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Abstract Al models embedded in autonomous unmanned systems classify enemy personnel and weapon
systems acquired through sensors. Accurate classification of weapon systems is crucial for operational
tasks. Training data on enemy weapon systems are required to enhance the performance of Al models.
On the other hand, Acquiring image data during peacetime is challenging. During the initial stages of
war, the Al model must classify enemy weapon systems in states different from what it was trained on
because of factors such as camouflage and changes in attached armaments. In such cases, it is necessary
to improve the classification performance of Al models by training them on the limited data of enemy
weapon systems acquired at the early stages. In this study, Grad-CAM was utilized to analyze the data
regions learned by image classification models. A Weakly Supervised Learning approach was proposed,
which added noise to the regions of interest for classification, addressing situations with a shortage of
data for enemy weapon systems. The classification performance of VGG-16 and MobileNetV2 improved
even when trained on a relatively small amount of data. Weakly supervised learning can improve
operational capabilities, even in limited military data.
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(a) An Original Image

(b) The Result of Grad-CAM
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Table 2. Results derived from Train & Validation Data
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Table 14. Results derived from Test Data(After
Applying Supervised Learning)
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olg|9] & A3} 80%= AF5stArt.
3.5.2 VGG-16
VGG-16& 718 24z A% 49, & 65712 A
28 HoJg & 167171 L8R =T, 1% 5719] Hlo]
El7} F8 990 =2 71AE T USdrh siF ol
A1) Noiseg F7Fotal Aehset Aak= off Table

159} 2t}

Table 15. Results of Weakly Supervised Learning
(Validation Data)

Before Supervised-Learning After Supervised-Learning

ofgf Table 163} LEZ
ol HAESR flo]

Table 172 4
Aito|t},

= =
£ &5

Table 16. Results derived from Test Data(Before
Applying Weakly Supervised Learning)

Accuracy

69.23%

Confusion
Matrix

image(Ts4)

Image(BMP) mage(BTR) image(Tss) image(Ts4) image(Te2
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Accuracy 75.38%
Normalized Confusion Matrix
[
—
o
- )
Confusion
Matrix mage(rs0
fis—
"
f—
mage(BMP) Imsge(BTR)  mage(Tss) mage(Ts6) mage(T62)  mage(T72) o
Zollw o] ug 5 o,
7|&0= EIAE HolE 9 EF 2} 69.23%% 2

1, Grad-CAM Z2¥E B9l A58
olu]X]o]l NoiseE F7Votal AekE AlXl 3¢ EIAE )
olglo] R ZAiP} 7538%% 5ottt & LE
(MobileNetV2e} VGG-16)2 7|8F2& Grad-CAM=
5’.]—.9:6‘} ZZ]E_J-G; PQ_Q_O]— 734,]— O}EH Table 1837,]—
71—0] X%a]d— Ea OTO\:q = pd = ZX]ET_)—'}Q‘(—_)._ E3

=
ool FIEUEE AYT A

=]

HlolEe) QB8R

H=
T

Table 18. Comparison of Test Data Classification
Performance Results

CNN Model MobileNetV2 VGG-16

Test Accuracy o o

(Before Applying W.S.L.) 72.31% 09.23%

Test Accuracy o 200

(After Applying W.S.L.) 80% 75.38%

*W.S.L. : Weakly Supervised Learning
Grad-CAM=Z AMgste] EAEeks2 285, &
2 0] 27 dolEig AFgatolr mele] BeAs
2 A % ek A FAAAR] et dlole BAo
% ghi7} ojgy] uheo] 14 27] ghud qolEg &
FHow s wo] Wasit) B ATl Zﬂ% 3}
= uPe A A SoIAARY okt el v
FA, FA 248 SoAE &80l 7hsste] F Vﬂ A
9] dF 3 YL L & A= o= TRt
4 ZE U 85 A7 u

ol AFtollAf Altet W2 AF =E% Aol
sl 2 =Ae) e B9t A Wasirhe Tol
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EAsht, A2 49 ol 9] FAE S5 Al
7 AYEE FIY 5 ks AollA Bl &3]
AR z719}F Zo| 7HES A E7)A A gt HlolE s}
oL AZolA f-835HA AT & Sl Wolth
AR 2719t o] 5= HolHrt B3 A8 £
ALof A ARESE A 7153t Al(eXplainable Al) % 3}
Ul Grad-CAME 883 EXk=stss et 27
T 7HA olFo] A2 gRlstelt. AA= sy ATE
8&30] AAH & ofsfstal HIRE H, Al 2E A5
FEE Aol A=Y 5= Advke Aotk EA= 7I< o]
B 273 72
Tuning 5)°] 7FA1L

O

W (Data Augmentation, Fine
U= shgHlolEle] gt &g &

/V\L_

AE G AET 5 AE= AUSHAH-
B Aol AFRE ; 714 Agkdo] et
AR dlojg BEow ols) st Y EA7}

glom, S Si4/AF/AAE Holge] 4o et

s2us Ao B4 EAS 2Edow 25
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