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Abstract Developing Al models for military unmanned systems requires consideration of the unique
operational environment. Constraints like limited battery power and the high risk of destruction at the
frontline necessitate restrictions on using costly, high-performance chips. In this study, we explored
methods to enhance image classification performance of Al models under two key challenges. Firstly,
constraints such as power and cost limit the utilization of high-capacity, high-performance models in
unmanned systems. Secondly, there's a shortage of sufficient training data to ensure the performance
of military Al models. To address these issues, we propose knowledge distillation. We selected
EfficientNetB4 as the Teacher model, known for its superior performance despite high computational
complexity, and SqueezeNet, ShuffleNetV2, and MobileNetV3 small as Student models. Through
knowledge distillation, the high-accuracy knowledge of the Teacher model effectively enhanced the
Student models, improving classification performance even under constraints. Such results are expected
to enhance military utility by addressing the performance limitations of lightweight models applied to
on device Al model in scenarios with limited training data.
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Fig. 1. The Framework of Knowledge Distillation
(Classification)
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Table 1. Notation

Notation Description

L(*E() Cross entropy loss
o () Softmax
Zs Output logits of Student network
Zt Output logits of Teacher network
; Ground truth(one-hot)
« Balancing Parameter
T Temperature hyperparameter
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Ye 22 Aokt 2 A8 919 ImageNet2
2 A gsd 23 7 2 oA top-5 error7t
QI7FY] top-errordl 5.1%ETH WS HElg THFOZ
Ak o] T & T3 AARE o|u]X] ERlA &
FIE HoE ResNet 507 ResNet50 Hrth ©f B2
Residual block2 =& Qlsl B ZA HE] 4421 4
H7lA] sk53F 4= 9= ResNet 152, 18|31 Neural
Architecture Search(NAS)E ARg3to] 2|Z5le of7]
g2 E zloldl EfficientNet Al2]2 & v|w3 I3 &
2 A3 & YERfE EfficientNetB4E Teacher 24
9] ZTHZ AASIHTHIL,12]. o] Al 2dS T8
Train HI°JE|2 Sk5 & Validation HoJE2 HS3H
A= o3 #Ho]A| Table 33 Zt} oW, Epochse
100, Optimizers= AdamW(Weight Decay=0.001)Z
FUoHA A5l % ImageNet HloJE|2 ARH k&
H 7 AE &8st dEeath s 9 A5 41,
ResNet 1527} 7P @2 Validation LossE 71&532
U o]e} ARGt Validation LossZ 718313 7% &
Test Accuracy® 29l EfficientNetB4E & o] ndl
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Student HEZ A4t AL 1) 20169 AlexNet9]
1/50 TetE 2 fARRE 452 Bold 7PHe 2Y
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Shufflings A3t Shuffle Unitg E-83lo] F=H
ShuffleNetV2, 3) MobileNetV2e} A 52 HO|
ATt o A2 mteu|E4eR Qlsf At 9 whE S
T, O81 £43 45& Hol= MobileNetV3 Small
oJt}H13-16). Zt el ¥ miEhn|E| 9] == SqueezeNet2
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Small 2.5 MillionsZ 41733 Teacher Z@ET} ¢k
1/30 ~ 1/16 A= =719 g8 & 71 e
A5t 2ot} A, Student A9 452 &9ls}
7] 915k g5 9 A5 HlolE AES &89 shsS 1A
own, o] AFk= thE Ho|A] Table 49 . ol
Squeeze Net¥} MobileNetV3 small2 100 EpochsZ
S50l f SH5-8 HlolEloll thel A FHOveritting)
o] ¥W¥ste] 7P ¥ Validation LossE 71&5t=
9] mdlg 2Qkout, ShuffleNetV29] 3¢ shs &£
7} =] 300 Epochs® HA9] HdZ 23 4= Itk
ESE Optimizers= AdamW(Weight Decay = 0.001)
2 5Yold, 2% ImageNet HloJEE AFA 54 7}
|5 283519t Student B8 H |z o] nElZ

27

o



FAte7|&te= A A25d A3E, 2024

Table 3. Classification Results of 3 CNN (Teacher Model)

Model

ResNet-50

ResNet-152

EfficientNetB4

# of Parameters

25 Millions

60 Millions

66 Millions

Train
&
Validation Loss

—— Train Loss
Validation Loss

00

—— Train Loss
Validation Loss

175 — Train Loss.
Validation Loss:

Test

Accuracy
(Best Model)

90.91%

Table 4. Classification Results of 3 CNN Models (Student Model)

Model SqueezeNet ShuffleNetV2 MobileNetV3 Small
# of Parameters 5 Millions 2.2 Millions 2.5 Millions
175 —— KD Train Loss. —
i — i (0 valdation Loss i e
150 150
150
125 125 s
Train L2 100 Lo [
& Jom 075 : ¥
Validation Loss 030 050 050
N ——
0.00 0.00 0.00
o 50 w0 100 o 50 100 150 200 250 300 Q 0 “ 80 €0 100
Epoch Epoch Esoch
Test
Accuracy 65.15% 74.24% 80.30%

(Best Model)

2E glo]Elo] i3] HrIstA

, SqueezeNet2

65.15%,

ShuffleNetV2, MobileNetV3 smalle|tt. ot2f Table

ShuffleNetV2+& 74.24%, MobileNetV3 small2 80.30%
9] Test Accuracys HoIF3]

59} Zo] Student ZEL2 A4 FF A Teacher B
T} Test Accuracy°llAl 10~25% HE9] A% AolE

HAT

4

fou

223 A

M

Table 5. Classification Results of 3 CNN Models

of 3710] Al 332 32 F3H(Google Colaboratoy) e
_ o= Students,
g &8st9on, CPUE Intel (R) Xeon(R) CPU
@ 2.3GHzo]1l, GPUx Nvidia Tesla T4 8GBe|H, Teacher Student
A T Sinole- - )
Memory+ 16GB, Z18]aL Single-Precision Performance Model |EfficientNetB4| SqueezeNet Shuf\glzeNet b{[’;bgil;lﬁt
+ 5.5 TeraFLOPso]t}.
Test 90.91% 65.15% | 74.24% | 80.30%
Accuracy
Al=Z= HIO} ML= Iu Difference
3' xl_‘°-"- OI"—I. oo ‘;7} from - 25.76% 16.67% 10.61%
Teacher
2704 Ast wkel o], Teacher ZE

EfficientNetB4°]¥, Student @2 Squeezenetd}
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Teacher B&9] R4l Softmax AT/} ©
A& 3 AL FAF oY, thao g A4
Student 99| & A7t FAEEAE S5t
ol AFollMe A4 FF 1t FErE TE 1004 671
A F 6719 MFE Yol g 2] 1 A9E
gRlstitt. ojm TE 69 MF71A] &85t AL TlolE
9 & A9 JieE 1Este] AEFom, Epochse
7} 100312 Agteict.

SqueezeNetol| T=1, 2, 3, 4, 5, 6=
9] A= ofFff Table 63 Ztt.

A5t A

=
[9)

Table 6. Test Accuracy after Applying Knowledge
Distillation(Student : SqueezeNet)

T 1 2 3 4 5

Test
Accuracy

84.85% | 78.79% | 75.76% | 77.27% | 80.30% | 72.73%

SqueezeNetZ ©EOZ
Accuracy”} 65.15%% A&
AXEFY 53t IS S
Q1 H% oF 19%2] Test Accuracy?]
%o, o] A7t 7P A4lo] & A
et

ShuffleNetoll T=1, 2, 3, 4, 5, 6& &-&3l A
9] Z3t= ol Table 73 Zth.

o]o o
AT =

it

Table 7. Test Accuracy after Applying Knowledge
Distillation(Student : ShuffleNetV2)

T 1 2 3 4 5 6
Test 125 760 | 89.39% | 69.70% | 72.73% | 72.73% | 74.24%
Accuracy

ShuffleNet& T=0C 2 533 1 Test Accuracy
7t 74.24%%0 A& 125k, T7F 1, 291 3% 1~15%9
Test Accuracy?] &4ol IAAT, T7F 3, 4, 5, 6%
7% Test Accuracy’t ZAY B EojX&= HL-E &1l
o 4= QI%it) ol T71 2< wff 7 | 4lo] & A
1o Teacher 299 Test Accuracy?l 90.91%C]
4T 474E wE 5 ASith

MobileNetV3 Smallo] T=1, 2, 3, 4, 5, 6& Z-&3t

A4 F79] A= QEF Table 87 At}
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Table 8. Test Accuracy after Applying Knowledge
Distillation(Student : MobileNetV3 Small)

T 1 2 3 4 5 6
Test
87.88% | 83.33% | 89.39% | 86.306% | 86.36% | 86.36%
Accuracy

MobileNetV3 Small& ©=02 s53S off Test
Accuracy”} 80.30%%] A& 18 Tof| thafiA
A|4557t Test Accuracy? A5I4S =o5H3S
& & 9ot B3], T7F 3Y W= Teacher BEY Test
Accuracy?l 90.91%° <43 27 s 5 A9Th

AASF HRtE A8t Hdo] B 5 TS
Rl tha, AAFEF7T HA g2 Student BEo] @
53 Test dlol¥] oJu|A|7} A4 S/ S 53l

DA A2 EFE=AE Grad CAME 53l g<lst
9t olm, Grad-CAM2, &3t W& & wf GA
P(Global Average Pooling)Z AFRE 4= QU= 490
Tk 4to] Zhssithe SAIE 7HAAL Slof 1 E-8o] A
3HA9l CAM(Class Activation Map)Q] @S HAs}

o ot

—ua=

o] Y42 JHdoltt. Grad-CAM(Gradient weighted
Class Activation Map)2 2d9] o= ZfAo) st
JYHAEE ol8sto] Add B4 HY $8&E Akt
Sk, 0Kt & JFUAET} &2 FEo] 2d d&o
HA= Gl F AR oA 75 oS oL, ol
4 ol vtgdste SA 243 He #Rith

ol# Table 9= AA| T-55 o|#|AE Grad CAMZ
23] Student 2, Teacher &, Student with
KD(Knowledge Distillation) =@ E&F Ax:s
Grad CAMZ &3 A|Z3zt Aot} rRIA| & th
wo]A] Table 10 BMPE, Table 112 BTRE AlZ3}
gt Ao},

Table 9. Classification results of the knowledge
distillation model visualized with

Grad-CAM(T-55)

Image Student Teacher Student with KD
Class
T-55 [k ey 4
| K
E E A
Model SqueezeNet EfficientNetB4 KD (T=1)
Prediction BTR T-55 T-55
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Table 10. Classification results of the knowledge
distillation model visualized with

Grad-CAM(BMP)

Image Student Teacher Student with KD
Class

[ [

T S

'J | sl | ! B b
BMP AT =
Model ShuffleNetV2 | EfficientNetB4 KD (T=2)

Prediction T-54 BMP BMP

Table 11. Classification results of the knowledge
distillation model visualized with
Grad-CAM(BTR)

Image Student Teacher Student with KD
Class
BTR
Model | MOPHENEtVS | peq o iNetB4 | KD (T=3)
Small
Prediction BMP BTR BTR

ofuf, /\}'Q‘Q to]E|= Test B8 5 Z} Student 2
g2 5 B251al Teacher l:'-_‘fz_]2 Az E&st g
olg] & 9rE Fgslgon, Z35g Aio] A
Student ZE@2 2.4.1.5¥ 2.4.3. Oﬂ Held z- g g
7V Test Accuracys UeFH TE ARESIAT) of=f 1
oA HE= AAY, Student ZEL2 ZF AX/AA7}
AAE gAo] opd FH "M FHZ Fil BRI
11, Teacher B2 7} AH]7} QX3 G0 SH8S F
v ERsHtk 181, A4 S7E B9l Teacher &
9] z&lo] HMH Student ZHO] AIE HH, 7|E
Student B& R} A/ A rﬂxﬂq] 33
& Fol FUAAY EAF FEol| Bt omAE
EFotl o]§ B9 offd LE2 AA SHAE o 4
gotA A5 $ AU

o3l e f-el W Relst Hlojke Arhae]
Aol et A olulA) B8 Al WA WY 5 st

=g H%‘ Alo] AHEER= 7HHE 2E 9 AJ5-S A6t
RS AAIgHt olet 2 7hele B9 SHA(ER
e TER Zo 1A HE =& Aghet HE
TAL HlolElY] E484 370E A=7F Hth= "HlolH
B 7HA EsiA, AAoA AMgEE A F7IA
A s Aol AL AUt olE sl X4 SRR
78S &9l FH1 1AYe FEE F2F 5 U=
Teacher 49| A4 F/35t] 7HHL Student &
o Agstatt. A A 7 Student 2 o 19%
o ol B 459 L FRIT £ Ut o9
et 23 Grad CAMOJ=k sk= XAl(eXplainable
AD 71%< €483 CNN 715t 2dlo] 25 A Azt
Ao gRIE 4= A, Student @2 Teacher &
9] Ao wet 11 FHo] B A9 1 oln|
2RE £ 9249 F4 oUAE HA ol 55 e=
& 5= Uik olHgt A 2884 Hold AdE
TEEE AN AT BE9] o] 28 4 IS AR
7|ttt
ol A9 AHCE = Hol 9] BFHoE Q "?_
o} ERgAolt WA, 37HE Tl 47 &
] 23t Tr__L*]' tlole 9] 44 ol=gt Hold % t'zﬂ
= EAlo|H, BZ3! Hlolg & sh53t A
jq._q] OtAAjo] HojXth= HES SHAFHo 2 &
It SEARE, o]#3t Aol Ak Q191ZQ1 HlolE F
74 ®¥o] obd Teacher P-.E:_]J»]- Student Zd9] HE
AFE ZE3 AASRF 7IHS Bof, Bdo FRZFQ
oA ol HET 5= AU FF AolAE Hot
tggt "olEE sk, 2D oH|AE 3DE Hes
R 2ds &85 Hof ot W9 HolEE £
Asto] Hr} A% HEYIE #Ask 42 5
Ae AT FINAA AFol ol GotE A} gk
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