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Multi-object Tracking and Segmentation Algorithm by Fusing Motion Feature Embedding
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Abstract: In order to solve the problems of motion blur and mutual occlusion in existing multi-target tracking algorithms, this paper
proposes a multi-object tracking and segmentation algorithm by fusing motion feature embedding under a single-stage and anchor-free
detection framework. Firstly, appearance features are compensated using motional cues through estimating the optical flow field be-
tween current and neighboring frames, and feature pyramid network is used to fuse multi-scale features containing motion information,
which effectively improves performance of detecting objects. Secondly, two loss functions are designed to improve network prediction
performance, which further reduce false negative due to detector failure and object occlusion. Finally, association network extracts the
appearance characteristics of the targets and the predicted and associated update trajectory strategy merges reliable tracking results into
the trajectory. Experimental results show that the tracking accuracy of proposed method reaches 66.0% on MOTS20 training set and
63.1% on test set. Compared with methods using similar frameworks, the proposed method shows better effectiveness.
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Fig.1 Diagram of instance segmentation network structure
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Fig.2 Structure diagram of features embedding network
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Fig.3 Comparison of segmentation effects
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Fig. 6 Instance association module flowchart
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Table 1 Metrics used for multi-object tracking and segmentation
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YIGRE EXF PG AT T 3800, VI ZR it 24 SGD 463, V1 4k
2B HR 1 x 107, 23R 4R 600000 3K, 43 5 #E 320000 F
480000 &b, 22 32T & 10 £5. BLAh, Oy T SRR A Fn 4381 5T
B R EE R, &SR T H BRI ik, A
FEKT-RISE  FEVLEREY , B Pl iR i & RS 45

2 MOTS20 Y% L& R3TH
Table 2 Results on the MOTS20 training set
Train sSMOTSA T MOTSA T MOTSPT FP| FN | IDS |

TrackR-CNN 52.7 66.9 80.2 879 6602 310
MOTSNet 56.8 69.4 82.7 / / /
PointTrack 58.1 70.5 / / / /
MaskTrack R-CNN  50.5 66.7 78.3 1882 7012 /
VIST_MVAEA 59.5 71.5 84.7 1537 5641 /
Ours 66.0 77.9 85.7 1035 4628 291

5.3.2 XBEMENHIR

KIR P28 {5 i ResNet50 4253 TR, hi#k T 7& ImageNet
¥oimE USR5 2 0TI g B, B O BB AL K
MOTS20 Yil 2k 52 7 B B An HEAT 3 BY , FF PRI B K/ g 256 x
128, 304l — BAn 2 A — 4, SRR A 4 HEIE R TR
LR HVIER, YN ZRet 3% Adam fRALER , WIIRE T FH 1107,
3E£311 2k 200 4~ epoch.
5.4 KBWERESH

R 2 B T 78 MOTS20 Yl 2r4E kA CH 3k 5 HAh S 3
RIZER AL, A XCHETE 5 Titis ST HME Bing
FIBR R B, IF Lo T ST TR AR B DA R B 3 B K BR e
W1 48 BB 33R T Al — B AR S Bk, B IE7E FN 4815 B E
RATEALT HANE 3. B sSMOTSA 18453 & , 4 3CH ¥ HAX
i FiFEW 5 B ) TrackR-CNN & H T 13.3% , [EAf, 7E IDS 5
FJ5 T , L AUBERI SR B R BR B AR Y TrackR-CNN fi%. 72
MOTS20 {4 b, R A X S RFTHRREEET
XFH, R IR 3 Fin , ACHEETE AT L TS

3 MOTS20 Wik ELRXTH
Table 3 Results on the MOTS20 testing set

Test SMOTSA T MOTSA T MOTSPT FP] FN | IDS |
DD_Vision'#! 66.6 79.7 84.4 1067 5155 341
TraDeS %] 50.8 65.5 79.5 1474 9169 492
TrackR-CNN 40.6 55.2 76.1 1261 12641 567
Ours 63.1 77.2 82.9 1307 5617 418

B 8 B THEHAFHTAGZRT , A XH k5 TrackR-

CNN HIERBRBCR X L, 7T LA 1, ¥ TrackR-CNN 76 & X 5
SERCRE T BT AT BRER I, AR SCHE IR R AR DA IX 2k
AT R R AV ERER , X R W T A SCBTHR BB
BRCRIT ACH LTSS,

Frame 318
3

(@)TrackR-CNNK] (b)) CHE LK)

BRBREER BRERGER

K8 MOTS Challenge $iB4 IR MR
Fig.8 Sample results on the MOTS Challenge dataset

5.5 jHRAKE
T TR TR R AR BT 3 5 2% R H DA R SRR P 4%
BB, 2= 30 F§ MOTS20-05, MOTS20-09 F1 MOTS20-11
FF 3% W) 28 BEAT U 25 , 3F FEMOTS20-02 ¢ 51 L #EAT A . 5K
#F4 MOTS20-02 BRfF3 EREERXTH,
Table 4 Comparison of results on the MOTS20-(02 video sequence

L, L, gﬁf SMOTSA1 MOTSA!1 MOTSP? FP| FN | IDS |

- - - 54.9 68.7 81.2 261 1880 62
v - - 56.8 71.3 81.0 300 1659 59
v v 57.4 72.6 80.8 373 1492 67
vV vV V. 63.3 77.5 82.5 179 1331 74

RERINEK 4 P, VNGB B % L. L, #5 REK
J& ,FN #4327 A B FEAR, R sMOTSA #8intis B 3L 7T
T 2.5% . TESLEERY B ARANRRE #R AR ZEAT Y955 , sMOT-
SA IR ET T 5.9% ,FN Fl FP WHRG 2] T K iE B
&, 27+ T 2SI BE.

RS MOTS20 YIS EARREHPIE ) 7RI H
Table 5 Comparison of results on MOTS20 training set for
different ways of updating trajectories

49.2 63.0 81.0 2129 7383 448

v - 62.8 74.3 85.9 1484 5018 408
- vV V655 76.5 86.2 603 5433 294
v vV VvV 66.0 77.9 85.7 1035 4628 291

GRS IR 4% A B T 000 3 26 TR B B BT 3t SR s 1) 2
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8, A7 MOTS20 Ryililgh4e EHEAT T RIE, 3R 5 Bn T A
KB AR R T SR BRER S R L, SR
& sMOTSA 1815 b , (U FDER M AY 7 X REE T 49.2% ,
BINRBRPI %8 LA mask ToU FRBRTT Rt T 2. 7% , T
B FHRBRE) T7 B sSMOTSA #1735 2] T &R ) 66. 0% , ik
B T AR SCHTHR BOSR IR 28 DA B TR S8 S 1A Stk
HxZ B SIREESTAATFAESBBNE
RAEXBETAFHTAETHELLR:DEEBRNERS
SEGBEFEERNER:2)REBNE RS SBRAETE Y H
(A 025 SRR BAR. R6BR T WA B A 7E

#6 EBMIBHARLET X
Table 6 Comparison of different processing
methods of overlap mask

Train sMOTSA | MOTSA| MOTSP] FP| FEN] IDS]
score 66.0 77.9 85.7 1035 4628 291
y 65.8 77.6 85.6 1067 4660 291

WGREE BRI LS5 R, score T 1 #T,y R 2
7, KRERRIBFESR 1 FyXT DL R sMOTSA 18
150.2%. Hit, A RESBPER T — R EHIRE,
MEAKERRRALEEABERBERFEN B

6 & it

ZF3CHR B2 Bin s Bl RERE R XAT AR ARG AR ER
BET) , KRR RY, 1R B SIRE IR A BRI 28 4514, 38 3
BMABERAREELS TRERMRG R, R T Bivk
TZRER A BE. 53 51, Bt B9 45 2% R EOH 3R T M2 T
LHIRPERE, BE—25 B> T i TR 2% R 38000 B Al 4 T
B IR [7] oo SE IR P30 2% 0 T 0 - 5% TR ) S B Bt SR e R
HRME T BAnPUE , 27 T IRERER . SRREME RN
B, A SCH R T EH AR
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