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Improved SSD Object Detection Algorithm Based on Contrastive Learning

HU Yan, YUAN Zihao, TU Xiaoguang, LIU Jianhua, LEI Xia, WANG Wenjing
(Institute of Electronic and Electrical Engineering, Civil Aviation Flight University of China, Guanghan 618307, China)

Abstract: The existing deep learning-based object detection algorithms encounter various issues during the
object detection process in images, such as object viewpoint diversity, object deformation, detection occlusion,
illumination variations, and detection of small objects. To address these issues, this paper introduces the
concept of contrastive learning into the SSD object detection network and improves the original SSD algorithm.
First, by randomly cropping object images and background images from sample images using the method of
image cropping, the object image blocks and background image blocks are input into the contrastive learning
network for feature extraction and contrastive loss calculation. The supervised learning method is then used to
train the SSD network, and the contrastive loss is fed into the SSD network and weighted and summed with
the SSD loss value for feedback to optimize the network parameters. Because the contrastive learning concept
is introduced into the object detection network, the distinction between the background and object in the feature
space is improved. Therefore, the proposed algorithm significantly improves the accuracy of the SSD network
for object detection, and obtains satisfactory detection results in both visible and thermal infrared images. In
the experiment on the PASCAL VOC2012 dataset, the proposed algorithm shows an increase in the AP50
value by 0.3%, whereas in the case of the LLVIP dataset, the corresponding increase in AP50 value is 0.2%.
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Fig.1 An illustration of integrating the concept of contrastive
learning into object detection networks
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Table 1 Comparison of the results between the improved SSD algorithm and the original SSD algorithm on the PASCAL VOC2012
dataset
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Fig.4 The detection results of the improved SSD and the original SSD algorithms on the PASCAL VOC2012 dataset (The top row shows

the detection results of the improved SSD algorithm, while the bottom row shows the detection results of the original SSD algorithm)
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Table 2 Comparison of algorithm results under different sizes of image cropping on the PASCAL VOC2012 dataset
Image cropping size (Pixels) AP APso APz APs  APm  APL
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Table 3 Comparison of results between the improved SSD algorithm and the original SSD algorithm on the LLVIP dataset
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Improved SSD algorithm ~ 0.524 0.928 0.539 0.013 0.272 0.539
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Fig.5 The detection results of the improved SSD and the original

SSD algorithms on the LLVIP dataset (The top row shows
the detection results of the improved SSD algorithm, while
the bottom row shows the detection results of the original
SSD algorithm)
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Table 4 Comparison of results between the improved SSD algorithm and other object detection algorithms on the MS COCO 2017

dataset

Models AP APso AP7s APs APwm APL
YOLOv2[E 21.6 44.0 19.2 5.0 22.4 355
YOLOv3 33.0 57.9 34.4 18.3 354 41.9
YOLOv5 36.9 58.4 - - - -

SSD M 23.2 41.2 234 5.3 23.2 39.6
Fast R-CNN [0 20.5 39.9 194 4.1 20.0 35.8
Faster R-CNN [ 21.9 42.7 - - - -

ION 24 23.6 43.2 23.6 6.4 24.1 38.3
Improved SSD Algorithm 28.9 475 30.7 55 26.5 435
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