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Abstract

To address the blurring effect caused by Gaussian filtering in traditional operators, the retention of
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false pixels by conventional non-maximum suppression (NMS), and the cumbersome and unstable
manual threshold setting, an improved Canny operator algorithm based on RTYV filtering and gradi-
ent-weighted improved Otsu optimization is proposed. The algorithm uses RTV filtering to smooth
and remove noise, yielding clearer images; it further optimizes NMS via nonlinear interpolation,
eliminates false edge pixels following the principle of maximizing gradient magnitude-weighted be-
tween-class variance, and adopts a two-stage thresholding strategy to adaptively determine high
and low thresholds. This effectively enhances the continuity and stability of edge contours. Experi-
mental results demonstrate that the proposed method achieves an average F1-score of 0.836 on the
BSD500 public dataset, significantly outperforming other traditional comparative methods.
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Figure 1. Flowchart of color painting edge detection
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Figure 2. Example images from the dataset
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Table 1. Evaluation results of PSNR and SSIM for different filtering parameters
1. TERESHA PSNR 0 SSIM iFE45 R
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r 2 3 4 5 6 7
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Figure 3. PSNR and SSIM evaluation and comparison of different filtering parameters
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Figure 4. Comparison of smoothing and denoising effects on architectural color painting images
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Table 2. F1-Score test results of different algorithms on the BSD500 public dataset
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Figure 5. Qualitative comparison of edge detection results
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Figure 6. Edge detection results of the proposed method on different color paintings of ancient buildings
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Table 3. F1-score test results of different algorithms on ancient architectural color painting dataset
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