturing the distribution of training data by us-
ing prior noise distribution, which is called latent noise vector and represented by
z, while the discriminator D is trying to differentiate real and fake images and not
to deceive by G. Here fake represents the data generated by G, and real represents
the data coming from training samples. G is trained such that it minimizes to prob-
ability of (D(G(z)) ~ 0, whereas D is trained to maximize the probability of being
correct (D(G(z)) = 0,(D(z) ~ 1. As a result, the minimax value function we want to

optimize becomes as :

minmaxV (D,G) = E,p,...»)llog D(x)] +
¢ D (2.9)
E.p.(xllog (1 = D(G(2)))]

where pgq:, represent the distribution of real data and p, is the distribution of latent
noise vector. Optimum state for this minimax game can be reached when p; = pyaa
where generated data distribution is becoming equal to the distribution of real training
data. Although GANs are very successful in terms of improvement in generated
samples, there are some significant problems with the training phase. Due to the
fragility of optimization between generator and discriminator, the generator does not
always produce various outputs because their training might fail, which results in a
mode collapse. It mainly happens, if one of the networks becomes overpower with
respect to the other one. In a mode collapse situation, the generator network rotates
through a small set of output types and can not produce outputs with a large variety.
The main reason behind the mode collapse can be seen as totally independent training
of generator and discriminator and the lack of similarity measurement calculation
within a given mini-batch. Moreover, this lack of similarity calculation pushes the
generator to generate a single mode generation which gives the highest response from
the discriminator. After the discriminator has learned this mode, the generator shifts
to another location, which will lead the generator to the oscillation phase. To mitigate
these training problems, Wasserstein loss[51] and mini-batch discrimination has been

proposed later on.
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2.3.3.2 Conditional Generative Adversarial Network

Conditional GAN [52] is the version of GAN which is trained with a condition c,
which can be class label, image or text. The latent vector z and ¢ are given as input to
the generator whereas x,..,; and ¢ are inputs to the discriminator where x,.,; denotes

the real data. So, the formula becomes:

minmazV (D, G) = Eyep,...»)[log D(z|c)] +
« P (2.10)
Eep.(nllog (1 = D(G(2]c)))]

It can be seen that the only difference is being conditioned on ¢ in the equation.
This paper has also shown CGANs can be used in multimodal scenarios by making

experiments on image tagging data.

2.3.3.3 Deep Convolutional Generative Adversarial Networks

GANs have been extended with new loss functions and optimization techniques to
improve performance. Radford et al. introduced Deep Convolutional Generative
Adversarial Networks[S53]] with significant improvements which brought with some

architectural modifications that are relying on applying novel training techniques.

These changes can be summarized as :

e It uses strided convolutions in discriminator and fractional-strided convolutions

for the generator instead of pooling layers

e Batch Normalization has been used for both networks, generator and discrimi-

nator.

e ReLU has been replaced with all activation functions in generator,except the

Tanh in the output.

e [eaky ReLLU has been proposed for all layers in discriminator.
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As the variety and quality improvements can be observed from the samples generated
by DCGAN, the parameters to train this network should still be selected carefully.
The authors also have shown that discriminator can perform as a feature extractor
module that can be used for classification tasks and got reasonably well accurate

results.

Other than these improvements, the authors have shown the interpolation between
latent vectors is possible to capture smooth transitions. They have also shown that
visual clues such as being happy and wearing glasses can be transferred into newly
generated samples by arithmetic operation between latent vectors which have been

defined with z in the previous subsection.

2.3.3.4 Wasserstein Generative Adversarial Networks

Wasserstein Generative Adversarial Networks(WGANSs) has been introduced by Ar-
jovsky et al. [S1] by proposing a new loss function. Given the real data distribution
Drea; @and the model distribution p¢, the main motivation behind WGAN is to analyze
the distance between these two distributions in a different way. Unlike the original
GAN:s introduced by Goodfellow et al. which use Jensen-Shannon (JS) divergence,
they proposed to use Earth-Mover (EM) distance or Wasserstein-1 distance to use as a
distance function between these two distributions, p,..,; and pg. When we incorporate
the generator network G(z) as model distribution p¢, the formulation which should

be optimized can be defined as:

minmaxV(D,G) = Epup, @) [D(2)] —
¢ D 2.11)
E.p.()[D(G(2))]

where D is called critic instead of a discriminator in this case. The parameters of
the critic are represented as #p which is lying in a compact space. To satisfy the
requirement of lying in a compact space, Arjovsky et al. suggest clipping the critic

weights with a suggested range [-0.001,0.001] , after each gradient update.
After optimization, the Wasserstein-1 distance shows better results compared to JS
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divergence. Hence, due to the continuity and differentiability of EM distance, it is
suggested that to train critic till optimality, to get more reliable gradients. Also train-

ing the critic till optimality prevents the mode collapse problem.

2.3.3.5 GAN Approaches for Data Augmentation

Other than significant developments stated in sections related to the theoretical foun-
dation of GANS, there are also purpose specific GANs that aim to perform data aug-
mentation. In [54], the ideal locations to place an object together with the best fitting
pose of an instance for that scene are estimated. The idea is to provide locations
for inserting objects into semantic maps using semantic segmented images to train
generator network, since the purpose is placing generated objects visually plausible
places in semantic maps, this idea is not defined as an augmentation for detection
or classification tasks. [S3]] handles this contextual instance insertion problem by
using a neural network based architecture having two discriminators and one gener-
ator. One of the discriminators is responsible for generating the instances and the
other generates suitable patches for the generated instances. It uses a spatial pyra-
mid pooling layer to generate varying size instances. However, this approach has to
deal with instances with artifacts due to the nature of generative networks.VS-GAN
[S6]] also uses a 2 stage discriminator strategy for vehicle detection using least square
loss in the training of generator, and validates the augmentation with YOLOV3 and
RetinaNet detectors. Since it is required to generate high quality synthetic samples,
it was trained with a large scale dataset having car instances. DetectorGAN [57] has
added a detector network into the generator-discriminator loop of PSGAN network
to have more realistic outputs. This approach is highly dependent on training the dis-
criminator branch which might require training parameters to be changed per subject.
Another approach [58] for medical studies keeps geometric and intensity informa-
tion intrinsically while generating instances. In aerial images, the work that is most
related to ours, [S9]] augments aerial images using an image-to-image translation by
conditional GANSs. It is based on mapping the layout into another one while keeping
instances that require layout annotation. In our framework, we do not aim to propose
a new generator model but use generator and detector modules separately which is

a generic approach for the problem. It prevents the generator from overfitting and
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provides diverse and realistic augmentations. Also, its parameters allow selecting the

cost and quality trade-off.
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CHAPTER 3

DATA AUGMENTATION BASED ON GENERATIVE
NETWORKS

For the problem of visual object detection, context plays a crucial role in recognizing
the extent of an object and usually provides a significant clue when determining the
class of an object within an image. For example, in COCO[12] dataset, images pre-
dominantly containing sky are is more likely to contain instances from plane or bird
classes. Information about the context of an instance, such as surrounding pixels be-
longing to the sky helps the model classify these instances more effectively. It has to
be noted that this statement is only valid if the images in the training set have images

obtained in their natural context.

There are several generative or non-generative methods that have been proposed to
augment the data. From the generative methods, image inpainting networks and mul-
tiple discriminator based approaches are essentially focusing on proposing contextu-
ally plausible images by enforcing with different losses and different modules as we

have discussed in Section[2]

Many recent works are focusing on producing highly diverse and high-resolution
objects that belong to target classes using generative networks. However, in these
methods, contextual consistency is not the key element, differently from the method
proposed in this thesis. Most of the generative networks aim to generate realistic in-
stances by a particular focus on an improvement in variety and quality of generated
image samples. Based on the requirements of applications, GANs can be used to gen-
erate images with different output sizes. As proposed in [33]], high-resolution images

ranging between 256 x 256 and 1024 x 1024 can be synthesized using CelebAMask-
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HQ dataset which consists of 30,000 high-resolution face images. However, having
fewer data results in a trade-off between image quality and size of images to be gener-
ated. Increasing the size of images to be generated requires a large number of images
in training to keep the quality of generated samples at similar levels. Moreover, even
several methods have been proposed to improve the performance of GANSs, the prob-
lem of unstable training with two or more networks together remains. As a result of
this issue, lack of diversity, and insufficient realism of generated samples remain as
the major problems. Even though there are several methods and tricks to improve
training such as minibatch discrimination [60] and gradient penalty [61], it is not a

guaranteed way to generate samples with semantically realistic and diversified.

Visual object detection task requires bounding box information which is including
center coordinates, height, width, and class labels. Based on the stated requirements,
an effective generative data augmentation method for object detection need to satisfy
two key requirements: the generated objects are desired to be contextually plausible,
and the location of the generated objects should be available to use in training. De-
pending on the generative algorithm, the background part of the generated instance
can be either modified or unmodified. Hence, these selected patches which consist of
generated sample and background, need to be seamlessly integrated into images. To
perform this integration and augment the data by providing required annotations, we
have proposed a new data augmentation framework. The proposed method consists
of a generator network and a detector network. To provide contextual consistency,
image inpainting networks have been employed for a large part of experiments. For
image inpainting, we have selected Pluralistic Image Completion and DeepFill as
generator networks. We have also used PSGAN as a generator network as it consists
of multiple discriminators and Tiny YOLOV3 has been chosen as a detector network
throughout the experiments. In the following three subsections, the selected networks

and performance metrics for the experiments are explained.

3.0.1 Pluralistic Image Completion

Pluralistic Image Completion [62] is an algorithm for one-to-many image completion

tasks. In image completion, there is usually only one ground truth training instance
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(a) Masked input (b) Output samples

Figure 3.1: Sample outcomes obtained by filling mask using Pluralistic

per label which results in generated samples to have limited diversity. To overcome
this, Pluralistic uses two parallel paths, one is reconstructive and the other is gener-
ative, both supported by GANs. Sample results of the algorithm are shown in Fig.
B.1] First, the input image is partially masked around the center to create holes as
shown in Fig. @ The algorithm generates diverse, realistic, and reasonable images
with completed holes (Fig. [3.1b). Let us define the original image as I, the partially
masked image as [,,,, and the complement image as /.. While the classical image
completion methods attempt to reconstruct the ground truth image /, in a determinis-
tic fashion from /,,,, Pluralistic aims to sample from p(I.|,,). The reconstructive path
combines information from /,,, and /., which is used only for training. The generative
path infers the conditional distribution of masked regions for sampling. Both of the
paths follow Encoder-Decoder-Discriminator architecture. By using self-attention
layer, it exploits short and long term context information and makes the generated
masks more plausible with the patch rather than using pure GAN. In this work, we
adopted Pluralistic network as the generator model to generate car instances on given

backgrounds.

3.0.2 Pedestrian Synthesis GAN

Pedestrian Synthesis GAN [53] is an algorithm that is built on the GAN architecture
with multiple discriminators. Original approach is based on augmenting pedestrian
images. To reflect the PSGAN approach into our problem, the discriminator D, is
responsible for contextual plausibility and D, is responsible for classification of the

synthesized cars as real or fake. A general overview of the algorithm is provided in
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Figure 3.2: Schematic of PSGAN training

For generator G, U-Net [63] has been used. For D, a 5-layer convolutional network
has been used with LeakyRelu and BatchNorm layers. To feed D, with variable size
inputs, SPP-layer has been used with a PatchGAN loss as in [36]]. For learning back-
ground compatibility with instances using D, network, modified DCGAN [53] is used
with the following changes : 1) first convolutional layer made to accept 6-channel in-
put which has stacked pair images; 2) PatchGAN [36] is used in discriminator, where
Dy, tries to classify NxN patches if they are real or fake ; 3) loss of LSGAN as in
equation [3.T]is adopted.

L15scan (G, Dy) = Eympyyimage)[(Do(y) = 1)%] +
E-Z'vz"’pnoise.image(xvz) [(Db(G(,T, Z))>2]

(3.1

where z is the image with noise box and y is the ground truth image.
To generate more realistic car samples within the noise box z in the input image z,
another adversarial procedure has been followed between GG and D, as in equation

3.2

LGAN(G7 DC) = Eychcar(yc) [logDC(yC)] +
Eeproine(2)[l0g(1 = De(G(2)))]

(3.2)

where 2z denotes the noise box in input image x and v, is the cropped car image in the

ground truth image y.
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To control the differences between generated image and ground truth image, tradi-

tional /; loss has been applied as follows in equation

Lll (G) - Eﬂ@'@"’pnoise‘imuge (xvz)vprgtAimage(y) [| ’y - G(x7 Z) | |1] (33)

Together with /; loss, the combined loss becomes as in equation [3.4}

L(G, Dy, D,) = Liscan(G, Dy) + Laan(G, D,) + AL (G) (3.4)

where A controls the importance of /; loss, and this parameter is set to 100 as it is

selected as optimal number in the original paper.

3.0.3 Tiny YOLOV3

YOLO [64] is a single-stage object detection algorithm that uses a lightweight end-
to-end network to predict bounding boxes and class probabilities directly from full
images in a single pass. YOLOV1 introduced the concept of directly regressing object
coordinates from the image instead of using region proposal networks such as Faster-
RCNN [3]. Starting from YOLOv2, the system used anchor boxes for regressing
object coordinates in a more accurate way, where these anchor boxes are calculated
by clustering the size of instances in the training set. YOLOV3 is trained with a

different class prediction loss formula and makes detection at three different scales.

We have selected and used Tiny YOLOV3 [6], which is a smaller version with a re-
duced number of layers and number of scales of predictions, for the experiments.
This tiny model does two-scale prediction as opposed to three scales in the original
YOLO. Since the aim of the proposed method is not to get the best detection perfor-
mance among different models but to improve the base performance by augmentation
without changing the architecture of the model, we selected Tiny YOLOV3 by con-

sidering its relatively low training/inference time.
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3.0.4 Metrics

There are two commonly used metrics for evaluating the detection performance. In-
tersection over Union (IoU) is used for evaluating localization performance. It is the
ratio of overlap (intersection) of predicted and ground-truth bounding boxes over the
union of predicted and correct bounding boxes (Eq. [3.5)) where B, and B, are the
ground truth and predicted bounding boxes of the object.

_ [ByN Byl

‘[OU(B97BP) - |B UB |
g p

(3.5)

The result is between 0 and 1 indicating the ratio of correct prediction. If the predic-
tion score is above the threshold, it is counted as a correct prediction and it increments
the number of true positives by 1. If it is less than the predetermined threshold, then

it will add 1 into the number of false positives.

Average Precision (AP) is the area under the precision-recall curve. It is commonly
used to evaluate detection performance. Considering the correct predictions as true
positives (1'P), incorrect predictions as false positives (£'P), and no predictions for

an instance as false negatives (/'N), we can formulate precision, recall, and AP as in

Eq. 3.6

TP TP !
precision = TP~ FP recall = TP+ FN AP = /0 p(r)dr  (3.6)

3.1 Proposed Data Augmentation Method

The proposed method consists of 2 stages: training and augmentation. The training
stage involves independent training of a generative network and a detector network.
Separate training of these networks provides better stability during training. At the
augmentation stage, the generative network is used to generate new samples and the
detector is used to assess the feasibility of these samples for augmentation. An aug-

mented training set is formed using the samples which are deemed feasible after this
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assessment. This training set then can be used during the training of a detector to

improve the detection performance.

3.1.1 Training Stage

The generator and detector networks are trained with image patches since the aim is to
generate patches containing new instances and subsequently feed them into detector
to evaluate their viability. Both these networks are fed with the same patches, which
are extracted from the available training images. At the end of the training stage,
the generator network learns to generate realistic target instances filling in the given
patches. The detector is trained with bounding box annotations and the best model
parameters which has the highest average precision is selected for the augmentation
stage. If new class has been wanted to be included in data augmentation process,
same procedure which is shown in [3.3| should be performed with that specific class

instances.

Train

Generative
Model

Train
Detection
Model

Instance patch

Image

Figure 3.3: Schematic of training stage

3.1.2 Augmentation Stage

At this stage, the aim is to generate new object instances on the original images. Af-
ter the training stage has been completed for both networks, patches with predefined
sizes from random locations are extracted and their central areas (corresponding to
half the patch dimensions) are masked with zeros. If the masked holes intersect with
any other existing instances, the patch is discarded and a new image is used for the

patch extraction while iterating over the train images. The patches are fed into the
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trained generative model to generate synthetic object instances, which are expected
to be located at the center of the patches. Then, the generated data is fed to the detec-
tor to evaluate whether the generated sample is acceptable to use for augmentation.
For this evaluation purpose, the confidence score of the detector model, which re-
flects the confidence in identifying the generated instance, is used as a threshold. The
generated sample is accepted if the confidence score is higher than the predetermined
threshold. If the generated sample is not realistic or it has artifacts, it is expected to be
assigned a low confidence score by the detector. If that is the case, the augmentation
stage starts over with the next image from the training set since the current image
may not be suitable for augmentation. If the generated sample is accepted by the de-
tector, the original image is modified and augmented with the generated instance at
the center of extracted patch coordinates. The augmented set is formed by adding a
predetermined number of new instances into the raw train set. The schematic of the

proposed framework is shown in Fig. [3.4]

. j Generative |
Lol
G

Patch from Mask central enerated
random location  area to fill instance

Augmented image

Figure 3.4: Schematic of augmentation stage

3.2 Experimental Evaluation

3.2.1 Dataset

We used Vehicle Detection in Aerial Imagery (VEDAI) [63] dataset which has 1272
RGB color images at 1024 x 1024 resolution. All images are annotated with bounding
boxes with the following set of labels: Car, Truck, Pickup, Tractor, Camping Car,
Boat, Plane, Bus, Vans, Other. We have selected Car instances for our experiments

due to its variety in terms of color, orientation, and size.

There are a total of 1377 car instances in the dataset. Object instances larger than
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48 x48 pixels (less than 3% of all instances) are discarded as mentioned below. We
divided the dataset as 500 and 772 for training and testing respectively. Only a part of
the training set was used for experiments since we aim to improve the performance on
small training datasets. 96 <96 patches have been extracted around car instances from
the training images which have a total of 490 car instances. The images have been
down-scaled to the default input resolutions of Tiny YOLOv3, which is 416x416 for

performance evaluation.

3.2.2 Patch Size Selection for Context Based Augmentation

We analyzed the instance sizes for car class in the dataset to select the appropriate
patch size. The size histogram of all car instances in the dataset is shown in Fig. [3.5]
As can be seen from this figure, 48x48 area covers more than 97% real instances
with the best quality generated samples and we selected the instance size as 48 x48
considering the best coverage and quality. Larger areas would cover all instances,
but, in that case, most patches would have disproportionately large background area
compared to the area of generated instances. In [62], it is reported that image comple-
tion works the best when the original image is double the size of the generated part.
Hence, we selected the patch size as 96x96. The experiments show that generative
models fail when the patch size is larger and generation time increases exponentially.

Also, the boundary artifacts are more pronounced when patch sizes are smaller.

3.2.3 Detector Module

Tiny YOLOV3 has been adopted as the detector module. It has 13 convolutional layers
and the first six layers are followed by max-pooling layers. The official implementa-
tion has been used with the pretrained weights obtained by training on ImageNet [[66]
and default parameters for 96x96 resolution. Based on our tests, pretrained weights
provide faster convergence, more stable training, and better generalization. It also
prevents overfitting due to single class training. The color based data augmentation
configuration, including saturation, exposure, hue, and jitter augmentations are also

enabled. We trained the model for 2000 epochs and observed that the training takes
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Figure 3.5: Distribution of size of bounding boxes for the car class

less than 1 hour on an NVIDIA GTX 1080 TI GPU for 9696 patches. This train-
ing has been done separately for each experiment configuration using 200, 300, 400,
and 500 images. These detectors have been kept the same throughout the experi-
ments even the generators have changed. After the augmentation stage, for the final
performance evaluation, the detector is trained with the default input size of the net-
work implementation (416 x416), which takes around 7 hours. The workflow of the

proposed method is summarized in Algorithm 1]

3.2.4 Generator Module

As generators, original implementations of Pluralisti(ﬂ Pedestrian—Synthesis—GAN(PSGANﬂ
and DeepFilﬂ algorithms have been used. Pluralistic and DeepFill are image inpaint-
ing networks, whereas PSGAN is a contextual GAN with two discriminators, where

they used additional background discriminator to assure contextual consistency.

! https://github.com/lyndonzheng/Pluralistic-Inpainting
2 https://github.com/yueruchen/Pedestrian-Synthesis-GAN
3 https://github.com/Jiahui Yu/generative_inpainting
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Algorithm 1: Workflow of proposed method

input : Generative Network g, Detection Network d
w < 96 // Determined patch size
Training Stage:

for j < 1 to Number of instances do
| p; < Extract w X w instance patches

end
Train Generative Network g with extracted instance patches p;. .,

Train Detector Network d with extracted instance patches p;._,

Augmentation Stage:

for j < 1 to Augmentation count do
Select an image to augment

p <Extract patch from random location

Skip to another image if p intersects with another instance

p < Mask the central w/2 x w/2 area

p’ < Generate instance with Generative Network g(p)

o < Evaluate generated instance with Detector Network d(p’)

if 0 > Acceptance threshold then
| Augment the image with the generated instance

end

end
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3.2.5 Experimental Results

3.2.5.1 Using Pluralistic as Generator

Pluralistic uses Residual Blocks as its building elements. Each Residual Block con-
sists of two convolutional layers and a residual connection with a convolutional layer.
The Encoder has 5 Residual Blocks, Decoder and Discriminator have 5 and 6 Resid-
ual Blocks respectively with an attention layer in the middle. Training of this network

takes around 3 hours for 200 epochs on an NVIDIA GTX 1080 TI GPU.

The model is able to generate realistic and diverse outputs without mode collapse. In
order to examine the distribution of the generated samples, we generated 5000 sam-
ples sequentially and evaluated their score with the detector’s confidence response.
Some examples of generated samples are shown in Fig. [3.6] and the histogram of
confidence scores can be seen in Fig. As it can be seen in Fig. the quality
of the samples increases with the increasing confidence score threshold. An impor-
tant observation is that the samples which are generated in an improper context, such
as samples placed at the sea, get quite low confidence scores which, confirming the
effect of context in detector evaluation. The equal-ranged histogram bins exhibit no
large difference, indicating a good diversity over generated samples. Also, it shows

that the generator does not overfit to detector vulnerabilities.

We first conducted an experiment to determine the detector threshold for the networks
by augmenting 500 images with 1000 generated instances. The result of this exper-
iment can be seen in Table [3.1] for different confidence thresholds and IoU values.
The confidence threshold decides if the generated sample is good enough to augment.
When there is no threshold (i.e., threshold set to 0), the result is the worst as expected
since all generated samples are accepted to be used in augmentation regardless of
their quality and their contextual fitness level. In this case, the process is completed
in 1000 iterations as there are no rejected samples. Considering the average of dif-
ferent(0.2,0.5,0.7) IoU performances, a threshold of 0.9 gives the best results. At this
threshold, it takes 5902 iterations to generate 1000 accepted instances, i.e. 1 sample
is accepted from every ~5.9 generated samples. It takes significantly longer time

and the diversity of the accepted samples reduces above this threshold. As it can be
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Figure 3.6: Some Samples generated with Pluralistic with their confidence scores.

Table 3.1: Average Precision results for different confidence thresholds and IoU val-
ues where 500 images are augmented with 1000 instances using Pluralistic. Augmen-
tation iterations indicate the number of trials to reach 1000 accepted instances.

Acceptance IoU Augmentation
threshold 0.2 0.5 0.7 Average iterations
0.0 56.20 36.11 7.26 33.19 1000
0.1 55.55 40.67 7.97 34.73 1172
0.2 55.42 39.51 9.23 34.72 1288
0.3 56.23 39.65 8.76 34.88 1423
0.4 56.38 44.16 10.31 36.95 1709
0.5 56.04 44.05 10.08 36.72 1818
0.6 56.16 42.29 10.81 36.42 2189
0.7 57.63 4341 9.57 36.87 2667
0.8 57.64 43.15 9.90 36.90 3498
0.9 57.08 43.81 10.57 37.15 5902

seen in Fig. [3.9] when the threshold value gets lower, the size histogram of generated

instances becomes more uniform and when the threshold value gets higher, the his-

togram becomes more impulsive. When threshold value sets into higher values, the

augmented dataset does not contribute to the robustness and the generalization per-

formance of the detector and may cause overfitting because of the lack of diversity.

The second best threshold 0.4 provides a good balance between average precision and

the number of iterations. It also has the best precision for the default IoU value (0.5).

Considering the significantly less execution time and the diversity of the accepted

samples, 0.4 has been selected as the detector threshold. As it can be seen from the

Table 3.1} when the IoU threshold is set to value 0.7, percentage increase in the AP

value gets significantly higher compared to other IoU thresholds.
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Figure 3.7: Histogram of confidence scores for 5000 samples generated with Plural-

istic

There are two main factors for the evaluation of augmentation performance: total
number of training images and number of synthetic car instances embedded into these
training images. We have tested the system with a varying number of training images
to observe its effects on the performance. The number of training images has been
selected to be 200, 300, and 400, where they contain 251, 334, and 424 car instances
respectively. The number of training instances is increased by adding 1, 2, and 3 new
instances per image by augmentation, i.e. when there are 400 training images, we
added 400, 800, and 1200 synthetic object instances (cars) to approximately increase
the existing number of instances by a factor of 2x, 3%, and 4x. Note that all of the
synthetic object instances are placed on the original images, keeping the number of
images the same. As per the above example, there are still 400 images but they have

higher number of object instances than they originally have.

The results shown in Table reveals that the performance of the detector network
improves with the generative augmentation in all cases compared to the baseline (i.e.

when there is no generative augmentation). Average Precision at IoU > 0.5 perfor-
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Table 3.2: Detection performances (AP) when Pluralistic is used as the generator
model.

Dataset | Augmented IoU

Images Instances 0.2 0.5
- 4985 3143
S 200 5215 37.65
400 5171 37.04
600 5227 39.14
: 5376 33.25
S 300 5539 39.76
600 56.01  41.62
900 56.60 4061
: 5546 36.14
S 400 56.03  40.24
800 56.02  42.18
1200 56.87  43.83

mance increases by 24.5%, 22.1%, and 21.2% respectively when there are 200, 300,
and 400 images in the dataset and they are augmented with up to 3 new synthetic
instances per image. Examples from the augmented dataset can be found in Fig. [3.§]
where it can be seen that the augmented instances are realistic, diverse, and coherent
with the rest of the image. Both visual and quantitative results demonstrate that the
proposed method can be used as an augmentation strategy to improve performance

especially when there is limited number of training images.

As it can be seen in Fig. [3.10] the precision-recall curve for each augmentation setting
has been drawn for 300 images. When the IoU threshold has been set as 0.2, while
the recall value gets higher, the precision values are getting closer to each other. This
means that all the models behave similarly when the confidence threshold gets lower.
Another observation is the plots are more distinctive when the IoU threshold has been
set as 0.5, which indicates that the proposed augmentation method actually improves

localization performance.
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Figure 3.8: Raw training images (left) are augmented with 2 separate car instances
(middle). Augmented samples are highlighted with red arrows and their zoomed

versions are shown on the right.
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Figure 3.10: Precision-Recall curve for Pluralistic
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3.2.5.2 Using PSGAN as Generator

We have also used PSGAN for our experiments where the network has one generator
responsible for generating instances from the selected noisy area in the center area
of the selected patch and two discriminators that are responsible for the realism of
generated instances and the contextual plausibility with the background. The archi-
tecture which is described in Section [3.0.2]is used with the default parameters. The
noise region has been created randomly by assigning values between 12 and 48 within
96 <96 patches. Training of this network takes around 2 hours for 200 epochs on an

NVIDIA GTX 1080 TI GPU.

Some examples of generated samples are shown in Fig. and the histogram of
confidence scores can be seen in Fig. [3.12] As we have observed from those gen-
erated samples, the diversity has been preserved even the confidence distribution is
weighted towards higher values with respect to Pluralistic. As it can be seen in Fig.
[3.T1] a similar case is observed with Pluralistic results is directly applicable in this
scenario also, regarding the quality of generated samples. It can be also observed that
the context of the images has a significant role in assigning confidence scores. For
example, even though the visual quality of the topmost car sample of 0.1 confidence
column is satisfactory, a low confidence score is assigned to it due to low contextual
plausibility since the instance is placed at the sea. As seen in Fig. [3.12] the histogram
of confidence scores is mostly accumulated at the threshold value of 0.9 and higher.
However, as it can be seen from Fig. [3.11] and Fig. the samples are generated
with different angles and sizes as well as different pixel intensity averages. Hence, it
can be interpreted as PSGAN is generating highly confident detection samples with-

out being stuck with similar samples due to training problems.

We first used the same experimental setup in the previous section to determine the op-
timal detector threshold for the augmentation by augmenting 500 images with 1000
generated instances. The result of this experiment can be seen in Table [3.3] for dif-
ferent confidence thresholds and different IoU values. Considering the average of
different(0.2,0.5,0.7) IoU performances, a threshold of 0.8 gives the best results. At
this threshold, it takes 1852 iterations to generate 1000 accepted instances. Since

the number of iterations required to generate sufficient acceptable samples does not
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Figure 3.11: Some samples generated with PSGAN with their confidence scores.

get significantly lower below this threshold, 0.8 has been selected for the remainder
of experiments. The same procedure with Pluralistic has been followed for the ex-
periments and the number of training images has been selected to be 200, 300, and
400, where they contain 251, 334, and 424 car instances respectively. The number
of training instances is increased by adding 1, 2, and 3 new instances per image by
augmentation, i.e. when there are 400 training images, we added 400, 800, and 1200
synthetic object instances (cars) to approximately increase the existing number of

instances by a factor of 2, 3, and 4 x.

The results shown in Table [3.4] reveals that the performance of the detector network
improves with the augmentation provided with synthetic samples generated by PS-
GAN 1n all cases compared to the baseline (i.e. when there is no generative augmen-
tation). Average Precision at IoU > 0.5 performance increases by 32.2%, 32.7%, and
23.1% respectively when there are 200, 300, and 400 images in the dataset and they

are augmented with up to 3 new synthetic instances per image.

As it can be seen in Fig. [3.13] the precision-recall curve for each augmentation setting
has been drawn for 300 images. The improvement in detection performance is visible

when the IoU threshold is set as value of 0.5.

3.2.5.3 Size and Aspect Ratio Comparison of Generated Instances

We analyzed the statistics of generated instances using Pluralistic and PSGAN. Based

on the size distribution of instances which can be seen in Fig. [3.14} generated in-

39



2000 A

1500 ~

1000 A

Mumber of generated samples

500 +

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Confidence score

Figure 3.12: Histogram of confidence scores for 5000 samples generated with PS-

GAN

Table 3.3: Average Precision results for different confidence thresholds and IoU val-
ues where 500 images are augmented with 1000 instances using PSGAN. Augmenta-
tion iterations indicate the number of trials to reach 1000 accepted instances.

Acceptance IoU Augmentation
threshold 0.2 0.5 0.7 Average iterations
0.0 57.16 45.15 9.84 37.38 1000
0.1 57.62 47.60 9.89 38.37 1072
0.2 59.27 45.41 9.93 38.20 1142
0.3 59.14 46.49 9.97 38.53 1190
04 57.81 46.57 9.89 38.09 1274
0.5 58.76 45.69 9.65 38.03 1333
0.6 58.11 45.25 9.96 37.77 1451
0.7 59.15 45.33 9.83 38.10 1538
0.8 60.36 47.64 9.94 39.31 1852
0.9 60.46 46.65 9.77 38.96 2278
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Table 3.4: Detection performances (AP) when PSGAN is used as the generator model.

Dataset | Augmented IoU

Images Instances 0.2 0.5
- 4985 3143
S 200 5511 40.10
400 5445 4156
600 5453 38.73
- 5376 3325
S 300 57.60 4320
600 5736 44.13
900 51.81  41.95
- 5546 36.14
S 400 57.68  43.82
800 5860  44.52
1200 5283 4291

Precision Recall Curve
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Figure 3.13: Precision-Recall curve for PSGAN

41



stances with PSGAN as in Fig. seems to have more variety than instances
which are generated with Pluralistic as shown in Fig. [3.14b] which positively affects
the augmentation results. PSGAN generates varying sized instances as it assigns ran-
dom noise into the background generates car instances within this noise region. Fig.
[3.15] shows the distribution of aspect ratios. As can be seen in this figure, the size
distribution of generated samples using PSGAN has more variety than the samples

generated with Pluralistic.

3.2.5.4 Using DeepFill as Generator

We have conducted additional experiments with a different image inpainting network,
DeepFill [42], to validate that the proposed method can also be used with different
generator models. The model is a feed-forward, fully convolutional neural network
which can process images with multiple holes at arbitrary locations and with variable
sizes. It has 2 autoencoders, the first one is for coarse inpainting and the following one
is for refining the coarse generation. Two discriminators are used for local and global
evaluation. It uses contextual attention and gated convolutions. The official DeepFill
implementation accompanying the paper has been used for experiments. The pro-
posed workflow has been integrated with DeepFill as generator instead of Pluralistic.
Some examples of generated samples are shown in Fig. and the results can be
seen in Table [3.5] for 0.9 detector acceptance threshold. Average Precision at IoU
> 0.5 increases by 25.1%, 25.7% and 25.6% respectively when there are 200, 300
and 400 images in the dataset and they are augmented with 2 new instances per im-
age. It can be seen that the proposed method results in performance improvement for
the detector model with similar gains to the variant with the Pluralistic, showing that

the method can be used with different generative models.
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Table 3.5: Detection performances (AP) when DeepFill is used as the generator
model.

Dataset | Augmented

Images Instances | DeepFill

- 31.43

S 200 35.96

400 39.31

600 36.11

- 33.25

S 300 38.93

600 41.81

900 41.96

- 36.14

S 400 38.73

800 45.40

1200 42.19

Figure 3.16: Examples of generated samples with DeepFill.
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CHAPTER 4

CONCLUSION

In this thesis, a new data augmentation framework has been proposed for object de-
tection. The proposed framework consists of a separate generator and detector where
the generator is responsible for generating high-quality instances by giving attention
to context. The detector is responsible for the evaluation of generated samples and
localizing these samples. We have shown that the proposed data augmentation frame-
work is generic, and it works well in association with different generator models. The
proposed framework is also flexible in terms of trade-offs in training and augmen-
tation stages, such as the number of iterations vs. confidence threshold. Modular
changes in generator will affect the timing and accuracy of the proposed method as

well.

Experimental results have shown that object detection performance can be improved
using the proposed generative data augmentation framework. Integrating a detector
module with a predefined threshold is an essential part of this improvement. This
threshold should be chosen carefully as it both affects the computational cost and ac-
curacy of the proposed method. There is no linear relationship between the threshold
value and accuracy improvement, but we have observed a trend that tends to make the
algorithm more accurate with higher threshold values. Based on the accuracy com-
parison between the augmented model and baseline model, we have observed that the
proposed method mainly improves the localization performance of vehicle instances

more than recovering true negative samples.

As a future work, different classes other than vehicles and different object sizes can

be investigated. The generator and detector modules can be replaced with other algo-
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rithms to produce higher-quality and more diverse samples. A new benchmark based
on improvement in detection performance can be created for context-based instance

generation problem by trying different generator modules.
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