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Multi-type cooperative targets detection using improved
YOLOV2 convolutional neural network

WANG Jian-lin" , FU Xue-song, HUANG Zhan-chao, GUO Yong-qi,
WANG Ru-tong, ZHAO Li-giang

(College of Information Science and Technology, Beijing University of
Chemical Technology, Beijing 100029, China)

* Corresponding author, E-mail: wangjl@ mail. buct. edu. cn

Abstract: In the three-dimensional (3D) precision measurement of large component, the detection ac-
curacy of cooperative targets is low due to complex structure of large components and various meas-
urement environment. To solve this problem, a multi-type cooperative target detection method using
improved YOLOv2 convolutional neural network was proposed. Firstly, the data augmentation meth-
od combined with WGAN-GP was employed to amplify the number of cooperative target images. Sec-
ondly, the convolutional layer dense connection was used instead of the YOLOv2 basic network layer-
by-layer connection to enhance image feature information flow, and the spatial pyramid pooled was in-
troduced to convergence image local area feature. Base on those two parts, the multi-type cooperative

targets detection method with improved YOLOv2 convolutional neural network was constructed. Fi-
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nally, the multi-type cooperative targets detection model with improved YOLOv2 convolutional neural
network was trained by the augmentation dataset for detecting the multi-type cooperative targets. The
experimental results of multi-type cooperative target detection indicate that, detection precision of the
proposed method is up to 90. 48% , and detection speed is 58. 7 frame per second by using image data-
set of multi-type cooperative targets to test. This method has higher precision, rapid speed and strong
robustness, which can satisfy the multi-type cooperation targets’ detection requirements for 3D preci-
sion measurement of the large component.

Key words: cooperation target; object detection; data augmentation; improved YOLOv2;convolutional
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Fig. 2 Multi-type cooperative target detection model based on improved YOLOv2 convolutional neural network
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Fig. 5 Experimental results of data augmentation

based on WGAN-GP
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Tab. 1 Detection results of real targets and WGAN-GP
generated targets using YOLOv2 ¢Z9)
AP-
N . AP7
3 A 4 4 Spherical mAP 1 ToU
Reflector
target
FIRIMLE  78.20 90. 70 84.45 64.28
WGAN-GP
o 77.05 90.56  83.80 62.40
v s 4

T : AP-Reflector 3R V10 K2 53 B b - 249 46 DK B2
AP-Spherical target 3 78 BRI f HE % B2 B b5 F 2 K 0
KR

HY S5 56 25 S AT 0, 1 5 B0 4R 1 mAP
83.80% ¥ ToU N 62. 40%, I 1A 0 ik 4 1Y
mAP Jy 84.45% ¥ ToU Ny 64. 28 % , 1458 K ¥
B2 14 B B ARG TRS 82 R R 57 o g 8 5 D T 3 A A
T 5 6 I T i WGAN-GP S8 48 98 77 vk al A4 1 5
BT 22 2R ARG R B b6 LR BB 5 By HL S
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WGAN-GP J7 ik 9 18 Il 5k B A /9 A7 %P i mp

itk
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A VE BFR 28008 % 00 2k i ek 9 YOLOv2 H g
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B 2R 7 2 5t YOLOv2 # ]
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Fig. 6 Results of cooperative target detection in the

cooperative laboratory environment
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Fig. 7 Results of cooperative target detection in the

natural environment
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Comparison of cooperation target detection re-

sults between Improved YOLOv2 and YOLOv2

Tab. 2

AP AR AP P4 IoU
m 45 1o by

H b K I 45 8 Reflector Spherical
AN iA etlector Spherica % 1% /(irame/s)

/% target/%

YOLOv2 78.20  90.70 84.45 64.28 61.3
YOLOv2+DA 81.95 90.53 86.24 64.32 61.2
Bk YOLOv2 89.21  90.34 89.78 67.46 58.9
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