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Detection and location of formulas based on improved Faster R-CNN
WANG Wei, ZHOU Qinghua
('School of Physics and Electronics, Changsha University of Science and Technology, Changsha 410004, China)

[ Abstract] Correcting formula exercise is an important task for primary school teachers. In order to improve the efficiency of
grading, machine vision methods can be used to detect and recognize. The accuracy of formulas detection and location will affect the
results of recognition and correction. The paper proposes a method of basic formulas detection and location based on improved Faster
R-CNN. Through clustering analysis parameters of the formulas in the dataset, the scales and ratios of the anchors are adjusted in
Region Proposal Network, which would reduce the redundant calculation in the training to improve the speed. At the same time,
ROI Align is used to replace ROI Pooling to avoid the impact of twice quantization. The experiments show that the improved Faster

R-CNN improves the detection and location effect of basic formulas.
[ Key words] arithmetic formula detection; faster R—-CNN; clustering; ROI align; deep learning
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Tab. 1 Performance comparison of different k—value combinations

n, Xn JiE FEELE time/ (h = m) AP
3%3 5,6,7 0.22,0.27,0.34 2:39 0.999 9
4x4 4,5,6,7 0.20,0.25,0.30,0.36 2:34 1
4x5 4,5,6,7 0.20,0.23,0.27,0.31,0.37 2:35 0.999 8
4x6 4,5,6,7 0.19,0.22,0.25,0.28,0.32,0.38 2:35 0.999 8
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Tab. 2 Training time and AP values for different combinations

[ 2% time/(h: m) AP
Faster R—-CNN 2:41 0.797 4
CF R-CNN 2:34 1.000 0
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Fig. 5 Loss curve of CF R—CNN and Faster R—-CNN
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