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THA’NIN DIJITAL iKiZi: FARKLI SANAL ORTAMLARDA GORUNTU iSLEME

Dijital ikiz kavrami son yillarda giderek 6nemini arttirmakta ve bu alanda yapilan akademik
calismalar yayginlagsmaktadir. Dijital ikiz kavrami otomasyon, sanal gerceklik, ve havacilik
alaninda 6zellikle insansiz hava araglarinda kullanilmaktadir. Test siireglerindeki maliyetler
ve riskler goz Oniine alindiginda dijital ikize bagli simiilasyon ortamlarinin gelistirilmesi
kacinilmazdir. Bu calismada, dijital ikiz yaklasimi kullanilarak ¢ok rotorlu mikro insansiz
hava araci tasarlanmistir. Tasarlanan bu arag, oyun gelistirme motoru olan Unreal
yazilimiyla olusturulan farkli ortam kosullarindaki sanal ortamda ugurulmus ve lizerindeki
sanal kamera yardimiyla goriintii elde edilmisitir. Bu goriintiiler, derin 6grenme teknikleri
kullanan YOLO mimarisi ile islenerek yapay sinir aglar1 egitilmis. Egitilen model ile
birbirinden farkli nesneler tizerinde nesne tespit ¢alismast yapilmistir. Bu sayede farkli ortam

kosullariin farkli nesnelerin tespitindeki etkileri incelenmistir.
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DIGITAL TWIN OF UAV: IMAGE PROCESSING IN DIFFERENT VIRTUAL
ENVIRONMENTS

The concept of the digital twin has gained increasing importance in recent years, and
academic studies in this field have become widespread. The digital twin concept finds
applications in automation, virtual reality, and aviation, particularly in unmanned aerial
vehicles (UAVS). To address the costs and risks associated with testing processes, the
development of simulation environments connected to the digital twin is inevitable. In this
study, a digital twin approach was employed to design a multi-rotor micro-unmanned aerial
vehicle. The designed vehicle was tested in a virtual environment created using the Unreal
game development engine, simulating various environmental conditions. The vehicle was
equipped with a virtual camera, allowing for image acquisition. These images were
processed using the YOLO architecture, leveraging deep learning techniques to train
artificial neural networks for object detection. Tests conducted with the different objects and

the different environment are investigated with its effects.

Keywords: UAV, Digital Twin, Image processing, Unreal engine
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1. INTRODUCTION

In the last decade, a significant number of projects were carried out related to Unmanned
Aerial Vehicles (UAVs). With the technological advancements of electronic and sensor
devices, the usage of UAVs has further increased in the military, commercial, and
research areas [1]. They are divided into three essential categories according to their
flight types and abilities. These are multi-rotor, fixed-wing (FW), and vertical take-off
and landing drones (VTOL). These types gain importance according to the task. For
example, fixed-wing drones are effective for wide-area scanning and long flight times,
while multi-rotor drones are more effective for missions that require hovering and agile

movement [2].

On the other hand, UAVs are frequently preferred by the academic community in image
processing, mapping, smart agriculture, and other applications, and many academic
publications are made. Autonomous applications are developed specially by applying
Image processing, and artificial intelligence techniques to images obtained from drones.
UAVs are also used for digital twin (DT) applications widely. Many engineering
domains can be represented with DT to be able to perform more realistic analysis, data
accusation, failure detection, and so on [3]. With the help of next-generation game
engines, high-fidelity physical modeling tools t can be more cost-effective and easier to

simulate real-world applications in a digital twin world.

The first of the basic components of this thesis is to create a digital twin model of the
quadcopter (a special type of multi-rotor UAV with 4 rotors). The second phase is the
process of creating simulations of real environments in which the drone can fly. In the
last component, the images obtained from these environments are analyzed using deep
learning architectures for object detection. Thus, object detection installations in
different environments can be modeled and implemented virtually. With the approaches
proposed in this thesis, it is predicted that more efficient and high-performance steps can
be taken for many critical processes such as defense industry, agriculture, concentration

and fire extinguishing.

In the following sections, digital twin, quadcopter mathematical modeling stages, virtual
environment design, image processing processes related to deep learning and object

recognition, and holistic results of the study will be explained in detail.



2. LITERATURE REVIEW

In recent years, UAVs are frequently used for very different applications in terms of
increasing usage areas and obtaining efficient and qualified data. Considering their
technical capabilities, these devices should be examined as two sub-fields as software
and hardware. In addition, the slightest mistake to be made with these devices will lead
to bad results. For this reason, simulation used for many products in the field of aviation
is used in the design and quality control processes of these devices. The design and use
of digital twins is also important in this respect. Simulating the environmental conditions
in the real environment is also very critical in order to be able to analyze the performance
and capabilities of digital twins in depth. In this way, possible undesirable situations can
be prevented to a certain extent. The main components of this study are the creation of
digital twins, the creation of different environmental conditions, and the object
recognition process from the images taken using digital twins in these environmental
conditions, as close to the real thing. The studies in the literature have been discussed
many times separately in these sub-fields. However, studies synthesizing these topics are
limited. Since it is a newly developing field, it is seen that the studies continue to mature.
Most of the work in which the auctions are analyzed is done in the virtual environment.
Cost of development in virtual environment helps researchers to study and try many
cases without risk and economy. For example, to setup digital environment for UAVs
which tools can be used and how that environment can be created is mentioned at see
[4]. Another great study is mentioned that introduce the digital twin industry in aerospace
[5]. Meyer et al. [6] investigate how to model a way of digital twin usage effectively in
aviation. Their aims are draw relevant data and characteristics to improve the digital twin
correct usage. Also, digital twin can be adjusted with the cloud system like 5G network
to improve UAV based virtual reality technologies [7]. When studying on aerospace,
sensors are a common faced area to be understand clearly. Alvarez et al. [8] shows how
air data sensor model is simulated with digital twin one. Therefore, any failure accrued
in the real sensor data the twins of that system can be aid or correct the system directly.
In the test area, evaluation of UAV state and be aware before the failure occur are really
important and can be easily performed with the support of digital twin [9]. For the
virtualization environment, their effect and importance are given at [10]. In that study a
tool AirSim which based on the unreal engine helps the developer to build UAV flying



environment and test their algorithm. It can be both tested UAV dynamics and image

processing works.

To mention a little bit for the image processing and object detection, how researchers
develop algorithms and what type of frameworks are using on the field is important. For
example, Biyik et al. [11] use the convolutional neural network (CNN) for aerial
photographs taken from UAVs. They find the equivalent of the objects in the global
coordinate system with an accuracy of 16.8 cm using the YOLO-v4 CSP model. Sharma
etal. [12] use UAV images for 3D localization and real-time drone detection using stereo
depth estimation and tiny YOLO-v4 object detection. They reached an accuracy of 77%
for multiple drone detection in real time. Another study related to target localization
estimation from UAV images shows that implementing the right CNN can get up to
79.5% accuracy [13]. Chen et al. [14] also mentioned that YOLO-based UAV
applications called YBUT has increased usage area and aim to expand decision-making
systems more reliable for real-time applications. Kao et al. [15] researched their study
that Crack edge actual magnitude detection in risky bridges has indicated high precision
almost 92% with the help of artificial intelligence and UAV images. Using UAV’s search
and rescue domain is highly crucial. Caputo et al. [16] show how to rescue humans in a
dangerous area as much as faster and more reliably with an average accuracy of 84%.
Another different study was done by Zhu et al. [17]. In that work, they implement a
Darknet59-based detection algorithm under specific light conditions and gain up to

87.71% accuracy to detect the tiny object in high altitudes.

In this study, it is aimed to combine all these platform and conduct test. To prepare UAV
dynamics the Matlab Simscape module is used. For obtain video image and fly in some
different environment, the power of the Unreal engine is used. Finally, images are

collected and trained with the YOLOV4 neural network framework.



3. MATERIALS AND METHODS

In that part all the development and design steps are showed. Dynamical modelling of
the quadcopter with the Simscape, virtual environment design in the Unreal engine, and
neural network training steps for object detection based on YOLOv4 framework are

done. Additionally, digital twin concept is defined here.
3.1. Digital Twin

Digital twins especially come to the fore in the fields of aviation and automation that
came with Industry 4.0. Digital twin means making a copy of a system with exactly the
same functional features. In this way, both data related to that system are collected and
functional tests are made in the real environment to be tested on the twin of that system
before. Therefore, development costs and risks are eliminated. According to the
National Aeronautics and Space Administration (NASA) [18], DT is defined as “A
Digital Twin is an integrated multi-physics, multi-scale, probabilistic simulation of an
as-built vehicle or system that uses the best available physical models, sensor updates,
fleet history, etc., to mirror the life of its corresponding flying twin.”” For the overall

view, three main areas are considered from the perspective of DT as shown in Figure 1.

Connection
Physical | Virtual
Entity Model
' Digital |

Twins

Figure 1. Digital twin main parts

To be able to act and perform with high accuracy as a real physical entity, data from an
entity needs to be connected with a virtual model. Data acquisition systems can be used

for this purpose [19]. On the other hand, virtual models can be designed with simulation



tools such as game engines or model-based design tools. Digital Twin’s hot topics were

performed in a variety following of fields [6].

e Fault detection

e Maintenance

e Manufacturing

e Model-based systems engineering

e Data collection.

In the factory, it can be a really quick and simple way to visualize the production line
and estimate failure before that happens. In the aviation industry, many aircraft (A/C)
can be failed due to sensor reading or estimation faults. But, thanks to the DT, engineers
can create A/C dynamic model or any sensor estimation model virtually and make fault

detection or correction on the model and fly safely [8].
3.1.1. Quadcopter Reference Model

UAVs can be defined by their classification and types. As shown in Table 1, there is a
wide range of UAVs from micro-scale to tactical ones related to characteristic features
[20]. Categories of micro UAVs are also called micro aerial vehicles (MAVS). These
types of vehicles are highly fast-moving machines and have low maximum takeoff
weight (MTOW). Therefore, they are used in restricted places such as caves, indoor and
crowded cities.

Table 1. Unmanned aerial vehicle classes

NASA Weight Altitude Range Endurance
Category

Class (kg) (m) (km) (hr)

Micro <2 <140 5 <1
Mini Class 1 2-20 <1000 25 2-8
Small 20-150 <2000 50 4-12
Tactical Class 2 >150 <3300 >200 8-20

In addition to their classification, installation types of UAVs have become more crucial.
Multi-copter are special forms of UAVs. Their symmetrical rotating arms count and
positions are an indication of their type. From the perspective of the arm count shown in
Figure 2, a tri-copter, a quadcopter, and a hexacopter have respectively three, four, and

six arms.



Figure 2. Multi-copter types; A) Tri-copter [21] B) Quadcopter [22] C)
Hexacopter [22]

Another identical design criterion for UAVs is flight direction. There is a convention that
describes the quad style as a Quad + type or Quad X type as shown in Figure 3. All motor

control algorithms development and motor numbering are related to that convention.

QUAD + QUAD X

Figure 3. Quadcopter flight direction layout [23]



The reason that all these definitions are related to multi-rotor is the importance of frame.
Because the frame is one of the most important parts of a multi-copter. An entire
mathematical model is based on it. Arms, motors, and other electronics are attached to
it. The frame should be carefully selected and rigid. It is the main part of carrying all the

loads.
3.1.1.1. Quadcopter reference frame

In this part, basic concepts of quadcopter flight dynamics such as 6 DoF (Degree of
freedom) equations, reference frames, Euler transformations, and other conventions are
described. A quadcopter has four rotary motors that produce forces and torques. It moves
under these effects forward-backward, right-left, up-down, and rotations. The outline of
that movements comes from user inputs or autonomously. Quadcopters can fly by
following a trajectory or manually. Based on the velocity, position, and acceleration
inputs, it can adjust its control action internally with the help of autopilot board
calculations. To accomplish that dynamic model, it needs references such as body,
inertial, and earth frame. Quad X type is selected for the dynamic model and reference

system preparations.
3.1.1.2. Body reference frame Fg (Body Axes, Og, Xg, YB, Zg)

Center of the gravity (cg) is represented as the Og origin of the quadcopter. The forward
direction of the quadcopter Xg can be defined towards the nose of a quadcopter. The axis
lies in the symmetry plane of a quadcopter to the downside called Zg and the Yg axis is
placed in the coordinate system by the rule of the right-hand side. The configuration of
a quadcopter body reference frame is illustrated in Figure 4.

Figure 4. Demonstration of quadcopter body reference frame



3.1.1.3. Earth reference frame FE (Earth Axes, Ok, Xg, Yg, Zg)

Under low-speed applications such as UAV dynamics; inertial frames, and earth frames
can be performed similarly in general. The rotation of the Earth relative to the inertial
frame is negligible. As shown in Figure 5, anywhere on the surface of the Earth act as
the origin of Earth due to the low speed. Therefore, Ok is the origin of that reference
system. The axis moves toward the Earth’s center, which is Zg. The axis along with the

North direction is Xe and lying on the East direction axis is called Ye

Xg
(North)

m
magnetic field)

YE
(East)

= /A At

A .
¢’ ¥ a (acceleration)
zg (Down)

Figure 5. Earth reference frame [24]

3.1.1.4. Euler angles (¢, 6, v)

An object in three-dimensional (3D) space can be represented in any different orientation
with Euler angles. To be able to get quadcopter orientation in angle form, Euler rotation
angles, ¢, 6, v, known roll, pitch, and yaw are used respectively. That way it can be easy
to gather the equation of motion of a quadcopter with the relationship of the body and
Earth fixed reference frame. Euler rotation angles layout with the reference axis is shown
in Figure 6.
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Figure 6. Euler angles

3.1.2. Quadcopter Kinematic Model

In order to understand and implement the dynamic equation of quadcopter, how trust,
velocities and force conversion, and also reference frames relation are understood
clearly. In Figure 7 inertial frame (as supposed Earth frame) and quadcopter body frame
relation and other forces and moments are indicated briefly.

back

. . "" X k‘
inertial ¢
frame
ZE _yl:'

Figure 7. Inertial and body reference frames, forces, and moment acting on a
quadcopter [25]
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Gravity acting on a quadcopter always points downside, but has a vector component. To
find the right equation and overcome vector component effects, it can be defined rotation
relation. Therefore, rotation matrix must be defined and calculated as indicated in

equation (3.1).

1 0 0 cos® 0 —sinf
Ry(¢) = [0 cosp sinp|, R, (=] 0 1 0 |,
0 —sing cos¢ sind 0 cos6O
cosy  sinyp 0]

RZ(¢)=[—sim/) cosp O
0 0 1

3.1)

Full conversion between the body frame and the inertial frame, Rx, Ry, and Rz matrixes
multiplied together. Rx is the rotation matrix in roll, Ry is in the pitch, and Rz is in the
yaw axis. The sin (x) and cos (x) are the sinus and cosine respectively. The practical way
is to convert the final rotation along with the motor thrust direction for earth-to-body
transformation [26]. In equation (3.2), the rotation matrix which is also the same as the

direction cosine matrix (DCM) is given.

cOcy cpsOsp — syPcp cyPsOcp + spPsop
Ryyx(W,0,¢) = |sycl syPsOsp + cpcp syPsOcp — cpsep
—s0 cOs¢ cOc

(3.2)

Where s = sinus and ¢ = cosine. Rzyx is the direction cosine matrix from the body frame
to the inertial (earth) frame. As an example of roll direction cosine matrix calculation

can be done in equation (3.1) and the graphical representation is given in Figure 8.
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Figure 8. +90 degrees roll angle around X axis

With +90 degrees roll rotation Ys and Zs body axis orientations are changed. Thus,

direction cosine matrix can be written according to the total rotation matrix.

1 0 0
Ry(¢p = +90) = [o 0 —1]
0 -1 0

3.1)

A selected frame of the quadcopter is assumed symmetrical [27], therefore inertia matrix
can be indicated as given in equation (3.2).

Ly 0 0
Ib = [ 0 Iyy O ]
0 0 Iy

(3.2)

Where Ixx, vy, and Izz moments of inertia are based on the X, Y, and Z axis respectively.
Ixx and lyy moment of inertia are equal. In addition, if the angular rate around the Z-axis
is small enough, the angular momentum effect on the inertia moments can be negligible

[28]. To understand forces, and torques on quadcopters Newton’s and Euler’s laws
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should be defined carefully [29]. These forces are generated by rotating motors. In
equation (3.3) linear forces are defined.

(3.3)

Where Fy, is the forces acting on the quadcopter body-fixed frame and indicated as force
matrix Fx, Fv, and Fz; m is the total mass, and X, Y}, and Z, are the acceleration on
those axes respectively. Another force acting naturally on the quadcopter and pulling
down to it in the Z direction is the gravity vector called Fg. Gravity vector is not directly
on the body axis, thus it should be transformed to the body-fixed frame by multiplying

with the vector of DCM as shown in the equation (3.4).

(3.4)

Where Fg is the gravitational vector, R is the DCM, and m is the mass. The force
produced by propellers acts in the same direction as the Z axis. Propellers are assumed
rigid body means there is no flapping or flexibility. This thrust force is dependent on
revolution per minute (rpm) and propeller dimensions. Thrust force is figured out in the

equation (3.5).

F,+F,+F; +F,
(3.5)

Drag forces act on the quadcopter when it flies. The drag force’s direction is opposite to
the moving direction. It is generated by the natural effect of friction in the air [30]. Drag

force can be implemented as shown in equation (3.6).
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1 2

(3.6)

Where Fp is the drag force, p is the air density, V is the velocity, S is the reference area,
and Cp is the drag coefficient. Moments acting on the center of mass are defined in
equation (3.7)

L p p 14
Myyz; = M| = I|q|+ ICIl x I [CIl
N T r T

(3.7)

Where Mxyz is the total moment matrix, L, M, and N moments on X, Y, and Z axis
respectively. p, g, and r angular rates in roll, pitch, and yaw. Euler angles and angular

rates relation is given below,

p 1 0 -so1[¢
lql: [O cop s¢c9] 2}

T 0 —s¢ copco Y
(38)
) 1 s¢tand cptand| p
o= [0 co —s¢ ] M
P 0 s¢secd cpsecOl Lr
(3.9)

Where tan = tanjant and sec = secant.

Assume the quadcopter is rigid, and symmetric in the x-z plane final equation of motion

mathematical model can be implemented as follows,
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3.1.3. Propulsion Model

Rotating propellers are the most important parts for generating force and torque for
quadcopters. To calculate thrust, the correlation factor between thrust and torque should
be implemented. Basically, the torque and thrust model created by the propulsion part

can be modeled as follows.

T = ke?

(3.12)
Q = k2

(3.13)

Where T and Q are the thrust and torque, as well as Q, k¢, and k. are the rpm, thrust, and

torque coeffientiens respectively.
3.1.4. Inertial Measurement Units

An inertial measurement unit (IMU) is a system that completely models the inertial
navigation system to calculate vehicle dynamics. It measures data about 3D space
dynamics such as magnetometer, accelerometer, and gyroscope information on the three-

axis. Gyroscope is able to estimate the angular velocities of the vehicles. It protected
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against noise but can drift [31]. That drift issue can be corrected with the reference point.
The angle can be evaluated by integrating angular velocity gathered IMU as below.

Oy = fO'th
(3.14)

The accelerometer part inside the IMU can calculate both gravitational and dynamic
acceleration. Its data highly depended on the white Gaussian noise [32]. It measures
perpendicular vectorial components to the earth. The absolute rotation can be indicated

in the below equation.

Acy

/Acy2 + Acz?

The magnetometer inside the IMU calculates the magnetic field of Earth. Its measured

oy = arctan

(3.15)

field has an angle to the gravitational field of 90 degrees. Magnetometer measurements
aid the accelerometer’s lack of orientation. It does not directly indicate angles but can be

evaluated as below.

Magy

ox = arctan

Magy2 + Magz2

(3.16)
3.1.5. Quadcopter Physical Modeling with Matlab Simscape

The Simulink environment becomes an efficient tool for constructing physical system
models with the use of Simscape. In Simscape, physical component models are designed
through direct physical connections with block diagrams and other modeling paradigms.
Many models of various systems, including actuators, electric motors, and mechanical

systems, by assembling components into a schematic. To further increase the complexity

15



of the components and analytical capabilities, Simscape add-on products are available.

The main components of Simscape are given in Figure 9.

@ 8| D|on M

Electrical | Battery Fluids | Multibody | Driveline
§ 2 S ¢ S § 2 5 £

Simscape

5 o

Figure 9. Matlab Simscape toolbox main components [33]

A brief explanation of that component is below.

e Simscape: Multi-domain Physical system simulation and modeling.

o Battery: Modeling the energy storage capabilities of various battery types.
e Driveline: Rotational and translational mechanical representation model.
e Electrical: Mechanic, electronic, and electrical properties tools.

e Multibody: Design multibody systems.

With the help of Simscape tools, it can be easy to visualize any system with its part.

Additionally, Simscape can be used as a digital twin environment.
3.1.5.1. CAD model translation

In Simscape Computer-Aided Design (CAD) model can be inserted equivalent Simscape
blocks. Simscape uses extensible markup language (XML) format to represent the
multibody components. It supports both import and export operations. In export parts,
CAD files are converted to an XML markup language file, and additional STL or STEP

file. The process of the conversation is given in Figure 10.
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Figure 10. CAD translation steps [34]

To share CAD files with the Simscape environment Simscape multibody link add-ons
should be installed. Inside The SolidWorks CAD software environment, it can be added
inside the toolbar top of the graphical user interface (GUI) in the tools segment. After
clicking on the add-on button it can be found there. By the way, successfully passing this
stage, CAD files can be exported to the Simscape environment. Now, inside the tools
section, there is a multibody link segment appeared. The export process is given in Figure
11.
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Figure 11. Export SolidWorks CAD files to Simscape Multibody [35]

To represent solid parts of the quadcopter geometries, materials, and visual properties
coming from CAD software, solid element components of the Simscape with properties
derived from an external file should be used. An example of the quadcopter arm with

solid external file representation is given in Figure 12. With that feature, inertia and
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material properties can be easily modeled and calculated. Also, it can be updated

immediately when any change occurred the CAD model.

[@ File Solid : Am2 - o b3
Z2heootQldwdTIOAE| L

[ Compile-tim:
pdate

100589152 kg
ass |[-4.85019¢-05, -0.00435236, -0.005... |m

. |[0.000263222, 0.000260855, 1.23093... kg™ m*2
1.89459€-06, 5.49897e-08, 2.10429... kg™ m "2

OK Cancel Help Apply

Figure 12. Solid arm external source model

All CAD geometries for this work based on the quadcopter were collected from the
GrabCad community [36]. With a solid modeling perspective, any vehicle can be
modeled with high fidelity and it gives a detailed view of the model to users. Also
importing the model should be an issue. Every part may need inspection or correction
carefully. In Figure 13, the brushless direct current motor (BLDC), propeller, and cap

parts solid integration with the Simscape is given.

7
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Revolute o
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Housing _;) Propeller
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Transform f
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Multibody |« % &
Interface | &=

|

Figure 13. Multibody integration of motor and propeller of the quadcopter.
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As seen in Figure 13, how easy to understand and convert solid modeling into a
simulation environment. The revolute joint indicates the rotation relation between the
motor and propeller. It’s connected with world frame reference properties to get active
together with the reference object added before it. Transform properties are for the
orientation of the solid object. Every single part has a solid part. After the propeller parts,
again transform object is added to simulate the orientation of the cap relative to the

propeller.
3.1.5.2. Propeller model

The propeller is one of the most critical parts of the quadcopter. It generates thrust force
and moves the quadcopter in the air. Thus it should be calculated correctly. The thrust
force mostly depends on the propeller’s rotating speed, thrust coefficient, propeller
diameter, and environment [37]. The mathematical calculation of the thrust force for the

propeller is given below.

T = Crpn?D*
(3.17)

Where T is Thrust force, C+ is thrust coefficient, p is the air density, n is the revolution

per second, and D is the propeller's diameter.

Table 2. Quadcopter propeller properties

Parameters Values
Thrust Coefficient (Ct) 0.1072
Diameter (D) 0.254 m
Density(p) 1.225 kg/m3
Weight 25 grams

With reference to Table 2 propeller data, thrust can be calculated. The simscape model

for that calculation is given in Figure 14.
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Figure 14. Simscape propeller thrust calculation model

The aerodynamic propeller block is responsible for the thrust calculation. Va is the
advanced velocity coming into the propeller. With the help of a drag sensor block, the
ideal drag force can be calculated directly.

3.1.5.3. Brushless electrical motor model

Many applications like quadcopters need motor components. Brushless direct current
motors come at that point due to their reliability and effectiveness. In BLDC there is no
contact surface like brushed one. Thus, there are no wearing or over-heated parts. These
motors are really high-performance, fast, and have smaller form factors in terms of

torque and speed. The simple model of BLDC motors is given in Figure 15.

Power supply

a BLDC motor

u, OO €p
lec agnetic >
PWM inpula Electromagnetic torque
] w

Terminal voltage
ESC Rotor

Figure 15. BLDC motor model [38]

Pulse-with-modulation (PWM) signal is applied to the electronic speed controller (ESC)

and the controller drives the magnetic motor [39]. In BLDC, motor torque ripples are the
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most common problem to solve with the control solution [40]. Additionally, motor
inertia and other motor properties can be affected by the model of BLDC. The motor and

its specifications are given in Figure 16 and Table 3.

Figure 16. 2212 Brushless Motor [41]

Table 3. 2212 Brushless Motor Specification

Parameters Values
Motor Kv 920 rpm/Volt
Stator Diameter 22 mm
Stator Thickness 12 mm
Weight 56 grams
Stator Slots Number 12
Magnet Poles Number 14
No Load Current 0.5 Amps
Internal Resistance 0.015 Ohms
Max. Continuous Power 155 Watts @ 3S Li-Po

In the Simscape blocks, the BLDC motor can be modeled from scratch or used directly

by a ready-to-use BLDC item. A scratch model of BLDC is given in Figure 17.
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Figure 17. BLDC model from scratch.

Where users can add ambient temperature and connect with the heat transfer block to
indicate the temperature effect on the battery. Battery block gives the energy to the
system and simulates the voltage source in the system and is connected to the ground
source. Motor block act as simple electrical motor behavior. A current sensor can be
added to the system to measure current and send it to the control part. Detail BLDC

motor model is given in Figure 18.
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Figure 18. Detail BLDC model.
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Where the Simulink signal to the physical signal (PS) converter is used to convert desired
driving velocity to the PWM signal and sent to the voltage source. BLDC model
indicated an electrical motor. It is connected to an ideal torque sensor, hall sensor, and
inverter. Hall sensor is sensing the position and velocity. Torque sensor connected with
angular velocity source and revolute joint. The Inverter block represents a six-pulse
three-phase controlled converter consisting of three bridge arms each with two switching
devices like a metal-oxide-semiconductor field-effect transistor (MOSFET) [42]. The
commutator part reverses the flow of current to make sure that the magnetic field
generated on the rotor is always opposed by the field on the stator [43]. Moving objects
like propellers, motors, and other solid parts are connected to the revolute joint.

3.1.5.4. 6-DoF sensor model

To indicate IMU attitude some Simscape blocks should be used such as a 6-DoF joint,
transform sensor, world frame, and gravity. The 6-DoF joint measures rotational and
translational degrees of freedom between two frames. It allows unconstrained rotation
and 3-D translation. The first part called the follower translates relative to the base part.
Then the follower frame can rotate freely, with its origin as the pivot. A transform sensor
calculates a time-dependent relationship among that two frames. It passively senses
derivatives and time-varying transformations in 3D among the two frames. An example

of these as a Simscape block is shown in Figure 19.
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Figure 19. Orientation and 6-DoF modeling blocks in Simscape.

Additionally, gravity and world reference frame should be added to simulate the
environment truly. The gravity is uniform. The world frame gives access to the ground
frame. It is orthogonal, a unique motionless, and right-handed coordinate frame

predefined in any mechanical system model.
3.1.5.5. Controller and overall quadcopter model

In that quadcopter proportional-integral-derivative (PID) controller was used. There are
a variety of control technics in the industry, but PID is the most common one. The nature
of the being tunable and applicability for the not identified plant is the strongest part of
it [44]. The general mathematical implementation of PID is shown in the below equation.

t

u(t) = Kpe(t) + K; f e(t)dt + Ky
0

de(t)
dt

(3.18)
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The error value indicated as e(t) is the difference between the actual value and the
reference set-point. The main goal of the controller is to minimize the error. Kp, Ki, and
Kd are the proportional, integral, and derivative gains respectively. The control signal
has different effects on the response of the system due to the PID gains [45], [46]. A

simple block diagram of the PID controller is given in Figure 20.
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e(t + u
) — (2 e P
* K; / e(t)dt
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+
Derivative Algorithm

Y

, de(t)
K3

Feedback Variable

Figure 20. PID controller block diagram [47]

The proportional gain Kp creates a rapid change in the error value. It’s increasing the
overshoot and may lead to the system being unstable. The integral term Ki is related to
the previous value of the error. It is a sum of the errors and increasing the settling time.
The derivative term Kd is related to the error change rate over time. It is contributing to
the settling of the system. For the noise environment filter solution may need for the
derivative part. For roll, pitch, and yaw control in other words to simulate attitude control

discrete PID controller was used as shown in Figure 21.
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The overall control schematic and plant model of the quadcopter for this work is given
in Figure 22. The position data in X, Y, and Z directions are coming from the
transformed sensor. Also, relative linear velocities are gathered from the transformed
sensor. That information sends to the controller part. The controller block calculates the
desired action and control signal to control the BLDC motors. The motor inputs are
collected from the quadcopter plant block and converted to the PWM signal to drive
motors. After controlling the quadcopter, attitudes are changing and the 6-DoF attributes

Yaw Control

Figure 21. Discrete PID controller for attitude control

are recalculated again.
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Figure 22. Quadcopter overall Simscape model.

3.2. Design a Virtual Environment with the Unreal Engine

The cost of developing and testing algorithms is quite high. For this reason, it is
becoming more and more common to use realistic simulation environments. Today's
game engines are very advanced in real-environment modeling. Today's game engines
are very advanced in real-environment modeling. What makes Unreal engine powerful
Is that it is based on C++ software language and the render engine is very powerful. It is
possible to make realistic and physics-appropriate simulations in unreal engines [10]. It
is necessary to have a very good rendering engine to get realistic images. In this regard,
the Unreal engine provides superior features compared to its competitors [48], [49].

Some usage areas are given below.

e Games.

e Film & Television

e Architecture

e Automotive & Aviation
e Simulation

e Digital Twin
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It also gives the ability to high-fidelity modeling. Every aspect of the design can be fully
controlled with the open source and robust C++ application programming interface
(API). The Unreal engine gives huge support for the integration of other tools such as
Maya and Blender. These tools were developed for 3D and material design. Characters,
assets, and material can be drawn here first, then exported studies can be imported into
the unreal engine environment quickly. As an example, drawings are shown in Figure
23.

Figure 23. A quadcopter design A) Blender and B) Maya

3.2.1. Landscape Model

In a 3D space environment, modeling a ground level is very important. Different kinds
of land can be designed for simulation. Forrest, rocks, hills, mountains, rivers, and so on
are some of those. The Unreal engine landscape system has a collection of huge outdoor
environments. The landscape system is working in layer logic. Each layer can be
modeled on several types and contain unique properties. Layers are textures that can
store both color data and height maps. The landscape system function can be found under
the modes menu as landscape. It has three modes manage, sculpt, and paint as shown in
Figure 24.
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Figure 24. Landscape modes [50]

In manage mode, the terrain can be created, sized, modified, deleted, and moved. Also,
it can be imported from external tools or software. Editing layers, hiding, or unhiding
can be done in this section. Lock and unlock properties are much better when modifying
and working multiple layers. In sculpt mode, it paints height values with a variety of
brush types. Scaling, increasing, and decreasing height map. The region of interest can
be defined as to work locale area. In Figure 25, the tool’s capabilities are shown. Paint

mode gives the modifying ability to apply material layers selectively.

CEeaE [s=]=¢)

Figure 25. Sculpt Mode [50]
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3.2.2. Foliage Model

The foliage enables quick and smart painting. In a condition that static mesh already has,
then many of them can be added to the maps without any effort. An example of the usage

is given in Figure 26.

Ry Place Actors o Foliage

4 Paint

Click and drag directly in the viewport to paint
selected foliage in your level. Be sure to add foliage
to your Mesh List and ensure they are selected using
the checkbox on the foliage thumbnail.

+Add Foliage Typer o~

Figure 26. Foliage Tool [50]

Trees, rocks, flowers, grass, and any kind of meshed object can be added simultaneously
anywhere on the maps. Also, their properties can be changed at once. The tool has some

extra filters to separate different kinds of objects.
3.2.3. Light Model

There are different kinds of lights inside the unreal engine. Spotlight, point light, and
directional light are given in Figure 27. Their orientations, intensity levels, and colors
can be adjustable. Lights also have movable properties. Static, stationary, and movable.
Static lights don’t have overhead on the game. Stationary lights can change their
brightness and colors, but can’t move or change their orientations inside the game.

Movable lights are free to change and use the full capability of it during the game.
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Figure 27. Light types [51]

3.2.4. Fog Model

The main aim is to use fog to change the ambiance of the environment. There are three
types of fog inside the unreal engine. Atmospheric fog, exponential fog, and volumetric
fog. Height-based, distant fog model can be done with an exponential fog model. For a
more realistic look to design the atmosphere in the scene, atmospheric fog should be
selected. Depending on the sun’s altitude, the sky color is changing. VVolumetric fog can
be used both locally and globally. It’s changing the density and light. The example for

these three fog models is given in Figure 28.

Exponential Height Fog  Atmospheric Fog All Combined

Figure 28. Fog types [51]
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3.2.5. Custom Environment Model

The aim of the design new working environment is to simulate how to affect image
processing and object detection processes in different weather and space conditions.
With the help of the Unreal engine modeling tools and some readymade assets, these
different scenes are modeled very fast. In the Unreal engine, there is also a plugin
segment to install different software packages to make easy to design process.

In the Unreal ecosystem, marketplace and asset management are have their own value.
This is because some of the design environments needs huge elements and items. To be
able to combine all of them such as land, rocks, trees, sky, lights, and so on. Every single
assets has their own development process. For example a tree can be static or movable.
It can be more detail when the character is close to it and low detail when going far. One
of the most popular asset management tools integrated with the Unreal engine is Quixel.
You can find rock, colors, textures, maps, and many inside it. Another great tool is
Niagara visual effects (VFX) system. It is the primary visual effect tool for the Unreal

engine. It can be done with it such as snow, rain, and other particle effects.
3.3. Image Processing with Yolo

Today, studies on image processing are increasing considerably. With the contribution
of artificial intelligence (Al) to these studies, algorithms with very high success rates are
being developed. Image processing can be used in drones, land vehicles and underwater
applications. Facial recognition, video analysis, and autonomous vehicles are common
areas of image processing. Object detection, object classification, and object tracking
can be done by image processing. These techniques help to identify real-time
environments and objects with digital images as inputs. Image classification sends the
image to a classifier to deal with it. It takes into consideration the whole image not where
that image occurred. On the other hand, object detection is more advanced than
classification. It makes a boundary box around the classified object. Object tracking is
related to deep learning. It tracks the object’s movements. In other words, it can predict
or estimate the object’s relevant properties or where the object is. A simple example of

classification and detection is given in Figure 29.
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Image Classification vs. Object Detection

Classification Detection
gl o F
D™ =

Cat Cat, Dog, Dog

V7 Labs

Figure 29. Classification and object detection [52]

The object detection work can be turned into semantic segmentation or instance
segmentation. After detecting the object, it can be marked all pixels related to that object
in the image or segment each of the objects and detect a region of interest in the image.

The difference between them is given in Figure 30.

Object Detection + Semantic Segmentation
= Instance Segmentation

Object detection Semantic Segmentation Instance Segmentation

V7 Labs

Figure 30. Detection and segmentation [52]

It can be used variety of different approaches to perform detection of objects. There are

two main categories to conduct those approaches. These are two stage detectors and one

stage detectors. Generally the common detectors in the field uses deep learning based

techniques. You Only Look Once (YOLO) and Single Shot Multibox Detector (SSD)
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are in the one stage part. Regional based techniques are in the two stage part such as
Region with Convolutional Neural Networks (R-CNN), Fast R-CNN and so on. These

are given in Figure 31.

One and two stage detectors

Object Detection

> 1L -
[ |

Two-Stage/Proposal ‘ One-Stage/Proposal-Free

RCNN % YOLO

Fast RCNN — SsD
Faster RCNN
RFCN

— Mask RCNN

Figure 31. Detector stage and types [52]

In the R-CNN-based approaches, firstly it is identifying the region or sub-region of the
object whether is contained or not. Then next, classify the object in that region. This

technique is more accurate; however, it is slower than the one stage. R-CNN based model

is given in Figure 32.
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Figure 32. R-CNN-based detector model [53]

Firstly, the R-CNN detector creates a region proposal taking an algorithm like Edge
Boxes [54], [55]. Resized images are sent to the Convolutional Neural Network (CNN)
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part. Images are trained in that section and sent to the Support Vector Machine (SVM)
part to bound the images refined by SVM.

In the single-stage part, YOLO is one of the most popular applications in object
detection. Prediction is done with the network produced by CNN. The full image section
Is using anchor box. The one-stage network is much faster than the two-stage, but it can’t
reach the same model accuracy when compared to the two-stage. The simple model of
the YOLO-based network is given in Figure 33.

Figure 33. YOLO-based network model [53]

The model splits the input image into a grid of cells, where these cells are responsible
for predicting a bounding box. The bounding box containing the x, and y coordinates is
estimated by the grid cell. Height and confidence knowledge are gathered. Also, the
estimation of the class relies on these cells. R-CNN or YOLO can use a pre-trained
network or a custom-trained network. To be able to use a custom train type, a huge
dataset can be obtained. Layers and weights should be adjusted manually. Thus, the
results should be remarkable [56]. For the trained type, the process starts with the pre
assumption then it should be fine-tuned. This way is much quicker than the custom one.

Some of the popular pre-trained networks are sown in Figure 34.
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Figure 34. Pretrained neural networks comparison [57]

AlexNet, ResNet-50, GoogleNet, and DarkNet-53 are the common pre-trained networks.
There is a threshold between the graphical processing unit (GPU).

3.3.1. Image Labeling and Anchor Boxes

After carefully selecting the dataset, the region of interest (ROI) and anchor boxing
process should be performed. In Matlab software there is a tool called image labeler is
used to prepare the ROI of the pig images. A simple example of that procedure is given

in Figure 35.
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Figure 35. Image labeler in Matlab
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When all the images are inserted into the image labeler, the image directly appears in the
tools. It is possible to delete or add new images, pass some of the images, or do other
stuff. With the label button, it can be given the name of the label part. With the help of
the mouse, ROI areas can be quickly drawn and saved. Also, it is available to develop an
algorithm to do all the labeling staff at once. After labeling the images you can save the
session and export the data to the Matlab workspace with one click. That session file can
be used later to continue with the latest saved point. In the exported data you can find a

ground truth table. It is possible to label multiple instances and multiple ROI.

Another crucial part of object detection is to define anchor boxes. Object detection is
conducted under a deep neural network. In other words, it needs more computation. To
overcome that problem we need to predefine the location of the images. To increase
efficiency and speed, anchor boxes should be used. An anchor box can be defined briefly

as a box that has a certain height and width. A simple representation of it is given in

Figure 36.
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Figure 36. Anchor box [58]

By mapping the location of the network output back to the input image, an anchor box
can be defined. The process is repeated for every output. The result creates a set of tiled
anchor boxes across the whole image. Each anchor box simulates a specific prediction
of a class. The anchor box can be calculated easily by using image label data and the

Matlab anchor box estimation algorithm.
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3.3.2. Train Dataset with YOLOv4

YOLDO is the one stage neural network model for the regression and classification. It uses
a few anchor boxes. DarkNet neural network is powering the YOLO at the background.
YOLOV4 actually upgrade version of the YOLOv3 model. YOLOV3 is a deeper feature
detector and taking roughly 30ms per interface. On the other hand YOLOV4 brings new
approach that separating detection task into two part. Basic structure of the YOLOV4 is

given in Figure 37.

Figure 37. YOLOvV4 architecture [59]

The architecture of YOLOV4 consists of three main parts. Backbone in the first, neck in
the middle, and head at the end. In the first part as a backbone, input images are used to
extract the feature maps. Inside the CNN side, VGG16 or CSPDarkNet53 can be used.
In the dataset part, COCO or ImageNet can be used. The backbone consists of five
residual modules. The output of this section is feature maps. These maps fused with the
neck section of the YOLOVA4. In the middle part, there is a neck section connecting the
backbone and head side. It has two parts inside the path aggregation network (PAN) and
spatial pyramid pooling (SPP) modules. It takes feature maps from different layers and
concatenates them. Then send it to the head. In the SPP, the max-pooling process is
performed. In its kernel, 1x1, 5x5, 9x9, and 13x13 max-pooling operations can be done.
In the PAN section, it takes high-resolution maps to apply up-sampling and down-

sampling work. Lastly head section act as a prediction section by processing the packed
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features. In that part, YOLOVS3 is used. In this training section simple road map is used
which is given in Figure 38.

Prepare
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Figure 38. Training road map for YOLOvV4 network
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Image labeling and anchor boxing are shared in the above section. To tell about
separating image datasets into three parts, it’s a common phenomenon that divides data
train, validation, and testing. Data is divided randomly like 10% for validation, 60% for
training, and the rest of the data for testing [60]. It is important to separate test data and

training data to avoid trained data testing failure.

In the detector creation part, using the “yolov4ObjectDetector” function inside the
Matlab detector can be easily created. It can be defined pre-trained neural network here.
In this work, CSP-DarkNet53 neural network architecture is selected. This network is
applied to the COCO dataset and is already trained. The name inside the Matlab is csp-
darknet53-coco. It is a CNN-based network and consists of 53 layers deep. It is often
used in YOLO applications. The Cross-stage-partial (CSP) structure in YOLOV4 is given
in Figure 39.
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Figure 39. CSP architecture in YOLOv4

Features are divided into two. Half of the features follow the main patch to create more
semantic information. The other half goes bypass to preserve extensive information. The
data augmentation part is used to improve accuracy. Using the transform function inside
Matlab following operation is done with the help of the “augmentData” helper function.

Color jitter augmentation, random horizontal flip, and random scaling are done.

In the training option part, the configuration of the train solve is set up. An adaptive
moment estimation (Adam) solver is chosen for the training process with a hundred
epochs. It keeps an element-wise moving average of both the parameter gradients and

their squared values.

m, = fym_1+ (1 —B)VE(,)
U, = ﬁzvt—1 + (1 - BZ)[VE(HL)]Z

(3.19)

B1 and B2 are decay rates,. They are using the “SquaredGradientDecayFactor” and
“GradientDecayFactor” parameters in the option part. Adam solve updates the CNN

parameters by using the moving averages as below.
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If gradient noise is low the moving average is becoming low. So the updates becomes
low too [61]. Learning rate @ parameter can be used for optimization algorithm. It is

called “InitialLearnRate” in the option parameter part.

To be validate data more, “ValidationFrequency” parameter can be reduce. To select the
hardware source, “ExecutionEnvironment” parameter should set. Default parameter is

auto which is perform GPU operation.,
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4. EXPERIMENTAL PROCEDURE AND RESULTS

In this study all the workload are arraneged in an order to cleary determined the roadmap.
Lenovo ThinkStation P340 model desktop computer was used for all analyzes in this
study. The computer components are Intel Xenon W-1270 3.40 GHz central processing
unit (CPU) with 8 cores, 32 GB ram, solid state disk and Nvidia Quadro P2200 5 GB
GPU.The UAV type and parameters are selected first to be able to reperesent a flying
object. Then phsyical model of it is developed based on the dynamic equations with the
Matlab Simscape tool. The requirement of this study is get the virutal video images and
detect an object. For this purpose virtual environmet for UAV is created in the Unreal
engine. The connection between virtual envirinment and the Matlab Simscape tool is
established. The UAV flights and the video images are collected virtually and the images
are saved. To be able to detect objects in these images, trained neural network should be
created. For this part of works, dataset for the detection object shoul be generated and
collected. By the external dataset provider, images are collected and prepaired such as
quality selection and get rid of unconvinent content. For object detection pig animal and
person are selected and dataset is collected regarding of these topics. Pre-stage of training
such as image labeling and anchor boxing is done into the dataset. Dataset is splited into
three part, validation, traning, and test to conduct train process succesfully and check the
training quality. After that image processing framework and pretrained CNN network
are selected. Selecting the right option parameters, the network is run and trained in GPU
supported computer machine. The last aciton is test the virtual video images on the
trained network and compare the results. All these steps are given in Figure 40.
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Figure 40. Flow chart of the experiment of the study

Since the primary purpose of this study is to lead the projects to be made in the defense
industry, the objects to be determined are determined as pig and human in this concept.
Here, the wild boar was chosen because it is important to detect both the damage it can
cause to the equipment in the field or the military elements (wounded soldiers) in a rural

area.

In addition, improvements to be made in simulation systems provide an innovative
perspective in many areas. In studies conducted in this field, simulations are often
preferred because they are more advantageous than many. It is thought that the study

brings a different approach in this regard.

Quadcopter model used in the study is selected the DJI F450 quadcopter frame. In Table
4 some parametric information about that frame such as mass, inertia, and length is given.
This type of quadcopter are common to use in the research area due to the stability, ability
to conduct real test with the kits which is already in the market.
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Table 4. DJI F450 quadcopter frame parametric information

Parameters Values Symbols
Arm Length 225 mm L
Thrust coefficient 0.0087 Kih
Drag coefficient 0.0055x1072 Kd
Total mass 1.776 kg m

Moment of inertia 0.0035; 0.0035; 0.0055 kg.m? Ix, ly, I,
Rotor inertia 2.8x10-6 kg.m? Jr

Getting reference to that frame, physical model is built in the Matlab Simscape
environment. All the component such as BLDC, propeller, frame, orientation sensors
and controller part are done. Addition to the model, it is needed to connect the model

with the virtual environment. For this purpose Matlab UAV toolbox is used. An example

of the setup is given in Figure 41.
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Figure 41. Connection setup between virtual environment and Matlab software

The Simulation 3D scene configuration block make connection with the Unreal engine.
It starts the model and Unreal engine software. Then, Simulink run button should be
pressed the Matlab side. On the other hand, when the Unreal engine play button pressed,
simulation connection is done and the UAV is started to fly. All the fly conditions like
translation and positional parameters are sending to the Unreal engine via the Simulation
3D UAV vehicle block. On the UAV there is a camera model to responsible for taking

video images. These image inside the Unreal virtual environment are capturing with the
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Simulation 3D camera block. The camera orientation, resolution, and position can be
changed with that block. In the development environment camera mounted to the UAV
with the fixed orientation parameters. There is no gimbal effects are considered in the

simulation. The camera properties related this work is given in Table 5.

Table 5. The camera properties

Parameters Values
Orientation (degree) x:0, y:0, z:25
Focal length (pixel) 1109, 1109
Optical center (pixel) 640, 360
Image size (pixel) 720, 1280
Relative translation (X, Y, Z) (m) 0.1,0,0
Relative orientation (Roll, Pitch, Yaw) (degree) 0,0,0

The next step for the experiment in this study is to create custom virtual environment. In
this study, two different applications are conducted. In the firt part, three custom scenes
and its variants are designed and integrated with Matlab Simulink software. The UAV
flies in 15 meter above the ground and all the images captured by the virtual camera at
that altitude. In the Scene 1, there are three vairants. All variants have road, winter
landscape, threes with snow textures, and pig animals which are placed tor the map. In
the first case, model is built under normal winter condition with sunny, low snow, and
clear sky view. In the second case, winter condition is changed to the heavy snow, and
again sky view clear and sunny. In the last one, winter condition is low and the sky is
clear like case one, but, heay fog condition is added to map. All these cases are shown

in Figure 42.
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Figure 42. Scene 1 design with three variants

In the Scene 2, again three variants are created. The difference in this environment, stony
land environment is imagined. All variant model’s background has rocks, trees, stones,
and ground landscape like the Arizona. The pig animal characters are again inserted to
the area. In the first case the weather is normal, sunny, and the sky view is clear. In the
second case, heavy rain and fog is modelled. In the last case, there is no rain. Only fog

is added to the environment. Three cases are shown in Figure 43.
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Figure 43. Scene 2 design with three variants

In the Scene 3, city model is taken as a reference point. Buildings, trees, and other things
are created with the Unreal engine. For the weather condition, skylights are very low and
cloudy like the sunset. The pig animals are inserted to the map. Only one scenario is
created. The reason is to see how city model effect on the object detection. The Scene 3

environment is shown in Figure 44.

Figure 44. Scene 3 design
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For the three different scenes and their variants, the weather conditions, creating snow,
rain, and fog effects are dependent some parameter. The Unreal enigne VFX tool is
giving ability to create these effects. Some of the parameters are range, velocity, altitude,
density and so on. All these parameters can be adjustable. The fog parameters table in

Scene 1 and Scene 2 indide third variants is shown in Table 6.

Table 6. Fog parameters are in the Scene 1 and Scene 2

Parameters chne 1 Sce_ne 2 chne 2
Variant 3 Variant 2 Variant 3
Fog Density 0.05 0.1 0.1
Fog Height Falloff 2 0.001 0.001
Fog max opacity 1 1 1
Start Distance 5000 5000 5000
Fog cutoff 0 20Million 20Million
distance

Also rain parameters which are belongs to the Scene 2 in the second variant are shown

in Table 7.

Table 7. Rain parameters are in the Scene 1 and Scene 2

Parameters Sce_ne 2
Variant 2
Lifetime mode random
Lifetime min 1.12
Lifetime max 1.75
Mass min 0.75
Mass max 1.25
Sprite size mode non-uniform
Sprite size x:3, y:50
Velocity x:10000, y:10000, z:5000
Spawn rate x:0, y:0, z:-1000

After that, the snow parameter which are belongs to the Scene 1 in the second variant

are shown in Table 8.
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Table 8. Snow parameters are in the Scene 1

Parameters Sce_ne 1
Variant 2
Lifetime mode random
Lifetime min 10
Lifetime max 15
Mass min 1
Mass max 5
Sprite size mode random uniform
Sprite size X:9.6, y:6.7
Velocity x:0, y:0, z:-1000
Spawn rate 50000

In the second part of the environment design, a virtual environment containing the forest,
hikes and so on is designed. Inside the map some military person figures are added and
flight environment is adapted for the UAV. In that part four different cases are designed
with different fog level for each cases. Case 1 has no fog effect and the case 4 has the
most fog effect. Only view distance fog parameter is changed according to the cases
inside the Unreal engine. Case 1, case 2, case 3, and case 4 have 0, 1000, 3000, and
10000 meter view distance fog parameter respectively. The UAV altitude is configured
at 30 meter above the ground. The virtual camera which is on the UAV is fixed with the
orientation parameter given in the Table 5. All the cases belong to the second part are

given in Figure 45 and Figure 46.

Figure 45. Virtual environment with military person. A) Case 1 and B) Case 2
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Figure 46. Virtual environment with military person. A) Case 3 and B) Case 4

Obtaining datasets in neural network applications is a critical part. Image datasets can be
taken from some sources such as ImageNet, MS COCO, Stanford Dogs Dataset, and so
on, or can be created on your own dataset for computer vision applications. In this work,
for the military person detection application we used only pretrained network for
detection. MS COCO dataset has contained person categories. Because of the MS COCO
dataset don’t have pig class inside, different kinds of pig images are collected for the
image dataset from a ready dataset source [62]. These pictures are resized 224 x 224

pixels for computation issues. The sample of the dataset is given in Figure 47.

Figure 47. Pig image samples from the dataset

The dataset contains 1093 pig images. With training this dataset, pigs can be detected
inside the virtual environment in which the video is taken from a UAV’s camera. For
clarity, some of the images that have low quality aren’t added to the training dataset.
After collecting and preparing the dataset, it can be passed to the next step. It is the neural
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network training step. For this purpose, YOLOVA4 real time object detection framework
is chosen. Previous version of YOLO is not capable of the real time object detection, but
with the improvement YOLOVA4 is published. It is the first efficient version for real time
object detection. Also, there are many new versions and customizations on it. The Matlab
has also YOLOv4 framework. Mostly the Matlab software and its tools are used in this
study. Thus, going with the supported YOLO version is simplified the total work effort.
In the training option parameters should be correctly chose. Adam solver is faster than

the others. Option parameters are used in the detector training is given Table 9.

Table 9. Training option parameters.

Parameters Values
Solver Name Adam
GradientDecayFactor 0.9
SquaredGradientDecayFactor 0.999
InitialLearnRate 0.001
LearnRateSchedule none
MiniBatchSize 4
L2Regularization 0.0005
MaxEpochs 100
BatchNormalizationStatistics moving
DispatchinBackground TRUE
ResetInputNormalization FALSE
Shuffle every-epoch
VerboseFrequency 20
ValidationFrequency 1000
CheckpointPath tempdir
ValidationData validationData

Training process takes approximately 10 hours. The Scene 1 and its variants detection
result as shown in Figure 48. These detection results are measured from the one of the

video frames. So, the results given are indicating that specific point detection result.

51



Figure 48. Training results for the Scene 1 with three variants

In Figure 48, it is evaluated that fog is the main property to affect the confidence.
Although there is a heavy snow in variant 2, it is not affecting more the result. However,
in variant 3 has fog and it changes the result. There is no detection occurred at the same
frame as variant 1 and variant 2. Detection just occurs in the near frame to the pig animal.

The Scene 2 and its variants training results are given in Figure 49.

Figure 49. Training results for the Scene 2 with three variants

As shown in the Scene 2 results, variant 1 has the higher confidence value result compare

to the variant 1. By the way, there is no detection occurred at the same frame in variant
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3 which is simulate the fog case. The detection results of the Scene 3 are given in Figure
50.

Figure 50. Training results for the Scene 3

In the Scene 3, it is aimed that the city environment is effect negatively or positive.
Maximum confidence result reached in the training is 96%. One of the most accurate
evaluation metrics for the detection algorithms is the F1 score parameter. F1 score is an
alternative machine learning evaluation metric that assesses the predictive skill of a
model by elaborating on its class-wise performance rather than an overall performance
as done by accuracy. F1 score combines two competing metrics precision and recall
scores of a model, leading to its widespread use in recent literature. F1 score can be
calculated with harmonic mean of the precision and recall values. The values of the F1
are changing between 0% and 100%. Higher the percentage of the F1 score means the
better quality of the classification. For the both cases in this study which are pig detection
and person detection applications, F1 score is considered to measure the detection
quality. F1 scores for all these Scenes and variants related to pig detection are given in
Table 10.

Table 10. The Scene 1, the Scene 2, and the Scene 3 F1 scores

Cases Scene 1 Scene 2 Scene 3
F1-score F1-score F1-score
Variant 1 0.64 0.66 0.47
Variant 2 0.55 0.63 No variant
Variant 3 0.48 0.52 No variant

53



As seen in the F1-scores table, the Scene 3 has the lowest F1 score. In the Scene 1 and
Scene 2 fog effect is added in third variants has the lowest F1 score. Rainy and snowy

conditions are less effective than the fog effect. Lastly for the military person detection

part single frame detection results are given in Figure 51 and Figure 52.

Figure 51. Person Detection A) Case 1 and B) Case 2

Figure 52. Person Detection A) Case 3 and B) Case 4

When the weather conditions are changed the detection results are getting worse. In that
scenario only the fog parameters are changed. Case 1, case 2, case 3, and case 4 have 0,
1000, 3000, and 10000 meter view distance respectively. Increasing the view distance
parameters means make the more fog effect to the environment. To look at overall view
of the detection performance F1 score table for the person detection application which is
performed with different fog levels is given in Table 11.
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Table 11. F1 scores for the person detection application

0O meter 1000 meter 3000 meter 10000 meter
Parameter
fog level  fog level fog level fog level

F1-Score 0.77 0.67 0.64 0.60

As seen in the F1 score table, for the person detection application, increasing the view
distance meter for implementing fog level is decreasing the F1 score and the detection

precision. In 0 meter case F1 score is reached 0.77. Also, for the 0 meter case max
detection accuracy in that specific frame is 91.7%.
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5. CONCLUSION

In this thesis, object detection was performed on pig images and military person images
using virtual environment flight conditions. Images were taken from environments
designed using a quadcopter physically modeled digital twin. The configurations of each
component and related controllers in the quadcopter were modeled. Pigs and military
person in the designed virtual environments were tried to be detected with deep learning
architecture. Matlab Simscape / Simulink and Unreal engine software are used and
specified. YOLOVA4 real-time object detection architecture is implemented to detect pig
images and military person. In this way, a high-quality quadcopter model was created
and virtual environment modeling was successfully carried out in the Unreal engine part.
The combined use of this basic digital twin structure and environment is intended to
enable us to collect virtual digital images and test flight characteristics. Analyzes were
made for two different applications. In the first application weather conditions created in
three different scenes. In the second application four different fog level was applied to
the one Scene. The YOLOv4 convolutional neural network framework is used.
Therefore, the previous version on these architectures cannot perform real-time object
detection. The dataset is prepared for the training network depend on the first application.
The training phase is well executed with the option parameters selected and takes about
10 hours. The pre-trained neural network is used to speed up the process because the pre-
trained network has many classes already learned. All virtual images captured in scenes
are tested with the trained network. In the pig detection application, maximum 64% F1
score is reached in the best weather condition. And also evaluated both applications
separately, fog effect are most effective parameters than snow and rain for pig detection
application. In the military person detection application which is second part, increasing
the fog level with view distance parameter makes the detection algorithm lowest

accuracy. Maximum 77% F1 score is reached for this case.

Some troubleshooting has occurred in this run. For example, the GPU compute resource
is out of power for high-resolution training. Thus, 224x224 pixel images are given to the
model. The YOLOv4 framework has a rendering resolution of 608x608 pixels. Another
issue is that there are new frameworks release for the YOLO architecture. They have
better real-time performance than YOLOV4. In any case, the YOLOV4 training procedure
must be more complex and fine-tuned at layers within the network to achieve more

precise detection. In addition to all these, nearly a thousand images are used in the data
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set. It is the lowest value for doing CNN training. However, it is not easy to collect the
dataset from an external source. In the later stages of the study, the effects on accuracy

can be observed by increasing the number of images in the dataset.

In the study, object detection was carried out from the images taken by the UAV from
the created virtual digital environment, which is the criteria for the study. This basic
model will be used for future studies. Swarm algorithms, simultaneous localization and
mapping (SLAM) algorithms, new version of YOLO frameworks or R-CNN based
frameworks will be implemented with it. In addition, it is predicted that the accuracy rate
will be increased on both real-time recordings and images by using the parametric
perspective to create virtual assets. It is also thought that it will contribute to the literature

for the studies to be done for the images and recordings taken over the digital twin.

It is foreseen that the application made in the study will be the basis for the projects to
be carried out especially in the defense industry. For this reason, pig and human were
chosen. As it is known, wild boars are at the forefront of deceptive or damaging factors
for some systems in rural areas. In addition to this, it is important to detect the wounded
soldiers or danger elements with the drones. It is seen that the accuracy rate in the object
detection studies made on images taken from unmanned aerial vehicles in the literature

is lower than other non-real-time object detection applications.

In future studies, it is aimed to eliminate the image distortions caused by weather
conditions by using image enhancement methods and to improve the performance of the
created network. In addition, it is thought that making applications for different scenes
and conditions and datasets in order to improve the study will contribute to the studies
in this field.
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