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Background

(a) Design task

(a) Image rendering from line drawings is vital in design and image generation technologies reduce costs, yet professional line
drawings demand preserving complex details. Text prompts struggle with accuracy, and image translation struggles with consistency and
fine-grained control.



Introduction to LineArt
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Materials embeddding Result

(©) Surface Layer Coloring

(a) Design task (b) Our workflow

(b) We present LineArt, a framework that transfers complex appearance onto detailed design drawings, facilitating design and artistic
creation. It generates high-fidelity materials while preserving structural accuracy by simulating hierarchical visual cognition and integrating
human artistic experience to guide the diffusion process.
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Key Ideas - Assertion Guide
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(a) Various strokes (b) Le Taureau by Pablo Picasso : Level of Abstraction in Sketching

1. Edge 2. Shading-Edge 3. Extended-Edge 4. Line 5. Blob
(c) Assertions in visual representations

Insightl:

The key lines that determine the three-dimensional structure and surface division of an object should be regarded as a closed and
continuous single line.
Insight2:

Texture and details in line drawings should be presented with significant visual representation of double lines.
Insight3:

Soft edges (a collection of points and lines) not only imply spatial gradient relationships, but the description of details can also show
material characteristics.
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c) Surface Layer Coloring

e
Layout block | Style block

Sketch draft ( I) Underpainting: establishing the tone of light and shadow ( II') Glazing: change the chroma, value, hue and texture of a surface
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( a) Flltered data types ( b) Dataset selection ( ¢ ) Data collection

(a) shows the types of data we filtered out.

(b) shows an overview of the data after the initial screening based on image complexity and manual removal of noise data.

(c) shows the data preprocessing of the selected data, including the automatic processing process of mask and three rounds of manual verification.
After (b)(c), we obtained 5101 line drawings from four design datasets: Bronze, leferSketchmg ! , ImageNet- Sketch'” DeepPaten{ ]
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Experimental Results
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