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Abstract: The object detection method of multi-view Single Shot multibox Detector (SSD) based on deep
learning was proposed. Firstly, the model and the working principle of classical SSD were expounded.
According to the concept of convolution receptive field and the mapping relationship between the feature
map and the original image, the sizes of covolution receptive field in different levels and the scales of
the default boxes mapped to the original image were analyzed to find the reason why the classical SSD
was not good at small object detection. Based on this, the multi-view SSD model was put forward, and
the model architecture and its working principle were deeply expounded. Then, through the test in a

dataset of 106 images for small object detection, the detection performance of multi-view SSD and
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classical SSD were evaluated and compared in object retrieval ability and object detection precision.

Experimental results show that with the confidence threshold of 0.4, the multi-view SSD is 0.729 in

Average F—measure (AF) and 0.644 in mean Average Precision(mAP), and has respectively raised 0.169

and 0.131 compared to the classical SSD in the two evaluation indexes, thus verifying the effectiveness of

the proposed method.
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Fig.2 Imaging principle of human eye
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Fig.4 Object detection model of multi-view SSD
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Fig.6 Results comparison of small object detection between the classical SSD(the first column and the third column) and the multi-view

SSD(the second column and the forth column)
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Fig.7 Object retrieval ability comparison between multi-view SSD

and classical SSD
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0.131; M AEAL 7 difficult H FR RIS, SCH 5 ik 1
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Tab.2 Small object detection of VOC2007 dataset

Method mAP Aero Bird Boat Bottle Car Chair Cow Dog Horse  Person  Plant  Sheep

SSD 0.513  0.656 0.612 0.620 0.182 0.721 0.447 0.598 0.552 0.286 0.536  0.2883 0.661

SSD* 0.363  0.618 0.389 0.296 0.156  0.534 0.340 0.391 0.448 0.111 0.329 0.233 0.5006
Multi-view SSD 0.644 0.729 0.662 0.729 0.270  0.875 0.661 0.805 0.662 0.543 0.592 0.452 0.752
Multi-view SSD*  0.453  0.686  0.421  0.348 0.228 0.650 0.502  0.527 0.538 0.211  0.363 0.365 0.599

Comment: Use the "*" to mark the object detection including difficult object or not. The difficult objects are difficult to recognize when experts

label the ground truth objects.
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