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Abstract Automatically detecting the location of brain tumors in magnetic resonance imaging is a complex and laborious task
that requires a lot of time and resources. Traditional identification schemes often misunderstand,omit.and mislead.affecting the
progress of patient treatment and posing a risk to patient safety. To further improve the identification and appraisal results, this
paper introduces four key improvement measures. Firstly, an efficient multi-scale attention EMA is adopted, which can encode
global information,recalibrate information,and further aggregate information through parallel branch output features for cross-di-
mensional interaction. Secondly, the BiFPN(Bidirectional Feature Pyramid Network)module is introduced to shorten the time re-
quired for each detection and improve image recognition results. Then,the MDPIoU loss function and Mish activation function are
improved to further enhance detection accuracy. Finally, simulation experiments are conducted for verification. The experimental
results show that the improved YOLOvS8 algorithm has improved precision, recall, and mean average precision(mAP) in brain
cancer detection. Among them, precision,recall, mAP@0. 5 and mAP@0. 5:0. 9increases by 4. 48% .,2.64%,2. 6% and 17. 0%
respectively.
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Table 1 Ablation experiment of YOLOv8-BT model
YOLOvS-s EMA BiFPN MDPIoU Mish P/% R/% mAP@0.5/% mAP@0.5:0.9/% T/ms
N 89. 64 90.12 92.1 66. 0 37.3
N N, 92.42 91.77 94.5 72.5 57.3
N NA 91.54 91.46 93.4 67.6 30.1
J N/ 90. 24 90. 23 94.1 69.5 40. 5
N N 89.51 90. 05 92.3 67.6 41.2
N NA NA N N 94.12 92.76 94.7 73.0 40.1
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Table 2 Experimental results comparison of different methods

Model P/% R/% mAP@0.5/% mAP@0.5:0.9/% T/ms
Faster R-=CNN 67,31 75.31 75.4 42.2 53.2
YOLOvV5-s 88.54 89.55 89.9 54,2 37.6
YOLOv6-s 91.32 90.22 91.2 55.5 38.4
YOLOv7-tiny ~ 92.11 90.49 92.1 58.6 37.7
RCSVGG-CSP 91.2  91.5 93.3 68.9 45.5
YOLOvS-BT  94.12 92.76 94.7 73.0 40. 1
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