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Fig.1 Flowchart of Our Proposed Algorithm
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Fig.2 Three Branches of Center Detection
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Fig.3 Encoder-Decoder Network
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Fig.4 Matching Process of Successful Re-identification

N AT NAESS (it B BPIREE D

C 1 At 0]C
r=|v|=[0 1 0fv| +w() (5
a 0 0 O0JLa

Pz AT N AT RE A A B B 45 T AP
BN, B P Sy A1 TR B 5 5 e BE B 28 B, DY Ot
T NA)H H AW is Sh B AN AT, A S 2o
O AN AT C, 8 A AH <08 T [7] R 85 22 5 ) () SC Ik
2 3 o, AT B AT AMIDIRZS Z, i R R =
U R L — 26 4 TR (Cuv )
54 20 AR 5 2 KT 57 AR 5 6 B
flivt o a5 B S I R 38 A R 78 DR IE T A 2 1
OL T 2R A 52 2l 5 A 2] C fl o a Z ) Y A2 4k
KERHHEWMT .

t—1

0 1 At
t O O 1 t—1
z=[1 0 o][C v a] +w(t)
[ar Al AL )
20 8 6
4 3 2
o(1)= At At At 5
8§ 3 2
A AP As
6 2 g

i, w() ARG o(0) WM 50k T
PR P 1 107 ML 2%
WX (6) I RIR 2 uE P — ML XKk 155



5546 5 9 )

AR b B9 A5« T s SRS R ER TR ) A0 2 AT N R B A 1349

X/=FX, ,+v,
P/=FP,_ F'+Q
K F AT RSB AE R H I AR B 5 Q.
Py R B0 35 25 14 7 22 50
RIR S PR P A B R AR
K,=P/H (HP,H" +R)

(7)

X, =X/+K/(z—HX) (8)
P—(I—KH)P
A, Z g WLIMECR A R 5 R S WL 7 22 K 51
AL 5 X O 45 TIPR A ADUL I PR 55 2 14 fe
DUt o 3% T I (A R AN B ACE B B — B IR
AT 2 B HORS 0 A RS ACR

4 KWHERSHHN

4.1 BEEFRBINE

MOT Challenge'™ & — /4~ A FF (1 MOT 3 1f
VLR 2 H bR R AR R RIS TR AR
XAEMOTI15 . MOT16 . MOT17 2 %5 4 | 4f 2
1A R R B AT IR AS SR

X T UM 28 I 2%, RAF ) PR TR K R
LF I B0 S o AT N TR B R X DL T
B P SR AT N ER AR SCR T2 A4 F AT
NECHR B TR A, IF I A R 50 9 B a0 4R L I 2k
15 %) & MR 09 4T AN EE ORI A B . FE Mar-
ket1501M"% CUHKO03™ | CrowdHuman™* %k #& 4
I, cyclegan' ™ KUK RS T bR T BRI 22 L 15
BT m AT NE R, — B B RRN T A
TN B D AN 5] (I 00 o 5 6 A5 A0 7
28 UM ST 78 A0 PR A AT NI AR O B R
AT T 60 epochs [ TN 2R AT N AP AR HY | SR J5

1£ Caltech Pedestrian'®’ | CityPersons'®' | CUHK-
SYSU™ [ PRW™ [ETHZ"” MOT16 . MOT17
Z B br IR ER BB 1T T 30 epochs Y5 .
42 TFHIERR

ZAT NIRER i T W SR E AT NS0y, ok
85 B bR ER R B VE A 48 AR L HE DA T B —F8 bR
K VAR HoE BE o A 303k I MOT Challenge 52 SCHY
PN FEFRY: (1) £ B bR R &S B (multiple object
tracking accuracy , MOTA) , 255 %5 J& T ¥k i i
B UK SO U i B S  (2) 1E R 5 Y K
IR B3 %) A DU A B A (identity F1-measure,
IDF1) , &4 7% 08 1 5 Oy HE 0 3 M0 5 iy 1 ol 3
(3) EE B H ¥ H 4 b (mostly tracked, MT) ,
AT 80 00 Bl T B B A B3 5 i AT B0 Y LA
(4) FE LK BFA 7t (mostly lost, ML) K F
2000 Bk BT B BR 00 AR S R A 0GR By LA
(5)IDs, J& T 803 rp Wy i — B 1% O, BR R % 21
TR A e B B H A IR RS By F U R
o P MOTA IDF1 . MT i & # 4 , ML Al
IDs M IG B 47 . MOTA FIDF1 i #4255 45
bt B A AT DL IDs B, 5 & XTI
8 345 B AU
43 ZHEREHMW

RSO BE B AT AMERZ IF LR T 0.5
(N2 SO HIE A B, B 5 2 UES 1T 2 800
MR EREE S  FIH AR O 5 2 96 517 A &
ARAEVH ., ERIEE R A AR RE A
B A7 6™ T AT N EAH GHE P4 1) B, T ¢ 18 AE
[l U G T e 2 7 A R T R R, 3 U S IR R
BEALE . HHIE S TATAN, 47 AN AR BRI, A8 S0
PeATE AR AT LA 2o vy o A9 AT N U 43 S O A
AT N B AEPIEE S 50T BA R4 &k

BI5 MOTIL7 s 40 55 A BR ER 45
Fig.5 Results of Crowded Human Tracking of MOT 17



1350 ) G == T

fa B F 2 R 2021 49 H

TG T AR SCE LY S 3FE G 217
R B S A MR RE AR A, DL SR AT 247 R B 5K
A5 B 45 RV o o B 2k R R AT LA
FH AU 50 B A5 B8 A 45 A R ot ; 2 30 #E 2K
SRV R T LA FH S 3 oA R ot 5 7E 4 5 1k T A
AR A SR W 15 B AT IR E AR A N
Ko MR DA, A BT 45 BT A W 2B 1, A S
BB AE R MOTA R IDF1 ¥4 B8,
BEAI , FE S N T 46 Bz sl B8R EE0 4o AAER Xof a4
T AT NS A B 2R, A A T B A% 0 3
Oy AR SCHE R R S5 B9 MOTA VIDF1 4 511
7.3% M T7.6% HYEETE, BEEA AR SOV R A AR T
W 2 %ot F B 43 1 BEIRBE 77 <

R1 FREEBEFHRIRERITE
Tab.1 Comparison of Results of Different Algorithms

Bk K MOTA IDF1

JCC gk Bk 51.1 54.4
NT #% £ S i (27 47.5 43.6
DeepSORT & TE 2% 61.4 62.2
A% LB 2y TEL 67.5 69.8
AL T 72.4 75.1

BOHT, 2 H b BB TE T 68 L9 2 T 1 1R 4RO
T H bR 5 k2 2T B AR S s s
B FTESE PR b i i g M L BT AP R 247 AR
S5 (R A AR T A T 2 28R, G 81 6 T s, 18 i i
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Fig.6  Successful Tracking in the Case of

Detection Failure
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Tab.2 Results of MOT15 Test Set

; ; MT ML i %
Fk %M MOTA IDF1 IDs
/% /% /Hz

EAMTTR Wik 53.0  54.0 35.9 19.6 7538 4.0
AP_HWD-

PP 51 Wi 53.0 522 29.1 202 708 6.7
RARFY @ik 565 61.3 451 14.6 428 3.4
TubeTKM Bbyk 584 53.1 39.3 18.0 854 5.8
FairMOTR Bpy:  60.6  64.7 47.6 11.0 591 30.5
ARcsvk A 635 655 50.1 104 504 327

*3 MOT16TiXE FHRERLER
Tab.3 Results of MOT16 Test Set

i MT ML i
Bk ## MOTA IDF1 IDs
/% /% /Hz

SORTY Wik 59.8 53.8 254 227 1423 8.6
DeepSORT™ Witk 614 622 328 182 781 6.4
RARPY  Fiyk 63.0 63.8 39.9 221 482 14
POI™  Wikyk 661 651 340 20.8 805 5.0
JDET Hipyk 644 558 354 200 1544 185
TubeTK! Ly 64.0 594 335 194 1117 1.0
FairMOTE Miby: 749 72.8 447 159 1074 259
AR M 724 751 458 17.2 890 30.6
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Tab.4 Results of MOT17 Test Set

, MT ML i 25
Bk 2% MOTA IDF1 IDs

/% /% /Hz

SSTE Wik 524 495 214 30.7 8431 3.9
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ARIcEY: ubyk 709 783 40.6 16.4 1978 29.7
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A Multi-Pedestrian Tracking Algorithm Based on Center Point
Detection and Person Re-identification

ZOU Beiji'"* LI Bozhou'? LIU Shu'?

1 School of Computer Science and Engineering, Central South University, Changsha 410083, China
2 Hunan Engineering Research Center of Machine Vision and Intelligent Medicine, Changsha 410083, China

Abstract: Objectives: In video-based multiple object tracking, the object detection and re -identification
have a strong correlation. The existing methods generally train the object detection and re-identification net-
works separately, which makes the tracking speed fail to meet the real-time requirements. In this paper, we
integrate the detection and re-identification into one network to accelerate the tracking process, and also
solve the problems of identity switching and failure tracking. Methods: This paper develops a pedestrian mo-
tion model and obtains the optimal state estimation of pedestrians using center point detection. The person
re ~ identification model with deep layer features uses the Mahalanobis distance and cosine distance to
enhance the ability of person identification. And the Hungary algorithm is used for data online association,
where the state estimation results become more accurate using Kalman filtering, and the unrelated lost ob-
jects are predicted by motion. Results: Experiments are conducted on MOT 15, MOT16 and MOT 17 data-
sets using the proposed algorithm and other multi-pedestrian tracking algorithms, and the multiple object
tracking accuracy of tracking results using our proposed algorithm is 63.5, 72.4 and 70.9, respectively,
and the identity F1-measure is optimal, with the real-time rate. Conclusions: The proposed algorithm can
accelerate the tracking speed by network parameter sharing, and improve the recognition  accuracy by per-
son re-identification training.

Key words: multi-pedestrian tracking; center point detection; person re-identification; deep feature aggre-

gation
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