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Classification of Weapons using Convolution

Neural Networks Suitable for Portable Devices
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Abstract

This article aims to study the process of developing a process for classifying 8 types
of weapons from image data using deep learning models, which contribute to the process of
using computer vision technology to recognize images and describe weapons accurately and
efficiently automatically. This process eliminates errors in analyzing large amounts of image
data with human error and reduces the data size for use on portable devices. In this article,
there are also models developed to distinguish specific subclasses of aircraft that can be
equipped with combat equipment and general aircraft. These aircraft are difficult to classify
due to similar physical characteristics, such as color, size, and shape. Therefore, this paper
uses TensorFlow and Keras, a library for developing machine learning with artificial convolutional
neural network algorithms. In this work, the convolutional neural network is used for the model.
The performance of the deep learning model is also improved along with a comparison
of 8 pre-trained models. According to the results of this study, the EfficientNet-BO model
has a weapon classification accuracy from image data of 94.01%. Additionally, this work uses
features of the TensorFlow Lite library to convert parameters into models. The model is
processed using integer-based computation to use quantization principles to reduce the size
of the parameters to compare the features, size, latency, and accuracy with parameters The
final model is mobile-compatible and is suitable for use on portable devices. The experimental

results of the int8 model are the smallest, with an accuracy of 88.64%.

Keywords : Deep learning models, Convolutional neural networks, Pre-trained model
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Multiple Launch Rocket System (MLRS)
Interactive Learning Program Integrationwith

MySQL Database Integration for Data Storage
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Abstract

One of Interactive learning method essential feature is to allow a customization in
learning contents that best suited trainee thus maximizing the training effectiveness. Multiple
Launch Rocket System (MLRS) interactive learning tool called D11A-Computer Based Training
(D11A-CBT) was created on this principle. This program uses Unity to create an interface that
allows communication of data between the program and DBMS. Thus, a large quantity of
data, such as text, image, and video, can be organized, altered, and requested conveniently
with no repercussion on the program. These data consist of the user account type, detailed
description of MLRS components and logbook of the user. Users can select an appropriate
account type such as visitor, trainer or trainee. Each account type will have different access to
corresponding data that is deemed suitable. In addition, this interactive learning program can
be installed on various platforms. This feature allows trainees to access training resources at
any place and time thus improving their training performance. Furthermore, D11A-CBT program

demonstrates the ability to modify and display updated data to the user in real time.

Keywords : Database, Interactive learning, Game engine
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u @ active_leaming_db th_user_type
@ id:int

(@ user_type : text
D user_type_name : text

n £ active_leaming_db th_part_guest
#id:int

@ part_id : varchar{255)

@ part_name_en : varchar(255)

(0 part_name_th : varchar{4096)
@ part_text_en : varchar(4096)

(@ part_text_th : varchar(4086)
o part_image_path : varchar(255)
@ part_video_path : varchan(255)
@ part_sound_path : varchar(255)
® updateTime : imestamp

no active_leaming_db th_username
@ user_id : int
# usernamse : varchar(20)
# email : varchar(254)
@ password : char(80)
usertype : varchar(20)
@ registration_date : timestamp

EQ active_leamning_db tb_user_name
@ Id : Int unsigned
[ name_en : varchar(255)
0 name_th : varchar(255)
1 username : varchar(255)
1 password : varchar(60)
2 email : varchar(255)

g?./ﬁ 4 ER-diagram
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Abstract

This article is intended to 1) explore the development and application of Generative
Artificial Intelligence (Generative Al) in military contexts; 2) analyze trends in the military application
of Generative Al from 2024 to 2030; and 3) synthesize approaches for enhancing Thailand's military
capabilities using Generative Al. The research indicates that the initial focus of Generative Al application
in military operations primarily centered on supporting commanders' decision-making processes.
However, as the capabilities of Generative Al have expanded, its application in military contexts
is expected to broaden in tactical, operational, and strategic levels.

The trends in military applications of Generative Al between 2024 and 2030 can be
categorized into three main groups: command and control, combat and warfare, and warfare
support applications. When considering the linkage to levels of warfare, the majority of applications
are expected to be at the tactical level, with operational level applications encompassing
decision-making in command and control, warfare in the digital domain, psychological operations,
and support for warfare. Strategic level applications are anticipated to involve decision-making
processes and operations affecting the morale, spirit, and strength of the populace, which are
critical components of warfare.

Generative Al is a disruptive technology that can enhance efficiency and provide
a competitive advantage in military operations. This analysis thus recommends four main
strategies for developing Thailand's military capabilities using Generative Al: 1) establishing
infrastructure to support technology; 2) creating or improving large language models for military
use; 3) defining operational guidelines; and 4) initiating applications in planned development
projects by the Ministry of Defence and the Thai Armed Forces to further enhance operational

performance and military capabilities in the future.

Keywords : Generative artificial intelligence, Military applications of generative Al, Military

capability development
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Abstract

This paper is a direct comparison of equilibrium optimization (EO) one of the
classes of meta-heuristic (MH) known for nonlinear optimization capability and Systune
designed specifically for control problems for aircraft blank angle control. The control
structure consisted of aileron rudder interconnection, Dutch roll damping, and proportional
and integral (PI) control gain. These are set as design variables with multiple objectives and
constraints including performance and robustness. The model parameter is allowed to vary
up to 10% of the nominal value. The worst-case gain result was then used to evaluate the
performance of the controller obtained by each approach. Overall, the EO result is superior
in terms of Dutch roll damping and robustness while other aspects especially in time domain

requirement is only slightly better than the result acquired from Systune.
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1. Introduction

Unmanned aerial vehicles (UAV) are
very powerful tools due to their versatility
and can operate without human interference.
The use can be seen in many applications
such as agriculture, military, surveillance,
etc. UAVs can roughly be categorized as
multi-rotor and fixed wing which in this
work will focus on fixed wing. The control
framework is the heart of UAV operation.
It allows the mission to operate without
human intervention through a feedback
controller. The controller consisted of 2 loops,
The outer loop calculates the waypoint
to the aircraft behavior required to reach
the point which often be the angle and
speed of the aircraft [1]. The inner loop
will follow the outer loop command as a
reference and then execute the actuator
to achieve the position commanded by
the outer loop.

The fixed-wing aircraft has 3 main
control surfaces, aileron, rudder, and elevator
for control roll, pitch, and yaw angle of
the aircraft respectively. It dynamic can be
separated between longitudinal and lateral
dynamics for convenience as it has negligible
effect on each other. Thus, it can be tuned
separately. Tuning longitudinal dynamic is
simpler than lateral dynamic, there is no
coupling movement axis compared to lateral.
In simple terms longitudinal captured altitude

and speed, lateral captured directional

component. So, longitudinal have to take
elevator deflection with constant throttle
setting to control compared to aileron and
rudder in lateral motion. When an aircraft
needs to change direction, it can be done
by aileron not the rudder, using a rudder for
directional control is not effective due to
higher drag, the excessive roll movement,
and furthermore rudder has less control
surface area compared to the aileron. So,
the rudder is used only for adjusting adverse
yaw angles. In the tuning procedure, lateral
motion is much more difficult compared to
longitudinal due to the coupling motion of
blank and sideslip angle. The aircraft lateral
control system is designed to track blank
angles causing unintentional side slip angles
throughout the process. To address this
issue, aileron rudder interconnection (ARI)
can be used [2], [3]. The ARl approach was
invented to adjust the rudder countering
excessive side slip angle while aileron is
active.

Typically, gain ARI is tuned first in
order to minimize Dutch roll damping
followed by feedback control design. The
classical tuning method obtained gain ARI
by using root locus. However, the gain ARI
can post the effect on blank angle tracking
later in the feedback control design. There-
fore, it would be more optimal to take the
gain ARI together with feedback gain as one

optimization procedure.
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Luckily, there are tools that can be used
in the problem such as Systune [4]-[6].
Systune is a very popular algorithm in
automatic tuning. It can utilize both time
and frequency domain requirements with
capable of handling multiple objectives
and constraints for an optimal set of design
variables [7]. It has an advantage over some
well-known methods like linear matrix
inequality (LMI), LMI can optimize only in
linear problems and is not capable of large
dimension systems.

Meta-heuristic (MH) is known for
nonlinear optimization algorithms which
are categorized as single-objective and
multi-objective. As the name suggests, single
objective has only one objective. The
weighted sum technique is used in order to
clump those objectives into one [8]. Multiple
objectives on the other hand provide a set
of optimal objectives through the pareto
front [9]. It is also used in control framework
[10] and the aviation industry suh as PID
tuning [11], [12], aircraft path planning [13],
aircraft engine modelng [14], aircraft system
identification [15], [16], robust control
tuning [17], [18], etc.. Thus, MH is suitable
for lateral tuning control design problems.

Few studies are comparing MH and
systune performance and usage which are
rarer in lateral tunig applications. Thus, this
paper aims to compare the performance

in tuning blank angle tracking with ARI gain

with multiple objectives and constraints.
Equilibrium optimization (EO) [19] was
chosen to compete with Systune for its
balanced exploration and exploitation.
The set of design variables, objectives, and
constraints are set as close as possible for
both tuning approaches. More detail can
be seen in the problem setup section. The

result was then compared and discussed.

2. Problem formulation

Aircraft lateral dynamic can be
represented in a state-space formulation
which is linearized and decoupled from the
longitudinal dynamic. The dynamic of DC-8
aircraft is used to demonstrate the controller
tuning technique. The flight takes place at
30,000 ft. with a velocity of 824.2 ft./sec.
The state space representation can be seen
in Eg. 1, these dimensional derivatives are
added uncertainty components using ureal
function in MATLAB which can vary up to

10% of its nominal value.
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The uncertainty of each parameter
shown in Eq. 1 is as follows:

Y _bl=ureal('y_b1'-0.0868,'Percentage’,10)
T1=ureal(T1',T1,Percentage’,10)

mV1=ureal('mV1',mV1,'Percentage’,10)
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L bl=ureal(L_bl'L bl,'Percentage’,10)
L pl=ureal(L_pl'L p1l,Percentage’,10)
L_rl=ureal(L_r1'L_r1,'Percentage’,10)
N_bl=ureal(N_bl'N bl,'Percentage’,10)
N_pl=ureal(N_pl',N_p1l,'Percentage’,10)
N_rl=ureal(N_r1',N_rl,'Percentage’,10)
Y_drl=ureal('Y_drl'Y_drl,'Percentage',10)
L dal=ureal(L_dal'L_dal,'Percentage’,10)
N_dal=ureal(N_dal'N_dal,'Percentage’,10)
N_drl=ureal(N_drl',N_drl,'Percentage’,10)

The aircraft controller is as in Figure 1
which has 4 tunable characteristics comprised
of yaw or sideslip damper (Kr), aileron rudder
interconnection (Kari), proportional gain, and
integral gain for the control blank angle of
the aircraft. The set of design variables are
expressed in Eq. 2-4 with lower and upper
bound as in Table 1. Ideally, the sideslip
angle is required to be zero as it interferes
with blank angle control but in lateral dynamic,
the sideslip is coupled with blank angle
control. Thus, the sideslip angle can be
reduced using ARl and sideslip damper. The
aircraft normally tunes the sideslip damper
and aileron rudder interconnection first
then proceeds to the blank angle feedback
controller. It may not be the optimal way
of tuning because this gain can affect the
controller's performance. The controller is
designed to track the blank angle command
using aileron as the main actuator, rudder on
the other hand used as a secondary actuator

assisting the movement of the aircraft.

(K ] o o

5p¢-:rur'{5_ [ "f_l O r
. e - .
T i (Y ol B
*Q_ Ky - Gy - —

Figure 1 Interconnection of aircraft controller

K, = x(1) ()

Kori = x(2) Q

B x(3)s + x(4) (@)

4 s

Table 1 Lower and upper bound of design variables

Design

variables Lower Upper
x(1) -5 5
x(2) -10 10
x(3) 0 10
x(4) 0 10

The objective of the controller is not
only tracking the blank angle reference signal
but also guaranteeing robust and stability of
the aircraft for this flight condition. The first
objective is set to search for maximum robust
and stability so it is divided by 1, how large
the gain will cause the system to be unstable.
Second is control effort, for this objective
seeking the controller to be as efficient as
possible. Third is settling time, which is the
classical component considering how fast

the controller handles the reference signal.
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Fourth is the root mean square (RMS) of the
side slip, minimizing the side slip angle that
occurs while the aileron is active. Fifth and
sixth are the norm of the transfer function
and sensitivity function, the norm is used
for noised and disturbance rejection. In
summary, there are a total of 6 objectives to
be considered which are combined into one
objective using the weighted sum technique
with weighting each objective of 2, 2, 1, 10,
1, and 1 respectively.

fl= ! (5)

max(lower, upper limit)
robust stability(robstab command)

f2 = RMS of control ef fort (6)

f3 = settling time @)

f4 = RMS of beta (side slip when used aileron) (8)

GK
f5 =norminf of

1+GK 9)
6 = normi ! (10)
f6 =norminf ofm

F=2+fl+2+f2+f3+10+f4+f5+f6 (11)

The problem is also subjected to
constraints consisting of overshoot, aileron
deflection, rate limit, roll rate limit, rise time,
and Dutch roll damping as in Eq 12-17. These
constraints are handled with a penalty function
in Eqg. 18.

gl = Overshoot < 5% (12)

g2 = Aileron deflection limit < 20deg (13)

g3 = roll rate limit < 30 (14)

g4 = Aileron deflection rate limit (15)
< 100 deg/sec

g5 = Rise Time < 4 sec (16)
g6 = Dutch roll damping > 0.2 (17)

Penalty function
fp=f+10000 *max(g > 0) (18)

2.1 MH set up

Equilibrium optimizer is chosen for
this problem, the detail of the algorithm is
shown in the original algorithm paper [19].
The population sizes are set as 100, the max
iteration is set to be 50, in total of 5,000
function evaluation. The equilibrium pools
are chosen as 4 pools for balancing between
convergent rates and searching radius. The
best result out of 5 individual runs is captured

for comparison.

2.2 Systune setup

The Systune requirement is not
straightforward to directly compare with MH
thus, the problem is set to have as good as
result with satisfied the requirement of MH.
The step tracking requirement dictated the
performance and constraint violation of the
controller so, this value needs to be adjusted
several times to get the best result for
comparison. Other requirement are straight
forward requirements like control effort limit,
overshoot, roll rate limit, etc.. The setup is

adjusted as follows.
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overshoot=0;

tou=0.75;

Req0 = TuningGoal.StepTracking('phic','phi’,
tou,overshoot);

Reqgl = TuningGoal.Gain('phic','phi',1);

Reqg2 = TuningGoal.Overshoot('phic', phi',5);

Reg3 = TuningGoal.Gain('phic’,beta’,0.15);

Reqgd = TuningGoal.Gain('phic’,'p',1.5);

Reg5 = TuningGoal.Gain('phic','da’,1);

Reg6 = TuningGoal.Gain('phic','da_rate',20);

3. Result and discussion

Starting from robustness and stability,
MH reaches 5.9737 over 4.7574 of Systune
meaning MH is more robust. Furthermore,
MH has less control effort, settling time,
and side slip error when excites the system
while the transfer function and sensitivity
function norm are nearly identical for both
approaches. Step response in Figure 2 shows
the comparison of 2 different tuning techniques
blank angle, both perform very well to the
command. The major difference is in sideslip
damping, MH approach surpasses Systune for
handling unintentional sideslip as it has larger
Dutch roll damping compared to Systune.
Dutch roll damping effect can also be seen
in Figure 3. The system is exited with duplet
aileron deflection again MH is clearly rejected
sideslip far better than Systune. The difference
between both tuning techniques is around
1 degree. The result comparison of Systune

and MH tuning approach appeared in Table 2

indicating that the MH approach performs
better in every aspect. Both methods managed
to pass all 6 constraints as seen in Table 3.
and have an overshoot of around 2%, and
aileron constraints and roll rate limits are
very small compared to the setup limit. The
worst-case gain from the uncertainty content
can then be identified using the wcgain
command which finds the worst uncertainty
combination that maximizes the output gain
of the system from the aileron command to
roll. The uncertainty then substitutes back to
the nominal system leading to a worst-case
gain system which alters the performance
of the design system significantly. There is
only a robust stability objective that uses the
uncertainty content in calculation the others
are computed from the nominal value.
So, the objective f1 is not present in the
worst-case gain result. The worst-case
gain system objectives and constraints are
presented in Tables 2 and 3. Both approaches
have exceeded the overshoot limit by
around twice the value of 5%. Settling
time is increased for MH but interestingly
decreased for Systune. The others are slightly
different than the nominal value. The op-
timal gain can be seen in Table 4, Gain AR
and integral gain obtained from MH is really

small compared to Systune.
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Table 2 Objective comparison of Systune VS MH

Nominal Worst-case gain

Objective
Systune MH Systune MH

fl = Robust stability

(norm)

4.7574 59737 - -

2 = Control effort

0.5779 05205 05566  0.5008
(RMS)

f3 = Settling Time

6.5758 2.7255 4.7169 4.7478
(second)

f4 = beta error (RMS) 0.0765  0.0575  0.0671  0.0509

5 = inf norm
1.0005 1 1.0005  1.0000
Transfer function (norm)

f6 = inf norm
1.3968 1.381 1.3968  1.3810
Sensitivity function (norm)

Table 3 Constraints comparison of Systune VS MH

Nominal Worst-case gain
Constraints Limit
Systune MH Systune MH
sl = 21716%  19992%  11.4646 108484  <5%
Overshoot
2=
aiteron 2.99 25018 29853 25876 20
defection deg
limit
g3 = <20
roll rate 2.9265 2,658 33572 3.041 deg/
limit sec
gi :r N <100
ateron 53623 46443 53604 46427  degy/
defection
- sec
rate limit
§ = rise 16604 18081 13572 1496 <4 sec
time
86 = Duich 0.3568 0.4122 03568 04122 >0.2
roll damping
Table 4 Design variables comparison
Design variables Systune MH

x(1) -0.72293 -0.85563

x(2) 0.05846 1.6772e-05

x(3) 0.61153 0.52925

x(4) 0.0028251 0.00012331

roll

sF . . =
—MH

0 N |7 Systune| |
0 5
3 "

ﬂ.?I
0 N
0 5

0 5 10 15
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Figure 2 Step responses of plant with controller
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Figure 3 Doublet responses from aileron to beta

The bode plot of an open loop
plant with a controller structure with 100
sampling uncertainty is captured in figure 4.
The classical gain and phase margin of the
system are decent on both Systune and MH
approaches which indicates the robustness of
both systems. The minimum gain and phase
margin on both approaches are 25 db and

70 degrees.
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Figure 4 Bode plot of open loop roll angle

4. Conclusion

This numerical experiment compares
these Systune and MH performances on tuning
control structures are not simple. The problem
cannot be identical due to the different
processes of optimization. So, Systune is tuned
as similarly as possible to meet the same
requirements as MH. Tuning Sytune requires
the knowledge of the toolbox to adequately
tune the controller to be as designed. MH,
on the other hand is straightforward and
more flexible. It can list the set of objectives
and constraints and fulfill all the constraints
while Systune usually treats constraints as soft
constraints. In terms of consistency, Systune
is superior to MH as it requires a couple of
repetitions to guarantee the best performance.
Overall MH technique is superior to Systune
in robustness, error tracking, and side slip
minimization. The problem can be set as accurate
to the real-world system which is much more

complex than this simple example.
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Abstract

This article presents the study on semantic segmentation for aerial image classifi-
cation using Generative Adversarial Networks (GANs). The aerial images were acquired by an
Unmanned Aerial Vehicle (UAV). The proposed method utilized the RGB color space to classify
into the total of 10 land-cover classes, including airport, stadium, forest, agricultural area, river,
pond, car, road, building, and others. The experiments were conducted using MobileNetV2,
ResNet50, ResNet50V2, DenseNet201, and VGG16 as the generator in the GAN framework. The
experimental results demonstrate that each model achieved the accuracy of approximately

80% and the processing speed of 2 seconds per frame.
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Applying Google's Teachable Machine to Detect
the Faces of Criminals according to Arrest Warrants
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Abstract

This research focuses on studying and evaluating the feasibility of using artificial
intelligence (Al), specifically Google’s Teachable Machine, for detecting faces of criminals in
the border areas of three southern provinces. The researchers conducted a study and research
process involving the examination of three hyperparameters of Google’s Teachable Machine:
1) Epochs, 2) Batch size, and 3) Learning rate. Data preparation and system testing were carried out
by inputting facial data of terrorist and non- terrorist to allow the Al to learn and differentiate
between the two, a process known as machine learning. The researchers sought appropriate
hyperparameter values through study and iterative experimentation to achieve the clearest
and least biased face detection possible. The research findings revealed that the suitable
hyperparameter values were Epochs = 100, Batch size = 256, and Learning rate = 0.001. Subsequent
testing demonstrated that Google’s Teachable Machine achieved a face detection accuracy of 96.50%.
This study illustrates that Google’s Teachable Machine is effective in face detection and serves
as a valuable tool, saving time and reducing programming complexities. Individuals interested
in further exploration can utilize Google’s Teachable Machine or Al to obtain more accurate

and efficient results.

Keywords : Machine learning, Faces, Detecting, Hyperparamete
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Testing and Developing

the Strength of Unmanned Aircraft Wing Structures

Jedsada Chomdara'” and Nuttibase Charupeng'
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Abstract

This research has collected data on the use of the unmanned aerial vehicle Tigershark Il
from The Research and Development Centre for Space and Aeronautical Science and
Technology, RTAF. From the data, it was found that the wing structure is robust but heavy,
leading to high-speed flight and fuel inefficiency. Researchers aim to reduce wing structure
weight by improving and developing internal components to decrease overall weight. The
objective is to test the Tigershark Il unmanned aerial vehicle wing structure according to the
original plan using Finite Element Analysis with FEMAP and NX-Nastran software, and then
create a new wing based on the results. Testing involved applying forces to the wing using
sandbags according to NATO STANAG 4671 standards. Results showed that the original wing
design weighed 26 kilograms, supporting a maximum load of 900 kilograms or a Load Factor
of 7.23 times the aircraft weight. The new wing design weighed 16 kilograms less, achieving
a weight reduction of 38%. It also met strength standards, exceeding the Proof Load Factor
of 4.37 times the aircraft weight. However, further study is recommended, including dynamic

wing testing or fatigue testing.

Keywords : Unmanned aerial vehicle (UAV), Finite element analysis, Aircraft design

' Aircraft Prototype Department, Aircraft Research Support Division, Research and Development Centre for Space
and Aeronautical Science and Technology, RTAF
" Corresponding author, E-mail : jedsada_c@rtaf.mi.th

Defence Technology Academic Journal, Volume 6 Issue 13 / January - June 2024 75



1. uni

mMsaneRnsEnRun eIl lgeINAeTY
1$Audu (Unmanned Aerial Vehicle: UAV)

Tadhunfunumlunmsufifeueanasineinia

Wuegrannuazinanenanfieun1sufianig

21 Wpsnnmalulagsny UAV fianufnimin JUi 1 ommenlinudvlmnesiin 2

[ < o Y a en a
BYNIINLII ﬁ’]ll'15@1‘14!']3.1Wlﬂjﬂﬂﬂﬁlﬂ?iﬂ‘ﬂaﬁﬂﬁiuﬂu 1.1 {]QJ’W'ILLGSH'IWIQ

1 = v g a va
mammmamﬁmamaa@ﬂiyaunawum MNNSEUnNUIIeINAs ULE ALY

P~ a A9y A a % o
VlﬂLLVluﬁﬁﬂ’l‘JLL‘U‘UL@umﬁjm‘iawumﬂmumﬂﬂ 1‘V|Lﬂ8§‘l1’1§ﬂ 2 ﬁquuﬂlnﬂ AINanaszuzan

& A a wva v oA
Huedhadt ansnsaufifenldodowmm asansesaduididy FiteTduunda
iasriEmslna dsevdadilitenazandunns 4,0 siannlasehdnlihminfiowassng

IUﬂWiﬂQUG}\‘i’]U"U@QUﬂUu ornaeulSautdu mwmﬁw&amummgm

Tmnedusn 2 wandlugun 1 danuenitn 6 wns
1.2 Inguszasa

d’ v | 6 4
. eneaaulassasstUnvesininesuisn 2
o Weduduniundusavealasadiedn
MUNIMTFIU NATO (STANAG 4671)

. Wanaulassasretnlnnesensn 2

Jwihasialduiudie 8 4alus Faldgninanly

Tunsiaanenseiiu

ﬂl 1 1 v U
M19199 1 nsudanguenAeuliautu [1]
. Normal Primary
Class Category Eml:cl’c;;/nnilent Nom:litlig%eertmg Mission Supported IET:{% '::E
Radius Commander

Up to 45,000 ft Unlimited

MSL (BLOS) JTF COM Heron

MALE Operational/Theatre

Class I . . . Up to 10,000 ft 200 km
(150 kg - 600 kg) Tactical Tactical Formation AGL (LOS) Bde COM SPERWER

Micro** Tactical Sub-unit
(<66 J) (manual or hand
launch)

Up to 200 ft Up to 5 km Platoon,

AGL (LOS) Section Sl

76 nImTImmavaluladUesiudseme U7 6 aUui 13 / unsieal - dguigu 2567



2. npuiuazuideiineadas
2.1 ommAsulEaudu

J.E.Mayer [1] sdunghemeaenuliautu
fio sunuzTRuRReusendslag ifieudu
Lﬂéauﬁlﬁaéwé’ﬂuﬁaﬁaﬁwmim‘uam a5
ussngunsainusunsevieldAls eruwmy
Sauduiludinusznevtuitiugiuvessyuy
21MAg1UlSALTU (Unmanned Aerial Systems)
omdeuliauduiinisdulnedisininszlen
el visessufiuTaguszasdimsldauivanvans
Feflmsuvsoniseulsauduesndu 5 ngu
pranviidn g warszeznaihnstudundn
wamdlumsned 1 & Tnnedwndn 2 fhwin
166 Alan3u Jwhanshediaiugs 10,000 v
F9dmaglu Class |l

2.2 MFAATITRLATIHE1991NABIUANUNAN
Tassadr9onidenu
?Jﬂ;jdmﬁm?iauﬁuﬁwmmmﬁwaaﬂﬁﬁm
Al [2) rugu 2 Tnedgnasuansuinadiinduas
finn191090198n55% (W338n) Ainszyirfudn
Tumasananiasimuns fuinfidsnsidruwes
muemasiaiivaretndeninueinesailanln
(Taper Ratio) Wity 1 1i%8 A=1 Fsmneeui
rugmnesaTlaLinwazmLEResaTiUaeTn
fuunawinfilugui 2 wasvunalsivinfulusuii 3

a‘l\ATJ‘\AAa‘l\A
|

_ i

AN

)

Uil 2 niiaesnsEnssuvund (Un)

Fwsutinnsedmaeuiu (A=1)

Qan

\\\\

\

\

A
A
A
NTA

WAL
\\\. VN \\\

FUT 3 nmd1aeanisznssuvum (Tn)
amsuiinidl Taper Ratio (A<1)
1ay S. D. Lannoy [3] laudasaunns
dmsunisAuiamszezlnedarealn (Wing

Deflection) sauansluaunisd (1)

2WL 1422 } 5

= 1

o Elroot {(1+1)(13+35.1) y-
e 8 = szwzlnwasdn (Wing Deflection)

(1uny)
W = dwiingau (@)
L = pnugmaswiwesdn (wes)
E = flugdavedsd (Uada)
I, = Tuwudanudesnistae
Alaudn (wns®)
A = Shvénuwesrmuemnesaiivaein
fomusresafilaudn
(Taper Ratio) (laifivtie)
y = szezaunudUnaintauln (Wns)

2.3 NM5IATILHLATIES1991N1ABTUA8TT
AAZNT9NA (Finite Element Analysis: FEA)

Wunsldlusunsumsuiininesadie
wuudiaes 3 17 leelivgud) Finite Element
Method [4] $1a0ssenssuiitintufilassedng
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amAey WeRAT ez (Stress)
wazAANLLASEA (Strain) TLART U SauEans
fsanduaings Faduuinauiiindiany
WUGIan ﬁ’umm‘[.ugﬂﬁ 4 FaSuwadaiaiey
ag1aunsvaslulagiu Wosndlusunsy
FrurunnildszidouisTiasiziidana

Doy o TEETROAETAPS By 108

U 4 rogmsinsisilasaiiselusunsy
Finite Element Analysis [5]
WsIEiAuUTetakarlNan1SAUINBE
59957 UsendnsuUseanamaziianlunisnaaau

2.4 msa§atudauanasudaeYaaua
(Composite Materials)

Asad9d udruennaeuliAudy
sheTampandunuitudeunassodinnusugy
Tuvanesnu WsliinrudaenfouasUssavsam
fiuneudsl

2.4.1 N398ALUY: PONLUUTUEIY
anmeeudieliEnansevhalfoendiussavianm
wu Tlusunsu@euwuy CAD (Computer-Aided
Design) Higadauuunauiiuiuguagviangay
Aun1syinauuesenAsulS ALty

2.4.2 maidenian: 1denagifinnm
wnzauEmsUNSIdlueINALIY WU wanaRn
W39 (Reinforced Plastic) wanafniasulen
(Glass Fiber Reinforced Plastic: GFRP) wan@#in
w@3ulemsuau (Carbon Fiber Reinforced Plastic:

CFRP) watad niasuledansnzsi (Synthetic
Reinforced Plastic) uu

2.4.3 ANINAR: ﬁﬁﬂ’]i‘ﬁyugﬂﬁyumu
(Composite Lamination) lagnsurdanunneiEes
uLUULAEUSYaUSeT IS

2.5 MIRUIUANUUTIUIIVI TN AN
NS TUvRITaANas (Lamina)
PUFUT 5 JUnWvdn 3 wnu fell WAl 1 A

vauaule (Fiber) 58n71 Fiber Direction kAU 2

3

FUN 5 unuvanvestuvesiagaay

wavunui 3 fievnsisannuunvesdulelviues
158031 Transverse Directions [5]

Saauaudutaguiaiilautiluusas
fiemnalalwinfiu (Orthotropic Material) iflasann
NNSAUIAIAILLAULAZANANLLASEADE R
auufgiuiiaguansenitadule wazwnind
L“‘ﬂui'a@l,ﬁalﬁmﬁ’u lalugnuuAIANUALLAY
AANULASEAYRLLYENG Lazvaaduluurazidy
gﬂ‘ﬁ" 6 LARIAIULAUUNDIAUTENOUYRITED
Usenaudae AuAudaann (Normal Stress)
U 3 A1 (01, 02, 03) warimnuAuLRoy
(Shear Stress) 37U3U 3 A1 (T, T2, T3)

AUFUNUSTENINIANIULAULAY
Anupsunausalisuliegluguiumindle
m’mg‘dﬁ 7
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1 —V21 —Vz;1
A A 7, 0 0 0
Vi 1 vy
—_— = —= 0 0 0
£ E, E; E; o,
£ Vi3 —Ve3 1 A
e | _ _El _Ez 5 0 0 0 o
¥23 1 T23
this A L |
Y12 1 T12
0 0 0 0 rF 0
13
1
0 0 0 0 0 Yo
L 12_

JUT 7 Gun3AINETIS A AU A IUATER

Ing 6x6 matrix L38n37 WNINGNT
UfURR (Compliance Matrix) dwsunsanin
A aussvesYanua esnnsufisayEng
mMaufiRmaseududauinn TWaunsinsen
Wanadsdnunglunisuiluyizngnisuuimany
WeTiasngsinnuudsusaveslaseadnedn
Innasvisn 2

2.6 ANUUVILTIVBITANMEY
TumsFmunnlugdavesdid (Young’s
Modulus) ¥3oen E 1esansesuuui (Laminated
Composites) tumaufuatieinfamndusiudu
oty vienssuumsralidudedientu
(Homogenization) 3sAnyIA" E LN (Ply)

Ya¥aR Iemsmuinudligdagaveu (Partial
Modulus of Elasticity) vesiaiwes (Layer) n vila
auaunsil (2) Tae D. Gay [6]

E, =2E, )

S N = sauawesvesTanuan laivunaving
n =Ply sequence: 1,2,3, ..., N
E = Modulus of Elastic vouatgas n
E*n: Partial Modulus of Elasticity vadiawas 1t
E = Total Modulus of Elasticity Yasianmas
b, = mwmunvesian n

B = enwvunsinvesiasuay

lugdaganguvesiagnanaiunsn
AnalinraTINveudulugRave Ny

Tanaaunisi (3)

E=E,+E;+E;+--+Ey (3)

AUNTAAIUIUATRS IR sTiau Ul
(Allowable Tensile Strength) lagWa15aun
AN € (Elongation at Failure) sﬂaﬂ%uﬁﬁ%’]fjﬂ
ANEUNITN (4)

Oq = (5f,n)minE (@)

3. N13ALIUUIRY

3.1 Sunsunissiiuu
Funeunisdniurnuiseifievsig

Taguszasdlunismadeunuuduwas i

wnnuulassadstnomeasuliaudy ffuneu

Fauandlusui 8
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80

Literature reviews: Wing Static Load Test; Structural Analysis (FEM)

<

Analytical calculations/predictions

-

Finite Element Analysis
- 3.0 modelling (Solidwerks)

Wing Static Load Testirg (= 2g)
Preparation; jig, test component
Test configurations

- Meshing/Sclving (Femap + No-Nastran) | == | - Trails and measurements
- Results; Contour plots of strains & - Results; Regional strains & total
deformed shape deflection
I . ]
Unmatched
Cross-checking of the results Parameters tuning and improverments
l nitched “Re<héck
| Predict ultimate load by FEM | o T
Sunvive Ultimate Load of 6g for 3 seconds
1 A
I Static Ultimate Load Test }—- Qualification check (Stanagd671);
i Ungualifisd

Data Post-Processing and Analysis

Critical areas/components

Failure Predictions Redundant structures

Lay-up detail —,

|

Redundancy reduction

Interior re-configuration _

— Reducing weight
Censiderations | Redesign Chjectives
'ﬂ' and/or
e | Strengthening
Element |
Mot improved
—,-_ Analysis

r Improved

Fabrication of New Design

(using same mould)

lification check
e Wing Static Load Testing e QUZStI:a ":::nec
nag

Finalisation and Write-up q:—l

FUN 8 Fumounsanilunsive
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3.2 nMsnageuiaguaNflIsIsagauaUas g
(Materials Coupon Testing)
lun1smseilassadnetinenniaenu

15audu danudnduiiezdedddoyaneiu
Auaudidinavesianilussdusznauves
Tasaadns wu Alugdavesdsd Apnuudaus

I vV (3 £ ¥ aly
gegn Wudu asduszneuvesiaglasiaiieln

¢« , @ o Y
vaslvneTndn 2 ennilvieriathyTmpes woy Eome
MAnINNSTUsUMeTEazBentunauaneii
fnuantRnuaneeiy Adtewmald AuelIde
Jliunmnegeuian w audinalulaglans
warTanurend laud nsneaeuusads Tugun 9
MaveEaULsIng Tusuil 10 LagNSNARBULSIIA
Tusul 11

FUN 9 MINAaOULTIAI

&

FU7 10 Msnnaauusing

FUN 11 M39aouuTIsn
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3.3 nswrukuulaseadrsUnlminaseisn 2

WWBN1591899 3 U6

Rnrsueunuulinssduluuasie
Innesesn 2 lnedauenidn 6 was fae
TUsunsyu  Solidworks Hudnwaelunauuu
Araufif Feasmuizdmsunissiaesuaz

Auansiol [7] auguil 12

FUA 13 uvuaudfveuviunaaeuuaynsinTIwaiing

Yeul dig Seppant | 2

JUA 14 wuudmsuaiauwiuneaey

3.4 MIauazaaNLUUWINAFaUlATIENsUN
(Test Jig Support)

o
o

Tunisneasulaseaselnidu azdaq

= ' ° 1Y

9
fwiudwmsunsiansalnliegiui lngazdes

vlnnaetuuariinisianis sy Taseadn
Avgdanniunsenssurugadanisfongn
whpdrMuuiuseenann Jufenlilaseaven
laglatiniseanuuunlglusunsunauiames
GusnensBeunuuansiin uasnszinuuduse
fuandluguit 13 Futlelinantsdunaiannse
handudulainfinnudasadalunslienu Tuns
Fazsosmunsunssnssumudin (Limit Loads)
finsznssiuuasg o YoRNTENEINFE LI
FahluBeunuudmsumsains Fauandugui 14
udiifumsasemauutluguil 15 gave

wivluRadsiutniieinmesaey luguil 16

3.5 N1SATUIUUAZALATIZH LASIAS 190 28
WmAdA FEA
TuniseeniuulasedasieoniAeny
Tnanizogeds Tnssadnsludufidossesu
NILNTIN UDNANATADINARDUNTZATIUUNU
ANUNIATFIVAINAAIINANAITHAUBINALA
LUzIMIsinIsassn1mageulaalusinsy
diedunsnsadeusE i InadeULazAIg
$ra098nde Tnglulsansiseilalilusunsy
Femap Version 12.0 [8] dwiunsguans
AUIULAZAATIZANARI § N9IAINTIN WY
THlUsunsu NX-Nastran @usun1sAuiesig

Weeigana dwanddugui 17
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.
FUN 16 lassasntnlmnesyrsn 2 (uaukvuiiu)
AndaUse T U Unaaey

ﬁm%’uéﬁLLﬂiﬁwﬁmLﬁmﬁumiﬁwmmﬁu
anzgIdeladenldnisuutesdusznauiuy
Audsuvun 5 fadwns werliduesdusenou
#pslAuuu Q4 vise andunisunluwuuludiles
(Bilinear Interpolation Functions) duunisfune
demndunsenadideddsnuessdlszney
AaudneNnn elianunsautsssrusenaukuy Q8
vieAUMIMawEedls mswavhlvszesnantung
Fnasnnituly venanigidldenualishaa
a1laden (Jacobian Ratio) Setliifiu 0.6 Fafu
Afinnsgunaglinanisduaniundede
MASHEAEeNASENTSIIA 1 - 6 Wiwes
thuthlnnedinin 2 Tnssaedinsyvhludnuas

JU7 17 FEMAP 8m5umsiingizsiidana

MUNuATIna1NTEUANIUT 3 nanfe el
anwauzun1inszaeusInnsenssu (Distributed
Load) wagslussvunslugjiigniilaudnuazanas
LUULAUASY (Linear Variation) autfesiign
faneUn (Fauandlugud 17 smugnas@den) uas
Tuns8asds (Constraints) veslneatiu tesan
WunisdraesUndrafedlagardendnnis
aunas 3ededliyndandefiuvinamnuannns

Tumsmunasne FEA 1 efitianadiy
ORI LALALYNABIVBINANITAUIN
uBNTINIF R IUTUNSLAT RIS FEA W
dndadonilsfidanangeunn Ao nsimua
Fanuazaunul Je5auludanisiinun
AuALTRdnavesiay an lnsamideillimaaey
ﬁaﬂLWﬂﬁﬂ@Uad AUUINIFIU American Society
for Testing and Materials (ASTM) anufina
Tude 3.2 uandluasneil 2 uazniseenuuy
mynsidlevestasaaindln uandumsai 3

3.6 NsnagaulaseaiNUndiegamsie (Wing
Sandbag Testing)
lgansenanseanenuusen (Load
Distribution) witadwiunistaimiingi 2 419
mamdnmsauanng wanslusud 18 uaz 19 14
gunsalinAAuAsen (Strain Gauge) d1wsu
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M1519% 2 JeyaTanfltausulninesynin 2

e whyineie
v a Rickk) Modulus of Elasticity | Tensile Strength | Compressive Strength | Poisson ratio | Au1uN N
Ja0 vive Ply Pl (Goa) (Mpa) (Mpa) 0 () PN
y P p p (/)
Plain-W
ain-voven CF/E 26.9 450 300 0.10 0.25 400
Carbon/Epoxy
Plain-W
ain-roven GF/E 153 337 81 0.10 0.10 150
E-Glass/Epoxy
Unidrectional | ), ¢ 519 1500 1200 0.30 N/A N/A
Carbon/Epoxy
Plain-Woven
Carbon
2 -PICA F/f,
| 2mm U-PIC s 50 94 5 0.30 250 900
foam CF
| Plain-Woven
Carbon
Foam|Carbon|
F/CF
Foam|Carbon| /F / 3.8 53 6 0.25 12.00 2000
Foam
Lidh PlW 6.7 70 45 0.25 3.50 2400
(Plywood)

MMTINAIAINLATEA LAZNITATUIAIAIIULAY
AafagunsaifnanAlnuLATonkUULN e
(Axial) mutvesnudn (Wing Spar) fidnnana
(Center Wing) 31u72U 9 #MLAUS Lasing g
Strain Gauge BiavawNU (Rosette) 0°/45°/90°
$1unu 8 fumia figarng 9 veaiadn dauang
Tugud 20

3.7 MINAIUILNULUY

InssasamdnUsenauluaie  Center
Wing Main Spar Ribs Wa¥ Rear Spars, Outer
Wing Spar wagitn auziidelammuauuimie
Favanunsavinnnlasadresnelugel

1) Wanieans iy Ribs sauluisnns
AN

2) WU Profile 989 Center Wing Main

Spar 910 C-beam 10U -beam wiouuSuiUaou

| 900 kg (7.26¢)
Total 60 bags needed: 50 x 50kg + 2 x (Skg + 11kg + 16kg + 20 kg +23kg)

FUI 18 JUuvunisaegansiguuiln

FUil 19 msnaaeunuutusidnsasivtndegam e
n5enTINYLIN 900 Nlansu

FUI 20 M3@Asa Strain Gauges AUAITN
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A15199 3 N1spanLuUNSNEEUlgvadlasIas1aln

) Ply Sequence Layer Thickness Total Thickness
Wing Components Sub-Part i
(Orientation) (mm) (mm)
- GF/E (+45°) 0.10
- 4xCF/E (+45°) 1.00
Skin - CF/E (0/90°) 0.25 3.95
- CF/foam/CF (0/90°) 2.50
- GF/E (+45°) 0.10
- GF/E (0/90) 0.10
Upper - 3xCF/E (0/90°) 0.75 330
Flange - UD/E 2.04 ’
- 2xCF/E (0/907) 0.5
Centrewing - 2xCF/E (+45°) 0.5
Main Spar Lower - UD/E 1.44 279
Flange - 3xCF/E (0/90") 0.75 '
- GF/E (0/90°) 0.10
- GF/E (0/90") 0.10
Web . 1.35
- 5xCF/E (+45°) 1.25
CF/E (0/907) 0.25
Rear Spar PW 3.50 4.00
CF/E (0/907) 0.25
Outer Wing F/CF/F 12.00
12.00
Main Spar
CF/E (0/907) 0.25
Ribs PW 3.50 4.00
CF/E (0/907) 0.25
Carbon Tube 8xCF/E 2.00 2.00
Sleeve 8XGF/E 2.00 2.00

A1aN159aE IR UL UUNNT LA UL

3) WasuTarlutiman (Core Material)
yosRantludssian PVC iy 1dulvuiid
Sasdrurasrnuuaus et mtnannnin

4) Wasumuegavieansusu (Connector
Tube)

5) Wasuwuunsinuszneufusening
Unnanauazand

4. HaN1339Y
4.1 NaN1SANUINY FEA

uansa FEA Msfinaimslasoniins
intudielésunsenssugagauunm 900 Alansu

nseyiiuln wandluguil 21 Fujuiiliasien

Q

geAngaluusnuae 9 wanslifiuinlasasg
lugndnn3euazdu 9 919Ann1sATINMNS Izl

enaendlndlpesiumasnuesian (Yield Strength)

4.2 Han1INAFIUIATIET19UNA 1IN
(Sandbag Testing) (LNukUULAN)
HANIVAADUMENIENRMIElALans
Tuguil 22 TaeidunanisTrishvesdnduses
vinianeith Imhedumuiiams fvuinmsenss
59 9 A A ULANANS ST AN TR0
Wisuisuiumamsneaeuldiiudesas 15
dleldrnisdrsialassadeniely
shwaneen (Visual Inspection) IRAingame
Tuguii 23 liwuanudemedieiudn wu sos31
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Max stress (Plywood) = 40 MPa, g, (plywood) = 27 — 35 MPa
Max.stress (CF) = 150 MPa, a,(carbon/epoxy) = 400M P,

Max.stress (skin) = 300 MPa, a,(Carbon/epoxy) = 300 — 400 MPa

FUN 21 Uannan)I s IAY
(Von Mises Stresses) a 998 9

e +
i = 9

e + e

=]

- +
™ a
I 8

00 [}

L W0E0  J0S  WeM  MNe) MOS0 G6D) MO0 MNM0 MOS8 eme

Loty

O Aeatyscal [JFEA @ Sandbag test

FUT 22 WisuiiguszezviniiuaIetn (UAULUULAL)
o YUINNITENTIUHN

vipsesusntuivestanfienaasinainnis
wentu (Debonding) anusaesuielainian
F3laiiinn1s Debonding wifin1sAsINLTNT U
\lesanndmsBudiusienanisinszezudn
(QnAudldnun) wagn1sAIuIUA I8 FEA
Felinatilassaisungaiimanuduiiiety
MNMsznssUlnAREUNTIA AL 0 PATIN
(Yield Strength) va% enunseriasemazasUlin

Tassadresdnauunuiuuiiuiinnnuudinsa
g49dn (Ultimate Strength) ATW1AN158N55Y
900 Alansu %3 7.26 WihvestwmineIn AL

4.3 msnauuuuulassandUnlnnasuisn 2
Anzdedslaaniiunisuruiuulng
PN & uas 5 Feazvhlilasadienenay
Wausuazanthuiinld  Tnewunsanaumn
Yo Wiulszavdnnlassadenelulnensld
TAseadegiouBu W Stringers AuWUUTATIEENS
wuuAdlslase Semi-Monocoque LLazLU?;augﬂ
wuuAm@nann C-Section Wuwuy beam 3l
fmsangidowiuse FEA fuandusud 24
warlassasstnmeluvesivanauuy wanduzy
7 25 VLA MRATI VLRI 2,000 TF

Tums1991 6

P [ — | e—— |

FUM 23 n3aTiannudenevedlnsiaiietn
(UpIduUULAL) B8INISNAEEY

nssniunistuguiassaiiednaia
weuwudlyal Toegudl 26 wamslassainanmely
wazansnsnagUiudnvestnaaususuy sl
whity 16 Alan Sdinenausuuiiu S
26 Alan3u
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M15719% 4 W UABULAEUBUULATIES19UNWEY
LUULAL AR UwU UL

WHULUULAY wwunuulvi

9 Ribs (Half-Wing) 10 Ribs (Half-Wing)

C-Section Spar I-Beam Spar

No Stringers Carbon Roving Stringers

Foam/Carbon Outer Spar Carbon/Plywood Outer Spar

80 cm Tube 40 cm Tube

10-12 Layered Skin 6-8 Layered Skin

PVC Core Mat Kevlar Nomex Honeycomb

= = - v v
M13199 5 1WSBuguwkukuuNaRnduleves
JulanuesriUnuazauln

Centrewing skin Outer Wing skin _| Centersing’s Main Spar
to) T G g
B Pmam.muuw! top E’m‘l;uu-'
@ 1x Carbon 45* 200 g/m? 1x Glass 45% 80 g/m* -
3 3 Earbon 45° 200 g/m* 4 Carbon 45 300 gfm? [ -
1 Carbon $0° 200 g/m? S Carbem D0* 200 g/m
ﬁ: Foam 4 mm Foam 2 mo .
k) 2x Carban 907 200 g/m* 2x Carbim 0% 200 gfm’ ~ Bt 5 g
6 1x Class 160 gfe? 1x Class 45° 80 gfm” _I[ f‘Ef"“:;';nlWIg’l'
bottom bottom e
toy
c i op E— G20
%‘ 1x Glass 90 50 g/m? L Glass 90" 50 /"
= Fx Carbos 45° 100 /e 2xCarban 45° 100 g/
Homeycamb 3 me Noneyromb 3 mm PP
H Ex Carbes 45° 100 g/r? 2x Carben 45° 100 g/
=
R 181 Care UD 200
battorn battorm

JUN 24 msinTzilassasmiutneie FEA
WYy C-section (718) MINUAHULUULGL Uag
l-beam (977) Auusuivulvs

FUT 25 wsniuvulpsaa719n mausuuuiiu (47e)
uazusuwvulyl (¥37)

M15199 6 HaA U FEA WiniUSeuiisuauln

Numerical Result C-Section Spar |-Beam Spar
Maximum Displacement 16.3 mm 4.2 mm
Maximum Von Mises Stress 95 MPa 35 MPa

3‘1/17' 26

ns9ugulnseasiatn (uauuuulng)

4.4 mstuturnuaunReMAYalaAsTEsdUn
(ueruuulug)
MN1TAAAATIERMEANAAERNS
(Analytical Method) wagnislainaiia FEA
TnesjaSouiisunavesszozudaiiuanetniile
TUUANTZNITUAN 9] WINTLYLEZNMIVAFDU
Unshegmee dwalieszsiiteduduni
Wdedle (Cross-validation) mugﬂ‘ﬁ 27
st liasuauilndifosiuliiiu
favar 15 IndiAsstunsdlununuui deld
ATINADUNATBIAIAULAY (Von Mises Stress)
NMIFMLIUNEY FEA 04 g Fe Uinniseuse
shdnnaaerliuen  Teednanuiiy
1N 600 winglama mugﬂ‘ff‘i 28 %ﬂLﬁuf«;ﬂ
Ultimate Strength vas¥an waglvinanisvnasu
shegmsgluvhusaifeniunusud 29 awnse
ayuliinAuudeunssgsdn (Ultimate Load)
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§
B
a+

0008 20000 smoo smm smm oo oan
Load eg}

QAnalytieal [JFEA @ Sancag best

31!17'/ 27 wWhsuiluszervsaiiatetn uwuuuulng)
al YUINNITENTIUAN
vadlasenhmanmuuulys Semnuniiu 660 Alan$l
vseAnudnsdmnsenssy  (Load Factor)
WU 5.32 1wedtvtineInmeny uaz
annsnantviinldiedosay 38 danuudause
sernmtinunTudosay 19

5. asUunauazdatauauuy
5.1 d3Una

IMNN1INAABY Sandbag Testing
Aulaseasetn mnesynsn 2 muKLLUULAY
Fafliwvin 26 Alansy Teedrsdanasinig
NAFBUIINUINTZIUEING (STANAG 4671) WUt
TassasUnsesfunsenssugeanla 900 Alandu
Andudnsidunisenssy Wi 7.23 wihwes
twtinennaey  wagAmLdaunsesotmtn
(Strength-to-Weight Ratio) 111U 34.6
TnekansAEURNaENSEEE RN SFMYIE
AENANIATIAS 1B INIALIULAE ATATUINA
Finite Element Analysis 3saunsaazulai
TassadreniuuryL UL uiltudnunn
wuanuswdu (Oversized Structures) @uA3s
HardeainswamnuNuLU U eant mTnLAY
fanuud sussnun et g us (Proof Load)
MINUPTFIUENA

U 28 wamasanisAuaal FEA vaslpsias1edn
(wevulval) ad 9aIngavuTianiseenasenang
Tnnarsuaziinuen Huurnnissnssu
660 Alan3u

JUN 29 nmsnageutln (uxuuvvlus) Aregansie

Tun195U5uUganas AU LN UL UY
Tassananlnnedndn 2 iileanthviintu
Igvinsdsunlatasiadisazesiusznou
melulmitamalngenfouumelasiadng
wuuAdlilase Semi-Monocoque  sjawtfurilir
Riuneas ualassasnengluvan Wy lasesu
(Ribs) wnuUnudn (Spars) uauena (Stringers)
fauudausenniu Lﬁav‘iwmiﬁugﬂ s
16 Alan3yu FatesnnuaunuuiidlitSesas 38
Tnedulnafunananmsantiinvesdilives
dlovinismegeu nud Semuudusawnun
UPTFIUNTBUEMNIENT3 (Proof Load Factor)
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9437 Winveshmune n1Aeuy Lagialiny
whaunsagegn whiiu 5.32 whwesthwiine nireu
a & < v a9 o Vo
AonduarundawnsemouImin winu 41.3
Fannnilassaiusvegiosay 19

5.2 UalduauUL
uiTedaasiinisnsieaaulngly
a8 (Non-Destructive Inspection) Lﬁaﬁuﬁu
mmLﬁamaﬁLﬁmﬁumu@lﬂﬁ’umimaauﬂﬂ
Weiimauudedelunmsuszifiunnuuduse
wazmsmsinwsesen ievenewaidunis
NAADULUUNATH (Dynamic Wing Testing) 3o
AW (Fatigue Testing) wazifiotiunusuld
fulaseansiveiawienAeuliauduluouan
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Abstract

This research article studies and compares various models used for object detection in
aerial imagery captured by Unmanned Aerial Vehicle (UAV). Two types of objects are detected:
buildings and vehicles. Machine learning models are used for object detection, and various
models are compared to identify their advantages and disadvantages. The following models
are compared: Faster R-CNN, MobileNetv1, Retinanet50, YOLOV4, YOLOV4-tiny, YOLOv7, and
EfficientDet. The experiments found that YOLOV7 achieved the highest detection accuracy
of 58.5%, outperforming MobileNetv1, YOLOV4, Faster R-CNN, YOLOV-tiny, EfficientDet, and
Retinanet50, which achieved accuracies of 49.5%, 45.1%, 21.2%, 17.6%, 14.5%, and 1.2%,
respectively. The model with the highest speed was MobileNetv1, which achieved a speed of
196.01 frames per second. This accuracy and speed are sufficient for object detection tasks

in aerial image from Unmanned Aerial Vehicle.
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Optimum Design of Electric X-Kamikaze Drone
in Conceptual Design Phase using Metaheuristic
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Abstract

This research presents the optimization of the concept design of an electrically
powered X-wing kamikaze drone using metaheuristics. The objective function consists of
finding the minimum of aircraft weight and maximum of endurance taking into account of
the flight mission and flight stability requirement. Vortex lattice method (VLM) is used to
calculate the aerodynamics and flight stability, and the blade element momentum theory
(BEMT) method is used for the analysis the propeller. Multi-objective metaheuristic with
new concept of parameter adaptation (MMIPDE) is used as an optimizer. Three optimal
design results were selected from the pareto front. Battery capacity directly affects both
objective functions. Another design variable of the aircraft will change up to weight. The

optimum values from the aircraft design will be taken into consideration in the next phase.

Keywords : Aircraft conceptual design, Metaheuristic, Kamikaze drone, Propeller
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YaInsoonwUULansliius 59T 2 Feul
TaduveanisianisSusanslfidiugasiuysd
g -8 Tnefiadosnnvesnistulsenaudie
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danasiiy MMIPDE gnunsnldiieud
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MMIPDE

(Reproduction) way n1sAnaLdan (Selection)

Panosnu LaENIZUIUNITUS UL

A15199 1 ALUTEDNWUU

Iamvuanudanesiinauatu Inelunssuiunis
A mngauigaldivundiuiuuszeing
Windu 50 udalisuauiuseusawiiiy 200
MsUTINILUSEINTHRTRUWINAY 50 wagli
F1uugWEes (Binary) Wiy 16 n15naaes
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No. Design variables Lower limit Upper limit
1 mmqwmmaé (Battery capacity, mhA) 5500 16500
2 Lé’uﬂhuﬂuuéﬂmﬂ (Blade diameter, m) 0.20 0.30
3 mnuenvesnesaiilauluia (Blade root chord, m) 0.02 0.03
4 Savdnvesruennesafivarsluin

(Blade taper ratio) 0.40 0.60
5 yuUgneBusluin

(Blade incidence angle at tip, deg.) 4.00 8.00
6 uudalutin (Blade twist, deg.) -45.00 -30.00
7 ﬁ;m@uémﬂaamwu (Designed centre of gravity in x-axis, m) 0.30 0.50
8 AMUETIATIUN (Wing half span, m) 0.40 0.60
9 yuenUn (Wing dihedral, deg.) 30.00 45.00
10 avwevesreiaitaudn (Wing root chord) (m) 0.14 0.18
11 guﬂwsﬁmﬁuﬂﬂ (Wing incidence, deg.) 3.00 6.00
12 esUnlunuaunudnd

(Wing translational position on x axis, m) 0.30 0.40
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A15199 2 WeoulvUeruluniseanuwuu

No. Constraints Lower limit Upper limit
1 1781n150U (Endurance, hr.) - >0.5
2 seeen19n1s0u (Range, km) - >50
3 mm%’mgﬂu (Cruise speed, m/s) <30 -
4 AuSUY (Rate of climb, m/s) - >5
5 duussAvdluwudueiieuiuguusve (Coefficient <0 -

of the pitching moment versus angle of attack)
6  duussAvsluuiiBeadiuiuyulsne Coefficient - >0

of the yawing moment versus side slip angle
7 duussAvlumusiviyuiiuiugasne Coefficient <0 -

of the rolling moment versus side slip angle
8 LuUgvzgegnuaaLnuleAy (Maximum deflection -5 5

of the control surface, deg.)
9 Static margin (%) 5 15
4. NanN139DNLUU Pareto front

wEhanThnsnaesssiun 10 A% 08 ¢ Ditaass
194N 15UATENINITOONUUUAILLUIAR z:
gasninuglasulnguiidndiedaneiiiu f_c_-o:s (e
' 308 ™, | ¥ -0.927556
MMIPDE U121 Pareto front 9940115990LLUY § Y bt . )
il¥en Hypervolume qaﬁqmmmimmm L
Tidudsguil 6 fograwanmsoonuuy 3 90 - @
v Pareto front lddnavifuilasidutvane v} e
fuustunseenuuuiaziteulatsdu gnihin Y 7s s+ 85 s 8s w0 w08 1
U Total weight (kg)

wansliliusimsnad 3, 4 way 5 Ay
INNAGNS WUI1 IUIAVBIAIINY
wumaes (x1) dwalaonsseiaddudmaneg
Lihasfuiminuesenireiutasssezna
Tun158u BannugueanunneIuniazyinli
thoanniuy WuReafuALUeLUAIADS

X g o9 v a X o
ll’]ﬂsUUﬂ"i]SV]'ﬂ.‘Vﬁg SL']a’fLUﬂ'ﬁUUN']ﬂGUUL%Uﬂu

FU7 6 Pareto front ¥89n159IAUNNIZAUTIGR

Fawadnsves Solution 9 1 wWisuieuiu
Solution '1'7i 2 WUN 'gﬂmwaﬂmmﬂmmmz
Tuwaunulaifirnuusnsety uidlolSeudiou
U Solution 7 3 wud1 s x1 Ao wun
maqLrumLma%ilﬁwhf‘ﬁ’umqqqmawamﬂmﬁmﬂi
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M15199 3 Hendudrunevesradnsigndan

Y

No. Objective functions Solution 1 Solution 2 Solution 3

1 Total weight (kg) 7.7299 8.0823 10.0248

2 Endurance (hr) 0.5433 0.6830 1.3820

M15719% 4 AL USlUNNTERNWUUYBIHAGNS N NLEaN

U

No. Design variables Solution 1 Solution 2 Solution 3
1 Battery capacity (mhA) 7,385 9,737 16,500

2 Blade diameter (m) 0.2987 0.2986 0.2000

3 Blade root chord (m) 0.0300 0.0300 0.0200

4 Blade taper ratio 0.4000 0.4038 0.4000

5 Blade incidence angle at tip (deg.) 7.9911 8.0000 8.0000

6 Blade twist (deg.) -44.9971 -44.9924 -45.0000
7 Designed centre of gravity in x-axis (m) 0.5000 0.5000 0.5000

8 Wing half span (m) 0.4000 0.4000 0.6000

9 Wing dihedral (deg.) 30.0000 30.0000 30.0000
10 Wing root chord (m) 0.1401 0.1400 0.1400
11 Wing incidence (deg.) 6.0000 6.0000 3.0000
12 Wing translational position on x axis (m) 0.3595 0.3583 0.3369

A15199 5 WeaulveRurasnaansigniaen

Y

No. Constraints Solution 1 Solution 2 Solution 3
1 Endurance (hr.) 0.5433 0.6831 1.3820
2 Range (km) 55.4086 71.6676 146.7115
3 Cruise speed (m/s) 29.2805 29.8990 29.9930
a Rate of climb (m/s) 12.6496 12.9180 11.0142
5 Coefficient of the pitching moment

versus angle of attack -0.5426 -0.5336 -0.8692
6 Coefficient of the yawing moment

versus side slip angle 0.2979 0.2948 0.4808
7 Coefficient of the rolling moment

versus side slip angle -0.1412 -0.1430 -0.150236
8 Maximum deflection of the

control deflection (deg.) 1.4450 1.3801 4.1749
9 Static margin 8.34 8.21 7.46
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dwalilszarnanlunmsduinnnt Solution 7 1
way 2 Wi LLasﬁaaLwﬁgmaﬁﬁﬂﬁ{iﬂwﬁﬂmaq
Solution # 3 whifu 100248 Aland Wevhuin
amAEuINAIULTnTese AU LY
WUy Aewls x8 (Wing half span) e
WU 0.6 luas Favinfueggavesueun
Tun1509nUU N154i 1T wYeIAILEITn
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7 Wing root chord Senwindy faths nsuiaiu
yoeruenaUnues Soluton 7 3 azasli
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usaani iy 9905197 5 nsiUseu
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