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Dunhuang Mural Element Detection Algorithm Based on Improved Yolov8

ZHOU Yanlin'**

1 Lanzhou Jiaotong University,Lanzhou 730070, China

>, WU Kaijun' , MEI Yuan',TIAN Bin' and YU Tianxiu®
2 Dunhuang Academy,Dunhuang,Gansu 736200, China

Abstract  The Dunhuang murals have garnered significant attention for their artistic, historical, and research value. In the re-
search and development of cultural tourism surrounding frescoes, detecting elements within these frescoes is crucial. However,
due to factors such as shedding, pigment fading, pest damage,and the significant discrepancies in elemental volume,detecting mu-
ral elements has become difficult. For this reason.this paper,which is based on the Yolov8 algorithm,continues the improvement
and expansion work by introducing it into the fresco element detection task. Specifically, the design of an enhanced SPPCSPC
module improves the feature-perception ability of the model and expands its sensory field. Additionally, the Coord Attention mech-
anism is introduced at the end of the C2f module to improve the network’s ability to focus on local and non-significant informa-
tion, which addresses the variability in volume and style of the elements. On the issue of detecting elements within Dunhuang mu-
rals,our algorithm outperforms five other cutting-edge detection algorithms in terms of mural detection accuracy. Compared to
the Yolov8 baseline algorithm, it achieves a 2. 2% improvement in mAP, particularly in the main_buddha category where we see a
12. 2% improvement in detection accuracy. This accomplishment offers significant support for future research focused on Dun-
huang murals analysis.

Keywords Dunhuang murals,Improved Yolov8, Target detection, Feature enhancement
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Table 1  Detection performance results of various algorithms

ik Params/MB GFLOPs mAP/ %
DETRE!8 475. 00 95.0 6.9
Yolov5-nL7] 3.90 4.2 82.3
Yolov6-nl16] 21. 86 11.1 87.5
Yolov7L17] 74.90 105.3 89.9
Yolov8-n8] 7.30 8.1 89.6
ours 10. 30 9.4 91.8
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