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Abstract

BLANGER, L. An Analysis of Sample Synthesis for Deep Learning based Object
Detection. 2020. Dissertation (Master) - Institute of Mathematics and Statistics, Univer-
sity of São Paulo, São Paulo, 2020.

This work investigates the use of artificially synthesized images as an attempt to reduce
the dependency of modern Deep Learning based Object Detection techniques on expensive
supervision. In particular, we propose using a big number of synthesized detection samples
to pretrain Object Detection architectures before finetuning them on real detection data. As
the major contribution of this project, we experimentally demonstrate how this pretraining
works as a powerful initialization strategy, allowing the models to achieve competitive
results using only a fraction of the original real labeled data. Additionally, in order to
synthesize these samples, we propose a synthesis pipeline capable of generating an infinite
stream of artificial images paired with bounding box annotations. We demonstrate how
it is possible to design such a working synthesis pipeline just using already existing GAN
techniques. Moreover, all stages in our synthesis pipeline can be fully trained using only
classification images. Therefore, we managed to take advantage of bigger and cheaper
classification datasets in order to improve results on the harder and more supervision
hungry Object Detection problem. We demonstrate the effectiveness of this pretraining
initialization strategy combined with the proposed synthesis pipeline, by performing
detection using four real world objects: QR Codes, Faces, Birds and Cars.

Keywords: Object Detection, Sample Synthesis, Generative Models, Deep Learning.
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Resumo

BLANGER L. Uma Análise de Síntese de Exemplos para Detecção de Objetos
baseada em Deep Learning . 2020. Dissertação (Mestrado) - Instituto de Matemática e
Estatística, Universidade de São Paulo, 2020.

Este trabalho investiga o uso de imagens sintetizadas como uma forma de reduzir a
dependência de técnicas modernas de Detecção de Objetos, baseadas em Deep Learning,
por formas caras de supervisão. Em particular, este trabalho propõe utilizar grandes
quantidades de amostras de detecção sintetizadas para pré-treinar arquiteturas de De-
tecção de Objetos antes de ajustar estas arquiteturas usando dados reais. Como principal
contribuição deste projeto, demonstramos experimentalmente como este pré-treinamento
serve como uma poderosa estratégia de inicialização, permitindo que modelos atinjam
resultados competitivos usando apenas uma fração dos dados rotulados reais. Além disso,
para poder sintetizar estas amostras, propomos um pipeline de síntese capaz de gerar uma
sequência infinita de imagens artificias associadas a anotações no formato de bounding boxes.
Demonstramos como é possível projetar este pipeline de síntese usando apenas técnicas já
existentes baseadas em GANs. Além disso, todos os estágios do nosso pipeline de síntese
podem ser completamente treinados usando apenas imagens rotuladas para classificação.
Desta forma, fomos capazes de tirar proveito de datasets maiores e mais baratos de rotular,
para melhorar os resultados em Detecção de Objetos, um problema mais difícil e para
o qual produzir dados rotulados diretamente é mais custoso. Demonstramos a eficácia
desta estratégia de inicialização via pré-treinamento, em combinação com nosso pipeline de
síntese, através de experimentos evolvendo detecção de quatro objetos reais: Códigos QR,
Faces, Pássaros, e Carros.

Palavras Chave: Detecção de Objetos, Síntese de Amostras, Modelos Gerativos, Apren-
dizado Profundo, Deep Learning.
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Chapter 1

Introduction

Since the recent widespread adoption of CNN based architectures for Computer
Vision problems (Girshick et al., 2014; Sermanet et al., 2013), the performance of Ob-
ject Detection techniques has been consistently improving. This is evidenced by the
state-of-the-art results achieved by recent Deep Learning based detection architec-
tures (Jiao et al., 2019; Zhao et al., 2019) on standard detection benchmarks such as Pas-
cal VOC (Everingham et al., 2015) and MS-COCO (Lin et al., 2014). However, these Deep
Learning architectures are well known for requiring huge amounts of labeled data in order
to achieve their best performance and avoid the issue of overfitting. Therefore, despite their
recent successes on these big standardized datasets, it remains difficult to deploy recent
detection models on domains where labeled data is scarce.

Acquiring labeled data for Object Detection is difficult. In order to label images for
detection, one needs to identify not only object categories, as is the case for classification,
but also rectangular, axis-aligned bounding boxes (Everingham et al., 2015), for each object
in the image. The number of objects in a single image is variable and they may appear in
varying sizes and shapes, potentially interacting or occluding each other in complex ways.
All this variability makes the labeling effort harder, more time consuming, and more prone
to mistakes and the influence of human biases than in the classification case.

In fact, for the related Image Classification problem, acquiring labeled data is much
easier and faster, as evidenced by public datasets for classification (Deng et al., 2009;
Krizhevsky et al., 2009), which tend to be orders of magnitude bigger than their detec-
tion counterparts (Everingham et al., 2015; Lin et al., 2014). Table 1.1 presents the number
of samples for some popular Classification and Detection datasets.

Classification Detection
CIFAR-{10,100} (2009) ImageNet (2010) Pascal VOC 2012 MS-COCO 2017

60.000 14.197.122 11.530 ∼123k

Table 1.1: Number of images in some popular Classification and Detection datasets:
CIFAR-{10,100} (Krizhevsky et al., 2009), ImageNet (Deng et al., 2009), Pascal VOC
2012 (Everingham et al., 2012), and MS-COCO (Lin et al., 2014).

1



2 INTRODUCTION 1.0

A core motivation of this project is to investigate whether it is possible to transfer the
knowledge acquired from data coming from other tasks that require more high level and less
costly forms of supervision, such as Image Classification, into the Object Detection task,
in such a way to alleviate the need for the more expensive detection supervision. Assuming
we somehow have access to (usually a large quantity) of classification level images from the
given object classes to be detected, a central concern in this work is finding a way to use
these images to automatically compose detection level images paired with bounding box
labels, and then using these artificial detection images as training samples for traditional
detection models.

Approaches to expand image datasets with artificial samples are not new. In the
Deep Learning and Computer Vision communities, it has become common practice to
apply Data Synthesis and Augmentation techniques in order to obtain additional train-
ing samples (Krizhevsky et al., 2012; LeCun et al., 1998; Liu et al., 2016; Long et al., 2015;
Ronneberger et al., 2015). Moreover, there is a line of works that use Computer Graph-
ics techniques to synthesize artificial samples (Alhaija et al., 2017; Gupta et al., 2016;
Hinterstoisser et al., 2018; Mitash et al., 2017; Movshovitz-Attias et al., 2016; Peng et al.,
2015; Su et al., 2015; Sun and Saenko, 2014; Varol et al., 2017).

For Image Classification tasks, in recent years there have been attempts at using Gen-
erative Image Models to synthesize additional training samples (Antoniou et al., 2017;
Mariani et al., 2018; Wang and Perez, 2017; Yamaguchi et al., 2019; Zhang et al., 2019),
and this constitutes a promising research direction, especially in situations where labeled
data is costly to acquire, like medical image applications.

Generative Adversarial Networks (GANs) (Goodfellow et al., 2014) are a natural ap-
proach to perform image synthesis. In the past few years, GAN variations achieved impressive
results on image generation and contributed to the recent surge of attention to Generative
Image Models. Some recent iterations of these techniques are even capable of generating im-
ages close to indistinguishable from real ones to distracted human eyes (Brock et al., 2018;
Karras et al., 2019a, 2020). Figure 1.1 shows some impressive examples of faces generated
by the StyleGAN architecture (Karras et al., 2019a). Additionally, the idea of taking advan-
tage of the knowledge encoded by Generative Models about the data distribution in order
to improve downstream tasks is an important Machine Learning goal.

The effectiveness of Generative Models for Image Classification Sample Synthesis suggests
they might be a good choice for Object Detection as well. However, the few works that
attempt to apply Generative Models to synthesize samples beyond Image Classification
require heavy forms of annotation for training, like segmentation masks (Bailo et al., 2019;
Bowles et al., 2018; Milz et al., 2018), paired images from different domains (Sandfort et al.,
2019), or manually designed simulators (Shrivastava et al., 2017). These approaches do not
really help reduce the need for expensive supervision.

In this perspective, in this work we investigate how to use GAN based techniques to
perform Object Detection Sample Synthesis. As we have this general motivation of taking
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Figure 1.1: Images Generated by a StyleGAN architecture trained on the FFHQ
dataset (Karras et al., 2019a).

advantage of the knowledge encoded on cheaply labeled classification datasets, while also
reducing the need for expensive supervision like bounding boxes, we focused our investigation
on how to design a synthesis pipeline in which all stages can be trained with classification
level data only.

Additionally, once we have artificial detection samples, some questions arise. First, what
is the best way to use these synthesized samples during the training of traditional detection
models? Second, as we attempt to use artificially synthesized samples together with real
images acquired from the real world, a natural question is how realistic these synthesized
samples need to be in order to be useful. Or in other words, how much influence does sample
quality have on the final detection results?

1.1 Goals and Contributions

The three main questions we seek to answer with this project are (1) Can we use Sample
Synthesis to achieve more data efficient Object Detection? (2) How to design a synthesis
pipeline that does not depend on bounding box labels or other forms of expensive super-
vision? and (3) What is the best way to incorporate these synthesized samples into the
training of modern detection architectures?

In this work, we demonstrate how it is possible to combine already existing GAN inspired
techniques into a simple synthesis pipeline capable of generating an infinite stream of artificial
detection samples paired with bounding box labels. We take advantage of recent advances
in Unsupervised Segmentation (Chen et al., 2019) in order to avoid the need for expensive
supervision. Therefore, all stages of our pipeline can be trained using only classification
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level data. We also demonstrate how pretraining Object Detection models using this infinite
stream of artificial samples works as a powerful initialization strategy, allowing comparable
results using only a fraction of the original real labeled detection data.

In summary, the main contributions of this project are the following:

1. We show how Object Detection Sample Synthesis is a viable option to reduce the
need for real labeled detection data, using only classification level supervision, there-
fore allowing us to take advantage of the knowledge encoded in large amounts of the
cheaper classification data in order to improve data efficiency on the harder and more
supervision hungry Object Detection problem.

2. We demonstrate how it is possible to achieve such a working synthesis pipeline using
a simple combination of already existing GAN based techniques, and how this simple
pipeline is capable of generating an infinite stream of synthesized detection images
paired with bounding box labels.

3. We propose to use these synthesized samples as a pretraining initialization strategy,
and present experimental evaluations to demonstrate the benefits of this method.

1.2 Dissertation Structure

The remainder of this text is structured as follows. Chapter 2 reviews the techniques
on which this project is based, and establishes the common terminology that will be used
throughout the text. Chapter 3 explains our synthesis pipeline in detail, together with a
discussion of several other ideas we either considered or attempted, but did not make it to
the final method, and could potentially be useful for future research. In Chapter 4 we present
a series of experiments aimed at demonstrating how Sample Synthesis can help reduce the
need for detection supervision, as well as demonstrating that our synthesis pipeline is a viable
way to perform such synthesis. We also present a set of ablation experiments that aim at
better understanding the influence of several design choices. To conclude, we summarize our
findings in Chapter 5.

For additional information, in Appendix A we describe the main metric used for Object
Detection evaluation. In Appendix B we describe in more detail the architectures used for
the experiments, and in Appendix C we present all the main results in table format.

Additionally, in Appendix D we include a paper titled “An Evaluation of Deep Learning
Techniques for QR Code Detection”, published at ICIP 2019 (Blanger and Hirata, 2019).
This paper, as well as an image dataset for QR Code detection 1 (detailed and used in
Section 4.1) are contributions generated during preliminary studies towards understanding
the modern Object Detection literature and Deep Learning programming tools.

1https://github.com/ImageU/QR_codes_dataset

https://github.com/ImageU/QR_codes_dataset


Chapter 2

Related Work

In this chapter, we present an overview of the theoretical foundations on which this
project is based, as well as related works that motivate the directions and choices taken in
this project. Section 2.1 defines the basics of what we refer to as Object Detection, focusing
especially on recent approaches that constitute the current state of the art. Section 2.2
explores one of the main limitations of these modern techniques: the requirement of large
amounts of costly labeled data, and a series of existing attempts at mitigating this issue.
In Section 2.3, we explore one of this mitigation attempts called “Data Synthesis”, on which
this project is based. Finally, Section 2.4 presents some recent trends in Machine Learning
research that justify some of the choices we take for this project.

2.1 Object Detection

It is easier to describe what Object Detection is, by comparing it with other related
Computer Vision tasks. In Image Classification, the goal is to assign the correct label
from a predefined set to an input image. In the most classical formulation, images that are
used for classification are either acquired with this intention or undergo some preprocessing to
properly account for the scale of the object of interest. Ideally, in order to prevent ambiguous
classification, the image contains a single object, which is guaranteed to belong to the set
of predefined classes. Additionally, the object is also usually centralized and in large scale
(it covers a significant region within the image frame), so as to minimize the interference of
what is in the background.

Another Computer Vision task is Object Localization, which is similar to Image Clas-
sification in that each image still contains a single object from a predefined set of classes.
However, for localization this object can be of varying scale, thus occupying a variable re-
gion within the image frame, and it can be located at varying positions. The goal in Object
Localization is both to classify the object, while also locating it in the image, usually produc-
ing an output in the form of a rectangular, axis-aligned bounding box that tightly encloses
the object. This usually means having to output four regression values parameterizing the

5
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coordinates of this box.
Finally, the Object Detection problem can be seen as a generalization of Localization.

In Detection, the goal is also to perform classification and bounding box regression for objects
in images. However, contrary to Localization, here it is possible to have several objects of
interest in the same image (possibly none at all). These objects can be of varying scales,
positions and aspect ratios, and can interact, occlude and overlap each other in complex
ways. The goal in Detection is to output a variable length list of classification and bounding
box location pairs. A visual comparison between Classification, Localization and Detection
is presented in Figure 2.1

We note that in some sources and fields, the terms “Localization” and “Detection” may be
used interchangeably to refer to either one of the last two definitions or some other similar
task. In this work however, we discriminate between them according to the definitions above.
Whenever we refer to “Detection”, we mean the whole task described above, and when
we mention “Localization”, we are referring to the specific task of a single bounding box
regression, which is a component step of “Detection”.

The Object Detection problem is considered to be significantly more difficult than Image
Classification. This difficulty manifests in two different ways. First, the tasks a Detection
model is required to perform are much more complex. In fact, Classification can be seen
as a sub-task in the Detection problem, alongside the bounding box regression sub-task.
Moreover, in the most traditional formulations, the Detection problem requires handling a
variable number of highly variable objects of different scales, while Classification usually has
to handle a well behaved single object at large scale. Second, due to this complexity, labeling
data for training Detection models is considerably harder and more time consuming than for
Classification, and this results in datasets for Detection problems being smaller. Therefore,
despite the higher complexity of the problem, Detection faces a lower data availability than
Classification. This situation will be expanded on Section 2.2

In this project, we assumed the same formulation of Object Detection as the one used
in the detection track of the Pascal VOC competition (Everingham et al., 2015). For all the
evaluations presented in Chapter 4, we measured results using Mean Average Precision at 0.5
IOU, following the same methodology as done since the 2010 edition of the VOC competition,
which is described in Everingham et al. (2010). For details about how to calculate Mean
Average Precision in the context of Object Detection, please refer to Appendix A.

2.1.1 Traditional vs Deep Learning Approaches

As mentioned previously, the Object Detection problem can be divided into two sub-
tasks: identifying the image region on which a given object is located (sometimes also called
localization), and identifying to which class from a predefined set the object belongs (classi-
fication). According to Zhao et al. (2019), traditional detection pipelines usually accomplish
both of these tasks using a sequence of three main steps:
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(a) (b)

(c)

Figure 2.1: An illustration about the distinction between Image Classification (a), Localization (b),
and Object Detection (c). The image is the input for the task, while everything in blue is the respective
expected output. Images taken from the Pascal VOC 2012 detection dataset (Everingham et al.,
2012)
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Selection of Informative Regions. Objects can occur at any image region and at any
scale or aspect ratio. To handle this situation, it was common for traditional techniques to
scan the image in a sliding window fashion at multiple scales, in order to extract candidate
regions for detection. This approach has the downside of requiring the application of some
form of classifier several times, which is not practical for more computationally expensive
models.

Feature Extraction. It was common practice to use feature extractors manually designed
for each particular domain. However, due to the high variety of appearances, lighting and
background, it was hard to manually design a robust enough set of features for multiple
object classes in generic contexts (Zhao et al., 2019). Some popular attempts at generic
feature extraction include SIFT (Lowe, 2004), HOG (Dalal and Triggs, 2005) and Haar fea-
tures (Lienhart and Maydt, 2002)

Classification. In order to decide which candidate regions are associated with each object
class, a general purpose classifier is usually applied to the previously extracted region fea-
tures. For Object Detection tasks, Support Vector Machines (SVMs) (Cortes and Vapnik,
1995), AdaBoost (Freund and Schapire, 1997), and Deformable Part-based Models
(DPMs) (Felzenszwalb et al., 2009) were frequently used options for Object Detec-
tion (Zhao et al., 2019).

Throughout the 2000’s decade, several advances were achieved by employing techniques
based on this sequence of steps. A representative example is the detection framework
of Viola & Jones (Viola et al., 2001), that uses a classifier cascade on top of Haar fea-
tures (Lienhart and Maydt, 2002). Proposed in 2001, this framework achieved impressive
results on Face detection, and has since been applied to several other problems as well, like
QR Code detection (Belussi and Hirata, 2013).

At around 2010-2012, only small incremental improvements were being achieved, mostly
by using ensembles and small tweaks of already popular techniques (Zhao et al., 2019). At
around this period, in 2012, Krizhevsky et al. (2012) won the Image Classification com-
petition ILSVRC (Russakovsky et al., 2015) using a Deep Convolutional Neural Network
(CNN) (LeCun et al., 1990) trained on the now famous Imagenet dataset (Deng et al., 2009).
Since then, deep neural networks have been applied to several other problems, in Computer
Vision and other fields. This strategy of applying deep layered forms of pattern extraction
using neural network techniques eventually came to be called Deep Learning.

One of the first representative works that adopted these modern Deep Learning based
techniques for Object Detection is the Overfeat architecture (Sermanet et al., 2013), an
expansion of the winner architecture used by Krizhevsky et al. (2012), which was originally
trained for classification. Overfeat appends a localization module to the CNN, which acts on
top of the feature maps extracted from the last convolutional layer. This additional module is
trained to perform regression of the four bounding box coordinates. With this, the original
classification parts and the new localization module act together sharing the same set of
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convolutional feature maps. In order to perform detection, Overfeat explores the fact that
CNNs process the input image in a sort of implicit sliding window, which allows it to detect
objects at several regions with a single pass over the image. However, in order to deal with
objects of varying scale, they still had to apply this architecture several times using an image
pyramid approach.

The techniques that followed can be roughly divided into two categories (Zhao et al.,
2019), according to whether or not they have a candidate region extraction step:

Two-Stage Techniques. Techniques in this category perform detection by first searching
for candidate regions in the image, and then classifying/discarding these regions and, possi-
bly, refining their bounding box coordinates. The most representative works from this cat-
egory are the ones from the RCNN family (Girshick, 2015; Girshick et al., 2014; Ren et al.,
2015). The initial RCNN (Girshick et al., 2014) (Regions with CNN features) consisted of
a CNN inserted into a traditional detection pipeline. The technique depended on some al-
gorithm capable of extracting candidate regions (in the original work they used Selective
Search (Uijlings et al., 2013) to extract around 2k regions, but follow up works also used
the Edge Boxes (Zitnick and Dollár, 2014) method). These regions were then all resized
to the same predefined dimensions and passed through a CNN for feature extraction and
classification.

The last iterations of two-stage techniques are all instances of the Faster-RCNN archi-
tecture (Ren et al., 2015), which uses a fully neural Region Proposal Network (RPN) instead
of classical algorithms to extract candidate regions. Additionally, the components that per-
form the final detection (classify the candidate regions and refine the box coordinates) share
most of their layers with the RPN, therefore significantly reducing the computational cost
exclusively dedicated to region proposal.

Historically, two-stage techniques have achieved superior quantitative results when com-
pared to single-stage techniques, at the cost of being more computationally inefficient and
less stable to train (Zhao et al., 2019).

Single-Stage Techniques. Contrary to the two-stage approaches, techniques in this group
do not extract and refine candidate regions, and instead produce detections with a single
network pass over the input image. Overall, single-state techniques generate one or more
dense detection grids, containing class scores (including for the negative class, or background)
with bounding box offsets with respect to some predefined set of anchor or reference boxes.

A pioneering single-stage technique is YOLO (Redmon et al., 2016) (You Only Look
Once), that outputs a dense grid of detections as described above. Each cell of this detection
grid can detect up to a predefined number B of objects, and is responsible for both classifying
them and adjusting bounding box coordinates.

Another popular single-stage technique is SSD (Liu et al., 2016) (Single Shot Multibox
Detector), that produces several dense detection grids. Each grid is generated by a detection
branch on top of a feature map extracted from some layer of a backbone CNN. SSD exploits



10 RELATED WORK 2.2

the fact that more shallow CNN layers extract simple, low level patterns on higher resolution
grids where each cell covers a small image region, while deeper layers extract more abstract
high level patterns, on smaller grids where each cell covers a bigger part of the image.
This way, by using multiple detection branches on top of different feature depths, SSD can
naturally detect objects of varying scales.

Historically, single-stage approaches have performed worse than two-stage ones in terms
of detection quality, but they are known to be more computationally efficient and easier to
train (Zhao et al., 2019). More recently however, some techniques were proposed to reduce
this quality gap. An important advance comes from the adoption of Focal Loss (Lin et al.,
2017) for training instead of the traditional Cross Entropy Loss. Focal Loss aims at reducing
the effects of class imbalance, an issue that particularly affects single-stage techniques, since
the detection grids usually contain an overwhelmingly higher number of negative background
matches than positive ones.

For simplicity purposes, in this work we choose to focus only on single-stage techniques
for our experiments.

2.1.2 Image Segmentation

Another Computer Vision problem related to Object Detection that is worth mentioning
is that of Image Segmentation. In it, the goal is to classify individual pixels into a set of
classes. The output of a Segmentation model is one or more masks that segment the image
region that is covered by a given object instance or object class. Because of this, it requires
an even lower level form of supervision for training than Object Detection, usually in the
form of ground truth masks.

There are two main styles of Image Segmentation, which we describe next:

Semantic Segmentation. Here the goal is to assign a single category to each image pixel.
It does not differentiate between different instances of the object class. For instance, if there
are two cars on an image, all the pixels within any of the car’s regions should be assigned
to the “car” class, and there is no reference as to which car each pixel belongs.

Instance Segmentation. Here the model output is expected to incorporate the information
about individual instances of the same object class. For instance, in the situation described
previously, the instance segmentation output should contain a mask for each individual car,
segmenting only that particular car’s region.

Representative works that perform different forms of Image Segmentation using Deep
Learning are the Unet (Ronneberger et al., 2015), FCN (Long et al., 2015), and Mask-
RCNN (He et al., 2017).
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2.2 The Data Scarcity Problem

Recent Machine Learning techniques that are based on the Deep Learning paradigm
allowed applications to take advantage of increasingly large amounts of data and computing
resources, which in turn has allowed them to achieve results previously thought to be out
of reach for machines. However, the applicability of these techniques on domains with little
labeled data is still limited. Many of the impressive results achieved recently stem from very
big models with huge parameter spaces, which in turn requires massive amounts of (usually
labeled) data in order to avoid overfitting (Shorten and Khoshgoftaar, 2019).

This leads to a situation where we have impressive results on areas where there are
big datasets and standardized benchmarks. In contrast, we observe more limited improve-
ments for domains where data is difficult or expensive to acquire due to technical or legal
requirements, where the effort required for labeling data is higher or demands specialized
knowledge, with the most notable examples being medical applications.

This problem is also present, although at a smaller degree, for Computer Vision tasks in
general. For the traditional Image Classification, image samples are relatively easy to obtain,
and providing labels for these samples is also fast and trivial most of the time. As for Object
Detection, however, labeling images is considerably costlier, as the labeler needs to identify
not only object categories, but also rectangular, axis-aligned bounding boxes that tightly
enclose the given objects. This must be done for several objects that interact in complex
ways in each image (Everingham et al., 2015), thus making the labeling effort harder, more
time consuming and more prone to mistakes and human biases than in the classification
case.

This situation becomes evident when considering existing public datasets for Image Clas-
sification like ImageNet (Deng et al., 2009), which tend to be orders of magnitude bigger
than their Detection counterparts, such as Pascal VOC (Everingham et al., 2015) and MS-
COCO (Lin et al., 2014). This situation is highlighted in the Introduction chapter of this
text.

In the remainder of this section, we briefly detail some popular approaches used to
alleviate this problem of lacking labeled data. We focus only on approaches that are popular
in the Computer Vision literature, particularly those that remain or became widely used
since the introduction of Deep Learning.

Improved Architectures and Regularization
A common approach to take better advantage of small datasets and in turn reduce

overfitting, is to artificially restrict the model capacity in a controlled way. In the Machine
Learning literature, this form of restriction is known as Regularization.

A traditional technique to perform regularization on neural networks is known as “Weight
Decay”, in which an L1 or L2 norm penalty is added to the loss function to prevent the model
parameters from growing too much. Notable regularization techniques post Deep Learning
include forms of Dropout (Srivastava et al., 2014), in which the activations of certain units
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in the model are forcibly set to zero during training, with the objective of preventing co-
adaptation between units and thus increasing individual unit’s robustness. Another popular
form of regularization post Deep Learning is Batch Normalization (Ioffe and Szegedy, 2015),
in which the activation output of certain layers in a model is standardized across the batch
dimension, and then rescaled and shifted according to a scale and bias parameters, with the
goal of reducing a problematic optimization phenomenon known as “Covariate Shift”.

Besides regularization, there have been attempts at designing better parameter efficient
architectures, with the goals of increased memory efficiency and better generalization capa-
bilities. Notable architectures are the MobileNet (Howard et al., 2019, 2017; Sandler et al.,
2018) and ShuffleNet (Ma et al., 2018; Zhang et al., 2018) series, respectively.

Image Augmentation
In the face of little labeled data, approaches to expand existing datasets by artificially

generating additional samples have played an important role in Computer Vision prob-
lems so far. Traditionally, these approaches fall under the class of Data Augmentation tech-
niques (Shorten and Khoshgoftaar, 2019), and some forms of it are present since the early
applications of convolutional layers (LeCun et al., 1998).

The traditional applications of data augmentation on Computer Vision consist of simple,
manually designed transformations that change the images in a “label-preserving” way, like
random color or geometric manipulations, random cropping or erasing of patches, and the in-
jection of different forms of noise (Shorten and Khoshgoftaar, 2019). Several important works
in different areas of Computer Vision made use of some form of these simple augmentations,
including both early (LeCun et al., 1998) and modern (Krizhevsky et al., 2012) applications
of CNNs for classification, detection (Liu et al., 2016), and segmentation (Long et al., 2015;
Ronneberger et al., 2015).

More recently, however, some works attempted to learn data augmentation strategies di-
rectly from data. One possibility is learning sampling policies over sets of manually designed
traditional operations. For instance, Cubuk et al. (2019), Geng et al. (2018), Minh et al.
(2018), and Zoph et al. (2019) all used Reinforcement Learning algorithms in order to nav-
igate the space of augmentation policies, while Ratner et al. (2017) used a GAN-like frame-
work to adversarially train a generator responsible for sampling sequences of predefined
transformation functions.

Another set of works attempted to learn how to modify existing samples from scratch,
without requiring manually designed transformation sets. Jackson et al. (2018) used a Style
Transfer algorithm (Ghiasi et al., 2017) to generate additional images by changing the style
of existing ones. The Neural Augmentation (Wang and Perez, 2017) and Smart Augmen-
tation (Lemley et al., 2017) techniques work by using networks responsible for taking one
or more images as input and generating one or more combined images that are treated as
augmented samples and used to train some downstream classifier.

Transfer Learning
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Transfer Learning techniques are concerned with taking advantage of the knowledge ac-
quired in some domain with high data availability, in a way that improves some different
but related task where there is less data (Weiss et al., 2016). For instance, in certain Com-
puter Vision problems, it became common practice to reuse parts of CNN architectures
previously trained for classification on ImageNet as feature extractors (or backbone CNNs)
instead of initializing them at random. This is done in the R-CNN (Girshick et al., 2014)
and SSD (Liu et al., 2016) architectures for Object Detection and in the FCN (Long et al.,
2015) for Semantic Segmentation. It turns out that there is some form of “universality” on
the patterns learned by convolutional layers, so they can be trained with large datsets on
some task like ImageNet classification and these patterns would then generalize to other
vision problems.

2.3 Data Synthesis

In the previous sections, we described the Object Detection problem, and how the cost of
labeling detection data slows its applicability. We also compiled some common approaches
for tackling this issue. In this section, we describe in more detail another of these approaches,
under which we are categorizing this project.

As established in the Introduction, in this work we set out to investigate if it is possible
to improve either the final results of Object Detection models, or their dependence on real
labeled data, by using additional synthesized samples. In this section, we describe what we
refer to as “Data Synthesis”, presenting some existing possibilities and their drawbacks, with
a focus on Object Detection, while also establishing the constraints we would like to have
on our Data Synthesis process.

First, it is important to establish the difference between Data Synthesis and Augmenta-
tion. In this project, we refer as augmentation to any technique that generates additional
training samples by applying random, label preserving transformations, to already exist-
ing samples from the same problem domain. In contrast, we assume Data Synthesis to be
a broader definition, where additional samples are also generated, but not necessarily as
transformations of existing ones. We note that, however, some works use Augmentation to
refer to any data generation procedure.

As the goal of “Data Synthesis” is to somehow generate (image) samples, a natural
approach is to use Computer Graphics techniques to model the objects of interest. One
could use these models to generate several object instances to compose synthesized sam-
ples. Several existing works demonstrate promising results with variations of these general
idea (Alhaija et al., 2017; Gupta et al., 2016; Hinterstoisser et al., 2018; Mitash et al., 2017;
Movshovitz-Attias et al., 2016; Peng et al., 2015; Su et al., 2015; Sun and Saenko, 2014;
Varol et al., 2017). However, these CG based techniques all require access to 3D models
of the object of interest in order to be applied.
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Another natural approach to perform “Data Synthesis” is through Generative Im-
age Models, as done by several existing works, mostly with GANs (Goodfellow et al.,
2014). Many works use generative models to synthesize samples to expand Image Clas-
sification datasets (Antoniou et al., 2017; Mariani et al., 2018; Wang and Perez, 2017;
Yamaguchi et al., 2019; Zhang et al., 2019), and this constitutes a promising research di-
rection, specially on domains like medical imaging (Frid-Adar et al., 2018), or situations
with underrepresented classes (Lim et al., 2018; Pinetz et al., 2019; Zhu et al., 2018).

Some works tried to apply GAN based synthesis (in some cases data augmentation) on
tasks beyond just classification, such as detection and segmentation on medical (Bailo et al.,
2019; Bowles et al., 2018; Sandfort et al., 2019) and aerial images (Milz et al., 2018), as
well as eye gaze and hand pose estimation (Shrivastava et al., 2017). However, these ap-
proaches require costly forms of supervision in order to train the GANs, like segmentation
masks (Bailo et al., 2019; Bowles et al., 2018; Milz et al., 2018), paired images from differ-
ent domains (Sandfort et al., 2019), or manually designed simulators to guide the generation
process (Shrivastava et al., 2017). Therefore, for our purposes, these approaches can not be
used to reduce the dependency on expensive real labeled data.

The main challenge of Sample Synthesis for Object Detection is the requirement to
generate granular forms of supervision, like bounding boxes, along with the synthesized
images. Current generative image models perform very well on single, centralized and
full image objects (Brock et al., 2018; Karras et al., 2019a, 2020; Razavi et al., 2019), but
struggle to generate images with multiple objects of varying scales and geometric con-
figurations interacting in complex scenes, while at the same time generating coherent
bounding box labels. Existing attempts either are constrained to simplified artificial do-
mains (Arandjelović and Zisserman, 2019), or require expensive forms of supervision like
bounding boxes (Hinz et al., 2019; Reed et al., 2016b), segmentation masks (Reed et al.,
2016a; Turkoglu et al., 2019; Wang et al., 2018), or key points (Reed et al., 2016a,b) for
training.

A more feasible approach would be to start from a real background image, and then
generate objects coherently in it. This is the approach taken in Hong et al. (2018) and
Park et al. (2018). However, these methods still require images labeled with bounding boxes
and segmentation masks for training, respectively.

This is also the approach we take in this project, with the exception that we restrict the
synthesis process to depend only on classification level supervision. For that, we expand upon
a recently proposed unsupervised segmentation technique (Chen et al., 2019) to perform
sample synthesis for object detection. Our method manages to synthesize bounding box
annotated images, while using only classification images for training.

We present more details regarding our method, as well as related attempts at Data
Synthesis for Object Detection, in Chapter 3.
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2.4 Extracting Knowledge from Cheaper Supervision

An important characteristic of our method is the fact that it uses only classification level
supervision for training. This characteristic is aligned with a broader Machine Learning
trend of methods that take advantage of large quantities of data labeled with cheaper forms
of supervision, as a way to reduce the need for expensive annotations. This trend manifests
itself in several different ways in different domains, but in the context of Computer Vision,
it usually assumes the form of Unsupervised/Semi-Supervised Pretraining.

Semi-Supervised Pretraining can be classified as an Unsupervised technique that operates
using Supervised training methods. A common formulation consists of initializing a model
by pretraining it to perform some form of supervised “pretext” task, for which the labels
can be extracted directly from the images given the definition of this pretext task. This
way, this pretext pretraining can be done completely using unlabeled data. The goal of this
pretraining initialization is that, despite the results on the pretext task being irrelevant, the
model is forced to learn useful feature extractors that generalize well to the final downstream
problem (Weng, 2019).

For instance, Dosovitskiy et al. (2014) sampled a set of small image patches, and applied
several distortions to each of these patches. The pretext task’s goal was then to predict
which of the original patches a given distorted patch came from. Gidaris et al. (2018) ap-
plied rotations (one of 0◦, 90◦, 180◦, 270◦) to unlabeled images, and pretrained a model
to classify these rotation angles. Doersch et al. (2015) sampled two adjacent image patches
and pretrained a model to predict the relative position between these patches (top-left, ...,
bottom-right). Noroozi and Favaro (2016) also used image patches, but the model was pre-
trained to output the correct order of a given shuffled sequence of input patches. Zhang et al.
(2016) pretrained a model to reconstruct colorful images based on grayscale inputs.

Similar ideas are also present in the context of Generative Image Modeling. For in-
stance, Denoising Autoencoders (Vincent et al., 2008) are trained to reconstruct images
that were partially corrupted (for instance, with the addition of noise). Context En-
coders (Pathak et al., 2016) are trained to draw missing patches of images given their sur-
rounding context. The Split-Brain Autoencoder (Zhang et al., 2017) does something similar,
with the model being trained to reconstruct missing image channels from existing ones.

As we can see, there are several different ways of exploiting cheaper supervision, with the
only constant being having access to big amounts of data that is not necessarily labeled for
the final task, but that is useful nonetheless if properly taken advantage of. For additional
information about existing Semi-Supervised works, please refer to the survey conducted by
Weng (2019).

Our work relates to this general trend in a few ways. First, we aim at taking advantage of a
cheaper form of supervision (classification labels) for a more strongly supervised task (Object
Detection). Despite still requiring some form of labels, labeled images for classification are
significantly cheaper to acquire than for detection, and thus are available in bigger quantities.
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Second, we also found it beneficial to use our synthesized samples to pretrain detection
models before finetuning them using real labeled data (as shown in Chapter 4). Despite the
fact that this pretraining is performed on the same task as the final problem (detection), the
synthesized samples come from an infinite stream of automatically labeled samples (details
in Chapter 3), in a way similar to automatically extracted labels from pretext tasks.

2.5 Final Remarks

In the previous Sections, we defined what we refer to as Object Detection (Section 2.1),
and presented the two styles that are currently used by detection architectures, single stage
and two stages. We discussed the data scarcity problem, and why labeling data for Object
Detection is costly (Section 2.2). We also described a series of popular approaches currently
used to tackle this issue. We then described one of these approaches, Data Synthesis, in more
detail, as it is the major focus of this project (Section 2.3). We noted how several existing
Data Synthesis methods are based on Generative Image Models.

We also noted that, for tasks beyond Image Classification, existing Data Synthesis ap-
proaches tend to require expensive forms of supervision, like bounding boxes or segmentation
masks. This makes it hard to perform Data Synthesis on domains with already low availabil-
ity of labeled data. Therefore, an approach capable of performing Object Detection Sample
Synthesis using only cheap classification annotations would be aligned with the current Ma-
chine Learning trends of Unsupervised/Semi-supervised Pretraining (Section 2.4) of taking
advantage of cheaper supervision for downstream harder problems.

In this perspective, this project investigates whether it is possible to perform Object
Detection Sample Synthesis using only cheaper classification images. For this, we show how
it is possible to design a synthesis pipeline using already existing GAN based components, in
such a way that it uses only classification supervision. We show in Chapter 4 that pretraining
deep detection models on these cheap synthesized samples works as a powerful initialization
before training on real data, allowing comparable results with less labeled real samples.
After pretraining, all the traditional detection techniques such as augmentation are still
applicable. Details of our pipeline are presented in Chapter 3, while experiments measuring
the feasibility of Object Detection Sample Synthesis are presented in Chapter 4.



Chapter 3

Our Proposal

We set out to investigate if there is a way to perform sample synthesis for Object De-
tection that does not require expensive supervision. In this chapter, we first list a sequence
of directions we either experimentally attempted or at least considered theoretically (Sec-
tion 3.1). These attempts are listed in an order as to make sense of the final decisions we
took, starting from a more abstract and general approach, and gradually adding restrictions
and simplifying the problem according to the limitations we found on current techniques.
Next, we briefly review some techniques that have the potential to address these limitations
(Section 3.2). We then describe our approach to this problem, as well as the assumptions
and simplifications we had to make in order to achieve a working method (Section 3.3).

3.1 Attempts at Object Detection Sample Synthesis

3.1.1 Direct Generation

A natural starting point would be trying to somehow use modern generative image
models for our purposes. This field achieved impressive progress in the past few years,
since the start of the Deep Learning era. The most representative classes of techniques
are currently Generative Adversarial Networks (Goodfellow et al., 2014), Variational Auto
Encoders (Kingma and Welling, 2013), and Auto Regressive Models (Van Oord et al., 2016).
More recently, the last iterations of these methods have even shown to be capable of gener-
ating images that are close to indistinguishable to real ones by human eyes (Karras et al.,
2019a,b).

Formulating the Object Detection Sample Synthesis problem directly as a generative
problem simply means designing a generative architecture that outputs images containing the
objects of interest alongside lists of bounding box labels for these objects. This is illustrated
for a GAN generator in Figure 3.1.

Generative Image Models have already been applied for sample synthesis for image
classification (Antoniou et al., 2017; Frid-Adar et al., 2018; Lim et al., 2018; Mariani et al.,
2018; Pinetz et al., 2019; Wang and Perez, 2017; Yamaguchi et al., 2019; Zhang et al., 2019;
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Figure 3.1: Direct Generation of Object Detection samples using a GAN generator.

Zhu et al., 2018), so to do something similar for detection seems like a natural extension.
However, the straightforward application of generative models for synthesizing detection
samples stumbles on several issues. Most significantly, samples for classification are usually
central crops of the object of interest, with a single object close to the center and covering
a big portion of the image. Samples for detection however, are way more flexible, and can
have several different objects that belong to different classes on top of a background scene.
These objects can be of varying scales and aspect ratios and appear at apparently random
positions and poses, while also interacting or occluding each other in complex ways. Current
generative techniques are still trained exclusively with classification level data, and therefore,
they can only produce classification images.

3.1.2 Controlling the Output

There have been some attempts to have control over some aspects of the generated
image (beyond the simple class conditioning), including position and size. Bau et al. (2019)
proposed a method called GAN Dissection, in which it is possible to manipulate the output
of a pretrained GAN generator by either dropping or increasing the activation of some
feature maps in the units corresponding to the manipulated region. With this, it is possible
to “erase” objects or structures in the generated image, and to introduce these structures in
some other image region. This approach is illustrated in Figure 3.2.

This approach of directly manipulating the generation process is promising for synthe-
sizing detection samples in the long term, but there are several limitations that prevent it
from being a viable option for our current purposes. First, the existing implementations are
still restricted to manipulating simple structures, like trees, doors, buildings, etc. Second, in
the current formulation, it is not clear how we could extract bounding box annotations from
the generated images, which we need in order to produce synthesized labeled samples.

In summary, to the best of our knowledge, current generative image models are not
advanced enough yet to perform either this “direct generation” nor anything that requires
generating the full image at once.
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Figure 3.2: GAN Dissection.
Image taken from Bau et al. (2019).

Figure 3.3: Background Conditioned Sample Synthesis

3.1.3 Generating Objects Conditioned on Backgrounds

Since generating full images with bounding box annotations is unlikely to be feasible
with current technology, we have been led to seek a simpler formulation for synthesizing
samples. In particular, instead of generating images labeled for detection from scratch, we
considered starting from background scenes, sampling random patches from these scenes, and
using some form of generative model to draw the objects of interest within these patches,
conditioned on the patch’s background content. The background scenes could either be real
images or created by some other generative procedure. This is demonstrated on diagram in
Figure 3.3.

One important requirement for this to work would be to ensure that the object generation
step keeps the background context around the object coherent with the rest of scene. In our
attempts however, we found it extremely hard to design a GAN that could achieve this result
satisfactorily. By using existing Conditional GAN techniques, we found that the generator
either failed to generate a minimally realistic object, or completely covered the existing
background. We tried several architectural tweaks to allow the discriminator to notice when
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(a)

(b)

(c)

Figure 3.4: Five simple background textures (a), some samples generated by background conditioned
GANs whose generators output a central patch region (b), and a central patch region residual (c),
respectively. Besides the lack of realism, we can also notice a high degree of mode collapse, with
“digits” on top of the same background looking very similar to each other.

the generator was ignoring the background patch, but all required careful hyperparameter
tuning and training was considerably unstable.

Figure 3.4 shows some instances produced by two different failed attempts at a very
simple task. The goal here was simply to draw an MNIST digit on top of one of the given
background textures in Figure 3.4a. In all cases, the samples were produced by feeding the
background patch to a GAN generator as an additional input. The samples in Figure 3.4b
were produced by a generator trained to output the central patch region, while the ones
in Figure 3.4c were produced by a generator trained to output a “patch residual” that was
added to the original central patch region. In both situations, the generator only modifies a
central patch region so that the discriminator can have access to at least some of the original
background. Without this, we observed that the generator mode-collapses into generating
all digits on top of a single texture and simply overwrites the background.

In the toy problems where this approach (partially) worked, we stumbled upon two addi-
tional practical problems. The first is that we needed to generate objects in different scales,
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Figure 3.5: Background Independent Sample Synthesis

while the generator in traditional GAN architectures has a fixed output size. One trivial
solution would be to train several generative models over different input scales, therefore
increasing the method’s complexity and restricting the possible object scales to a discrete
set. However, this method was already unstable with small output sizes, and we believe it
would be even harder to make it work on higher resolutions. The only effective way we found
to counter this issue was to downscale the conditioned background patches and later upscale
the generated objects, further damaging the already poor object image quality.

A second problem we observed in the situations where the method worked is the fact
that we could not control the effective size of the objects. By design, the generated objects
are confined to the background patches, but the space they occupy inside these patches can
vary significantly when using traditional GAN generation. If we simply take the sampled
patch’s frame as bounding box, we would be introducing significant annotation noise into
the synthesized data.

3.1.4 Generating Objects Independently of Backgrounds

These limitations lead us to a second simplification. Instead of generating objects condi-
tioned on background patches, we sample (or generate) the background scenes and generate
the objects independently of background. We then sample random patches from the scene in
the same way as before and somehow combine them with the objects. Figure 3.5 illustrates
this new approach.

By formulating the problem this way, we have the advantage of being capable of reusing
already pretrained traditional generative models, which are already available “off-the-shelf”
for common object classes, and are usually optimized for object quality. Also, by not hav-
ing the patch conditioning component, we could follow traditional GAN techniques that
are already found to perform stably on high resolution classification data. This way, we
could generate objects that are sufficiently big, and then downsample them to any sampled
patch size without significant quality loss. Examples of images generated by a modern GAN
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Figure 3.6: Images Generated by a StyleGAN architecture trained on the FFHQ
dataset (Karras et al., 2019a).

architecture (StyleGAN (Karras et al., 2019a)) are displayed in Figure 3.6.
Another advantage, most important for our purposes, is that these traditional generative

models are trained with classification level images, which are significantly cheaper to acquire
than their detection correspondents, and classification datasets are frequently orders of mag-
nitude bigger than detection datasets. This way, we would be able to take advantage of the
knowledge encoded in the cheaper classification data to improve the results of the harder
detection problem. This formulation is aligned with our intention of avoiding the need for ex-
pensive supervision, while at the same time being partially alignined with the recent trend of
unsupervised and semi-supervised pretraining, in which large bodies of unlabeled or weakly
labeled data are used to improve results for downstream tasks (see Section 2.4).

The remaining question then is how to combine these classification style object images
with the background patches. The ideal way would be to segment the object from the
generated background in the GAN synthesized image, so that only the object region is
combined with the target patch. The formulation discussed above is shown in Figure 3.5.

This raises a problem, since most of the recent state-of-the-art segmentation techniques
are heavily supervised (He et al., 2017; Long et al., 2015; Ronneberger et al., 2015), going
against our objective of reducing supervision effort. To avoid the need for expensive su-
pervision, we set out to investigate techniques that could be used to perform unsupervised
segmentation, as we briefly describe next.
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3.2 Unsupervised Segmentation

Since the adoption of Deep Learning for Computer Vision problems, the supervised
paradigm has been the first and most well investigated approach for most problems. This
includes both Semantic and Instance Segmentation, where the currently leading techniques
require heavy supervision for training, with pixel level annotations in the form of ground
truth segmentation masks (He et al., 2017; Long et al., 2015; Ronneberger et al., 2015).

In this perspective, Unsupervised Segmentation consists of the task of mapping images to
some form of segmentation output, using architectures or techniques that do not require the
segmentation ground truth during training. This is a much harder problem than traditional
supervised segmentation, and only recently we had works demonstrating promising results
on realistic contexts beyond simple toy problems. As a consequence, the entries in this field
are very recent and build upon very different ideas.

In Unsupervised Image Segmentation by Backpropagation, Kanezaki (2018) performed
unsupervised segmentation by using an iterative optimization approach. The authors paired
a CNN feature extractor with a cluster assignment algorithm over the features extracted
for each pixel. They then performed alternate optimizations of the CNN using traditional
backpropagation, and of the cluster assignment. This process needs to be done for several it-
erations in order to segment each image (there is no training step), causing it to be expensive
if needed to be used for a big number of images.

Additionally, Unsupervised Segmentation could theoretically be accomplished with
“Copy-Pasting” GANs (Arandjelović and Zisserman, 2019), as a byproduct of its Object
Discovery task. The goal here is to crop an object from a source image Is, and paste it
onto a destination image Id in a realistic way. For this, the method uses a generator that
outputs a segmentation mask for Is, that is used for blending it with the target, and a
discriminator that tries to classify real images from composed ones. The reasoning here is
that, in order to fool the discriminator, the generator would need to learn how to segment
full objects in the source image. The authors also needed some additional training tricks in
order to prevent certain shortcuts, such as the generator producing a “copy-all” or “copy-
nothing” mask. Object Discovery seems a promising direction that could eventually allow
advances in Unsupervised Segmentation. However, this technique is still mostly limited to
simple, artificial domains (Arandjelović and Zisserman, 2019). Moreover, in order to train a
Copy-Pasting GAN, one needs access to images that do not contain the objects of interest,
while also following the same overall distribution of backgrounds, in order to prevent the
discriminator from focusing on subtle cues instead of the objects themselves.

A technique related to Unsupervised Segmentation that could potentially be used in our
method is the Layered Recursive GAN (LR-GAN) (Yang et al., 2017). It is not concerned
with segmenting images, but rather with generating images (GAN style) paired with seg-
mentation masks. It does this to generate background and object in sequence. Approaches
such as LR-GAN are promising for sample synthesis, as they combine the generation of the
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image and the label into a single architecture. But in our attempts, we found LR-GAN to be
unstable to train, and the visual sample quality to be bellow that of the technique presented
next.

For our method, we opted for the Unsupervised Segmentation by Redrawing (ReDO)
method (Chen et al., 2019), which was proposed more recently showing promising results
on real world domains. Due to it being “Unsupervised” from the Segmentation perspective,
it implies that only classification level annotations are required for training all stages of
the method, thus aligning with our motivation for avoiding expensive supervision. Next, we
explain how the ReDO method works.

3.2.1 Unsupervised Object Segmentation by Redrawing (ReDO)

The ReDO framework (Chen et al., 2019) works with the assumption that objects in an
image can be modeled by a generative process independently from each other. It consists of
a network with a branch responsible for segmenting images into a set of disjoint objects +
background, with another branch that generates fake objects inside these segmented regions
(redrawing), starting from noise inputs. This network is trained adversarially against a dis-
criminator that tries to tell real images apart from the ones that were segmented and then
redrawn, following the GAN paradigm (Goodfellow et al., 2014). ReDO takes advantage of
the object independence assumption by making the generation (redrawing step) of each ob-
ject completely independent of what is present in the segmented regions of other objects. As
training progresses, the generator learns both to better redraw realistic objects within the
segmented regions, as well as to produce more realistic segmentation masks, which is the
ultimate goal of the approach.

With this formulation only, the models can take shortcuts to trivial solutions, such as
when a single object becomes responsible for representing the whole image, with all the others
producing empty masks. In order to prevent these unwanted trivial solutions, Chen et al.
(2019) use a noise reconstruction network δ, responsible for reconstructing the noise vector
used by the redrawing branch, using only its output region, which would be impossible if
the segmentation mask were empty. The ReDO method is illustrated in Figure 3.7.

ReDO demonstrated impressive results in a set of real world domains: flowers, faces,
and birds. Despite three object classes being relatively little for modern Computer Vision
standards, it is still impressive considering that the model is producing pixel level predictions
in an unsupervised way. For additional details, please refer to Chen et al. (2019).

We choose to adopt ReDO in our experiments mostly because we already knew it could
handle a set of (although simple) real world domains, but also because it fits nicely in a
pipeline structure. Its end result is not concerned with generating images along with masks,
as is done in Yang et al. (2017) (although this could also be achieved using the redrawing
branch), but rather with taking images as input and segmenting them. This allows us to use
it in combination with existing “off-the-shelf” generative image models, already optimized
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Figure 3.7: Unsupervised Segmentation by Redrawing. Image taken from Chen et al. (2019) (Fig-
ure 1).

for image quality.
In our attempts, we found the ReDO method to be much easier to train than the LR-

GAN (Yang et al., 2017), although we did observe the training diverge and fail a few times,
a problem also reported by the authors (Chen et al., 2019). It is plausible to expect Unsu-
pervised Segmentation to mature in the next years, which will lead to better architectural
and optimization practices that would make the training easier.

3.3 Proposed Synthesis Pipeline

In this section, we summarize the pipeline of tasks we used to perform object detection
sample synthesis for our experiments. This is the outcome of the literature research and
practical attempts as described in the past sections. This pipeline is visually described in
Figure 3.8, and can be broken down into four steps:

1. Image Gathering. The first step consists of gathering classification level image sam-
ples. These are traditional, centralized single object images, in the format used for
classification tasks. This gathering can be performed either by just sampling real clas-
sification images, or by using a traditional generative image model previously trained
on such real images.

In this work, we advocate for using a generative model (Figure 3.8), which we ac-
complish using standard GAN generation (Goodfellow et al., 2014). In Section 4.3.4
we demonstrate that both options produce equivalent results, and discuss the motiva-
tions in favor of this choice. Note that generative models used in this stage are trained
only with classification level annotations. Details of the generative models used in our
experiments are presented in Chapter 4.

2. Unsupervised RoI Segmentation. The next step is to segment the object region
of interest in the gathered (“real” or “fake”) object images. As described above, since
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Figure 3.8: Overview of the synthesis pipeline we adopted for our experiments. We opted
for this structure due its simplicity and thanks to recent advances in Unsupervised Segmenta-
tion (Chen et al., 2019) having allowed it to be possible. Different formulations can potentially work
as well, or even surpass this one.

we aim to exploit image level classes only, we must restrict ourselves to segmentation
techniques that can be trained without mask annotations. In this work, we opted for
the above described (Section 3.2.1) Unsupervised Object Segmentation by Redrawing
(ReDO) method (Chen et al., 2019).

3. Object Detection Sample Synthesis. Once we have generated images of a given
object class paired with their segmentation masks, we can create detection samples by
placing the segmented object regions on top of random (real or generated) scenes, at
varying number and at random positions and scales, through a simple mask merging
operation:

Op = Go×M(Go) +Bp× (1−M(Go))

where Go, Bp, and Op are the generated object image, sampled background patch,
and output merged patch, respectively, and M(Go) is the object’s segmentation mask.
From the masks, we can also easily extract the bounding box parameters.

We point to the fact that, as we choose to use GAN generated classification images
instead of real ones in the Image Gathering stage, we can now essentially generate an
infinite stream of synthesized images with bounding box annotations, where (almost
certainly), no object instance will appear more than once. We also point again to the
fact that the only supervision needed for the previous two steps is at the classification
level, which allows us to potentially exploit much larger datasets.

4. Object Detection Pretraining. Finally, we use this infinite stream of synthesized
samples to pretrain object detection models. This pretraining initialization strategy
is illustrated in Figure 3.9. We demonstrate in Chapter 4 that initializing a detection
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Figure 3.9: Our Pretraining Initialization Strategy.

model using this pretraining strategy allows us to achieve comparable results with
a significantly smaller amount of real labeled detection images. We also discuss in
Section 4.3.2 alternative ways to take advantage of this infinite stream of samples and
reasons for why we argue in favor of this pretraining initialization strategy.

We highlight here that the goal of this project is to demonstrate that it is possible to take
advantage of the knowledge encoded in cheaper forms of supervision, by using synthesized
samples to improve detection results and/or reduce the need for expensive real labeled
data. We do not claim this pipeline to be the optimal strategy to perform this synthesis or
knowledge transfer. We merely took advantage of existing techniques and trends to allow
us to demonstrate this in a systematic way. In particular, we expand upon recent works on
the still emerging field of Unsupervised Segmentation, while motivated by Unsupervised and
Semi-supervised Pretraining methodologies.

We also do not claim the proposed pretraining initialization to be the optimal way to
incorporate these synthesized samples into the traditional model training. However, we do
perform an experimental evaluation and offer arguments in favor of this choice in Section 4.3.

To conclude this chapter, we highlight again the ways in which this project im-
proves upon existing attempts. First of all, when considering other Generative Sample
Synthesis approaches, while most of them only consider synthesis for classification prob-
lems (Antoniou et al., 2017; Mariani et al., 2018; Wang and Perez, 2017; Yamaguchi et al.,
2019; Zhang et al., 2019), this project proposes a generative synthesis mechanism for Object
Detection, a considerably harder problem. This required us to find clever ways of com-
bining existing techniques. Second, to the best of our knowledge, among the works that
do attempt to synthesize images for problems beyond Image Classification, ours is the
first one that do so without needing complex forms of supervision, such as segmentation
masks (Bailo et al., 2019; Bowles et al., 2018; Milz et al., 2018), paired images from dif-
ferent domains (Sandfort et al., 2019), or manually designed simulators (Shrivastava et al.,
2017).
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Chapter 4

Experiments

In this chapter, we present the experimental evaluation conducted, as well as a discussion
about the results obtained. Overall, these experiments were designed in order to evaluate
the following aspects:

• How much does this Synthesized Samples pretraining help in the Object Detection
problem?

• In particular, how much better are the results when using little real labeled data?
This is a critical aspect if we want this technique to be useful as a way to reduce the
dependency on expensive supervision.

• How good would the results be if we had only synthesized samples? Or in other words,
how necessary real labeled samples still are?

• What is the influence of this pretraining followed by finetuning strategy? Could we get
equivalent results by simply training on real and synthesized samples mixed together?
What are the advantages of each approach?

• Regarding our synthesis pipeline. How much influence does the segmentation step has
on the results? Could we get similar results by just pasting full classification level
images on top of background scenes?

• Are we loosing some performance by using GAN generated classification images at the
first pipeline stage? Could we get better results by using real classification samples?
What are the advantages of each approach?

• What happens if we use this pretraining initialization strategy with datasets that are
already very big? Also, what happens when the synthesized samples look too different
from the real data?

First, we perform experiments in the relatively simple and artificial domain of QR Code
detection, without including all stages of our method, in order to check our hypothesis that
synthesized samples can improve detection results and/or data efficiency, while using a more
restrained context (Section 4.1). Next, we investigate the performance of the full method
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on more realistic domains. In particular, we apply it for detection of faces, birds, and cars
(Section 4.2), and perform a series of ablation experiments in order to evaluate the influence
of different design choices (Section 4.3). Finally, we conduct an additional set of experiments
using the large scale face detection dataset WIDER Face (Yang et al., 2016), in order to
observe how the proposed method behaves in a situation where data is already abundant,
and the synthesized and real data distributions differ substantially (Section 4.4).

Unless otherwise noted, the experiments that use our pretraining initialization strategy
use GAN generated classification images for the first stage of the synthesis pipeline (the
Image Gathering step). In Section 4.3.4 we investigate the implications for this choice.

With the exception of external implementations, all the experiments were implemented
using TensorFlow (Abadi et al., 2015). The code to reproduce these experiments has been
made publicly available on https://github.com/Leonardo-Blanger/synthesis_pretraining_
object_detection.

4.1 Preliminary Results on QR Code Detection

For this set of experiments, we adopted a QR Code detection dataset, which we labeled
for a previous work1 (Blanger and Hirata, 2019). It is a relatively small dataset for deep
learning standards, although big enough for the task’s simplicity. It is composed of 567
training and 100 test images. For these experiments, we additionally reserved 100 images
from the training partition to be used as validation set. We used this validation set to perform
early-stopping, as we will detail next. Labeled samples from the training set are displayed
in Figure 4.1.

To synthesize detection samples, we used the python-qrcode library2 to generate tra-
ditional black on white QR Code images. These codes are generated with a version sampled
uniformly between 1 and 10 (the code version determines, among other things, the size of
the code matrix), and encode random lowercase text strings with length sampled uniformly
between 1 and 100.

By using this library, we avoid training a generative image model for QR Codes. As we
have full control over the generated code frame, we also get the code masks for free. With this
formulation, we can synthesize detection samples without the neural network components
of the pipeline.

We used samples from the Pascal VOC 2007 and 2012 datasets (Everingham et al.,
2007, 2012) as background scenes, and applied a series of simple geometric and photo-
metric transformations to the code images before pasting them onto the scenes (with the
geometric ones being mirrored on the masks), taken from the default demo of the imgaug
library3 (Jung et al., 2020). We randomly sampled the number of codes per image uniformly

1https://github.com/ImageU/QR_codes_dataset
2https://github.com/lincolnloop/python-qrcode
3https://imgaug.readthedocs.io/en/latest/source/examples_basics.html

https://github.com/Leonardo-Blanger/synthesis_pretraining_object_detection
https://github.com/Leonardo-Blanger/synthesis_pretraining_object_detection
https://github.com/ImageU/QR_codes_dataset
https://github.com/lincolnloop/python-qrcode
https://imgaug.readthedocs.io/en/latest/source/examples_basics.html
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Figure 4.1: Samples from the training partition of our QR Codes dataset (Blanger and Hirata,
2019) with boudning box annotations.

between 1 and 10. And for each code, we sampled its scale within the image uniformly
between 5% and 80%, its position uniformly within the whole image frame, and its aspect
ratio uniformly between 1/2 and 2. Examples of these synthesized samples are displayed in
Figure 4.2.

We performed experiments using the Single Shot Detection model (SSD) (Liu et al.,
2016), with vs without our pretraining initialization strategy. We used both a Mo-
bileNet (Howard et al., 2017) and a ResNet50 (He et al., 2016) backbone CNNs, with four
and six detection scales, respectively. More details of the architectures are available in Ap-
pendix B. For simplicity, we resized all input images to 300 × 300. We used the Adam
optimizer (Kingma and Ba, 2014), with learning rate 10−4, and first and second moment de-
cay rates of 0.9 and 0.999, respectively. We optimized the Focal Loss (Lin et al., 2017) and
Smooth L1 loss (Girshick, 2015) for the classification and box regression output branches
of the SSD, respectively. We used a batch size of 16 images. For fairness and simplicity,
we did not perform any form of search over the overall architecture, backbone, or training
hyper-parameters.

We report results using Mean Average Precision at 0.5 IOU (mAP@0.5), following the
Pascal VOC competition metric (Everingham and Winn, 2011). For details of the mAP
metric in the context of Object Detection, see Appendix A.

The models with our pretraining initialization strategy were first trained on the stream
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Figure 4.2: Synthesized samples with bounding box annotations.

of synthesized samples for 500 iterations, checkpointing and applying the model to the held
out validation set every 25 iterations. We used the best performing of these checkpoints
as the “final” pretrained version. The models without our initialization strategy had tradi-
tional initialization instead, with ImageNet (Deng et al., 2009) classification weights for the
backbone CNN and uniform Glorot/Xavier initialization (Glorot and Bengio, 2010) for the
detection specific layers.

We designed these experiments around two aspects. First, we wanted to identify how
this pretraining initialization affected the final detection results. Second, we wanted to un-
derstand how this effect changes when we consider different amounts of real samples for
finetuning.

Initially, we finetuned the models with all available real data, with vs without our ini-
tialization strategy. For each run, we again trained for 500 iterations, and followed the same
checkpointing and validation every 25 iterations. We considered three independent runs.
Figure 4.3 shows the validation mAP during training.

As we can see, the pretrained versions achieve a significantly higher mAP on the valida-
tion set. At the same time, they are capable of converging faster to a solution, and behave
more stably across independent runs, as demonstrated by the shorter deviation bars. Also
noticeable, the 500 iterations we choose are enough for convergence even in this case where
we use all the available real data.

Next, we trained a series of models using different amounts of real samples, with vs
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(a) (b)

Figure 4.3: Results on the QR Codes validation set during training with vs without pretraining, of
an SSD detection model with MobileNet (a) and ResNet50 (b) backbone CNNs, in terms of mAP
at 0.5 IOU, when using 100% of the real data. Values are averages with deviation bars taken from
three independent runs with the same training configurations.

without our pretraining strategy. For each quantity of samples, we used the same subset
of the real data for both versions and across all architectures and runs. From each model,
we again trained for the same 500 iterations with checkpointing and validation every 25
iterations as before, and choose the checkpoint with the best validation mAP as the final
model version, in effect performing early-stopping. We then evaluated the final version of
each model on the test set, and the results are shown in Figure 4.4.

The horizontal axis in Figure 4.4 represents the number of real images that were used
for finetuning. This images were independently resampled for each quantity. The vertical
axis shows the mean Average Precision on the test set, computed for the best validation
checkpoint of each model version after training. The values plotted are averages over three
runs, which use the same subset of training samples, while the vertical bars present the
standard deviations over these runs. The blue and orange curves present the results for
the models trained “from scratch” and “finetuned”, that is, without vs with our pretraining
initialization strategy. The horizontal dashed line is the test set results for models right after
being pretrained on synthesized samples, but before being finetuned on real samples (more
details in Subsection 4.3.1).

For both architectures, the version that was pretrained on synthesized samples achieves
a significant advantage with respect to all amounts of real samples used for finetuning.
Moreover, the difference is more noticeable when considering small amounts, supporting
our hypothesis that initializing the model with synthesized samples allows us to achieve
comparable results with significantly less real labeled data. Additionally, they again behave
more stably across independent runs.

An interesting phenomenon happens for the ResNet50 backbone when using too few real
samples (10 images, or around 2%). The test set mAP was actually higher for the model
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(a) (b)

Figure 4.4: Results on the QR Codes test set for the final model versions with vs without pretraining,
on an SSD detection model with MobileNet (a) and ResNet50 (b) backbone CNNs, in terms of mAP
at 0.5 IOU. Values are averages with deviation bars taken from three independent runs with the same
training configurations. The horizontal dashed lines represent the average mAP of the initialized
model (after pretraining on synthesized samples but before being finetuned on real data) with the
gray margin representing the deviation, also considering three independent runs.

right after initialization on the synthesized samples, than when it was finetuned on this
small number of real images. We hypothesize this to be due to overfitting. The ResNet50
backbone, being a more powerful model than the MobileNet, might be memorizing these 10
samples before the first validation checkpoint has the chance to capture a more generalizable
version of the parameters.

4.2 Main Results

In this section, we present results on three more realistic scenarios: face, car and bird
detection, all of which require all the stages of our synthesis pipeline. Bellow we describe the
datasets we used for each of these sets of experiments.

• Faces. We used the Face Detection Data Set and Benchmark
(FDDB) (Jain and Learned-Miller, 2010). This dataset contains 5171 faces across
2845 images that are divided into 10 roughly equal sized folds. We used the first five
folds for training, the next two for validation and the last three for testing, making for
a split of 1449/581/815 images. We converted the face ellipsis labels to rectangular
bounding boxes 4.

In order to generate fake face images, we used StyleGAN faces (Karras et al.,
2019a), which was pretrained on the FFHQ dataset (Karras et al., 2019a), and the
ReDO segmentation branch with weights from the Labeled Faces in the Wild dataset

4We used the script provided in github.com/ankanbansal/fddb-for-yolo

github.com/ankanbansal/fddb-for-yolo
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(LFW) (Huang et al., 2007; Learned-Miller, 2014), as provided by Chen et al. (2019)5.

• Birds. We used the Caltech-UCSD Birds-200-2011 (CUB) dataset (Wah et al., 2011).
This dataset contains 11788 images, each with a single bird of varying scale. We used
a DM-GAN (Zhu et al., 2019) generator to generate the fake bird images and the
ReDO segmentation branch provided by Chen et al. (2019), both of them trained on
the bounding box crops of the CUB dataset itself.

We point to the fact that neither the DM-GAN (Zhu et al., 2019) nor the ReDO
segmentation model (Chen et al., 2019) were trained following the official train/test
splits of the CUB dataset (Wah et al., 2011). Therefore, in order to prevent leakage
of test information on the first stages of our synthesis pipeline, we only used the
intersection between the test sets from Zhu et al. (2019) and Chen et al. (2019) as
our test set, which totals 443 images. We additionally picked 1000 images from the
remaining ones as validation, making for a 10345/1000/443 split.

• Cars. We used the Stanford Cars dataset (Krause et al., 2013), which contains 16185
images, each with a single car of varying scale. We picked 1000 images from the official
train split to use as validation, making for a 7144/1000/8041 split.

To generate fake car images, we used StyleGAN Cars (Karras et al., 2019a), with
weights from the LSUN Cars dataset (Yu et al., 2015). As Chen et al. (2019) did not
provide weights for cars, we trained a full ReDO segmentation model on the fake
images just mentioned using the same model configurations as for the faces.

For all three domains, we again applied the same set of imgaug random color and
geometric augmentations to the fake images (Jung et al., 2020), with the geometric ones
being mirrored on the respective masks. We again sampled images from the Pascal VOC
2007 and 2012 datasets (Everingham et al., 2007, 2012) to use as background scenes. For the
faces and cars, we ignored the Pascal images that contained objects from the classes “Person”
and “Car”, respectively, in order to avoid having unlabeled objects in the background for the
synthesized samples.

We sampled the number of instances of each object uniformly at random from the ranges
[1, 10] for faces, [1, 3] for birds, and [1, 5] for cars. We sampled the object scale uniformly
from the ranges [5%, 80%] for faces, [50%, 90%] for birds, and [50%, 100%] for cars. We
sampled the object aspect ratio uniformly from the ranges [1/2, 2] for faces and birds, and
[1/3, 3] for cars. For all objects, we sampled the object position uniformly over the whole
image, taking care to prevent multiple instances from covering each other. We choose these
parameters in such a way as to make the resulting synthesized samples seem plausible in
comparison to the respective real world datasets.

Figure 4.5 shows some samples of real and synthesized images with their bounding box
labels. We note that the samples are far from realistic, both from a global perspective, as

5github.com/mickaelChen/ReDO

github.com/mickaelChen/ReDO
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(a)

(b)

Figure 4.5: (a) Real samples with bounding box annotations from the FDDB
Faces (Jain and Learned-Miller, 2010) (left), CUB Birds (Wah et al., 2011) (middle), and
Stanford Cars (Krause et al., 2013) (right) datasets. (b) Synthesized samples for each of the three
domains.

the synthesis pipeline has no form of background conditioning to produce coherent object
placements (faces in the sky and huge birds on bicycles do not happen in normal situations),
as well as from a local context (by zooming in, one can see unrealistic texture artifacts and
transparencies). Nonetheless, we experimentally demonstrate that an infinite stream of these
cheap synthesized samples can reduce the need for real labeled data, without requiring any
other form of more expensive supervision.

We performed these experiments using the same set of models as for the QR Codes case
(Section 4.1), with the same training configurations, and the same strategy to select the
pretrained version for each model. The only difference being that we trained each model for
1000 iterations in the case of birds, both for initialization with the synthesized samples, as
well as for the normal training on real data, instead of 500 as is done for the other domains.

To start with, we again trained the models with all available real data, with vs without
our initialization strategy. Figure 4.6 shows the performance on the validation sets during
training for the three domains.
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(a)

(b)

(c)

Figure 4.6: Results on the Faces (a), Birds (b), and Cars (c) validation sets during training with vs
without pretraining, on an SSD detection model with MobileNet (left) and ResNet50 (right) backbone
CNNs, in terms of mAP at 0.5 IOU, when using 100% of the real data. Values are averages with
deviation bars taken from three independent runs with the same training configurations.
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Overall, we observe the same patterns as when training the model on QR Codes. The
model that was pretrained with synthesized samples had a faster convergence in all domains
and architectures, and once converged, it never performed worse than with the traditional
initialization, performing considerably better in some situations (see Faces in Figure 4.6a).

Next, we trained a series of models using different amounts of real samples, with vs
without our pretraining strategy. Again, for each quantity of samples, we used the same
subset of the real data for both versions and across all architectures and runs. From each
model, we again trained for the same 500 iterations in the case of Faces and Cars, and
1000 iterations in the case of Birds, with checkpointing and validation every 25 iterations as
before. We choose the checkpoint with the best validation mAP as the final model version,
in effect performing early-stopping. We then evaluated the final version of each model on
the test set, and the results are shown in Figure 4.7. These graphs are structured the same
way as for the QR Codes in Figure 4.4.

These results were similar to the ones observed for the QR Codes case. Once again, the
models that were pretrained never perform worse than the initialized ones, and in several
situations perform significantly better. We noticed that, depending on the type of object,
the models that were not pretrained can close the gap if enough real samples are provided.
We can observe this on case of Birds and Cars, where the training datasets are relatively big
and are not considered particularly difficult tasks. We also notice that the speed with which
the gap is closed varies across different backbones.

But most importantly, the advantage of the pretrained versions is more noticeable, and
always present, when considering very few real samples, further supporting our hypothesis
that initializing the model with synthesized samples reduces the need for real labeled data.
We also observe more stable results across runs for the majority of situations.

Tables 4.1 and 4.2 show numeric results for a selected subset of evaluated amounts of
real samples, for the MobileNet (Howard et al., 2017) and ResNet50 (He et al., 2016) CNN
backbones, respectively. Column 2 indicates how many real samples were used for each row,
Columns 3 and 4 refer to the results achieved without and with our pretraining initialization
strategy, respectively. Results are presented in mAP@0.5 as averages ± standard deviations
over runs. For the full tables containing results for all evaluated amounts of samples, please
refer to Appendix C.

With these tables, it becomes easier to quantify the extent to which the pretraining initial-
ization improves detection results. For instance, with amounts of real samples that range from
∼ 1− 2%, the advantage of pretrained models when considering the different object classes
was of 50.46%, 44.48%, 51.26%, and 55.55%, for the MobileNet backbone (Howard et al.,
2017), and of 48.06%, 52.05%, 10.92%, and 14.24%, for the ResNet50 backbone (He et al.,
2016).



4.2 MAIN RESULTS 39

(a)

(b)

(c)

Figure 4.7: Results on the Faces (a), Birds (b), and Cars (c) test sets for the final model versions
with vs without pretraining, on an SSD detection model with MobileNet (left) and ResNet50 (right)
backbone CNNs, in terms of mAP at 0.5 IOU. Values are averages with deviation bars taken from
three independent runs with the same training configurations. The horizontal dashed line represents
the average mAP of the initialized model (after pretraining on synthesized samples but before be-
ing finetuned on real data) with the gray margin representing the deviation, also considering three
independent runs.
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# real samples without pretraining with pretraining

QR Codes

pretrain only (0%) – 45.45% ± 0.88%
10 (∼2%) 1.57% ± 0.30% 52.03% ± 2.91%
50 (∼11%) 24.20% ± 0.92% 57.84% ± 0.34%
100 (∼21%) 37.15% ± 1.48% 61.29% ± 1.45%
250 (∼54%) 46.40% ± 0.64% 65.17% ± 1.05%
467 (100%) 52.43% ± 3.10% 66.86% ± 1.34%

Faces

pretrain only (0%) – 56.03% ± 3.35%
10 (∼1%) 27.73% ± 1.02% 72.21% ± 0.74%
100 (∼7%) 58.73% ± 0.62% 77.86% ± 0.46%
200 (∼14%) 65.63% ± 0.41% 80.34% ± 0.54%
800 (∼55%) 76.78% ± 2.01% 83.68% ± 0.13%
1449 (100%) 79.36% ± 1.22% 84.86% ± 0.80%

Birds

pretrain only (0%) – 25.83% ± 5.21%
50 (<1%) 26.69% ± 4.09% 77.95% ± 1.82%
100 (∼1%) 44.30% ± 2.08% 81.68% ± 0.99%
200 (∼2%) 53.42% ± 2.12% 87.35% ± 0.92%
4000 (∼39%) 95.12% ± 1.06% 97.48% ± 0.97%
10345 (100%) 95.83% ± 1.09% 97.78% ± 0.09%

Cars

pretrain only (0%) – 30.51% ± 0.32%
50 (∼1%) 43.28% ± 0.67% 98.83% ± 0.17%
100 (∼1%) 52.06% ± 1.43% 99.05% ± 0.10%
200 (∼3%) 58.71% ± 1.70% 99.34% ± 0.11%
4000 (∼56%) 97.86% ± 0.95% 99.80% ± 0.03%
7144 (100%) 98.42% ± 0.28% 99.83% ± 0.01%

Table 4.1: Test set performance, in mAP@0.5, for a set of MobileNet (Howard et al., 2017)
SSD (Liu et al., 2016) models trained with a few representative numbers of real samples. Each
value is the average with standard deviation from three independent runs with the same training
configurations.
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# real samples without pretraining with pretraining

QR Codes

pretrain only (0%) – 58.20% ± 0.89%
10 (∼2%) 5.00% ± 1.27% 53.06% ± 1.77%
50 (∼11%) 24.38% ± 2.87% 60.56% ± 0.81%
100 (∼21%) 34.83% ± 2.73% 63.65% ± 0.81%
250 (∼54%) 47.67% ± 0.62% 67.89% ± 0.23%
467 (100%) 55.50% ± 0.87% 69.29% ± 0.30%

Faces

pretrain only (0%) – 58.40% ± 0.66%
10 (∼1%) 18.33% ± 2.01% 70.38% ± 1.53%
100 (∼7%) 68.15% ± 0.72% 79.14% ± 0.25%
200 (∼14%) 75.40% ± 0.88% 81.88% ± 0.41%
800 (∼55%) 83.57% ± 0.92% 86.26% ± 0.39%
1449 (100%) 85.90% ± 0.13% 88.06% ± 0.11%

Birds

pretrain only (0%) – 22.98% ± 5.09%
50 (<1%) 68.28% ± 3.34% 79.20% ± 1.43%
100 (∼1%) 76.35% ± 0.78% 83.30% ± 1.74%
200 (∼2%) 85.36% ± 2.49% 89.01% ± 1.05%
4000 (∼39%) 98.51% ± 0.25% 98.70% ± 0.07%
10345 (100%) 98.67% ± 0.28% 99.14% ± 0.55%

Cars

pretrain only (0%) – 7.82% ± 0.72%
50 (∼1%) 85.11% ± 1.98% 99.35% ± 0.02%
100 (∼1%) 94.92% ± 1.26% 99.36% ± 0.07%
200 (∼3%) 98.39% ± 0.17% 99.46% ± 0.00%
4000 (∼56%) 99.86% ± 0.01% 99.79% ± 0.02%
7144 (100%) 99.87% ± 0.01% 99.82% ± 0.01%

Table 4.2: Test set performance, in mAP@0.5, for a set of ResNet50 (He et al., 2016)
SSD (Liu et al., 2016) models trained with a few representative numbers of real samples. Each
value is the average with standard deviation from three independent runs with the same training
configurations.
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4.3 Ablation Experiments

In this section, we present some experiments we conducted in order to understand the
influence of several design choices in our synthesis pipeline.

4.3.1 Importance of Finetuning on Real Data

As we are training using a combination of an infinite stream of synthesized samples,
together with a comparably small set of real data, it is natural to ask how much of the
observed results can be explained by the real data. In other words, the question is by what
extent are the real labeled samples still necessary, and whether or not synthesized samples
alone are enough.

To answer this question we go back to the previously shown Figures 4.4 and 4.7 and
Tables 4.1 and 4.2. They show evaluation results of the models on the test set just after
pretraining them on the infinite stream of synthesized samples, but before finetuning on the
real data (dashed lines with gray margins in Figures 4.4 and 4.7 and first line of each block
in Tables 4.1 and 4.2). As can be seen, the pretraining initialization alone performs badly,
barely breaking the 50% mark for most situations.

This is an evidence that, despite promising steps towards reducing the need for expensive
supervision, real labeled data is still very important in order to achieve competitive results.
We hypothesize this to be the case due to the difference between the distributions of real
and synthesized images. Although the pretraining is able to extract useful knowledge about
the overall structure and frequent textures of objects, it is not enough to completely bridge
the gap to the real world data, and thus performs poorly on the test set.

We note here that it may be the case that, with more realistic detection samples, the need
for real data would diminish. However, in order to properly investigate this possibility, we
would need a synthesis mechanism that produces more realistic samples. With our current
formulation, the major source of lack of realism is the segmentation step, so techniques in the
field of Unsupervised Segmentation would need to improve in order for us to achieve more
realistic detection samples. Another possibility is to design better synthesis mechanisms that
do not require segmentation. It may be possible that this could be achieved in the future
through some clever GAN based design.

4.3.2 Importance of the Pretraining Initialization

We opted for doing this pretraining initialization followed by finetuning on real samples,
due to the simplicity of having an infinite stream formulation, and also due to inspiration
from already successful techniques on Unsupervised/Semi-supervised pretraining, in which
the large volume of “cheap” data is used first, and the smaller “good” data is saved for the
end. However, one could argue that these synthesized detection images could be used in a
similar way to traditional image augmentation, by mixing them together with the real data
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on a single training run. In this section, we provide experimental evidence supporting our
choice.

We trained models considering only a small set of real examples, as this is where the use of
synthesized samples shows the most advantage. We compared our pretraining initialization
strategy against a single training session using a mix of real and synthesized samples. For
a fair comparison, and in order to compensate for an eventual “warming-up” effect in the
pretrained model, we trained the mixed data models for the sum of the number of iterations
in the pretraining and finetuning: 1000 steps in the case of faces and cars, and 2000 steps
for birds. As we can not use an infinite stream of synthesized samples in the mixed data
case, otherwise the influence from synthesized samples would overrun that of the real data,
we performed these experiments using different proportions of synthesized samples. For each
proportion, we used the same synthesized samples for both the pretrained and mixed data
cases. Results are shown in Tables 4.3 and 4.4. Column 1 indicates the number of real
samples used for finetuning for each type of object, while column 2 indicates the number of
synthesized samples (which is varied for each type of object). Columns 3 and 4 present the
results achieved using the single mixed data training session, and the pretraining followed
by finetuning strategies, respectively.

In all cases, the pretraining initialization approach performs better than training with
mixed data, but regardless of that, both of them are either matched or surpassed by the
infinite stream approach. The difference in the results however, may vary significantly across
different domains, ranging from around 20% for QR Codes (both architectures) to only 2%
for Cars (with the ResNet50). We believe the model’s behavior here depends on the quality
of the synthesized samples, or in other words, how similar are the real and synthesized
distributions. For instance, in the case of birds, for which the segmentation masks were
the worst (see the images in Chen et al. (2019)) the gap is the largest. However, further
investigation would be required to better understand the nature of this effect.

Nonetheless, as all versions were either matched or surpassed by the infinite stream pre-
training approach, we opted for it, as it provides a series of additional practical advantages.
Not having to specify the amount of synthesized samples beforehand and not having to
worry about sample proportions during batch loading reduces the need for hyper-parameter
tuning, and thus also simplify our setup.

4.3.3 Importance of proper Object Segmentation

Next, we set out to investigate the influence of the unsupervised segmentation step.
The goal here is to understand if we really need properly cropped objects to synthesize
our samples, or we could simply use full classification images instead. For this, we trained
a set of models following our pretraining initialization strategy, but when synthesizing the
samples, we did not segment the objects, and instead used the whole classification image
frame as bounding box. Note that this is essentially what is already being done for the QR
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# fake samples mixed data pretr. + finetune

QR Codes
50 real
samples
(∼10%)

50 (1×) 24.97% ± 1.95% 42.13% ± 1.77%
100 (2×) 27.41% ± 1.92% 42.33% ± 1.12%
200 (4×) 26.94% ± 1.49% 45.88% ± 3.04%
400 (8×) 26.23% ± 1.75% 46.22% ± 1.18%
inf. stream – 57.84% ± 0.34%

Faces
100 real
samples
(∼7%)

100 (1×) 68.67% ± 1.32% 73.36% ± 1.00%
200 (2×) 68.45% ± 1.87% 74.74% ± 0.16%
400 (4×) 68.23% ± 0.86% 75.09% ± 0.37%
800 (8×) 69.11% ± 1.52% 76.29% ± 0.19%
inf. stream – 77.86% ± 0.46%

Birds
100 real
samples
(∼1%)

100 (1×) 31.54% ± 4.15% 39.89% ± 1.98%
200 (2×) 31.53% ± 4.78% 45.39% ± 1.95%
400 (4×) 31.13% ± 2.69% 45.54% ± 2.11%
800 (8×) 30.25% ± 2.47% 47.65% ± 1.53%
inf. stream – 81.68% ± 0.99%

Cars
100 real
samples
(∼1%)

100 (1×) 76.38% ± 1.01% 91.68% ± 1.87%
200 (2×) 76.46% ± 2.87% 92.22% ± 1.14%
400 (4×) 76.26% ± 1.18% 94.50% ± 0.79%
800 (8×) 79.27% ± 2.13% 95.92% ± 0.35%
inf. stream – 99.05% ± 0.10%

Table 4.3: Test set performance, in mAP@0.5, for a set of MobileNet (Howard et al., 2017)
SSD (Liu et al., 2016) models trained with varying amounts of synthesized samples, using a mixed
data training session vs our pretraining initialization strategy. Each value is the average with stan-
dard deviation from three independent runs with the same training configurations.
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# fake samples mixed data pretr. + finetune

QR Codes
50 real
samples
(∼10%)

50 (1×) 28.13% ± 1.93% 38.71% ± 0.60%
100 (2×) 27.45% ± 2.17% 43.08% ± 0.96%
200 (4×) 24.90% ± 0.91% 43.09% ± 3.03%
400 (8×) 27.72% ± 1.89% 47.46% ± 0.75%
inf. stream – 60.56% ± 0.81%

Faces
100 real
samples
(∼7%)

100 (1×) 72.96% ± 0.18% 77.06% ± 0.38%
200 (2×) 72.59% ± 0.89% 77.56% ± 0.30%
400 (4×) 73.19% ± 0.26% 77.82% ± 0.30%
800 (8×) 72.19% ± 0.67% 79.19% ± 0.30%

inf. stream – 79.14% ± 0.25%

Birds
100 real
samples
(∼1%)

100 (1×) 57.94% ± 0.85% 62.29% ± 2.56%
200 (2×) 59.49% ± 0.36% 62.52% ± 0.33%
400 (4×) 58.06% ± 1.78% 66.32% ± 3.52%
800 (8×) 60.15% ± 0.72% 65.24% ± 3.11%
inf. stream – 83.30% ± 1.74%

Cars
100 real
samples
(∼1%)

100 (1×) 96.91% ± 0.06% 98.73% ± 0.13%
200 (2×) 96.93% ± 0.24% 98.88% ± 0.10%
400 (4×) 96.79% ± 0.46% 99.08% ± 0.10%
800 (8×) 96.83% ± 0.11% 98.93% ± 0.02%
inf. stream – 99.36% ± 0.07%

Table 4.4: Test set performance, in mAP@0.5, for a set of ResNet50 (He et al., 2016)
SSD (Liu et al., 2016) models trained with varying amounts of synthesized samples, using a mixed
data training session vs our pretraining initialization strategy. Each value is the average with stan-
dard deviation from three independent runs with the same training configurations.
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(a)

(b)

Figure 4.8: Visual comparison between synthesized samples created with the ReDO segmentation
stage (a) and using the naive pasting strategy (b).

Codes case, so we only performed experiments for the other types of objects. Figure 4.8
compares instances of synthesized samples created this way against the ones that used the
ReDO segmentation stage.

Results are presented in Tables 4.5 and 4.6. We again used a small set of real samples for
each domain. Column 2 indicates the number of real samples used. The following columns
present the results achieved without pretraining initialization (column 3), as well as with
the adoption of pretraining initialization using samples that were synthesized both with this
naive pasting (column 4) and with the ReDO segmentation (column 5).

As we can see, using unsegmented classification samples already causes a significant
improvement, outperforming the non pretrained models in all scenarios, and managing to
produce surprisingly good results. But in all cases, they either match or under-perform the
models that were pretrained on samples synthesized with segmentation, with the largest
gap being of around 11% for the Birds class using the MobileNet backbone. We also note
that the gap varied considerably across the two architectures (see again the birds rows).
This might indicate that MobileNet (Howard et al., 2017) based detectors are not robust to
certain types of annotation noise, and may be picking up unimportant details during the
pretraining stage, like the fact that all bounding boxes will be perfect rectangles with sharp
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# real
samples

without
pretraining

pretrained w.
naive pasting

pretrained w.
segmentation

Faces 100 (∼7%) 58.73% ± 0.62% 75.45% ± 0.41% 77.86% ± 0.46%

Birds 100 (∼1%) 44.30% ± 2.08% 70.58% ± 0.83% 81.68% ± 0.99%

Cars 100 (∼1%) 52.06% ± 1.43% 96.91% ± 1.39% 99.05% ± 0.10%

Table 4.5: Test set performance, in mAP@0.5, for a set of MobileNet (Howard et al., 2017)
SSD (Liu et al., 2016) models trained with 100 real samples, without pretraining vs pretrained with
samples synthesized through naive pasting vs pretrained with samples synthesized using unsupervised
segmentation. Each value is the average with standard deviation taken from three independent runs
with the same training configurations.

# real
samples

without
pretraining

pretrained w.
naive pasting

pretrained w.
segmentation

Faces 100 (∼7%) 68.15% ± 0.72% 76.49% ± 0.18% 79.14% ± 0.25%

Birds 100 (∼1%) 76.35% ± 0.78% 81.41% ± 0.16% 83.30% ± 1.74%

Cars 100 (∼1%) 94.92% ± 1.26% 99.06% ± 0.10% 99.36% ± 0.07%

Table 4.6: Test set performance, in mAP@0.5, for a set of ResNet50 (He et al., 2016)
SSD (Liu et al., 2016) models trained with 100 real samples, without pretraining vs pretrained with
samples synthesized through naive pasting vs pretrained with samples synthesized using unsupervised
segmentation. Each value is the average with standard deviation taken from three independent runs
with the same training configurations.

image transitions.
Further investigation would be needed here in order to fully understand the relationship

between architectural choices, format of the classification samples and object class. Regard-
less of this, adopting segmented samples showed the best performance across all different
scenarios (even if by a small margin), and using this form of segmentation does not incur
any additional supervision penalty. We speculate that, as unsupervised segmentation tech-
niques improve, so will the advantage of using it in comparison with the trivial naive pasting
approach.

4.3.4 Difference between Real and Fake Classification Images

The image gathering step in our pipeline can either be performed by sampling real classi-
fication images, or by using a generative image model previously trained on such real images.
We opted for conducting all experiments so far using GAN based image generation instead
of real classification images for two reasons. The major reason being the fact that using a
generative model in the first stage allows us to design this infinite stream of synthesized
samples, where (almost certainly) no object instance would appear more than once. This
is a conceptual advantage more than a practical one in all domains considered, as current
generative models also require relatively big amounts of these classification images for train-
ing. However, as generative image models become more data efficient, and approaches like
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(a)

(b)

Figure 4.9: Visual comparison between synthesized samples created from GAN generated classifi-
cation images (a) and from real classification images (b).

Unsupervised Segmentation start giving more realistic results, the advantage of this infinite
stream formulation becomes more evident, and Object Detection Sample Synthesis will be
capable of handling even more extreme low data situations.

Additionally, a second reason why we choose to use GAN based image generation, is
because we wanted to show how sample realism is not really a significant factor for the
results. Figure 4.5 already shows how the final synthesized samples are far from realistic.
Yet, we demonstrate in Section 4.2 how a large enough number of these cheap samples can
be considerably useful for reducing the dependency on real data.

In this section, we further demonstrate how using GAN generated classification images
is equivalent to using real ones. For this, we trained a series of models using our pretraining
initialization strategy, following the same configurations as before, but without the GANs
for the Image Gathering stage of the synthesis pipeline. Instead, we simply sampled real
images from the datasets that were used to train the respective GANs, namely the FFHQ
faces (Karras et al., 2019a), bounding box crops of the (non test samples) CUB-200-2011
dataset for birds (Wah et al., 2011), and LSUN Cars (Yu et al., 2015). Figure 4.9 compares
instances of synthesized samples created from real classification images against the ones that
used GAN generated classification images.
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# real
samples

without
pretraining

real class.
images based

synthesized samples

GAN generated
images based

synthesized samples

Faces 100 (∼7%) 58.73% ± 0.62% 77.63% ± 0.15% 77.86% ± 0.46%

Birds 100 (∼1%) 44.30% ± 2.08% 82.87% ± 1.64% 81.68% ± 0.99%

Cars 100 (∼1%) 52.06% ± 1.43% 98.91% ± 0.15% 99.05% ± 0.10%

Table 4.7: Test set performance, in mAP@0.5, for a set of MobileNet (Howard et al., 2017)
SSD (Liu et al., 2016) models trained with 100 real samples, without pretraining vs pretrained with
samples synthesized based on real classification images vs pretrained with samples synthesized based
on GAN generated images. Each value is the average with standard deviation taken from three
independent runs with the same training configurations.

# real
samples

without
pretraining

real class.
images based

synthesized samples

GAN generated
images based

synthesized samples

Faces 100 (∼7%) 68.15% ± 0.72% 78.67% ± 0.23% 79.14% ± 0.25%

Birds 100 (∼1%) 76.35% ± 0.78% 84.87% ± 0.54% 83.30% ± 1.74%

Cars 100 (∼1%) 94.92% ± 1.26% 99.22% ± 0.14% 99.36% ± 0.07%

Table 4.8: Test set performance, in mAP@0.5, for a set of ResNet50 (He et al., 2016)
SSD (Liu et al., 2016) models trained with 100 real samples, without pretraining vs pretrained with
samples synthesized based on real classification images vs pretrained with samples synthesized based
on GAN generated images. Each value is the average with standard deviation taken from three
independent runs with the same training configurations.
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The results are presented in Tables 4.7 and 4.8. Column 2 indicates the number of
real samples used. The following columns present the results achieved without pretraining
initialization (column 3), as well as with the adoption of pretraining initialization using
samples that were synthesized based on real classification images (column 4) and based on
GAN generated images (column 5). As claimed, there is no apparent loss of performance by
using the GAN based infinite stream approach instead of using real classification samples.

4.4 Results on the WIDER Faces

As a final experiment, we evaluated our pretraining initialization strategy on the WIDER
dataset (Yang et al., 2016), a state-of-the-art benchmark for face detection. This is a much
larger and challenging dataset than the older FDDB (Jain and Learned-Miller, 2010), with
32,203 images and 393,703 face boxes with a much higher degree of variability. Experiments
on the WIDER dataset (Deng et al., 2019) usually report results on three difficulty par-
titions: easy, medium, and hard. These are established based on the detection rate of the
EdgeBox method (Zitnick and Dollár, 2014).

We conducted this experiment using a RetinaFace model (Deng et al., 2019), a detection
architecture designed specifically for faces. It generates three outputs: (1) the traditional
detection information (class + bounding box); (2) a key point estimation output, which is
trained on facial landmarks the authors labeled on the WIDER dataset; and (3) a mesh
decoder output, which is trained to produce 3D facial information in a self-supervised way.
For further details about the architecture, please refer to Deng et al. (2019). When this
experiment was conducted, the RetinaFace was the state-of-the-art architecture for the hard
partition of the WIDER benchmark 6.

We initialized a RetinaFace model with a MobileNet backbone (Howard et al., 2017)
by pretraining it on our infinite stream of synthesized face samples, while ignoring the
facial landmarks output. Next, we finetuned the model on the WIDER dataset. Due to
computational constraints, we only trained for half the number of epochs (125 instead of
250) and half the image size (320 instead of 640). We considered different numbers of real
samples. Results are shown in Table 4.9. Column 1 indicates the number of real WIDER
samples used. The last three columns correspond to the results achieved on each of the three
difficulty partitions of the WIDER dataset.

We can observe a significant improvement in the results when very few real images
are used. With 100 images for instance, our pretraining initialization strategy achieves an
increase of around 10% over the non initialized models, across all three difficulty partitions.
This presents further evidence that synthesized detection samples can be used to improve
data efficiency, and therefore improve the results on low data scenarios. However, the gap
quickly diminishes as more real samples are used. This might be evidence that initializing

6paperswithcode.com/sota/face-detection-on-wider-face-hard

paperswithcode.com/sota/face-detection-on-wider-face-hard
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Easy Medium Hard

50 real samples
w/o pretrain 40.76% 38.35% 31.22%
w/ pretrain 49.71% 44.39% 37.00%

100 real samples
w/o pretrain 45.5% 42.57% 33.36%
w/ pretrain 59.34% 56.40% 43.19%

250 real samples
w/o pretrain 58.65% 53.99% 45.39%
w/ pretrain 63.21% 58.80% 49.41%

500 real samples
w/o pretrain 67.25% 64.25% 52.75%
w/ pretrain 66.54% 64.08% 53.09%

1000 real samples
w/o pretrain 70.02% 67.30% 56.88%
w/ pretrain 72.65% 69.24% 58.35%

all real samples
w/o pretrain 83.14% 79.36% 69.65%
w/ pretrain 82.15% 77.78% 67.26%

Table 4.9: Validation performance on the WIDER dataset (Yang et al., 2016) of Reti-
naFace (Deng et al., 2019) models, using different amounts of samples. We used the Py-
torch (Paszke et al., 2019) implementation provided by github.com/biubug6/Pytorch_
Retinaface.

the model on a related but different data distribution of the same task could potentially
harm the results.

Additionally, the gap on the low data cases tended to be slightly larger for the easy and
medium partitions. We speculate this might be the case due to the images in the harder
partition being considerably more different of the synthesized samples than the images on
the easy and medium partitions.

Nonetheless, further investigation is required to fully understand the limitations of sam-
ple synthesis in situations where real data is already abundant, or when real data differs
significantly from synthesized data.

github.com/biubug6/Pytorch_Retinaface
github.com/biubug6/Pytorch_Retinaface
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Chapter 5

Conclusion

The overall goal of this project was to reduce the dependency of modern Object Detection
techniques on expensive supervision. In particular, we tried to tackle this issue from the data
perspective, by investigating whether it is possible, using existing techniques, to synthesize
artificial labeled detection samples, and to understand what would be the best way of using
such samples.

Overall, we believe Chapters 3 and 4 provided answers to the three questions posed
in the Introduction (Section 1.1): (1) Can we use Sample Synthesis to achieve more data
efficient Object Detection? (2) How to design a synthesis pipeline that does not depend on
bounding box labels or other forms of expensive supervision? and (3) What is the best way
to incorporate these synthesized samples into the training of modern detection architectures?

As also claimed in the Introduction (Section 1.1), we summarize our contributions as
follows:

• We demonstrated how Sample Synthesis is a viable option to improve data efficiency
for modern Object Detection models.

• We showed that, with current generative techniques, it is already possible to design a
simple synthesis pipeline capable of producing an infinite stream of synthesized samples
paired with bounding box labels. Moreover, all stages of this synthesis pipeline can be
fully trained using only classification images.

• We proposed using this infinite stream of samples as a pretraining initialization strat-
egy, and experimentally demonstrated how it allows existing detection models to
achieve comparable results using only a fraction of the original real labeled detection
data. As the whole pipeline needs only classification level images, which are consid-
erably cheaper and more readily available than the more expensive detection images
with bounding box labels, this approach effectively allows us to take advantage of a
much bigger amount of data in order to reduce the need for costly supervision.

This project allowed us to identify a promising option to improve data efficiency on Ob-
ject Detection, but it also made us identify several existing limitations of existing techniques
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which, once overcame, would unlock the possibility of applying Sample Synthesis for more
challenging detection domains.

In our experiences and investigations, we concluded that existing Generative Image Mod-
els have great potential for tasks that require synthesizing additional image samples, but
they are in general still limited to generating simple classification style images. In this re-
gard, the direction explored by the “GAN Dissection” technique (Bau et al., 2019) show
great potential to allow direct control over the output of GAN generators.

We also identified Unsupervised Segmentation to be the currently easiest approach to
synthesize detection samples. The ReDO method (Chen et al., 2019) is a recent technique
that achieves impressive results on a small set of real world objects, but other approaches
like “Copy-Pasting” GANs (Arandjelović and Zisserman, 2019) could also be used once their
applicability extends into more realistic scenarios.

Finally, another approach that could be used for sample synthesis instead of Unsupervised
Segmentation is the one taken by the LR-GAN method (Yang et al., 2017), which generates
images already paired with object masks.

5.1 Future Work

As an initial extension of this work, by making all stages on the proposed synthesis
pipeline capable of handling more object classes, it could be scaled up to synthesize samples
containing more diverse object types, or even containing several object types at the same
time.

Next, by knowing that Sample Synthesis can improve the results on Object Detection
problems, we open the possibility for exploring how to make the synthesis process more
efficient and useful. The bottleneck limitation in the current formulation, and also the most
obvious point of improvement, is the Unsupervised Segmentation stage. Future improve-
ments on existing techniques or even novel approaches can be immediately transferred into
our synthesis pipeline. Additionally, we could also directly benefit from advances on compu-
tationally efficient and less data dependent Generative Image Models.

Finally, developments on more flexible Generative Model techniques, similar to the al-
ready existing GAN Dissection (Bau et al., 2019) and the LR-GAN (Yang et al., 2017), could
allow us to “compress” the synthesis pipeline into fewer stages, and even synthesize objects
within scenes taking the surrounding context into consideration.



Appendix A

Mean Average Precision for Object
Detection

As it is common practice on the Object Detection literature, all evaluations performed on
this project have results reported in Average Precision (AP), in the same way as is done
since the 2010 edition of popular Pascal VOC detection track (Everingham et al., 2010).

In the context of Object Detection, the concepts of Accuracy, Recall, and true/false pos-
itives/negatives are not so intuitive as in classification problems. Therefore, we provide this
Appendix to describe in further details how the Object Detection (mean) Average Precision
metric is computed.

A.1 Intersection over Union (IoU)

In order to build a Precision-Recall curve, we first need to define what constitute
true/false positives/negatives in the context of Object Detection. For this, we use the IoU
metric, that scores the degree of similarity between two rectangular bounding boxes. IoU
consists of the ratio between the common area between the two boxes (intersection) and the
total area covered by the two boxes together (union). Figure A.1 illustrates this operation.

Figure A.1: Illustrated Intersection over Union (IoU) operation.

On the definition followed by the Pascal VOC competition (Everingham et al., 2015),
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two boxes correspond to the same object if they have IoU > 0.5 (Everingham et al., 2010).

A.2 Recall vs Precision Curve

In order to categorize a set of detections into true positives and false positives, we check
the similarity between each detection box and the ground truth boxes, measured in IoU. For
now, let us consider the situation where there is just one object class.

Initially, the detections are sorted in decreasing order of their confidence score, and they
are considered one by one in this order. This confidence score usually corresponds to the
softmax classification output in traditional detection architectures. Each detection box Bd

is associated with a ground truth box Bgt if the following restrictions are satisfied:

1. Bgt is the most similar ground truth box to Bd (maximum IoU with Bd), among all
ground truth boxes on the same image as Bd.

2. IOU(Bd, Bgt) > threshold (0.5 for Pascal VOC).

3. Bgt still has not been associated with any other prior detection of greater confidence.

Detections that are associated with a ground truth box are potential true positives,
while not associated detections are considered false positives, and not associated ground
truth boxes are considered false negatives. Note that there is no clear correspondence for a
true negative in Object Detection.

Still based on the previous sorted order, we vary the confidence score threshold that
is used to separate positive from negative detections (not to be confused with the IoU
threshold that is used to match detections to ground truth boxes) from 1 down to 0. For
each threshold θ, we compute a Recall measure as the number of detections with confidence
≥ θ that are associated with some ground truth box, divided by the number of ground truth
boxes. We also compute a Precision measure, as the number of detections with confidence
≥ θ that are associated with some ground truth box, divided by the number of detections
with confidence ≥ θ. This way, we create a Recall × Precision curve, as exemplified in
Figure A.2.

In order to reduce the influence of the oscillations in Precision, Everingham et al. (2012)
proposed an interpolation method. It consists on simply replacing each Precision value by
the maximum Precision “to the right” in the curve. This way, the Precision monotonically
decreases as the Recall increases. Let p(r) be the precision value at Recall r, the new inter-
polated Precision value is computed as follows:

pinterp(r) = max
r′≥r

p(r′)

Figure A.3 presents the interpolated version of Figure A.2.
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Figure A.2: Example of a Recall × Precision curve.

Figure A.3: Interpolation of the Recall × Precision curve from Figure A.2.
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A.3 (mean) Average Precision

Finally, the Average Precision metric is computed as the area bellow the inter-
polated Recall-Precision curve. Before the 2010 edition of the Pascal VOC competi-
tion (Everingham et al., 2010), the final AP was computed as the average of Precision values
over the 11 equally spaced Recall points {0, 0.1, 0.2, ..., 1}.

Since the 2010 edition, the standard evaluation adopted by the competition is by com-
puting the exact area (Everingham et al., 2010). As the curve is built using a finite set of
detections, every change in Precision is associated with some detection. Moreover, we have
that for any detection of rank i in the previous ordering (1 ≤ i < n), if ri 6= ri+1, then
pi = pi+1. This means that Precision remains the same between consecutive Recall vari-
ations (the curve is piecewise constant). This property happens due to the interpolation,
which causes the distinct “staircase” shape to the curve.

This way, one can calculate the exact area bellow the interpolated Recall-Precision curve
with the following expression (Zeng, 2018):

AP =
n−1∑
i=1

(rr+1 − ri)pinterp(rr+1)

For detection problems with multiple object classes, the main evaluation metric is mean
Average Precision (mAP). It is just a simple arithmetic mean over the Average Precision
of all classes.



Appendix B

Architecture Details

For the main experiments, we used two Single Shot Detection (SSD) architec-
tures (Liu et al., 2016), with MobileNet (Howard et al., 2017) and ResNet50 (He et al., 2016)
CNN backbones, respectively. For both of them, we used the implementations of the back-
bone CNNs provided in the tensorflow.keras.applications module (Abadi et al.,
2015).

The SSD MobileNet architecture has four detection heads, with anchor scales set to 10%,
20%, 40%, and 80% of the image, respectively. These detection heads receive the feature
maps produced by the conv_pw_10_relu, conv_pw_11_relu, conv_pw_12_relu,
and conv_pw_13_reluMobileNet layers. Assuming an input shape of 300×300×3 pixels,
as we did in our experiments, these output heads generate detection grids with 18 × 18,
18 × 18, 9 × 9, and 9 × 9 cells, respectively. Each grid cell generates three detections, each
associated with an anchor box with a different aspect ratio from {1/2, 1, 2}.

The SSD ResNet50 architecture has six detection heads, with anchor scales set to
5%, 10%, 20%, 40%, 60%, and 80% of the image, respectively. These detection heads
receive the feature maps produced by the conv4_block4_out, conv4_block5_out,
conv4_block6_out, conv5_block1_out, conv5_block2_out, and
conv5_block3_out ResNet layers. Assuming again the input shape of 300 × 300 × 3,
these output heads generate detection grids with 19 × 19, 19 × 19, 19 × 19, 10 × 10,
10×10, and 10×10 cells, respectively. Again, each detection cell generates three detections,
associated with anchor boxes with aspect ratios from {1/2, 1, 2}.

Figures B.1 and B.2 present diagram overviews of these architectures.
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Figure B.1: Our SSD MobileNet architecture diagram.

Figure B.2: Our SSD ResNet50 architecture diagram.



Appendix C

Detailed Results

In section 4.2, we presented numeric results for our main experiments for only a few
representative numbers of real samples. In this Appendix, we provide the results for all
numbers of real samples we evaluated. Note that the following Tables correspond to the
graphs in Figures 4.4 and 4.7.

C.1 QR Codes

# real samples without pretraining with pretraining

QR Codes

pretrain only(0%) – 45.45% ± 0.88%

10 (∼2%) 1.57% ± 0.30% 52.03% ± 2.91%

50 (∼11%) 24.20% ± 0.92% 57.84% ± 0.34%

100 (∼21%) 37.15% ± 1.48% 61.29% ± 1.45%

150 (∼32%) 43.73% ± 1.84% 63.42% ± 1.51%

200 (∼43%) 46.14% ± 1.40% 63.92% ± 0.82%

250 (∼54%) 46.40% ± 0.64% 65.17% ± 1.05%

300 (∼64%) 45.44% ± 0.59% 64.54% ± 1.48%

350 (∼75%) 49.01% ± 0.68% 65.16% ± 1.57%

400 (∼86%) 51.97% ± 2.58% 65.50% ± 1.02%

467 (∼100%) 52.43% ± 3.10% 66.86% ± 1.34%

Table C.1: Test set performance, in mAP@0.5, for a set of MobileNet (Howard et al., 2017)
SSD (Liu et al., 2016) models trained with several numbers of real samples. Each value is the average
with standard deviation from three independent runs with the same training configurations.
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# real samples without pretraining with pretraining

QR Codes

pretrain only(0%) – 58.20% ± 0.89%

10 (∼2%) 5.00% ± 1.27% 53.06% ± 1.77%

50 (∼11%) 24.38% ± 2.87% 60.56% ± 0.81%

100 (∼21%) 34.83% ± 2.73% 63.65% ± 0.81%

150 (∼32%) 41.04% ± 2.66% 66.20% ± 2.19%

200 (∼43%) 45.47% ± 0.46% 66.46% ± 0.40%

250 (∼54%) 47.67% ± 0.62% 67.89% ± 0.23%

300 (∼64%) 47.82% ± 3.25% 67.05% ± 1.09%

350 (∼75%) 48.61% ± 0.83% 69.10% ± 0.03%

400 (∼86%) 51.30% ± 0.94% 70.23% ± 0.60%

467 (∼100%) 55.50% ± 0.87% 69.29% ± 0.30%

Table C.2: Test set performance, in mAP@0.5, for a set of ResNet50 (He et al., 2016)
SSD (Liu et al., 2016) models trained with several numbers of real samples. Each value is the average
with standard deviation from three independent runs with the same training configurations.
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C.2 Faces

# real samples without pretraining with pretraining

Faces

pretrain only(0%) – 56.03% ± 3.35%

10 (∼1%) 27.73% ± 1.02% 72.21% ± 0.74%

20 (∼1%) 41.18% ± 3.50% 73.74% ± 0.46%

50 (∼3%) 51.19% ± 0.82% 76.56% ± 0.33%

100 (∼7%) 58.73% ± 0.62% 77.86% ± 0.46%

150 (∼10%) 63.32% ± 2.79% 79.39% ± 0.39%

200 (∼14%) 65.63% ± 0.41% 80.34% ± 0.54%

300 (∼21%) 71.62% ± 0.10% 80.88% ± 0.10%

400 (∼28%) 72.78% ± 0.50% 82.30% ± 0.64%

600 (∼41%) 75.16% ± 1.08% 82.82% ± 0.41%

800 (∼55%) 76.78% ± 2.01% 83.68% ± 0.13%

1000 (∼69%) 77.41% ± 0.64% 84.86% ± 0.90%

1200 (∼83%) 78.61% ± 0.26% 84.31% ± 0.47%

1449 (∼100%) 79.36% ± 1.22% 84.86% ± 0.80%

Table C.3: Test set performance, in mAP@0.5, for a set of MobileNet (Howard et al., 2017)
SSD (Liu et al., 2016) models trained with several numbers of real samples. Each value is the average
with standard deviation from three independent runs with the same training configurations.
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# real samples without pretraining with pretraining

Faces

pretrain only(0%) – 58.40% ± 0.66%

10 (∼1%) 18.33% ± 2.01% 70.38% ± 1.53%

20 (∼1%) 34.36% ± 2.93% 76.14% ± 0.14%

50 (∼3%) 54.43% ± 2.45% 78.15% ± 0.30%

100 (∼7%) 68.15% ± 0.72% 79.14% ± 0.25%

150 (∼10%) 72.76% ± 1.08% 80.61% ± 0.28%

200 (∼14%) 75.40% ± 0.88% 81.88% ± 0.41%

300 (∼21%) 77.26% ± 1.73% 83.34% ± 0.38%

400 (∼28%) 79.40% ± 0.58% 84.21% ± 0.41%

600 (∼41%) 82.15% ± 0.56% 85.67% ± 0.11%

800 (∼55%) 83.57% ± 0.92% 86.26% ± 0.39%

1000 (∼69%) 84.37% ± 0.37% 86.82% ± 0.05%

1200 (∼83%) 85.17% ± 0.54% 86.77% ± 0.67%

1449 (∼100%) 85.90% ± 0.13% 88.06% ± 0.11%

Table C.4: Test set performance, in mAP@0.5, for a set of ResNet50 (He et al., 2016)
SSD (Liu et al., 2016) models trained with several numbers of real samples. Each value is the average
with standard deviation from three independent runs with the same training configurations.
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C.3 Birds

# real samples without pretraining with pretraining

Birds

pretrain only(0%) – 25.83% ± 5.21%

50 (∼0%) 26.69% ± 4.09% 77.95% ± 1.82%

100 (∼1%) 44.30% ± 2.08% 81.68% ± 0.99%

150 (∼1%) 52.82% ± 4.35% 84.21% ± 1.24%

200 (∼2%) 53.42% ± 2.12% 87.35% ± 0.92%

300 (∼3%) 60.29% ± 1.20% 90.46% ± 1.10%

400 (∼4%) 67.66% ± 1.26% 91.47% ± 1.28%

500 (∼5%) 65.05% ± 2.15% 93.49% ± 1.53%

1000 (∼10%) 80.23% ± 2.68% 95.48% ± 0.92%

2000 (∼19%) 90.65% ± 1.17% 96.20% ± 0.67%

4000 (∼39%) 95.12% ± 1.06% 97.48% ± 0.97%

8000 (∼77%) 95.35% ± 0.99% 97.56% ± 0.69%

10345 (∼100%) 95.83% ± 1.09% 97.78% ± 0.09%

Table C.5: Test set performance, in mAP@0.5, for a set of MobileNet (Howard et al., 2017)
SSD (Liu et al., 2016) models trained with several numbers of real samples. Each value is the average
with standard deviation from three independent runs with the same training configurations.
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# real samples without pretraining with pretraining

Birds

pretrain only(0%) – 22.98% ± 5.09%

50 (∼0%) 68.28% ± 3.34% 79.20% ± 1.43%

100 (∼1%) 76.35% ± 0.78% 83.30% ± 1.74%

150 (∼1%) 81.45% ± 1.54% 87.44% ± 1.18%

200 (∼2%) 85.36% ± 2.49% 89.01% ± 1.05%

300 (∼3%) 88.68% ± 0.46% 92.35% ± 0.43%

400 (∼4%) 91.93% ± 0.39% 94.51% ± 0.83%

500 (∼5%) 93.93% ± 1.10% 94.52% ± 0.58%

1000 (∼10%) 97.40% ± 0.43% 97.43% ± 0.51%

2000 (∼19%) 98.43% ± 0.21% 98.20% ± 0.38%

4000 (∼39%) 98.51% ± 0.25% 98.70% ± 0.07%

8000 (∼77%) 99.09% ± 0.35% 99.06% ± 0.24%

10345 (∼100%) 98.67% ± 0.28% 99.14% ± 0.55%

Table C.6: Test set performance, in mAP@0.5, for a set of ResNet50 (He et al., 2016)
SSD (Liu et al., 2016) models trained with several numbers of real samples. Each value is the average
with standard deviation from three independent runs with the same training configurations.



CARS 67

C.4 Cars

# real samples without pretraining with pretraining

Cars

pretrain only(0%) – 30.51% ± 0.32%

50 (∼1%) 43.28% ± 0.67% 98.83% ± 0.17%

100 (∼1%) 52.06% ± 1.43% 99.05% ± 0.10%

150 (∼2%) 55.28% ± 1.40% 99.18% ± 0.02%

200 (∼3%) 58.71% ± 1.70% 99.34% ± 0.11%

400 (∼6%) 66.44% ± 3.14% 99.60% ± 0.02%

1000 (∼14%) 91.92% ± 2.36% 99.79% ± 0.05%

2000 (∼28%) 97.54% ± 0.50% 99.79% ± 0.03%

4000 (∼56%) 97.86% ± 0.95% 99.80% ± 0.03%

6000 (∼84%) 98.41% ± 0.13% 99.82% ± 0.01%

7144 (∼100%) 98.42% ± 0.28% 99.83% ± 0.01%

Table C.7: Test set performance, in mAP@0.5, for a set of MobileNet (Howard et al., 2017)
SSD (Liu et al., 2016) models trained with several numbers of real samples. Each value is the average
with standard deviation from three independent runs with the same training configurations.
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# real samples without pretraining with pretraining

Cars

pretrain only(0%) – 7.82% ± 0.72%

50 (∼1%) 85.11% ± 1.98% 99.35% ± 0.02%

100 (∼1%) 94.92% ± 1.26% 99.36% ± 0.07%

150 (∼2%) 96.96% ± 0.31% 99.45% ± 0.05%

200 (∼3%) 98.39% ± 0.17% 99.46% ± 0.00%

400 (∼6%) 99.57% ± 0.06% 99.63% ± 0.05%

1000 (∼14%) 99.82% ± 0.03% 99.71% ± 0.02%

2000 (∼28%) 99.84% ± 0.01% 99.77% ± 0.02%

4000 (∼56%) 99.86% ± 0.01% 99.79% ± 0.02%

6000 (∼84%) 99.88% ± 0.00% 99.81% ± 0.01%

7144 (∼100%) 99.87% ± 0.01% 99.82% ± 0.01%

Table C.8: Test set performance, in mAP@0.5, for a set of ResNet50 (He et al., 2016)
SSD (Liu et al., 2016) models trained with several numbers of real samples. Each value is the average
with standard deviation from three independent runs with the same training configurations.
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ICIP Paper

Before the final conception of the ideas presented in this project, and as an initial step
towards understanding the modern Object Detection literature and Deep Learning program-
ming tools, the author engaged on another project. At some point, the results on this initial
project were thought be the focus for this dissertation.

This initial project consisted of a study about Deep Learning based Object Detection
architectures applied to the problem of QR Code detection on natural images, a task for
which only old, pre Deep Learning approaches existed, usually trained and evaluated on very
limited scenarios.

One issue we noticed with this task was the absence of a well established dataset that
was challenging enough to be used as a meaningful comparison benchmark between different
techniques, while also being big enough to be used for training modern Object Detection
techniques. For this, one of the contributions we made was to label a dataset of images for
QR Code detection, which we made publicly available 1. This dataset was later used on part
of the experiments for this project (see Section 4.1).

The final dataset consisted of 567 images with a total of 1263 codes, an average of ∼2.2
codes per image. These images were retrieved from Flickr2. For each code, we draw a tight
bounding box around the whole visible code frame, and another box around each of its
visible Finding Patterns (FIPs), the smaller squares that are present on three of the code’s
corners.

These labels for the FIPs ended up being a motivation for our next contribution: the
design of a detection architecture that takes advantage of object sub-part annotations. It
consisted of a modification of the SSD architecture (Liu et al., 2016), that was capable of
using bounding box labels for component parts of the main objects as auxiliary supervision.
We experimentally demonstrated that this additional supervision contributed to improved
results for QR Code detection in certain situations, although it is applicable to any type of
object.

The combination of the labeled dataset with this architectural modification resulted on
1https://github.com/ImageU/QR_codes_dataset
2https://www.flickr.com/
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a paper (Blanger and Hirata, 2019) accepted for oral presentation at the 2019 International
Conference on Image Processing (ICIP), that took place on September 2019 in Taipei. For
details about the dataset and the architecture, please refer to the full paper, which we are
attaching in full on the next five pages.
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ABSTRACT
In this work, we employ deep learning models for detec-

ting QR Codes in natural scenes. A series of different model
configurations are evaluated in terms of Average Precision,
and an architecture modification that allows detection aided
by object subparts annotations is proposed. This modification
is implemented in our best scoring model, which is compared
to a traditional technique, achieving a substantial improve-
ment in the considered metrics. The dataset used in our eva-
luation, with bounding box annotations for both QR Codes
and their Finder Patterns (FIPs), will be made publicly availa-
ble. This dataset is significantly bigger than known available
options at the moment, so we expect it to provide a common
benchmark tool for QR Code detection in natural scenes.

Index Terms— QR code, deep learning, single shot de-
tector, part-based object detection

1. INTRODUCTION

Since their release by Denso Wave Inc. in 1994 [1], QR
(quick response) Codes have become increasingly present in
a number of systems for a wide variety of applications. Ini-
tially designed to assist industrial processes, with the popula-
rization of the Internet and mobile phones, they also became
important for personal tasks. Nowadays, they are used to ac-
cess online addresses, to make login into personal accounts,
to carry any kind of textual information, among other use ca-
ses. There is a number of QR code readers/scanners that can
be used for decoding by just pointing the camera towards a
code and framing it. The codes can be properly decoded pro-
vided they present no geometrical distortion nor severe noise
or occlusion. The raw images captured by the cameras, even
when capturing is done with the explicit intention of reading a
code, often present distortions such as rotation, uneven pixel
intensities due to lighting conditions, perspective deformati-
ons, blur, among others. Prior to the properly said decoding
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6, and by the São Paulo Research Foundation, under the process 2018/00390-
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step, these distortions must be corrected for a successful re-
ading. Thus, most works related to QR code detection and
recognition are concerned with the precise localization and
alignment of a single QR Code on an image, so as to per-
form proper geometrical corrections and image enhancement
prior to the decoding step [2, 3]. These works usually assume
the image is well behaved in a number of useful properties
(for example, presence of a single code per image, code po-
sitioned approximately at the center, no other objects present
in the background, uniform light across different images), as-
sumptions that hold when images are captured by visually he-
althy agents. However, visually impaired agents may even not
be aware that there is a QR code in its surroundings. There-
fore, detection of QR Codes in natural scenes, in the sense of
the Pascal VOC [4] definition of object detection, is a key step
to enable applications for use by visually impaired or robots.
Once the presence of a code is detected in a scene image,
then it can be adequately framed and processed for decoding
as described above.

There have been very few works concerned with the de-
tection of QR Codes in natural scenes. Existing works either
use combinations of classical computer vision techniques and
handcrafted algorithms [5, 6, 7, 8, 9] or very rudimentary neu-
ral network approaches, based for instance on sliding classifi-
ers and image pyramids [10, 11]. There has been little to none
work investigating the effectiveness of modern, deep learning
based, object detection techniques. We review the main rela-
ted works in Section 2.

The lack of public and annotated datasets is possibly one
of the reasons behind the reduced number of works. A first
contribution of this work is therefore the release of an anno-
tated dataset of natural scenes, comprising images of wildly
different contexts and resolutions. The images are annota-
ted with bounding boxes for both the QR Codes and the Fin-
ding Patterns (FIPs, a squared pattern present at three cor-
ners of every code). We also establish a fixed split for trai-
ning/validation/test which we used in our evaluations and that
can be used in future as a reference. See Section 4.1 for the
details. The second and main contribution of this work is the
evaluation of a few variations of the popular Single Shot De-
tector architecture (SSD) on the task of QR Code detection.
More specifically, we use the recent adaptation called Pyra-



mid Pooling Network (PPN). Additionally, we also evaluate
whether FIPs are useful or not to improve detection results.
For that, we propose a modification of the SSD architecture
that jointly exploits annotations of subparts (i.e., of FIPs) and
of whole codes. Results are compared to the ones obtained
with a method based on the Viola-Jones framework [12], pro-
posed in [7], achieving substantial improvement. Our model
is able to detect QR codes in very challenging cases. Exam-
ples of detection with our model are shown in Figure 1. The
proposed detector architecture is detailed in Section 3 and re-
sults are detailed in Section 4. Our concluding remarks are
presented in Section 5.

Fig. 1. Some samples from our test results.

2. RELATED WORK

In [2], the authors used a variation of the Hough Transform to
detect the QR Code blocks. In [3], the authors used a contour
tracking approach to locate the codes under variations of light
and perspective, although their experiments showed a perfor-
mance degradation when too extreme rotations were applied.
Although effective, both of these methods seem to focus on
images with well-behaved acquisition properties.

In [5], the authors used QR Codes to tag objects and guide
a robot in an indoor environment. One part of their system
required the robot to identify the QR Code location based on
visual information. The way they solved it was by creating an
artificial marker placed physically around the QR Code tags,
containing an identifiable color (and carrying other pieces of
information as well). In our work, we investigate techniques
that could tackle this problem for cases where we do not have

control neither over the structure or content of the codes, nor
over the environment in which they are present.

A few works offer a more clear approach to natural sce-
nes, with more than one code per image and complex back-
grounds. In [8], a detection pipeline is proposed. This pipe-
line first preprocesses the input image converting it to grays-
cale, removes noise, and binarizes it, then it uses a classifier
with the Local Binary Pattern (LBP) operator [13] as input, in
combination with a contour approximation to propose detec-
tion regions, which are in turn refined using information about
the Finder Pattern ratios of the code. In [9], the authors used
a quad-tree structure to extract features based on the Histo-
grams of Oriented Gradients [14] (HOG) over multiple image
scales. In [7], the popular Viola and Jones cascade of simple
classifiers [12] is used to detect FIPs. Next, triplets of detec-
ted FIPs compatible with the geometrical restrictions of the
QR Code structure are considered as the final output.

Although effective, these previous works are focused
only on classical techniques and hand-crafted algorithms, and
there have been very few works investigating the performance
of (deep) neural networks, despite their recent successes on
object detection. Grósz et al. [10] trained a neural network
to perform binary classification on image blocks, in order to
identify which blocks are part of QR Codes. The result of
this approach is an image heatmap, with clusters of high pro-
babilities associated with the QR Code regions. Chou et al.
[11] adopted a similar technique, with the additional consi-
deration of blocks over multiple scales, considering a spatial
pyramid of the image. The results are combined into the final
detection through a hand-crafted pipeline of traditional image
processing techniques. This last set of works, although using
neural networks, do so in a local manner, through sliding
window binary classifiers, image pyramids, and having the
networks as a subcomponent of a more traditional pipeline of
tasks. However, more recently, there has been an increase in
object detection performance using end-to-end deep learning
architectures [15, 16, 17, 18, 19, 20]. We also note that none
of the previous works provide results in terms of (mean) Ave-
rage Precision (AP), which is the most well accepted metric
for the evaluation of object detection techniques nowadays
[4], and also the main comparison benchmark for modern
architectures. In this work, we perform an investigation of
the performance of modern day deep learning object detec-
tion techniques in the task of QR Code detection, providing
quantitative results in terms of AP, and releasing the labeled
dataset of natural scenes used in the experiments, in order to
allow future comparisons.

3. EVALUATED ARCHITECTURES

In this work, we choose to use a variation of the popular Sin-
gle Shot Object Detector [17] (SSD) algorithm. We opted for
the SSD due to its implementation simplicity and efficiency.
In the next two sections, we present an overview of the SSD



architecture, as well as our modification to take into account
object subparts annotation.

3.1. The SSD Object Detection architecture

The SSD architecture consists of a base network, usually a
well known CNN architecture such as the VGG16 [21] or
ResNet50 [22], optionally pre-trained for classification on the
Imagenet dataset [23], maybe with a few additional convo-
lutions at the end, with a number of its layers used as input
to a detection head, which is responsible for predicting both
classification scores and localization offsets for a fixed grid of
default boxes of varying aspect ratios and scales (anchors).

Among the adaptations and improvements over the basic
fixed grid approach of the original SSD paper [17], we can
mention the adoption of the Focal Loss [20] instead of plain
cross-entropy and the more recent Feature Pyramid Network
(FPN) [19], which shares many similarities with the SSD.

For our experiments, we adopted the Pooling Pyramid
Network (PPN) [18] version of the SSD, which consists of the
basic SSD layout, with three main modifications: (1) the subs-
titution of the convolutions between the layers used for detec-
tion by max-pooling layers; (2) parameter sharing between
the detection heads; (3) adoption of the Focal Loss as in [20].
Our main motivation for the choice of the PPN version is its
substantial decrease in parameter count over the original SSD
version, which we believe better matches our moderate sized
dataset.

3.2. Proposed Subparts Aided Object Detection architec-
ture

QR Codes have a very rigid structure (although frequently
disrupted in natural scenes). They are always square and with
FIPs positioned on three of its corners. Under this perspec-
tive, we can expect that the final task of detecting the QR Co-
des could benefit from information regarding the position of
the FIPs. More generally, the detection of a full object could
benefit from cues provided by the detection of its subparts.
Based on this idea, we propose a tweak to the SSD architec-
ture in order to take into consideration annotation of object
subparts during training.

The way this is implemented is by taking an intermediary
layer of the base network, applying a series of max-pooling
layers as in the PPN, and using the output of these layers as
the input to a detection head responsible for the subparts de-
tection. The same is done to a more advanced layer of the
base network to perform the main object detection. Additio-
nally, we concatenate the outputs of the subpart heads (both
classification scores and localization offsets) to the inputs of
the main heads. The motivation for this is to bring forward in-
formation about the subparts to aid the main detections. The
proposed adaptation is visually described in Figure 2.

Fig. 2. Subparts Aided SSD architecture

4. EXPERIMENTAL RESULTS

4.1. Dataset

The dataset used in the experiments comprises a total of 767
images of varying sizes collected from the Internet, con-
taining 1263 QR Codes. We have labeled both the visible
regions of the QR Codes, as well as the FIPs. Annotati-
ons are available in terms of bounding boxes coordinates
(xmin, ymin, xmax, ymax). The dataset will be publicly avai-
lable1, with the “official” split of training/validation/test of
567/100/100 images that we have used in our tests.

4.2. Performance evaluation

In order to evaluate the performance of the mentioned deep
learning models, we conducted a series of tests with varying
configurations. We used three different base architectures, the
VGG16 [21], used by Liu et al. in the original SSD imple-
mentation [17], the MobileNet [24], used by Jin et al. [18] in
the PPN adaptation, and the popular ResNet50 [22].

For each of the base networks, we trained the correspon-
ding SSD-PPN detector in three different scenarios:

1. QR Codes only. This is the standard application of our
object detectors over the QR Code annotations, igno-
ring the FIPs. The goal of this scenario is to evaluate
the more raw performance of deep learning object de-
tection for QR Codes.

2. QR Codes + FIPs. Same as the previous one, but con-
sidering the FIPs as another object class, with the same

1https://imageu.github.io/data+code/



loss weight as the QR Codes. The goal now is to eva-
luate how subpart annotations could potentially contri-
bute to the detection performance, without any archi-
tectural change.

3. QR Codes with FIPs as subparts. In this scenario, we
evaluate the detection performance of our architectural
tweak (see Section 3.2).

We considered the same training parameters for all tests:
5000 gradient descent iterations, using the Adam optimizer
[25] with an initial learning rate of 10−4, a decay of 10−4 per
iteration, and the β1 and β2 parameters at 0.9 and 0.999, res-
pectively. At the final iterations with these parameters, all the
evaluated model’s loss had stabilized and were showing dimi-
nishing improvements. All images are resized to 480 × 480.
We also used a series of augmentations comprising noise ad-
dition, geometrical transformations, and croppings. On post-
processing, we ignore the detections with confidence under
0.5 and apply Non-Max-Suppression with an IOU threshold
of 0.3.

At every 50 iterations, the current model is applied to the
validation set, having its performance recorded in terms of
AP, and the model state which scores the best in these evalu-
ations is kept as the final model. For the scenarios 2 and 3,
only the validation AP of the QR Code class is considered.

For each combination of base architecture and the above
scenarios, we applied the final model obtained to the held-out
test set, and the results are shown in Table 1.

QR Codes
only

QR Codes
+ FIPs

QR Codes
+ FIPs

(subparts)
MobileNet 72.7% 68.7% 71.7%
VGG16 67.7% 66.0% 67.6%
ResNet50 67.1% 64.1% 77.0%

Table 1. Experimental results on the test set, in Average Pre-
cision.

The first thing we notice on the results is that simply ad-
ding the FIPs as another class harms the detection perfor-
mance on all three architectures. We speculate that this oc-
curs because the reduction in model capacity dedicated to the
QR Code class outweighs the additional information brought
by the FIPs.

Also, we can see the subparts tweak had a performance
aligned with that of the normal detection for the MobileNet
and VGG16 bases, with a substantial improvement for the
ResNet50. The ResNet50 Subparts SSD achieved a test AP
of 77%, being the best of our evaluated models.

4.3. Comparative results

None of the few related works that also use neural network
techniques [10, 11] provides code or model parameters. For

this reason, we are not making any comparisons with other
deep learning based approaches. We are publicly releasing
our code with all model weights from the previous section
experiments so that future research can benefit from it.

In order to measure the performance improvement achi-
eved in comparison to traditional techniques, we applied the
FastQR method of Belussi et al. [7]2 to our test images. Their
method consists of the popular Viola and Jones cascade of
simple classifiers [12] to detect FIPs, followed by a search
for detections satisfying the geometrical restrictions of QR
Codes. As their method does not generate confidence scores
for detections, there is no way to measure performance using
Average Precision. Therefore, we perform the following
comparisons in terms of Recall and number of false positives
(FPs), which are the metrics considered in [7].

The FastQR method comes in two alternatives: a normal
one, and one with fewer stages in the cascade of classifiers,
which aims at a higher Recall at a price of more false positi-
ves. We evaluate both alternatives, as well as our best model,
here named Subparts PPN with ResNet50, on our test split
(100 images, 158 codes), and our model achieved a substan-
tial improvement in the two metrics, as presented in Table 2.

Recall
False Positives

Count
FastQR 51,3% 186

FastQR (shallow) 55,7% 400
Subparts PPN

(ResNet50 base) 81,0% 66

Table 2. Comparison of our best model against FastQR [7].

We note that Belussi et al [7] report a recall of 90.4% with
75 false positives in 135 images. Although we have no access
to their images, the results in Table 2 clearly indicates the
more challenging nature of our dataset.

For all experiments, we used our own implementation of
SSD/PPN3, in Keras [26].

5. CONCLUSION

We have presented an evaluation of deep learning techniques
for QR Code detection in natural scenes, and proposed a no-
vel adaptation of the SSD architecture to allow detection ai-
ded by object subparts annotations. The proposed adaptation
is implemented in our best model, which is compared against
a classical technique, showing substantial improvement in the
considered metrics. We are also releasing an annotated data-
set of QR Codes and FIPs in natural scenes, with the “official”
split used in our experiments, in order to allow future research
and comparisons.

2Avaliable at https://sourceforge.net/projects/
fastqr/

3Code (with the experiments) available at https://github.com/
Leonardo-Blanger/subparts_ppn_keras
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