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A Study on an Al Based Target/Clutter Classification Model of
Count-Battery Radar

Seon Jin Kim - Yong-Ju Cho - Junhwan Kim - Dong Woo Kim * Kyung Hwan Kang
Center for Army Analysis and Simulation, Republic of Korea Army

The biggest issue when Count-Battery Radar is the increase in operator fatigue and emergency response
requirements due to clutter. In terms of radar performance, it is expected that the simultaneous detection ability
of real targets will be improved when clutter is eliminated in real time. clutter is an unwanted signal generated
when a signal transmitted from an antenna reaches the target and is then received by the antenna again, and
much research is being conducted to remove clutter. In this study, an Al based target/clutter classification model
is developed to reflect the requirements of operators and to complement the current target/clutter classification
algorithm. Unnecessary beam waste caused by clutter can be prevented and accuracy can be improved. The
performance of developed model was verified using data collected in the actual field.
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Figure 1. Operational concept of Counter-Battery Radar
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Figure 3. Trajectory Graph of Target and Clutter
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Table 1. Learning Variables and Characteristics of Each Model
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Table 2. Learning Data
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Table 4. Experimental Result of Each Model

4N

R R L

3 AFEI(EE 5l e T8 B/ QAFES GHA w2
2 3k (Confidence value)= TEOE EFT F T E g,
HEFED O Validation H8AAM £ 3 SLEE 44 £/
g oMEEY] FAgte] B BAS 23] F4d that A
ERecal) S Y F e AAFE 2 o] &, HFEY
] Test Aol 33 HAg-S 4 -8ato] hxFEAHoH &
& SHAA 84 ngA HA3 25 A2 FEE
Ae Bd dHo] 7hEsitt B Aol A ALs Al 7] £ 57
e A EA FA AT T A 28 ERE AT 1A R
dolt}, £l A5 E 7he-H A 28 (xehS SHHE AT
(Mgt 71E WAH ERELE AFo] HA o
S ANE TAE 2T A2 HA NS F 2YHHE
EAHOZ 14 ER(LEF)SI 712 WAd EFEEE A
& Nole ARFE stA H7lol S84l TA & TAskA
AET S AA T89e ZHHE LEFRT B E AZIA
d&=1)3tH, FIHE HU S BFste Aol £ AFAA 7
gk 2 59) A gl 7]5o] He Aot

Category Accuracy Recall Precision I, — Score Com. Time(ms)
T1 95.43% 94.81% 82.02% 0.8818 1.1481
Model 1 T2 76.48% 55.84% 38.39% 0.4656 1.2486
T3 62.79% 58.44% 25.57% 0.3614 1.2568
T1 90.41% 65.77% 94.81% 0.7766 1.1450
Model 2 T2 91.32% 70.10% 88.31% 0.7816 0.9810
T3 91.32% 68.22% 94.81% 0.7935 1.1347
T1 91.55% 69.61% 92.21% 0.7933 1.3810
Model 3 T2 91.78% 70.71% 90.91% 0.7955 1.2388
T3 90.41% 69.66% 92.21% 0.7470 1.1194
T1 96.12% 86.59% 92.21% 0.8931 1.3427
Model 4 T2 96.12% 84.88% 94.81% 0.8957 1.2130
T3 95.66% 84.52% 89.61% 0.8820 1.1067
T1 93.61% 96.10.% 74.74% 0.8421 0.6526
Model 5 T2 92.69% 94.81% 72.27% 0.8268 0.6227
T3 94.29% 92.21% 78.88% 0.8575 0.6064
L0
1.0
= 04
0.0 —— Classifier (AUC = 0.52) 00 . . . _ U"‘"'“;H“'H ;”'fi‘:'
0.0 0.2 0.4 0.6 0.8 1.0 oo 0z 04 06 o8 1o
(a) Model 1 (b) Model 5

Figure 9. ROC-AUC of Model 1 and Model 5
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Table S. Precision According to Recall Threshold

Category Ref:alllzl Rec§ll‘:0‘98 Reca.ll.:0.96
Precision(P) Precision(P) Precision(P)
Model 1 with T3 17.6 17.3% 17.1%
Model 2 with T3 32.5 55.8% 68.2%
Model 3 with T3 333 59.3% 64.8%
Model 4 with T3 22.1 74.5% 84.5%
Model 5 with T3 18.6 62.3% 81.3%
Table 6. Experimental Result of Each Algorithm
Category Accuracy Recall Precision F — Score Com. Time(ms)
LSTM 94.29% 92.21% 78.88% 0.8575 0.6064
RNN 94.83% 73.59% 85.81% 0.7923 0.6147
transformer 93.69% 88.43% 71.38% 0.7899 0.7187
@ &7 LY 4534 Hato] TAEATY 2 FAs FAE 70 = Ao o4
2 @_Oﬂﬁ% LSTM 71¥e] AERA(ED 5B RN 8 E4 $40ss @ 24 25ud0|4: 30d0] B350
transformer G2 F 7|HO 2 85 D A5S S5t vlu Y, AEEF A= 19710] WA Ete] 51.3% ZAstEt
gt & A4 712 Ak HIE%}" < 98 &89
LSTM ¢1g]E ¢o 24 55 RNN ¥ transformer & 125
02 47 33 & 1Y 5 8o Al RH sk 2 524 5 7&%
H Ol E(T3)E AHE- T}, A A B4 o]l E A 87 54 WY
2 Fad EFYS AAT HolHE o 2 Ae3As  BATAAc dEEEA G BA AT T 243 22H
Fa 74 B A Aol g AR L FRT 9l S EFSGS AV EFELSLSTM 7o 2 7 el 7]
o LSTMAIA AAE &9302M)3 FL3HA RNN 2 trans- & FrAMET7ESh59f thdol A& A 93] 9} 7]27] 9] ‘%W
formerS A A5t 85 2 A% S 24T AFE <Table >0 OJATL B AT = AT DA 449 A A A& 1A A
A B vkeb 2o LSTM 7]8k 29 59 A d £(92.21 %)OI S5 obEH Al EFED AT A dolH Y B3 &
RNN 2 transformerol] A ] A& & 73.59 %, 88.43 % KT} ¢4 3)2:317] 918}, PRODASCIA £ o] Th3t Hlo]E & F7} =3}
sttt 2 AT A AHEEHE AT AR (1-270), B4 ] of 84 Ao Z43o 2R e 28T, ZHH) YL 44
HEW dlolH 9 A4 01(137H) SL uHALSTM 7|te 2 S AT SHE YA o g A w7} Qle A4S 15t
T8 74 EF2do] RNN 2 transformer ¢ 11282 7]8ke]  HAXHEF §lo] Yo iakol A A4 H tolel & &8skt
et AU A0R Atk BY ANEEE VIS ARRdS] A5 A, 12 fAaTaA 7HE A
FYF BT/ EAL0.032 WS 35T EF At VN ERED gH AP E ARE, AYE TolM ¢ A
Te HAFdt e E‘*‘ o] A Awlel A& /\l ERSIEE
()8 F4 ERrdy ferde 45 v L84S 1t AP &l hE YAAE 2A st 44 Al
F71E gEygAgeldd Wad EFRE% AERd  os SHE Y TYNEE 69.5% G ? S’,l%% HofF
(29 5)9] B5S Hlwatgich. 28 gA &, 22 AN E, 4 o€ T, lt A7 28459 M= ZFaeT oy
3% 24 AN E 3749 B ARE ALt AAl 2h Ao &8 E& FoE A 79T AL o3t
gzygAgeltd 44 2 S45AH S ngste, Aol B ATl £ FRE A WD SR, S dgt
100% H3 == QAGS BAste] vlwsidt 421489 ¥ FHED)S A 2 1=dA S4E E I A &
5,02074(:”4 66971, S E 43127, 314 £32 3974)9 Adlo]  F At oW Hlo|HE o BA 7tFste] Al RS 3547
B S 283t & Aol M Audt Al 7 BRrd(ed AV AT AIRD ) A5 S 2R34T E 5 Yk
5) A8 Al A4 B (ZEHE 100% TH o2 BFHeT 2& F3 AT HA & B AFE &5t B FU1AA 487 A
AL NG TR ARZA, E 2H EREDGA BAG RS AESG = oIt A2 2y GA oI E Y
669719 EAL MARdoME B o8 BRert. O E AP/ YA FAPHIRL B g ol 3 A
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