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Pedestrian multi-target tracking method based on YOLOvVS
and person re-identification
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Abstract: Aiming at the shortcomings of current detection-based multi-target tracking paradigm, a
research is conducted based on the algorithm of DeepSort to address the issue of frequent switching of
targeted ID resulting from occlusion in tracking process. Firstly, focus should be placed on improving
appearance model. Efforts should be made in replacing broadband and residual networks with ResNeXt
networks, which introduces the mechanism for convolution attention into the backbone network and
establish a new person re-identification network. In doing so, the model can pay more attention to critical
information of targets and obtain effective features. Then, YOLOVS serves as a detection algorithm.
Adding detection layer enables the model to respond to targets of different sizes. Moreover, the

mechanism for coordinate attention is introduced into the backbone networks. These efforts can further
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improve the accuracy of detection model. The multi-target tracking experiment is carried out on data sets

of MOT16, the multi-target tracking accuracy rate is up to 66. 2%, and the multi-target tracking precision

ratio is up to 80. 8% . All these can meet the needs of real-time tracking.

Key words: multi-target tracking; person re-identification; YOLOvVS network; attention mechanism;

deep learning
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Tab. 1 Feature extraction network experiments (' Top-1)
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Fig.2 Convolutional block attention
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Fig.3 Feature extraction network structure
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Fig. 5 Contrast of the target ID before and after frame in

the tracking process using the prealgorithm and

improved algorithm
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Fig. 6 Improved network structure



%7 BT A5 LT YOLOVS A E R I 8947 AN £ H bn B R 7 5

885

(a) 4 Tl REEAFALIE]

(a) Four scale feature maps

Sedlud |
(b) A RFAEE]
(b) Fused feature map
K7 AL AT AL

Fig. 7 Feature map visualization
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Fig.9 Visual results comparison
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Fig. 10 Overall network architecture

HETAERBNT ., B4 A0
J¥ 90 1 4e 483 YOLOvSs K Aij 5% 5k 4, 45 1
A5 N B ASE B 7, 30 A G 0 R K B Y Y R
it A% B bR G BT R B, S TR
A5 6 DU 45 5 0T J0ORS f , A SCAE AR i AR T )2
DIl JE 22 RO A AT 55, [a] BFin A CA T 3 1 #L
il A A AL AR Ak . B b R B R 1

A5 H AR A R Bk A2 T2k i 15 AR
S A SR i BRI B AP LR AR {F B, AR SCHE i kb
Al ek K T 4% T 4l ResNeXt50, LU
K FH AR XS 0 1 S 80GR BV BAF M ALR . SAh L %
T S PR 0 v I P R R 2 R AE 3 U S 1Y
PRI XE , 5 i 75 72 1 WL CBAM, - GAN X 4%
P38 5 047 N R A IF B A 4R Market1501 1)1



507 4

BT A5 LT YOLOVS A E R I 8947 AN £ H bn B R 7 5

887

SRBERY A Y ALE SRR S T R A WA A
9= PR ReID FRIE 5 &3 R
IR TN A A T B RelD {7 B HE 4T Ik
VT C 8 7 s G I, 19 21 3 Fh 4 AL - DL C B T R
RO 7 7 N NI UM TV I o G b S UMY T4
DA DC A B0 DL R R R = 100 9 AN B 0
I 2R H ) 2 R B3k i AT O VR IE , [A) AE A5 3
ORISR AR - S U P 2 i P 3 P J U
) 2 F DT, o6F T D8 FC 8 0 B kAR
VN1 0 A S 57 187 =39S DG i N P TV O
D A0 46 A VR R 5B 0 03, O L322 B 38 b 3
Tl f 25 3 TR RE DT IE 2] H AR X R A RE B
B A U3 o X TR U E A A, LR R E L
i H % 2208 B i 8 /> F max_age, WPER Hom AR
BRI B R Ay i S 2k BE AT K T max _age, T A
BRELIE . 27 oK DEC H2 oK B 0 B3, ) B4
BRI o 55 D K AR B A A B ER R AR OR
U8 AT S0 L A5 B B0 AN B B
HwE R,

5 ZRLERLEHH

5.1 HIEEE5IWRIRE

A SR R B H AR A I 2 I EcHls 48 COCO
AT NS R AE N5, T MOT16 /Y
YIRS e N 0T B E B ke RE . SCE b
# F Ubuntu 16. 04 #: 1F & 4t , Nvidia GeForce
RTX 2080Ti & K ,i8 17 W 47 N 64G, >k H Py-
torchl. 6. 0 ¥R J&F 2= 2 HEZE | 1E Python3. 7 Y IR 5%
i FEl., R H bR R A R AU MOT16 1

A D 4 A SO AR R O I &5 2R 4 22 MOT
Challenge B P #E 17 PEAl |, 55 H A 56 oF 800k 47 X
o, I3 B B PR RE
5.2 iFMriEtR

Ry T AR B PE A SN A W ER , 0T S A5
DT A B LA, A SR H 2 H A R B sl E
(9 VEAR 48 AR ZE AT PEAR . 2 H AR B HE 5 (Multi-
object Tracking Accuracy, MOTA) . % H 5 IR &
¥ JE (Multi-object Tracking Precision, MOTP) %
H b R 5 #8 1D 4 45 € 7 (Identification F1 Score,
IDF1) 47 A ID PJH % (ID Switch, IDs) K £ 5t
PR B A8 1 43 He (Mostly Tracked, MT) k£ %
F 0 H AR A 4> e (Mostly Lost, ML) o #8543 ¥E
FEAR Y 2 A A X (4) F1 (5) fIr s
Nex + Ngp + Nip,

Ner ’
2.d!
MOTP = EC/ ,

APy R S HTM R 5 i, re[ 1, N J; Noy 3
71N LS5 71 SN 0CER: 5 N 28 7% B8 A 00000 1) s 4 5
N gp 28 75 B AU R K85 N, 28 B 8947 A 1D
VI B 5 o F 7R 55 e 55 4 A 0 AE 55 3 S AE
Z 8l iy 5 2 % B ToU (Intersection-Over-Union)
PR 5 e 2om HAR MUZh DL B .
5.3 RaoMW

X 22 A AR R R, AS SCHEFE MOT16 £ fis 45
AT I, LR e it 2 B bR LR Bk A5 SR E AT
X o 32 SCHR22 17 & A8 30 B AR TH A 3 22
TG 0 gt 7 2 0 B 1), 45 SR 3% 3 i

MOTA=1— (4)

(5)

R3 ANHESHMEXABEEEMOTICHIESE LM ILER

Tab.3 Comparative results on this grade algorithm and other advanced algorithm on MOT 16 data set

Algorithm MOTA MOTP IDF1 MT/ % ML/ % IDs v Wi /Hz
SORT™ 59.8 79.6 53.8 25.4 22.7 1423 8.6
DeepSORT'™ 61.4 79.1 62.2 32.8 18.2 781 6.4
JDE'™ 64.4 — 55.8 35.4 20.0 1544 18.5
POT™®! 66. 1 79.5 65.1 34.0 20.8 805 5.0
TubeTK'*! 64.9 59.4 59.4 33.5 19.4 1117 1.0
Ours 66.2 80. 8 65.8 35.3 17.6 760 5.8
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Fig. 11  Multi-target tracking effect. (a) MOT16-03; (b) MOT16-09.
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