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Figure 1: Our method reconstructs 3D meshes from hand-drawn model sheets. Starting with a base mesh generated by a 3D generative
model [XLX*25], we improve both geometry and appearance to faithfully reproduce the input style. Regardless of the 3D generative mod-
els [Dee25; LLC25] used to obtain the base mesh, our method produces consistent reconstruction results. Input image: ©Luigil/DeviantArt,
licensed under CC BY-NC-ND 3.0.

Our result

Abstract

Hand-drawn model sheets are widely used in character design to define 3D shape and appearance through sparse multi-view
drawings. Reconstructing 3D characters from such sparse inputs has traditionally been challenging due to insufficient visual
information. Recently, 3D generative models have enabled automatic reconstruction of plausible 3D characters by learning
from large-scale training data, but achieving reconstructions that accurately match the input model sheets remains limited.
In this paper, we present a framework that leverages the power of a 3D generative model for initial reconstruction and en-
hances the output to faithfully reproduce input model sheets. For such faithful reconstruction, we must address two fundamental
challenges: (1) the hand-drawn nature inherently introduces multi-view inconsistencies where the generated 3D geometry can-
not perfectly align with all views, and (2) view-dependent line elements along geometry boundaries interfere with accurate
texture reconstruction. To address these challenges, we optimize the geometry to minimize multi-view inconsistencies and intro-
duce a deformable per-pixel camera ray representation that resolves residual discrepancies in cross-view correspondences. We
also decompose drawings into three distinct layers of view-dependent lines, view-independent colors, and fine-detail decals to
separately handle view-dependent and view-independent components for consistent cross-view reconstruction. Comprehensive
experiments demonstrate that our method outperforms possible alternatives regardless of the choice of 3D generative model,
while successfully preserving both artistic intent and visual fidelity of input model sheets.

CCS Concepts
* Computing methodologies — Mesh models; Texturing; Non-photorealistic rendering; Image-based rendering;

1. Introduction

Character model sheets are a fundamental tool for artists to ef-
ficiently define the 3D geometry and appearance of characters

T Corresponding author.

© 2026 The Author(s). Computer Graphics Forum published by Eurographics - The European Asso-

ciation for Computer Graphics and John Wiley & Sons Ltd. CGF 45-2 | e70323

This is an open access article under the terms of the Creative Commons Attribution-NonCommercial-

NoDerivs License, which permits use, distribution in any medium, provided the original work is delivered by

properly cited, the use is non-commercial and no modifications or adaptations are made. [ m EU ROG RAPH I cs
: DIGITAL LIBRARY
www.eg.org diglib.eg.org



https://orcid.org/0009-0004-4423-8544
https://orcid.org/0000-0002-1442-9399
https://orcid.org/0009-0008-5919-4184
https://orcid.org/0000-0002-8159-4271
https://doi.org/10.1111/cgf.70323

2of 16 H. Yoon, W. Jang, Y. Hwang, S. Lee / 3D Character Reconstruction from Hand-drawn Model Sheets

through multi-view drawings. Despite containing only a limited
number of views, these carefully crafted drawings enable view-
ers to readily imagine the complete 3D shape and appearance of a
character. This remarkable efficiency makes character model sheets
the essential communication bridge between 2D character design-
ers and 3D modeling artists, conveying meaningful 3D information
about character design.

Automatically reconstructing 3D characters from these model
sheets has traditionally been restricted due to sparse input views.
Recently, the emergence of 3D generative models [XLX*25;
HYY*25] has enabled plausible 3D character reconstruction from
just a handful of drawings by leveraging learned priors from exten-
sive training data. While these 3D generative models provide a sig-
nificant breakthrough in handling sparse inputs, the generated 3D
character models still exhibit notable visual discrepancies from the
original drawings. The output geometry is often misaligned with
the input views, and textures lose critical artistic details including
line work, color choices, and shading styles that define the charac-
ter’s visual identity. Thus, our goal is to bridge this remaining gap
by enhancing both the geometry and texture of the initial recon-
struction to accurately match the input model sheets and preserve
the artistic intent of the original drawings, as shown in Figure 1.

Achieving faithful 3D reconstruction from model sheets presents
two main challenges. First, hand-drawn model sheets inherently
contain multi-view inconsistencies, where no single 3D geometry
can perfectly align with all views [ZQG*20]. This geometric am-
biguity impedes a consistent 3D reconstruction that respects the
appearance from all provided views. Second, view-dependent line
elements along silhouettes and internal boundaries interfere with
accurate texture reconstruction [ZXLF24]. These lines, essential to
the structural definition of character drawings, change position and
visibility with viewing angle. This view-dependency causes direct
texture projection from multi-view drawings to produce undesir-
able line artifacts.

To better handle these challenges, we preprocess the input model
sheets using a drawing decomposition step that converts hand-
drawn inputs into a reconstruction-friendly representation. The
goal of our drawing decomposition is to remove view-dependent
components from the input drawings and to enforce consistent
color labels for corresponding parts across different drawings.
Specifically, we decompose each drawing into three layers: view-
dependent line elements, view-independent flat colors, and fine-
detail decals. By isolating view-dependent lines and assigning con-
sistent color labels across views, this decomposition provides clean
appearance information and cross-view consistency cues that are
later exploited during geometry and texture reconstruction.

In this paper, we propose a framework that leverages 3D gen-
erative models for robust initial reconstruction, and present novel
techniques to faithfully reproduce input model sheets by address-
ing multi-view inconsistencies and view-dependent line elements.
Starting from the generated model, we optimize the geometry to
minimize multi-view misalignment. To handle residual discrepan-
cies that cannot be resolved through geometric optimization alone,
we introduce a deformable per-pixel camera ray representation.
The cross-view consistency cues established by drawing decompo-
sition help guide this optimization by providing reliable part-level

correspondences across drawings. By allowing each pixel’s camera
ray to deform independently, our approach achieves correct cross-
view correspondences, even when the hand-drawn nature of model
sheets makes perfect geometric consistency impossible.

Once we establish reliable correspondences through our de-
formable per-pixel ray representation, the next challenge lies in re-
constructing textures from the input drawings. To avoid artifacts
caused by view-dependent line elements, we reconstruct mesh tex-
tures using only the view-independent flat color layer obtained
from drawing decomposition. Fine-detail decals, which represent
small visual elements like facial features and decorative patterns,
are captured separately as colored point clouds to maintain their
precise appearance. Through this layered reconstruction approach,
we ensure that the characteristic appearance of model sheets is well
represented in the final 3D model.

In summary, our main contributions are:

e A novel framework that enhances 3D generative model outputs
to faithfully reproduce input model sheets through geometry and
texture enhancements.

e A drawing decomposition strategy that removes view-dependent
elements and enforces cross-view color consistency, providing
reliable cues for downstream reconstruction.

o A deformable per-pixel camera ray representation that enables
accurate cross-view correspondences even in the presence of in-
herent multi-view inconsistencies in hand-drawn model sheets.

e A layered appearance reconstruction approach that separately
handles view-dependent lines, view-independent colors, and
fine-detail decals, ensuring accurate preservation of the appear-
ance of input drawings.

2. Related Work
2.1. 3D Reconstruction from Sketches and Drawings

Sketch-based modeling represents one of the earliest attempts
to derive 3D shapes from hand-drawn input [IMT99; SWSJ07;
NISAO7]. This approach established a new workflow for creat-
ing 3D geometry, but modeling is still challenging to deliberately
manage view changes to realize the intended 3D shape. Motivated
by modeling directly from 2D drawings, a line of work recon-
structs 3D shapes from a single sketch. SmoothSketch [KH06] in-
terpreted occlusions in sketches to predict their depth relations. Li
et al. [LPL*18] employ CNNs to predict flow fields followed with
normal and depth maps. Given the inherent ill-posedness of lifting
sparse line drawings to 3D, most approaches are learning-based as
deep learning has matured [GYS*22; ZPW*23]. To mitigate am-
biguity in the single-view setting, several methods incorporate ex-
plicit annotations [LPL*17; XCS*14; LPBM20; PMKB23]. Due
to the inherent uncertainty of single-view sketches, prior work has
largely treated them as a medium for concept expression rather than
accurate 3D specification.

To further constrain geometry, some methods accept multi-view
sketches as input. Lun et al. [LGK*17] take front and side sketches
to estimate multi-view normals and depths and fuse them into a
point cloud. In a similar approach with image translation, Han et
al. [HMLZ20] reconstruct shapes from predicted attenuance im-
ages. Delanoy et al. [DAI*18] and Kim et al. [KHW*22] refine
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reconstructions progressively or iteratively to integrate multiple
sketches. Zhou et al. [ZLY*23] introduce an interactive modeling
system that allows users to refine rendered sketches from arbitrary
views. Chen et al. [CYW#*24] train a NeRF from sketches, and
SAniHead [DHF*20] performs mesh deformation and refinement
for 3D reconstruction. In practice, many of these methods rely on
two orthogonal views or staged refinement to avoid multi-view in-
consistency, and they report robustness only on synthetically gener-
ated sketches. A few studies directly address hand-drawn sketches
rather than synthetic inputs. Zhong et al. [ZQG*20] observe that
even professional sketches exhibit ambiguity and stroke misalign-
ment. Wang et al. [WLY*22] point out distortions as a key chal-
lenging point of hand-drawn sketches. Xu et al. [XHY*22] further
extensively analyzed challenges of free-hand sketches.

Drawings, which have colors in addition to sketch lines, have
also been used for 3D reconstruction. Buchanan et al. [BMD13]
estimate a 3D shape from a single concept art via skeleton ex-
traction. Ink-and-Ray [SKC*14] constructs bas-relief geometry us-
ing layered depth and inflation. Monster Mash [DSC*20] and
CreatureShop [ZYC*22] further employ inflation operations to re-
cover complete textured 3D meshes. RABIT [LCD*23] leverages
a parametric model for biped cartoon characters, while methods
for children’s drawings preserve stylistic cues via 2.5D recon-
struction [SZL*23; SHY25]. DrawingSpinUp [ZXLF24] uses Al-
generated meshes and removes silhouette lines to produce visually
pleasing textures. While these approaches yield plausible results,
they typically rely on a single view, limiting users’ ability to control
shape across multiple orthographic views, which is a key require-
ment in character design.

2.2. Image-to-3D Generation

Recent progress in 3D generation has been accelerated by ad-
vances of 2D generative models. Early pipelines optimized NeRF-
style radiance fields or 3D Gaussians directly under 2D pri-
ors [MRP*23; WLW*23; TRZ*23], but the Janus artifact under-
scored that strong multi-view consistency is essential for reliable
shape recovery [SWY*23]. To enforce such consistency from a
single view, a prominent line of work first synthesizes multi-view
consistent images and then reconstructs 3D from them [SWY*23;
LLZ*23; SCZ*23; LGL*24]. As a later work, Fancy123 [YLT*25]
deforms 2D images and the 3D mesh to improve multi-view con-
sistency and reduce ghosting artifacts.

In parallel, the approach that directly outputs 3D meshes has
gained attention [GSW*22; CCJJ23; QMH*23]. Large-scale mod-
els, which are trained on massive datasets, encode the input image
into a latent space and decode a 3D representation in the form of
radiance field, Gaussians, or mesh [HZG*23; WLZ*24; LZL*25;
XLX*25; HYY*25]. Despite their robustness to unknown cameras
and in-the-wild inputs, encoding and decoding through a latent bot-
tleneck tends to suppress delicate visual details, reducing fidelity to
fine-scale geometric and appearance.

While most generation methods target photorealistic or
rendered-style images as input, methods for character drawings
have been proposed. PANiIC-3D [CZS*23] reconstructs character
heads from anime-style single drawings. CharacterGen [PZG*24]
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creates 3D character models in canonical poses from arbitrar-
ily posed single character drawings. CharNeRF [CCRB24] tar-
gets concept art but handles only drawings from three fixed views.
Toon3D [WPM#*24] addresses distortions in scene-level draw-
ings using user-annotated correspondences and ARAP warping.
CoNR [LHH22] synthesizes neural-rendered images from anime
character sheets. While these methods push towards 3D reconstruc-
tion from character drawings, they address distinct problem settings
compared to our work, characterized by restricted input views or
their specific input domains and output representations.

2.3. Texture Reconstruction

Given calibrated multi-view images and a reconstructed surface,
classical pipelines recover seamless textures along two comple-
mentary axes: (i) photometric color optimization on the surface or
UV domain to suppress seams and exposure drift, and (ii) opti-
mizing where to sample colors from the images via per-texel (or
per-face) source-view assignment. Early seamless mosaicing for-
mulations select source views and seam boundaries by minimiz-
ing a global energy to reduce visible seams [LI07; GWO*10]. At
large scales, Waechter et al. [WMG14] propose a unified pipeline
integrating view selection and color adjustment, enabling robust
texturing of large real-world reconstructions. Jeon et al. [JJKL16]
optimize texture coordinates to reduce multi-view photometric in-
consistency. To address geometry-texture misalignments, Zhou and
Koltun [ZK14] and Fu et al. [FYY*18] employ non-rigid correc-
tion with control grids, while Bi et al. [BKR17] propose patch-
based optimization to manage larger errors. Recently, Knodt et
al. [KPWG23] jointly optimize the UV layout and the baking pro-
cess to lower distortion and preserve high-frequency detail during
color optimization. However, as these methods are tailored for pho-
tographic data with subtle misalignments, they are ineffective for
the severe and irregular distortions in our hand-drawn inputs.

Recent methods synthesize textures for a given mesh un-
der image guidance. TEXTure [RMA*23] presents a text-guided
texture generation method that leverages a pretrained diffusion
prior, and it also supports reference-image-guided texture transfer.
StyleMesh [HIN22] performs style-image-guided texture styliza-
tion on reconstructed meshes by jointly optimizing a global tex-
ture with multiple views. TextureDreamer [YHK*24] transfers tex-
tures from a sparse set of input photographs to a target mesh using
geometry-aware diffusion. Direct UV map synthesis has also been
explored: TEXGen [YYG*24] trains a large diffusion model to
generate high-resolution UV textures conditioned on a single refer-
ence image or text. For artwork inputs, AlignTex [ZXW*25] com-
bines image alignment and UV-space inpainting to produce pixel-
precise and multi-view consistent textures. These image-guided
texture generation methods utilize learned priors to inject infor-
mation beyond the observed pixels, where direct projections are
incomplete. Both classical and learning-based approaches form
the basis of texture reconstruction, and we compare representative
methods in our evaluation.

3. Overview

Our framework reconstructs 3D characters from model sheets
through four key components: base mesh generation, drawing de-
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Base mesh
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Drawing decomposition

Drawing-aligned
geometric correspondences

Output renderings

Layered appearance

reconstruction Layered rendering for stylization

Figure 2: Pipeline overview. Our method takes a hand-drawn model sheet comprising multi-view drawings as the input and produces a
faithful 3D colored mesh. Our method also offers non-photorealistic layered rendering of the final 3D model to reproduce the input style.

Input image: ©Aiyanimation/DeviantArt, CC BY-NC-ND 3.0.

composition, drawing-aligned correspondences, and layered ap-
pearance reconstruction. In this section, we provide a brief
overview of each component. We first introduce base mesh gen-
eration as the initial step of our pipeline. We then describe drawing
decomposition as the next step, which will be presented in detail
in Section 4. For our main contributions of drawing-aligned corre-
spondences and layered appearance reconstruction, we will elabo-
rate them in Sections 5 and 6, respectively. The overall pipeline is
illustrated in Figure 2.

Base mesh generation We initialize our pipeline by generating a
3D base character mesh from the input model sheet using TREL-
LIS [XLX*25]; as we demonstrate in Section 7.5, any 3D gener-
ative model can be employed for base mesh generation. However,
regardless of which 3D generative model is employed, the result-
ing geometry still suffers from misalignment with the input model
sheet. The generated appearance also exhibits noticeable discrep-
ancies from the original model sheets.

Drawing decomposition View-dependent elements in drawings,
such as lines along silhouettes, change their positions and visibil-
ities across views, making multi-view consistent 3D reconstruc-
tion challenging. To address these view-dependent effects, we de-
compose input drawings into three distinct layers: view-dependent
lines, fine-detail decals, and view-independent colors. While the
line and color layers are processed automatically, the extraction of
fine-detail decals is facilitated by coarse user-defined masks to en-
sure precise isolation of intricate features.

Drawing-aligned geometric correspondences Establishing accu-
rate alignment between geometry and cameras is crucial for accu-
rate 3D reconstruction. We begin by calibrating cameras through
rigid transformation to achieve initial alignment between the base
mesh and input drawings. We then deform the mesh to minimize
multi-view inconsistencies. To address residual misalignment, we
introduce a deformable per-pixel camera ray representation that en-
ables robust cross-view correspondence construction.

Layered appearance reconstruction Using the decomposed
drawing layers, we reconstruct the 3D character appearance by sep-

Input Drawing Decomposition Reconstruction
i . . -
H I I “ “ '
t ™ AR ‘i

Composed

Image Mask  Decal Palette Color Line Decal
X Color+Line+Decal

1k Mk, mask P I,
Figure 3: Overview of the drawing decomposition step and the re-
construction result. Given an input drawing along with its mask and
a user-defined decal mask, our method extracts a color palette and
decomposes the drawing into color, line, and decal layers. Com-
positing these layers reconstructs an image that is visually consis-
tent with the input, demonstrating the effectiveness of the decom-
position.

arately handling each layer. View-dependent lines extracted from
the drawings are excluded from texture reconstruction to elimi-
nate view-dependent artifacts, then reintroduced during rendering
through line drawing techniques to preserve the original sketch
style. Fine-detail decals are reconstructed as colored point clouds
attached on the base mesh surface to preserve their intricate details.
View-independent colors, containing essential appearance infor-
mation, are reconstructed using part-based mesh coloring through
color palette and graph-cut optimization.

4. Drawing Decomposition

The goal of our drawing decomposition is to remove view-
dependent components from the input drawings and to enforce con-
sistent color labels for corresponding parts across different draw-
ings. Character model sheets typically define a consistent color
palette that captures character identity and employ flat coloring to
maintain visual consistency across drawings. Based on these prop-
erties, we treat the flat color layer as view-independent and consis-
tent across views. To this end, given input drawings {Ii';}, their
binary masks {Mikn}, and user-defined decal masks, our method
extracts the flat color layer from each drawing by first removing
sketch lines and then separating fine-detail decals. The overview of
the drawing decomposition pipeline is illustrated in Figure 3.
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View-dependent lines View-dependent lines define character
structure along silhouettes and internal boundaries, including oc-
clusion lines and suggestive contours [DFRS03], naturally varying
with viewpoint. While traditional edge detection methods [Can86;
SF*68] can identify these features, they typically produce noisy and
fragmented results unsuitable for clean line extraction. We there-
fore employ a state-of-the-art learning-based line drawing genera-
tion method, Informative Drawings [CDI22] that produces cleaner
and more coherent line structures. To eliminate residual noise and
ensure line continuity, we apply morphological operations as a
post-processing step, yielding refined line drawings that accurately
capture the essential structural elements of the input drawings.

View-independent colors After removing the view-dependent
lines, we obtain view-independent color regions that maintain con-
sistency across views, providing a reliable foundation for both es-
tablishing cross-view correspondences and reconstructing charac-
ter appearance. We further refine these regions by removing color
noise and inpainting areas left by line removal, yielding coherent
flat color regions.

Specifically, we first construct a global color palette by clustering
dominant colors from all input drawings in the CIELAB color space
using HDBSCAN [CMS13], followed by iterative merging of small
nearby clusters until convergence. This process results in a palette

P={cy,...,cL}, 0))

where L is the number of resulting clusters and each ¢, represents
a representative RGB color shared across views.

Using this palette, we decompose each input drawing into view-

independent flat color regions. Given an input RGB image Ii];, we
assign a discrete color label to each pixel by solving a per-drawing

graph cut optimization [BVZ02], yielding a label image
Y* = GraphCut(I},; P), )

where Y* € {1,...,L}1*W encodes the flat color layer for view k.
The corresponding RGB flat color image is then reconstructed by
mapping each label to its palette color,

Lol (P) = cy(p)s 3)

resulting in a clean, view-independent color image Ié‘ol. This flat
view-independent color layer serves as supervision for image-
based loss functions in subsequent optimization stages.

Fine-detail decals Fine-detail decals encompass intricate ele-
ments like facial features and decorative patterns, which commonly
break view consistency due to their complexity. To preserve these
critical features, we separately extract decals using user-defined
masks specifying fine-detail areas, where each decal is extracted
from a single user-specified view. We identify the dominant color
label from the established palette for each decal region, and then
employ a chroma-key method to remove background colors. This
approach allows users to roughly specify masks without requiring
precise boundaries. The non-background decals seamlessly inte-
grate with the base color rendering, as the base color palette is also
extracted from the drawing.

© 2026 Eurographics - The European Association
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5. Drawing-aligned Geometric Correspondences

Establishing accurate geometric correspondences between the base
mesh and input drawings requires addressing inherent multi-view
inconsistencies in hand-drawn model sheets. We propose a three-
stage alignment strategy: rigid camera calibration for initial view
parameters, mesh deformation to minimize multi-view inconsis-
tencies, and per-pixel camera ray deformation to handle residual
distortions. This progressive refinement ensures robust cross-view
correspondences between 3D geometry and 2D drawings, enabling
faithful appearance reconstruction in Section 6.

5.1. Initial Camera Setup

We calibrate camera extrinsic parameters through rigid alignment,
optimizing per-view scale and translation while maintaining fixed
mesh geometry. We adopt an orthographic projection model and
assume yaw-aligned input views, as commonly assumed in hand-
drawn model sheets, which ensures consistent proportions across
views and avoids perspective distortion. We initialize rotation ma-
trices {Ry }le from user-specified yaw angles and optimize scale
variables {s;}X_, and translation variables {t) }& | for K input
views.

With the fixed base textured mesh M, we render the correspond-
ing binary mask and the RGB color images under the view trans-
form [s;Ry|tx]:

k
Riask = Rendermask(M; [SkRk ‘ tk])a

; @
R¢o1 = Renderqo (M [sg Ry | ti]).
The alignment objective minimizes discrepancies between ren-
dered and input drawings:

2

.06

K
k k
£align = Z HRmask — M, 5
k=1

2 ek
+ Z HRCOI 7Iin
2 =

We employ differentiable rendering [LHK*20] for gradient compu-
tation, optimizing s; and ty through gradient-based minimization of
[faligm

5.2. Mesh Deformation for Multi-view Consistency

To minimize view-dependent distortions across input drawings,
we deform the base mesh using a Jacobian field-based ap-
proach [AGK*22; GAG*23; YKKS24; JAC*21] that produces
smooth deformations. To prevent singularities, we preprocess the
base mesh to guarantee two-manifold topology before deformation.
We optimize the Jacobian fields while fixing the view matrices,
guided by the mask and color losses defined in Eq. (5). At each
iteration, vertex positions are recomputed from the updated Jaco-
bian fields. This mesh deformation step effectively adapts the ge-
ometry to reduce multi-view inconsistencies, yielding well-aligned
geometry for subsequent geometric correspondence construction.

5.3. Deformable Per-pixel Camera Ray

While geometric alignment reduces multi-view inconsistencies,
hand-drawn model sheets inherently contain distortions that can-
not be fully resolved through geometry deformation alone. To es-
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Pinhole camera
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Figure 4: Comparison of camera models projecting a 3D mesh
(colored circle) onto the image plane (colored bar). Orthographic
and pinhole models cannot adequately capture the irregular draw-
ing distortions. In contrast, our deformable per-pixel camera ray
decouples projection into two stages: the mesh is first orthograph-
ically projected (right bar), and then the ray origins are shifted to
produce the final image-plane projection (left bar), providing high
flexibility to handle multi-view inconsistent distortions inherent in
hand-drawn model sheets.

wkak) W k)
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(b) Consistency loss

Render

Figure 5: lllustration of two loss functions for per-pixel camera ray
deformation. (a) Image loss measures the difference between ren-
dered mesh images and inversely warped view-independent color
layers. During rendering the mesh, 3D points are projected onto
each view through deformable per-pixel camera rays. (b) Consis-
tency loss is computed by comparing colors at the projected pix-
els of identical 3D points across different views, using inversely
warped label-wise masks.

tablish meaningful cross-view correspondences despite these mis-
alignments, we propose deformable per-pixel camera ray to better
align the geometry with input drawings.

Traditional camera models [GD00; KB06; TEQ7; MR07] assume
fixed or limited camera viewpoints, making them unsuitable for
capturing the irregular perspective distortions in drawings. In con-
trast, ray-based camera models [GNO1; GNO5; SLPS20], where
each pixel is represented as a ray with an origin and a direction,
provide the flexibility needed for non-photographic content. We
combine the ray-based camera model with orthographic projec-
tion: rays within each view maintain parallel directions but origi-
nate from displaced positions that have been shifted from the reg-
ular pixel grid. This formulation effectively decouples our camera
model into two components, orthographic projection and image-
space warping, providing high flexibility with low computational
cost, as shown in Figure 4.

Under our orthographic assumption, displacing a ray’s origin is
equivalent to reassigning it to a different pixel’s ray on the im-
age plane. We therefore model per-pixel ray origins as a displace-
ment field over the image domain, eliminating explicit ray casting
during optimization. This formulation requires only a single ren-
dered image per view, making the optimization process efficient

and tractable while maintaining sufficient flexibility to capture lo-
cal drawing distortions.

We parameterize the displacement field using B-spline free-form
deformation [BS18; Ros16]. For each view, the displacement at
pixel coordinate (u,v) " is computed as:

n—1n—1
D (u.v) =Y, Y Bilu) B;(v) Ci. (®)
i=0 j=0
where {B;(u) ?:_01 and {B;(v) ;:0] are cubic B-spline basis func-

J
denote inverse warping of image / at view k under the displacement

field D by the operator W:

tions, and {Cf‘ eR? :lj;lo are control points on an n X n grid. We

WA D] () =1(p+D" (). )

To leverage the textured base mesh as guidance, we render it
from each rigidly aligned view using orthographic projection. We
optimize inverse warping to align the rendered images with the
view-independent color layers. The image loss is defined as:

K
£img = Z Hwk(l(]:col) _R]éol Hi ®
k=1

This formulation aligns each view to the shared mesh, thereby cou-
pling the per-view deformations and implicitly enforcing multi-
view consistency.

While the image loss provides indirect cross-view alignment
through geometry, explicit correspondence constraints further im-
prove multi-view consistency. We introduce a consistency loss that
exploits the color labels from view-independent color layers. This
loss ensures that 3D surface points, when projected through in-
verse warping fields, maintain consistent color labels across mul-
tiple views.

For a set of sampled surface points S and view pairs V con-
structed from adjacent views sorted by rotation angle, the consis-
tency loss is:

1

l:cons = E x;g

1

w(rk vr x), 9
e e

(k,k")EV(X)

where V(x) C V denotes the subset of view pairs (k,k’) in which
surface point x is visible in both views. The label-consistency func-
tion ¥ compares color labels across adjacent views using softly ex-
tended label masks after inverse warping.

Given the flat color label image Y k. we define the discrete label
indicator

3 (p) = 1[¥*(p) =1 € {0,1}, (10)
and its soft extension
k
8/ (p) = max (0,1”1’@(’”) e [0,1], an

where d;‘ (p) measures the distance to the nearest pixel with la-
bel [, and T controls the extent of the soft transition. The label-
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consistency function for a surface point x is then defined as

L
k k' k &k K zk
PO YEx) =) W) (i (x)) = W™ (8 ) (I (x)) |, (12)
=1
where the projection I (x) maps point x to its image coordinates in
view k. This formulation encourages label consistency and ensures
that the loss increases smoothly with boundary misalignment, pre-
serving discrete color regions while remaining differentiable.

The computation process for image and consistency loss terms is
illustrated in Figure 5. The complete objective function combines
these terms with regularization:

ﬁcamera = Clmg + }\'COHS£COHS + A'reg »Creg, (13)

where Lreg penalizes excessive deformations through norms of
control points and the warping field Jacobian. Refer to the supple-
mentary document for the full definition of Lreg.

6. Layered Appearance Reconstruction

We structure our rendering pipeline into three layers, mirroring the
drawing decomposition described in Section 4. This section details
the 3D reconstruction methods for color and decal layer. We then
present a layered rendering approach, including construction of the
line layer, that faithfully reproduces the stylized appearance of the
input model sheet. This layered approach enables faithful reproduc-
tion of the input model sheet’s stylized appearance while maintain-
ing rendering flexibility across novel viewpoints.

6.1. Palette-based Mesh Coloring

A view-independent color layer represents a set of colors that re-
main consistent across multi-view drawings. To extract this layer,
we first perform color histogram analysis for global color palette
construction from input drawings. This palette enables the identi-
fication of consistent regions across multiple views and facilitates
noise removal in flat color areas. Subsequently, we segment each
drawing into pixel clusters sharing the same colors, considering
only non-line pixels. We employ graph cut optimization [BVZ02]
that ensures clean color boundaries by assigning corresponding
color labels to all pixels, including removed sketch lines.

Given the global color palette, we propose a part-based mesh
coloring approach that assigns discrete palette colors to mesh tri-
angles. Rather than recovering per-pixel textures as in traditional
methods [LI07; WMG14], our approach estimates color boundaries
through robust graph-cut optimization [BVZ02]. While per-pixel
optimization is sensitive to view inconsistency, boundary optimiza-
tion absorbs pixel-level noise and boundary position uncertainty,
consolidating them into consistent part regions across views.

We first compute an initial color for each triangle by aggregating
pixel colors from its projections across all views. For triangle ¢, the
initial color a; is computed as:

1 K
a[:mkg

1 k
— Y Lea(p), (14)
1 | t‘pegf

where QF represents the set of pixels covered by triangle #’s projec-
tion in view k.
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Color projection

Average Discretized Refined

Figure 6: Results of the palette-based mesh coloring process. View-
independent color layers are projected onto the mesh using de-
formable per-pixel camera rays. Initial triangle-wise colors are
computed by averaging projected pixels (magenta indicates trian-
gles invisible from all views). These colors are then discretized to
palette colors through graph-cut optimization. Finally, boundaries
are refined through smoothing to produce cleaner part-wise col-
orization.

We formulate palette color assignment as a discrete labeling
problem optimized via graph cuts [VD]. Our energy function com-
bines unary and pairwise terms:

E(q) =Y U(t,q)+L Y P(t,t'), (15)
i (1)

where ¢; denotes the palette label assigned to triangle ¢, and A con-
trols the regularization strength. The unary term U(t,q) = ||ar —
¢q|3 measures color similarity between the initial triangle color
and palette colors. The pairwise term P(t,t") = w; ;- 1[q; # qy/] en-
forces label consistency between adjacent triangles while preserv-
ing important boundaries. Refer to the supplementary document for
the formulation of edge weight w; ;.

This formulation naturally produces clean part boundaries
aligned with both drawing lines and geometric features. The graph-
cut optimization effectively suppresses noise and artifacts from
view inconsistencies. The discrete color assignment inherently
matches the abstraction level of flat-colored inputs, and it explic-
itly defines part boundaries, which enables rendering them as 2D
lines in the later layered rendering step.

Boundary refinement The triangle-wise coloring can produce
jagged boundaries that deviate from the smooth color boundaries
presented in the original drawings. We address this through a refine-
ment step that regularizes the boundaries while maintaining their
alignment with the underlying surface geometry. We begin by ap-
plying graph-based label propagation to smooth out color assign-
ments near boundaries, using majority voting among neighboring
triangles to reduce label noise. Small outlier clusters are also iden-
tified and removed when they contain fewer than 20 triangles.

To achieve smooth boundary curves, we extract edge sequences
along color discontinuities and treat them as 3D polylines. We then
apply iterative Laplacian smoothing [Tau95], where each vertex is
moved toward the average position of its neighbors along the chain.
This smoothing is applied for a small number of iterations to mit-
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Figure 7: Comparison with base mesh. Compared to the base mesh generated by TRELLIS [XLX*25], our results more accurately repro-
duce input colors and expressive details, such as hair silhouette and facial expressions. For the bottom-left example (5), the base mesh is
generated from preprocessed images obtained by using Gemini [Dee25] to introduce shading information. Input images (left to right, top to
bottom): ©Crystal-Ribbon/DevianArt (1, 3), ©MarwanGreenCritter/DevianArt (2), ©Atrox-C/DevianArt (4), ©Aiyanimation/DevianArt (5),
©Pepperistia/DevianArt (6); CC BY-NC-ND 3.0 (1-5); CC BY-NC-SA 3.0 (6).
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igate boundary irregularities without significantly deviating from
the input drawings. After each smoothing iteration, the displaced
vertices are projected back onto the mesh surface to maintain ge-
ometric consistency. This process produces visually pleasing 3D
color boundaries that accurately represent the smooth color bound-
aries in the input drawings, as shown in Figure 6.

6.2. Fine-detail Decal Reconstruction

We lift the decal pixels obtained from Section 4 into colored 3D
points using an extended depth map rendered from the mesh at the
corresponding view. To mitigate errors near object silhouettes, the
depth map is extended by filling background pixels via nearest-
neighbor propagation, ensuring spatially consistent depth assign-
ments.

6.3. Layered Rendering for Stylization

We structure our rendering process to mimic the layered composi-
tion of hand-drawn model sheets, comprising line, color, and de-
cal layers. For the line layer, we apply non-photorealistic render-
ing technique [Com24] to draw lines on silhouettes and contours
from the mesh geometry, with edges at color boundaries addition-
ally rendered as lines. The color layer renders the mesh with flat
diffuse colors without shading or illumination effects, producing
an albedo-like representation that captures the part-based coloring
characteristic in hand-drawn model sheets. For decals, we render
them as point clouds where each point inherits visibility from its
nearest mesh triangle. Notably, image-space warping fields are not
applied during rendering, as they are designed primarily to com-
pensate for inherent distortions in hand-drawn inputs. The final out-
put is generated by compositing the color, line, and decal layers in
sequence. This hierarchical composition faithfully reproduces the
stylized appearance of the original hand-drawn model sheets.

7. Experiments

We validate our method on real-world character model sheets col-
lected from online sources under Creative Commons licenses. Our
test set was assembled by querying for model sheet, character
sheet, and turnaround sheet among related terms. From each col-
lected image, we manually filter out text, logos, and other non-
character elements. We focused on hand-drawn model sheets, ex-
cluding heavily shaded artwork outside the scope of our method.

For base mesh generation, we primarily employed TREL-
LIS [XLX*25]. When TRELLIS failed to generate 3D base meshes
due to insufficient 3D cues in hand-drawn inputs, we preprocessed
the images using Gemini [Dee25] to introduce shading information
and enhance resolution, enabling TRELLIS to better handle those
challenging inputs.

All experiments were conducted on a single NVIDIA RTX 4090
GPU. Processing time scales linearly with the number of input
views, requiring approximately 1 minute for three-view inputs and
3 minutes for eight-view inputs. Refer to the supplementary docu-
ment for further implementation details including hyperparameters.

© 2026 Eurographics - The European Association
for Computer Graphics and John Wiley & Sons Ltd.

7.1. Results

Comparison with base mesh We present experimental results on
several examples in Figure 7, showing the input drawings, the base
meshes generated by TRELLIS [XLX*25], and the final results
produced by our method. While the base meshes capture semantic
similarity to the input drawings, they remains limited in accurately
reflecting the colors and expressive details in the input drawings. In
contrast, our method better aligns geometry with the input, enabling
accurate color reproduction and the recovery of facial expressions
through decal point clouds.

Step-by-step intermediate results We visualize intermediate re-
sults throughout our framework in Figure 8. The initial misalign-
ments between the base mesh and the input drawings are progres-
sively resolved via mesh deformation and camera ray optimization.
The base mesh is first deformed under the guidance of the input
drawings. The per-pixel camera rays are then optimized to estab-
lish exact correspondences between the base mesh and drawings.
These accurate correspondences enable consistent color projection
across views, resulting in final renderings that faithfully reproduce
the input drawings.

7.2. Comparison

We compare our method against existing texture reconstruction and
generation approaches in Figure 9. All methods used identical input
drawings and base meshes generated by TRELLIS [XLX*25]. For
MYVS-Texturing, we provided the camera extrinsic parameters esti-
mated during our initial camera setup stage, in which camera poses
were rigidly aligned. For fair comparison, we rendered diffuse color
and line layers for the two comparison methods in a manner similar
to our layered rendering method.

MVS-Texturing [WMG14] represents traditional multi-view tex-
ture reconstruction, employing view selection and color blending
to minimize seam artifacts. While robust for photorealistic inputs,
it suffers from significant artifacts when applied to hand-drawn
model sheets, as the method cannot distinguish between view-
dependent and independent components. The view-dependent lines
become baked into the texture, creating inconsistent line artifacts
across the mesh surface that disrupt the intended appearance.

TEXTure [RMA*23] leverages diffusion models for texture gen-
eration from reference images without requiring camera parame-
ters. Although it successfully transfers the overall style and color
palette, the method struggles to preserve fine details and precise
color boundaries. The generated textures often exhibit blurred de-
tails and color bleeding at region boundaries, failing to maintain the
sharp, clean characteristic of hand-drawn model sheets.

In contrast, our method explicitly addresses the unique chal-
lenges of hand-drawn inputs through drawing decomposition and
layered appearance reconstruction. By separating view-dependent
lines and fine-detail decals from model sheets, we avoid line-baking
artifacts while preserving the precise color boundaries and fine de-
tails that define character appearance. Our deformable camera ray
representation ensures accurate texture projection despite multi-
view inconsistency, resulting in textures that faithfully reproduce
the original visual style.
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Figure 8: Step-by-step intermediate results. The pink and blue streams indicate the flow of information from input drawings and the base
mesh, respectively. The small arrows branching from each main stream denote optimization guidance. Magenta on the color-projected mesh
indicates triangles that are invisible in all input drawing. Input image: ©tanya_buka/DeviantArt, CC BY-NC-ND 3.0.

Table 1: User study results: mean scores and p-values.

Metric Base mesh  Ours  p-value
Appearance fidelity 2.99 418 < 0.001
Geometric alignment 3.53 394 <0.05
Novel view consistency 3.30 395 <0.001

7.3. User Study and Professional Feedback

To validate our method’s visual quality and practical utility, we con-
ducted a subjective user study and gathered feedback from profes-
sional artists.

User study We conducted a user study with 30 participants to
compare our method against the base mesh generated by TREL-
LIS [XLX*25]. The study was designed as a blinded A/B test us-
ing 10 character examples presented in this paper. For each exam-
ple, participants were shown the original input model sheet along-
side the base mesh and our result in a randomized order. To ensure
a comprehensive assessment, we displayed rendered images from
three input views and one novel view for each method.

Participants rated the results on a 5-point Likert scale across
three metrics: (1) appearance fidelity, which evaluates the preserva-
tion of the original artistic style and unique character impression;
(2) geometric alignment, which assesses the similarity of silhou-
ettes and shapes to the input; and (3) novel view consistency, which
measures how natural and plausible the character appears in view-
points not present in the input.

We report the mean scores along with p-values derived from a
paired t-test in Table 1. These quantitative results demonstrate that
our reconstruction exhibits consistent improvements over the base
meshes across all three metrics. Specifically, the most substantial
improvements were observed in appearance fidelity and novel view
consistency, indicating our method’s superior capability in preserv-
ing the artistic intent. Geometric alignment also showed statisti-
cally significant improvement, although the margin was compara-
tively smaller than other metrics. See the supplementary document
for the detailed distribution of user ratings.

Professional feedback To assess the practical value of our frame-
work, we conducted in-depth interviews with four professional
character artists, including one 2D artist, two 3D artists, and
one artist designing both 2D and 3D characters. We presented a
side-by-side comparison of the base meshes generated by TREL-
LIS [XLX*25] and our 3D reconstruction results, asking them to
evaluate the outcomes based on prioritized qualities in production
and potential utility within their workflows.

Artists identified distinct trade-off between geometric stability
and artistic fidelity. They acknowledged that the base mesh fre-
quently alters the character’s impression, resulting in a generic look
that deviates from the input identity, although it generally exhibits
more realistic proportions and stable 3D forms. In contrast, they
emphasized that our method successfully preserves the unique feel
and design intent of the original drawings.

Notably, the artists identified the primary utility of our results
as 3D visual blueprints for concept verification. Given the context,

© 2026 Eurographics - The European Association
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Figure 9: Comparison with texture reconstruction and generation methods. Our method faithfully reconstructs input model sheets, while
MVS-Texturing [WMGI14] and TEXTure [RMA*23] fail to preserve details. Some input angles are highlighted in blue as they do not match
the test view angles in the corresponding column. Input images: © Luigil/DeviantArt, CC BY-NC-ND 3.0, ©Piti Yindee/Wikimedia Commons,
Creative Commons CCO License.

© 2026 Eurographics - The European Association
for Computer Graphics and John Wiley & Sons Ltd.



12 of 16

Input
model sheet

Ours
w/o mesh
deformation

Ours

Figure 10: Effect of mesh deformation. Mesh deformation
significantly improves alignment with the input drawings,
particularly evident in the head silhouette. Input image:
Oresidentevilffs/DeviantArt, CC BY-NC-SA 3.0.

they prioritized the preservation of character impression and stylis-
tic fidelity over mesh topology and surface smoothness. They high-
lighted that our method’s high source fidelity effectively bridges
the communication gap between 2D and 3D departments, allowing
teams to visualize and verify 3D concepts that align with the origi-
nal vision before committing to expensive modeling resources.

7.4. Ablation Study

Mesh deformation We demonstrate the impact of mesh deforma-
tion on reconstruction quality in Figure 10. Even without mesh de-
formation, our deformable per-pixel camera ray successfully es-
tablishes reliable correspondences and produces plausible appear-
ance reconstructions. However, incorporating mesh deformation
achieves better geometric alignment between the 3D model and in-
put drawings, particularly improving silhouette accuracy and over-
all shape fidelity across views.

Objective functions for deformable per-pixel camera ray We
validate the effect of individual losses in our deformable per-pixel
camera ray optimization. Figure 11 shows texture projection results
using deformable per-pixel camera ray optimized under different
loss configurations. We omit boundary refinement in this experi-
ment to clearly show the impact of each loss.

Without deformable per-pixel camera ray optimization, standard
orthographic projection produces severe ghosting artifacts, with
brown apron regions overlapping incorrectly due to the misalign-
ment of color-segmented images. This artifact highlights the chal-
lenge of multi-view inconsistencies in hand-drawn model sheets.
The image loss Ljye reduces overlapping artifacts by minimizing
differences between color-segmented drawings and rendered im-
ages of the base mesh, but still yields blurred color boundaries. On
the other hand, optimization using only the consistency loss Lcons
produces sharp color boundaries, but introduces undesirable geo-
metric distortions that deviate from the input drawings. Our com-
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Lcons Limg + Lcons
Figure 11: Effect of deformable per-pixel camera ray optimiza-
tion. Without camera ray optimization, highly inconsistent input
images produce ghosting artifacts on the colored mesh caused by
misaligned color-segmented drawings. Optimization with the im-
age loss Lipyg improves alignment using the rendered images of the
base mesh, but results in blurred color boundaries. The consistency
loss Lcons alone sharpens boundaries but introduces undesirable
distortions. Our method using both E,-mg and Lcons achieves well-
aligned mesh colors with clean, sharp boundaries.

plete formulation combining both ,Cimg and Lcons achieves clean
color boundaries while maintaining fidelity to the input drawings.

7.5. Analysis

Geometric alignment analysis To demonstrate the effect of each
step on geometric alignment, we visualize pixel-wise differences
between intermediate results and input drawings in Figure 12. We
capture results at key steps: base mesh generation, initial camera
setup, mesh deformation, and deformable per-pixel camera ray op-
timization. The geometric misalignment progressively decreases
through each stage. The base mesh provides an initial 3D approxi-
mation, rigid camera alignment establishes proper view correspon-
dence, mesh deformation corrects major shape discrepancies, and
camera ray optimization resolves remaining local distortions. This
progression validates our multi-stage approach, where each com-
ponent addresses specific challenges of the geometric alignment.

We further investigate the role of deformable per-pixel cam-
era ray optimization in addressing residual geometric inconsis-
tencies. As shown in Figure 13, while the preceding mesh de-
formation aligns the global shape, local misalignments persist in
high-frequency regions such as extremities and internal boundaries
(highlighted in circles). The visualized displacement fields demon-
strate that our method selectively targets these discrepancies by
warping input views to match the shared 3D geometry. The error

© 2026 Eurographics - The European Association
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Figure 12: Geometric alignment analysis. The top row shows the
input drawing and results of each step: mesh rendering or warped
drawing. The bottom row visualizes pixel-wise color differences be-
tween the result of each step and the input drawing. Input image:
©EFEliastRoven/DeviantArt, CC BY-NC-ND 3.0.
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Figure 13: Geometric alignment analysis of deformable per-pixel
camera ray optimization. For each example, the top row compares
the rendered base mesh le, the input view-independent color
layer I¥ o1 and the warped result W kr - 0,) The bottom row presents
the optimized displacement fields DX and the corresponding L, er-
ror maps before and after optimization. Circles highlight regions
with significant initial misalignments, which are resolved in the fi-
nal results. All error maps share the same color scale.

maps confirm the reduction in projection residuals, demonstrating
that our optimization effectively resolves these local inconsisten-
cies to achieve faithful geometric alignment.

Robustness to 3D generative model selection To demonstrate
that our pipeline is agnostic to the choice of base mesh generation
method, we evaluate our approach using three different 3D genera-
tive models: TRELLIS [XLX*25], TRELLIS with Gemini [Dee25]
preprocessing for enhanced shading, and the commercial applica-
tion Meshy [LLC25].

As shown in Figures 1 and 14, despite significant visual dif-
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Figure 14: Robustness to the base mesh. Top: input model sheet.
Each row corresponds to a different base mesh generation method
(TRELLIS [XLX*25], Meshy [LLC25], and TRELLIS [XLX*25]
with preprocessed images using Gemini [Dee25] to introduce shad-
ing information). Our framework reconstructs consistent 3D char-
acters regardless of the choice of 3D generative models. Input im-
age: ©easy-ramos/DeviantArt, CC BY-NC-ND 3.0.

ferences in the initial base meshes, our method consistently pro-
duces high-quality reconstructions that faithfully preserve the input
model sheets. This consistency across diverse initialization con-
ditions validates the robustness of our drawing-aligned geometric
correspondences and layered appearance reconstruction approach.

Limitations Our method has a few limitations as shown in Fig-
ure 15. First, the reconstruction of fine-detail elements relies on
user-specified masks to identify regions requiring separate process-
ing. Without these masks, fine details are either treated as view-
independent colors and undergo part-based coloring, or regarded
as sketch lines and suppressed for coloring, which leads to de-
tail loss and color bleeding along region boundaries. Second, the
sparsity of input views inherently limits reconstruction quality in
occluded regions. Areas not visible in any input view must be in-
ferred through interpolation during texture projection, potentially
causing color bleeding and inconsistent appearance. Additionally,
our method assumes flat-colored model sheets and may not gener-
alize to heavily shaded or painted styles. The drawing decompo-
sition step specifically targets line art with discrete color regions,
limiting applicability to other artistic styles. Future work could ex-
plore adaptive decomposition strategies to handle a broader range
of inputs.

Beyond these specific artifacts, our framework faces broader ge-
ometric constraints. First, the training bias of the generative base
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Figure 15: Limitations. Left: Missing masks for fine-detail decals
cause the details to merge with surrounding colors. Right: Input
view sparsity produces color bleeding in occluded regions. Input
images: ©GSMinerva/DeviantArt, ©Torogoz/DeviantArt, CC BY-
NC-ND 3.0.

model [XLX*25] limits generalization; while robust for human-
like characters, it sometimes yields planar, non-volumetric outputs
for non-humanoid forms (e.g., ducks, birds, cloud shapes), which
are incompatible with our refinement process. Second, prioritizing
strict 2D alignment over smoothness creates a trade-off, leading to
local geometric irregularities such as jagged edges. Integrating a
post-deformation remeshing stage would help recover production-
ready topology while maintaining the achieved alignment.

8. Conclusion

We presented a novel framework for reconstructing faithful 3D
characters from hand-drawn model sheets that addresses two fun-
damental challenges: multi-view inconsistency inherent in hand-
drawings and view-dependent lines that hinder accurate texture re-
construction. Our approach introduces a deformable per-pixel cam-
era ray representation that enables robust cross-view correspon-
dences despite geometric inconsistencies, and a three-layer de-
composition strategy that separates view-dependent lines, view-
independent colors, and fine-detail decals for clean appearance
reconstruction. Comprehensive experiments demonstrate that our
framework consistently outperforms existing texture reconstruction
and generation methods across diverse 3D generative models, suc-
cessfully maintaining both geometric accuracy and visual fidelity
of input model sheets. This work bridges 2D character design and
3D modeling workflows, with practical potential applications for
animation and game industries.
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