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Abstract: To address the decline in detection performance caused by insufficient illumination and occlusion of small tar-
gets at night, this paper proposes an improved model DFF-YOLOvS. Based on YOLOvVS8, the model introduces the Dysample
dynamic sampling module, which adaptively adjusts the feature sampling rate to enhance the perception of small targets un-
der low light. The ASFF feature fusion mechanism is integrated to achieve efficient multi-scale information aggregation,
while the Focaler ToU loss function is adopted to dynamically optimize regression accuracy. Experimental results on the
BDD100K nighttime dataset show that DFF-YOLOvS improves mAP@50, mAP@50:95, precision, and recall by 4. 8%,
3.8%,1.9%, and 4. 1%, respectively, significantly enhancing detection performance in low-light nighttime environments.
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