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Pedestrian detection based on developed YOLOv3 with ResNet34_D
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(1. College of Energy and Electrical Engineering, Hohai University, Nanjing 211100, China; 2. College of Automation,
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Abstract: Pedestrian detection is one of the main tasks of autonomous driving. The existed deep neural network
is lack of the ability to detect small-size or medium-size objects and occluded objects, which is the requirement of
pedestrian detection since pedestrians in the images acquired by vehicle-equipped cameras are always small or medium
or occluded. In this paper, an improved YOLOv3 model based on ResNet34_D is proposed for pedestrian detection. And
the contributions of the improved model are as follows. Firstly, the developed residual network ResNet34_D by modifying
the structure of convolutional block is proposed, and it is selected as the backbone of YOLOV3 to reduce the size of the
model so as to decrease the training difficulty. Secondly, the SPP layer and the DropBlock module are introduced after the
feature maps of three stages of ResNet34_D, which can improve the detection accuracy of pedestrian objects with different
sizes. Thirdly, to further increase the detection accuracy, the multi-scale anchors are determined using the K -means.
Finally, the DIoU loss function is used to improve the ability of detecting the occluded objects. Ablation experiments for
the proposed model demonstrate the effectiveness of each developed technologies in improving detection accuracy. And
more experimental results show that the AP5g of the proposed model on BDD100K-Person dataset reaches 69.8%, and
the detection speed can achieve 130 FPS. Comparison experiments between the proposed method and the other existed
methods demonstrate that, using the proposed method, the false detection rate for small targets and occlusion targets is
lower, and the speed is faster, therefore, the proposed improved YOLOv3 model based on Resnet34_D is valuable in
practical applications.
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H1240 000 7RI, 5 2] #2435 42 75/0.000 1. 0.000 01 £
0.000001. it YOLOV3 B2 [ i AR 453 2R AE AR fb 4
Bl 3 Fro. B3 AT AL, 243k AR i 200 000 % BA S, 457
KT RE, m & TR0 A4,
33 XWHERSHH
331 AT R HOE A H) T Rl Se

AT B YOLOV3 47 A I 323k 45 5
A, 530 2 R AL JS 1 ResNet34_DAE R F
2%, 5] N %~ SPP =, 5] A\ DropBlock #& 8t, “¥ H K-
means 5 2 5L A [R]RBE R AE B8 RS, A
JAdi FH DloU 45 25 bR B A B U AE AL B A R R 8. N T
B A S ok BV ()46 A, £ BDD100K-Person %{
P BT & R OTIETE Al SE I, SR A5 R sk 2
Fi7s. Hod: APsos ARso 28 3R R 2 IoU = 0.5
(4] - $5) o I A B2 0 T 35 4[] 22 FPS 3R 7 ) 45 A 7Y
RERD SR 0 ) ] B R R /NG M T ) 2 B A
124 &, B3R 2 750, 5] A\ ResNet34_D 3T/ 44 (1)
R C, A EL % T Darknet53 32 F W 2% [ A5 Y A, 45
RO S04 T R, AE A I T FE B3 T — 5 2, ik F
1 136.60 FPS, 1l - ¥ far Ik FE A1 4[] 28 fi 5 A
R B D, E. F. G4l £ C Ikl bod i 38 hn
SPP ). DropBlock i A\ 2T K-means fffi & i HE ]
I\ SR F DIoU Loss, A G FE RIS SI0H FE K, %
T 403 350 i B o V- R e UK 82 R0 3 [ 6, s Y
IS SA.

%2 7EBDDI00K-Person {1E 5 FHIERISIIR AR

H YOLOV3 APso  ARso FET KN
7 B (%) (%) FP5 (MB)
A Darknet53 6670  61.71 62.30 246.30
B A-+ResNet34 64.10 6230  144.10 112.50
C  B+ResNet34 D 6612 6275  136.60 112.60
D C+SPP 66.83  63.02  1132.60 112.70
E  D+DropBlock 6722  63.93 131.90 112.80
F E+ HEHE 68.96  64.41 131.70 112.80
G F+DIoU Loss 69.80 6540  130.00 112.50

g5 b, AR ST IR B 2 T ResNet34_D (1) ek
YOLOv3 #% %4 G, 7 BDD100K-Person %1 #& % F 1)
AP35 18 2 1 69.8 %, for Ml 14 i 4y 130FPS; 5 £ T
Darknet53 ) YOLOV3 #& ! A # L, APso #2 & 1
2.1%, ARso 5275 1T 3.69 %o, For i BE 42 8 1 —1%.
332 AXHESIAFTERIR

N T UL B AR SC VR A S, 3 — D AT iR
SRS B B H R R SRR — B B H AR A
i AR BV BEAT L. B BB V%1% 4% Fast R-
CNN™ | Cascade R-CNN!"! .+ Cascade R-CNN 514

& B ET M B H brkanil 7 2 oA A A 26 A = N R
. — W B LR YOLOV3 Je ot 5 vk, B
5 YOLOv3-SPP*!, YOLOv3-Anchor?®! 1 YOLOv3-
IoU Loss™"1, DL K YOLOvAR8!, 7K ¢ % FH AH [7] 1) S 56
fi &, 7 BDD100K-Person {5 & [ 523 7 X sefyd:
iR WA 3.

*3 TRIBFENEERILE

1 . APso  ARso TR /N
7 Sk @ @ P (B
1 Fast R-CNN™¥! 50.04 53.10 1520  301.05
2 Cascade R-CNN"' 6961 6510 2210  357.05
3 YOLOv3!! 6670 6171 6230  246.30
4 YOLOv3-SPP!®) 67.60 6221 61.10  248.30
5 YOLOv3-Anchor'®' 6750 62.09 6230  248.10
6 YOLOv3-IoULoss?"!  67.15 62.15 6240 24820
7 YOLOv4!! 73.13  70.10 5612  266.30
8 AL 69.80 6540 130.00  112.50
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4 4 @
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