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Application of improved YOLOV4 algorithm in the detection of pulmonary tuberculosis

WANG Jinghua, YUAN lJinli, GUO Zhitao, WANG Jiahao

School of Electronic and Information Engineering, Hebei University of Technology, Tianjin 300401, China

Abstract: Aiming at the problem of low detection accuracy of pulmonary tuberculosis caused by the complex and large scale
changes of tuberculosis lesions in CT images, YOLOv4 with an improved feature fusion block is proposed for the detection of
pulmonary tuberculosis. Scale-equalizing pyramid convolution is used to capture the interaction between feature layers of different
scales, and on this basis, the conflict information at different scales is filtered out by scale-equalizing adaptive spatial pyramid
convolution, so as to achieve feature fusion effectively. In addition, coordinate attention is introduced on the low-level features
for further improving the detection accuracy of small targets. A standardized tuberculosis CT data set is built using the information
of 300 cases provided by Beijing Chest Hospital, and the experiments are conducted on the constructed data set. The input image
resolution is set to 512x512. The results show that the proposed network increases mAP by 4.96% as compared with the original
YOLOV4, and that it is better than the existing mainstream tuberculosis detection algorithms, such as Faster R_CNN, SSD,
RetinaNet, etc. The improved YOLOvV4 algorithm can effectively solve the problems of detection target scale changes and small
target detection, thereby improving detection accuracy.
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Table 1 Comparison of detection performance among different networks

A K% A% FLAEC PRREEYE% SECPERRE 280
YOLOv4 92.86 90.43 0.92 92.09 0.122 6 64 040 001
YOLOv4+CA 92.44 92.17 0.92 93.90 0.096 6 65 026 881
YOLOv4+SEPC 92.17 92.17 0.92 94.31 0.0883 50 787 429
YOLOv4+SEASPC 93.02 92.75 0.93 96.13 0.072 4 50 816 604
YOLOv4+CA+SEASPC 95.65 95.14 0.95 97.05 0.052 1 54 954 332
R2 FNERME LT (%) 1.00
Table 2 Comparison among different fusion networks (%) 0.95 )
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Table 3 Comparison of detection performance among
different algorithms (%)
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EfficientDet!!”) 96.54 88.99 91.70
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ARk 95.65 95.14 97.05
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Figure 4 P-R curves of different algorithms
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