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[Abstract] To address challenges in autonomous driving scenarios, such as uneven distribution of target scales,
significant background interference, structural distortion of small objects, and high computational complexity, this paper
proposes an improved algorithm, ELD-YOLO, based on YOLOv11n. The C3k2-EMSC module is introduced to enhance multi—
scale feature extraction, capturing richer contextual information in complex traffic scenarios. The LSDECD module is designed
to strengthen feature representation through shared convolutions and group normalization, reducing redundant responses. The
DySample module is introduced to enhance small object and edge feature representation through dynamic sampling. Results
demonstrate that on the KITTI and BDD100K datasets, the parameter quantity of ELD-YOLO is reduced by 16% compared
with YOLOv11n, while achieving mAP@0.5s of 89.7% and 52.7%, respectively. This approach significantly improves detection
accuracy and robustness while reducing model complexity.
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