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A high-fidelity line drawing extraction model based on cross-layer

fusion and joint loss optimization
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Abstract: Objective Line drawing extraction is one of the key tasks in the fields of computer vision and image processing.
It aims to extract contour and edge information automatically with semantic continuity and structural consistency from the
original image by using edge detection and feature learning techniques. In this way, a high-quality structured input for
downstream tasks, such as animation coloring, style transfer, image generation, and illustration restoration, is provided.

This task not only requires the model to identify the main outline of the object accurately but also needs to maintain the con-
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tinuity of the lines and the rationality of the overall structure while suppressing the interference of irrelevant background and
texture details. When facing complex textures and rich background images, the existing line drawing extraction methods
can obtain relatively clear lines in regular scenes; however, balancing the detail fidelity of the lines and the purity of the
background is difficult, and problems such as line breakage, blurred contours, loss of local details, and background arti-
facts are prone to occur. These problems cause the extraction results to lack semantic integrity and artistic consistency,
thereby reducing the input quality of downstream tasks and making the demands of actual creation and industrial applica-
tions for high-precision line drawings difficult to meet. In response to the above problems, this study proposes a high-
fidelity line drawing extraction model, namely, cross-level enhanced aggregation and refinement network (CLEAR-Net) ,
based on cross-level response fusion and joint loss optimization. This model fully utilizes multiscale semantic information
by integrating feature responses at different levels and introduces a joint optimization strategy , thereby effectively improving
the quality of line extraction. It suppresses background artifacts while ensuring structural consistency, thereby obtaining
pure line drawing results. Method This study made structural improvements based on U>-Net and introduced a deconvolu-
tion module to enhance the model’ s response ability to features at different levels. The model can fully restore the spatial
detail information of the deep response by adding deconvolution operations in the upsampling stage; thus, delicate edge
structure extraction is achieved in the multiscale feature fusion process. Subsequently, a dynamic side aggregation module
was proposed to achieve dynamic fusion and optimization of cross-level features. This module can automatically allocate
aggregation weights based on the correlation between features of different layers, strike a balance between global structural
information and local texture details, and effectively enhance the coherence and integrity of the line structure. A back-
ground suppression supervision mechanism is proposed for the common background artifact problem in complex texture
scenes. This mechanism enables the model to penalize the pseudo-responses in the background area dynamically. It also
effectively reduces the interference of background noise. As a result, the purity and robustness of the results are enhanced.
A joint loss function combining the background suppression loss with the improved cross-entropy loss is designed to
enhance the quality of the generated results further. As a result, the background artifacts are suppressed, and the fore-
ground lines are optimized, thereby achieving a dual improvement in line quality and background purity. Finally, this
study was conducted in collaboration with a professional art team to build the first high-precision hand-drawn dataset, Art-
Line-2K, which contains 2 000 pairs of high-quality rendered line drawing samples covering various painting styles and
complex scenes. This dataset was expanded to 10 000 pairs of samples through data augmentation. Thus, the problem of
scarce high-quality labeled data in the line drawing extraction task is effectively alleviated. A systematic comparison was
conducted with multiple advanced methods on the ArtLine-2K dataset. Result Experimental results show that the differ-
ences between the generated results of CLEAR-Net and the real annotations are difficult to distinguish with the naked eye.
The errors of its core accuracy indicators, MSE (0. 000 247) and MAE (0.004 810), and the real annotations reach sub-
pixel accuracy (MAE < 0.005), thereby achieving the breakthrough performance on ArtLine-2K. The generated results
were evaluated by professional painters and could be directly used for secondary creation. The ablation experiments were
also conducted on ArtLine-2K to verify the effectiveness of the proposed method. Conclusion Experimental results show
that CLEAR-Net achieved a breakthrough performance on ArtLine-2K. The generated results are almost indistinguishable
from the real annotations. The precision index MSE is 0. 000 247, and MAE is 0. 004 810. Moreover, the error of the pro-
posed model reaches the subpixel level (MAE < 0. 005) , which is significantly better than that of the existing methods.
Compared with other models, Clear-Net performs outstandingly in detail restoration, line continuity, and background
purity. The generated line drawings have clear and natural lines with smooth edges and no artifacts. They can be directly
used for secondary creation after being evaluated by professional artists. A systematic ablation experiment was carried out
on ArtLine-2K to verify the effectiveness of the model structure design and loss function. Results show that the introduction
of the feature extraction module, side fusion mechanism, background suppression loss, and smooth heating cross-entropy
can synergistically and significantly reduce the error. Compared with the benchmark model, the proposed model achieves
more than 95% improvement in overall performance. Furthermore, CLEAR-Net still maintains stable performance on low-
quality datasets, such as Anime Sketch Colorization Pair, thereby demonstrating excellent cross-domain generalization abil-

ity and robustness.
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Fig. 9  Comparison of the inference results of different models-2
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Table 1 Performance comparison of different models on the ArtLine-2K dataset

&) MSE | MAE | 01s 1 oDs 1 Wi 1 ZHE |
Canny(Canny, 1986) 0.123 306 0.132221 0.953 1 0.941 4 390.6 -
TEED(Soria%#,2023) 0.088 518 0.114 254 0.946 5 0.946 0 3.2 58.0 K
DexiNed (Soria % ,2020) 0.095 840 0.175 835 0.949 8 0.949 0 45 350 M
PiDiNet(Su%,2021) 0.107 059 0.177 215 0.942 6 0.9412 3.1 710.0 K
TANet(Yang %5 ,2024) 0.138 663 0.102 780 0.9423 0.941 4 3.4 60.34 M
DiffusionEdge (YeZ%#,2024) 0.140 800 0.060 476 0.9510 0.9522 0.8 225M
DDN(Li % ,2025) 0.128 721 0.077 803 0.966 3 0.966 0 5.8 412M
AL 0.000 247 0.004 810 0.998 5 0.998 1 2.2 59M
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U-NetP N N - - 0.007 921 0.032 119
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Fig. 10 Visualization of the ablation experiment results
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Fig. 11  Generalization experiment results
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