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Deep learning network for lung cancer detection and localization in PET-CT images under long-

tailed distribution
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Technology Division, Dongguan University of Technology, Dongguan 523808, China; 5. Department of Oncology, Jinshazhou Hospital,
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Abstract: Objective To propose a method for lung cancer detection in PET/CT images under long-tailed distribution for
improving the efficiency of PET/CT images for lung cancer diagnosis. Methods A YOLO framework called adaptive class
loss function-YOLO (ACS-YOLO) which mainly consists of a YOLOvVS5 as backbone network (Backbone) and an adaptive
class loss function (ACSLoss) was constructed to solve the problem of long-tailed distribution in the real data set of PET/CT
lung cancer images and to improve the efficiency of PET/CT images for lung cancer diagnosis. Results Among the existing
YOLOVS variants on the Lung-PET/CT-Dx public data set, the proposed ACS-YOLO achieved the best detection
performances in the precision, recall, mAP@0.5 and mAP@0.5:0.95 which were 0.960 7, 0.948 9, 0.970 6 and 0.558 3,
respectively. Compared with the other YOLOvV5 variants, ACS-YOLO showed a 1%-5% improvement in detection
performance and a 5%-11% improvement in tail category detection performance. Conclusion The proposed ACS-YOLO can
effectively improve the lung cancer detection in PET/CT images under long-tailed distribution, which indicates that the
proposed method can be used as an aid for lung cancer diagnosis using PET/CT images.
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Figure 8 Examples from data sets
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Figure 9 Comparison of Mosaic and CutMix data augmentations
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Table 1 Comparison of the detection performance of
ACS-YOLO with the original YOLOV5

[ Wit FM[A  mAP0.5 mAP0.5:0.95
YOLOVS5s 0.8631  0.8503  0.8994 0.4734
YOLOv5m 0.9075  0.8662  0.9245 0.4930
YOLOv5x 09166  0.8965  0.9418 0.5167
ACS-YOLO-s  0.8744 0.8686 09154 0.4777
ACS-YOLO-m 09356 09133 09536 0.5221
ACS-YOLO-x  0.9607 0.9489  0.9706 0.5583

Tk — 2 B F ACSL (9 A B, 43 )k B
YOLOV5x Hl ACS-YOLO-x B, 55 19 45 5 %) T
ARV P TR . 25 5 an 4 2 s, Hob YOLOvSx
(1) Sk 5 28 5310 R s P R D R SR A 8 A EUAE Ry 2 3
J8 50 1 /0N A0 B 98 RN R AN B i A R A 0.884
0.879, 7 [ % 4 0.864.0.822, map@0.5 H 4 0.924 Fl
0.892, F IR T A . T ACS-YOLO-x
ARETRY 6T 7N 24 e 957 R A A4 987 336 79 1 B 40 288 ) 1 Ak
PERESR TR H 02 SR THIR R 29 0 5%~11%. K
91 gt 9 R 8 DR 01 5 1 A I B AR R R AIG L R
S TR I B BEAT B IR i 4 T

YRt FE Qi 10 Fir 7, 3 0% o7 565 TF 46 B4 RS B



- 1482 -

.

] 22

5539 %:

#2 ACS-YOLO-x 5 YOLOvSx Xt & 2 B4 M2 R AV L5
Table 2 Comparison of ACS-YOLO-x and YOLOvV5x detection results for various categories
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Figure 10 ACS-YOLO model training curves
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Figure 11 ACS-YOLO detection results with true labeled images
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Figure 12 ACS-YOLO error detection results
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