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Abstract: Multi-object tracking with weak appearances based on the surveillance video is one important
issue for intelligent biology laboratory. However, due to the occlusion and subtle differences among
objects, missing detection or false detection is prone to cause tracking failure. In addition, computational
cost of deep learning is too high to be realized on embedded platforms. Therefore, a new lightweight multi-
objects tracking algorithm is proposed, which uses YOLOv3 as the basic object detection network. A batch
normalization layer weight evaluation based layer compression pruning algorithm is proposed to reduce the
computational cost of the detection network such that the detection speed can be significantly improved on
the embedded platform. Besides, according to the previous tracking results, the missing detection results

can be corrected for the current frame, which improves the accuracy of the detection results. Furthermore,
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the convolutional neural network is employed to extract the object features. Object features and intersection-
over-union (ToU) between the candidate frame and the prediction frame are combined for data association.
Experimental results show that the proposed lightweight multi-object tracking algorithm achieves a better
result compared with others. Especially, the network achieves a high compression rate with only slightly
reducing the detection accuracy, which ensures the proposed network can be easily implemented on the
embedded platform.

Key words: multi-object detection; multi-object tracking; compression pruning; intelligent biology

laboratory; embedded platform
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Table 2 Comparison of effects before and after channel pruning and layer pruning

JE 44 B W 4% K/ /MB LEE e HEFLRS ] /ms R4 K JE /mAP
0.00 246.3 61523 734 30.5 0.777
0.50 107.2 26 764 372 20.2 0.812
0.95 4.6 1155 624 5.9 0.711
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Table 4 Comparison of effect of target detection network before and after cutting

Jis EEDN Fii e

s Wil dovpSHE e e/map TR HEPE FrScore
YOLOv3-tiny 33.1 8 669 876 7.5 0.584 0.756 0.683 0.699

YOLOv3 0.00 246.3 61523 734 30.5 0.777 0.864 0.799 0.830
YOLOv3-0.5 0.50 107.2 26 764 372 20.2 0.812 0.831 0.835 0.833
YOLOv3-0.95 0.95 4.6 1155624 5.9 0.711 0.773 0.742 0.757

b NS E A U R R R AT A H 2 5 YOLOv3-tiny #H b, S50 /0 1 87 %6, i 2 3 2 42 7
T 2.6 ms, WEHRTE T2 125, F-Score WA TF T 21 8% . S5HAR YOLOv3 MZ5 A1 LL , A& SCT5 i 7R 4
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tivate) &/~ B bR % K REL, IDs(ID switch) 37w 1D B8 1 B R B, FM(Fragmentation) 38 7 B 5 53 72
B3 BB, MOT A (Multiple object tracking accuracy ) 7~ 22 H f BR R MEH &, MOTP (Multiple ob-
ject tracking precision) 37~ 2 H AR BRER RS .
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Table 5 Comparison of multi-target tracking algorithms

IR i 2% A B
92 4 B MT ML FP FN FM IDs MOTA MOTP 1/ (it N
Z 7 3 I - s
(1) (V) (V) (V) (V) (V) (1) Ay

)
EAMIT? 19.0 34.9 4 407 81223 1321 910 52.5 78.8 12
POI®! 34.0 20.8 5061 55914 3093 805 66.1 79.5 10
SORT! 25.4 22.7 8 698 63 245 1835 1423 59.8 79.6 60
Deep sort™® 32.8 18.2 12 852 56 668 2 008 781 61.4 79.1 40
IRk 33.4 16.8 5060 38413 1225 614 60.1 81.9 44

IS5 R B, AR SCHE B> T ID PR A L, 5 Deep SORTMOAH HL, TDs WA 781 /0 5] 614, i />
T14%  FNW/L T 25 32% s AH L T EAMITI ) FM WA 2 1 225, [F)IF, A SCHR HY Al 9 B 48 0 A0 2
A GTX1060 R M58 0 AS B fisi T 132 17 3 2 38 3] 44 Wi /s, 35 3 S #E 2K
3.3 CEPMEXFLE

2258 2 % 2 F RS R DN R 2R 2R 46 43 i) B 3 L3R A A GTXO060 515 19 48 0 A H igg A1
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ik AR A Xavier BT, Horb di A B D00 1) 73 B R 64018 R X 480 1R 2, W%y 24 i/
s, FLRTA 25 B 3% 6 R, Ho i Ubuntu 238 78 28 10 A H i B AG IR S . R 6 thnl L& B, A SO
YOLOv3 M 4% JE 47 e 4 2 J5 0 /0 17 B RS b7 F 25 ), [l e 4 T RS s B . (R T is i & A
i), ZE it A U4 b0 FH P g, JL S0 i PR g A 2 13 Wi /s &£ 47 .

FE 3.2 747 v B M BE L AR R 174 G 0 85 R 8 T, SR T I 349 A SRk [ 21 14 Ak A A T 25 R, R B
A8 R AT IR B R i L, BT DAL B R ik B 44 WiT/s. 7E PEAT S bl ok AR R, AR SCR Y R 7E
SRR R W B SR IR — Mot A I 45 SR P X — ot AT BRI o FR T A2 B0 R D I 4% H B R A ),
R H AR K Ak E] 20 /s

WA B BN EY LR E8IEE LT T ERIEE S B —EF A K
B A O E KA, AR ES KR T iR . 387 BB R R 3 3 T R A B4 R 0 & R A E B
TEHT G R LA R . R T AT LA Y Zad 3 3B BRI 25 BB IE ST, MOTA RS AR 15 7 98 % 22
fio BRMScm gy Banr LUNE S A b, Horb B 5a) P i EE = 08 A 55 736,750 T, H A5 5 it
AR X280 B 3J5 , o4 B M BB A SR IR R A A2 5 I 5(b) W &1 o2 A P 9 5 1 216 .1 250
Wit , E AR 1A 3 B for B, A7 B 32 e 45 o i X 7 A R 25 SR AT AR R e A AR

F6 MAXNFAMEBMERENTLL x7 KRNERRERGEZEMERIE
Table 6 Model performance comparison of em - Table 7 Comparison of algorithm performance be-
bedded platform fore and after test results correction
R/ RN/ BATHE/(Wi-s™") s e A 1 i o A 1F SR
% MB Ubuntu Xavier FP FN MOTA FP FN  MOTA
0 246.3 6 4 1 12 17 94.1 0 2 99.6
50 107.2 11 8 2 114 85 77.6 2 9 98.7
95 4.6 20 13 3 102 107 90.0 12 12 98.8

4 > /A
(b) The 1 216th and 1 250th frame images in video
F5 DCHRAR H T 2 ] 5 ot

Fig.5 Some image frames in the test video

4 HRIE

AR SCHR Y — PR B R B 22 H bR BRER Sk L I R T X YOLOv3 R 268 468 78 47 B A T 4, 7 &
TIEHAGE T K 2 f [5] I B AR 0 A 280 o P 2 1), 32 T HfE B R . R T ShuffleNet (o 2% & B H bR 43AE L 455
T H AR HE S TN 25 R 8] B TOU LUK AEARALBE , X 45 SRR A7 Bt QI o 5 Jim K 22 AR AGL I R 2 28 2 0
FREHR A A B o SIS AT DL B i A SR b AR 2 4 B 5B AR L T 7E GTX1060 |52,
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