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Multi-scale target detection algorithm based on adaptive context features

WANG Fengsui'*’, CHEN Jingang*’, WANG Qisheng'*’, LIU Furong'*’

(1. School of Electrical Engineering, Anhui Polytechnic University, Wuhu 241000, China; 2. Anhui Key Laboratory of Detection
Technology and Energy Saving Devices, Wuhu 241000, China; 3. Key Laboratory of Advanced Perception and Intelligent Control of
High-end Equipment, Ministry of Education, Wuhu 241000, China)

Abstract: Multi-scale target recognition is a challenge in any detection task. Aiming at the multi-scale problem in detec-
tion, a multi-scale target detection algorithm with adaptive context features is proposed. A multi-receptive field feature
extraction network was constructed to solve the problem wherein targets of different scales require different receptive
field features to be recognized. Using multi-branch parallel void convolution, contextual information in tags was extrac-
ted from high-level semantic features. Based on an improved channel attention mechanism, an adaptive feature fusion
network was proposed to solve the problem wherein the semantic features of different scale targets appear in feature
maps of different resolutions. The local location features were fused into global semantic features by learning the correl-
ation between feature maps of different resolutions. The feature maps of different scales were used to identify objects of
different scales. The proposed algorithm was verified on a Pascal VOC data set; the detection accuracy of the proposed
method reached 85.74%, which was approximately 8.7% higher than the Faster R-CNN and about 2.06% higher than the
baseline detection algorithm YOLOV3 +.

Keywords: machine vision; target detection; convolution neural network; channel attention; parallel empty convolution;

multi-scale feature fusion; contextual feature; deep learning
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Fig.2 Stucture of multi-receptive field feature extraction network (MSPNet)
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Table 5 Different algorithms test speeds on the VOC2007

dataset
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Fig.5 Time-mAP comparisons on VOC 2007 test set
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Table 6 Detection effect of improved algorithm on VOC2007 %
Trik YOLOV3+ AT
A-PANet MSPNet(F) MSPNet(T) A-PANet+MSPNet(T)

mAP 83.66 85.67 84.90 85.36 85.74
Aero 89.07 92.72 91.65 93.54 92.97
Bike 89.13 92.46 92.96 92.68 93.31
Bird 85.24 85.48 83.86 85.03 86.21
Boat 73.43 79.68 76.28 78.97 75.26
Bottle 79.80 79.46 81.33 80.92 81.73
Bus 87.83 92.42 91.80 91.98 92.02
Car 93.77 94.98 94.67 94.85 95.50
Cat 89.84 89.93 88.61 88.57 88.53
Chair 70.19 71.01 72.59 71.59 74.06
Cow 89.11 93.07 92.69 91.46 93.03
Table 78.69 79.23 76.65 76.92 78.39
Dog 87.40 87.54 85.02 88.70 88.40
Horse 89.29 91.18 90.71 91.29 90.69
Motorbike 89.75 92.52 91.98 91.00 91.44
Person 89.38 91.24 91.00 90.98 91.84
Plante 59.43 58.59 59.24 59.21 60.43
Sheep 79.74 89.51 88.50 87.37 87.64
Sofa 77.20 75.46 75.80 74.49 77.40
Train 90.87 89.97 87.13 91.80 89.05
Tv 84.00 86.81 85.57 85.80 86.83
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Fig. 7 Experimental results of baseline model and algorithm in this paper on VOC dataset
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