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Research Progress of Object Detection Technology Based on Convolutional Neural Network in Deep Learning
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Abstract Object detection is a hot topic in the field of computer vision. In recent years,convolutional neural network in
deep learning has performed prominently in object detection tasks. This paper surveyed the research progress of deep
learning in object detection. Firstly,two methods and commonly datasets of object detection were introduced and the ad-
vantages of deep learning based on object detection tasks were analyzed. Secondly,according to the development process
of the object detection method based on deep learning, the classical convolutional neural network model used in this
method was introduced,and the characteristics of each network model were analyzed. Then the aspects of the ability to
acquire features,the speed of detection,and the used key technologies were analyzed and summarized. Finally,according

to the difficulties and challenges existing in the object detection method based on deep learning and the future develop-

ment trend, the thinking and outlook were made.
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Fig. 1 Results of object detection
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convolutional neural network
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on PASCAL VOC 2007
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Table 2 Performance comparison of object detection methods

based on proposals

VR mAP(VOC 2007)/ % XAt CNN F %
R-CNN 58.8 AexNet
SPP-Net 60.9 ZF-5

Fast R-CNN 70.0 VGG16

Faster R-CNN 76.3 VGG16
R-FCN 78.8 Resnet-101
FPN 79.5(COCO AP@O0. 5) ResNet-101
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Fig. 6 Comparison of object detection algorithms based on proposal

and based on regression location
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AL R AR E R . R T ORIE R E R R R R T
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Table 3 Performance comparison of object detection methods based

on regression

mAP(VOC 2007+

Wik 2012) % ETH& FPS
YOLO 63.4 GoogleNet 45
SSD300 74.3 VGG16 46

YOLOv2 352 73.7 Darknet-19 81
DSSD321 76.3 Resnet-101 9.5
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