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Improved CSTrack algorithm for multi-class ship
multi-object tracking

Yuan Zhian, Gu Yu', Ma Gan
School of Automation, Hangzhou Dianzi University, Hangzhou, Zhejiang 310018, China

Abstract: Due to the difficulties of complex backgrounds and large-scale differences between objects during the
process of ship multi-object tracking in sea-surface scenarios, an improved CSTrack algorithm for ship multi-object
tracking is proposed in this paper. Firstly, as violent decoupling is used in the CSTrack algorithm to decompose
neck features and cause object feature loss, an improved cross-correlation decoupling network that combines the
Res2net module (RES_CCN) is proposed, and thus more fine-grained features can be obtained. Secondly, to
improve the tracking performance of multi-class ships, the decoupled design of the detection head network is used
to predict the class, confidence, and position of objects, respectively. Finally, the MOT2016 dataset is used for the
ablation experiment to verify the effectiveness of the proposed module. When tested on the Singapore maritime
dataset, the multiple object tracking accuracy of the proposed algorithm is improved by 8.4% and the identification
F1 score is increased by 3.1%, which are better than those of the ByteTrack and other algorithms. The proposed
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algorithm has the advantages of high tracking accuracy and low error detection rate and is suitable for ship multi-

object tracking in sea-surface scenarios.

Keywords: multi-object tracking; re-identification; object detection; fine-grained feature; attention mechanism
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T2 HARIRERPERE .

H Detector n Detector
Detection Detection
head head
B 1 JDE #= CSTrack A% 7#%42H. (a)JDE; (b) CSTrack

Fig. 1 Flowchart of the JDE and CSTrack algorithms.

(a) JDE; (b) CSTrack
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Fig. 2 Network architecture of the CSTrack. (a) Overall framework; (b) CCN and Res_CCN networks;
(c) SAAN network; (d) SAM network; (e) CAM network
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Fig. 3 Overall framework and feature extraction network architecture of the proposed method
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Fig. 4 Network architecture of the improved Res2net

230218-6



WA, &L TR, 2023, 50(12): 230218

https://doi.org/10.12086/0ee.2023.230218

JE T IT AR RO B AR B, XA BT B RE
A R RS R R AL R R, RN AT AL
Z AT, s — 5T TR PERE . %
F Res_CCN £ () H AR FI CA T 5 J1 AL 9 2 ke vk
Jit, ASSCHRSE R CA VR HLHH A 1 55 o0 28 (A
TEHAES

CA R IHLHI ML 5 R AN IE] 5 B, S A
ML Se Bl IR X J7 1 F Y I gt e dl, SRIm AT
PHEM " A BT AT IELE, B RS 5 BORHE
IR X A Y J5 AT Y150 I i A [ 5 4 R
IS RS BRI 1) BRI, fe e f S A RRAE
5 R ANARAS B e i A

X Avg Pool | YAvg Pool | Cx1xW
CxHx1
‘ Concat+Convad ‘C/rX1><(W+H)
Clr<1x(W+H)
Cx1xW
CxHx1
‘ Sigmod ‘ Sigmod | Cx1xW

CxHxW | Re-weight

B 5 CA ML
Fig. 5 Network architecture of CA

3.2.3 KWUFFL BT MBRIY R

ST AR Z BARERERATE, MRS 2 H R ERER T
B H E ZRG R I H AR, X5
VR FARKEIBE D fe il TR R EOR T 22 FARERER

A PERE ST A RS E ME R B A DG, I, AR T
H AR RE R A BE R, B R R it — 2 4R
w2 AARERER R, 7€ YOLOv6™ . YOLOX"™ LI
KB Hi YOLOVS Hft,  ff s I Sk B 1k W AT D42 5
XFHBREYKINEE ST, PRIHAS SO CSTrack A4 Sk 7
TTARRRTTT, ARRRAG DN Sk A 28 0T Han T4l 6 BoR, ¢
fiF 4 715 M 2% (feature pyramid network, FPN) ) 4f /2
Ty HRARPE T e S il — AR/ IV 11 Y Conv 43
TR, B8 A5 20 1 45 5 43 01 38 2o A~ A R/
h 3%3 [ Conv B, 55 FIH] 4G 2R
[FIAT: 55 i 114 45

H1 T+ CSTrack { SCFRpAT AN B— 2800 H AR BRI
FEXT SMD Hi#li £ 4541 5 Z2 AN ZE ) H AR I IR B 5
K, ASOW PR eRECHEA T CHE , BN T Ak, il
ILRENS [RIAT R I 222 B bR . e Sk pR i
SERIIRAR . iR . BAE BRI R RelD F R 4k
Horp ) 4512 R CIOU (complete-IOU) it 2k, 1M
GBI AT FEB SR ] e se S e, 2485
B R YOLOVS fi-FF—2, RelD #ii < 3R HI 22 SUAR 4
g%, HAUR R e L=k (4) Fos

1 N C .
Lu=5 ) Y (©log(p(©)), @)

i=l c=1

Horbe NAGRYFETEG D BAREE, Yi(e) e RO
FAREMERE, P={p(c),ce[1,2,...,CI&mR ID 53 4ii
R . a2 200 A B K REUE L= (5)
FR :

Lo = Loy +BLoox + Loy +1.Lig, )
Hbe Loy Loows Loy L WIERRFEMIK . E
fifide . BAGE#HIJCA RelD #5125, v B n&H 5L,
a} 0.5, BN 0.05, pfEfFHikE R 4x10° HIFF
i BARKEINAT 45 #1 RelD 4155 .

Conv Conv nn.Conv2d '
.
K=3 K=3 K=1
HxWxC
HxWx[256,512,1024]  HxWx[256,512,1024]
Con
K_1V nn.Conv2d
K=1
FxWx(256,512,1024)  H<Wx[256,512,1024] o o HxWx4
K=3 K=3 -
HxWx[256,512,1024]  HxWx[256,512,1024] ""'f{‘:’;"z" '

HxWx1

B 6 fEAeAem kW& 4
Fig. 6 Network architecture of decoupled head
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3.3 HiEXEK

FRAE B BRAG I Az HEHL RelD HFAE 1Y 25 SR gk A 1 800
KI, JRRNAE 7 B e TS — i s I F i
HARS TR s, HeE o 2l rh A I H R AR s 5
FrAVCRCE R 3 = AP B, fES—Br B, Rl H
i AT — it b AR 8RR ER H A58 RelD [a] 5 F {57
BARB BT RIS D, MRS D, SR/5iH
o AR J7 A A — ', 18 2SN HERE D=
0.98D,+0.02D,,, &) F FI B AU A FERR 25—k
B B AR BCEE A, TV BE B H s 2 W47 B
RelD FRAEAE B 5 28 B Boflfi FH 38 1t (intersection
over union, IOU) B 5115 BARMAMNHERE, 285 F]H
) ARk 58 B H FRANFE Y58 IR DCIE s 5 — BBt
XTI ICC [ ARSI E AT b Ak A it B R E A
TSR 30 WA VCED b A FRER B AR S 9B

4 LWEHERSH

4.1 BIREFEEITNIER

S5 BT FH A AR R R B hn B v S AR AR AR
SMD, i Prasad 8 ATE 2017 4EAFF, 432 HBCRI
LPRMAEIAE, 2R 40 SRS, S TR R,
ST R AR S BCH Hh BRI TE A A DG 7S
K HPRHATEL, /5& Ferry. Vessel-ship. Speed-
Boat, Boat, Kayak. Sail-boat, Moosbauer %5 A" /3
Br1 SMD B i oL, f&ih T SMD #din gk
INZREE . SR RS ANIAR 193 53 7 . AR SCHR B L
WIS 53 7 AR A T A5 AT, & RIS
TEE R AG )R] 8. Boat, Kayak., Sail-boat X
=28 HFR NI 45 ) 25 ACRR AT LB BURE R ) B Froxet
B, XTI HTIE =2 B AR ARSI AR 1 A A
R, ASCFEGETT SMD AN RIS 751 H i H AR 251
NHF R Z )5, XFSCHR [35] BRI - 7o, B
YIGEER =TS MV 1452, MVI_ 1587, MVI_

1592 78 Jp IR AL, LAC AR ST 48 Hh fil /D B 2 531 R
FEA, 535K =N K MVI_1469. MVI_1578,
MVI 0790 J&%& YN8, DLLIE il 2R e B FEAS
AH SRR 51 B AR G 1 45 J AR o 1 B e 1
B

I SR FH AL A 50 0 B A7 B It AR S SR
MOT16 17 NEHEEEIEA T S50 LA ISIE $E A5 A e )
PERE. THREISEEIZkSEH ETH., CityPerson, CalTech,
MOT17, MOTI15, CUDK-SYSU Fl PRW #4 i, H
H1 ETH F1 CityPerson {X $2 HEAZI{E B, Il A il 43
I, A PR 4 W R ERAE ID ARSI AE B, Yk
RelD ARG 7337 o Kk A H R4 i MOT16 125
SERIR, H 7 AR5 5316 T 79790 AR vE A T
MES 731 M7 N ID, bk F 2R k+ish . 0
ARk, IR . AT AR

J T RN 2 H AR IR A L RE, W R
GEG TR B RS R A R R VR RE UEAT VR4, Ho P iR
L) A §8 B2 MOTA (multiple object tracking
accuracy) F1 IDF1 (identification F1 score), M AMEA
Z BB 5 (mostly tracked, MT), ZE0E %R &1L
(mostly lost, ML) F#5 .

MOTA 44 % JE T FP (false positive), FN (false
negative) Al IDS (ID switches) =~F84x, i & 1% (H i
w2 HARREAEREAE . W=l (6) iR
S (FN+FP+IDS)

N(GT)
H: MGT) R BSHMBE, FN FR g min
TUREA I IEREAKL, FP 3R 1 Tk 1E AR AR 1) 67 R
KL, IDS FoR A MRER T BT T A HARK ID 384
UH, AR RAIGELT

IDF1 7 1E 8 R0 (4 R -5 - 34 B S 8om 1158
Kz b, ZEa% T Bin ID BHERR R ATE 2%,
B MBS A R . n=X (7) B

MOTA=1-

(6)

Unmatched Tracklet )
tracklets inactive Kill
Previous tracklets
it Unmatched
,,,,,,,, Embedding Kalman tracklets Unmatched Tracklet Current
: Network output | matching filter and matching detections init ® tracklets Tt
| i ! detection
| Detection I
I + | Successful Tracklet Tracklets
I | matched O update output
I |ID embedding| | _[Successful 4
e ! | matched

B 7 SRIKEEAAZR
Fig. 7 Flowchart of matching cascade
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A1 ARG SMD %045 £ 7148 % Ak
Table 1 Adjusted SMD dataset video sequence related parameters
SMDHRAFFE51) AT ITEL Ferry Vessel-ship Speed-boat Boat Kayak Sail-boat UEELS3 ) GRS
MVI_1448 600 - 3210 1410 M4 -
MVI_1474 445 890 3560 - il S -
MVI_1484 600 600 1200 - iR -
MVI_1486 600 1023 4200 - M4 -
MVI_1582 540 540 5400 - il S -
MVI_1612 261 165 2349 - MR -
MVI_1626 556 - 2775 - M4 -
MVI_1627 600 - 4200 - il S -
MVI_1640 310 - 1677 274 MR -
MVI_0797 600 - 767 - M4 -
MVI_1587 600 - 7800 - 600 YLk il S
MVI_1592 491 491 2347 - 791 gl M4
MVI_1452 340 - 1360 - 340 YR MRS
MVI_1469 600 - 3600 941 Erani s YIZREE
MVI_1578 505 - 3535 - EianiE S YlER S
MVI_0790 600 - 70 - 140 IR PllERS
MVI_0799 600 - 390 170 Il 2t
IDF1 = IDTP (7)  CSTrack J5i:fE MOT16 FllRAHFIfH54R, Baseline*
IDTP +0.5IDFP+05IDFN ° Je7T CSTrack J7 PB4 SR 946 5 -2 145
Horp. IDTP R IEMG 4y EcE, IDFN Rins o8, #1, Res2net*Z/m ot 1Y Res2net Bt . M3 2 i
IDFP 5500 e . LI Hi, Baseline*#i] [t Baseline 7£ MOTA #5453 |42
ZHUREE 5 R 80% LA I WL B Rl T R IR F+T 2.8, Baseline+CA # H Baseline 7E MOTA #01
i H Az Lo IDF1 4845 [ 53 51427+ 3.0 1 0.4, Baseline+#iill] 3k fif

ZRE I IR 80% LA b BB B R R LAY
HARAT L.

4.2 SLIGIREANII SR TS

A SCfHEH] SGD 1 4k #% 75 B2~ NVIDIA GeForce
RTX 3090 GPU il /4% 30 4, fii il COCO %k
P EVNZRA YOLOVSI AU 8 AL A TR 44k

A7 RUNS5 x 107, TEYIZRE] 20 481, 2xf2

A FEIEFNS x 107, TEMEFEIMZE D, A RHIE 23
B AL A3 S (RS R (H, W), 7E SMD £l S fid 7
NERE b, HRGT RN B (24,40)0 3T AN
BRI E Y batch size WANE], MEAECHE 5514 & 1
batch size Ky 4, 17 A\ KX & 1) batch size 7 16,
HAMSEOE B4R CSTrack B 5 —E,
4.3 HRAXIN

LA SCYN LRI A CSTrack B 357 MOT16 V|
SR LI dE AR g 2 TR o o Baseline % R

¥4 It Baseline 7/ MOTA 1 IDF1 4§ b b 43 91 32 7}
3.3 A1 1.3, R = AR Re T 2 H AR BRER
PERE; 7F Baseline*+Res2net* il Baseline*+Res2net X}
F 5286, Baseline*+Res2net*£H [, Baseline*+Res2net
J7 Bk AR MOTA {E 1 83.2 F %% 83.1, {HJ& IDFI
fHH 75.8 L7151 80.8, HArVIH ik Eh 758 T Kk £
T 536, UERAASSCHY B 77 Res2net* A [t Res2net,
FELRRE MOTA FR b A S 1 5 00 T 76 B AR G LA &
B RPERE ; BLA, AR SCT7 A AHEL Baseline 75k,
MOTA fEh 79.4 1 F+3] T 84.0, IDF1 1 77.9 L7351
T 813, [AIf FP. FN. MT., ML, IDS bt
PR R RR EE ) o, SRUIAS SCHR R i A B 45 15 3
baseline R LI

S THFFE RES_CCN IZEHIHX] Baseline* 5410,
A%} Baseline* 2 RES_CCN PN # i FH At o0 48 4 e
AT T &4 Hr, 404 2 fi7s . Baseline*+Res2net*
ALt Baseline*7E MOTA F1 IDF1 845 L2 54EF 0.9,
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%2 MOT16 4048 & &k R E A3 BRIz M 4869 %ot

Table 2 Influence of different modules on the tracking performance on MOT 16 dataset

T MOTA? IDF11 FP| FNY MT? ML| IDS|

Baseline 79.4 77.9 6235 15584 354 29 876

Baseline+Res2net* 82.8 79.7 4714 13966 390 21 616

Baseline+CA 82.4 78.3 4776 14022 377 21 642

Baseline+ 1 kA 82.7 79.2 4628 14318 375 28 571

Baseline* 82.2 75.4 4927 13801 389 23 875

Baseline*+Res2net 83.2 75.8 4459 13350 398 22 758
Baseline*+Res2net* 83.1 80.8 4413 13720 385 23 536

Baseline*+ Res2net* +CA{H: & J1#lilil (Baseline*+RES_CCN) 83.4 81.9 4335 13434 393 18 571
Baseline*+ Res2net* +CAH: 5 S AL+ Hi 3k i f 84.0 81.3 4000 13107 400 20 480

5.4, 2B Baseline* %54 A Res2net B FE4E T H
FREREETERE ; KDY Res2net B 5 CA & 1L
il 454 Baseline*7E MOTA 427} 1.2, IDF1 #£7} 6.5,
[AiF FP. FN. MT., ML, IDS #8A ANFFEERK ET-,
FHHGHE RES_CCN %5 %} Baseline* 14 R i 4 RE$2 T+
[FIRE AR

Ak, TG CA FEE ML FHA R W
HILTIAE DX 28 BR3P BB 7 THI A2 ), AR SO DU LR g
R SIHLE AT TR A R xF eak, fdE SE.
CBAM. ECA Fll CA {FHEIHLEI . R L 1L
Ml LB A5 a5 3 o, Hi CA R I HLHIAH L
HoAth 73 2 I MUK A fe =i MOTA {H, IDF1., FN,
IDS WE LIRS, AR SO e CA R JILHI
PETH P25 () BRER P RE

H TR 45 2 A1 RelID 45 2% (A E 2250 0 1 460k

PREREREA B, A Gl SC e oA H e, S8
Iy e RS I 412K (AT S R A, K g AN 4x107 )
4x10° 451k, £ HARIRESPEREFR AR AN % 4 FrR . Y4
RelD AU 2 50l 4x10° F [ 3] 4x107* (1% I 4t |
MOTA. FP, FN, MT. ML, IDS [{$5 45 5 8078 4
fash, HJE IDF1{E R, ULHIFEE RelD ALES
BT R PR AR H AR IIPERE , HRXT T 45080
KEEARN; ANidblE RelD AUESEAW TR,
MOTA. FP, FN., MT. ML, IDS #&brth A ETF,
R R TR S LR AHr AT, RelD AUE
SR SRR — e R A A TR AR P Re SR T,
{HRAFT OB PERE BT, I 4 AT LU, Y
WESBEN 4x107 I, MOTA flifkm, Tk, %
i DA K H bR U0 B R b, BRI AR SO iR R
4x107,

A3 ARREE AW A RIF M AL 4R h

Table 3 Influence of different attention mechanisms on tracking performance

A MOTA? IDF11 FP| FNJ MT1 ML IDS|
SE 83.0 78.6 4624 13557 394 18 589
CBAM 83.6 80.8 4229 13402 391 20 491
ECA 80.5 79.3 3316 17806 351 29 489
CA 84.0 81.3 4000 13107 400 20 480
% 4 RelD ME LM RIFM AL Foh
Table 4 Influence of RelD weight parameters on tracking performance
RelDIE S5 MOTA? IDF11 FP| FN| MT? ML IDS|
4X107? 80.1 83.0 4685 14488 374 28 576
4x10° 81.1 82.6 4416 13687 388 23 530
4x10™* 84.0 81.3 4000 13107 400 20 480
4x10° 83.5 80.2 4319 13379 396 22 530

230218-10



WA, &L TR, 2023, 50(12): 230218

https://doi.org/10.12086/0ee.2023.230218

4.4 EESH

SRR AR SO T i 5 HA S i D AR
M2 HARERER 7 A PERE , AS/N157E SMD $di4E -
AT TR o AR SCUNZRIF IR T JLAR et 3
7E SMD dli 5 F484s, Wi 5 frsn. CSTrack 5
5 IRk A FH R AE ff FBAT RelID 5 AF Xt 55 BT LLAH EE
DeepSORT #ik MOTA {EIRTH T 7.4, $#27HIE, IDF1
fE3ET+T 0.3, {HJEAH Eb StrongSORT Fil ByteTrack
S, CSTrack MIPERERS 2. A7 CSTrack 55
B TRk, 85T RES_CON M35 T L2 1940
L EERRIE LSO A I Sk A AR, SR AR 2 H
FrEREEPERE, HHEL StrongSORT J5 ¥k, 7K CJ7 ¥
MOTA {5 i 4.8, IDF1, FP, FN 2548 br bt T
StrongSORT; 4 kb ByteTrack J5 %, MOTA H i H
2.1, FP. FN. ML i #B fi T ByteTrack; #H It
CSTrack /5%, MOTA #27+ 1" 8.4, IDF1 &7} 1 3.1,
FP. FN Al ML #5br &5 A A Rl B i $2 7. MOTA
ZiG T FP. FN. IDS #8hR, M55k i 25 5 IR
EEbERE. NFE S RTLIE M, AL, ARSO
7 MOTA J6bn Al

4.5 EHESH
B oA R R AE BB % J5 19 7 s CSTrack*fE Sk ik

HE, R S A AT AT AR S T AR SO AR
HAREERS . /N BbRs 5 Bbrd s b S8 IE 00 T RN
MR . T RBIRER B g K, &A 0 RS g
%, AN AT, #RHCT SEI ]t A R
1) — S PR 25 SOk H A AR, Ay il aniEl 8 Al 9
B

WA 8(a) B, £ MVI 1627 VIS RS,
FEMEIEAESS 397 Wirbowt RSHE M K533 1/ kS
AR, A, A SO R AT DLOER R, 15
B AR SC A B E SR RE R BR B 2 I IE (R B 5
£ MVI_1484 VIS #USFFIH, FE kBl TRk,
HEARRE TR AN R — BT 0 B AR, AR SO 2% G
1EH, HEGERE. 1 8b) fias, 7 MVI_1640
VIS AT S, BT I FIAR SO 0 7 — B
TG AR B T ARG, T AEER 36 MY e fi
BT 1D UM, A ENRRECR Y 1D
AT DL 08 78 S AT IE B AR SCH S0 R R A A A
ol S e AT S iy e W (S

TEI5] 9(a) B89 MOT16-04 #LS FE 51, %5 001
it O 2 1 T B vk B T RS, AR SO
PG ERA s 75 MOT16-13 #5055 367 i,
SR B TR, AR SO i DU B LE A ARG

%5 AXFkLHAMkit ke SMD 338 & FRIFA NG LE R

Table 5 Comparison of tracking performance between the proposed method and other state-of-the-art methods on SMD dataset

Rk MOTA? IDF11 FP| FNJ MT?1 ML IDS|
DeepSORT 31.1 62.3 21678 11082 69 25 224
StrongSORT 42.1 65 13264 17233 63 21 224
ByteTrack 448 67.3 9387 17003 57 26 49
CSTrack 38.5 62.6 9760 19617 48 33 109
AT 46.9 65.7 6658 16565 43 23 172

CSTrack* AT CSTrack* ATk

H MVI_1627_VIS#Frame397

MVI_1627_VIS#Frame397

MVI_1484_VIS#Frame119 MVI_1484_VIS#Frame119

AT
MVI_1640_VIS#Frame36

AT
MVI_1640_VIS#Frame30

CSTrack*

u CSTrack*
MVI_1640_VIS#Frame30 MVI_1640_VIS#Frame36

B8 AXLFkbAATEAE SMD ek Lo TAULL RaT b, (a) RicFaikiy; (b) ID i imis

Fig. 8 Comparison of visualization results between our method and baseline on SMD validation set. (a) FN and FP; (b) ID switch and FN
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H CSTrack* AT
MOT16-04#Frame001

ARIT7Hk
MOT16-10#Frame71

MOT16-04#Frame001

T

CSTrack*
MOT16-10#Frame72

RITr
MOT16-10#Frame72

CSTrack*
MOT16-13#Frame367

ATk
MOT16-13#Frame367

[ |
g & Fa

CSTrack*
MOT16-04#Frame37

A

AT
MOT16-04#Frame37

B9 AXFikSHEEFREMOTRiEE LagTAE Rk, (a) #AAF R, (D) ID WA d 2 ahikie
Fig. 9 Comparison of visualization results between our method and baseline on MOT validation set.
(a) FP and FN; (b) ID switch and special FP

TEIE 9(b) it 7 i MOT16-10 #AF 5 v, e )y vk
%S 72 WUAH EL G —mith 30 T ID Wi, FHTER T —
A ERES HbR, 2@ HAsEDI R T 56 H
FRAE, T A SCOT 7 T 35 5 1 5 T T3 e O 1D,
W R T, TE B AR ST R A R
AT ASC R RIFEAEAE— 2 By [, W7E MOT16-04
WS F AN 37 Wirh, AR SCOTEAR L M h Bl T
BRASE, AR SO AR SRS PN TN [ B i
TINAER T — ARG S, BIRIXF R &
A ERARAG, BTSRRI AR I PERE , RTRER Ny
WUHERY Res2net ZERFIEMERR T OCHE T KB R AL B 15
B, R T 2R BB IR

5 & it

CSTrack 18 i fif #  75 2C AR BEAS 22 i F AR AGL
HHARE PGS Z MF &, #2722 HRBRER A TE
fE, (HIXFhR SRS Tr 2 S B A FRRRAES R, A
PR L BRER PR RE . iR CSTrack 3k f76F IHI AL

i 2 BAREREEPERE , A SCHERIL A Jrm A T ekt .
FERE RRRNTS 53, P2 T —Fh & & dihr B RRIE AN
BT SO FRAE A R X 2% RES_CCN,  HoiH o) 3
IERAZ BF I AR % 22 T TPl A B 2 J2 R R 2 4
SER, ARAS T BOMANKLEE RHE, T T £ BARRER
(PERE. il 2RI Z HARIRERFT K, SR
G S) e R 0 245 B St K R — 2B BT T IR R 1
fit. fJa, AACHE SMD Al MOT16 Bl 4 L it4T T
DN, S50 25 I BH T4 46 5 1k 1 A R0k o
A2, AW AERBRME, RES_ CONHiH
Res2net [958 43 AE FRAE A RR 2 110 DG T T K58 B 9 47
BEE, TRESIAT ZRMEHGEE, I TR
BEMERE. G, N 2B R R R 2
RS | LIRS IR G R BE A5

S22 3Rk
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Improved CSTrack algorithm for multi-class ship
multi-object tracking

Yuan Zhian, Gu Yu', Ma Gan
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Overview: Ship multi-object tracking is an important application scenario in the field of multi-object tracking (MOT),
and can be widely applied in both military and civilian fields. The objective of MOT is to locate multiple ship objects and
maintain a unique identification (ID) number for each ship object, and record its continuous trajectory. The difficulty of
MOT lies in the uncertainty of false positives, false negatives, ID switches, and object numbers. The feature maps
obtained by the neck part of the network in CSTrack multi-object tracking algorithm are decomposed into two different
feature vectors by decoupling, and are as the input of object detection and Re-identification networks respectively to
alleviate the contradiction between these two tasks and improve the performance of multi-object tracking. However, this
kind of violent decoupling will bring about the problem of object feature loss, which leads to the deterioration of
tracking performance in the case of object occlusion, small objects, or dense objects. To solve this issue, an improved
cross-correlation network (CCN) named RES_CCN which can extract fine-grained features is proposed in this paper.
This network is composed of an improved Res2net network, coordinate attention, and CCN network, and is inserted
between the neck and head modules of the network, so that more fine-grained features can be obtained by increasing the
receptive field and inserting more hierarchical residual connection structures into the residual unit before feature
decoupling. To meet the requirements of multi-class ship multi-object tracking and improve the detection performance
of the algorithm, the decoupled design of the detection head network is used to predict class, confidence, and position of
objects, respectively, and binary cross-entropy is used as class loss function and added to the total loss function. Finally,
the ablation experimental results on the MOT2016 dataset show that the multiple object tracking accuracy (MOTA) of
the proposed algorithm has an improvement of 4.6 compared with that of the original algorithm, and the identification
F1 score (IDF1) is increased by 3.4. When tested on the Singapore maritime dataset, the MOTA of the proposed
algorithm is improved by 8.4 compared with that of the original CSTrack, and IDF1 is increased by 3.1, which are better
than the performance of ByteTrack and other algorithms. The qualitative experimental results show that the proposed
algorithm can effectively detect small objects and maintain object IDs in sea-surface scenarios. The algorithm proposed
in this paper has the characteristics of high tracking accuracy and low error detection rate, and is suitable for ship multi-
object tracking in sea-surface scenarios.
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