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Abstract

Multi-object detection in road scenes is of great significance for automatic driving and intelligent
SEEE

SCESIH: RO, SRR, Sk, R —FhEET voLov3 IIERE £ BARIN D). tHENURRE SR, 2021,
11(1): 207-216. DOI: 10.12677/csa.2021.111021


http://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2021.111021
https://doi.org/10.12677/csa.2021.111021
http://www.hanspub.org

sl 5%

driving assistance of vehicles. The existing road object detection algorithms have some problems,
such as low detection accuracy, poor real-time performance and missing target detection. To solve
these problems, this paper constructs a road multi-object detection method based on YOLOv3 with
high precision, low delay and low omission. Through in-depth analysis of the YOLOv3 object de-
tection principle, based on the idea of Transfer Learning, the YOLOv3 model was trained on the
pre-trained model using only the common category data of Pascal VOC 2007 (Pascal Visual Object
Classes 2007) in the road scenes. By adjusting the learning strategy and using smaller training set
and fewer training epochs, a target detection model with strong real-time performance and high
accuracy can be obtained. The single image detection time is only 0.04 seconds, and the mean Av-
erage Precision on the test set reaches 91.5%. The experimental results show that the proposed
method is effective and achieves good results in precision, delay and omission detection.
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Figure 1. Schematic diagram of resi-
dual convolution
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Figure 2. Schematic diagram of YOLOv3 model
[ 2. YOLOV3 fREVREE
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Figure 3. NMS pre- (left) and post- (right) candidate box results
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Table 1. Experimental platform configuration

=1 LETERE

Operating System CPU Memory GPU CUDA CUDNN

Windows 10 Intel i5-9400F 16 GB NVIDIA GEFORCE RTX 3070 CUDA11.0 CUDNN 8.04

ARS8 AT A Pascal VOC 2007 B8 EE 3 54 . Pascal VOC 2007 52— AN EHEH AT AR, H
TR NP R 2025 H ARSI 20 B 532, Pascal VOC 2007 HdE4EILAL A IIZREES011 TE), I
RAE(4952 M), it 9963 mEEME, FE 20 Mk,

BT TE B s RF IR I, 0 G 36 37 55 b MR IR UK (BN S TR 2, Fd o 2 (0 2001
J A AL B IR AR E 2 2 o

15523 BATTH Pascal VOC 2007 45 (I 2R AR EE A — A B SE #D1 43, DI ZR4E 5 R
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Table 2. Statistics of data sets used
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Classes Person Bus Car Motorbike Bicycle Cat Dog

Number 4015 360 1434 467 482 659 839

NP FEH T Adam ALER[ 19 R 250 . Adam AL AR 454 T Momentum 5% A1 RMSProp
R, RN E RAREREE, ZhE M BRI 7B USSR, SR TR RS AR R, I
HAT T mZAEIE, SR AT DUSE PR ar sl 8.

KK T 4 ImageNet A £ I 251 Darknet-53 1E 8 3 F WG AT IR, ORI/ T 18 N TF 46
WNZRI I TA] RSOAS o BEAUARAL FLREAT T4 M ZRIEAR, 40 PSS o 5 — B0 0 IR SRR AR B 2% DarkNet-53
SR, AR SHGHATIZR, IIZREEICN 25 56, WG 21205 0.001, %2 2] &N 0.05,
BatchSize 4 32. 2 3 RARFIESE UM 28 S BORAT R, BB SHE S 5%, IZE 108 50 %,
K64 21 %4 0.0001, “#>] R FEJHA 0.05, BatchSize A 8.
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M AEBCR TR R T

Hodr P-R B2k (HFEHIR P (precision)5 A R R (recall)#4 i

P
P= ®)
TP+ FP
R=—1T ©)
TP+ FN

HAr TP (True Positive) N ELIE#I, FP (False Positive) N 1EH], FN (False Negative) A [ 1 .
TEMLSEIE M e, H bR IIRAS [FRE 2= A2 P J1 ) @, [DR1 b AT B F 35 B2k 2% (log-average miss rate)
YERVEN AR EZ —
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Figure 4. The change of loss in training process
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Table 3. The experimental results
3. KWHER

Classes Log-Average Miss Rate AP mAP
person 30.04% 84.65%
bus 10.04% 92.94%
car 18.40% 91.09%

motorbike 14.15% 91.56% 91.5%
bicycle 15.31% 93.61%
cat 10.07% 93.73%
dog 15.01% 90.93%
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Figure 5. Detection results of different scene
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