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Based on the improved YOLOv4-tiny lightweight pedestrian in school target detection algo-
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Abstract: Deep learning is often used for pedestrian detection. In order to apply complex traditional convolu-

tional neural networks on embedded devices, the lightweight of the network is an inevitable trend, but it is diffi-
cult to balance speed and accuracy. To solve this problem, this paper designs a lightweight intra-school pedestrian
target detection algorithm based on improved YOLOv4-tiny. First, an improved Ghost convolution feature extrac-
tion module is proposed, which is a multi-scale hole convolution module. At the same time, ordinary convolution
is replaced by depthwise separable convolution, which reduces the complexity of the model and increases the di-
versity of feature extraction. Second, An improved spatial pyramid pooling structure with depthwise separable
convolution of holes enhances the fusion of contextual features, improves detection accuracy, and reduces net-
work parameters. Finally, Soft-NMS is introduced to replace traditional non-maximum suppression to reduce the
missed detection rate. Experiments show that the algorithm has the characteristics of high accuracy, fast speed,
few model parameters and small size on multiple data sets and hardware platforms, and can be applied to embed-
ded devices.
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Fig.1 Ghost convolution and Inception structure
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Fig.2 Improved YOLOv4-tiny’s lightweight intra-school pedestrian detection network structure
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Fig.3 CSP_Ghost multi-scale atrous convolution feature extraction network module
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Fig.4 Improved DDSSPP structure
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Windows10 P AL NVIDIA Volta 424 GPU W7 4GB
Python 3.6
Pytorch 1.2 W77 8GB
CUDA10.0
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Table 2 Results at different expansion rates

Ghost-22 N2 il 5 FURHIE S U

23 TR ] 73 1 25 ) 4 7 3 AL A

PokE O KR (%) HAMEZE  mAP (%)
(%)

[2,2,2] 76.53 68.18 81.64

[4,4,4] 79.41 67.90 81.06

[2,3,4] 76.25 80.39 82.89

[3,2,4] 79.17 80.76 82.45

[4,5,6] 79.36 78.42 82.15

Pk iR BWZE  mAP (%)
(%) (%)
[3,3,3] 79.33 78.99 82.15
[9,9,9] 78.84 79.35 82.24
[2,4,6] 80.21 78.56 82.43
[3,6,9] 80.19 80.38 83.97
[12,14,18] 79.36 77.47 82.35
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9T B E 4R 9 Ghost £ R =5 i % R
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76.63% L T+ E| 80.26% , A FIKH 74.98% LT+ &
80.38%, mAP H 81.88% T} % 83.97%, M}, KT
SRR AA R . 2 HINA Ghost-MDCM £k
A, mAP i 74.73% T+ % 81.88%; 24 H i A DDSCSPP
LS, mAP B 74.73% TR 77.27%; XK HINA
Soft-NMS 2, mAP Hi 74.73% F T+ 75.28%. HIIE
W1 T B S B e i AT A7
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Table 3 Module Verification Results

ZF Ghost-MDCM  DDSCSPP  Soft-NMS BHCGE - FLOPs - BURIRRL - HERE AR mAP
(M) (G) (MB) (%) (%) (%)

FERL A 5.91 3.43 22.5 76.54 62.86 74.73
R B Vv 1.25 1.24 5.5 76.63 74.98 81.88
il C Vv 572 3.28 21.6 76.59 65.52 71.27
IR Y 5.71 3.35 22.4 76.52 63.90 75.28
R B Vv Vv 1.44 1.39 6.4 79.68 79.74 83.42
I F Vv VvV V 1.64 1.48 6.5 80.19 80.38 83.97

3.3.3 FIHRREABE LXK

H T BT R EA TR R A e, BEHCT
PSR A R S A T 0, RUARSERank 4 i
MR XF FEFF R EE A YOLOv4-tiny 78 P04 KR4 1
SEHRAER, AT LA BB iR Bk R A3 A (v
F YOLOv4-tiny MG EE(E, APk B 1z /et
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IR DA B e B PR R P R SR R A X
FLgc & a(l). a@)Mb(1), bQ)FTLALIR, 78 ABE D
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a3). a(4). a(10)f1b(3). b4). b(10)AT LLLEL, FEN
Bz AR . EEMEWT, Fredfikan hir
NHBCR TS5 A a(5) . a(9)H b(5). bO)A LAk
B, AR REEF/NE IR RSB, T3R5 1 Re A
TN EFR; HEEIE a(6) . a(7)F1 b(6) . b(7) ] LUK FL,

M S A RIS R T B S AN [ (Y g

JIF BRI AR RO T -
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Table 4 Comparison of detection effects under multiple datasets

Y S PN AR Yolov4-tiny AR
PASCAL VOC Person %X ias 76.75 80.19
— PENEIEES 62.81 80.38
mAP 74.67 83.97
UL IIES 90.83 98.34
INRIA $iffi 4 FEJLES 75.12 79.45
mAP 88.79 91.89
CUHK Ocelusion % UL IIES 90.85 89.95
4 PENE:S 73.91 72.60
mAP 82.50 86.75
GRS 74.61 95.85
H AR PEIE S 96.12 90.29
mAP 95.73 94.98
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(a)The detection effect diagram of the algorithm in this paper
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b(10)

(b) YOLOv4-tiny #6545 %]
(b) YOLOv4-tiny detection effect diagram
K 5 ARSI YOLOV4-tiny A6 IR Xt H ]
Fig.5 Comparison of the detection effect between this algorithm and YOLOv4-tiny
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RHEAT RS RIFEFREE TS, =3 HAT Cascada R-CNN
) mAP ZEHASCRME T 0.27%, (BAESHE
FLOPs FIREAUARA I, ASCHIEA B RALH
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F 5 ] R 5 AR HLLE SRS L
Table 5 Comparison of the results of different network models
ZHE: FLOPs  BORUARL  ffEER bR mAP

R L =il o
SRR G (M) (G MB) (%) (%) (%)
YOLOv4!10 64.36 30.16 277.7 76.32 84.53 86.73
i BAR SSDB! 26.15 59.52 90.7 69.07 71.20 72.21
Ko o 2% EfficientDet!4 3.87 2.55 14.9 79.94 70.85 82.30
YOLOv4-tiny!! 5.91 3.43 22.5 76.54 62.86 74.73
Mobilenet-SSDv2[27) 6.07 1.55 14.5 76.31 64.55 75.91
YOLOv4-MobileNet V11281 12.26 4,98 51.4 75.32 80.06 82.01
243 kW YOLOv4-MobileNet V2291 10.37 3.78 46.8 75.89 80.00 83.04
% YOLOv4-MobileNet V3130 11.30 3.51 54.1 70.80 73.57 82.45
YOLOv4-GhostNet3!) 11.00 3.25 427 77.54 78.10 83.11
ARCE 1.64 1.48 6.5 75.91 80.28 83.97
e Faster R-CNN[32! 278 60.51 204 70.26 76.45 74.13
K%k Cascada R-CNNI33] 704 69.2 216 76.87 82.33 84.24
- RetinaNet[34 64.4 30.2 244 75.64 75.62 81.54

3.3.5 AEIMLEIREYHETRERE X EL 547 FPS MIEBRAERI MG A $2TF. dboh, [RIREEN T 517

R0 AR R LT B R E RS, 35T oil# Faster R-CNN. Cascada R-CNN A
(ARSI TSIt SKRBERATABU e s UR A LA, HoAERER R MR 1
ARSI (VY SOMCIPIME G I ERER N gy i S RE O], A58
AT, SRR 6 IR AR T
WAL BFE S FPS ARG gty O PR e PR AP T
HIEL YOLOVA, FPS #7F T 70%-00% /ety , Hfesmen 11 (IO TEREARAT — O
FEFH T 10%~30%4 40 . Sk YOLOv4-tiny AH L,
6 IR B A L R X L

Table 6 Comparison of inference speed of different performance devices

T — FPS (wi/s ) i & F 4 FRFERT (ms)
. AL 7N
A GPU #85 CPU %% Jetson Jetson GPUEE CPUZIE  Jetson Jetson
RTX2070  15-8200U Nx Nano  RTX2070 15-8200U Nx Nano
S Yolov4!10] 25 0.01 5.27 1.36 37 49760 197 682
B SSDB! 65 0.35 12.80  2.86 14 2854 927 344
e EfficientDet!¥! 16 0.24 5.80 3.46 54 7032 217 288
ol
% Yolov4-tiny!®! 103 4.41 27.00 12.48 8.90 259 45 78
Mobilenet-SSDv2[27] 74 2.53 20.00 14.47 11 425 514 60
iz4t  Yolov4-MobileNet V1% 51 1.30 16.30  6.03 17 827 66 191
- Yolov4-MobileNet V229! 43 1.07 14.2 6.35 20 850 78 201
Yolov4-MobileNet V330 38 1.76 10.90  6.71 25 795 89 191
% Yolov4-GhostNet3!] 32 1.47 9.90 5.22 31 790 112 234
PN Q= RS 104 8.32 28.00 15.01 10.32 113 38 64
GIN Faster R-CNN32] 8.6 0.003 1.81 0.46 107.3 144304 571 1978
il Cascada R-CNNB3] 5.6 0.0019 1.18 0.30 162 217899 862 2987
2% RetinaNet!34] 19 0.34 6.98 8.75 7.86 65593 260 299
3.3.6 REUWNBERAEARFBEZE D FEEpRYERE, USEoE . THE R BREARELA FPS X

T BB N A WA ASCRIRAEA R IAEE T adEREE bR BLfE 4 45 4 PASCAL VOC Person
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INRIA . CUHK Occlusion DA% [ &% £ 43 )l 4
mAP i, BRE 6 FRxf LLE 1 3R 4 N EESE0
AR R, X HCIRT 2 6 4 B0 SR I A (4 250 B
EE RT OSBRI R R RN A SR

(a)mAP FIZEE X L 1

(e)mAP FIZ ¥ %t LUl 2
.................... PASCAL VOC Person ;&jﬁ;‘%
INRIA %4E4E H @R 4L

% AEP: @ YOLOv4-ting A Mobilenet-SSDv2
A YOLOv4-MobileNet V3

V¥ YOLOv4-MobileNet V2

(b)mAP F1 FLOPs % HLI& 1

(HmAP 1 FLOPs Xf [LIEl 2 (g)mAP FIFLBIAFS L1 F 2
CUHK Occlusion (g4 - 4 NEHEFE - mAP

Bio MWEIRATLUE IR, ASCHIRTES PR R
5, 4 DEIRAE IS mAP (ERIRESISE . A SO A
4 DERAE R AY INRIA Al CUHK Occlusion [ 75y
RO EAE

(c)mAP FIFEEMAFARTLLIE 1 (d)mAP H1 FPS X HL Al 1

(h)ymAP 1 FPS %t L&l 2

V¥ YOLOv4-MobileNet V1
€ YOLOv4-GhostNet

Kl 6 NIRRT ZHRPRZE G LA

Fig.6 Comprehensive comparison chart of multiple indicators in different environments

4 ZERVE

12 el S 6 25 BB T (N BRI LA S Bz Y
WAEFBFIE AT 5. ARSI LL YOLOV4-tiny 3Lt )
HATIGHE, Wi T AR R R I R g, — RS
T Ghost £ R £ U 25 T 6 FUSLH Rk F 2 CSP 2544
FER M ERREBE U £, BEFE THEIERRE, X
SCELT AR R R TURTEIRA M YRR s
T A A R BE T 43 85 4 UG ) 25 ) 4 3 Ak AR e
R TAREZ IR G s =2 Soft-NMS 4L 1%
il NMS 5k, BRAURR . AR, @l EZ A
[i] FA) R A 15 RVESCH S 0 A5 R 45 H A T 2R B, 7R TR
ISR ISR R M REAH LT LA o 2 2t . R
AL s F T A& B = g
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