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Abstract

Pedestrian detection and tracking are crucial in the field of target tracking and are widely used in
assisted driving, safety monitoring, and other pedestrian analysis. In multi-target tracking, vari-
ous challenges are faced; therefore, it is necessary to design real-time and high-precision algo-
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rithms. This study proposes a new pedestrian tracking model. In the pedestrian feature modeling
stage, the Yolov4 tiny network model and COCO dataset were used to pre-train weight parameters,
which were then transferred and learned to the MOT dataset. In order to solve the problem of de-
formation and occlusion of small parts of the target, a deep classification tracker is introduced,
which combines the MeanShift filter and the Kalman filter. By integrating back projection images
and object contours with Kalman linear observation models, target prediction has been achieved.
The experimental results show that the model can track targets for a long time in complex envi-
ronments and has good tracking performance. The multi-target tracking accuracy is 57.6%, and
the target positioning accuracy is 82.1%.

Keywords

Deep Learning, Multi Target Tracking, Pedestrian Detection, YOLOv4-Tiny

Copyright © 2024 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 5|

%2 HFrT NERES & — A EZ MR A R, R T3R50 A7 00 55 58 5 2 YT 95 1 2tk
XA EUE RS 24 M 2 A B AR T LN TS . TR G 248, 29 L PRER M RE 1)
FEF R HARIMRHE R RIA R . TR IR TR LA A0k 8 B PRk J T SR 3 4
o BARIRBI SR AR BT S TR AR B T R R, BN R MR A ERAT 55 v 1 )
ik —

BT BRI E WN 2 1) H ARSI SRR = 2250 N 2E . — o I PR B I 26 A, B00] Do 2 4
H I AT 20 2 . Ross-Girshick 25 A3 HI T R-CNN - [1] B ARA ISk, o FH I 6 1 4 2R vk
PRI VG X I P ARG AE , S8 5 7E 40 22 I 2% B ARFAE SRS A F SVM RTHARFAE 17 i35 AT 43 28R0 |15 o ] B
Z57E R-CNN [ EEAil F 51T 1 SPPNet [21IRFEMIZ5 MY . 4 R-CNN MZ8 254 1 i 2 E BB E], K
KD TR )i+ . Ross B.Girshick #2H! T Fast R-CNN [3]3K 2 SPPNet. Fast R-CNN it Rol
Ak Z AR T LA R-CNIN AR 30975 o A8 DX 3 4 FSORR 32 8 149 1) A

Rl TR 2 S S — B B H AR . AR BEA Yolo [4] [5] [6] [71RFIEIEFR SSD
[8]%7%. Joseph Fl Ali #2Hi 1) Yolovl [415H3EEESEM T HARKI 4 ZFEIH; Liu w2 H 1 SSD Hi%k
R-CNN B, mAP Lt Yolovl #F; Joseph Redmon F11 Ali Farhadi ik T Yolov3 [6]. /%A T Darknet19
AL, R 2 RERG LTI . K BRI SRAR S o R N 2 hR2E 4125, HE L R-CNN R
1000 f%. Yolo &i%T 2020 45| A Yolov4 [7], {EA3LEdESE COCO L, AP LLAF] 43.5%, J# /% =ik
65 FPS;

TR HAAT NEREFATSS 1, @ e Bl (B2, 7EESLEIGT 5 BRI H AR Ea & R &0
1. 2 HFRERERI H IR 2 75 B 22 G 7 91 hoe AL BT ZEERER 00 B bR, R R E K IR BRI FE v H
P H AR BUIR T RECRFEAN A

Sam Hare [9]#2 K H ARERER 10 AN A — A3 K . fEL S I Mirh i) B bR, 0 45 355 H ix
AL, Martin Danelljan $2 4 7 DSST [10]H brERER TS, 2554 H-P AR 98 e 48 K0 e N — i &,
3 AT BAG TSR IRAF O AR, SR 5 18 P EUAD R 8 A5 TSR fff i L1l 45 S . MDNet [11] 53545 & CNN 5L

DOI: 10.12677/0rf.2024.141076 824 18 %5 S 2


https://doi.org/10.12677/orf.2024.141076
http://creativecommons.org/licenses/by/4.0/

PURRAT A () B EARERER o X HVEEE S VGG ML AT RFAESR L, KA [F] AR RFAIE Pl il 5 02 2 1) 2% TR 4k, 48
JE A8 PR B RAS WAR 2R FE I H PR ERER O B o X PP i ORIR I, (FOEER1E . Martin [12]%3R T ECO
FHOCUE I B ERER 0. B R BRI T C-COT [13]Mid 3 & I @, LLLLRTH C-COT Hik4) 20 f%. Xiao
SEN[LAVR T — ol A i AL 5308 ST SAH 45 6 AT ARSI 77325, 4 B2 SR8 SCRFIEAN Sk JB 1 SURRAE
BERAEA ST E BN | o JianjunH SE[15]3& H 1 — i it B H5cHs 33 5 B R 7 e 75 R 14 B 58 o gk A7 A ARSI
FERERI 0. AR, B T-UR 2% STRIAE GBI (AT N s B R A5 1) 1 R 3o ARG 52 7 Tk SRk 52
BT

JURE VR B 2 YA TH LA Ak P B FH R SR, R0 T2 HAREREFAT 5%, B I H AR sk 2k
BIFTNEHREER D, IR TR B 2% 2] R EE m BRI RS T 5 — B kR O T R s 4
R IR, 5 BRI GRS R LG, FRAT T8 FH I A% 2% ) AR Y olova-tiny R SKA s A AS f52
FVRTIE B o T A% 2 ) IR Yolova-tiny BUE SCIFE/NT 23 MB, ZEATT DU BB Z B & IRA
W WEITHERE L, ASBRA IR .

2. Yolov4-Tiny R4k 454

Yolova-tiny & —ANAH) Yolo BEHML ., EESN=AES, WT. FEMLIE. FTHEH
CSDarknet53-tiny 5 AiEH& B/ 2% o 9 2% (1 1T 52 2 H T % N VS IRIRFIE SR X, 555 — 2 FH T-%i i < Yolov4-tiny
fEJ5A Yolov4 & T M LAl F, f8TFH CSPBlock 8% RSPBlock, (4 HEHBL AP 7. — 7 dvai it
Yolov4 HF MR RIRE, 55— 0% ZRREN. /DR HERAEIAT, X ARG R %
PR RRAE — T o ST M8 ] SPP (RFAE 4 718 ) I 26 SR 386 i 10X 245 1) RS2 15, et — 20 Rl AN [R) RUBE (R AR AIE 1
Yolov4 JRiEAME 25 (0] & B AR AR SR A 2%, S T HAREIEE . Yolova kM Yolov3 Sk1EN
H bRk P45 . Yolova TBLAG T AL 1 Sk, kb 7B n%im 70 3¢, $wn THIE B2 . Yolov4 tiny ¥
&)1 5,918,006 1>, AT 38 AN )Z . Yolova-tiny ] 13 x 13 i1 26 x 26 PiFHAS[F] L 45 (K45 E
PSR T et SR . Mg ikl 1 pfrs

9’ Pooling ﬂ‘

Figure 1. Yolov4-tiny network structure
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Figure 2. Kernel function graph
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Figure 3. MeansShift tracking schematic
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Figure 4. Training sets in the MOT16 dataset
4. MOT16 #iEEPRINIZE

Figure 5. Testing sets in the MOT16 dataset
5. MOT16 ¥R RN &
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Yolova-tiny #ERY AT W ZE O . DAER R BT N RO PERE, NP %2 S ke . 35—, B
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RIG, ST EAAMMASEORATRE, FEARMEMARN HERN 215, DU
— 2 BB EREAR A . BRI ZRIHEIR /N 32, 3BARIKECH 40,000, I 2Rt F2 A 1) 2
ST ABE 1 E S 0.001 A1 0.0005 BEATARATARE . A, N T TEINGRBY B bt RE Il an st 3, AL
HIFHILAE 1000 UGER H AT — IR IRIERIZRTERE, KSR NEE N 416 B R x 416 8%,
Yolov4-tiny FIZ5E 1 Fizs.

Table 1. Hyperparameter settings of Yolov4-tiny optimization model
%= 1. Yolova-tiny (R RIBE G E

24 {IE}
AR 416 x 416
Learningrate 0.001
Batch Size 32
subdivision 8
Decay 0.0005

4.5. LIMEERMSHT

4.5.1. HAIZFLLIRE

{#F MOT16 IR FHAT I AIMER, B SCHH A Yolov4-tiny + Deep sort 47 A& 5 B E 514
4528 EHHTES )14, JF 5 Yolov3-tiny + Deep_sort, Yolov4 + Deep sort, Yolovs + Deep sort 2575 i3t
ITXF SRS . PRI R bR 45 R 2 PR

Table 2. Test results for various algorithms on the MOT16 Dataset
2. £T MOT16 BIEEM ST EMRE R ®

Hik MOTA MOTP  IDF1 IDS FP FN Rcall Pren FPS
Yolova4-tiny + Deep sort 328% 80.8% 77.1% 588 4674 20,663 81.3% 90.4% 278
Yolov3-tiny + Deep sort 312% 70.9% 69.1% 654 8197 67,165 39.2% 84.1% 11.7

Yolov4 + Deep sort 214% 72.7% 41.8% 463 20,701 65625 656% 68.4% 292
Yolov5 + Deep sort 33.4% 81.2% 79.2% 327 5826 67,423 38.9% 88.1%  20.6
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Figure 6. Comparison of various algorithms
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B 25 X EE

4.5.2. HIEXHLIR

NT BEAERS Bl B G B A R H AT NGB ER NS, 554G Deep sort BIETE HARERER IR
BEATXTEG, SR TR E A He AR RMSE. MAPE Sob #5700 F5 0048 3k 47 DA

ASCK R 46 Deep sort FREZZSF1 MDeep sort BRIEE 88 HEAT SERF R4 B 50 MREREGXT E . 13 & MeanShift
B RIERIR B 2043 21 PR R AR AL R TS 5 S S 3EAT R GRS TF EU, YRR 45 R an ] 7 oo
WM S JaE B8 MAPE iR ZE45 8, WE 7(@)~0)Fin. &Ja, 2505 LR BRI Fabs i 45
R, RGBSR IR B R ARSE R a0 3.
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Table 3. Hyperparameter settings of Yolov4-tiny optimization model
%< 3. Deep sort IREFEEXGHAIE MR E M BEXTEE

BRI Yolov4-tiny + Deep sort Yolova4-tiny + MDeep Sort
RMSE “F#1E 6.43 3.10
MAPE “F {8 2.77 0.47
B o —e—Yolov4-tiny + Decp sort
=o—Yolovd-tiny+deep sort = Yolov4-tiny+ MDeep sort
5 —#—Yolovdiny+MDeep sort
8
4
S 6
T 3 g
= =
s, ®
1 2
0 0
1 3 57 9 111315171921 23252729 31 33 35373941 43 4547 495153

1357 9 11131517192123252729313335373941434547495133

LUk L7613
(a) (b)
Figure 7. Comparison of tracking models
7. REFEEINTEL

Figure 8. Comparison of algorithm testing results on the MOT16 dataset
[E 8. XfLEE R MOT16 #iE&E FRUMIKER

DOI: 10.12677/0rf.2024.141076 833 BE 51


https://doi.org/10.12677/orf.2024.141076
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BB . A 5O WA ELAE SR AT LA AT, R R B SR AR TR ) O AN B S 2 [RD ) RMSE 3% 22 R e AR 5
75 10 APy, A5G Deep sort FREEASFIIRZEN 6.43. AL G R AR %2R 3.10, 45
BUF. L7 AT LA A S P AR ER R AR B T BLAR ZE AR ZE R, Hoh iR 22 VN iT,  J5LUG Deep sort
(1] MAPE w225 FI{H 2 2.77, T4 MDeep sort B 1 MAPE ik 2 T 0.47, RZEZRM/N. HILAHA
SCHE 5% MDeep sort A BSTE T H ARAT N ALKR A G sTE ARG LU ECHERf . 14 8 /& SR 4G Deepsort Hi2: 5
B0 MDeepsort 572 MOT #ii4E bkl 4 RIE, 7453 MDeepsort 53 1] LA R e LAAE HH)
F R R 2 848 TN R ER B P SEAN L o AE VBRI Y B RGPt o, Bt seslink 2~ H
FRAT NIERER, 428 1 SR E A St .

N T ik BT E R SC Yolova-tiny + MDeep sort fll BREZSEIPERE, 5 HAD T FRIIE L H AT AR
PRBEIAAE MOT16 A7 NPREREHE & B ROEAT VR4S, SRtk 7 SMOT [19]. TBD [20]. STRN [21]4
Yolov4-tiny + Deep sort 521 H brEREEIERE, 45 R0 4 Fios.

Table 4. Comparison of prediction error performance of the Deep sort tracking algorithm
= 4. Deep sort IREREANUHABI R TUMIRZE M BEXTEL

BRER S MOTA (%) MOTP (%) IDSW
Yolov4-tiny + MDeep sort 57.6 82.1 347
Yolov4-tiny + Deep sort 32.8 80.8 588
SMOT [19] 29.7 75.2 3108

TBD [20] 33.7 765 2418
STRN [21] 485 737 747

M A TTLLE Y, A SO oot JE B ERER A7 MDeep sort Al H BT E U0 2 HARERER SOVEAMEL, &J5 1K)
PREZVEREHA FT3RTE . MR LA Deep sort L, IDSW M 588 /b5 347, KL/ T 41.0%. [N, M
FINT MeanShift [T BUEREAE A% 2 FE Al T 4T NBRER T, 6F /NG AT NSRS A SZ5em, A
RCAEFR T AT NJERS RO 10 B, (R4 T HARAT A 1D AR, 8 B2 BR B BE M A v o 24 o 0K T A 3
FAIF,  F AR R S A T, AR 2 AT N AT B B /NI R — Az B AT R,
> T IR RIR AR . ARSI I R i T ERERER 2 MOTA 734k, K&4em T 35.8%,
1M HXERERAT AL B RS E MOTP A e T, KRS 1 27.9%. XIS H0R B OV IR 4%
TR PR B RS, BREZ2R 10T FPS AR 15 Wi BIERD 22 i, ok A RIAT 2 B 1 BRI
TR, AR RS B AT A LR SERR A AR R R
5. &5

AP LT 2 Yolova-tiny Kl 5032, 5RlA MeanShift 575 1) Deep sort H A ERER H 204 1%
[’ Yolova-tiny + MDeep sort BREFARAY, fift gt | DI EE TR JE 5 2] BB EE A & ik B 28l 2,
JGTFE R, RS, AR, HAERSE RS . /£ MOT16 R4 sl R, ACHIERER
BRPERE MOTA 4255 | 35.8%, ERLFERE MOTP 255 [ 27.9%. fEHUBURERZ HIRT AT, A
PR SRR R AP AT N PR ER R I 1) R, B R SR YRR S . AR B8 78 3 M ER
4 s R, BESGHE 74T A RGB BiEuE B, AR TAT NBEBEES L, ST 1 BRER S5 AR
B T AT NIRRT AR ST H bR R FE RS
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