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Vehicle detection in UAV imagery with transfer learning and Dynamic Weight
Local Pyramid Attention mechanism
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Abstract: With the continuous growth of automobile ownership in China, issues such as traffic congestion, illegal parking, and traffic
accidents have become increasingly severe, constituting significant factors constraining social and economic development. To address
management challenges from blind spots in traditional roadside surveillance cameras, this study proposes an efficient vehicle detection
method using UAV aerial imagery. For occlusion, blurring, distortion, and complex backgrounds in UAV aerial imagery, we design an
improved YOLOv8-s approach integrating transfer learning with Dynamic Weight Local Pyramid Attention (DWLPA). By introducing
transfer learning, we mitigate issues of limited samples and uneven data distribution to enhance model generalization for unseen in-
stances. The designed DWLPA module improves detection capability in complex environments through dynamic weight allocation and
multi-scale feature refinement. Experiments on public UAV aerial imagery datasets demonstrate our improved model achieves 67. 6%
mAP@0.5:0.95, 98.3% mAP@0.5, and 81. 4% mAP@ 0. 75, consistently outperforming the YOLOv8-s baseline model and light-
weight models ( YOLOv13-s YOLOv12-s ,YOLO11-s) with superior precision and robustness in complex environments.
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Figure 1 Partial vehicle types in the dataset
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Figure 2 Offline data augmentation operations
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Table 1 Detailed hyperparameters in fine-tuning stage
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Figure 5 Loss curves
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Table 2 Comparison among different improved methods
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Table 3 Detection comparison of different

vehicle categories

e b 25 YOLOv8-s YOLOv8-s+TF
vehicle 66. 4% 67.4%
AP@0.5:0.95

bigvehicle 65.2% 67.1%
vehicle 98. 4% 98. 5%

AP@O0.5
bigvehicle 97. 7% 97. 6%
vehicle 79. 0% 80. 0%

AP@0.75
bigvehicle 78.3% 81. 0%
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Table 4 Comparison of DWLPA on different

backbone networks

mAP@

mAP@

Ik 0.5.0.95 mAP@ 0.5 mAP@ 0.75
YOLOv8-s 65. 8% 98. 1% 78. 6%
YOLOv8—s+TF 67.3% 98. 0% 80. 5%
YOLOv8-s+DWLPA 66. 6% 98.2% 79. 8%
YOLOv8-s+DWLPA+TF  67.6% 98. 3% 81.4%

VR7S 0.5.0. 95 mAP@ 0.5 mAP@ 0.75
YOLOv5-s 63.5% 98. 1% 74.0%
YOLOv5-s+DWLPA  63.7% 98.2% 74.8%
YOLOv7-tiny 63. 8% 98.2% 75.3%
YOLOv7-tiny +DWLPA  63.9% 98.3% 75.5%
YOLOv8-s 65.8% 98.1% 78.6%
YOLOv8-s+DWLPA  66.6% 98.2% 79. 8%
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Table 5 Comparison of different attention modules
WIRES mAP@ 0.5:0.95 mAP@0.5 mAP@ 0. 75

YOLOv8-s+HFP 66. 0% 98. 0% 78.9%
YOLOv8-s+SEAM 66. 2% 98. 0% 79. 0%
YOLOv8-s+DSAM 66. 0% 98. 1% 79.2%

YOLOv8-s+DWLPA 66. 6% 98. 2% 79. 8%
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Table 6 Efficiency comparison between improved
model and baseline model
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ViRES FPS/Mi  Param./M  FLOPs/G
YOLOv8-s 48.5 11. 136 57. 089
YOLOv8-s+DWLPA  41.2 11.824 57.093
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Figure 6 Comparison of inference results of different improved methods
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Table 7 Comparison with classic object detection models

ik mAP@0.5:0.95 mAP@0.5 mAP@O0.75
YOLOvS5-s 63. 5% 98. 1% 74. 0%
YOLOv6-s 64.9% 98. 1% 77. 4%
YOLOv7-tiny 63. 8% 98.2% 75.3%
YOLOv8-s 65.8% 98. 1% 78. 6%
AT 67. 6% 98.3% 81.4%
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Figure 7 Comparison of inference results with classic object detection models
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Table 8 Comparison with advanced object
detection models

J7 mAP@0.5:0.95 mAP@0.5 mAP@O0.75
YOLOv8-s 65.8% 98.1% 78. 6%
YOLOv9-s 67.3% 98.3% 81.3%
YOLOv10-s 65.8% 97.8% 78.9%
YOLO11-s 67.1% 98.3% 80. 8%
YOLOvI2-s 66. 4% 98.2% 79.3%
YOLOv13-s 66.5% 98.3% 80. 1%

ARSCTT 67. 6% 98.3% 81.4%

[ L))

re
L
5;
| L =

g5 |

i

u
£
-
2

8

B 8 Grad-CAM W#L{L
Figure 8 Grad-CAM visualization
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