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Abstract

Multi-object tracking is an important research direction in the field of computer vision, but in
practical applications, the fast movement of the object, illumination change, occlusion and other
problems will lead to poor tracking performance. In this paper, we propose a pedestrian mul-
ti-object tracking method based on iterative strategy. By adopting the iterative detection method,
pedestrian targets with high confidence and low confidence can be detected respectively in two
iterations. Since the pedestrian prediction box detected in the previous iteration will be transmit-
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ted to the network in the form of historical features in the next iteration, the model can avoid re-
peated detection of the same object and improve the accuracy of pedestrian detection. In the data
association stage, the trajectory matching of the first iteration detection results, namely, the high
confidence pedestrian detection box, is given priority, followed by the second iteration detection
results. This batch processing of the detection results can effectively reduce the problem of iden-
tity switching in the tracking process. Experiments on MOT16 data sets show that the proposed
method is feasible and effective for pedestrian target tracking.
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Figure 2. Network structure of iterative detection
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Algorithm 1 Iterative tracking algorithm
Input: A video sequence V; object detector Det; detection score threshold §

Output: Tracks I of the video

1: Initialization: T < 0

2: for frame f in V do
3: /* First iteration */
Dhigh, + Det(fk,0)
/* predict new locations of tracks */
for t in I' do
t + KalmanFilter(t)
end for
/* Associate high confidence */
10: Associate I and Dy;gp, using IOU distance

11: Dyemain 4 remaining object boxes from Dyjgp
12: T'remain < remaining tracks from I’

13: /* Second iteration */

14 Dpow < Det(fr,Dhign)

15: /* Associate low confidence */

16: Associate I' and Dy, using IOU distance

17: Delete remaining object boxes from D7y,
18: T've—remain < remaining tracks from Tyepmain
19: Tiost < Tre—remain

20: /* delete long time unmatched tracks */

21: T+ TO Tpst (time>30)
22: /* initialize new tracks */
23: for d in D,epmain do

24: T« T uU{d}
25: end for
26: end for

27: return I’

HHR B HENRAAT BV, REER R Det Ak B EERME S, S8t s %E N 0.6.

BRI PE T, BRSPS E SRR B AR R FAEAFR R AR T .

1) TR Al ARSI A% Det 25— UGS AU I Y = B AR IIHE Dy, IS KT 6 1A
DHE .

DOI: 10.12677/hjdm.2023.131008 78 B 540


https://doi.org/10.12677/hjdm.2023.131008

R Eke

2) MIAHR/RZIEBARIAM T (G5 F R A HUZ) sp AN PUZAE AT b BT E . BT HUE R E R
W AR I, BRI Z RS AEEE, FrDON T E R R E R B B A, JFREAT WL E T

3) i BAE FEALIAE Dy, AT A HIZHE T 2 18] 4 10U SR+ SEARBLEE , SR 60 2 ) 0550k 58 ek T4
ABERIVLAC, B9 EE— IR K.

4) AR ES Det 256 BT — UGB AR 45 35 — JOSARI H A% B 5 BERIALIAE Dy, » K AT AR
BT i ZIAIPAT 2 —ORHR . FRATIREA AV HL T e » N ERIIUIET o, HMIERFTA AL
e AR B AR FEAIUAE , RO e AT AR IR ARt AR PH PR HE R 55

5) X TF Toq THIEENIE, e e — e B imi(RD 30 Wiy, APUIE T iR E .

6) AT 5 — ORIk JE MASULEC ) i 20 A AR Doy WIAR BT L

3. LRS54
3.1. BUEE SECIRIRE

ASCAE A TFF BT NI KL PG 55 CrowdHuman B ZREE[10] I 2R ARG 25, A CrowdHuman 956 E
EIGIERG I 23 VERE, F MOT16 MUV ZREE[LL1E N BAE LI IE PR ER SLVE TR . SEGIA B2 5L T Ubuntu 18.04
#1E R4, Nvidia GeForce RTX 3090 &2, &84T AT 24G, K Pytorch1.8.1 &% %% SIHESE, 7E Python3.7
FIR S5 2% NSeBl. k2 HARERES A MOT16 MPERAEMIRA L H %, H MOT Challenge ‘& ®_L5%t
SERBATURAS, R 5T L, R HT AR
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2) MOTP (Multi-object Tracking Precision)ft 3 £ HAREREFFG FE, T8 H AR IIAE 5 B SCHELE T iz
P ERES. AT TR,
Zi,t dtl
Zt Ct
Hob t FORMA0W0NE t I, te[LN], d FORE tWihE | ANTIIAE S BEZ M RS2, & loU
(Intersection-Over-Union) i &; ¢ FoR HARRIIILACE &

3) IDF1 (Identification F1 Score)ft3#& % HArERIEE S 1D 4EHFAE 7.

4) IDs (1D Switch)fXRBAFRESEFEAT A & (1ID) ) %0 H -

5) MT (Mostly Tracked)f{3 22/ 7E 80%I/L AL 2 (1) R ERENIZE .

6) ML (Mostly Lost)fRZ7E/N T 20% (i 5] e D VT A A BRER PUZE RIR 2 50 F 2k H AR 43 Lo

3.3. LR

ASAEH Faster R-CNN [12]4F 947 AR IUHESE, {5 H] ResNet50 [13]/EJ9 & /4%, ¥ FPN B,
I BN JZ 5035 FPN SR RFIERL G 8O, IIZREH Adam AL, epoch B 24, AR EEN
0.0005, fEZ 16 4~ epoch HI%E 22 4 epoch I %% 2] 253 73 L) 0.1, EUIZRadferd, FEFRIEHEREALE I —
A AR IEAE I A T SEAFAE,  [FIB ZR AREAENE AN S 5N ZR, K P SRR AN 2B T R b 2 IR
28 A A IR 2% TN 1) 1 45 SR SN T AR AR VERE , AT A6 I 2% 2 ST R F g SR ARRAE o 51 kAR A S St
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Table 1. Comparison results of iterative detection and benchmark model on CrowdHuman verification set
1 RN S EEREIZE CrowdHuman 36iFEE FHFTEE 4R

RlllEr Recall 1 mMAP 1 mMR |
FEAERY 89.2 84.8 50.5
IEAA I 94.5 88.1 49.1

X2 HARIRES, AL MOT16 #imSEdtir s, 5 UM 2 HirmRss ik rattt, 4553
Wi 2 fiw, ARSCTEEARKNE T 78 /0 % FE B A A IIAE, I B IHE ) 2 HE VAR EE, K HTE MOTA,
MOTP Zi5 ks EHA FreTt. BREFFCRMIE 3 Bk, 7 MOT16-03 # 61 5fl MOT16-06 H' 71 54T A\1E
TR I O, SR T DAV IE %

Table 2. Comparison results between the proposed algorithm and other algorithms on MOT16 data sets
2. ANEZESHMELAE MOT16 HiEE EMITLLER

WaRrS MOTA 1 MOTP 1 IDF1 1 MT/% 1 ML/% | IDs |
SORT [2] 59.8 79.6 53.8 25.4 22.7 1423
DeepSORT [4] 61.4 79.1 62.2 32.8 18.2 781
JDE [5] 64.4 - 55.8 35.4 20.0 1544
TubeTK [14] 64.9 59.4 59.4 335 19.4 1117
CNNMTT [15] 65.2 - 62.2 324 21.3 946
Ours 65.4 80.8 65.8 35.3 17.8 982
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Figure 3. Multi-object tracking effect. (a) MOT16-03; (b) MOT16-06
Bl 3. ZEMRREMR. (a) MOT16-03; (b) MOT16-06
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