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Abstract: [ Objective) To address the problems of low detection accuracy and slow inference speed caused by complex back-
grounds and significant scale variations in small object detection of Unmanned Aerial Vehicle (UAV) aerial images, this paper
proposes an improved algorithm named YOLOv11n-DPD, based on the YOLOv11n model. The goal is to enhance the detection
accuracy of small objects in UAV aerial images while achieving model lightweighting and inference acceleration, making it suitable
for deployment on resource -constrained embedded devices. [Methods] First, Deformable Convolution (DCN) is introduced into
the CSP Bottleneck with 2 Convolutions (C3k2) module to enhance the model's ability to extract features of multi-scale objects in
complex backgrounds, especially for small objects with significant deformation. Second, according to the high proportion of small
objects in UAV aerial images, a new Prediction Layer 2 (P2) is added as the small object detection layer, while the Prediction
Layer 5 (P5) for large object detection is removed. This improves the capture accuracy of small object features and reduces redun-
dant computation in large object detection. Then, a Focal -DIoU loss function combining Focal Loss and Distance Intersection
over Union (DIoU) Loss is proposed to alleviate class imbalance in small object detection and optimize the localization accuracy of
bounding boxes. Finally, Layer- Adaptive Magnitude - based Pruning (LAMP) is employed to lighten the model by adaptively
evaluating each layer and removing redundant connections, thereby reducing the overall computational load and accelerating the in-
ference process. [ Results] Experimental results on the VisDrone2019 dataset show that YOLOv11n-DPD outperforms the origi-
nal YOLOv11n model, with a 6. 5% improvement in mAP50, namely the mean average precision at an intersection over union
threshold of 0. 5, reaching 40. 7%. This significantly improves the detection accuracy of small objects in UAV aerial images. In
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addition, YOLOv11In-DPD increases the inference speed by 32 and 6 FPS on the Ubuntu and Jetson platforms, respectively. The
model size and parameter count are reduced by 3. 87 and 2. 02 MB, respectively, demonstrating the advantage of the proposed al-
gorithm in lightweighting. Furthermore, compared with existing mainstream small object detection methods, YOLOv11ln-DPD
achieves better overall performance in detection accuracy, inference speed, and computational resource consumption. [ Conclu-
sion] The proposed YOLOv11n-DPD algorithm improves detection accuracy, accelerates inference, and optimizes model size by
introducing DCN and model pruning, optimizing the small object detection layer structure, and improving the loss function. It is
especially suitable for UAV aerial small object detection tasks and deployment inference on embedded platforms.

Keywords: UAV aerial imaging; small object detection; YOLOv11n; LAMP;Focal-DIoU
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Figure 1 YOLOv11In-DPD model structure diagram
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Figure 4 Improved object detection layer diagram
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Table 3 Experimental comparison of various detection models

VS mAP50(%) P(%)  R(%) Kk/AN/MB  Z¥%E/MB H#IEEE/FPS
SSD 23.6 37.4 27.1 28. 40 24. 20 171
Faster R-CNN 34.1 45.2 37.9 89. 60 43.80 141
YOLOv3 38.9 50. 2 40.1 123. 60 61.50 158
YOLOv3-tiny 16.7 33.2 24.7 17.50 12.7 285
YOLOVS5s 32.5 38.2 33.7 16. 50 7.10 158
YOLOV6 31.1 42.7 31.3 8.90 9.71 176
YOLOv7-tiny 32.8 42.8 33.1 12.30 6.01 291
YOLOv8n 33.3 42.5 32.8 6.30 3.10 177
YOLOv1ln 34.2 46. 4 34.6 5.35 2.58 186
YOLOv11s 35.1 47.3 34.7 18.40 9.40 193
Rep-YOLO™ 41.2 48.8  40.0 / 9.61 55
YOLOv8s-UAV 40. 2 50.5 39.3 / 2.23 159
YOLOv11n-DPD 40.7 51.4 39.1 1.48 0.56 218
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Figure 5 Comparison of detection performance between YOLOv11n and YOLOv11n-DPD in three different scenarios
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Figure 6 Performance metrics comparison
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Table 4 Comparison of detection speeds of different models

on Jetson Nano

mAP50 ALK e FE K
HEA
(%) /MB /FPS
YOLOv11n 34.2 5.35 28
YOLOv11n-DPD 40.7 1.48 34
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