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Fig. 1. A free-form LEGO
®
sketch art (c) automatically generated by our approach. The result comprises not only rectangular bricks but also bricks with

sloping and rounding edges for reproducing the input image (a), which features the Rolling Stones’ Tongue and Lips logo ®Musidor B.V. Compared with the

generic LEGO
®
mosaic (b) created by the commercial software Stud.io [Bri 2023], our result better preserves the details, smooth curves, and sharp features on

the same 64 × 64 LEGO
®
baseplate. See also Figure 2 (d) for the official design. Its resolution is 62 × 72 vs. ours with 47 × 56 (black margins in (c) excluded).

This paper presents computational methods to aid the creation of LEGO
®1

sketch models from simple input images. Beyond conventional LEGO
®
mo-

saics, we aim to improve the expressiveness of LEGO
®
models by utilizing

LEGO
®
tiles with sloping and rounding edges, together with rectangular

bricks, to reproduce smooth curves and sharp features in the input. This is a

challenging task, as we have limited brick shapes to use and limited space to

place bricks. Also, the search space is immense and combinatorial in nature.

We approach the task by decoupling the LEGO
®
construction into two steps:

first approximate the shape with a LEGO
®
-buildable contour then filling

the contour polygon with LEGO
®
bricks. Further, we formulate this contour

approximation into a graph optimization with our objective and constraints

and effectively solve for the contour polygon that best approximates the in-

put shape. Further, we extend our optimization model to handle multi-color

and multi-layer regions, and formulate a grid alignment process and various

perceptual constraints to refine the results. We employ our method to create

a large variety of LEGO
®
models and compare it with humans and baseline

methods to manifest its compelling quality and speed.

CCS Concepts: • Computing methodologies → Shape modeling.
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1 INTRODUCTION

LEGO
®
has emerged as a unique medium for artistic expression. By

skillfully arranging bricks of various forms and colors on the base-

plate, one may create LEGO
®
models to depict images, shapes, and

artworks. A common approach to create LEGO
®
art is by downsam-

pling a digital image then representing each pixel by a unit-square

LEGO
®
plate of similar color as the pixel. The result is known as the

LEGO
®
mosaic, which can be easily realized by computer software

and has been integrated into many commercial websites, e.g., [me

2022; Xplicator 2020]. Figure 1 (b) shows an example LEGO
®
mosaic

generated by the widely-used software Stud.io. [Bri 2023].

However, LEGO
®
mosaics have limited expressiveness. For in-

stance, a 64 × 64 LEGO
®
mosaic already involves more than three

thousand LEGO
®
pixels, reaching 51.2cm × 51.2cm in physical size,

as shown in Figure 1 (b). Hence, considering the manual assembly

workload and space for displaying the mosaic, the resolution of

LEGO
®
mosaics cannot be too large. Therefore, they often suffer

from loss of image details and have limited capability of reproducing

free-form smooth curves and sharp features.

To improve the expressiveness of LEGO
®
arts in a limited physi-

cal space, LEGO
®
designers, leveraging their professional experi-

ence, are able to skillfully use both rectangular and non-rectangular

LEGO
®
bricks to create designs with free-form boundaries. Such

form of LEGO
®
art is called the LEGO

®
sketch; see Figure 2. Specif-

ically, LEGO
®
sketch employs coherently-connected bricks with
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Fig. 2. LEGO
®
sketch models ©LEGO

®
Group designed by human experts.

Each model reflects a deep understanding of available brick types, careful

brick placement, and numerous iterations to explore different potential brick

layouts.

sloping and rounding edges to approximate free-form curves. Com-

pared to LEGO
®
mosaics, LEGO

®
sketches are hard to design. They

require tremendous manual effort to iteratively refine a design,

through trial and error, by testing the construction feasibility and

perceptual effect. At present, LEGO
®
sketch products are mostly

sold as off-the-shelf items. Personalized designs remain costly.

In this work, we aim to develop computational methods to help

create customized LEGO
®
sketch models from simple images. Like

generic sketch models, we target images with simple structures, e.g.,
clip arts, cartoon characters, and logos. As demonstrated in our

result shown in Figure 1 (c), our tool should automatically generate

a well-connected LEGO
®
model that resembles the input, while

respecting the smooth curves and sharp features in the input.

Fundamentally, the main task is to create a tiling with LEGO
®

tiles/plates that best approximates each color region in the input

image, without overlaps or holes; see Figure 1(c) for an example

result. When there is only a single color region in the input, the

task is very like a general tiling problem, yet with the following

deviations: (i) we have limited planar LEGO
®
tiles/plates that can

be used; (ii) the tiling placement locations have to follow the studs

on top of the LEGO
®
baseplate, rather than being arbitrary and

continuous in space; and (iii) we need to create not only a seamless

tiling but also approximate the shape of the input color region. Also,

we should handle inputs with multiple color regions, and we may

arrange tiles over multiple layers; see Section 7 for examples.

This task is non-trivial. First, we have to carefully utilize limited

LEGO
®
bricks of simple geometry to form non-regular structures,

while trying to maintain the visual perception. The challenge is

amplified when considering the limited baseplate space, in which

a slight modification in any brick could cause significant ripple

effect in the whole design. Second, the search space is immense

and convoluted; we have to face the combinatorial explosion in

LEGO
®
brick placements. Further, the objective is multifaceted,

encompassing boundary smoothness, sharp features preservation,

and layout seamlessness. We cannot simply maximize the tiling

coverage or minimize the distance deviation; see Figure 3.

To approach this complex combinatorial optimization problem,

we propose the following ideas. (i) We propose to decouple the

LEGO
®
construction process into two steps. Given a shape/region

to be approximated by LEGO
®
bricks, we first construct a LEGO

®
-

buildable contour polygon on the baseplate that resembles the input

Fig. 3. Given the shape in (a), simply maximizing the tiling coverage or

minimizing the distance deviation between shape and tiled boundary cannot

produce LEGO
®
models (b & c) that well preserve the overall perception of

the shape, as compared with our carefully-designed approach (d).

shape; we call this step the “contour approximation”; then, we can

fill the polygon with non-overlapping LEGO
®
bricks to produce

the LEGO
®
model. (ii) To achieve the contour approximation, we

propose to formulate it into a graph optimization. Procedure-wise,

we first enumerate all potential brick placements around the in-

put shape’s boundary and collect all edge segments of the bricks

that may contribute to form the contour. Then, we represent the

candidate edge segments and their connections using a graph data

structure and solve for the contour polygon (which is a loop in the

graph) that best approximates the input shape/region. (iii) Further,

we show that our graph optimization model can be extended to

handle multiple regions of different colors and also regions over

multiple layers. (iv) Lastly, we propose further strategies to improve

the quality of our results: a grid alignment step to better align the

input with the baseplate’s grid structure and various user-specified

perceptual constraints that can be built into the graph optimization

to account for symmetry and small salient features in the input.

We demonstrate the capability of our tool by creating a wide

array of LEGO
®
sketch models of varying sizes and complexities,

and construct physical assemblies for some of them. We evaluate

our method by comparing it with general users and experienced

designers, demonstrating its compelling quality and speed, though

our results consume significantly less time to create. Last, we com-

pare our method with three baselines and evaluate the robustness

of our method on brick set and baseplate resolution.

Overall, this work has the following contributions.

(i) We introduce the first computational framework to aid the

design and creation of LEGO
®
sketch models. It is a complete

pipeline that can automatically select and arrange LEGO
®

bricks (including regular rectangular bricks and also bricks

with sloping and rounding edges) to construct LEGO
®
sketch

models from simple images.

(ii) We meticulously model the representational capacity of vari-

ous LEGO
®
bricks, decouple and formulate the construction

process into a graph optimization, andmodel the construction

requirements into quantifiable objectives.

ACM Trans. Graph., Vol. 42, No. 6, Article 201. Publication date: December 2023.
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(iii) We extend our optimization model to handle regions of dif-

ferent colors and regions over multiple layers. Besides, we

further enhance our results by developing a grid alignment

process and various perceptual constraints.

2 RELATED WORK

In this section, we discuss assorted areas of related works.

Automated LEGO® generation. First, we discuss computational

methods for automatically generating LEGO
®
models. [Gower et al.

1998] formulate the task as a combinatorial optimization; since

then, there are several follow-ups by exploring, e.g., graph gram-

mar [Peysakhov et al. 2000], cellular automata [Smal 2008], genetic

algorithm [Lee et al. 2015], and metaheuristic [Kollsker and Stidsen

2021]. Considering model stability and brick colors, Luo et al. [2015]

devised a force-based analysis for LEGO
®
models composed of reg-

ular bricks. Hong et al. [2016] studied engraved LEGO
®
models for

computational efficiency. Yun et al. [2017] used silhouette fitting

to improve the voxelization and thus the quality of the generated

LEGO
®
models. Please refer to [Kim et al. 2014] and [Kollsker 2020]

for more comprehensive surveys on the earlier works.

Some variants to the task have been explored in recent years. Kuo

et al. [2015] present Pixel2Brick, a computational framework to au-

tomatically construct brick sculptures from pixel art. Xu et al. [2019]

designed a method to automatically generate LEGO
®
Technic mod-

els from sketches, considering LEGO
®
Technic beams, pins, and

axles, as well as their connections. Liu et al. [2022] computationally

improves the rigidity of Technic models during the design process.

Zhou et al. [2019] considered sloping and circular bricks in addition

to regular cuboid bricks for generating houses with pillars and slop-

ing rooftop. Kollsker and Malaguti [2021] studied the optimization

of 2D LEGO
®
constructions built from cuboid bricks for forming a

planar vertical LEGO
®
wall that can reproduce a given 2D digital

image.

So far, existing works consider mainly regular cuboid bricks, due

to their simplicity in modeling and computation. In this work, we

go beyond regular cuboid bricks, considering many non-rectangular

tiles and plates to build the LEGO
®
designs. Compared with existing

pixel-based approaches, e.g., LEGO®
mosaic, our approach can en-

hance the expressiveness of the LEGO
®
models. It can automatically

generate LEGO
®
designs that better approximate the inputs with

smooth curves and sharp features in the same physical dimension.

Apart from LEGO
®
models generation, Kohama et al. [2021]

computed feasible sequences to assemble a LEGO
®
model in an

additive manufacturingmanner.Wang et al. [2022] explored a neural

network to predict a machine-executable construction plan from a

LEGO
®
instruction manual. Besides, LEGO

®
bricks are ubiquitous

in various research contexts, e.g., STEM education [Gao et al. 2022],

material-economic 3D fabrication [Chen et al. 2018], etc.

Tiling for patterns generation. Tiling patterns with repetitive units
have a long history. Many problem instances have been studied

and categorized [Grünbaum and Shephard 1987]. Similar to our

work, many of these works focus on tiling the plane, for example,

Escherization [Kaplan and Salesin 2000; Nagata and Imahori 2021],

decorative mosaics [Hausner 2001; Smith et al. 2005], collages [Kwan

Fig. 4. From a given image (a), our goal is to arrange LEGO
®
tiles (e.g.,

from the tile set in (b)) on a baseplate (c) (8x8 in this example) to produce a

LEGO
®
sketch model (d) that resembles the shape in the given input.

et al. 2016], checkerboard patterns [Peng et al. 2019], and wooden

parquetries [Iseringhausen et al. 2020], etc. Recently, Xu et al. [2020]

developed a graph neural network, trying to produce non-periodic

tilings of arbitrary 2D shapes. On the other hand, tilings on two-

manifolds have been studied in [Chen et al. 2017; Deuss et al. 2014;

Eigensatz et al. 2010; Fu et al. 2010; Gavriil et al. 2020; Jiang et al.

2021; Liu et al. 2021], which aim to cover freeform surfaces with tile

instances from a small set of fixed panels or blocks.

Our task deviates from standard tiling tasks with additional con-

straints and objectives, focusing more on the perceptual aspects. To

this end, we develop a novel formulation to meet the needs of the

task for effectively creating artistic LEGO
®
sketch designs.

2D shape descriptors. To evaluate the quality of LEGO
®
sketch

models requires comprehensive measures, e.g., shape descriptors for
measuring how similar the result is to the input. Global shape de-

scriptors, such as Fourier descriptor [Persoon and Fu 1977], wavelet

descriptor [Chuang and Kuo 1996], beam angle statistics [Arica and

Yarman Vural 2003], chordiogram [Toshev et al. 2012], and shape

vocabulary [Bai et al. 2014] compactly extract global characteristics

of a shape and measure the overall similarity between shapes. Local

descriptors, such as [Asada and Brady 1986; Belongie et al. 2002;

Kwan et al. 2016], describe local regions of shapes using various local

features such as curvatures. Yet, existing shape descriptors are de-

signed mainly for shape matching, thus tending to miss slight local

variation and deformation that may undermine the user perception.

In response to this, we formulate an objective in our approach that

considers both global visual perception and local curve characteris-

tics, striving to offer a comprehensive and efficient evaluation for

supporting the generation of LEGO
®
sketch models.

3 OVERVIEW

Problem definition. Figure 4 illustrates the goal of our tool. The
inputs include (i) a simple image with one or few regions; (ii) a

LEGO
®
baseplate of given dimensions; and (iii) a tile set of LEGO

®

plates and tiles; see the full tile set in Figure 6. Using both regular

rectangular bricks and non-regular bricks with sloping/rounding

edges, we aim to create a LEGO
®
model that resembles the input

ACM Trans. Graph., Vol. 42, No. 6, Article 201. Publication date: December 2023.
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Fig. 5. Overview of our approach. (i) Extract the shape’s contour, detect feature points (red & blue dots), and slightly deform the contour to align it with the

baseplate’s grid structure. (ii) Compute a LEGO
®
-buildable contour polygon on baseplate that best approximates the grid-aligned contour by enumerating all

possible candidate edge segments that can be covered by LEGO
®
tiles around the contour, then formulating a graph optimization to solve for the contour

polygon. (iii) Optionally, provide perceptual constraints to refine the polygon. (iv) Arrange LEGO
®
tiles to first cover the sloping and rounding edges on the

contour polygon then fill the remaining interior with minimum number of rectangular LEGO
®
tiles.

image, preserving the smooth curves and sharp features in the input,

without brick overlaps and holes in the tiled region.

To aid the understanding of our method, in Sections 4 to 6, we first

present our method on an input image with only a single simply-

connected region. Then, in Section 7, we discuss extensions to handle

regions of multiple colors and regions over multiple layers.

Challenges. First, LEGO®
plates and tiles aremostly simple shapes

such as rectangles, trapezoids, and quarter circles; see again Fig-

ure 6. They cannot create structures that are too thin or too small.

Also, they cannot perfectly reproduce any boundary line, due to the

limited orientations provided by the sloping and rounding edges.

Second, the LEGO
®
baseplate has a limited resolution for brick

placement. Hence, losing the image details in the input is often

unavoidable. Yet, we should strive to find the best approximation of

the input by carefully planning the bricks in this confined space.

Third, brick arrangement is essentially a combinatorial optimiza-

tion problem. We have an immense and discrete solution space,

due to the flexible brick choices and brick orientations, as well as

extensive combinations of adjacent brick placements. Here, a minor

alteration to a single brick can substantially impact the adjacent

ones, potentially triggering a complete redesign of the assembly.

Lastly, the task involves multiple objectives, requiring simultane-

ous consideration of several design factors. Beyond the fundamental

ones on brick connections and assemble-ability (e.g., collision-free),
we should try to account for the perceptual resemblance and bound-

ary smoothness, as well as the salient features in the input.

Our approach. Figure 5 provides an overview of our approach,

which consists of the following four major steps:

(i) Grid alignment aims to slightly deform the contour of the

input shape to align it with the baseplate’s grid structure.

As Figure 5(i) shows, we first slightly shift and scale the

Fig. 6. The tile set we employed includes the above LEGO
®
plates and tiles.

whole contour (global alignment), then locally adjust different

segments (local alignment), to better align it with the grid for

constructing a LEGO
®
model that better approximates the

input shape; see Section 4.

(ii) Contour approximation aims to produce a boundary polygon

on baseplate to best approximate the input contour; see Fig-

ure 5(ii). First, along the contour, we enumerate all candidate

edge segments, which are reproducible by bricks in the tile

set, to cover the entire contour. Then, we formulate a graph

data structure to represent these edge candidates and their

connections, remove infeasible edge connections not realiz-

able by the LEGO
®
tiles, and formulate a graph optimization

to solve for the contour polygon that best approximates the

input shape’s contour; see Section 5.

(iii) Perceptual constraint is an optional step (Figure 5(iii)), in

which perceptual constraints, e.g., a partial symmetry con-

straint, can be provided to further refine the result; see Sec-

tion 6.

(iv) The Tiling step further fills the contour polygon with LEGO
®

bricks; see Figure 5(iv). In detail, we first arrange bricks to

cover the sloping and rounding edges on the polygon, then fill

the remaining interior with minimum number of rectangular

ACM Trans. Graph., Vol. 42, No. 6, Article 201. Publication date: December 2023.
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Fig. 7. (a)-(c) Preparation before adjusting the shape’s contour, for aligning

it with the baseplate’s grid structure. (d) Grid alignment results.

bricks. Also, LEGO
®
bricks have a fixed set of colors, known

as the the LEGO
®
color palette. We pick the color in the

palette that is the closest to the associated color in the input

as the color of the bricks.

Further, we extend this pipeline to handle inputs with multi-color

regions and multiple layers by formulating additional constraints

in our optimization model; see Section 7. In the end, we employ our

pipeline to produce diverse colorful LEGO
®
models and conduct

various experiments to demonstrate the capability of our method,

as well as its compelling quality and speed.

4 GRID ALIGNMENT

The baseplate has a grid structure, in which each grid cell encloses a

single LEGO
®
stud; see Figure 4(c). Inspired by [Xu et al. 2010], we

propose to first align the contour of the shape in the input image

with the baseplate’s grid structure, such that the generated LEGO
®

model can better approximate the shape. In detail, we have the

following considerations: (i) we should try to move sharp points

on the contour close to the grid vertices, such that we may better

reproduce sharp points by LEGO
®
bricks; (ii) similarly, we should

try to align nearly horizontal/vertical segments in the contour with

horizontal/vertical grid lines in the baseplate; and (iii) the global

and local deformations on the contour should be as small as possible

to maintain the overall appearance of the shape.

Step (i): Preparation. To start, we extract the contour of the shape

in the input image and locate nearly horizontal/vertical curve seg-

ments on the contour (contour segments) by thresholding; see Fig-

ure 7(a). To extract the contour, we densely sample points along the

shape’s boundary in the input image and employ Laplacian smooth-

ing. Then, we locate points with sharp turning angle on the contour

(see Figure 7(b)) and treat these sharp points and the endpoints of

the identified horizontal and vertical contour segments as feature

points on the contour. Further, for each feature point, we locate its

associated target on the grid, e.g., nearest grid vertex; see Figure 7(c).

Steps (ii) & (iii): Global & local alignment. We slightly translate and

scale the contour by formulating a linear regression that minimizes

the sum of distances between the feature points and the associated

Fig. 8. Comparing LEGO
®
models generated with and without grid align-

ment. Grid alignment helps align the contours with the baseplate grid, such

that the generated LEGO
®
models can better approximate the input shapes.

Fig. 9. Left: candidate edge segments enumerated around a grid-aligned

contour. Right: we associate each edge segment with LEGO
®
tile(s) that

may cover it. Candidate edge segments are marked in blue in this paper.

targets. Then, we slightly deform local segments of the contour

between successive pairs of feature points, by solving for an affine

transformation using gradient descent to move the feature points

closer to the associated targets. For the case of endpoints from

horizontal/vertical contour segments, we have to keep the endpoint

pair to remain horizontal/vertical after the deformation.

Figure 7(d) presents two example shapes (contours) adjusted by

the above procedure. From the results, we can see that the feature

points in the adjusted contours can better align with the grid struc-

ture. Also, the adjusted contours are deformed only slightly to main-

tain the overall appearance, without obvious distortion. Figure 8

gives two examples on how grid alignment helps produce LEGO
®

models that better approximate the input shapes. We present the

detailed mathematical formulation of the grid alignment step in Part

A of the supplementary material.

5 CONTOUR APPROXIMATION

After obtaining the grid-aligned contour, we next should find a

polygon on the baseplate that best approximates the contour (see

Figure 5(ii)), while ensuring the polygon to be reproducible with the

LEGO
®
bricks in the tile set. Our key idea to achieve this is to first

enumerate all possible LEGO
®
brick placements around the contour

and formulate a graph optimization to solve for the polygon.

ACM Trans. Graph., Vol. 42, No. 6, Article 201. Publication date: December 2023.
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Step (i): Enumerate candidate edge segments. Looking at the non-

rectangular LEGO
®
bricks shown on the left side of Figure 6, we

can see the limited types of sloping and rounding edges that LEGO
®

bricks may reproduce. So, we first enumerate sloping and rounding
edge segments around the grid-aligned contour, then take these

edge segments together with one-unit grid line segments around the

contour to form a set of candidate edge segments; see Figure 9 (left).

Also, we associate each of these edge segments with LEGO
®
brick(s)

that may reproduce it; see Figure 9 (right) for some examples.

Step (ii): Graph Initialization. Next, we model the candidate edge

segments and their relations by constructing graph G = {V, E1, E2}
with node set V and edge sets E1 and E2. Denoting {𝑠𝑖 } as the set
of candidate edge segments from step (i), we define V = {𝑠𝑖 }, so
each node in V denotes a unique candidate edge segment. Further,

we employ E1 to represent connection relations and E2 to represent

conflicting relations among the candidate edge segments:

• we create connecting edge (𝑠𝑖 , 𝑠 𝑗 ) ∈ E1, if candidate edge

segments 𝑠𝑖 and 𝑠 𝑗 share a common endpoint at a grid vertex;

see an example in Figure 10 (a); and

• we create conflicting edge (𝑠𝑖 , 𝑠 𝑗 ) ∈ E2, if we cannot arrange

LEGO
®
tiles to simultaneously cover both 𝑠𝑖 and 𝑠 𝑗 without

tile overlap; see examples in Figure 10 (b & c).

Using graph G, we can formulate the problem of finding the contour

polygon into a graph optimization. That is, we aim to (i) find a cycle

through edges in E1, such that the series of edge segments (nodes)

in the cycle best approximates the input shape, while (ii) employing

E2 to ensure overlap-free LEGO
®
building, i.e., no two nodes in

the cycle are connected by a conflicting edge in E2. Please see

supplementary material Part B for the details on graph initialization.

Step (iii): Compute graph node and edge attributes. We compute

node and edge attributes for supporting the graph optimization. For

each graph node (candidate edge segment) 𝑠𝑖 ∈ V , we compute:

(i) Distance deviation 𝐿𝑑 between 𝑠𝑖 and the grid-aligned contour

by projecting 𝑠𝑖 onto the contour, finding the associated near-

est contour segment 𝑐𝑖 , and computing the Chamfer distance

between points uniformly sampled on 𝑐𝑖 and 𝑠𝑖 .

(ii) Distance variation 𝐿𝑣 measures the standard deviation of

point-wise distances between uniformly-sampled points along

𝑠𝑖 and contour segment 𝑐𝑖 ; when the distance variation is

small, it means 𝑠𝑖 has a similar shape as 𝑐𝑖 , and vice versa.

Further, we prune candidate edge segments

with low capability of approximating the con-

tour by comparing lengths |𝑠𝑖 | and |𝑐𝑖 |, i.e.,
when |𝑐𝑖 |/|𝑠𝑖 | > threshold 𝛿1; see the right in-

set figure. Besides, we compute the following

attribute for each connecting edge (𝑠𝑖 , 𝑠 𝑗 ) ∈ E1:

(iii) Sharpness matching 𝐿𝑠 measures how

well the turning angle between candi-

date edge segments 𝑠𝑖 and 𝑠 𝑗 matches

the local sharpness on contour. Here,

we denote point 𝑝 as the endpoint be-

tween 𝑠𝑖 and 𝑠 𝑗 and point 𝑞 as the

projection of 𝑝 on the contour. At point 𝑝 , we obtain nor-

malized tangential vectors 𝑠𝑖 and 𝑠 𝑗 along the two candidate

Fig. 10. (a) Connecting edges in E1 are formed between candidate edge

segments (blue) that share a common endpoint (red dot); see, e.g., (𝑠1, 𝑠2 ) .
(b,c) Conflicting edges in E2 mark candidate edge segments (blue) that

cannot be simultaneously chosen, since their associated LEGO
®
bricks

overlap one another; see e.g., (𝑠3, 𝑠4 ) in (b) and (𝑠5, 𝑠6 ) in (c).

edge segments, whereas at point 𝑞, we fit its left and right

contour segments separately with a B-spline curve to obtain

normalized tangential vectors ˆ𝑞− and 𝑞+; see the above inset
figure. Then, we can compute the sharpness matching term

as the sum of deviations between 𝑠𝑖 and ˆ𝑞− and between 𝑠 𝑗
and 𝑞+. Further, we prune (𝑠𝑖 , 𝑠 𝑗 ) from E1, if its sharpness

matching value exceeds threshold 𝛿2. Using this term, we can

help preserve both sharp corners and smooth boundaries on

the contour of the input.

Please refer to supplementary material Part C for the formal math-

ematical definitions of each of the above attributes.

Step (iv): Solve for the contour polygon. Now, we are ready to

formulate the graph optimization. First, we denoteV′ ⊆ V as an

ordered list of vertices (candidate edge segments). Second, we define

two constraints: (i) to form a cycle, every pair of successive vertices,

including the first and the last, in V′
should be a connecting edge

in set E1; and (ii) to ensure overlap-free LEGO
®
building, no two

vertices in V′
should be contained in the conflicting edge set E2.

Third, we formulate an objective function, minV′ [𝑤𝑑L𝑑 +𝑤𝑣L𝑣 +
𝑤𝑠L𝑠 +𝑤𝑚L𝑚], as a weighted sum of the following four terms:

• Distance deviation L𝑑 sums the distance deviation 𝐿𝑑 of each

𝑠𝑖 ∈ V′
and normalize the sum by the total contour length.

• Distance variation L𝑣 sums the distance variation 𝐿𝑣 of each

𝑠𝑖 ∈ V′
and normalize the sum by the total contour length.

• Sharp-points preservation L𝑠 measures how well the polygon

represented byV′
retains the sharp points detected on the

contour; see Section 4. For each sharp point on contour, we

find a pair of adjacent candidate edge segments with the

lowest sharpness matching value 𝐿𝑠 ; a lower value means a

better preservation of the sharp point. Here, L𝑠 is the mean

sharpness matching value over all detected sharp points.

• Smoothness preservation L𝑚 . To avoid undesired sharp points
on the generated LEGO

®
model that do not exist in the input

contour, we visit every connecting point between successive

edge segments inV′
, sum its sharpness matching value 𝐿𝑠 ,

and normalize the sum by the total contour length.

Note that we present the detailed formal mathematical definition of

each term in supplementary material Part D.

To solve the above graph optimization for the contour polygon,

we first define a binary decision variable 𝑥𝑖 for each graph node

𝑠𝑖 ∈ V′
and denote vector x as {𝑥𝑖 }. Then, we can model the
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Fig. 11. Optional perceptual constraints for refining the contour polygon.

The models from top to bottom are Apple, Camel2, Squirrel, and Camel1.

connection constraint and the conflicting constraint as a function

of x, and constrain V′ ≠ ∅ to avoid trivial solutions. Further, we

can compute the objective function based on x. Therefore, we can
formulate a constrained optimization using integer programming

(IP) and solve it using an IP optimizer. Details about the formulation

can be found in supplementary material Part D.

6 PERCEPTUAL CONSTRAINTS

Optionally, perceptual constraints can be introduced into the opti-

mization model to help refine the results (see Figure 5(iii)):

Symmetry constraint. We may specify reflection symmetry by

marking an axis-aligned boxwith a symmetry x-/y-axis (Figure 11(a))

and translational symmetry by marking a pair of boxed regions (Fig-

ure 11(b)). To achieve these, we formulate additional constraints in

our optimization model to enforce the co-selection of associated

candidate edge segments. Then, our optimization model can solve

for the refined contour polygon with the symmetry property.

Fig. 12. Our edge coupling strategy helps to ensure a coherent boundary

between LEGO
®
bricks in adjacent regions; compare (b) vs. (c).

Brick constraint. On a low-resolution baseplate, small but salient

shape features could be missed in the contour polygon. We may

explicitly arrange some brick(s) on the baseplate to make up certain

desired features in the contour polygon (Figure 11(c)). Once a brick is

added, decision variables associated with the brick’s edge segments

would be flagged (selected) to constrain the optimization.

Clearance constraint. Conversely, we may keep certain grid cells

unoccupied; see Figure 11(d) for an example. In detail, we achieve

this effect by constraining the non-existence of the candidate edge

segments associated with the bricks that may occupy the cells.

7 EXTENSIONS

After obtaining the polygon that approximates the input, we next

follow the procedure in step (iv) of Section 3 to fill the polygon

with LEGO
®
bricks to produce a LEGO

®
model; see Figure 5(iv) and

supplementary material Part F.

So far, we present our pipeline for the case of a single simply-
connected shape in the input. Below, we present our extensions to

enable the pipeline to produce LEGO
®
models with (i) regions of

different colors and (ii) regions over multiple layers.

Extension (i): Multiple regions of different colors. To achieve this
extension, the challenge is to ensure a coherent boundary between

adjacent regions. As Figure 12(b) shows, if we arrange LEGO
®
bricks

independently for the two regions, their boundaries may not match

and may even overlap. Hence, we propose to couple the associated

candidate edge segments in adjacent regions and solve for candidate

edge segments in multiple regions together by jointly performing

the optimizations; see Figure 12(c) for an example result.

In detail, given an input image with multiple regions (see Fig-

ure 12(a)), we first segment the regions, extract their contours, and

identify shared contour segments between each pair of adjacent re-

gions. Then, we amend our pipeline: (i) co-adjust the feature points

and contours shared between regions in the global and local align-

ment; (ii) impose additional constraints in the graph optimization

to couple the matched candidate edge segments along the shared
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Fig. 13. A running example of creating a multi-layer LEGO
®
model from (a)

an input image. (b) Segmented regions. (c) User-assigned layers. (d) Models

generated in each layer. (e) Final composed LEGO
®
model.

boundary, such that the matched candidate edge segments are al-

ways co-selected (see Figure 12(c)); (iii) identify conflicting candidate

edge segments across regions to ensure overlap-free LEGO
®
bricks

in the results; and (iv) jointly solve for the contour polygons of

multiple regions, such that the above cross-region constraints can

be enforced by the graph optimization.

Extension (ii): Multiple layers. Further, we can extend our pipeline

for producing LEGO
®
sketch models composed of multiple layers;

see, e.g., Figure 13(e). Such a model exhibits depth perception effect.

Figure 13 shows a running example to illustrate the procedure:

• Following the procedure as extension (i), we first segment

the input image (Figure 13(a)) into regions (Figure 13(b)).

• Then, to create a multi-layer model, users can assign each

region to a different layer (Figure 13(c)). In the future, we plan

to study visual perception techniques to explore T-junctions

and machine learning to generate layering automatically.

• Importantly, given the layering, we examine regions from top

to bottom layers to expand each region to fill the occluded

areas under the upper layer (Figure 13(c)), thus promoting

brick connections and supports in the final model. Also, we

identify common contours in regions of adjacent layers (Fig-

ure 13(c)) and add constraints in the optimization to ensure

consistent boundaries between layers.

• After that, we solve the graph optimizations layer by layer

(top to bottom) to generate the contour polygons, produce

the LEGO
®
model in each layer (Figure 13(d)) and stack them

together (Figure 13(d) & (e)).

• In the tile set, some LEGO
®
pieces do not have studs on top;

see Figure 6. So, when these bricks are arranged in a middle

Table 1. Statistics of our results: (i) number of nodes (candidate edge seg-

ments), connecting edges, and conflicting edges in graph, and baseplate

resolution; (ii) number of edge segments in contour polygon and number

of LEGO
®
bricks; and (iii) our method’s running time. Models are sorted

in ascending order of solving time. Multi-color models are highlighted in

yellow. Models without figure numbers can be found in Figures 14 or 17.

layer, they cannot provide connections for the bricks above

them. Therefore, we replace such bricks with 1 × 1 round

plates (whose colors follow the lower-layer bricks); see, e.g.,
the second sub-image from the right of Figure 13(d).

More results on single- and multi-layer LEGO
®
sketch models

produced by our method are presented in Section 8.

8 RESULTS AND EXPERIMENTS

8.1 Implementation Details

We implement our tool using Python 3.10 and employ Numpy [Har-

ris et al. 2020] to manipulate arrays. We employ Shapely [Gillies

et al. 2023] for planar geometric computation, and Gurobi [Gurobi

Optimization, LLC 2023] for solving the graph optimization.

ACM Trans. Graph., Vol. 42, No. 6, Article 201. Publication date: December 2023.



Computational Design of LEGO
®
Sketch Art • 201:9

Fig. 14. A gallery showcasing various LEGO
®
models generated by our approach on 14 different input images. From left to right and then top to bottom, the

models are Dragon, Butterfly, Beetle, Kangaroo, Bat, Horse, Helicopter, Dog, Spring, Cattle, Deer, Octopus, Bunny, and Dolphin.

Fig. 15. Bird and Camel1 in different resolutions. From input (a), we gener-

ate LEGO
®
models on baseplates of resolution from 64 × 64 (b) to 16 × 16

(e). All models are automatically generated without perceptual constraints.

We adopt the KNN algorithm using OpenCV [Bradski 2000] to

extract shapes and contours in input images, and remove high-

frequency noises via Laplacian smoothing for 20 iterations. Then,

the extracted contours are resized to fit into the baseplate coordinate

system. We compute a truncated distance field for each contour to

accelerate the identification of candidate edge segments, as elab-

orated in Section 5. To facilitate the computation of the objective

functions in Step (iv) of Section 5, we uniformly sample points along

the boundary of the extracted contour and the candidate edges ev-

ery 𝑑 LEGO
®
units, where we empirically set 𝑑 as

1

20
to balance

between the precision and running time. In addition, we empirically

set thresholds 𝛿1 and 𝛿2 in Section 5 as 3 and 4, respectively.

Fig. 16. Results generated on Bunny and Camel1 using the full tile set

shown in Figure 6 with 13 non-rectangular bricks (b) to using a reduced set

with 10 (c), 6 (d), 3 (e), and zero (f) non-rectangular bricks.

8.2 Results

We employ our method to create a large number of LEGO
®
models

of varying sizes and complexities. Table 1 lists their statistics. Fig-

ure 14 presents a gallery of single-region models that have not been

shown earlier in the paper. Among them, we impose reflection sym-

metry on Beetle and local reflection symmetry on the skid landing

gear part of Helicopter. The other models are generated from the

inputs without perceptual constraints. These results demonstrate

the capability of our method to produce LEGO
®
models that resem-

ble the inputs, while striving to preserve the smooth curves and

sharp features in the inputs. It is worth to note that in many models,

our method has striven to best use the available bricks with sloping

and rounding edges to mimic various sharp, curvy, and complicated

structures in the inputs. Notably, it attempts to replicate thin and
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Fig. 17. A gallery of seven multi-color LEGO
®
sketch models, alongside with their input images. From left to right and then top to bottom: Australia map,

Android logo, Brickhead, Siggraph, Australia terrain, Smiley face, and Landscape.

Fig. 18. Physical assembles of Dragon, Ironman, and Sydney opera.

sharp structures in various models, such as in Octopus and Beetle,

as well as the challenging spirals in Spring. Also, it attempts to

preserve the detailed fine features on various models, as evident on

the antler of Deer and around the contour of Bat.

On the other hand, we employ our method to create eleven multi-

color multi-layer LEGO
®
models; see Figures 1, 13, 17, and 18. Fig-

ure 17 shows seven of them, and Figure 18 shows a photograph of

three physical assemblies that are being hung on the wall. These

results showcase the remarkable versatility of our tool in producing

different kinds of images, covering clip arts, movie characters, maps,

logos, iconic buildings, and landscape painting, and demonstrate

the practicality as home or office decor. Particularly, note the seam-

less borders between regions of different colors, showing that our

extended optimization model can help enforce the connections not

only within individual regions but also across adjacent regions.

Timing performance. The rightmost part of Table 1 reports the

running times of our method: about ten seconds for models of

standard LEGO
®
set sizes (20 × 20 or less), thanks to the contour

approximation and graph optimization. The process for constructing
the graph typically takes up most of the running time, as it needs

to exhaustively enumerate all potential brick placements and all

candidate edge segments, as well as their connections and conflicts.

Overall, the whole method is able to complete in less than two

minutes for standard-size LEGO
®
models, and it takes only a few

minutes for the larger models like Rolling Stones and Landscape.

Results on varying resolutions. Our method is able to generate

LEGO
®
models in different resolutions. Figure 15 shows the results

on Bird and Camel1, where we progressively reduce the baseplate

resolution from 64 × 64 to 16 × 16. We can see that as the resolution

decreases, our method strives to use sloping and rounding pieces to

keep the overall perceptual resemblance but may simply skip the

intricate shape details, such as the beak of Bird.

Results with varying brick sets. We study our method’s perfor-

mance on different brick sets. We start with the full tile set shown

in Figure 6 to generate Bunny and Camel1, and progressively re-

move non-rectangular bricks from the tile set, regenerate the model,

and repeat this process until only rectangular bricks left. From
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Fig. 19. Exploring human performance. We recruited five participants to

design LEGO
®
models for the three images shown on top and compared

their performance with our method through a user study. Results show that

our method can rival the experienced designers, while using much less time.

Fig. 20. Renderings of the designs created by (a) a general LEGO
®
fan, (b)

an experienced designer, and (c) our method.

the results shown in Figure 16, we can see that our method can

still produce results that perceptually resemble the original inputs

when using different tile sets. Also, we can see that our method can

skillfully realize the shapes using different bricks. Besides, these

result demonstrates the crucial role of non-rectangular bricks in

maintaining smooth curves and sharp features.

8.3 Evaluations

Comparison with human performance. To obtain a sense of how

human performs in LEGO
®
sketch design, we recruited five par-

ticipants and asked them to design LEGO
®
sketch models for the

same input images as our method. Two of them are experienced

LEGO
®
designers with around two years of full-time working expe-

rience on LEGO
®
design, while the other three are general LEGO

®

fans. Figure 19 (top) shows the three input images employed in this

experiment and the baseplate resolution for them are 20 × 20 for

Bunny, 20 × 20 for Dolphin, and 64 × 64 for Sydney Opera.

Instead of physical assembly, we let our participants create the

designs in a commercial software (which is Stud.io [Bri 2023]) to

accelerate the brick retrieval, brick manipulation, and brick coloring.

Before the experiment starts, we respectively prepare three scene

files (with .io extension) for the three input images, where we put

into each scene (i) the baseplate and (ii) the available bricks (i.e.,

the brick set shown in Figure 6) next to the baseplate, such that

the participants can readily copy and paste the bricks and drag

the bricks to quickly form a design. We also put the associated

image as texture on the virtual baseplate, such that the participants

can easily evaluate the design similarity and the design dimension.

After a basic training to ensure the LEGO
®
fans learn how to use

the software, we instruct the participants to try their best to create a

design that resembles the input using only the given brick set. Also,

we set a time limit of 20 minutes for the simpler Bunny and Dolphin

and 120 minutes for Sydney opera. We collected the designs of each

participant and recorded the time taken to create each design.

To evaluate the quality of the designs, we recruited ten general-

background volunteers to score the designs by the participants and

by our method via questionnaires. We show an image of each design

on the questionnaire. The volunteers were asked to rate the overall

perceptual resemblance and visual aesthetics on a one-to-five scale.

Figure 19 plots the design quality scores (middle) and time taken

(bottom) for all the 18 designs, with participant IDs marked below

the bar charts. Figure 20 shows the renderings of the designs by

participants No.2 and No.5. From the results, we can see that our

method is able to produce LEGO
®
models that rival the experienced

human designers, while using significantly less time. The models

designed by general LEGO
®
fans typically exhibit zigzag effects

and unregulated shape distortions. While the experienced designers

may produce models with smooth boundaries, they often require

more time to try to minimize the distance deviations from the input

images. Our results, in contrast, possess smooth boundaries, sharp

corners, minimized distance deviations, and less distortions.

Comparison with baseline methods. We compare our method with

three baseline methods. The first is a Greedy method that iteratively

selects brick pieces around the shape boundary, where we minimize

our objective function in each selection. The secondmethod replaces

the objectives in Section 5 by the metric of integral square error
(Ise). The Ise metric is widely used in the research community

of polygonal approximation, with which we simply measure and

minimize the distance deviation between the input contour and the

contour polygon. The third one adopts a Tiling algorithm that

regards LEGO
®
pieces as tiles and aims to maximally cover a 2D

region while avoiding holes and tile overlaps. This algorithm is a

modification of the public code of [Xu et al. 2020].

We conduct the comparison by employing the baseline methods

and our method to create LEGO
®
designs for 20 simply-connected

input shapes, yielding a total of 80 results, where the resolution

of the baseplates are all 20 × 20. To quantify the design quality
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Fig. 21. Visual comparison between LEGO
®
models generated by baseline

methods (b)-(d) and our method (e). All resolutions are 20 × 20 .

Fig. 22. User study results on comparing our method with the three baseline

methods. The line charts show the average design quality scores on the

four methods assessed by the ten participants, revealing that our method

consistently produces better results than the baseline methods.

of these models, we evaluate the results using the following four

metrics: distance deviation, distance variation, sharpness matching,
and gradient. The metrics of distance deviation, distance variation,
sharpness matching are directly adopted from our objective function

(Section 5), and the gradient metric is defined as the mean difference

between tangential vectors measured on associated sample point

on the input contour and the approximated polygon.

We recruited 10 participants of general background to conduct the

questionnaires, using the same format as the human performance

experiment, collecting 80 scores (20 models x 4 methods) from each

participant. Figure 22 plots the average scores, while Figure 21

shows the rendering of 12 results on three inputs. We also report

in Table 2 the running time and the metric values. From the scores

provided by the participants and the visual results, we can see that

our approach clearly outperforms the baselines. Besides, the line

charts also reveal that the participants consistently prefer our results

over others. Please also refer to supplementary material Part I for

the line charts with error bars.

Specifically, while the Greedy algorithm is fast, it lacks global

consideration when arranging each brick. The greedy approach

iteratively selects bricks that best match the local shapes, but it will

likely cause unpleasant effects elsewhere, including non-smooth

Table 2. Running time and perceptual metrics measured on the LEGO
®

sketch models generated by our method and by the three baselines. Note

that the Ise method solely minimizes the distance deviation (so it is a lower

bound of this metric), while ignoring all other perceptual considerations.

Results generated by our method perform the best on all the other metrics.

See also Figure 21 for the visual comparisons.

Fig. 23. Runtime and memory consumption analysis. These blue scatterplot

shows the runtime and the orange scatterplot shows the peak memory

consumption of our method when we employ it to generate LEGO
®
designs

with different number of bricks.

zigzags and over-dilated thin features, as shown in Figure 21 (d). The

Ise approach, commonly employed for polygonal approximation and

typically effective for general tasks such as polygonal simplification,
yields unsatisfactory results in our task. This is because designing

LEGO
®
sketch models necessitates multi-faceted visual perception

considerations, such as boundary smoothness and sharp features,

not merely distance deviation. The results of Ise also demonstrate

the necessity of the objective terms L𝑣 , L𝑠 , and L𝑚 presented in

Section 5. Lastly, the tiling algorithm is the most time-consuming

one, while getting the lowest quality scores. The global consideration

for the entire design slows down the computation and the unpleasing

visual effect is due to the constraint that enforces each brick not to

extrude beyond the shape region.

Runtime and Memory Consumption Analysis. We analyzed the

runtime and memory consumption of our method on five shapes
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Fig. 24. Visual ablation results. The red dashed line in each figure reveal the input contours to aid the comparison. For each case of removing a term, the

generated model degrades, compared with the result produced by the full objective. In particular, the degradation includes dilation, zigzag, missing sharp

corners, and unwanted non-smooth transitions. From left to right then top to bottom, the models employed are Banana, Squirrel, Tree, and Guitar.

for 18 increasing resolutions, ranging from 20 × 20 to 280 × 280.

The plots shown in Figure 23 revealed that both the runtime and

peak memory consumption increase roughly exponentially with the

number of bricks. This can be attributed to our choice of an IP solver

that predominantly employs a branch-and-bound algorithm. Such

an algorithm typically exhibits exponential growth, concerning the

number of variables and constraints.

To mitigate the computational complexity, our method focuses

more computational resources on processing the exterior bricks

(elaborated in Section 5). Consequently, the growth in the number

of variables is approximately linear in relation to the length of

the input contours, rather than the areas of the color regions. As

presented in Figure 23, our method can generate results within four

hundred bricks in a few minutes, which corresponds to a resolution

of around 64 × 64. However, the runtime significantly increases

when processing a LEGO
®
sketch containing six hundred bricks.

Yet, as shown in the plot, our method is able to produce LEGO
®

sketches of up to 280 × 280 resolution within two hours.

Ablation Study. We further explore the influence of the four ob-

jective terms in our optimization by conducting an ablation study.

This study comprised 120 different inputs: 20 simply-connected

shapes, each at 6 resolutions (from 16×16 to 26×26). For each input,

we generated five LEGO
®
sketch models: one using our objective

with all terms and four with each of the terms is removed from

the full objective function. We adopted the same four metrics from

the comparison with baseline methods experiment to evaluate every

model. Table 3 shows the average metric values of all models under

different experimental settings, where we can see that removing a

Table 3. Ablating each objective term. Each row shows an average metric

score under five configurations: (i) all objective terms included, (ii) without

distance deviation, (iii) without distance variation, (iv) without sharp-point

preservation, and (v) without smoothness preservation. In each row, we

highlight the score with the largest rise (i.e., degradation of the associated

metric) in red to reveal the impact of excluding the associated term.

specific term typically degrades its corresponding metric without

substantially benefiting the other metrics.

Figure 24 provide a visual comparison on some of the results,

showing that removing the term distance deviation, distance varia-
tion, sharp-points preservation, smoothness preservation leads to the

issue of over-dilation, zigzags, missing sharp corners, and abrupt

non-smooth boundary transitions, respectively. See supplementary

material Part J for more visual comparison.

9 CONCLUSION, LIMITATIONS, AND FUTURE WORKS

This paper presents the first computational system to aid the design

of LEGO
®
sketch models. Altogether, there are three contributions
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Fig. 25. Limitations. (a) A long and straight line segment whose orientation

does not match the sloping orientations in existing LEGO
®
bricks. (b) Ex-

ample cross-layer LEGO
®
bricks.

in this work. First is a computational framework to aid the design

and creation of LEGO
®
sketch models. Particularly, this framework

is able to automatically select and arrange LEGO
®
pieces to produce

coherent results that resemble the simple input images. Second is

our meticulous and comprehensive modeling of the representational

capability of LEGO
®
plates and tiles, the formulation of the LEGO

®

sketch construction into a graph optimization, and the design of the

objective function to quantify various construction requirements.

Third, we extend our optimization formulation to handle regions of

different colors and regions across multiple layers and propose to

enhance our results by a grid aligning process and by various per-

ceptual constraints to refine the results. In the end, we employed our

method to construct LEGO
®
sketch models of various resolutions

and complexities, physically built some of them, and compared our

method with three baseline methods, general users, and experienced

designers on the quality of the results and construction speed.

Limitations. First, small and thin structures, around or smaller

than the size of a LEGO
®
unit, may not be well approximated by

LEGO
®
. Second, though our method strives to best approximate the

input, due to the limited representation capabilities of LEGO
®
bricks

(i.e., limited sloping orientations), it is hard to perfectly reproduce

any contour, especially long and straight lines that do not match the

sloping-edge orientations; see Figure 25 (a). Third, while stacking

LEGO
®
plates over multiple layers exhibits genuine depth percep-

tion, our current approach does not consider cross-layer pieces

(see, e.g., Figure 25(b)), which in fact can help produce intriguing

3D sloping effects, as in the official LEGO
®
designs.

Future works. Currently, our method relies on users to provide

layering information and perceptual constraints. We are interested

in exploring machine learning methods to help generate the layer-

ing information and recognize perceptual constraints such as partial

symmetry and small but salient features. Second, our current ap-

proach creates the LEGO
®
constructions layer by layer. Given that

there are LEGO
®
bricks that go across multiple layers, we would

like to generalize our approach to consider these bricks to further

improve the perceptual quality of our results. Last, we would like to

provide user interactions for one to interactively modify the input

and get real-time feedback by online optimization.
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