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Table 3 Composmon characteristics and applications of five object detection mod%s
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Table 7 Comparison of detection accuracy of hole, hole- 6%0\)
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Model yoLovs Yoroi1 yorois R °
DETR DETR
mAP50(hole) 0.930 0.916 0.855 0.765 0.830
mAP50(hole—-mounds)  0.928 0.936 0.932  0.893 0.884
mAP50(hole—mixture)  0.906 0.899 0.882 0.851 0.877
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Abstract: Objective The application of drone imagery combined with deep learning technology has become a crucial approach for
identifying Himalayan marmots and monitoring their activity patterns at large spatial scales. Within this workflow, the accurate identification
of marmot holes is essential because holes provide a stable spatial proxy for the presence and density of animals. However, current methods
are still constrained in practice. Owing to uneven terrain, stones around or above burrow entrances, and soil mounds and other ground
objects that partially or completely obstruct openings, a considerable proportion of marmot holes are missed during detection. Consequently,
the accuracy and robustness of existing burrow-identification techniques remain insufficient for reliable use in plague-related surveillance.
Method This study focuses on several typical natural plague foci in the Xizang region. We carried out detailed ground surveys of marmot
holes, recording entrance locations, dimensions and associated habitat characteristics. In parallel, UAV remote-sensing campaigns were
conducted to obtain high-resolution aerial imagery over the same sites. Based on these observations, we constructed a UAV image dataset
that incorporates both marmot burrow entrances and surrounding habitat elements such as stones patches and soil mounds formed by
excavation. On this basis, we designed a data-annotation strategy that explicitly integrates habitat information into the labeled objgets. Five

@YOLOVS YOLOL11, YOLO13, RT-DETR and RF-DETR—were then trained %‘ ?

representative object detectior)(mo d under

two settings: a tradltl hod using only the visible burrow entrance, and the proposed habitat-inte, otation strategy.
By systemati n I hese two strategies, we assessed the effectiveness of i 1ncorpo % itat information into the
annotat@an % E,%he traditional annotation method, the accuracy rates for det q“ holes achieved by the five
models wer 8), 91.6% (YOLOI11), 85.5% (YOLO13), 76.5% (RT-DE 83 0% (RF-DETR). When the habitat-

é(rategy was adopted, the performance of most models improved. All models showed higher detection accuracy except

integrated an
for Y n{t‘gose accuracy decreased slightly by 0.2 percentage points. The accuracy gains were 2.2 percentage points for YOLO11, 9.0
ge pomts for YOLO13, 16.7 percentage points for RT-DETR and 6.5 percentage points for RF-DETR. The combination of RT-
Q%Q TR with the habitat-integrated strategy produced the largest improvement, with an increase of about 17%, while the system integrating
YOLOI11 with the habitat-integrated strategy achieved the best overall performance. Conclusion These results show that an annotation
strategy integrating habitat information can effectively reduce the risk of missing marmot holes caused by stones cover, soil mounds and
other forms of occlusion that limit traditional annotation methods. By providing richer contextual cues around the entrances, this strategy
improves the accuracy and reliability of drone-based identification of Himalayan marmot holes. The proposed annotation framework
enhances UAV-based burrow detection, enriches the application of unmanned aerial vehicles for investigating plague focuses associated with
Himalayan marmots and has important implications for monitoring and controlling marmot-borne plague across the Qinghai - Tibet Plateau.
Key words: unmanned aerial vehicles, deep learning, data annotation strategy, habitat information, Himalayan marmot holes, plague
surveillance
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