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Multiple Object Tracking Algorithm Based on
Detection and Feature Matching
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Abstract; Aiming at the problem that the multiple object tracking algorithm (MOT) had low accuracy of tar-
get association in frequent occlusion scenes, an MOT algorithm based on detection and feature matching is pro-
posed in this paper. This algorithm introduces YOLOv5 with high detection accuracy as a detector for MOT,
which can accurately locate the target and effectively improve the tracking accuracy. In addition, a feature
matching model is specially designed when facing the goals keep out. This can extract more detailed features
and effectively reduce the ID switching numbers during tracking. The tracking feature is evaluated on the
MOT16 dataset, and the results show that the proposed algorithm can effectively alleviate the occlusion of the
target and achieve stable tracking.
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Fig. 1 Structural framework of multiple object tracking
1.1 BiReEs
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Fig. 2 Foucs slice operation Fig. 3 Structure of CPS2
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Fig. 4 Extracting process of object feature
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cision, MOTP) . iR | F1 43%k (identification F-score, IDF1) fil H #5 & 15 Y] # ¥k 3% (identity switches,
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Tab.1 Different detection algorithms are combined with same WRN feature matching model

Wk MOTA 4 MOTP A IDs v IDF1 A
FasterR-CNN+ WRN 26.9 67.5 65 34
YOLOv3+WRN 43.5 70. 1 58 35.4
YOLOv5s+WRN 47.5 74,1 62 59.5
YOLOv5x+ WRN 16. 8 75.3 60 58. 8

® 2 AR LA A HTR Y ResNet50 4k VE B 452 51

Tab. 2 Different detection algorithms are combined with same ResNet50 feature matching model

o MOTA A MOTP A Ds § IDF1 A
FasterR-CNN-+ ResNet50 29.8 67.7 66 38.2
YOLOv3+ResNet50 44,3 70.1 56 39.4
YOLOv5s+ ResNet50 47.9 74.8 49 41.9
YOLOv5x+ ResNet50 48. 2 75.7 50 58.2
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AR AR A 43 A B L R I R I R e B YOLOVS B, fi ] ResNet50 (5% 2t YOLOvSs+ Res-
Net50 fil YOLOv5x+ ResNet50) # F 4 Ffi F§ WRN(#E 1 # YOLOv5s+ WRN fil YOLOv5x-+ WRN)
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RE f% 1F B DG 156 0 AH B H AR ) AT e BT g o R R M R X B A el S A R AT D TC A TR A ot 22 S 7 D
JEH A ResNet50 (14 9 45 J2 H5C0 I , 6 06 £ S 40 B0CF 2 10 1) B bR SN UL o 50 B AR A7 78 3 £ B
W e A A5 /0 H bR ] 4 B 5 VD46 ) S G L B ResNet50 4 S 4 AE DC C R 0 4 3= 1 9 4% B g 76 H b
) B0 S I A B — o 1 Al B .
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(mean average precision) fil rank=1 1E Jy PF Ak 457 AF UG B A58 B i p . Al WRN Fll ResNet50 £ 58 47 fiE
DG e 5 70 %ot R S A R ) S 0 o T D M RS D 5 A ) )% 0 R s ResNet50 78 B R M RE b A5 9 RUR 3
4. R T — 27043 FIH ResNet50 5 K 1 7 AF B2 BURE 77, 3CHb $2 Bl 1k 1) 48 F DG LA AL R 7E 7R )2 9
2% Hp R R G O 4% B B R R A B B (5 X5) IR KB B 2 O D 4 AR A A R A T T A
I ST o E R AR DG JC A TR v R A 2B KO 2 9 48 FRAR R B I A 5 4 ) 4 M B0 R B8Ok B LR R AE A
1% 3 b B A K

O I FRAE DL B AL E Market1501 EIZ% 60 4~ A epoch J&5 15 2 iy sRE it 25, tn 151 6 iR, & 6

http: // www. hdxb. hqu. edu. cn



666 A R e Al CA R B 2R O 2021 4

e L ARR AR Triplet 1K sR2UHE Market1501 Fdis 45 L YIRS AU SIGE 2 5 e ARFR D2 top] B 4E 12
. B 6 BT Triplet i 2% ok 76 U 25T 4 5 328 B U 84
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Fig. 6 Loss function of feature Fig. 7 Comparison of feature matching model with
matching model training RelD algorithm in excellent performance

R T L RAES] AR YOLOVS K il A 7Y 5 g 3 f) AR5 AIF DG e ASE 70 Xof 418 e B B8 4 1) 0 1 L AT —
E PR SCHP T B S TR AR A U A R A3 2 B YOLOv5s BERY, 78RR AiE VG FL AR FE 43, LA ResNet50 hy 32
T I 245 R A7 90 25 45 A 11 R 3 11 5 0 19 B RRAE UG e A5 80 8 SC b B 53 ik /8 MOT16-05 J3 41 B 5 B
W IR S AL A A H A5 B PR AL 25 R ik 3 K.

MNFE 3 AT SO BT B S VA AE A I 2SR TR B = YOLOVS, AH 3 F FasterR-CNN +
WRN, £ H bR BEE R MOTA 32585 729 20%,1Ds 1870 T3 24 %. BI5] A YOLOVS G984 7+ — &
P R R . O LA R TR G P 1 S S, R S e 0 I AR IR D ASE TR R L B B Ry S R 1
fiE s A 850 H ARIR] ) B 53 U140 BRI 55 IDFL (915 43

BRSO TR S AE MOT Hhrg | ACRRAE VC e 455 R JC B H AR B0 o A I8 51 A B 11538 TF 8.
FEXT ResNet50 B (9 5 AiE DE AL AL 7Y, SCrp 35 i AR B 8 2 8 i Params FIVE g 18 52K 4 (floating point
of operations, FLOPs) BRI F H AR L. Hd ,FLOPs 7 LU & 2 H Ar B R 50k 2 24 . 115 B bk
TS T80 R AIE DG AR T8 5 2% B B i AR 9 R /N3 0] ok 680 px X 680 px Fll 224 px X224 px. A I, 3C
Hh T B VR AR BT B AU T B 11 ) B 34 R 50 2% A 38 1 B ) B 003 U0 40 [ J0 5 S AR R B X R
1525 F SO AR I L 51 A SR BN AR DNDRS J3E A 6 8 R 1) YOLOvSs. 78 FRAIF DG e 455 70 v B8 9% ik
T A B R H IO 240 3 REAE AR R B AT X 2% 2 R R AP K R 2 IR E L R 2 5 R EMR R
/N, 5 YOLOv5x+ResNet50 Hl 3¢ o B4 80 5 AR 25 #E /N4> MOTA F1 MOTP Bk (2 K
B A A B IE [ YOLOvSx+ResNet50 /Mg 2, I HAE B ER £2 € 1 1Ds #1 IDF1 P A48 45 Wi T
YOLOv5x+ResNet50. Zr4 3K F o 3CH AT £ 58010 78 8020 i 35 sF 5] 1% 7] B5F 30 i 52 BUAR A 1) BRI

F 3 BRI ERE IS (MOT16-05)
Tab.3 Overall tracking performance evaluation(MOT16-05)

Bk MOTA A MOTP#4 1IDs v IDF1 4 Params(Million) v FLOPsy{ (G)
FasterR-CNN-+WRN 26.9 67.5 65 34 — —
YOLOv3+WRN 43.5 70.1 58 35.4 117.8 552.5
YOLOv5x+ ResNet50 48. 2 75.7 50 58.2 111.2 282.4
TR A 47. 8 74.8 49 59.2 30.9 34.5

2.4 5HTRERREEHEITIEMS
N T B R BESCH T R B LA I BR R PR BE L M MOTL6 Bidls 46 b i 7 A Iy 51 2 47
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ST VAR S 4T MHT-bLSTM , CDA_DDALv2" ,MTDE" , AM_ADM* f1 OVBT> 4
) 2R R 9L HEAT X LE L 45 SR Ek 4 R,

MR 4 AT SO B AR BALE  MOTP 78 5T 75 i A5 4 e i » U W SCH 5L A YOLOVS A6 25 %
FE AL H AR AL B R B — 8 ROR s HRk SO r 2 55 148 IDs 1 IDFL A~ 45 A5 b 09 28 B0 Pk BBt B 4+ 35X
FE W] T4 H A AE DG AR TR R 00 A 0k 20 E b 1R B 43 VD A OB, A R AR B B . MHT-bLSTM™,
CDA_DDALv2"* 5535 i) JBAR 5 30 BT 32 55 3 0 JEAEURE 81, B X B A 19 R AE AT T #E A5 el e T 240, 76
PR X =0 IDs A1 IDF1 P AR R IR A R SO BR 4R 3800 L 78 =3 TP 8 R A9 20 B .
KU 7E MOT E 51 A B PRFFAE A b, SCrp T £ 3 e A UG 50 530 06 04 7 B8 A f0 » X6 SR IR 0L 300 i 4 ¢
PR ER B R M — e ROR.

A4 ORFJIEAE MOT16 MK b 145 H X)L
Tab.4 Comparison of different methods on MOT16 test set

R MOTA* MOTPA 1IDsy  IDFIA ik MOTA A+ MOTPA 1IDsy IDFIA
MHT-bLSTM  42.1 75.9 753 17.8 AM_ADM 10.1 75. 4 789 13.8
MTDF 45.7 72.6 1987 10.1 CDA_DDALv2 43.9 74.7 676 45.1
OVBT 38.4 75. 4 1321 37.8 SCep T R T 42.7 76.1 655 47.8

SCH TS MOTA  EA3 45 R MTDFS 3% & 5 oy MOT J& — 0 52 2% 1 AT 55 o e 31l 1 X
SDE HEL T B+ i BRER B L A 2 52 BRI A AL i 25 5 B S5 TR R I 32 0. MTDF AT I 25 15
SL AT RATE F b A T B0 I 9 B3 S8 ) S0 8 S 0K . AT abe R % 9% O A1 2 W . {HLZ 7 IDs A IDFL
XA bR R BT L T BORER BB E PN 0 SO T 4R R A THDGE I P ISR BE A8 1 1 S IR
OB R ARUE B 1 BREER . SO AP R DR PR A U gt R AL D IR TR X R R R 1 R W 22 T I
2305 OO U SC IR A B2 0 5 SR — A I 25 A5 BOR R R 2 b B ER B4 HE R
2.5 TAZBRRE

N T B BRSO PR AR AR R 2 R T AT N BRERFCR » AR SCH B Rk X MOT16 i
BRI B AT BRI 0 A B A R 2 SR B AL B AR T an AL 8 . MR 8 TR . SR T Bk X
MOT16 5 555 o B H AR AR AL Eh 5%

K8 1T A% AbriRERSE K
Fig. 8 Pedestrian multiple object tracking results
1 Bk — 25 U] SC AP BT AR B T A B B R REE A RGB! H AR 89 AR AN kL gk MOT 16
RS Sl AR BILAT B 0 AU 51 AT E R BERIT NP 9 . TR 9 Ca) rp R SO O 12 A S0 B 2 8
s B H AR T HARAHBLAY 1D 2 SR A g 50 8 B9 H AR 7E & 9(b) . 8 5 Y HARHE &
A EBR gt — Bt a5 .8 5 H bR fg ID 72K 9 (o) i g BB I G K b s 7E 18] 9(dD) . 8 5 HAR B 58 42
MR R AEBE Sk P 2 s T U L2 8 5 H AR BT H B AR Bk T IR R R AR D PR T A B O R L
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Fig. 9 Pedestrian multiple object tracking in moving scenarios
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