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Abstract: In order to solve the problem of loss when the target encounters occlusion or the speed is too fast during
the automatic tracking process, a target tracking algorithm based on YOLOv3 and ASMS is proposed. Firstly, the
target is detected by the YOLOv3 algorithm and the initial target area to be tracked is determined. After that, the
ASMS algorithm is used for tracking. The tracking effect of the target is detected and judged in real time. Reposi-
tioning is achieved by quadratic fitting positioning and the YOLOv3 algorithm when the target is lost. Finally, in order
to further improve the efficiency of the algorithm, the incremental pruning method is used to compress the algorithm
model. Compared with the mainstream algorithms, experimental results show that the proposed algorithm can solve
the lost problem when the tracking target is occluded, improving the accuracy of target detection and tracking. It also
has advantages of low computational complexity, time-consuming, and high real-time performance.
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Fig. 1 Block diagram of YOLOv3
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Fig. 2 YOLOv3 pruned through sparse
training and channel pruning
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Fig. 3 The tracking algorithm flow chart based on YOLOv3 and ASMS
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Table 1 Evaluation results of comparison model and pruning model
HE/(fls)
izl R mAP S8 Pkt

CPU GPU
YOLOv3-tiny 32.7 241 48 120 8.9M 33.1MB
YOLOv3 55.8 57.9 13 27 60.6M 231MB
YOLOv3-50 57.6 56.6 22 48 19.8M 91.7MB
YOLOV3-80 51.7 52.4 23 50 12.3M 46.6MB
YOLOv3-95 49.4 46.5 27 57 4.8M 18.7MB
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FREFRSEE A SN 103 W46 & A=Y, 21 257
T F AR5 T /N SE AR 100 WA A Y
21| 194 WIRF HARERIZE R . Kl 5(a). 6(a). 7(a)7iliE
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Fig. 4 The tracking performance of algorithm based on YOLOv3-95 and ASMS

k2 Fkstek
Table 2 Comparison among different algorithms
Bk SFE LGRS BRI FERT /s
14 ASMS 53 0.786 0.0098
KCF 51k 0.795 0.0073
T YOLOV3 il ASMS Hik 0.805 0.0631
FT YOLOV3-95 il ASMS Fiik 0.803 0.0463

B 5 t:% ASMS Fikt)RIZHCE. (a) /TA; (b) 24; (c) &
Fig. 5 Tracking performance of the ASMS algorithm. (a) Pedestrian; (b) Animal; (c) Car
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(b)

B 6 KCF Fkskizack. (a) i7A; (b) 945 (c) 1 %
Fig. 6 Tracking performance of the KCF algorithm. (a) Pedestrian; (b) Animal; (c) Car

(a)

(b)

B 7 JF YOLOV3-95 #= ASMS H ik ey sk Izak & . (@) 77A; (b) #; (c) 1 %
Fig. 7 Tracking performance of the algorithm based on YOLOv3-95 and ASMS. (a) Pedestrian; (b) Animal; (c) Car
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BT B NIRRT T AT R 22K, AR ST
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%L
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Fig. 8 Bhattacharyya coefficient curves of different algorithms

AR B s, HARER R G4 . ASMS Bk
I KCF FRk7E B bs & R4S 5 BRESRG R R, Ko
POEERY S BAre R, BT RIE RSN . H
& 8 Al LAMEZERILE 159 WiZE 200 Wit T HARGGEERT M
M TCP A B E 7, ASMS B A 159 Mt B bR &A=
EPY T4 B FCRE B B R, 2 BE A A R

FEBRER T 5 W2 J5 0 G B R R AU, 7 164 Iiff
HFRMIIE %K KCEF 53k 5 ASMS SA G L RBEUH I,
FHE ASMS STEIRER AR A — Sl , 76 HAr k2B
Pijg, CURBEE B L ASMS Hikg e —Lt, {3
FEBREE T 8 MiZ Gt EAR T Bk, B4 YOLOV3-95
M ASMS FkAE HAR & AEEPSB B YOLOvV3-95
B B A TR, FE HARA RSSO T REEA T
BRI, HIRERASEEUL T ASMS il KCF ik,
HE BbRE g Sl A & A E . IHAE 201
A bR AR RS X 80E H 5, 2853 YOLOV3-95 Bk A
BENIE HARME, TR R EBUE Xk S
L2 H ARG L CHE B IR A B B (E, 7€ 204
Ao 2 R HE B A >0.7, ARl ] ASMS Bk A T IR

Mif&4: ASMS Bk Al KCF Bk bRzl £, 1
201 Mt HAR PR H LS BTC G Seff T 58 X Fahy
FINE Bt 5 st B AR A s A7 B AR 252K )5 1 E R
B, TEMAMEEGA

K 9 AT ARSI, T YOLOvV3-95 il ASMS
Bk VITAL B7EH1 SANet Bk Ve IX RN H A5 X 35,
CLICHE B b Ze 5] . frIEL 9 AT LOUISR S|, —Fhoa:
P B RPE BE M AR —B, fER R AR, —Fh
BRI REAR L Xt H AR TERES , 24 B AR & A RS R
SRR ARG, H R B AR R A
PURT IR EFAE S B A MR ER B bR . >4 H ARk Py Ix
IR, ZANAEARRE ST BRI o R

3 M BLPEREXT L, S TR R T A,
TESZIHYE T TR T YOLOV3 Fil ASMS Bkl T144:
ASMS il KCF Hk i 5 s Tl BEacts , R HkR
T HRIRE, SR EFCEEES HIE A YOLOV3 A&,
SERFERT F BRI 5 A SO0 FITE H s 285
it YOLOv3 Skxf HARM B e fr, A LAHE T4
BPOR B GAE N E AT i, i B A FERT T

1.0
08 !
&% 06 [
=
=
5] 04 r
— JLT YOLOV3-95 Fil ASMS .3
0.2 r — SANet & |
L VITAL %k
0 i : :
100 150 200 250 300
%L

B9 BRAHGHERTIILA

Fig. 9 Bhattacharyya coefficient curves of different algorithms
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%3 FiEsxtk
Table 3 Comparison among different algorithms
- P ICHE B FAMPT-HFERs
A
TN ) (GUN W) /NI
ASMS ik 0.3128 0.2564 0.3397 0.0093 0.0101 0.0104
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3T YOLOvV3 #il
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SANet ik 0.6965 0.6700 0.7201 1.3333 1.3478 1.3256

£, FF YOLOvV3 Fll ASMS H2: = 2H i3 A0A f) SF- 1
BITHE R 16.3 f/s, T YOLOV3-95 fil ASMS H.i:
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s, FERHEASCHEET YOLOV3-95 il ASMS Hi1) 26.6
fEF 33 A%, TERGHREE T, ASCHEEBM#E T
VITAL S35 SITN 53k {2 AL 58 ASMS 575 F1 KCF
FRAEA RGO T PRSI EE R T T 2 /%, R4
fiftk T Han 2R Il

FEF YOLOV3-95 il ASMS vk bk 1 o AN AT H
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5 4 ig

AR XME G AT B bR B R J5 ok TG 2LR
BRI, $EH T —FhET YOLOV3 fil ASMS (1) Hr
PRERFE, W BARZ Bk R iz 3
FHERE O E s B st il YOLOv3 &
PRI A B AR, SRS R ASMS Sk A T IE SR
ERAEHT, AR R E AR, BT LAAR Sk
X 25 4T85 8%, 15317 YOLOv3-50, YOLOV3-80
F1 YOLOv3-95, i ifHA YOLOvV3-95 Fil ASMS

93 7 A SR A EE T YOLOV3 il ASMS 1) H bR i
B, IR, S5 A S S AR R A R T oA
FIXFLERT A, ASCRTEAUEE I T4 HahIRER, 0
P BRER HARE R, 38T+ T S FE R T,
WEW] T AT IR s . B ftkm . THa
JEP . eRE . S . BARIET YOLOV3
F1ASMS 1) bm SRR AL R B A b h H A R ER AR
%, AR HA AT L et A AR e T iREE, HWH
YRSl s AR 2 8 R BRI otk A 7
WGk, DASEBUN 22 HARRORTR IS, & TR e
HOE5755 8

A v

S22 3R

[1 Lu H C, Li P X, Wang D. Visual object tracking: a survey[J].
Pattern Recognit Artif Intell, 2018, 31(1): 61-76.

BHN, BRE, Tt BARSRIR Ak sR] XA HA TS
#%, 2018, 31(1): 61-76.

[2] Li X, Zha Y F, Zhang T Z, et al. Survey of visual object tracking
algorithms based on deep learning[J]. J Image Graph, 2019,
24(12): 2057-2080.

FE, £F%, KRE, F.ORAFIGAIRRIZIEEL]. ¥
A % B $ 3R, 2019, 24(12): 2057-2080.

[83] GeBY, Zuo X Z, Hu Y J. Review of visual object tracking tech-
nology[J]. J Image Graph, 2018, 23(8): 1091-1107.

BxN, £RF, YT B ASRIZ T kAR GRY]. TEA
% B Fik, 2018, 23(8): 1091-1107.

[4] Sun D Q, Roth S, Black M J. Secrets of optical flow estimation
and their principles[C]//Proceedings of 2010 IEEE Computer
Society Conference on Computer Vision and Pattern Recogni-
tion, San Francisco, CA, 2010: 2432-2439.

[5] Nummiaro K, Koller-Meier E, Van Gool L. An adaptive col-
or-based particle filter[J]. /mage Vis Comput, 2003, 21(1):
99-110.

[6] Comaniciu D, Ramesh V, Meer P. Real-time tracking of non-rigid
objects using mean shift[Cl//Proceedings IEEE Conference on
Computer Vision and Pattern Recognition. CVPR 2000 (Cat. No.

200175-9



YT https://doi.org/10.12086/0ee.2021.200175

[7]

(8]

[9]

[10]

[11

[12]

[13]

[14]

(18]

[16]

[17]

(18]

PR00662), Hilton Head Island, SC, 2002: 142—-149.

Babenko B, Yang M H, Belongie S. Robust object tracking with
online multiple instance learning[J]. IEEE Trans Pattern Anal
Mach Intell, 2011, 33(8): 1619-1632.

Kalal Z, Mikolajczyk K, Matas J. Tracking-learning-detection[J].
IEEE Trans Pattern Anal Mach Intell, 2012, 34(7): 1409-1422.
Avidan S. Support vector tracking[J]. IEEE Trans Pattern Anal
Mach Intell, 2004, 26(8): 1064-1072.

Vojir T, Noskova J, Matas J. Robust scale-adaptive mean-shift
for tracking[Cl//Proceedings of the 18th Scandinavian Confer-
ence Scandinavian Conference on Image Analysis, Espoo, Fin-
land, 2014: 652—-663.

Girshick R, Donahue J, Darrell T, et al. Rich feature hierarchies
for accurate object detection and semantic segmenta-
tion[C]//Proceedings of 2014 IEEE Conference on Computer Vi-
sion and Pattern Recognition, Columbus, OH, 2014: 580-587.
Girshick R. Fast R-CNN[C]//Proceedings of the IEEE Interna-
tional Conference on Computer Vision, Santigago, Chile, 2015:
1440-1448.

Ren S Q, He K M, Girshick R, et al. Faster R-CNN: towards
real-time object detection with region proposal networks[J]. IEEE
Trans Pattern Anal Mach Intell, 2017, 39(6): 1137—1149.
Redmon J, Divvala S, Girshick R, et al. You only look once:
unified, real-time object detection[C]//Proceedings of 2016 IEEE
Conference on Computer Vision and Pattern Recognition, Las
Vegas, NV, 2016: 779-788.

Liu W, Anguelov D, Erhan D, et al. SSD: single shot MultiBox
detector[C]//Proceedings of the 14th European Conference Eu-
ropean Conference on Computer Vision, Amsterdam, 2016:
21-37.

Redmon J, Farhadi A. YOLOvV3: an incremental improve-
ment[EB/OL]. [2020-02-10]. https://pjreddie.com/media/files/
papers/YOLOv3.pdf.

Redmon J, Farhadi A. YOLO9000: better, faster, strong-
er[C]//Proceedings of 2017 IEEE Conference on Computer Vi-
sion and Pattern Recognition, Honolulu, HI, 2017: 6517-6525.
Fu C Y, Liu W, Ranga A, et al. DSSD: deconvolutional single

[19]

[20]

[21]

[22]

(23]

[24]

(23]

[26]

[27]

200175-10

shot detector[EB/OL]. [2020-02-10]. https://arxiv.org/pdf/ 1701.
06659.pdf.

Li Z X, Zhou F Q. FSSD: feature fusion single shot multibox
detector[EB/OL].  [2020-02-10].  https://arxiv.org/pdf/  1712.
00960.pdf.

Liu Z, Li J G, Shen Z Q, et al. Learning efficient convolutional
networks through network slimming[C]//Proceedings of 2017
IEEE International Conference on Computer Vision, Venice, Italy,
2017: 2755-2763.

Chen G B, Choi W, Yu X, et al. Learning efficient object detection
models with knowledge distillation[EB/OL]. [2020-02-10]
http://papers.nips.cc/paper/6676-learning-efficient-object-detecti
on-models-with-knowledge-distillation.pdf.

Wu J X, Leng C, Wang Y H, et al. Quantized convolutional neu-
ral networks for mobile devices[C]/Proceedings of 2016 IEEE
Conference on Computer Vision and Pattern Recognition, Las
Vegas, NV, 2016: 4820-4828.

Huang G, Chen D L, Li T H, et al. Multi-scale dense networks for
resource efficient image classification[EB/OL]. [2020-02-10]
https://arxiv.org/pdf/1703.09844.pdf.

He M, Zhao H W, Wang G Z, et al. Deep neural network accel-
eration method based on sparsity[C]//Proceedings of the 15th
International Forum International Forum on Digital TV and
Wireless Multimedia Communications, Shanghai, China, 2019:
133-145.

Henriques J F, Caseiro R, Martins P, et al. High-speed tracking
with kernelized correlation filters[J]. IEEE Trans Pattern Anal
Mach Intell, 2015, 37(3): 583-596.

Song Y B, Ma C, Wu X H, et al. VITAL: visual tracking via ad-
versarial learning[C]//Proceedings of 2018 IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition, Salt Lake
City, UT, 2018: 8990-8999.

Fan H, Ling H B. SANet: structure-aware network for visual
tracking[C]//Proceedings of the 2017 IEEE Conference on
Computer Vision and Pattern Recognition Workshops, Honolulu,
HI, 2017: 2217-2224.



YT HE  https://doi.org/10.12086/0ee.2021.200175

Target tracking algorithm based on
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Pedestrian tracking performance of the algorithm based on YOLOv3-95 and ASMS

Overview: Tracking mobile objects has always been a challenging task and a hot research direction. Now, with the
continuous improvement of hardware facilities and the rapid development of artificial intelligence technology, the
technology of tracking mobile objects becomes more and more important. In order to solve the problem of loss when
the target encounters occlusion or the speed is too fast during the automatic tracking process, this paper combines tra-
ditional algorithms with machine learning algorithms. As well as, a target tracking algorithm based on YOLOvV3 and
ASMS is proposed. Then, by pruning YOLOv3 and combining it with ASMS, the algorithm this paper proposed runs
faster. The method of this paper first performs foreground detection through YOLOV3 to find the initial target area for
tracking, which eliminats the need to manually circle the region of interest, and then performs tracking based on the
ASMS algorithm. The algorithm based on YOLOv3 and ASMS detects and judges the tracking effect of the target in real
time. When the tracking frame of ASMS is significantly offset from the detection target or the tracking frame is too large
and contains too much background information, the tracking accuracy will decrease. If the target is blocked or moves
too fast, it will be lost. For these two cases, YOLOv3 and quadratic fitting positioning are used to relocate to improve the
accuracy of the algorithm and solve the problem of target loss. In order to further improve the efficiency of the algo-
rithm, the method of incremental pruning is applied to compress YOLOv3. This article fine-tunes the network to reduce
the reduction in algorithm accuracy caused by channel pruning and to prevent excessive pruning from causing network
performance degradation. When performing model compression, firstly a scaling factor regular term is introduced for
the sparse training of the convolutional layer channel of the YOLOV3 network. Then the global threshold is used to re-
move the components that are not important to the model reasoning, that is, the less scoring parts. An incremental
pruning strategy is further used to prevent network degradation caused by excessive pruning. Finally, this paper fi-
ne-tunes the pruning model to compensate for potential temporary performance degradation. Compared with YOLOv3
in COCO database, the experimental results show that the speed of the best pruned algorithm is increased by 49.9%, the
model parameters are reduced by 92.0%, and the body weight is reduced by 91.9%. After combining the pruned
YOLOV3 with the ASMS algorithm, the experimental results show that the running speed of the proposed joint algo-
rithm is 32.5% faster than the unpruned joint algorithm when the target has occlusion, and the accuracy is much better
than that of ASMS. The proposed algorithm can solve the lost problem when the tracking target is occluded, improving
the accuracy of target detection and tracking. Moreover, it has advantages of low computational complexity,
time-consuming, and high real-time performance.
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