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Abstract

In implementing a robust automatic target recognition(ATR) system with synthetic aperture radar(SAR) imagery,
one of the most important issues is accurate classification of target variants, which are the same targets with
different serial numbers, configurations and versions, etc. In this paper, a deep learning network with channel
attention modules is proposed to cope with the recognition problem for target variants based on the previous
research findings that the channel attention mechanism selectively emphasizes the useful features for target
recognition. Different from other existing attention methods, this paper employs the channel attention modules
without dimensionality reduction along the channel direction from which direct correspondence between feature map
channels can be preserved and the features valuable for recognizing SAR target variants can be effectively derived.
Experiments with the public benchmark dataset demonstrate that the proposed scheme is superior to the network
with other existing channel attention modules.

Key Words : Synthetic Aperture Radar(Z/37)7Hd|o]t), Automatic Target Recognition(32ZH5-2]*H), Channel Attention
(AN ¥), Dimensionality Reduction(2+] Z2~), Deep Learning(de]d)
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SAE - Holg -

S5 A. o] Fodl= AMXE HE WA(Support Vector
Machine, SVM), # % ©]-%(Nearest Neighbor, NN)
57719 22 S|’ A (pattern recognition) 7]RFE] 7]
tﬂo] SAR-ATR l-'}_o]:oﬂ 7(—13.5]0] 9]1:1] 9= 7:1;1,]__3_ s
ZEATBI H 7 5 Foto AFE H|A oo A
Z AFE AT P9(deep learning) 7]“-/] 715 0]
F#fel 7IHETh 9738 SAR-ATR H5S &=
A oA AT diAZE Hojzkal vk Held el it
2 71HQl 34 217 W(Convolutional Neural Network,
CNN)Z SAR-ATR Hopol] Hgal= 7 9o =P oel
A2 7] AAL, AR UEST Fxo| At
P9 oo Al 21800 2 2d i (generative network) 2}
—E?jéi tlolE] oty

12 ogd deld 7Ivke] 38 7IWo] SAR-ATRO]
&

CNN &= _T_ET;G 7]— 06‘]—[12] lg_

2 m&

AR-ATR A|=®le] 231 & 71 S
o] A¥S 913k DBY HESAE SHEAY] A}
He 34980 AA 995E 2498 719 Aol
8-271(Standard Operating Condition,
wRk ofuet Aozt AAE FeEx
(Extended Operating Condition, EOC)oll A< A5°o] $-
Fafiof gtk Zlojth EOCce] thaEAQl AtHlE Hd

¥ A (target variant)S & T AoHl, ol TFY 1A

ook Aol Fet ¥HE] FF % X, A
I, A WA Ea e T adle] wWalshs
B8 AQ@ A5 el o8 F4EE SAR

Flr o

oo M

Qs
o]

al

2~
2 =wollAe= A'dFF(channel attention) EES
CNNef| At Adis UEHIE oA dgst
SAR-ATRe| A o] W& x4 iAo 283t} o
9 UES A AEH
‘Squeeze-Excitation(SE)’ H]EHEL[B] olg] &gl A+t
7F FEER o, A

%iﬂ%:m&@i°%Hﬂﬁ%%:ﬁ}ﬂHﬂSM{
B4 AHolE Eagor Agw uh Yrpd
olel% 288 SARATROANS] WERA AW 4%
Pyl BEHaA S Ao B =R FaF AT
Fololeh. SR TF Fedel SARATR 2§ Al
FolA AYRNF JES WPEA BAl] 45T A

220/ A ey el ) A] Al2sd A3E2022 69)
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g5 Ztolry] IJEvhes Ae & o A7
. 3 o] "] AAbElelA &EH

< dF-E UEY TS B4 H(feature map)2] i
Zgsloll AMg-EE o 7] 9 E(excitation vector)E
5/~ (dimensionality reduction)E &3
ey A5 AT A g v}
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sy|ste] el 3
&, ¥ =i AdHA HAH o
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2. HE/Z 7=

21780 M= 2 =9 SAR B EH ¥ w3t
Ho] 2~2}2l(baseline)©] == CNN FE|Q] 7]&E Y EL
e FxE oFH, 2278004 71 UEYAC 4
4 3T AT Eue 72E tUETL

21 7|12 UEHZ 7=

Fig. 1ol&= 7|2 WEAY] HA 725 HERA
o} WA c‘stage 1’04 128x128 719 ?;3403%%
wokr AAZI7F 3x30]ar, AE JHETE e47lolH,
AGAT BE(stide) 2 R G =l 05 wiAIA]7]
= Z9] 74 (zero-padding) 191 /33 (conv) S 3t
CHeonv 3x3 @64, s2pl). Fig. 12] ‘conv’Z E7]¥ U
Efa Aol 8l A f3Kbatch normalization)<}
ReLU &A43}71 ¥Estx|o] Qi) ‘stage 1’9 4k A
B o3 7t=/AME 77 122 &3 A9t
ZF9lo] 642 o]t 64x64x64 A7) EAWo] =&
Hr} o]o]A] ‘stage 2°H-E] stage ST dEEE
4%l 3w At Tl o3 E¥€E 5% ]"1'374' a
7] AA(skip connection)= F3 FHA] = FrxKresidual)
TZ2E 7AW )& K He sl gs ke =4l
(ResNet)!'®1e] 19} SARSILE ‘stage 2’0l A& ‘stage
'3 o] 64xeax64 Z1718] EA o] TRHFOIA| AL
‘stage 3~5’ONAM = ZIER/MAE A77F 122 &3, Y
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54 G AT HEHIE o]83F SAR WY

=L7)5 2l SOl ZH7h 32x32x128, 16x16%256,
8x8x512 7|8 EAWlo] thFofxlth WA} ‘stage
5eA =EEE 8x8x512 7] EAWL WA E
% (Global Average Pooling, GAP)ol ]3] 1x1 x512 =
712 FFEAL, e x=E Ze o 94 AlF
(fully connected layer, fc) & A E W X (softmax) A%
of osf == i ghow AgHch o] W 7 =
= A 349 7 AT dXEH AZED
2 s ager, UEAAY shg AAolM = o]zl
WE] & E(one-hot encoded)d] A E3F gy} map <l
E=29(cross-entropy) <A-S THOEX UEYIE
TA8HE 7FEAE 7)12 7 (gradient) 7)WF QF AT}
(back-propagation) = o] E gt} Fig, 19 F-30lA]
WA SRR E7]E B FoA dWd A

T Zaol Addd AAE 7HRd.

128 x128x1
conv 3x3 @64, s2pl

conv 3x3 @64, s1pl conv 3x3 @128, s2pl

v v

conv 3x3 @64, s1pl conv 3x3 @128, s1pl

v v

= addition addition <

ﬁ *7

conv 3x3 @64, s1pl conv 3x3 @128, s1pl

v v

conv 3x3 @64, s1pl conv 3x3 @128, s1pl

v v

= | addition addition <

skip connection
uolpPsuuod diys

skip cannection
uoiprauuod diys

[EE—

I—

conv 3x3 @256, s2pl ;g
c v v %
% conv 3x3 @512, s2p1 conv 3x3 @256, s1p1 3
: v ¥ :
é conv 3x3 @512, s1pl addition <+
¥ ¥ a—

addition conv 3x3 @256, s1pl

v v

conv 3x3 @256, s1pl

L

addition <

softmax/classification

Fig. 1. Structure of basic network
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2.2 MM 28 7=
o] we dpAtleld e AUNF wE
27} AR vh glom, ¥ =Rl 1% YlEHel

25 3% A RES Wk

2.2.1 SE(Squeeze—Excitation) ME&E 2&

Fig. 201& dlEAQl AdF =8 SE 2Ese
Uehfidch 28l HAE, Zo))< e, Un)xC A
715zt 54l iEEAS W, HdAHTEH

e AEARI} 1x1xCY Z7|=
S FHolo] or 2 oMY =5 Zhe 219 oA
AT feoll o3l AIsd o] FAHATL

o2

=
A} olgA AEH AEWEF o] 7](excitation) N E &
2 FoTd, Adwedew
Ay A¥E =& 5 ok
H ey

7F SAR A gl

e WGAp 1x1xC

>
H

input
feature map

\ %)

Fig. 2. Structure of SE module

2.2.2 CBAM(Convolutional Block Attention Module)

CBAM™IE =] <d#zlol] o8] /e HF BEE
24, gy ®eb olue} FXK(spatial) YO =2 2]
Hses AR Faste] SAR A A 1
9 olyg} SAR AutEA|o % E8Eom, SAR
& el vhekek Fstddel AeEo A PdE
e JASSAE Fig. 300 ol#d CBAMS| 12E
eSS WA fEe S W2 RE GAPZ 79
Z | =% (Global Maximum Pooling, GMP)°l 2]a] ¢
ko2 SFEE 1x1xcel A7) ¥WE 2HE AFESh
aglar Z4zke] wEel] uis) SE BEY el ar 2 C
MY ==5 zhE 27l S A AT fod T
70t} olg A B3E 2709 1xi1xCel A7) WMEHE 4
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% gk thg, Al1Rol=o| o3 E=EF Ad o]
7)(excitation) ! H & 4= Sl AHE WFom
st olFA A Hs i 8& G
of digte] ANILEF Hd FT(

Pooling, CAP) ¥ xz|dwkak st T%](Channel-vmse
Maximum Pooling, CMP)2.2 T=&¥ HxWx1 7] &
A Z7-e g weko g #-O D(concatenation), 7
g JhF 109 Ix1 3w A B AJTEo|=e 9

& Hxwx1 3719 73 o]7] P(excitation map)<r
mo =]
H= H

T oled e YW P Fo SAYe] F
Ao FAFW MR 4F adm wedd
sS4l Addh aoksyl CBAMY SE a3
AR AR 4 Fee] A AR 5, w3t
W QAFol g o o) Folth
C
H
input
feature map
é
I
c CAP / Sigmoid
—» 1x1 conv@l
— —
H cmP - > 1 @
channel-refined —» - ==
feature map

HxWx2 HxWx1 v

Copatial aention |
Fig. 3. Structure of CBAM

2.2.3 ECA(Efficient Channel Attention) 2&

Fig. 49+ AddF UCA sltl “ECA(Efficient
Channel Attention)’ =5 UERARITE S WPoRH
H GAPl 3] =€ AEHEE hEdtal, e
PA4E& 3 =59 ol AIRo|=RE 0471‘34’3%
ahEste] Bl etk oA SE ®ER A
sieh LEu ] @ e JJr7<q oA Z Afol7} Stk
SE ZEolu CBAMS AS$ AuA=L 98 od=w
e o dial feol 948& 2AHAFHALE TP W,
ECA EEoAE olgfg AHdEFAE AAA Feth
2l GAPO.Z 2hEd 1x1xCe] A7) AduE o] Ad
A7) k& ZHe 1239 FAAFAD conv)S 3t} o
o A F 2o 05 ket 14 A E

=

222/ A ey ek )R] Al2sd A3E(2022 69)

o AEHE 7|07t WMAHA REF g
ECA EES #etst Ao M= Fe SE 2F Y
o 9y AT BEESCA AduEe] Aol o
M =2E ZHe feoll 93] F4E Aol dig #4

:I:‘4_4

9

S A7 A7 2 A o) s = v
7N 4= (hyper parameter)©]™ &4 1602 HAAET} o

0] C = 64°]H SE EEAAE Adud Aol
Al 452 Fau ], ol2fdk 49 %A (global)?]
A weko 2= AR Qokgir) Yehd 4= 9lo
Y, IHEA(loca) 0.2 ol AQd el As o
(direct correspondence)®] I} E| o] o] (V) =X
= feoll o8 A} AV|E BdEuete &AF
BRE 59 5 glokes EAfo]l gtk ]
A3} A= ol 7| HIE] 7} EA W] AUnskoz
Ao Zas ARE oy 9= Ao
Aaol ARAA HFxEAY, T ¥ A4
Fa s Aol e Fagk Ade FEAA
A= qadrt 8T 5 Aok Wk Fig 49 o
Ebdl ECA RE¥} QO] SHARD TN AEHE
of &l 12 Fdws T3 _J‘jr‘?i A A 7}9]
Fo AWds %@5]
7} Ve BoR 7 ] =
AURze 95 &
o1} CBAM®] H]:GH AAs] A7) wjEe] 2E] A
E =y glRo] E&A SHAANE 53t
wiol A= o]E gk ECA BB ofolt]o]& vgo
A Ad 7he] Ae Aol AT wdE AEH
T BES 2189 712 UESN A #85te] SAR 9
o Aol Mg A A Ao 483t et
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Fig. 4. Structure of ECA module
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A4 4 MelA e AYAF BE gEE 59U
o Agels, L& 254 wels koo

Aatoltt. 919) 7k Hold ALl AN k = k -

tolam, E50lW k = kelth. 2 1249 §4F 749
217k s SAW Adsel ueh pados

A€

3.1 MSTAR SAR HH& M A& Mol A

A A3 AAlo| A SAR HE A (target variants)
A Algo] AME-E+= MSTAR %394 dlolE] Aloj
g3l &vlgith. MSTARE M| 3 A7-2A(Air Force
Research Laboratory, AFRL) =2 3J% SAR-ATR
AT ZRAEZA, w5 8 gH] 2 A g
SAR %A FdE thde 59 kel tfste] oF 107
o g5s3ith o] T 457F E/F MSTAR Hlo]
H AE o]&ste] B A4AL o
of &galisitt. & =EelAE ol HAFEA APE A
Aol slidsh= SAR FA G AT 0w L3t
MSTAR dlo]g] Aol Wgrs A FAE s B
E B30 M= Fig. 59} 72 8H5-8(training) ¥4
9 5 7ER9] AlEEtest) BAS etk ¥3F SR
D AIEE Mo 8 A U192 Table 19 YERNSATE
Ald E4 F ‘EOC-C’E 3 Ell(configuration)el] ]38+ ¥
FEA AETARA, st5 2 A Hlel” Al W] &
dogako]l Wk (reactive armor) E HF 5 E(fuel
barrel) ¥ & Q4 Sl tE A SHolAe W
Yol sFEt. ‘EOC-V'E A FxEo] ¥ g7

=51

x

2
E

BMP2/9563

TEST, EOC-C

T72187

BMP2/9566

TEST, EOC-V

T72/812 T72/A04 2IA07 T7T2IA10

Fig. 5. Target variants for training and tests
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Table 1. Information on dataset for target variants

AB=H BN |A2lgHs | UEZE | dabis
BMP2 9563 17° 233
st5 BRDM2 E71 17° 298
(training) | BTR70 C71 17° 233
T72 132 17° 232

T72 S7 15°/17° | 191/228

e T72 A32 15°/17° | 274/298

(EOC.C) T72 A62 15°/17° | 274/299

T72 A63 15°/17° | 274/299

T72 A64 15°/17° | 274/299

BMP2 9566 15°/17° | 196/232

BMP2 C21 15°/17° | 196/233

e T72 812 15°/17° | 195/231

(EOC.V) T72 A04 15°/17° | 274/299

T72 A0S 15°/17° | 274/299

T72 A07 15°/17° | 274/299

T72 Al0 15°/17° 271/296

T3] 34, siA(hatch)2] 7HH| 9} o] S5 B A

tlolel Al kel i 29 Wsrh vehue 1

A Swel el WMol st EOC-C 3 EOC-

2 UESA S5 S8 sdd S AR

W= ZH(depression angle) SHoAE 58 14

o] A5 1730 Rt AREE = vh, AEE %
Ly

=4
A 172 B oleh 1529 A ALgHT

< oo

2 o2
o2 o

3.2 Agdm

3078004 2708 sh3g dlolE S o83 47)
o] VIEY)A &, Net 1, ‘Net 2°, ‘Net 3°, ‘Net 4'Z
z}z} AZITh o714 Net 1~4% ThSa) zhom,
7t 2] NS SR B ek

- Net 1 : 7]¥ YEYA / 6,451,076

- Net 2 : 7]E UEYA + SE 2F / 6,507,424

- Net 3 : 7] UES T + CBAM / 6,563,793

- Net 4 : 7]E YIEYA + ECA =E / 6,451,108
HEN A &G4 A7)+ Fig. 10 vebd upe} 2+
o] 128x128% IAE I, NVidia Geforce GTX 1080
GPU 3l=¢j|o] 2 MATLAB Deep Learning Toolbox 4=
ZEJ O o] §3Iglon, Tk TR RHEEE vy

Sl ALat el ) 4288 A Al|25E A3E(2022'd 69) /223



R B

Wl X] (mini-batch) == 320]32, 1] Alt(epoch) il &t
w94S Aol Alshuffle)ataltt. o714 A, RE
T odaddel 19 A UESLA Shgo o] &¥=t
285 E WHEe FE gudth 27] s5E
(learning rate)S 0.0010]3L 5041 thulc} 0.58) 7H4) =)
= AdAstelom, Hdl 2004d7HA] ShEeith g
71 tpeddol H-E58%l sk dell isiAl 43 ARk
F FAstR 58S 3ol E(translation) =
dold SH7HE ARSIt o] uf FE FS
Eejdor Ay BHoke ) Aldinict qlojZ 3
o]z &S 43 W oA ZIRAFIo=A
UES A sherol]l 20%E GPU WiRe] & Z<ith

)

!

3.2.1 EOC-C A&
EOC-C 38X & 5719 v Algd HeE 2
T72 £4& A3t} Table 2~591% 27 Net 1~4°]

=
=]

G -9 =

Table 3. Confusion matrix for EOC-C of Net 2

BMP2 | BRDM2 | BTR70 | T72 | Pe(%)

T72_S7_15 0 0 0 191 | 100.00
T72_S7_17 14 0 0 214 | 93.86
T72_A32_15| 0 0 0 274 | 100.00
T72_A32.17 | 0 0 0 298 | 100.00
T72_A62_15| 0 0 0 274 | 100.00
T72_A62_17 | 2 0 0 297 99.33
T72_A63_15| 0 0 0 274 | 100.00
T72_A63_17 | 5 0 0 294 | 9833
T72_A64_15| 0 0 0 274 | 100.00
T72_A64_17 | 9 10 0 280 | 93.65
A 30 10 0 2,670 | 98.52

Table 4. Confusion matrix for EOC-C of Net 3

2]3l EOC-C 2% 253 Y (confusion matrix)S YER BMP2 | BRDM2 | BTR70 | T72 | Pu(%)
Atk AH Prowol= A did A GG 24 T72.87_15 | 2 0 0 189 | 98.95
25 2 AgY We, ke Jegen, g T72.8717 | 5 0 0 223 | 97.81
A(column)oll = HWEH =7} <53 B9 F/HE o T72_A32_15| 0 0 0 274 | 100.00
Ehdn). o5 B0 Algd Wsrk s7d iRz 15= T72_A32_17 | 0 0 0 298 | 100.00
o 172 BA YA 191 & 73¢] BMP2 2o w # T72_A62_15| 0 0 0 274 | 100.00
B AWy o 18470 T2 X o ® 2H=A 2 T72_.A62_17| 0 0 0 299 | 100.00
At} 74 S5 1729 A5 AAZE WE T72_A63_15| 0 0 0 274 | 100.00
3 gl ol gd AEd WE 1322 ¥ WEd 17 T72_A63_17 | 1 0 0 298 | 99.67
o dFste Fdeld, B =y tE Al T72_A64.15| 0 0 0 274 | 100.00
o e} o] AlgYd Wy UgkZt dAIgle]l 149 T72_.A64.17 | 0 0 0 299 | 100.00
THR7T A gvtEA BR3 AoR IHsit SHA| 8 0 0 | 2702 | 99.70
Table 2. Confusion matrix for EOC-C of Net 1 Table 5. Confusion matrix for EOC-C of Net 4
BMP2 | BRDM2 | BTR70 | T72 | Peo(%) BVP2 [BROM2 | BTR70] 772 | Po%d)
172.87.15 | 7 0 0 | 184 | 9634 T72.57.15 | 0 0 0o | 191 | 100.00
T72.87.17 | 28 0 2 198 | 86.84 1725717 | 6 0 0 22 | 9737
T72.A32_15| 4 0 0 | 270 | 9854 T72.A32.15| 0 0 0o | 274 | 100.00
T72_A32_17 17 0 0 281 94.30 T72_A32 17 0 0 0 298 100.00
T72_A62_15 0 0 274 | 100.00 T72_A62_15| 0 0 0 274 | 100.00
T72_A62_17 0 0 291 | 9732 T72.A62_17 | 0 0 0 299 | 100.00
T72_A63_15 | 4 0 1 269 | 98.18 T72_A63_15| 0 0 0 274 | 100.00
T72_A63_17 | 20 0 2 277 | 92.64 T72_A63_17 | 1 0 0 298 | 99.67
T72_A64.15 | 1 0 4 269 | 98.18 T72_A64_15| 0 0 0 274 | 100.00
T72_A64_17 | 33 0 3 263 | 87.96 T72_A64_17 | 0 0 0 299 | 100.00
BHA 122 0 12 ]2576 | 95.06 B 7 0 0 |2703| 99.74

224 / = Aasl et E] 4] Al25 A|3E (2022 69)




L& gl AT WEYAE o] 83 SAR ¥Y

9 AFERFE, JFEE HLHA 22 7|E
VEYIS A, F 2,710 T2 Ald B89 F
ol 25764 TR SHIEA ERIoEH 2
3}5-(Probability of correct classification, P.) 95.06 %]
AAes HRth Alddd T 122%°] BMP2 ¥4°o =
2R BREed, o 71 Jyd 7 vy
A At ElE = dAdolt) ol HESG
%S 93 #37tkakel BTR700|Y), BRDM29:= w)
BMP2E= T72 89l 728 A= e aivx 2
Ao vld® EZ QAdte] SAR ‘A G4 FeEv)
WA fARSH e Axz Bl Net 19] SE
BES F7F8 Net 29 45 35 % 7149 45 &
S wolm, AW 3EL 9852 %o|tl SE REQ] Y
s @yl o8 EYA 54 AY Hre A
A Az gAY v Eo], YEA T WIxA &
HeS 4sia7) ZAow welth o] s BMP2 ¥
BTR702.%2 Z3 28 AFFEY M7t a4 =
o] 52T} Net 19] CBAMS 3718k Net 39 A$ole=
SE 2E5S 3713k Net 201 Hla) oF 12 % Ao O
GAE 9970 % AT HAUh Fig. 39 #ol
CBAM< 71#¢] SE RE<] GMPol| 2% gy 3
1A 2 e ASRES FU1eMY, B =2
A5S KBtk EoF Table 59E 7] U EH A
ECA XEo] A&% Net 49 93 EOC-C 2%= Y
ERith A3 e 99.74 %EA, 4%2 WET
= 7P 3 S Bolt) Net 29F Net 49]
712 WELI AdHF EEel ¥&d
|, Net 29] SE &5 oA AF3k unlel 7o)
WEF 219le] A4S 47ubelal, Net 49] ECA &

olg]gh HaAe] gtk Aol stk F HE

=

2 ol —l

Mo O oftt BN
AR Y

rlo N

fo 24 o

g 4= 2tk CBAM©O] A-&% Net 37} Net 4= 2 A
Sakol= ity 2u Net 30 F W] AUy =
25 ikl AR g9 3 JFAE s
B ¥sletal 9l Aol vlsiA, Net 4= Adard
Z27F g AdAFveg s Hrl $543 Ay A
% g Aol 53 whelr), Myl olyel, SE &
3 CBAM &% AdAT gol AMEEHE feoll <
El

& 713 YEYA tH] 56,34871(+0.87 %) L 112,717
MEFLT72 %)7F B0l wifdss Q82 3he Wi,
ECA 59 4% 13 A it o8 &3 32

=1

Z A
=t

M7F ot mi/lwiSgRto 2w =S Eoc-C A A
TE HYoEH, AdHavt fle AT 489
AEAS AT 5 9

3.2.2 EOC-V A'd

EOC-V A3dAe= 271 9 5719 v Algd HE
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Table 6. Confusion matrix for EOC-V of Net 1

BMP2 | BRDM2 [ BTR70 | T72 | P(%)

BMP2_9566_15| 168 1 7 20 85.71
BMP2_9566_17 | 217 5 0 10 93.53
BMP2_C21_15 | 172 0 0 24 87.76
BMP2_C21_17 | 220 0 0 13 94.42
T72_812_15 1 0 0 194 | 99.49
T72_812_17 3 0 0 228 | 98.70
T72_A04_15 2 0 0 272 | 99.27
T72_A04_17 0 0 0 299 | 100.00
T72_A05_15 0 0 0 274 | 100.00
T72_A05_17 2 0 0 297 | 99.33
T72_A07_15 0 0 0 274 | 100.00
T72_A07_17 1 0 0 298 | 99.67
T72_A10_15 2 0 0 269 | 99.26
T72_A10_17 1 0 0 295 | 99.66
BMP2| 90.67 | T72 | 99.56 | 97.42
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Table 7. Confusion matrix for EOC-V of Net 2
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Table 9. Confusion matrix for EOC-V of Net 4

BMP2 | BRDM2 | BTR70| T72 | Pee(%) BMP2 | BRDM2 | BTR70 | T72 | Pec(%)
BMP2_9566_15| 182 | 0 3 11| 92.86 BMP2_9566_15| 185 | 0 9 2 | 9439
BMP2._9566_17 | 230 | 0 1 1 | 99.14 BMP2.9566_17| 227 | 0 5 0 | 97.84
BMP2.C21_15 | 176 | © 0 20 | 89.80 BMP2_C21.15 | 183 | 1 0 12 | 9337
BMP2.C21.17 | 233 | 0 0 0 | 100.00 BMP2.C21.17 | 233 | 0 0 0 | 100.00

T72.812.15 | 0 0 0 | 195 |100.00 T72.812.15 | 0 0 0 | 195 |100.00
T72.812.17 | 1 0 0 | 230 | 99.57 T72.812.17 | 0 0 0 | 231 |100.00
T72_A04.15 | 0 0 0 | 274 |100.00 T72_A04.15 | 0 0 0 | 274 |100.00
T72.A0417 | 1 0 0 | 298 | 99.67 T72.A0417 | 0 0 0 | 299 |100.00
T72_A05_15 | 0 0 0 | 274 |100.00 T72_A0515 | 0 0 0 | 274 |100.00
T72.A0517 | 8 0 0 | 291 | 97.32 T72.A0517 | 0 0 0 | 299 |100.00
T72_A07_15 | 0 0 0 | 274 |100.00 T72_A07_15 | 0 0 0 | 274 |100.00
T72.A0717 | 2 0 0 | 297 | 99.33 T72.A07.17 | 0 0 0 | 299 |100.00
T72.A1015 | 0 0 0 | 271 |100.00 T72.A1015 | 0 0 0 | 271 |100.00
T72.A1017 | 0 0 0 | 29 |100.00 T72.A1017 | 0 0 0 | 296 | 100.00
BMP2| 9580 | T72 | 99.56 | 98.66 BMP2| 96.62 | T72 |100.00| 99.19
Table 8. Confusion matrix for EOC-V of Net 3 2 Z50] 90.67 %oll E3ste] HAAH R 9742 %
BMP2 | BRDM2 | BTR70| T72 | Pec(%) o] 21 Aso] UpEhdth SE AYRE mEo| F7he
Net 2= BMP2 EZJQJ Ntﬂ A—]‘:.o] H}\iglo% 98.66 %

BMP2_9566_15| 182 | 0 3 11| 92.86 o] AA A BFS UERAS oF 4= ot} o] HE
BMP2_9566_17 | 229 0 0 3 98.71 Table 99 YR AEWat 9471 g AUd=
BMP2_C21_15 | 183 0 0 13 | 9337 L5 93 Net 4= BMP2 ¥4o] U3k 2d gE&
BMP2 C21 17 | 231 0 0 2 | 9914 96.62 % HUl AEANL, BE T2 345 Svk=
}\]l:ﬂ‘(ﬂ—o 0/ 0 ;\-],4__ 2
T72.812.15 | 0 0 0 | 195 |100.00 :j]ﬂ ; ‘;;j:ﬁ ;;wa/i = %32 ﬂr]i;:jci
T72.812.17 | 3 0 0 | 228 | 98.70 o Ao MAFA AW=o] TAMO T 285
T72_A04.15 | 0 0 0 | 274 |100.00 Aeo thA 3 W selsl 4 gtk o= wr) B
T72_A04_17 2 0 0 297 | 99.33 TJEE 2= CBAMO] #-8-% Net 3ETH: 025 % 7N
T72A0515 | 1 | o0 0 | 273 | 99.64 ;j? i?];}miié fjf ”2 E;;ﬂ”i;j;
T72.A0517 | 0 0 0 | 299 |100.00 ;]; E;&:%ﬁg ; %';;j’; soto] Eoc-:*;%, o
T72_A07_15 0 0 0 274 | 100.00 HlaA = A7) wio] BOC-Vel] 2291 Algjed ¥ F o)
T72.A07.17 | 0 0 0 299 | 100.00 T72 B4 945 UEHT shgol 222 Al2ld ¥
T72 AM0.15 0 0 0 271 | 100.00 132°0 T72 28G4T dadez fARS & 5 9l
T72.A1017 | 0 0 0 | 296 |100.00 o BMP2 iExe] Aol WE T2 £ £
she Mlge] wovl, mW FEAPe BIRT0C}
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Fig. 6. (a) SAR target image of T72(S/N:S7) and
channel activation maps from ‘stage 2’ of
(b) Net 1, (c) Net 2, (d) Net 3, (e) Net 4

(a) (b) (c) (d)

Fig. 7. Gradient Class Activation Maps for Fig. 6 in
case of (a) Net 1, (b) Net 2, (c) Net 3, (d)
Net 4
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Fig. 8. (a) SAR target image of BMP2(S/N:9566) and
channel activation maps from ‘stage 2’ of (b)
Net 1, (c) Net 2, (d) Net 3, (e) Net 4

Fig. 9. Gradient Class Activation Maps for Fig. 8 in
case of (a) Net 1, (b) Net 2, (c) Net 3, (d)
Net 4
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