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.../.../2022
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ABSTRACT

GENERATING SYNTHETIC DATA WITH GAME ENGINES FOR
DEEP LEARNING APPLICATIONS

Kamil Anıl Özfuttu

Master of Science, Computer Animation and Game Technologies
Supervisor: Prof. Dr. Haşmet Gürçay

Jan 2022, 75 pages

In this thesis, we present a novel method that aims to generate labeled synthetic data for use

in training drone detection deep learning models. Modern deep learning methods provide

state-of-the-art performance on object detection problems and this performance is increasing

thanks to the development of deep learning architectures day by day. The biggest obstacle

to this development is the need for large amounts of labeled data for deep learning methods

to be successful. Accessible datasets, on the other hand, generally do not contain sufficient

data, have incorrect labels and bias. Datasets are traditionally made manually by humans.

This human-made process is quite time-consuming and prone to human error. Although it is

very difficult to find domain-specific data sets, it is almost impossible to reach data sets for

specific problems One of the areas where there is a data shortage is drone detection. Drones

are becoming more and more common day by day due to the development of drone tech-

nology and decreasing hardware costs. These objects cause security and privacy problems,

so the detection of these objects gains great importance. Since drones can be found in any

environment due to their nature, a data set with high data amount and variety covering all

conditions were needed to train a model that will detect small or hard to visible drones. To

solve this data shortage in drone detection, a novel method that can generate synthetic data
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with game engines is presented. The created method can generate training-ready, labeled

images in a randomized manner using two-dimensional backgrounds and three-dimensional

drone models. Also, an ablation study was carried out to optimize the synthetic data gener-

ated within the scope of this thesis, and several trainings were carried out to compare it with

the actual data performance. The developed method can quickly generate synthetic images

with photo-realistic labels, and the models trained with these datasets perform performance

close to the models trained with real data.

Keywords: synthetic data, deep learning, object detection, game engines
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ÖZET

DERİN ÖĞRENME UYGULAMALARI İÇİN OYUN MOTORLARI
İLE SENTETİK VERİ ÜRETME

Kamil Anıl Özfuttu

Yüksek Lisans, Bilgisayar Animasyonu ve Oyun Teknolojileri
Danışman: Prof. Dr. Haşmet Gürçay

Ocak 2022, 75 sayfa

Bu tezde drone tespiti derin öğrenme modellerinin eğitiminde kullanmak üzere etiketli sen-

tetik veri üretmeyi amaçlayan bir yöntem sunuyoruz. Modern derin öğrenme metodları obje

tespiti problemlerin oldukça başarılı performans sağlamakta ve gün geçtikçe gelişen derin

öğrenme mimarileri sayesinde bu performans daha da artmaktadır. Bu gelişimin önündeki en

büyük engel ise derin öğrenme yöntemlerinin başarılı olabilmesi için yüksek miktarda etiketli

veriye olan ihtiyacıdır. Erişime açık veri setleri genellikle yeterli miktarda veri içermemekte,

hatalı etiketlere ve yanlış eğilimlere sahip olmaktadır. Veri setleri geleneksel olarak insan-

lar tarafından manuel olarak yapılmaktadır. İnsan eliyle yapılan bu işlem oldukça zaman

alıcı ve insan hatasına açık olmaktadır.Bu yüzden alan spesifik veri setlerini bulmak oldukça

zor olmakla birlikte bazı problemlere ait veri setlerine ulaşmak neredeyse imkansızdır. Veri

sıkıntısının olduğu alanlardan biri de drone tespitidir. Gelişen drone teknolojisi ve azalan

donanım amliyetlerinden dolayı dronelar gün geçtikçe yaygınlaşmaktadır. Popüler olarak

kullanılan bu cihazlar güvenlik ve gizlilik problemlerine yol açmakta bu yüzden bu objelerin

tespiti büyük önem kazanmaktadır. Dronelar yapısı gereği her ortamda bulunabileceğinden

dolayı küçük veya düşük görünürülükteki droneları tespit edecek bir model eğitmek için tüm

iii



şartları kapsayan, yüksek veri miktarına ve çeşidine sahip bir veri setine ihtiyaç duyulmak-

tadır. Bu çalışmada drone tespitindeki bu veri sıkıntısını çözmek için oyun motorlarıyla sen-

tetik veri üretebilecek bir yöntem sunulmaktadır. Oluşturulan yöntem iki boyutlu arkaplan-

lar ve üç boyutlu drone modellerini kullanarak randomize bir şekilde eğitime hazır, etiketli

görüntüler oluşturabilmektedir. Bu tez kapsamında oluşturulan sentetik verileri optimize et-

mek için bir ablasyon çalışması yapılmış, gerçek veri performansı ile karşılaştırmak için

ise bir takım eğitimler gerçekleştirilmiştir. Geliştirilen yöntem hızlı bir şekilde foto realistik

etiketli sentetik görüntüler üretebilmekte olup, bu veri setleri ile eğitilen modeller gerçek veri

ile eğitilen modellere yakın performans sergilemekte, gerçek veri ile birlikte kullanıldığında

ise gerçek modelin performansını arttırmaktadır.

Anahtar Kelimeler: sentetik veri, derin öğrenme, obje tespiti, oyun motorları
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1. INTRODUCTION

1.1. Overview

The ability of machine learning techniques to detect objects improves with each passing day

as deep learning technology advances. Object detection models based on CNN architecture

gained popularity, especially after AlexNet [4] demonstrated the success of deep convolu-

tional neural networks (CNN) [5–7]. The amount of labeled data, on the other hand, is the

most significant impediment to using a cutting-edge deep learning model. Although deep

learning architectures are developing day by day, the performance of the trained models

cannot reach the desired level due to the mentioned data bottleneck. As a solution to this

problem, there has been a shift from a model-centric approach to a data-centric approach.

The data-centric approach is aimed to improve the data used in training by keeping the model

architectures constant. The datasets used in training deep learning models are created by

humans and obtained manually. Thus, traditional data collection and labeling are labor-

intensive, expensive, and more importantly, prone to human error. The data-centric approach

aims to investigate issues such as automatic labeling, finding faulty labels, and increasing the

accuracy of labels to find solutions to these problems. As a different solution to these prob-

lems, creating data synthetically instead of correcting real data is becoming an increasingly

accepted solution.

Training deep learning models with synthetically generated data is a very appealing ap-

proach. Because synthetically generated data not only eliminates the burden of labeling

but also allows creating highly accurate labeled data sets. In addition, since it does not have

any limit on the amount of data created, it theoretically has the possibility to generate an

unlimited number of data. Most importantly, it can be the only solution for some deep learn-

ing problems, as it allows creating data sets in areas where real data collection is difficult or

impossible.
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Computer vision, which is one of the areas where deep learning is frequently used, and object

detection, which is one of the most popular problems in this field, are one of the research

areas where the mentioned problems are encountered most frequently. Object detection is

carried out by training models using labeled data sets consisting of the object or objects to be

detected. The fact that each object is precisely labeled on the images has a great impact on the

performance of the trained object detection models. In some problems, it is very difficult to

label the data collected manually. One of these problems is the detection of unmanned aerial

vehicles (UAV). Although drones have been used for defensive purposes in the past, their

use has expanded to areas such as weather surveillance, traffic surveillance, agriculture and

photography as they have become accessible to everyone. Furthermore, small quad-copters

are now widely available, opening up previously unexplored possibilities while raising safety,

privacy, and security concerns. It is very difficult to find a labeled data set of these objects,

due to the wide area of use and the fact that drone objects can be found in almost every

environment and all shapes. In addition, drone objects can be easily confused with objects

such as birds and airplanes, so the training dataset should include these and similar objects.

There are some datasets consisting of real images created for drone detection. These datasets

will be analyzed in the following sections. The biggest problem with these datasets is that

they are all in video format. To train the model, each frame in these videos is transformed

into an image and thus converted into a data set. Since the difference between the frames is

very small, there are very few images in the data set that will provide different information to

the model. As a result, models trained with these datasets have low generalization capacity

and show poor performance when they are used in another domain. In line with the idea

that a synthetically created dataset can produce many and more informational images, it is

thought that synthetic data will solve these problems.

1.2. The Method

Our main goal in this study is to develop an infrastructure that can produce large numbers of

high-quality data in a fast and controllable way to be used in drone object detection. In this
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direction, platforms that allow synthetic data generation has been investigated. Among these

platforms, the game engines are the most suitable for our problem.

Although game engines are mainly used for game development, their usage areas have ex-

panded to various fields such as film production, architecture, engineering and simulation,

thanks to their customizable and flexible infrastructures. Game engines seem very attractive

to use for synthetic data generation due to their real-time rendering features, programmatic

infrastructure and popularity. In addition, game engines have started to give results close to

programs with offline rendering features, thanks to their developing rendering capabilities.

In this way, very fast and high-quality images can be created using game engines.

Game engines are capable of creating high-quality 3D environments. Therefore, creating

synthetic data by simulating photo-realistic 3D environments is the first idea that comes to

mind. Although generating synthetic data with this method is successful in some studies,

it is not a generally accepted solution since each synthetic data problem requires different

solutions. In the drone detection problem, the variety of environments in which drones can

be located is quite large, and creating a photo-realistic 3D environment in this variety requires

a high amount of money, time and human resources. Therefore, in the developed method,

it was seen that it was more appropriate to use 3D drone models placed on 2D backgrounds

instead of 3D environments. In this direction, background images with different themes

and 3D drone models with different characteristics were obtained to be used in the created

infrastructure.

The infrastructure that produces labeled data for drone object detection consists of four basic

parts; scene, randomizer, post-processing and annotator. The system is based on iteration,

and a scene is created with the background image, drone models, and light properties ac-

cording to the values from the randomizer per iteration. Then the annotations of the objects

in this scene are calculated and the scene is rendered. A labeled image is obtained by adding

various post-processing effects to this rendered image. As a result of all these processes, a

data set file containing the reference and annotation information of all images are created.

This developed system can produce images with photo-realistic labels very quickly.
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In the experiments, it has been seen that the models trained with the datasets created by the

presented method perform comparably to the ones trained with real data. In addition, it has

been understood that synthetic data can increase the performance of the model trained with

real data when used with real data.

As a result, a system has been developed that can generate labeled data sets that can be

used in drone detection model training, quickly and with high quality. This system not only

provides solutions to most of the problems encountered in deep learning methods but also

enables the creation of models that cannot be trained with real data.

1.3. Research Questions

This thesis seeks answers and solutions to the following questions;

• Can the object detection model be trained with synthetically generated data?

• What kind of infrastructure can be established for synthetic data generation?

• How can the domain gap between real data and synthetic data be bridged?
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2. LITERATURE REVIEW

The data problem encountered in deep learning methods has led researchers to look for al-

ternative methods. To overcome the problem of insufficient amount of data, enriching and

duplicating the available data is one of the first tried methods. The process of creating vari-

ations of the available data as a result of various modifications is called ”Augmentation”

[8, 9]. Although augmentation can be applied to any type of data, it is mostly used in com-

puter vision tasks. In addition, to transform operations such as rotation, flip and shifting,

many variations of existing data can be created by adding effects such as noise and blur to

images. The model trained as a result of these processes becomes more robust because it

sees different variations. The problem with the augmentation approach is that although these

images contain different variations, they add little new information to the model. Therefore,

although the augmentation method slightly increased the model performance, it could not

be a definitive solution to the data problem. Developing rendering technologies and hard-

ware make it possible to create photo-realistic images through computers. Thanks to the

new possibilities, it is possible to create the images synthetically instead of augmenting the

images. Therefore, training deep learning models with synthetically created labeled images

has become one of the popular research topics today.

When it comes to creating images synthetically in the computer environment, the first thing

that comes to mind is 3D environments. Generating synthetic data by creating realistic 3D

environments is a very attractive approach. Because while having absolute control over the

environment, it is possible to obtain results close to real images. In this direction, meth-

ods using photo-realistic rendering [10–16] and complex scene compositions [10, 12–21]

have been developed to generate synthetic data. Although these methods have a successful

approach, it is a very time-consuming and expensive process to create realistic 3D envi-

ronments specific to each targeted problem. Also, some methods [18] try to overcome this

problem by using realistic open world computer games, but the ethics of the method used

is controversial. Especially in some problems, it may be more tempting to collect and label

real data instead of creating photo-realistic and complex 3D environments. In addition, it is
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very difficult to obtain the necessary equipment and human resources to create these envi-

ronments. Therefore, methods aiming to use photo-realistic rendering reduce the advantages

of synthetic data over real data.

Another approach is the field of synthetic data prefers to increase the variation in the images

created instead of creating realistic images. These methods use unrealistic scene composi-

tions, lighting and textures to increase variation. ”Domain Randomization”, first introduced

in [22], argues that the real world will appear to the model as another variation if sufficient

randomization is done in the generated data. Works adopting this method [11, 22–25] argue

that with sufficient randomization, the difference between real and synthetic images, also

known as ”Domain Gap”, will be overcome, thus eliminating the need for photo-realism.

Although this method is limited and can be used in certain domains, it is very difficult to

apply in subjects such as drone detection, where the domain is almost the whole world. This

can be seen in study [25]. In this study, a drone detection data set was generated with domain

randomization. However, due to the mentioned problems, the object detection model trained

with the synthetic data set performed very poorly compared to our method. In addition, in

many of the problems where domain randomization is applied, it is aimed to train a system

that will detect not a single object but usually multiple objects related to each other.

Another approach, similar to our method, uses 2D background images instead of 3D envi-

ronments. Using real-world images as a background is seen as a successful method to reduce

the domain gap. Two different methods were used in studies adopting this approach.

The first method aimed to create synthetic images by placing 2D images of objects on 2D

backgrounds. Studies using this approach [13, 26] have suggested that synthetic datasets can

be easily created with the help of simple cut and paste operation and various post-processing

effects. Although this simple approach is interesting, using 2D images of objects limits the

use of this method. First of all, due to the two-dimensional qualities of the objects, the im-

ages of these objects under different perspectives and light conditions cannot be represented.

This reduces the variation in the data and limits the model performance. Secondly, the im-

ages of the objects to be placed in the background should be obtained and processed. This
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process imposes a similar workload to real data collection and labeling and removes one of

the attractive aspects of synthetic data: the ability to create data in hard-to-obtain domains.

The second method uses 2D backgrounds and 3D models, similar to our approach. This ap-

proach eliminates the variation and data collection problems mentioned and creates great

flexibility in the generated data. The biggest problem encountered in studies using this

method [27, 28] is the localization problem. In cases where the object to be placed on the

background is dependent on a certain environment and object, the glass on the table can be

given as an example, both the backgrounds suitable for the specific domain are required and

the objects must be placed on the background according to certain rules. In the drone detec-

tion problem, since the drone objects are independent of the environment, there is no obstacle

in both the selection of the background and the placement of the object in the background.

Therefore, this hybrid method is seen as the most suitable method for our problem.
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3. EXISTING UAV DATASETS

Since deep learning methods require large amounts of data, access to datasets appropriate for

the problem and domain has become even more important. Although there are many datasets

on popular topics like human and car detection, statistical data, and classification, the amount

of datasets targeting problems such as UAV detection, where data collection and labeling is

difficult, is very small.

Since drones are objects independent of the environment, the problem of drone detection

includes all kinds of environmental conditions by its nature. Therefore, an ideal drone de-

tection dataset should cover all possible light, ambient and environmental conditions. In ad-

dition, the dataset should represent all drone sizes, predominantly small drones, and include

different drones and objects such as birds and airplanes that can be confused with drones.

The camera and features used while obtaining the images to create the data set are also

important. The resolution of the collected images is an important factor, especially when

detecting small drones. In addition, the camera’s features such as exposure and focus should

be taken into account when creating a data set, since it creates artifacts such as blur and

motion blur on the object to be detected. Finally, the fact that the camera is moving or fixed

also creates motion blur in the object and also creates difficulties for the tracking algorithms.

Datasets that mostly fit these conditions, Drone vs. Bird [29], Multi-rotor Aerial Vehicle

VID (MAV-VID) [30] and Anti-UAV [31] datasets were obtained for use in training a deep

learning object detection model and validating these models. These datasets consist of videos

of different lengths and compositions and include only the ”drone” class.

3.1. MAV-VID Dataset

The MAV-VID dataset consists of videos of a single drone model shot from different angles

and environments. These videos are in 1920x1080 full HD resolution and were shot with

static and motion cameras. The dataset consists of 40,200 images, including 29,500 for
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training and 10,700 for validation. The average drone size in the data set was calculated as

0.60% of the image size. Although the different environments contribute to the generalization

of the trained models, the fact that it includes a single drone model has a negative effect.

3.2. Anti-UAV Dataset

Anti-UAV dataset consists of 186,494 images with different lighting, environment and drone

models. Unlike other datasets, it contains both RGB and IR images. The data set with drone

size at an average ratio of 0.50% does not have the desired features because it has low contrast

images and IR images are not suitable for the problem we are targeting.

3.3. Drone vs. Bird Dataset

This dataset, published under The International Workshop on Small-Drone Surveillance De-

tection and Counteraction techniques of IEEE AVSS 2020, mainly includes small drones

(0.10% of the image size) and consists of 104,760 images. This dataset was created for use

in Bird Challenge and aims to reduce false positives and confusion of small drones with

objects such as birds and airplanes. Likewise, the fact that the drones have a more homoge-

neous distribution throughout the image makes it the most ideal data set that can be used to

solve the targeted problem.

3.4. Dataset Statistics

Statistics of location,size and image histograms of these data sets are shown in Fig. 3.1.

Drone vs. The Bird dataset has the most diverse location distribution. For the performance

of the trained model, the distribution of the drone’s location in the image and their represen-

tation on all kinds of backgrounds are of great importance. As a result of the fact that the
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FIGURE 3.1. Statistics of three datasets [1] .UAV location refers to bounding box center and
size is the ratio of the object to the image.

MAV-VID and Anti-UAV data sets mostly contain images taken with a motion camera, the

drones show density on the horizontal axis and in the center.

Likewise, Drone vs. Bird contains mostly small drone footage. Large and medium-sized

drones are easier to find, while small drones are more difficult to detect. Because as drones

get smaller, they are more easily confused with objects such as birds and airplanes. There-

fore, datasets containing small drones are of greater importance for the problem we are try-

ing to solve. On the other hand, MAV-VID includes larger drones than Anti-UAV and both

datasets have a more homogeneous drone size distribution. When the image histograms are

examined, it is seen that the Anti-UAV dataset has low contrast. Images with low contrast

make object detection difficult. That’s why MAV-VID and Drone vs. Bird datasets are a

better choice for use in model training.

When the three data sets mentioned are examined, Drone vs. Bird dataset is seen as the most
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appropriate option to use for the targeted problem, considering its features such as giving

weight to small drones, having a more homogeneous distribution throughout the image and

including different drones. All experiments and evaluations mentioned as ”Real Data” in the

trainings to be held in the Sec. 6.3. were made using this data set.
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4. CREATING THE GENERATION ENVIRONMENT

In this section, we will discuss how the synthetic data creation infrastructure is designed and

how the synthetic data creation pipeline works. First of all, we will examine the features

of the game engines on which game engine it would be logical to build this infrastructure.

Next, we will discuss the pros and cons of using 2D backgrounds and 3D environments

when generating synthetic data for the drone recognition problem. After explaining how

materials such as drone models and backgrounds suitable for 3D and 2D environment design

are selected and used, we will explain in detail how we designed a pipeline on the selected

game engine, the parametric structure of this pipeline, the importance of the parameters and

how they are adjusted. It will be seen that the designed method has a very understandable

and easily applicable structure thanks to the game engines, 2D backgrounds and parametric

structure.

4.1. Selecting a Game Engine

Although game engines were created to develop 2D and 3D games for various platforms,

their usage areas have expanded considerably with the development of this technology and

ease of access. Game engines are beginning to be accepted by industries such as engineering,

architecture, construction and production, thanks to their flexible structures and real-time

rendering capabilities [2]. It is also becoming a frequently used tool in research fields such

as artificial intelligence, 3D simulation and autonomy.

When the game engines in the market are examined, the success of the rendering and pro-

gramming infrastructure, the ease of use and the two game engines most popular by the

developers, Unreal Engine and Unity 3D, come out. Unreal Engine tries to provide more

realistic visuals, but it has a more cumbersome and difficult programming infrastructure. In

addition, fewer resources are provided by both developers and users in the field of synthetic

data and simulation. On the other hand, although less realistic visuals are obtained in Unity,
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FIGURE 4.1. A commissioned study conducted by Forrester Consulting on behalf of Unity,
October 2019 [2]

many tools are provided by both Unity and developers in the field of synthetic data and sim-

ulation. When these features are examined, Unity provides an ideal environment to establish

the synthetic data infrastructure that we aim to develop for 3D drone recognition.

Apart from game engines, there are solutions with offline rendering features. Although pro-

grams such as Blender, 3DS Max, and Maya produce much more realistic outputs, they are

not an ideal tool for synthetic data exploration, which requires a lot of experimentation and

repetition due to very long render times, lack of programming infrastructure, and difficult

customization. However, it is one of the options that can be used when it is desired to pro-

duce a data set consisting of completely 3D environments.
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4.2. Decision between 3D and 2D Environments

The environments created for the production of synthetic data differ according to the charac-

teristics of each problem domain, so each synthetic data method requires a unique solution.

Therefore, the problem to be solved should be considered in detail and the environment

should be designed accordingly.

When it comes to the production of synthetic data in game engines, the first thing that comes

to mind is completely 3D environments similar to those in games. Although creating 3D

scenes may seem an attractive solution at first, complex and rich environments created for

games are created by very large teams and companies. Designing environments of this depth

is a very difficult problem for small teams and requires many experts in their fields to provide

the desired realism. Ready-made environments, on the other hand, do not provide a suitable

environment for every problem and remain limited. In addition, while it is relatively easy

to create environments with limited domains such as the detection of objects on the desktop

and the detection of market products, it is quite difficult to create an environment suitable for

large domains that cover all possible scenarios such as human and car detection and drone

recognition.

Some methods and companies generate synthetic data with fully 3D environments. As men-

tioned, most of these methods aim to solve problems with limited domains and solutions

that choose to create large and complex environments are usually tried by large companies.

Although there are methods that aim to use open and wide world games such as Grand Theft

Auto V (GTA V) instead of creating an environment it is a matter of debate how legal these

methods are.
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FIGURE 4.2. Fully 3D rendered image at right, 3D drone model rendered on 2D background
at left

As mentioned before, every synthetic data problem requires a specific solution, so not every

solution has to be entirely composed of 3D environments. As a suggestion to this situation, it

is considered to use a hybrid method using 2D backgrounds and 3D objects. 2D background

images provide complexity and distribution that cannot be found in 3D environments, thus

helping to reduce the difference between domains. In addition, the selected images cover a

wide variety of environments, thus enabling the trained model to perform much better. The

3D models placed in front of these background images allow the object to be detected to

be represented in every desired variation. In addition, the presented method can give more

realistic results than 3D renders, as can be seen in Fig. 4.2.

4.3. Gathering Resources

Obtaining the background images and 3D drone models mentioned earlier is of great impor-

tance for the developed method and constitutes one of the most time-consuming parts. Since
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the selected backgrounds and 3d models directly affect the performance of the trained model,

there are factors to be considered in the selection of these materials.

FIGURE 4.3. Six 3D drone models gathered as representation of different drone models and
sizes

First, 3D models of the drones, which are the objects to be detected, were obtained. While

creating these models, civilian drones such as DJI Mavic, DJI Inspire, DJI Phantom, Parrot

AR Drone and DJI Matrice, which are some of the popular drones, as well as agricultural

drones such as large-sized DJI Agras were taken as reference. After the meshes of these

drones were obtained, realistic materials and textures were prepared for each model. Pro-

peller texture with rotational blur has been added to the models to represent the rotation of

the drones’ propellers. As a result of these studies, a model pool was created to represent

small, medium and large-sized drones.

Secondly, we collected 4000 background images, 1,000 from each category with different

themes. These images and categories are of great importance in terms of the performance of

the method we created. For this reason, background images that drones can often interfere
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with have been chosen. Backgrounds with this feature are grouped under four categories

according to their content;

FIGURE 4.4. Samples from urban backgrounds dataset.

• Urban : Urban backgrounds mostly contain modern city environments. Cities have

many objects that can be confused with drones due to their complex and crowded

structure. Especially distant objects such as cars, motorcycles and people, traffic and

street lights increase false-positive and decrease model performance due to their simi-

lar features to drones.
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FIGURE 4.5. Samples from sky backgrounds dataset.

• Sky: Most of the drone images have sky backgrounds. The main reason for this is

that these images are taken from the ground to the sky and drones are objects that can

fly. Therefore, the presence of birds and planes, which are objects that can mix with

the drone in the sky, as negative samples in the background increase the performance

of the model. Also, some cloud structures resemble drones under different lighting

conditions and shadows. To reduce this situation, it is very important to represent as

many different cloud variations as possible in the background.

18



FIGURE 4.6. Samples from nature backgrounds dataset.

• Nature: Nature images are an important theme for drone recognition as they include

different plant structures and animals. There are many different types of trees in nature,

and their complex branch structures sometimes resemble a drone. The presence of trees

in different colors, sizes and styles in the background contributes to the false-positive

amount of the model. In addition, animals in nature can be confused with drones in

distant shots.
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FIGURE 4.7. Samples from misc backgrounds dataset.

• Misc: Under this category, there are images with random patterns, colors and shapes.

Although images are used in general themes that can mix with the drone, it is not

possible to find images for all types of backgrounds that can blend with the drone.

Therefore, placing drone models on random patterns and colors increases the robust-

ness of the model, similar to domain randomization.

In the presented method, the domain-specific environment creation part, which is the most

time-consuming part in synthetic data generation methods, has been accelerated by using 2D

backgrounds and 3D drone models. The creation of the above-mentioned 3D drone models

and the collection of backgrounds on the themes suitable for the problem also contains some

problems in themselves. Since 3D drone models have different polygon numbers and details,

they had to be simplified and brought to the same level of detail. For this, the geometry

decimation process is applied and detail levels are adjusted. 2D background images have

different resolutions, dpi levels and formats. This creates a contrast between 3D models and

backgrounds and reduces realism. The blending techniques applied to solve this problem are

explained in detail in section 5.3.
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Creating complex 3D environments takes much more time than the steps and problems men-

tioned above. In addition, it is very difficult to provide the desired detail. For these reasons,

our method using 2D backgrounds and 3D drone models seems to be the most logical solu-

tion for the drone detection problem.
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5. GENERATION METHOD

We explained the reasons and pros of using game engines in the production of synthetic data,

the use of 2D backgrounds and 3D drone models in the section. In this section, we will

detail how we created a controlled simulation infrastructure to generate synthetic data using

these resources and the Unity 3D game engine. How a pipeline was created to create this

infrastructure, the parameters used by this pipeline, the applied post-processing effects, the

blending techniques that allow the models to mix with the backgrounds, and the structure of

the data set produced as a result of the pipeline will be mentioned.

5.1. Generation Pipeline

Labeled synthetic image generation generally consists of five steps; environment random-

ization, segmentation calculations, image creation, post-processing and dataset file creation.

Although these stages are independent of the technologies used, they are similar in most

synthetic data generation approaches.

Since Unity is a 3D game engine, it generates images with real-time rendering. Real-time

rendering is provided by an endless loop running in the background, a loop called a game

loop. The render of the scene seen by the camera is displayed after the calculations deter-

mined in each loop are made. We will refer to each loop mentioned in our method as an

”iteration”.

As seen in Fig 5.1., our method consists of nine steps in total. Eight of these steps are

repeated in each iteration, and the final step, annotation file creation, takes place after all

iterations are completed. These processes repeated in each iteration are as follows;

1. Initialize simulation: This stage resets the simulation at the beginning of each cycle

to reset the scene and check memory management. To achieve this, it returns all the

objects in the scene to the object pool, resets the textures in the buffer, and resets the

scene parameters to their default values.
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FIGURE 5.1. The pipeline of synthetic data generation. Pipeline takes generation parameters
as input and gives a output file containing images and annotations.Each step in the loop is

repeated at each iteration.

2. Calculate randomization values: This step calculates the values for the randomizations

that will occur in each frame. These values are calculated within the limits determined

for each parameter and with different distributions. We will describe the parameters,

their functions and their distributions in more detail in Section 5.2.

3. Randomize the environment with values: The randomizations calculated in the pre-

vious step are used to construct the scene in this step. The background image, the

position and properties of the light, the orientation and properties of the drone objects

are arranged using the calculated randomization values.

4. Get labeled objects in camera frustum: As a result of randomizations, there may be

a single drone or multiple drones or distractor objects on the scene. Among these
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objects, the objects labeled as drones and remaining in the camera field of view are

determined and their references are gathered in a list.

5. Calculate the segmentation points of objects: In this section, the boundaries of the

3D model are calculated from the mesh buffer for each object in the reference list.

Then, the values of these borders in world space are converted to screen space and the

location of each point in the image is calculated. Using these points belonging to each

object, the object reference and the point list of the object are stored after the bounding

box containing the object is calculated.

6. Render the scene: After the randomization and segmentation processes are completed,

the scene is rendered and the image is created.

7. Apply post-processing effects to final render: The final image is created by adding

post-processing effects selected under the randomization parameters on the rendered

image.

8. Save rendered image with annotations: After all, processes are completed, the final

image is saved as a file. The class, segmentation and bounding box information of the

objects in the image are written to the annotation file and the loop starts again.

After the pipeline, we have developed reaches the specified number of iterations, the genera-

tion cycle ends. As a result of these processes, a ”JSON” file containing references of images

and annotations of these images is created, and the data set creation is finalized.

5.2. Generation Parameters

The system we have created is completely parametric and the properties of the created data

set are completely dependent on the specified parameters. Thanks to the parametric structure,

experiments can be carried out quickly and the effect of each parameter on the trained model

can be measured. While determining the generation parameters, the problem we want to

solve and the features that need to be controlled are considered. The parameters we use to
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randomize the scene have three categories; background, lighting and drone. Because some

of the parameters are not independent of each other, the order in which the parameters are

processed is important. After each parameter is randomized, the next parameter changes

depending on the previous values. The functions and distributions of these parameters are as

follows;

Background Parameters

• Background ID (Distribution: Uniform - Output: Integer): Randomly selects one from

the background texture pool and places it on the background.

• Background Offset (Distribution: Uniform - Output: Vector2): Brings a certain part

of the image to the camera frame by offsetting the placed background image vertically

and horizontally.As explained in Sec. 4.3. , background images can be in different

resolutions. Thanks to offset randomization, the same image can be used many times

and all backgrounds are reduced to a single resolution.

Drone Parameters

• Drone Spawn Probability (Output: Boolean): Calculates the probability that the scene

contains a drone in the current iteration. The fact that there is no negative sample,

that is, no annotation of the object to be detected in the created data set, increases the

model performance. Therefore, the creation of empty scenes with a certain percentage

has been made parametric. If the drone will not be created as a result of randomization

in the current iteration, other randomizations are canceled and the intermediate steps

are skipped and the sixth step seen in Fig. 5.1. is started.

• Drone Count (Distribution: Uniform - Output: Float): Randomizes how many drone

models will spawn in the current iteration.

• Drone Spawn ID (Distribution: Uniform - Output: Integer): Selects a random 3D

model from the drone model pool. It is repeated as much as the number of drones

calculated in the previous step.
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• Drone Position (Distribution: Uniform - Output: Vector2): This parameter generates a

random position for each drone in each scene, within the camera viewpoint.

• Drone Rotation (Distribution: Normal - Output: Quaternion): Generates a random

rotation for each drone in each scene. Unlike other parameters, this parameter has

normal distribution. The drones in the scene should have the rotations that real drones

can have. Therefore, the roll and pitch values have a normal distribution between [-

90,90] degrees, and the yaw value has a uniform distribution between [0,360] degrees.

• Drone Scale (Distribution: Normal - Output: Float): Sets the scale of the drone. In

our method, there is no perspective because the camera has orthographic projection.

Therefore, the distance perception in drones is obtained by changing the scale of the

drone objects.

Lighting Parameters

• Lighting Rotation (Distribution: Uniform - Output: Float): Similar to the sun, the light

source is randomized at an angle of 180 degrees. The parameters after this procedure

change according to the randomization value at this stage. In this way, the color and

brightness value at every angle is consistent with the sun.

• Lighting Color (Distribution: Uniform - Output: Color32): Randomizes the color of

the light source based on the current rotation of the light source. The randomized angle

value in the previous step changes the color range. As the light source gets closer to 0

and 180 degrees, randomization takes place in darker tones, while around 90 degrees

it gets lighter colors.

• Lighting Brightness (Distribution: Uniform - Output: Float): Determines the bright-

ness of the light source in a certain range based on the color value randomized

Many different datasets were generated using the above-mentioned parameters. By examin-

ing the trainings received with these datasets, it is aimed to solve the nature of the synthetic
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data and the problem. Apart from these parameters, the values of the post-processing effects,

which will be mentioned below, are also randomized within a certain range.

5.3. Post Processing and Blending

As can be seen in Fig 5.1., after the randomization, segmentation and rendering processes

are completed, post-processing effects are applied to the final image in the seventh step.

Post-processing effects aim to imitate the artifact and visual effects created by real camera

systems.

While backgrounds consisting of images shot with real cameras have these features, 3D drone

models do not have these features. Therefore, there is a contrast between the background and

the 3D models. This difference is used by the model as a shortcut to detect the drone object,

so a feature that does not exist in real drones is taught to the model. This situation causes

object detection models trained with synthetic data to show high performance when tested

on synthetic data but underperform in tests with real data.

As a solution to these problems, we use post-processing effects and blending methods. Al-

though all the effects tried are not positive for the model, they are as follows;

• Film Grain: Film grain mimics natural noise in real cameras. Random noise added to

the rendered images reduces pixel-based artifacts and provides a more natural distri-

bution to the rendered image.

• Lens Distortion :Lens distortion is caused by camera lenses distorting the projection of

the image. The effect we use creates a distortion similar to this situation. In theory, the

images were taken with the real camera also have some lens distortion and this effect

will increase the model performance since this ratio changes according to different

cameras.

• Motion Blur: Motion blur is the blurring of objects as a result of moving objects mov-

ing in a shorter time than the shutter speed of the camera. Due to the fact that there are
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moving objects in drones, different amounts of motion blur are exposed according to

the recorded camera. It is very difficult to create realistic motion blur in game engines,

and low-quality motion blur causes the object to become unrecognizable. That’s why

we experimented with using a small amount of motion blur in our method.

• Depth of Field: The Depth of Field (DoF) effect is an effect that mimics the blurring of

other objects when cameras are focused at a certain distance. The drone may become

blurred as a result of the cameras losing their focus, and the background may appear

more blurred as a result of a camera focusing on the drone.

FIGURE 5.2. The raw rendering result of the scene as a result of randomizations is above,
and the result after post processing and blending is below.

Although post-processing effects add realism and richness to the visuals we produce by im-

itating the effects created by real cameras, they are not enough on their own. Pixel-based

differences between drone models and background images create a noticeable difference,

especially in the border areas where the models and the background intersect, and this differ-

ence increases as the background resolution used decreases. This visible difference becomes

a feature to detect a shortcut drone while the models are being trained, and the lack of this

feature in real drone images reduces performance. In addition, as a result of real-time render-

ing and game engine optimizations, there is pixelation in the border regions of the models.

While this situation is observed less in large-scale models, pixelation increases in small mod-

els and the drone model moves away from reality.
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FIGURE 5.3. Comparison of four different blending technique.

Blending techniques using blur have been considered as a way to solve these problems cre-

ated by 3D Models and 2D backgrounds. Using blur on the models both reduces the contrast

with the background and eliminates the artifacts in the border regions. As can be seen in

Fig. 5.2., the result of applying a blur to the model on the rendered render has been suc-

cessfully blended into the background. This image, which is more natural to the human eye,

also positively affects the model performance. Four different ways were tried to achieve the

blending.

As the first method, we used the Depth of Field effect that we mentioned above. Thanks

to DoF, we can adjust the blur level of distant and near objects by adjusting the focus of
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the camera. While this method is logical, it involves two main problems. The first of these

problems is blurring when the background loses focus, and details are lost when an already

low-resolution background is used. Another problem is that DoF calculates focus and there-

fore blur based on distance, causing blurring of the entire background in two-dimensional

backgrounds. This situation causes the loss of many details in the background depending on

the first problem.

As the second method, we performed the blending process by adding a constant value Gaus-

sian Blur on the drone model. Gaussian Blur softens the color transitions by taking the

average of the colors in the neighboring pixels for each channel. Thus, a smoother and more

realistic image is obtained and pixelation is prevented. While determining the amount of

Gaussian Blur we added, object detection models that we trained with real data were used.

When inference is performed with a model trained with real data on a theoretically produced

image, the more successful the blending, the higher the confidence of the model will be.

Using this logic, the confidence of the images produced with blur at different rates on the

model was examined and the most optimal blur amount was selected. We call this method

”Fixed Blur”. The problem with the Fixed Blur method is that the same amount of blur is

applied regardless of the resolution of the background. This leads to successful blending in

some backgrounds and unsuccessful blending in others.

The third method used the object detection model trained with real data, similar to the previ-

ous method. In this method, for each different background used differently, scoring was done

with inference, and Gaussian Blur was applied at a varying rate according to this scoring. In

this way, a blending suitable for different resolution backgrounds was achieved. We call this

method ”Inference Blur”.

As a final method, a method was developed by analyzing the backgrounds using image pro-

cessing techniques and applying a blur to the drone model in an appropriate amount to the

blur ratio of the background image. Our aim in developing this method is to create a fully

synthetic data-driven approach by eliminating the dependency of other methods on the object

detection model trained with real data. To calculate the blur in the background image, the
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amount of edge in the image is calculated. Theoretically, the less edge an image has, the less

sharp it is and therefore the more blurred it is. Although this theory changes according to

the content of the image, it gives an average value about the amount of blur of the image.

”Canny Edge Detection Algorithm” [32] was used to find the amount of edge in the images.

With this algorithm, a sharpness score was calculated for each image and blur was applied to

the drone model inversely proportional to this score. This technique, which we call ”Adap-

tive Blur”, has been the preferred technique for blending because it gives close results when

compared to the Inference Blur method.

The outputs of the four techniques developed in Fig. 5.3. are seen. Figures 1 and 2 show the

problem mentioned about near and far focuses in the method using DoF. As seen in figures

3 and 4, Inference Blur and Adaptive Blur methods give similar and realistic results. In Sec.

6. , the comparison of the models trained with these methods and the performance difference

they create will be examined in more detail.

5.4. System Output and Performance

As can be seen in the pipeline Fig. 5.4. we created, with the correct generation parameters,

post-processing and blending technique, it gives results very close to real images.

FIGURE 5.4. Comparison of synthetically generated images (left) and real images from
Drone vs. Bird dataset (right)
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The system creates a JSON file containing the references, classes and annotations of these

images, together with the produced synthetic images. The ”COCO” [33] format, popularly

used in object detection, was used to create this file. The COCO format is very useful in that

it can be easily integrated into many object detection frameworks. In the annotations in the

COCO file, the bounding box format is [x, y, width, height] and the segmentation points are

kept as a list.

Along with the capacity of the created system to produce realistic images, how fast it can

produce these images is also an important factor. In this study, many experiments were

conducted to understand and optimize the nature of synthetic data. Therefore, the data gen-

eration speed of the system is one of the most important factors that determine the number

of experiments that can be performed. The real-time rendering capacity of game engines has

helped us to create a system that generates data very quickly.
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6. EXPERIMENTS & RESULTS

In this section, we will analyze the experiments made with the drone detection dataset pro-

duced by our system, whose design we described in Sec. 5.1. Experiments were carried out

to test the datasets produced by the system and to optimize the system parameters. First, we

will describe how we created a structure to carry out the experiments. Next, we’ll review our

ablation study to find key features for synthetic data. Finally, we will discuss the experiments

and their results.

6.1. Experimental Setup

6.1.1. Object Detection Framework

FIGURE 6.1. Comparison of EfficentDet and YOLOv5 models [3]. YOLOv5X6 slower than
other models but gives best mAP results.

In this study, our main goal is to create a dataset to train an object detection model rather

than design an object detection model for drone detection. However, it is necessary to take

experiments with datasets to evaluate and analyze the generated datasets. For this purpose,
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we chose ”YOLOv5” [3], a popular object detection framework, to be used in all trainings.

Our main reason for choosing YOLOv5 is that it has the most successful model architecture

in detecting small objects. In addition, thanks to its modern and easy-to-use structure, it gives

successful results without making detailed adjustments.

6.1.2. Training Parameters

The number of training images used in all experiments varies and the remaining parame-

ters are kept the same. Parameters were determined by considering the experimental time

and hardware limits. Parameters such as the number of images, image resolution and epoch

count greatly affect the training time. It is very important to keep the training period short,

especially since there are too many trainings in ablation studies. In addition, the visual reso-

lution is limited by the video card memory of the training computer. Although the RTX 3090

video card, which is the video card that we have been training with, has 24 GB of VRAM,

it is not enough to train with Full HD resolution input size. Accordingly, the following

parameters were used in the ablation study;

• 1344 Input Size

• 5 epoch

• 10k training image

• Yolov5m6 backbone

• Finetune Hyperparameters

Although the amount of training image and the number of epochs were changed in the final

trainings, the remaining parameters were kept the same.
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6.1.3. Metrics

FIGURE 6.2. Calculation of mean average precision (mAP)

It is necessary to use a common metric in order to compare the trainings received with dif-

ferent data sets. We used COCO metrics to evaluate performance in all of our experiments.

”Mean Average Precision (mAP)” is used as the performance unit in the COCO metric. mAP

is a way to summarize the precision-recall curve into a single value representing the average

of all precisions. The AP is calculated according to the next equation. Using a loop that goes

through all precisions/recalls, the difference between the current and next recalls is calcu-

lated and then multiplied by the current precision. In other words, the AP is the weighted

sum of precisions at each threshold where the weight is the increase in recall. For Precision,

we get two outputs, 0.5 and 0.5-0.95. Since drones are small objects, we will use mAP0.5 as

the main metric.

6.1.4. Dataset Usage

Different uses for real and synthetic datasets were used in the experiments. As described

in Sec 3.3., only the Drone vs Bird dataset was used as actual data. The Drone vs Bird

dataset is divided into two parts, %85 for training and %15 for validation. In this way,

approximately 85000 images for training and 15000 images for validation were obtained.

drone vs. Since the Bird dataset consists of videos, using all frames in training leads to

overfitting and reduces performance. Therefore, we perform trainings by applying different

amounts of subsampling. We call these datasets ”Real Dataset”.
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For synthetic datasets, we will use the dataset we obtained as a result of the ablation study

we performed in the next section. We call this dataset ”Synthetic Dataset”.

6.2. Ablation Study

Unlike real data, all variables of the data can be controlled while generating synthetic data.

Therefore, it is of great importance to find the features that will make the synthetic data most

successful. In order to find these features, first by fixing certain randomization parameters,

the dataset produced with these parameters was determined as the base dataset. Then, the

features that may be important for the drone recognition problem were determined and the

effect on the model performance was measured by changing one feature at a time. This

systematic approach, called ablation study, gives us the opportunity to identify positive and

negative features.

Table 6.1. shows the training results using synthetic datasets produced with selected features.

For each determined feature, mAP 0.5, mAP 0.5-0.95, precision and recall scores are listed.

mAP values show the average performance of the dataset, mAP 0.5 is determined as the main

metric for the purpose of detecting small drones. Therefore, performance comparisons are

made according to mAP 0.5 and feature selections are made.

In addition, precision and recall metrics are used to better understand the effect of the feature

on the model. Precision is the ratio of how many of all predictions (true positive and false

positive) are correct. The recall is the ratio of how many of the objects in the image can be

found correctly. These concepts are illustrated in Fig 6.3..

The training graphics and explanations of the features we used in the ablation study are as

follows;
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TABLE 6.1. Comparison table of mAP, precision and recall scores of features. Features with
”*” symbols used in the ”Best” dataset.

Feature mAP 0.5 mAP 0.5-0.95 Precision Recall
Base 0.496 0.186 0.586 0.396

Smaller Drones (*) 0.541 0.198 0.618 0.489
Without Propeller 0.412 0.198 0.591 0.489

Random Drone Color 0.511 0.192 0.609 0.412
Random Light Color 0.435 0.174 0.513 0.332

Hue Shift 0.382 0.112 0.211 0.185
Multiple Drones (*) 0.52 0.258 0.612 0.476
Distractor Objects 0.518 0.213 0.598 0.489

Bird Objects 0.509 0.212 0.614 0.487
Noise (*) 0.56 0.189 0.64 0.562

Lens Distortion 0.473 0.122 0.496 0.318
Motion Blur (*) 0.554 0.151 0.566 0.491
Depth of Field 0.501 0.178 0.642 0.473
Gaussian Blur 0.578 0.227 0.712 0.574
Inference Blur 0.592 0.248 0.789 0.601

Adaptive Blur (*) 0.612 0.249 0.788 0.628
Best 0.713 0.292 0.811 0.649

6.2.1. Base Dataset

In the base dataset, the background, drone and lighting parameters mentioned in Sec. 5.2.

are fixed to a certain value. No post-processing effects have been applied to this dataset.

All experiments were done by adding different features to this data set, and performance

comparisons were based on this data set.
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FIGURE 6.3. Illustration of precision and recall

6.2.2. Smaller Drones Feature

FIGURE 6.4. Training graphs of smaller drones and base dataset
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In this dataset, the effect of scale randomization of drones on performance was measured. In

this direction, smaller drones were obtained by reducing the scale parameter by fifty percent.

As seen in Fig. 6.4., the training started with a much higher mAP score than the base data

set and ended with a higher mAP score. The main reason for this is Drone vs. The Bird

dataset is mostly composed of small and remote drones and this dataset is used as validation.

This feature was chosen to be used in this study because our goal is to increase the detection

performance of small drones.

6.2.3. Without Propeller Feature

FIGURE 6.5. Rendering with without propeller feature at left, base at right

In this dataset, the importance of propellers in drone models was measured. Therefore, a

data set was created in which propellers were removed from all drone models. As seen in

Fig. 6.6. , the mAP score remained low throughout the training and was completed with a

lower mAP than the base data set. The main reason for this can be seen as the propellers

being a defining feature while models detect drones. This is why the model that learned to

find drones without propellers drones failed to find propellers. Therefore, this feature will

not be used in the best dataset.
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FIGURE 6.6. Training graphs of without propeller and base dataset

6.2.4. Random Drone Color Feature

FIGURE 6.7. Rendering with randomly colored drones
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In this dataset, the effect of random color drones on model performance was measured. In

this experiment, random colors were given to the drones, similar to domain randomization.

As seen in Fig. 6.8. , this approach did not provide an increase compared to the base data

set.

FIGURE 6.8. Training graphs of random drone color and base dataset
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6.2.5. Random Light Color Feature

FIGURE 6.9. Rendering with randomly colored light source

In this data set, when a random color is given to the light source in each iteration, its ef-

fect on performance is measured. Similar to the random drone color experiment, the drone

randomization structure was tested. As can be seen in Fig. 6.10. , this feature has reduced

performance.
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FIGURE 6.10. Training graphs of random light color and base dataset

6.2.6. Hue Shift Feature

FIGURE 6.11. Rendering with hue shift feature

43



In this experiment, the effect of hue shift, an effect that changes the color palette, on perfor-

mance was measured. In this way, the colors of the entire render, not just the drone, change

completely randomly. Similar to light and drone color randomization, the domain random-

ization approach was tested. As can be seen in Fig. 6.12., this feature has seriously reduced

performance.

FIGURE 6.12. Training graphs of random light color and base dataset
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6.2.7. Multiple Drones Feature

FIGURE 6.13. Training graphs of multiple drones and base dataset

In this experiment, the effect of having more than one drone in each iteration on the per-

formance was measured. Theoretically, having more drones per iteration should improve

performance by seeing more samples. As seen in Fig. 6.13. , although the training started

with a high mAP score, this increase could not continue at the same rate. The reason for this

may be that there is only one drone in the Drone vs Bird dataset, and as a result, the amount

of false positives increases as a result of waiting for more than one drone in the frames in the

training. However, it was decided to use it in the Best dataset.
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6.2.8. Distractor Objects Feature

FIGURE 6.14. Rendering with distractor objects

This dataset aims to reduce the number of false positives by placing random geometric ob-

jects next to the drone objects. In each iteration, random geometric objects of different sizes

and positions are placed together with the drones. As can be seen in Fig. 6.15. , it did not

have a big impact on performance.
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FIGURE 6.15. Training graphs of distractor and base dataset
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6.2.9. Bird Objects Feature

FIGURE 6.16. Rendering with different 3D bird models

In this dataset, the effect of non-drone objects on performance was examined, similar to

the distractor object experiment. Unlike the previous experiment, in this experiment, five

different bird objects were randomly placed in each iteration. As seen in Fig. 6.17., there

was no significant increase in the mAP value, similar to the distractor object experiment.
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FIGURE 6.17. Training graphs of bird objects and base dataset

6.2.10. Noise Feature

FIGURE 6.18. Training graphs of noise and base dataset
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In this experiment, the effect of random noise effect on model performance is examined. To

achieve this effect, a film grain effect has been applied, which imitates the noise effect in

cameras. This effect greatly increased the performance as seen in Fig. 6.18. . The reason for

this can be seen as the random noise approximating the distribution of the rendered image to

the real image and helping the blending with the background image.

6.2.11. Lens Distortion Feature

FIGURE 6.19. Rendering with lens distortion effect
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In this experiment, we will examine the effect of lens distortion on model performance. Lens

distortion mimics projection differences caused by camera lenses. It is thought that this effect

will produce samples similar to images taken with different camera lenses and increase the

performance of the model. As shown in Fig.6.20. , this effect had a negative impact on

performance. The reason for this can be considered as the fact that the Drone vs Bird dataset

was taken with a single camera type.

FIGURE 6.20. Training graphs of lens distortion and base dataset
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6.2.12. Motion Blur Feature

FIGURE 6.21. Training graphs of motion blur and base dataset

In this dataset, the effect of motion blur effect caused by camera shutter speed on model

performance has been investigated. This effect causes blurring of drone images and distortion

in images taken with real camera. It was predicted that the presence of similar and more

diverse samples in the synthetic data would increase the overall performance. Performance

has improved overall, as can be seen in Fig. 6.21. . This feature has led to an increase in

performance, but when used with other blur methods, it has been observed that it negatively

affects performance. That’s why this feature is used separately from other blur features.
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6.2.13. Depth of Field Feature

FIGURE 6.22. Training graphs of depth of field and base dataset

In this experiment, the effect of the depth of field effect, which simulates the camera focus,

on the model performance was investigated. The results of the Depth of Field implementa-

tion can be seen in Fig.6.22. . This effect, which is used in cases where the focus is adjusted

correctly, increases the performance because it provides a successful blending, while it de-

creases the performance in the focus settings independent from the background. Therefore,

it did not contribute much to the performance.
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6.2.14. Gaussian Blur Feature

FIGURE 6.23. Training graphs of gaussian blur and base dataset

In this experiment, the effect on model performance was investigated when fixed Gaussian

blur is applied to drone objects. In Sec. 5.3., it is explained how the gaussian blur ratio

is determined. It has been seen that the blur effect generally increases the performance by

adapting the drone models to the background. It can be seen in Fig. 6.23. that the blur effect

added to the final render in this implementation leads to a great increase in performance even

though it is independent of the background.
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6.2.15. Inference Blur Feature

FIGURE 6.24. Training graphs of inference blur and base dataset

In this experiment, after applying the gaussian blur effect, inference was taken for each back-

ground using the model trained with real data, and the amount of blur was adjusted according

to these inference scores. In this way, the blending of the drone model in accordance with

every background is provided. As can be seen in Fig. 6.24. , the model performance has

slightly increased compared to the fixed gaussian blur.
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6.2.16. Adaptive Blur Feature

FIGURE 6.25. Training graphs of adaptive blur and base dataset

In this experiment, unlike other blur methods, we adjust the amount of gaussian blur by

calculating the background blur. Thanks to the blur given to the drone object according to

the sharpness of the background, blending can be done in the appropriate amount for each

background. Unlike the inference blur method, this approach is more suitable for synthetic

data-driven data generation, as it eliminates the need for a model trained with real data. In

addition, as seen in Fig. 6.25. , it has been the feature that provides the highest performance

increase in blur methods. Since this feature is the feature that affects the performance the

most among all the other features examined, it is a positive indicator that the object detection

model can be trained using only synthetic data.
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6.2.17. Best Dataset

FIGURE 6.26. Training graphs of best and base dataset

In order to create the Best dataset, among all the features mentioned in the previous sec-

tions, those that positively affect the performance were used. Although the selected features

provide a performance increase alone, they do not always have a positive effect when used

together. Therefore, while smaller drones, multiple drones, and noise were used as fixed, two

different data sets were created by adding motion blur and adaptive blur, and the ”Best” data

set was created by combining these data sets. As can be seen in Fig. 6.26. as a result of the

ablation study, with the right features and optimizations selected, the synthetically produced

data set showed a performance close to the real data. In the next section, we will call this

dataset, which we will use as a synthetic dataset, as ”Synthetic Dataset”.
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6.3. Training Results

In this section, we will discuss the experimental results we have done in different configura-

tions using the ”Real Dataset” and the ”Synthetic Dataset” that we created as a result of the

ablation study.

First, the performance of the real data was evaluated by performing the training with real

data, and the performance of the real data with different subsampling values was examined,

and the number of images that gave the highest performance was searched. In the same way,

the effect of the amount of synthetic data on the performance was examined and the boundary

performances of both data sets were measured.

Then, experiments such as mixing real and synthetic data sets at different rates and fine-

tuned training on each other were carried out, and it was investigated how to use synthetic

data optimally with real data.

In all experiments, the configuration mentioned in Sec. 6.1. was used, and experiments in

which synthetic and real data were used together were carried out,mAP scores of both real

and synthetic models calculated on ”Validation Set” which only contains real data.
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6.3.1. Impact of Amount of Real Data on Model Performance

FIGURE 6.27. mAP scores of models trained with different amount of ”Real Data”

In general, as the amount of data increases in deep learning studies, model performance

increases in parallel. The reason for this situation is that with the increasing amount of data,

more information is provided to the model. As seen in Fig 6.27., on the contrary to this

situation, the highest performance was achieved when the amount of data was reduced to

”10k”, and the performance decreased when the amount of data was reduced further. In

the experiment, the data reduction process is done by the method called ”subsampling”. A

certain amount (1/2, 1/4, 1/10, 1/20) was taken from the data set consisting of 100k data

and new datasets with a lower number of images were created. The reason why this process

increases the performance is that the Drone vs Bird dataset used consists of videos and the

uniqueness rate of the frames obtained from the video is low. As can be seen in Fig. 6.28.,

we see that the validation loss starts to increase after a certain epoch in trainings containing

more than 25k data and the model starts to overfit.
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FIGURE 6.28. Validation loss graph.With examples containing more than 25k data, the
validation loss in training starts to increase after a certain epoch.
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6.3.2. Impact of Amount of Synthetic Data on Model Performance

FIGURE 6.29. mAP scores of models trained with different amount of ”Synthetic Data”

All of the synthetic data experiments in the previous section were made with 10k images

in order to conduct experiments quickly. In this experiment, the performance of datasets

containing different amounts of images using the ”Best Dataset” features are analyzed. As

can be seen in Fig 6.29. , when the amount of data is increased from 10k to 25k, there is

a slight increase in performance. It has been observed that the performance decreases when

the amount of data is reduced or increased further. The reason for this situation can be seen

as the low amount of data does not provide enough information to the model and a large

amount of data does not contain new information.

6.3.3. Final Trainings

After examining the performance of synthetic and real data according to the amount of data,

experiments were carried out to examine the effect of using real and synthetic data together
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on performance. The experiments carried out for this purpose are grouped under three head-

ings; basic training, mixed training and finetune training. Base training is done using only

synthetic or real data. The results of these trainings are used to compare other trainings.

Mixed training is training done by mixing synthetic and real data at different rates. Finetune

trainings were carried out by finetuning training with different amounts of real data on the

synthetic model trained with different amounts of synthetic data. These experiments and

score information are shown in Table 6.2. .

TABLE 6.2. Experiments with different proportions of real and synthetic data

Experiment
Name

Synthetic Data
Count

Real Data
Count mAP 0.5 mAP 0.5-0.95

Real Only Training 10k 0 0.812 0.344

Synthetic Only Training 0 10k 0.712 0.292

Real Synth Mix 1 10k 10k 0.796 0.301

Real Synth Mix 2 10k 25k 0.811 0.309

Real Synth Mix 3 25k 10k 0.789 0.318

Real Synth Mix 4 25k 25k 0.809 0.297

Real Finetune over Synth 1 10k 10k 0.817 0.338

Real Finetune over Synth 2 10k 25k 0.813 0.345

Real Finetune over Synth 3 25k 10k 0.844 0.351

Real Finetune over Synth 4 25k 25k 0.815 0.348

Real Finetune over Synth 5 50k 10k 0.865 0.355

The comparison of trainings using only real and only synthetic data are shown in Fig 6.30.

. As can be seen, the real data started from a very high mAP value and increased slightly,

while the synthetic data started from a low value and increased gradually and achieved a

result comparable to the real data. The reason for this can be seen as the fact that the real

data training started on the COCO backbone trained with real images is easier to learn at the

end of the first epoch. The domain gap between the synthetic data and the real data delayed

the learning of the synthetic model somewhat and caused it to finish with a lower mAP. As
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a result of these experiments, our goal is to exceed the 0.812 mAP value obtained with real

data.

FIGURE 6.30. Comparison of trainings with only real and only synthetic data

As the first method, we trained with data sets created by mixing synthetic and real data at

different rates. As seen in Fig 6.31., all of the experiments were below the real data baseline.

In addition, the model performance increased as the amount of real data increased in mixing

ratios and decreased as the amount of synthetic data increased. This can be explained by the

fact that the model trained as a result of the domain gap between real data and synthetic data

created uncertainty while learning drone features. As a result of the model’s encounter with

two different drone representations, it caused an oscillation in the graph during the training

and reduced the performance of the training.
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FIGURE 6.31. Comparison of trainings with mixed datasets

As a second method, experiments were carried out by fine-tuning the models that were first

trained using synthetic data with different amounts of real data. Figure 6.32. shows real data

fine-tuning tutorials using synthetic data as a backbone. This method, using the synthetic

model, provides information about the drone features before starting the training with real

data, and the training starts from higher mAP values. In addition, the training is completed

with a higher mAP value, thanks to a backbone with different content from the real data. As

can be seen from experiments 2 and 4, increasing the amount of real data fine-tuned in this

method decreases the performance. The reason for this is that when the amount of real data

in the training on the synthetic model is more than the amount of synthetic data, the features

learned from the synthetic model are forgotten and over-fitted to the real data. Therefore, in

experiment number 5, fine-tuning with 10k data on the synthetic data model containing 50k

images gave the best results.
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FIGURE 6.32. Comparison of trainings with synthetic models finetuned with real data

As a result of all the trainings, it has been seen that the model trained with synthetic data

gives results that can be compared with the real model. This success of synthetic data also

reduced the performance of real data in case of mixing with real data. This experiment

has the possibility of giving better results when tested with a more realistic data set with a

lower domain gap. Finally, models trained with different amounts of synthetic data were

used as backbones and fine-tuned with different amounts of real data. It has been seen in

these experiments that the ratio of real and synthetic is of great importance when making

fine adjustments. In cases where the amount of synthetic data used in the backbone is more

than the real data, the performance increased, and the most successful result was obtained by

using five times the synthetic data of the real data. This result is approximately seven percent

higher than the baseline value of 0.812 mAP. Although this increase seems small, it is very

difficult to increase the performance of a successful model that has already been trained with

real data. Therefore, as a result of the experiments, it can be said that synthetic data is a very

successful method when used both alone and with real data.
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7. CONCLUSION

The performance of deep learning methods is increasing day by day. The biggest obstacle in

front of this constantly developing technology is the difficulty of accessing data. Although

deep learning methods have constantly evolving architectures, the performance of the trained

models does not increase at the same rate because these methods require large amounts of

labeled data.

Traditionally, datasets are collected manually by humans. These collected data are then

labeled by people and used to train the models. This process is expensive and very time-

consuming because it is done by human hands. These manually labeled data are prone to

error and human bias. In addition, the difficulty of collecting data varies according to the

domain of the problem to be solved, and collecting data in some domains includes privacy

problems or is impossible.

As a solution to these problems in data collection, the idea of creating these datasets syn-

thetically has been suggested. This method has the opportunity to both solve the problems

caused by the real data and create various and unlimited data belonging to the targeted do-

main. Drone detection, which is one of the areas where it is difficult to collect real data, is

one of the most suitable problems to be solved with synthetic data. Drones can be found

in any environment due to their nature, and they can be easily confused with objects such

as birds and airplanes. Therefore, it has been suggested that a data set that covers a large

number of domains and contains many examples can only be created with synthetic data.

In this thesis, a synthetic dataset that will be used to train a deep learning model for drone

object detection and an infrastructure that can create this dataset in a controlled manner has

been studied. This designed infrastructure aims to create realistic and labeled images as a

result of placing 3D drone objects on 2D backgrounds. To achieve this, a controlled random-

ization infrastructure, randomized scenes created as a result of this structure, and a system

pipeline that adds post-processing effects on the generated images have been developed.
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This pipeline can create randomized environments thanks to a background dataset contain-

ing many images on certain themes and a drone set containing six different drone models.

The created scenes are rendered quickly thanks to the game engine infrastructure, and the

drone models are successfully blended into the background with the post-processing effects

added to the rendered image.

In order to investigate the optimization of this parametric system created on the game engine,

an ablation study was required. In the ablation study, the effect of the parameters of the

system on the trained model performance was investigated. Thus, the features that gave the

highest performance increase in synthetic data were found and the final synthetic data set

was created in line with these features. As a result of the ablation study, it was noticed that

the blur effect is the most affecting the blending and thus the synthetic data performance.

Therefore, various methods have been tried for the blurring process, and the ”Adaptive Blur”

algorithm, which applies blur depending on the sharpness value of the arc, was chosen as the

implementation with the highest performance.

The performance of the system created with the experiments using the optimized data set

called ”Synthetic Dataset” and the Drone vs Bird dataset consisting of real drone images

was measured. In these experiments, training was carried out with synthetic and real data

alone, by mixing and training on each other. As a result of all these experiments, it has been

seen that the synthetic data optimized according to the domain can show a drone detection

performance that can be compared with the real data. In addition, it has been observed that

the performance of the real model increases to a certain extent if the synthetic model is fine-

tuned with real data. The importance of the ratio of the two data sets was observed when

fine-tuning, and experiments with more synthetic data than real data yielded more successful

results.

As a result of the developed system, ablation study and final trainings, it has been seen that

creating a synthetic data set to train the drone detection model is a fast and very successful

method. The presented method can be used not only in the field of drone detection but also
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in all object detection problems, and the use of synthetic data in object detection has proven

to be the right decision.
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The presented work was used in the IEEE AVSS 2021 Drone
vs. Bird competition.The model trained showed the best
performance and brought first place in the competition.
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