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We present a computational framework for designing Multi-layered Wood Carving Artwork (MWCA), where
intricately carved, colored wooden layers are stacked to create visually striking compositions. Each laser-
cut layer must preserve global connectivity and minimize fine branching to maintain structural integrity.
Traditionally reliant on artisanal trial-and-error, MWCA design has been time-consuming and labor-intensive.
Our method is driven by a key observation: during connectivity analysis, the region of an upper layer can be
treated as part of the lower layers. Leveraging this insight, we develop an iterative greedy algorithm to jointly

determine the color assignment and geometric shape of each layer. To facilitate processing, we perform an
image pre-processing step that reduces the input to a limited color palette. Additionally, a post-processing step
is incorporated to enhance the structural integrity of the final output. We demonstrate the effectiveness and
practical viability of our approach through 18 examples, including 3 fabrication results.

1. Introduction

Multi-layered wood carving artworks (MWCA) refer to an inno-
vative art form characterized by assembling multiple carved wooden
sheets layer by layer [1]. This art form has emerged due to its stereo
visual effect and remarkably low fabrication costs. Contemporary artists
can design cutting paths to produce highly precise and detailed patterns
on wooden sheets [2]. After cutting, each wooden sheet is individu-
ally sprayed with a single, uniform color to simplify production and
enhance layer differentiation. By gluing multiple fabricated sheets to-
gether, the artworks showcase sophisticated effects with visual depth
and aesthetic richness. As a unique integration of digital fabrication
processes with traditional artistic materials, this art form has been
widely employed in interior decoration and furniture design (see Fig.
1).

Although the production of MWCA is relatively straightforward, the
design process is challenging due to three design constraints. First, each
layer must form a contiguous whole without any isolated fragments
(connectivity). Second, the colors from the original image must be
categorized to ensure that each layer can be uniformly painted with
only one color (color uniformity). Third, the design of the layers should
avoid overly slender members and stress concentration areas, as this
may cause localized fractures of the panels during assembly and move-
ment (structural performance). Current design methods rely heavily on
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manual processes—each piece requires artists to spend several days
drafting the laser-cutting path. Therefore, the existing design process is
complicated and time-consuming, as it demands a high level of artistic
expertise and a deep understanding of the laser-cutting techniques.

Due to the demand of contemporary consumers for individual ex-
pression, personalized fabrication has become a defining trend in con-
temporary art [3]. However, the customized design process of MWCA
relies heavily on labor resources, which significantly improve the cost
of an MWCA, thereby limiting the scalability of MWCA. Recent studies
have leveraged computational design to fulfill the requirements of
personalized fabrication and saving costs. Significant advancements
include peeling art design [4], parquetry [5], Chinese paper-cutting [6],
overpaint [7], illusion knitting [8], and LEGO toys [9-11]. However,
computational design methods specifically tailored to the unique design
constraints of MWCA have not yet been thoroughly explored.

In this paper, we propose a computational pipeline that transforms
an arbitrary reference image into a manufacturable MWCA design.
The pipeline begins with image simplification to minimize color count,
then applies a connectivity-aware greedy algorithm to extract a set
of wooden sheets. Post-processing merges visually insignificant layers,
hollows fully occluded regions, and widens structurally weak members.
These steps lower sheet count, machine time, and off-cut waste, thereby
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Fig. 1. Production of MWCA provided by STEREOWOOD [1]: (a) Designing laser-
cutting paths; (b) Laser cutting; (c) Painting; (d) Gluing; (e) Interior decoration; (f)
Furniture design.

reducing fabrication expenses; they also trim overall mass and stack
height, cutting packaging volume and freight charges. The resulting
sheets can be laser-cut, stacked, and bonded with minimal manual
alignment. Evaluated on 18 digital examples, the system consistently
produces MWCAs with few layers, low visual error, robust structural
performance, and demonstrable savings in both manufacturing and
transport costs—highlighting its practicality for scalable, cost-effective
mass customization of MWCA pieces.

2. Related work

Personalized fabrication. Personalized fabrication refers to producing
mass and highly customized physical objects through flexible design—
manufacturing systems [13,14]. Personalized fabrication has become
increasingly important in the art market, as contemporary consumers
seek uniquely tailored works that reflect their individual tastes and
preferences. To satisfy consumers’ needs, scalable design methodolo-
gies, streamlined production workflows, and automatic fabrication are
required [3]. In this context, recent researchers have developed various
computational methods. Iseringhausen et al. (2020) develop computa-
tional parquetry, a style-transfer framework that selects and arranges
natural wood veneer patches under resource constraints to approximate
target photographs [5]. Zhu et al. (2024) derive machine-knittable
illusion patterns by modeling microgeometry constraints and automat-
ing design tasks in an interactive tool [8]. Fukushima et al. (2022)
propose a method for automatic multi-layer stencil generation of over-
paint [7]. Due to distinct artistic forms, the design constraints of
their work and ours differ substantially. Specifically, while both the
overpaint method and our MWCA approach generate a sequence of
connected layers with color, they fundamentally diverge in color ap-
plication principles and constraints: Overpaint applies color through
stencil holes, focusing solely on hole-layer occlusion orders to achieve
image reproduction. In contrast, our method applies color directly
onto the solid regions, focusing on both solid-layer and hole-layer
occlusion orders to MWCA reconstruction. Moreover, some researchers
focus on personalized fabrication of LEGO art, including micro build-
ings [10], technic assemblies [9], sketches [11], and figurines [15].
These approaches have demonstrated success in both academic re-
search and commercial markets, providing strong motivation to explore
personalized fabrication for MWCA.

Path-generation for artworks. The personalized fabrication of MWCA
highly depends on advanced path-generation techniques to translate
a preferred image into optimized cutting sequences. Dewil et al. (2016)
provide a comprehensive review of laser-cutting path planning—
covering contour-parallel offsets, task-sequencing formulations
(TSP/GTSP), and heuristic/metaheuristic methods under thermal and
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kinematic constraints [16]. Based on these methods, Liu et al. (2019)
propose computational peeling art design, which maps desired 2D
shapes onto citrus peels and computes optimal cut paths [4], while
Roumen et al. (2021) propose Assembler?®, which converts between 2D
laser-cut plans and 3D parametric models to refine complex shapes up
to ten times faster [17]. More recently, Wang et al. (2025) developed
HarmonyCut, an interactive system for creative Chinese paper-cutting.
This tool can generate cutting paths for laser cutters, allowing designers
to prototype intricate hollow-work motifs aligned with cultural heritage
practices [6].

However, despite these advances, computational methods specif-
ically tailored to address the constraints unique to MWCA remain
underexplored. Therefore, this study focuses on the generation of a
cutting path for MWCA, aiming to reduce the necessity of manual
processes and artistic expertise.

Image vectorization. Image vectorization can transform raster images
into scalable geometric representations — such as Bézier curves, line
segments, and filled polygons — whose explicit contours can be exported
directly as paths for laser cutters. According to Tian and Giinther [18],
existing image vectorization mainly uses mesh-based and curve-based
strategies. Both of these strategies start from detecting edges and corner
features. Then, mesh-based methods perform patch fitting or triangu-
lation to place patch vertices [19,20], whereas curve-based methods
fit parametric or spline curves to the detected features [21,22]. To
minimize reconstruction error, the two methods refine the geometry
through remeshing or shape-optimization procedures, respectively [23,
24]. However, mesh-based approaches often struggle to depict sharp
chromatic discontinuities, and poorly chosen patch topologies can leave
visible seams that require extensive manual cleanup. Conversely, curve-
based techniques rely on solving global PDEs over the entire image
domain, which hampers real-time performance and demands dense
curve networks to control smooth gradients, leading to large data sizes
and limited local editability.

In our method, we use a curve-based method, called layer-wise
image vectorization (LIVE) [25]. This method employs a sequential
layer-building strategy, iteratively incorporating geometric primitives
onto the fabrication canvas. Following each incremental addition, a
gradient-based refinement phase optimizes both current and preceding
layer parameters to minimize multi-layer interference effects. In this
study, we integrate this method into our pre-processing strategy to
provide an initial image with a finite number of colors.

3. Method
3.1. Overview

To address the design constraints of MWCA mentioned in Sec-
tion 1, we first establish an optimization model to describe this design
problem. The optimization model is then solved by a novel heuristic
algorithm.

Our optimization model takes a reference image as input and out-
puts a low-cost MWCA that visually resembles the input while adhering
to design constraints, including connectivity, manufacturability, and
structural stability (Section 3.2).

Our heuristic algorithm has four steps, as shown in Fig. 3. Step
1 (Section 3.3): We propose a pre-processing strategy to reduce the
number of colors in the input image. This strategy includes the LIVE
method mentioned in Section 2 and the well-known K-means clustering
method [26]. It should be noted that the reduced number of colors
can decrease the number of wooden sheets, thereby saving the costs of
MWCA. Step 2 (Section 3.4): We propose a greedy iterative generation
method to create a visually feasible MWCA solution. The solution
includes a set of images that represent each layer of MWCA. However,
these generated images do not ensure the structural stability of the final
product. Step 3 (Section 3.5): We introduce a post-processing strategy
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Fig. 2. Top row: All individual wood layers. Bottom row: Three physical examples designed using the proposed method. The input images are created by the well-known generative

artificial intelligence, Midjourney [12].
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Fig. 3. The pipeline of the proposed heuristic algorithm.

to further reduce production costs and improve structural stability. The
strategy includes merging similar layers, lightweight processing, and
widening weak members. After post-processing, the obtained result is
available to be fabricated. Step 4 (Section 3.6): We use a laser cutter
to physically fabricate the generated result to finally obtain a product.
More details about these four steps are shown in Sections 3.3- 3.6

3.2. Problem and formulation

Optimization model. The input of our optimization model is a user-
specified reference image I € RWX"X3 where W (width) and H
(height) denote pixel dimensions, and 3 corresponds to RGB color
channels. The optimization goal is to generate an MWCA of K layers
with identical thickness ¢, that achieves two objectives: the rendered
appearance of the MWCA must closely match the input reference image,
and the production and transportation costs must be minimized (see
Fig. 4).

We use a set of ordered pair {I;, = (C,-,M,-)}i’:)l to represent the
stacked wooden sheets in the MWCA, where C; € R? is the RGB color
of the ith layer and M; € {0,1}"># is binary piercing mask of the ith
layer. To clearly introduce our method, the stacking order is defined
from front to back (i.e., the ith layer occludes the i + 1th layer). For a
pixel v € Zi with coordinates (x, y) in the M;, M,;(v) =0 and M;(v) =1
denote the pixel is void and solid, respectively.

The rendered appearance of the MWCA refers to the simulated
visual effect of stacked MWCA layers by a rendering model. We use a
simplified rendering model that only considers the occlusion relation-
ship since the focus of our problem lies in the occlusion relationship.
Formally, the rendered image of an MWCA is:

K-1 k-1

TRender(V) = Z C M, (v) H(l - M;(v)
k=0 i=0
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Fig. 4. Problem definition: (a) For an input image (created by GPT-4o0 [27]), (b) our
goal is to generate a set of wooden sheets represented by images /;, (c) when we stack
them together in order, the result is similar to the input image.

The term Hf.:ol(l — M;(v)) describes this occlusion relationship: For a
given pixel v, if k is the first k such that M, (v,) = 1, then the rendered
image’s color at pixel vy is G, (i.e., Tgender(t) = Cj), since for k < iy,
the term M, (v,) = 0, for k > iy, the terme.‘z_O] (1-M;(vy)) =0, and only
for k = kg,term M, (vy) Hf.:ol(l — M;(vy)) = 1. Since the rendered image
serves as a proxy for the MWCA'’s physical appearance, minimizing the
difference between the rendered image and the reference image ensures
the physical MWCA closely matches the target visual effect. Therefore,
we use a pixel-wise L, reconstruction loss Ly:

Liogs = Z ”I(U) - IRender(U)”z

vEN
to measure the difference between the rendered image and the refer-
ence image, where Q denotes the set of all pixel coordinates in the
image.

The production of each layer in MWCA requires an individual
disposable wooden sheet. A higher number of layers K can significantly
increase the wooden sheet consumption and manual assembly time. To
save the production cost of MWCA, K should be reduced as much as
possible during the optimization. The transportation cost is positively
correlated with the total weight of MWCA. For the ith layer, ) vea Mi(p)
is the area of the solid region. When material density and layer thick-
ness are invariant across all wooden sheets, the total weight is linearly
proportional to the cumulative solid region area. Thus we use the total
weight Z,ial Y seq M;(p) to measure the transportation cost. The total
cost is defined as

K-1
Ciotal = 41K + 4 Z Z M;(p)

i=0 peQ
where A; and A, are weighting coefficients balancing the relative
importance between production and transportation costs.

After determining two optimization targets, we convert the design
constraints mentioned in Section 1 into optimization constraints:

1. Connectivity: Each {v | M;(v) = 1} should be connected; dis-
connected components would fragment during laser cutting,
greatly increasing the complexity of assembly due to manual
repositioning of the disjoint wood pieces.

2. Manufacturability: The void regions {v | M;(v) = 0} are the
holes in the fabricated wooden sheets. Their size y should exceed
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the minimal fabrication size §. Similarly, for the solid region
{v | M;(v) = 1}, the minimal width of structural members should
be larger than 6.

3. Structural stability: The solid regions {v | M;(v) = 1} must main-
tain structural stability under the gravity and fixed boundaries.
In detail, the maximum stress should remain below a thresh-
old g, thereby preventing stress concentration-induced fractures
during MWCA handling or transportation.

Together, the optimization problem is formulated as follows:

i L5 + AC,
K. gll)lr(l M) loss total

subject to the following manufacturing constraints:

1. Connectivity: Each solid region in M; must be connected (no
disjoint components).

2. Manufacturability: Holes diameter > y and solid region width
> 6 (minimum feature size).

3. Structural stability: The maximum stress < # under the gravity
and fixed boundaries.

where A is a weight parameter to balance the importance between
L,,, and C,,,. The parameters y (minimum hole diameter) and &
(minimum solid region width) are manufacturing constraints specific
to our fabrication equipment, rather than tunable algorithmic hyper-
parameters. According to our practical limits [1], y is fixed at 0.5 mm
— the minimum hole size our laser cutter can reliably produce — while
5 is set to 2 mm for 3 mm thick plates and 1.5 mm for 1.5 mm thick
plates to prevent structural fracture during or after fabrication.

This optimization problem is challenging. First, the number of layers
K is unknown, which leads to an indefinite number of optimization
variables. Moreover, each layer’s binary mask introduces a huge num-
ber of combinations that standard gradient methods cannot handle.
Therefore, a heuristic algorithm is needed to achieve the optimization
target.

Key insight. The proposed heuristic algorithm can iteratively generate
all layers of an MWCA. The key insight is: If the connected MWCA
(despite other constraints) that is relatively approximate to the input
image has already been generated, then dealing with other constraints
and goals later is relatively simple; the occluded regions can be reused
in the following layer to increase the possibility of connection.

3.3. Step 1: Pre-processing

Since each layer is assigned a single color, to make £, = 0, the
minimum required layer count K equals the number of distinct colors
in the input image, but the colors of a natural image are countless. To
save material costs, it is necessary to reduce the number of colors to
decrease the use of wooden sheets. In addition, our method relies on a
high-resolution input image to approximate the input image as much
as possible. Therefore, our algorithm applies K-means and LIVE method
to transform a low-resolution input 7 into a high-resolution image with
piece-wise constant colors 7 = { pf.‘} (i.k)» Where p{.‘ refers to the ith patch
(connected component) under the kth color (e.g. for the 2nd color in
1, the 3rd patches can be represented as p%).

Specifically, we employ the LIVE method to vectorize the input im-
age, rasterize the vector image into a high-resolution bitmap, and quan-
tize the color space via K-means clustering with an input parameter
color count N, (Discussed in Section 4).

3.4. Step 2: Iterative generation
After obtaining piece-wise constant 7 = { pf.‘ }, our next goal is to con-

struct a set of connected and solid color images {I; = (C;, M,)} ,’i 6' that
are approximate to £ when they stack up in order. The reconstruction
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K-1

Algorithm 1: Generating {I;} .2

Input : the image with piece-wise constant color 7, the
Constructing threshold , the Widening threshold &,
the Filling holes threshold y
Output: (I, };’;0‘
I_, < Initialization(Z);j < 0;
while Any area in 1 is not corresponded in {I. ,}{:_; do
I; « ContructRaw(Z, I, |, )
I; < Widen(l;,s)
I; « FillHoles(;,y)
jeitl
end

loss £, comes from two aspects, Pre-processing, and the following
step.

£/oss ZUGQ 1Z(v) - IRender(U)”2

Yoca (IZ@) = W)y + 1I2) = Trender@)l2)

Notice that the subsequent step of our algorithm only is to reduce the
term ||f(U) — Ipender@l2-

Our algorithm is based on a key observation: regions occluded by
preceding layers u{;(; M, (The operator U means pixel-wise logical OR
between binary masks) can be strategically reused in subsequent layer
region M; to bridge otherwise disconnected same color patches and C;
is the color of those patches. Thus, beginning with the top layer, in each
iteration, our algorithm consists of the following steps:

IAN

1. Constructing a connected M; having the most neighbors with a
color G from I i1 @s the raw [ ; (Extracting single color).

2. Widening M; to satisfy the manufacturability (Widening skele-
ton).

3. Filling the holes whose areas are too small to be fabricated in
M; to maintain manufacturability (Filling tiny holes).

When constructing the first layer I, = (M, Cy), weset I_; = (M_;,C_;)
to perform the above method, where C_; is not important and M_; = ¢
or be a optional photo frame. A photo frame implies that two spatially
disconnected regions, both adjacent to the image boundary, can be
computationally unified as a single connected component. We termi-
nate the iteration until all pixels (or the pixels in the foreground part of
T)of M ; is 1, since in this case, each part of the image 1 will correspond
to the exposed part of a certain layer. After the iteration is terminated,
the number of layers K is determined. In the post-processing part, we
will further reduce the number of layers by merging similar layers. Alg.
1 shows our workflow. The following sections detail the three-stage
implementation procedure sequentially.

Extracting single color. Assuming p = U{;Ol M; is the region occluded by
preceding layers and p¢ = 1—p is the exposed region. We need to select
several patches with the same color {p}; from the exposed region o
to construct a connected region as raw [ ;i =WM;,C)) by reusing p. For a
given kth color, some patches are the neighbors of p, which means those
patches can be connected by p, and some patches are not. We only need
to handle those unconnected patches. There are two options: deferral
of them to subsequent iterations, or connecting them with p by some
lines. The deferral operator will increase the number of layers K, but
the connecting operator will increase the reconstruction loss. To handle
the balance between the cost and loss, we define the distance between
two regions p; and p, as the L,-norm of the shortest connecting line
segment, and we perform the following steps to construct /;:

1. For each color k, we greedily connect { pf,‘} ; to p. Starting with
Py = let pf be the color k patch closest to pj, then connect p|
and pf‘o to form an updated region p’l. In the subsequent iteration,
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the nearest color-k patch pf.‘l to p’1 is selected and connected to
P, yielding p}. This process repeats iterates until the cumulative
connection distance of p:n +1 exceeds a threshold @ (w = 3% of the
diagonal, in our experiments), at which point the final region p:n
is designated as p®.

2. Compute the number of neighbor patches for all p®, and choose
the color / that p{) has the largest number of neighbor patches
for minimizing the number of layers K, then we set M; = po
and C; is the /th color to construct raw I; = (M, C)).

An example of the iteration process is shown in Fig. 5.

Widening skeleton. After getting the raw I;, our algorithm applies
the Zhang-Suen Thinning algorithm to generate the skeleton of M;.
And then we use morphological dilation to dilate the skeleton to a
threshold 6 (6 = 0.2% of the diagonal, in our experiments) to satisfy
the manufacturability constraint. Specifically, we take the union of the
dilated skeleton structure with M j (see Fig. 6).

Filling tiny holes. The widened I; will still have some small holes that
cannot be manufactured. So our method detects the holes of M; whose
areas are below y (y = 0.01% of the image area, in our experiments)
and fills them to make sure our result is manufacturable. The detection
method is to calculate all the connected components of {v|M;(v) = 0}
and assign a value of 1 to those holes whose area is less than the
threshold y (see Fig. 7).

3.5. Step 3: Post-processing

In the third step, we merge similar layers to save production costs
further. Then, the total weight of the MWCA is reduced by lightweight
processing. Finally, we conduct a structural analysis and widen the
weak members on each layer to achieve a structurally stable MWCA.

Merging similar layers. Merging those layers whose visible region is
small will only slightly increase the reconstruction loss, but will reduce
the number of layers and lower the weights. Therefore, we merge the
layers whose visible region is below a threshold ¢ (¢ = 1.0% of the
image area, in our experiments) into their upper layer to achieve a good
trade-off between reconstruction loss and the total cost.

Lightweight process. Our algorithm considers the region occupied by the
upper layer p = U{;& M; as part of the jth layer (p ¢ M;). This leads
to our results being too heavy since the region occupied by p in the
jth layer is not visible, and some parts of it can be removed as long
as the connectivity constraint is not violated. Therefore, our algorithm
removes this redundant material to further reduce the weight C,,s of
our result (see Fig. 8).

This algorithm for reducing materials is very simple. First, calculate
the invisible region, which is generally the upper layer region p =
U{;(i M;. Then find the point farthest from the edge in this region, and
record this point as v and the distance as d. If d is greater than a certain
value (7% of the diagonal, in our experiments), we will make a hole in
the area with d — r as the radius with this point as the center. The r is
a protective distance(1% of the diagonal, in our experiments), which is
to maintain connectivity and stability of the structure.

Widening weak members. For the structural stability constraint, we
calculate the stress distribution of the solid region of {Mi}f'l:_ol under
the gravity and fixed boundaries. The material parameters are set with
a density of 500 kg/m>, Young’s modulus is 7.2 GPa, and Poisson’s ratio
is 0.3. We then widen the areas where stress is concentrated until the
stress levels are uniformly below a specified threshold g (# = 20 MPa, in
our experiments). Fig. 9 shows the stress distribution before and after
our widening operation.
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Fig. 5. Iteratively contructing raw {I;}: (a) Given an image with piece-wise constant colors 1 (taken by the authors); (b) Row 1: the previous layer is overlaid on the 7; row 2:
the selected area connected to the upper layer by our method; row 3: The current layer; (c) The images {/ ,}[9=0 stacking up in order.
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Fig. 6. An example of the widening method: (a) Input image; (b) Raw I; (the black
background is used to show the widening effect clearly); (c) Widened I;.
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Fig. 7. An example of the filling holes method: (a) Input image; (b) The raw I i has
many tiny holes; (c¢) The result after applying the filling holes method.
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Fig. 8. An example of the lightweight process: (a) Base layer (red) to be lightweighted;
(b) Upper layer (blue) to find removable areas; (c) Generate the circular removable
areas on the union areas (orange) between the base and its upper layers. (d)
Lightweighted base layer.

3.6. Step 4: Fabrication

After obtaining {I,-},T‘;Ol, we perform a contour extraction algo-
rithm [28] to extract the boundaries of each layer’s solid region and
vectorize [29] them to generate the smooth cut path for the laser
cutting machine. Each layer is generated from a 400 x 400 x 3 mm
wooden sheet by a CO, laser tube with 100 watt power. We then spray-
painted these processed sheets to color them. Since each layer contains
the frame of the input image, it is easy to align them. We then use glue

to fix the layers together.
4. Experiments and evaluations
We conducted 18 digital simulation trials and selected three rep-

resentative cases for physical fabrication to validate the proposed
method. The investigation focuses on the generation effect of changing
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Fig. 9. Stress analysis: (a) One layer we construct after our iterative greedy method
(black areas are the background); (b) The stress analysis result of this layer shows
that some areas are subjected to large stress; (c) The result after we widen the areas
subjected to large stress; (d) The stress analysis result after widening.
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Fig. 10. Comparative experiment with different numbers of colors: (a) Input image;
(b) Result with 3 colors; (c) Result with 5 colors; (d) Result with 7 colors.
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Fig. 11. Determination of the optimal N, using the elbow method and the silhouette
score method: (a) Input image with 1,048,576 colors; (b) Optimal result with 7 colors;
(c) The elbow method; (d) The silhouette score method.

input parameters, including the number of colors N, the order of
layers, image resolution, and image styles. To evaluate the generation
effect, we use the peak signal-to-noise ratio (PSNR), which can quantify
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Fig. 12. Comparative experiment with a random method: (a) Input image (created by
Snazzy Maps [30]); (b) Result of the random method; (c) Merged result of the random
method; (d) Result of our method.

the reconstructed image’s fidelity to the input (higher means better).
Moreover, the running time R; of each example is also provided to
validate the efficiency of our method.

The proposed method is implemented in Python, and all experi-
ments are conducted on a laptop equipped with a 13th Gen Intel®
Core™ i7-13700H processor (2.40 GHz) and 16 GB RAM.

The number of colors. In our algorithm, the number of colors N, should
be determined in the pre-processing. In this experiment, we discussed
the selection of the number of colors to make the )’ ., | Z(v)— ()|l as
low as possible and N, as few as possible. Fig. 10 shows the influence
of the number of colors on our results. With the increase in the number
of colors, the Peak Signal-to-Noise Ratio (PSNR) between our result I
and the input image 7 also increases. Meanwhile, a larger number of
colors results in more layers. In our experiment, the determination of
color quantity is guided by a dual-criteria analytical framework. We
first convert the input image from RGB space into CIELAB space to align
with human visual perception characteristics. Then we executed K-
means clustering across a systematically defined candidate range (3 to
15 clusters in our experiments), iteratively computing both the within-
cluster sum of squared errors (WCSS) for elbow analysis and the global
silhouette score for cluster validity assessment. After that, we identify
the critical inflection point of the elbow detection, where the WCSS
reduction rate transitioned from quadratic to linear decay patterns,
by using piecewise linear regression (see Fig. 11(c)). The silhouette
validation enforced a minimum threshold of 0.65 to guarantee inter-
cluster discriminability (see Fig. 11(d)). The final color count is then
selected as the minimal k-value satisfying both the elbow position
constraint and the silhouette quality requirement. Experimental results
demonstrate that our color count determination framework achieves a
balance between loss Y, ., I T(v) — 1(v)|| and colors count N..

The order of each colored layer. We propose an iterative greedy method
to determine the color of each layer to decrease the number of layers in
our final results. To prove the effectiveness of our method, we perform
a comparative experiment with a method that randomly selects each
layer color. For the sake of fairness, only the color selection part is
different; the other parts of the algorithms remain the same. As shown
in Fig. 12, although the result of the random selecting color method
has a larger PSNR, its number of layers is also larger than ours. If we
perform the merging layers step to decrease its number of layers to
the same as ours, its PSNR becomes smaller than ours. In general, our
method can obtain a better visual effect with fewer layers.

Different image resolution. We use the images with three different reso-
lutions as inputs for our algorithm. Fig. 13 shows the results. Increasing
the resolution of images we process in our algorithm can improve
the quality of our results. But the time required for our algorithm’s
operation also increases exponentially Generally speaking, we suggest
that users use images with a resolution of 2000 x 2000 if they want to
get a high-quality result and images with a resolution of 1000 x 1000
if they prefer the efficiency.
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Fig. 13. Comparative experiment with different resolutions: (a) Input image (created
by GPT-40 [27]); (b) 500 x 500; (c) 1000 x 1000; (d) 2000 x 2000.

Different image style. Our algorithm can be combined with image style
transfer algorithms to enhance the diversity of our results. Fig. 14
shows the results with different image styles. We apply the genera-
tive Al models (GPT-40/Midjourney) to transfer the original image to
different image styles, such as illustration, oil painting, and cubism,
while keeping the same content as the original images. With image
style transfer, our algorithm can better display the content of the input
image, which will improve the generality of our algorithm.

Manual-computational design comparison. Our computational approach
differs fundamentally from traditional craftsmanship, where artists
freely design layered artworks through experiential drawing without
strict fidelity to references, inherently embedding layering decisions
during creation. By contrast, our algorithm decomposes arbitrary in-
put images into manufacturable layers. Given this methodological
divergence, direct comparisons are invalid. Instead, we evaluated de-
composition performance using identical hand-drawn artworks (created
by master craftsmen with layer planning) as input for both approaches.
Results demonstrate our method achieves layer decomposition in 30
s—60x faster than manual processing (30 min)-while reducing total
assembly weight by 20.6% through optimized material distribution,
maintaining full structural integrity (see Fig. 15).

Gallery. Our algorithm is applied to 18 different images. All of them
achieve a favorable trade-off between visual errors and the number of
layers. Fig. 16 shows 10 of them. Noticed that Fig. 16(j) is a borderless
image. To handle this kind of image, we expand the image’s boundary
to a certain width to serve as the border so that our algorithm can deal
with it. To demonstrate the practicality and feasibility of our algorithm,
we also use a laser cutter to fabricate a result, which is shown in Fig.
2.
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Fig. 14. Comparative experiment with different image styles. The above is an input
image, and the below is the output MWCA. (a) Photograph, which serves as the input
image for the style transformation of Figures (b-d) through GPT-4o0; (b) Illustration;
(c) Painting; (d) Cubism.

5. Discussion

Stress optimization. Although our algorithm runs a stress analysis step
in post-processing to improve the structural stability performance of
our results, we just simply widen the areas where the stress level is
above f. In some extreme cases, this trivial approach may lead to local
overwidth, which produces a result with high visual error. One possible
idea is to add connection structures at other locations based on stress
analysis results, which is a worthwhile direction for future research.

Lightweighting strategy. The current lightweighting strategy is deliber-
ately straightforward: circular holes are drilled exclusively in regions
that are hidden beneath the preceding layer—areas that remain in-
visible in the final assembly. A promising avenue for future work
would be to apply topology optimization methods [31] to remove ad-
ditional redundant material while safeguarding structural performance.
Nonetheless, preliminary assessments indicate that such techniques
would yield only marginal extra weight savings for the actual product
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Fig. 15. Comparative experiment with manual design and algorithm design. (a) The
input image, which is a manually designed image created by the artist [1]; (b) Manual
design with all layers; (c) Ours.

while incurring a markedly higher computational cost. Consequently,
topology optimization was not adopted in this study.

The way to connect isolated patches. In order to decrease the number of
layers, we need to connect some isolated patches into a connected area.
Our algorithm uses the shortest line between two patches to connect
them. Although our algorithm avoids connecting the patches that are
too far apart, using lines to connect the patches still reduces users’
viewing experience. In the future, how to utilize human perception and
psychology to generate the connecting paths between patches that do
not disrupt the integrity of the content of the input is a worthwhile
problem.

Stereo effect. The MWCA is a 2.5D artwork, which means it can show-
case 3D effects to a certain extent. However, our algorithm does not
take this point as the goal. Indeed, enhancing the 3D effects of the
final result will no doubt increase the number of layers. But proposing
a method to achieve a good trade-off between them is still a worthy
idea.

Effect of different artistic styles. Our outcomes are inevitably influ-
enced by the artistic style of the input image. Illustrations and maps
— whose visuals are dominated by large, uniform color patches - tend
to yield more satisfactory carvings (e.g. Figs. 16(a-g)). By contrast,
photographic pictures rich in color gradients and fine details often
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fall short of expectations (Figs. 16(i) and (j)). Image vectorization
struggles to convert gradient colors into the desired discrete uniform
color patches, as this can introduce noticeable distortion. Therefore,
it can be understood that the poor expression of gradient colors is
an inherent limitation of MWCA. A promising remedy is to first em-
ploy an artificial intelligence-driven style-transfer step that converts
complex photographs into an illustration before feeding them into our
pipeline.

Potential interactive design. The proposed workflow lends itself to a
highly marketable software solution centered on interactive design.
During preprocessing, user-friendly tools — such as a paint-bucket
tool, brushes, and even artificial intelligence-based image-generation
modules — could be introduced to let customers rapidly refine their
input images to match personal tastes. In post-processing, intuitive
controls allow them to choose whether to include a frame and to
adjust lightweighting parameters — e.g., the minimum hole size and
protective offset distance — to further reduce the artwork’s overall mass
and production cost. Moreover, the unpainted, natural-wood variant is
also visually compelling (see Fig. 16). Our future interactive design will
allow users to decide whether to keep the raw version of MWCA. Taken
together, these features enable true mass customization, empowering
users with no artistic background to transform any desired picture into
a physical MWCA.

Human-centered quality evaluation. While our framework successfully
automates MWCA fabrication, validating its experiential impact re-
quires deeper investigation. We plan to conduct systematic user stud-
ies exploring whether the MWCA we designed conforms to the sub-
jective aesthetic standards of the general public. By collecting pref-
erence ratings from artists, craftsmen, and general audiences across
digital prototypes and physical installations, we will establish quantita-
tive correlations between computational choices and human aesthetic
judgment.

Holistic performance metrics. Additionally, extending our evaluation
beyond PSNR and fabrication efficiency is crucial. Future work will
develop multi-dimensional metrics integrating material consumption
ratios (relative to solid baselines), structural safety factors (via para-
metric FEA), and durability benchmarks under environmental stressors
(humidity/load cycles). This will create a comprehensive assessment
framework balancing technical constraints, economic viability, and
experiential quality for personalized fabrication systems.

6. Conclusion

This work delivers the first complete, image-to-fabrication pipeline
for multi-layer wood-carving artwork (MWCA). By color-palette com-
pression, a connectivity-aware greedy layer extractor, and a suite of
structural and economic post-processors (layer merging, strategic hol-
lowing, and stress-guided widening), the method simultaneously op-
timizes visual fidelity, structural safety, fabrication effort, and down-
stream logistics costs. Its modular design, fully automatic operation,
and direct compatibility with standard laser cutters make it a practical
foundation for truly mass-customized wooden reliefs.

Experimental validation across 18 digital examples and 3 physical
prototypes demonstrates the system’s ability to produce structurally
viable artworks while preserving visual fidelity to reference inputs. The
automated pipeline significantly reduces reliance on manual expertise,
enabling efficient production workflows for personalized fabrication.
Practical outcomes highlight reduced material waste, simplified assem-
bly through boundary alignment, and improved structural durability
compared to trial-and-error manual designs.

Future work will explore integrating Al-driven style transfer for
gradient handling, advanced topology optimization for lightweight, and
interactive tools for user-customizable adjustments. The methodology
establishes a foundational framework for computational wood carving
art, bridging digital design precision with traditional craftsmanship
constraints.
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Fig. 16. A gallery of MWCA created using the proposed method, including various art themes: (a) Traditional Chinese pattern (created by GPT-4o [27]); (b) Phoenix pattern
(created by GPT-40 [27]); (c) Mechanical style (created by Midjourney [12]); (d) Cyber Punk style (created by Midjourney [12]); (e) Illustration style (created by Midjourney [12]);
(f) Ghibli style (created by GPT-40 [27]); (g) Poster (created by Midjourney [12]); (h) Map (created by Snazzy Maps [30]); (i) Photograph (taken by the authors); (j) Pet portraits

(taken by the authors).
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