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Abstract

This paper proposed a method to optimize the DeepSORT tracker aiming to solve the problems of
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frequent target ID switch and low tracking accuracy caused by target missed detection and occlu-
sion. Firstly, a re-identification network called S2Net36 was designed to extract deeper vehicle
appearance features. To achieve this, the re-identification network is deepened to build the Res-
Net36 network. Then, a SER module is constructed to extract the key features of targets and a
SE-Res2Net module is constructed to extract the regional features of targets. Finally, the SER mod-
ule and the SE-Res2Net module were embedded in the ResNet36 network to obtain the S2Net36
re-identification network. Secondly, a triplet loss function was introduced to shorten the feature
distance of different samples of the same target. Extracting more discriminating vehicle appear-
ance features for data correlation to improve the tracking ability for the vehicles ahead. The expe-
rimental results show that the proposed algorithm could improve the MOTA by 1.18% and IDF1 by
0.80% compared with the original DeepSORT algorithm. This improvement in tracking accuracy
and stability of road vehicles ahead is expected to provide technical support for autonomous ve-
hicles.
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1. 5|8

% HAREREFAT 55 B e H 245 @ AT 1 H bRig shiuds, JE4ERE S A His & 005 2AD) [1], HFRH
RS JAS . RSP G B 2 H bR F ) 1D D)4 9 R 22 B bR ER B BB FUME . Bl E BRI B2
FPE A& g, 2T B ARSI R 275 20(TBD, Tracking-By-Detection)/ii N % H b R R 4TIk 1) 32 FAEZE[2] .
ZHEZE N 12 HARRER VAN 2 H AR ERERAE 55 70 R PR AN ML TS5 HARKII AN BOE CBk, &
et H ARSI SE A (0 A — ot BRI AT R, K S TR — H s EL Sk B A [ e R £
RIEGER, HEMAR 2] H AR [3]

HF TBD [FIREAE, Bewley [4]%42H SORT 5%, SORT fliér H AR 4 H AL B S B 5 RK/R
2 8 (Kalman Filter) TN (1112 25 BAE AR RS, 456 &) 7 R 537 (Hungarian Algorithm)SZHL H AR5
ML PR SCICIT AL, (H % 509 A 5 R PR R I A v ol TR T ()R 3 3500 B b 1D S48 . Wojke [5]1557E
SORT Z&fili E42H DeepSORT Hi%, 45647 NEUNEAR 5| AT AN HE R Jl(Re-identification) ¥P WY, il
HHME BAE NG BAE A RBRE R, RGBT SRR — D4 T HARULEC AR RS, (e KR B UL AD
HHET RO -

DU B, H bR ERER BB S8R 43 9t o (1 H AR 45 55 /5 05 ¥ DeepSORT BRERSZS M4y o X T H ARk
TZFPIEFT, B FF[6]%7E YOLOVA [ 71K MI#% F ik N CBAM VER JIHLEI[8], RlGREAE =% 7145 B 5 il iE
SR, RETTREE AR BRI 55 L AE E EAHIE (S B Gao [9]5 IR T Res2Net 2 JRUEAEERL, %45
CINDRGEr 38 FNEE N E R v ol | e s sl £ e ] S = SR S B u iV E A L AN T i IR < Y € e G =R
22 )5 UA S R EBARFAE s TSZ IS 10]55 7E Res2Net AL RN 1 x 1 BRI SE yE R IHLGI[ 11 M@ Hisisk, I
FHAA 322 R BT RS R 5 4 AR AGH I 35 CenterNet [12]19 J5 4 5% 22 0, DASR TN 45 % H AR X ISURFAE 1 2 HL AR

%t F JG i DeepSORT BREEZFHIMFFL, —J51H, DeepSORT ILAT [t B 1R 71 WA 48 iy fif B, wf DLSREE
B EANE s A5, BT ES RN ZE RN BRSBTS RE S, AW 218
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L2, M RECARE ID RS WU SMARAE ZE 5/ T [F — ID ZR4aTfa mim stz %, S5
FERI) B B R 77 o R BIAT (0 B TR X 24 SR MU S AS R 0 Il R, AT 4 213555 — 28
IR EE AR T R 2%, 38 1T B e PR H AR AT ARSEAE B IR [ 14554 H R 50l W 2% #5462y Darknet53 W 4%
[15], i#id Darknet53 2% S5 44 1) Tk T RFEERAE RS KIRSZ BT, dEifi SR HC H bRiR JZREAE . (HSREN 2245
S Bk Z #1122 1 DeepSORT ¥ 58 UM 41 2% bR B0 3 FH T2 ) SR IAME 2, TR AR AEAH T 1)
HFR AT 73 RECRWAE6], @arA[16)5565: T ub gl N Ok ki,  Fon AR (R — H AR A RIRE AR 1
FROEFE R, I 456 ro O 2k R 305 58 UG A0 R s B0 AT BRI ISR, E T A 8 52 BUCSE B9 0l 70 1) 2248
SRR FH T 250808 OC K

LA B FU R BN R EAR ) R 2% B % = RN AE B, A B 2k ek B R 8 S SR AR I R 7, (R
Xt F JG i DeepSORT FREZ 2% IR FEANAFAE — AR, EERIAEFATIIH : 1) FFXFBUA 1 H 5 W 25
a7 e AR ECE B IAMIAE ., R 2807 R EE I IR N 4 E B BUE IR BRI, VRO —;
2) A B X R B (DT 30 5 e AR Rl ) 8% BT A 457 K R B B — T T g AT IR AT, DA s ) ) %
FRAGAT 2K R 20PN T 0] (] B Xof SR B ASE R AT SOt i e LBk = o DRI, R SO B3 1) R
DeepSORT BREZZRIAT THAL, FEETTHRAIT

1) IR E AR5 RN 2R 2 B ResNet36 W45, T HEEUE 2 10 2594 M UL «

2) T ResNet36 45— D14 S2Net36 H AR P45, 7E ResNet36 173 il ik A2 1) SER #ih 5
SE-Res2Net #5Ht, I T HEHL H AR SCBEAFAE 22 X IBRFAE -

3) 4t = JusHA R B A S B SR S eR BN EEARUN P £ EAT N SR, R IR ER G REAEAR I H AR 1R 43 28
TRIPERE, I/ 2240 1D YT AR 5 BR ks 1
2. IREFEBIESR

AT ) IR AR AR SR B N (] 1 P, SE o ek ) S2Net36 FAR 7l I 2 3E AT I 2R A5 3 ZE A A
FEEFREUBEAY, YOLOVS Al 2 1) 2248 H b5 (5 B 2 ilid 505U AE SR UL R SR B K R A 5., 4k
45 1R JR 2 IR TR 1) G- 0 5 (¥ 38 B (5 B HEAT GRBR UL, 5ol o &0 5 ) BE R AN H AR 7 B AN IR
EREE ID. ZLBEUCHEC A R IN W B br &4k 823047 10U ULES, VCECRTH 5 oK i 60 7 R 0% 52 B ID 40,
XF T 10U VCECATI A i B HLZESE 100 Wi UUHC D 1 4= 00K A Hh IR o
REXITED

RIRUT L AR B AR IIAE . P02 FOMIAE (1 A 5% BF B9 A 5 QPR B35 Rk A7 % B ARk AT IR . 5%
B 17 R 1) B ARSI HE 5 2 SO RE R AD WA AE T 22 0, APIARAL S Bk, HLBR BT . XTI 3s
HPTHIR EbR, P2 2¥1%Z B ARRRHE S 5 SRR BT TH S, SRS B/ IR 5ZIE S -

d(l)(i,j):min{l—rjrr,{(i)|r,{(i) eRl.} (1)

rb, @ (7, ) S TUHE F S0 WLREAGE 160 fec S5 08 500 HE F) S0 WS GE 160 B 2 I O B N AR BB s, RS
AMSTHER SR [ B RYOBOBREAE A B R, HAF 6% 1 AN 100 MUz I MR AE ) B o 1 B
5 T S A H BAE 5 PO INAE 2 (7] s Sh AR AR5 A, SeBliash {5 S A UL

d(2)(i’j)=(dj_yi)T Siil(dj_yi) (2)

A, @) (i, /) A A IR S TUNNE 5 55 7 A FARHE 2 W 5 IBRES s o, 9 MK A o
v, R BRI B AR S ONER | AN IRER R B0 B 7 25 T AR R .
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Figure 1. Diagram of the improved tracking frame
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DeepSORT Ji 4 F M I 48 25/ ] 2 Fiow, Hm&eHt 128 4EFFIE, BasicBlock Ak % JZ 1 H.
TUIRZEGERE o 14 3 NS035 1) ResNet36 1R il I 2%, FLAE Ji AR H R 73 D9 2% (1 kit 4 5% 22 R 36 31 U=,
HA&E5% 7% 2@ & A R 2 E 1) BasicBlock 45 MITRM 2%, L1~L5 #2457 2 & N1 BasicBlock 4514
HEau 4, 5, 3, 1, 1, e BEATE—1hf i 512 4ERFE.
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Figure 2. Diagram of the DeepSORT raw re-identification network structure
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Figure 3. Diagram of the ResNet36 network structure
[&] 3. ResNet36 M4E L5 14

3.2. SER &3t

R4 SE 1% /1HLHI 5 BasicBlock M #ERHESREL SER B4, W& 4 fizR. 223 BasicBlock W JZ 3 x
3BT N H x W= C RIRHERE, dEmk Hfi N SE 12 JIHLH| 147 Squeeze. Excitation & Scale
AR, SCOURRE B REE (S B ARG . Squeeze i /E &K FREXMRFIE il 1T Global pooling M 7 [H] 4 %
BEAT FE4f ;s Excitation A 2@ Hi 2 FC. ReLU J Sigmoid Wi bR £ SRIHIE Z M MH HC R, HEMmsk
A BIEMAUE: Scale BAEH 2 EFIRMELT BIMRHE Bl S5 &/ @ EBUEZETINAL, %t SER B
Bk 72 Wit (Residual Mapping). 55K H 5 S AGRHIE B X 1E S5 B (Identity Mapping)i2E47 IAI1S 2] SER

PRI X
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Figure 4. Diagram of the SER module
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Figure 5. Diagram of the SE-Res2Net module
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X, i=1

y=iK(5), =2 @
K(xl.-i-yH), i=3,4

v, (1=1,2,3,4) H3d 1 x 1 JEPE AT LA 5 Res2Net (%t y, SE-Res2Net Kt y Hi A FIHRA [ SE £ & 4L
il 7, J8id Global pooling SR I K46, 1HiL )2 FC. ReLU 1 Sigmoid ¥i% iR RS &N B IE 11
B, 8L Scale #efF 58 MORFE F-5 A BB IEAUE IO INAL, BT TEM SE FERABLEIXT y KIAEE, i
SE-Res2Net MR 2L o 55 SHN I RARRFAE ] x € R™C (IE 5 WSt BEAT SR AN3RATF SE-Res2Net [4f
o

3.4. S2Net36

1E ResNet36 W45 3Lt B SER #4371 % # ResNet36 M 2% L3 2 #1 )5 #1> BasicBlock 4544 LA
N L4 JZ1) BasicBlock #5424, i SE-Res2Net #it &4t L5 JZ 1) BasicBlock 254, T3R5 ) 2 1R 51
2% S2Net36, WA 6 Fias.
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Figure 6. Diagram of the S2Net36 network structure
6. S2Net36 FIRH| ML LEHE

4. ke

K28 A5 9% B 5 (Cross Entropy Loss) A = 1Rl 2 732 2 3R15 (1) 40 R FE p, AT IIIZR. X
SRR R B T B J L E S M TE 2 B RE R, Hle —FREIERE, EARmG)ixw.

N
Lce :_Zpi log(ﬁi) (5
i=1

A p RHIAFEAR PTG, y NI BIRRE, p, A RPNME, SFEA § LSRR T y I p, B 1,
3 IHL 0,

K = e 4L 3515 B B (Triplet loss) [17]5%F 5175 WX £8 46 HH ) 512 4ERFEBEAT ISR, 45 € = eIl %L
1 {xa,xp,xn} o x, Flx, 4 ID MFEZERIRFEREA,  x, Fl x, TONARTE ID ZEREA, = uHREAR
ui(6):

L =max(d(a,p)—d(a,n)+margin,0) (6)

trip
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Hobt, d(a, p) WIEREASE ZIMBEES . d(a,n) A 5REAR 2 I MIEE RS, margin ABIME, P DA IE 62
BEA OB

5. KW

SZIG KT Windows10 #:E 40, AbHEARHECE AN 12 vCPU Intel(R) Xeon(R) Platinum 8255C CPU@ 2.50
GHZ, GPU A NVIDIA GeForce GTX2080Ti (11 GB), VA% >JHE42 N PyTorchl1.9.0.

5.1. EiRAINZ

KH VeRi-776 [18] 750 iR B4 473 HI%T ResNet36 M2%5 S2Net36 #4714k, VeRi-776 A KH
PRI T A 368 M 2 2R U B G B 4 12 B AR AL 20 RIS TRAE LR AR I 776 HZE 1 B, 3% 50,000
ZikE .

W SRt FE B0 B B A % 25 B FH LA 25 1) B35 (batchsize) W B A 64, SR FHBEHLES E T BE(SGD)TE N
k4%, SGD [1) momentum AW E A 0.9, HAYIGESH ¥ IR B E N 0.01, = oAk K AT margin
0.3, 43 HEFHER 2 (Accuracy) 535 2% (Loss) H LA AT S AR Y HIHERA 5 ML RE .

TR R 2 AR AR R T 45 T 5 s s SRRV C RS, VR M bR s A A U0 & R o ufe, B A =X (7) e
TN

T, +T,

T, +T,+F,+F,

PR R R A T o5 R 5 S s R (AW 28, S0/ VB R RE R AT, AN S A A8 XU R BR AL
5 = 0Bk 0RO FR B S AT N SR, I ERIDFE T 1552 BB RS = e AU ER &N, Bk
TE AR (®)FR:

Acc=1- 7

Loss=L,+L,, (®)
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Figure 7. Diagram of the S2Net36network re-identification training
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5.2. ERERVEAN

ALK MOTA. MOTP. IDF1 {EAZ BARIRESIFMFERR, Hrh MOTA i & FREZ SIEEA I P
W5 (RRFHUZERS (R PERE, MOTP FF4i7 2 B Ar iy B RS IR FEE, IDF1 F - 20 W BRER SR 7E AT K f
[F1) i %o (7] — AT HERA B B A BE /7. DeepSORT JEUUASE L 5 A S SRV AE 2 HARERER VRN F br L1
X EgE g 1 iR

Table 1. Follow-up review results comparison

= 1. REIFNEERIIEE

Bk MOTA/% MOTP/% IDF1/%
DeepSORT JFE 4R 5 % 54.74 82.98 60.03
AR 55.92 82.70 60.83

HHE 1 mrsn, ASCHut HEVEA L+ DeepSORT JRIGH L MOTA #8152 T 1.18%, MOTP $8 5K
T 0.28%, IDF1 845127 T 0.80%. MOTA 5 IDF1 42 T35 BT 2 1R 5 9 28 3k 47 20k IR A 30 25 mR 2%
AEms B TH AR Y (1) BR R RUR

5.3. RERGRAMML

TEAN [ {30,117 38 16 SR S B X6t L DeepSORT RS2 55 AR SC i idt BLvA HIBR B . B 8 51 9
53 AR oy S 37 A B AR IR A 5 PR SR BRSO . AR ZE D DeepSORT JiR 4 51k 1) BR iR 45
R, AMAA SRR IR . B A A AR, B g S N R R 43 1D .

T4 &l 8 BT AL DeepSORT JiR 4G HIALEES 48 Wil Al £ H bx ID3, 5 T B30 R g 4,
TESH 181 MR ID P4y 24; 17K FH A SC e % 425010 1D SR 0RFEN 3, AT WA SV RERETE 3 7
TERGE I T CRIFRT 230 1) PR R e

DeepSORT RIS E 3% ACHUHE L
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Figure 8. Partially occluded scenes
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BEAE, G = Je 458 2k bR Hons B U I £ EAT I 5, 389 SRS TR SR B A 2R A SN LR AE O 900 0 o S T 0
DeepSORT JFU i SEMUA S B0t 53t AT X LS8, R BUAR SOk 503k R D403 DAL B 70 JEE A1 ) A A
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