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Track Segment Association Based on Deep Temporal Contrasting

HOU Hailun,LEI Yi, WEI Bo and FAN Yuqi

School of Computer Science and Information Engineering, Hefei University of Technology, Hefei 230601, China

Abstract The radar’s tracking of a f{lying target is often interrupted, which seriously affects the perception of the airfield situa-
tion. Deep learning has powerful learning capabilities and has been gradually used to solve the problem of interrupted track asso-
ciation. However.,the existing deep learning-based interrupted track association methods fail to fully consider the similarity be-
tween the old and new track features, hence the association performance needs to be improved. Therefore, this paper proposes a
track segment association algorithm based on deep temporal contrasting( TSADTC) , which includes a track feature extraction mo-
dule,a time comparison module,a track feature comparison module and a classifier module. The track feature extraction module
uses the bidirectional LSTM(Bi-LLSTM) and the encoder-decoder to extract the features of the new and the old tracks, respective-
ly. In the time comparison module, the features of a track are used to predict the other track,so that the features of the two tracks
of the same target have high similarity. The track feature comparison module calculates the feature difference of the two tracks,
which is fed into the classifier to decide the association probability of the two tracks. The track pair with the largest association
probability is set as the associated tracks. Experimental results show that the proposed algorithm TSADTC can effectively im-
prove the performance of correct association rate, false association rate and missing track association rate of interrupted track as-
sociation.

Keywords Temporal contrasting, Track segment association, Encoder-Decoder, Bi-LSTM
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Fig. 4 Track feature contrasting module
TSGR REAE T L ASE BB B 3 A Y R AE 2 R 2
iR m G A ZWA2EER, AR FGE
HfCayoy o SR Al P 2 ng R B AR Sy A AL EE BE T A
SCGEOHN ) AR () PR
Similarity= || f(zE*) — £ || (15)

3.4 SDRJ[EHR
A3 JE AT LT A A 8 A AR A A R0 BE AR R B AL 2
AYERE SR 512 1 MR R 5 B i Sigmoid BTG
PRI, 75 B W S5 AT R A DG BRI MR
1 2 AR B 458 4k PR — 6 38 U (Binary Cross
Entropy) $# 2 , 4n X (16) 7w -
Lerossentropy = — Ly log(y™) 41—y log(1—y*) ] (16)
o ™ R U TR X Y BR A 5 0 3R AR B X A X A T
45
HBE R 1 A G H L A ) G R - i B 2 4 38 1R 22 B R
Lse: I TR PUARE He @ X FE it 28 Lo LA S 43 28 g B iy — 5t
ZE SR Leross entropy 3 T8 A3 AR S 2], =X (17 iR -
LOSS™ Qerossentropy Leeross-entropy 1 amise Lvise T are Lre an
o, @ ronsentropy s @uist sarc 3 M TR 3 AR K PR B AYAN E .
G328 W A L A V2R AL 3 S A G IR Y A R L X A
AR 2% 3 T 45 M50 7 T R DG T
3.5 kERHEZEAbIE
DR B ARE 2 4k R 43 445 AT TR A L1 0 T 8 X S BB ABE 3 Ak 1 hy
582 IR
B — A IR A 3R B SMRT— A~ SC B 0 X AR
& list. FBE SM TS g 1T 5 w FIFEILE ¢ FRMiil FNER w
FATII Y G HRME R, A AL A 7 G I ABE R AE T B SM TP Y
MR ICRENE ., R IR SM B —17H R R R K
B 5 A 0 AR Ry G BR300 X o i S 44 4 R A S TR 14 A 38 X
VNN B S BRI X A s
BE 1 BT IR R X A o DT A R DG I AR 1k
A 30 B
i 2 ) PRy SIS () BE A list
L. W00 A S TR A 4 S B SM
2. VIR A I IR L3285k 31 3 list
3. WA AL AL TR AT BRI B EY AN E°
4. W) WAk R U A TCY A TCe
5. WA A AT HEAE X LA B S
6
7
8

LRGSR C
. WHILE Il Rk 4 A 35 5] epochs DO
A EY A E° ) Bi-LSTM N 4 5% % 41 HOPT 3 308 45 1F 2L A0

E.o

Zm

9. AR (DI E° BIHIR Lyge

10. AR (O E MK Lige

L1 S TCo MR (LD 4 AT 2L B9 FH I Prediction” 15 %
KRR 200 AT R R TR TCO Mk Lo

12, ffF TCY AR QL0 MM ARAE 25 T IAE Prediction® 5 %
X HCARAE 20 L TR LG PR TCY B L

13, (8 S X Lo 7 B A8 B AR AE 250 25 13 80X LU AR AE Similarity

14, ] C, MR U5 XF LLHRAE Similarity 75 31 P 45 A0 505 A9 5% B HE R

15. R4 =0 (16) T3/ R BUR Leross entropy

16. AR #2017 A 11 45 B L 2k

17. END WHILE

18 45 A58 TR Ayt 149 O IO ABE R L 75 39 SC TR 3 B SML v 1 X 7 A7

19. FOR i< 1 to SM. length DO

20. SM[ max_iJ[ max_j]<arg | max SM[i][;]

21. % (max_i, max_j) @A F] list
228 max_i M\ 1 B3 T3 15 5 o B B
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23. %% max_j M j #9387 5 op 5 R
24. RETURN list

4 LBHESERSN

4.1 EHFBMYEIEE

N T B UE TSADTC 53 WA %obk , A S0y BRSCHk[37 ] 4E
BT A GBI AR IR HEAT T v BTG D I 1 1 LSS 5

TEDFE SR b, 8 T 100 km * 100 km #1955 % £ ) X
B RABEPLA B E AR 2 4GB A AT B AR R E BALWY
IR CIVATRE IR GRS RPN E K Rt A I R v N P
300m/s~600m/s, Z i il B Ax kAL i AR 2z sh 2 80, 6
18 B BE B B 7 1) B AR TIE 2 00 A8 Ak R N i s B
AN ABEVLE, ITAERMMXZE S8R ., &
A BEARIE AT 50 s, R RE — K B ARG, BUE £
T0%VE RN R4, IR 30% /E ML 4. LR TSADTC
JT A S margin A 1.

1 HARLT BHE

Table 1 Ranges of target track segments
& /m 30000~70000
# £/ (m/s) 300~600
I /() 0~2m

4.2 AEMKEHNEXE X MMM

ARSCRT R W & 3 AR MR Le s Luse Al
Lcross-entropy » 155 TR0 S0 04 80 K BRI B 3% 3 A0 2R bR B0 ALK AT
AR INAT PR AR [ 451 2% o B A4 ASL R X AR il A B

S L BEALAE L 2000 A H BR Y 8 B ATEE . A A H AR
BOFUE I , 422 PR IF 1] ) B 45, 65,85, 105, 12 s X 45 S i E AT 4%
4% REASA (8] ] B AR B0 S #8RT LAPR HE 2000 2% 03 AT 2000 45
B . 205 TR R — B AR 0B 2 A AT R, AR
2000 £ IEREARKRE F AR TR B B 0987 L R 2E 1T BEPLAL 4
1AL 2000 ZAREAS . X 5 A~ AS [R] s i) [0 B 9 550408 8 A n 1
AR A9 5] 10000 F% IEAEAEE A 10000 % SRR A K .
X 20000 4 B0 H E I 4R

F 2 B T R[5 e oR BORCE HU(E 3535 TSADTC Y
W A [ R UK MR b R P B Y Geoscenony ¢
ausearc HASBUR R E . NEPITLIE M, M4
Qeross-entropy * @nise fare =1 30,3 £0. 4 I, AL IR B T 9250 b (1 4
TR, M RIAB] T 99. 68% , B MIAIKF] T 100% , K i %
WA 99% . NIk, 78 J5 22 AU L5 P B B duossenmony = 1

avse =0. 3.arc=0.4,

*2 HLTEAFNELAES T RN

Table 2 Performance of algorithm with different weight combinations

CRRAE 20
@eross-entropy - 4MSE * 4TC Accuracy Recall Precision
1:0.3:0.4 99. 68 100. 0 98.99
1:0.4:0.3 99.28 99.90 98.73
0.3:1:0.4 99. 20 99.97 98. 44
0.4:1:0.3 99.08 99. 87 98.19
0.3:0.4:1 98.43 99.77 97.14
0.4:0.3:1 98. 68 99.77 97.77
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BT HAE TSADTC B i PERE AN e 8T 3 FpSe ik

) DRI O 326 96 BB B9 1 O o BE R R L L 3R L ) o R R e
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AIE B4 A B2 S T 2 75 R B

A /N Y0 2 A 1 AT TR A0 3, 00 3 A 4 b Y
AT BB B 5,50]. T A ©AT B AR SR, AT
TS50 RFHRDHE. B/ 5 ST BRRASCH 25, Wit
[F] 9 6 B — R A ELECHR 4% 60 300 Sy o I 7 %) A0 8 A5G, R
0, 550 Sy TP T S A I A

v/m

20000 30000 40000 50000 60000 70000 80000
u/m

K5 (5 B = 2 G T RO R ED
Fig. 5 Simulation data diagram
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AT TI0 IE B DG IR R R G TR I DRI 2 M A 0% R
R22).

R.+Ri,+R,=1 (22)
4.3.1  RFE) P B EF R AT M AR 09 R R

TE AT BARECE Sy 25 B AS [R] Hh W A 1) % A [R50 6 Bk
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Fig. 6 Correct association rate with different track interrupted

interval

220900164-6



RIEF 5 A5 o HE TR B I TRD X B A i B 3 G 16K O vk

3 ANIRIGUIE F I ] A O O Ik 3

Table 3 Missing association rate with different track interrupted
interval
& B WAEE/N
B 8] /s HL# & 4 F # %  TSADCNN  TSADTC
4 12. 80 12.8 0.24 0. 00
6 5.28 5.28 0.32 0.00
8 3.68 3.68 0.24 0.08
10 3.28 3.28 0.24 0.08
12 3. 36 3.36 0.08 0.08
F4 ASTEAIE T )T R R R DR BR R
Table 4 False association rate with different track interrupted
interval
& B WABE/N
it 18 /s WL % & F A% TSADCNN  TSADTC
4 0. 00 0.00 2.80 0. 80
6 0.16 0.16 2.80 1. 60
8 0.32 0.32 4.00 1.36
10 1.12 1. 36 5.68 1.84
12 1.68 2.24 10. 48 3.04

] 6 45 H T S [R] 530 320 26 S TRT A 328 T B J1) 7R 49 I 6 BBk
R, NEHRTLIE B ASCA S TSADTC MEREL . 784
Wi IFIa] A 4's B CHRAER 53k 99. 200 ZJR B H Wi
IF) f) A8 4 AR R B /NI T B AR — DR R 7R B Y IE
KR, MW E R 12s i, TSADTC B #E 80 R 475§k ik
96. 88%6 . HLEk AN I Il 1 7E B AN S5 b ) A T, ML 3K
T2 TP T TR A 4K B T B DG 56 R 1 B WK 4 T A O R i
TSADTC Af LU ML &% i R0 &) 2 F ik 1 1 8 $2 T o5 47 B ] D)3k
3 12% ., TSADCNN ¥ IF iy ¢ B 28 Bl 45 v W7 B I 070 18 KA
B R e, 75 Rk E] N T 8's I, AL 28k s A g 2F ) Y IE AR
KBEFR L TSADCNN MK 2. 32% ~9. 76 %, 78 o Wi Aisf ] 48 i
8s I, ML % A &) 2F Rl 09 1E #) & BX R Lk TSADCNN =&
0.24%~5.52%.,

2 3 B0 T AN [ B3k AE R TR A v D R ] R A4 3 G Bk
F, NP LIE N, A S8 8 TSADTC Z i i T H
Bk, fERWIEIN 45 F1 65 LI RIBER A 0, ZJE.HEE
H DT ) (L T IR B /IR kR — R
I B T ST 3L i v AN AGE 31 0. 08 %6 . Lk 25 A0 £ I A vk
B4 Y G T R A [R] L 7 vp WA 1] O 4 s B, MIL# 3k A4 28 13k 1Y
T IR S TR 12. 8% . Bl v I B I 19 208 4, AL 28 12 A g 2
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Wikt [, TSADCNN By ¥l G647 & T TSADTC, 4 i
BRI 6 B, TSADCNN 4 i ¢ Bk % [t TSADTC 19 s 5C Bk
R 0.32%,

Fe 4BV TR [ 55k A AR [0 320 v W7 Asf J) 15R OG BR
R, NPT LE L BEE PRTR E]EAE  JLRR R B AR
KBCRERAG Br BT, ARSCH % TSADTC 35454 T e TSADC-
NN B L i 45 R GBS, SR M B4R T B dr e ik B T
70445 DLARTE AR 7 AR AR T BOM T Y R R LRk
AE T T B 1] A5 e 1 AR 0 DG TR S R M A T ) S Rk, AL
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Lo T A TR B 2 30 SRR B R AR £ K R B O R DG T S5 HE BR 4w R
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Fig. 7 Correct association rate with different number of flight targets

5 AR AT BARABCN B G

Table 5 Missing association rate with different number of flight
targets

AT E AR BARE/ N

A # /A WL % 4 F A%  TSADCNN  TSADTC
5 3. 60 3. 60 0.00 0. 00
10 5.20 5.20 0. 60 0. 00
15 4.10 4.10 0.13 0. 00
20 4. 30 4. 30 0.00 0. 00
25 5.28 5.28 0.32 0. 00
30 4. 60 4. 60 0.13 0. 00
35 4. 85 4.85 0.05 0. 00
40 4.05 4.05 0.10 0. 00
45 3. 95 3.95 0.00 0. 04
50 4. 40 4.04 0.00 0. 00

£ 6 ANFECATHERAECT MR B R
Table 6 False association rate with different number of flight
targets

AT H AR R E/ %

AN/ A HL# % 4 F Fl%  TSADCNN  TSADTC
5 0. 00 0.00 0. 80 0. 00
10 0. 00 0.00 0. 60 0. 00
15 0.03 0.03 3.07 1.33
20 0. 20 0. 20 3. 00 1. 00
25 0.16 0.16 2. 80 1. 60
30 0. 40 0. 20 4. 87 2.40
35 0.47 0.47 6.92 2.98
40 0.15 0.15 6.65 3.85
45 0. 50 0.45 6. 89 2. 80
50 0.32 0.24 8.68 2.88

P 7 g5t T R RI ST RE AE AR ] QAT F AR BB 10 16 B 56 1
. MR AT LR A O % TSADTC £ BURUF . 7§
AT EARECE 5 R 10 B, QIO B 3 ik 10090, 2R B
5 TCAT F bR BT 109 98 00 o R AR W AL — TR
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1%, 7EKAT BFRECR R 30 B, AL 28 1 0 6 o 3k Y OF i
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