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Multi-object detection network constrained by context information

WU Yanan, LI Junjun, ZHANG Binbin

(School of Computer Science and Information Engineering, Hefei University of Technology, Hefei 230601, China)

[ Abstract] Object detection has always been a very important research topic in the field of computer vision and machine learning,
and has a wide range of applications in traffic monitoring, medical imaging, and assisted driving. Object detection has always been
a challenging task in the field of computer vision due to the requirements of real-world tasks for detection speed and accuracy.
Context information can be applied to the field of multi-object detection as the key evidence of reasoning. Therefore, we propose a
multi-object detection network that directly predicts object categories and object locations under the constraint of context information.
The network adopts an end-to-end training method, hierarchically extracts features and uses context information to fine tune the
output of the network to better predict in real time. The qualitative and quantitative experimental results on the PASCAL VOC 2007
dataset demonstrate that the object detection model under the deep context network has significant object detection performance,
which is superior to the current advanced methods. Experiments show that the use of context information can provide effective
evidence for object detection and improve the accuracy of detection.

[ Key words] Object detection; context information; real-time detection; convolutional neural network
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Fig. 1 Multi-object detection network constrained by context information
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Tab. 1 Detection Results on VOC 2007 test under different clues

clue mAP
SSptl 68.0
SSD+semantic 70.2
SSD+location 69.9
ours 72.1
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Tab. 2 Detection Results on VOC 2007 test under different methods

method R-CNN Fast R-CNN!®’ Faster R-CNN''"] G-CNNI2!] OHEM[?] SSD3001% ours
aero 68.1 74.5 70.0 68.3 71.2 73.4 73.6
bicycle 72.8 78.3 80.6 77.3 78.3 77.5 82.7
bird 56.8 69.2 70.1 68.5 69.2 64.1 68.9
boat 43.0 53.2 57.3 52.4 57.9 59.0 59.1
bottle 36.8 36.6 49.9 38.6 46.5 38.9 51.9
bus 66.3 77.3 78.2 78.5 81.8 75.2 83.1
car 74.2 78.2 79.4 79.5 79.1 80.8 80.4
cat 67.6 82.0 83.0 81.0 83.2 78.5 92.6
chair 34.4 40.7 52.2 47.1 47.9 46.0 53.0
cow 63.5 72.7 75.3 73.6 76.2 67.8 75.8
table 54.5 67.9 67.2 64.5 68.9 69.2 68.7
dog 61.2 79.6 80.3 77.2 83.2 76.6 82.7
horse 69.1 79.2 79.8 80.5 80.8 82.1 87.1
mbike 68.6 73.0 75.0 75.8 75.8 77.0 70.9
person 58.7 69.0 76.3 66.6 72.7 72.5 81.0
plant 33.4 30.1 39.1 34.3 39.9 41.2 36.7
sheep 62.9 65.4 68.3 65.2 67.5 64.2 69.2
sofa 51.1 70.2 67.3 64.4 66.2 69.1 66.9
train 62.5 75.8 81.1 75.6 75.6 78.0 77.1
tv 64.8 65.8 67.6 66.4 75.9 68.5 80.0
mAP 58.5 66.9 69.9 66.8 69.9 68.0 72.1
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