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Revised: 16/07/2025 Shadows in unmanned aerial vehicle (UAV) imagery cause substantial visual and radiometric
Accepted: 3/08/2025 distortions that negatively affect feature extraction, image classification, and the accuracy of
three-dimensional reconstruction. To address these challenges, this study proposes a deep
learning—based shadow correction framework based on a customized U-Net architecture
incorporating a VGG19 encoder for enhanced feature extraction.

The proposed model was trained using paired shadowed and shadow-free UAV images
normalized within the ([0,1]) intensity range. Network parameters were optimized using the
ADAM optimizer in conjunction with a hybrid loss function combining Mean Absolute Error
(MAE) and Mean Squared Error (MSE), enabling a balance between pixel-wise reconstruction
accuracy and structural detail preservation.

Quantitative evaluation was conducted using Root Mean Square Error (RMSE) and Peak
Signal-to-Noise Ratio (PSNR). The proposed framework achieved an RMSE value of 0.0404 in
the normalized ([0,1]) range, corresponding to 10.31 in the 8-bit (|0-255]) scale, along with a
PSNR of 27.87 dB. These results indicate accurate reconstruction of shadowed regions while
effectively preserving fine structural and textural information. Qualitative assessments further
demonstrated stable and artifact-free performance on high-resolution short-range UAV
imagery.

The findings suggest that enhanced convolutional encoder—decoder architectures remain
highly effective for shadow correction in high-detail UAV applications, offering a favorable
trade-off between reconstruction accuracy and computational efficiency. Integrating such deep
convolutional frameworks into UAV image preprocessing pipelines can significantly improve
radiometric consistency and enhance the analytical reliability of photogrammetric datasets
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Figure 1. Flowchart of the research stages showing the relationships between input data, network architecture,
training, and final output
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