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A novel tuberculosis pathogens detection algorithm based on YOLOVS8s
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Abstract: To address the challenges of detecting tuberculosis pathogens in sputum smear images, such as complex
backgrounds, small targets, and high costs of manual screening, a detection method based on YOLOvS8s is presented. The
structure is improved through spatial and channel reconstruction convolutions to limit feature redundancy, and a coordinate
attention is introduced to expand the receptive field of the model. Furthermore, a spatial pyramid pooling cross-stage partial
network is used to extract feature information at different scales, and a normalized attention mechanism is embedded to
suppress less significant features. The experimental results on a public dataset show that compared with the original
YOLOV8s model, the improved network model enhances precision and recall rates by 2.7% and 1.5%, respectively, and
improved mean average precision at a confidence level of 0.5 by 2.3%, demonstrating that the improved model can
effectively assist radiologists in diagnosis.
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Figure 1 Spatial reconstruction unit structure
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Figure 2 Channel reconstruction unit structure
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Figure 4 Coordinate attention structure
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Figure 5 Spatial pyramid pooling cross—stage partial network structure
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Figure 6 Improved submodule structure
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Figure 7 Normalization—based attention module structure
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Figure 8 Improved YOLOVS8s detection algorithm structure
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Table 1 Effect of each improved module on the tuberculosis detection model

T LitES HAEHR  mAP0.S
YOLOVSs 0.770 0.774 0.842
YOLOV8s+C2f ScConv 0.782 0.778 0.851
YOLOv8s+C2f ScConv+CA 0.785 0.784 0.854
YOLOV8s+C2f ScConv+CA+SPPCSPC 0.794 0.788 0.861
YOLOv8s+C2f ScConv+CA+SPPCSPC+NAM 0.797 0.789 0.865
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Table 2 Experimental result comparison of different detection models

R K% AR mAPOS FPS
Faster-RCNN 0.742 0.770 0.819 28.02
SSD 0.695 0.681 0.730 44.5
YOLOV3 0.770 0.746 0.816 55.04
YOLOV5 0.773 0.751 0.837 62.20
YOLOv? 0.758 0.778 0.825 38.94
AR SRR 0.797 0.789 0.865 48.78
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Figure 12 Example 4 of the detection using the proposed model

TBbacillus 0.54

TBbacillus 0.70

B9 ASTRERM ARG 1

Figure 9 Example 1 of the detection using the proposed model
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Figure 10 Example 2 of the detection using the proposed model
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Figure 11 Example 3 of the detection using the proposed model
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Figure 13 Example 5 of the detection using the proposed model
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