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Abstract: The rise of artificial intelligence generated content (AIGC) has been remarkable in the language and
image fields, but artificial intelligence (AI) generated three-dimensional (3D) models are still under-explored due
to their complex nature and lack of training data. The conventional approach of creating 3D content through
computer-aided design (CAD) is labor-intensive and requires expertise, making it challenging for novice users. To
address this issue, we propose a sketch-based 3D modeling approach, Deep3DSketch-im, which uses a single freehand
sketch for modeling. This is a challenging task due to the sparsity and ambiguity. Deep3DSketch-im uses a novel data
representation called the signed distance field (SDF) to improve the sketch-to-3D model process by incorporating an
implicit continuous field instead of voxel or points, and a specially designed neural network that can capture point
and local features. Extensive experiments are conducted to demonstrate the effectiveness of the approach, achieving
state-of-the-art (SOTA) performance on both synthetic and real datasets. Additionally, users show more satisfaction
with results generated by Deep3DSketch-im, as reported in a user study. We believe that Deep3DSketch-im has the
potential to revolutionize the process of 3D modeling by providing an intuitive and easy-to-use solution for novice
users.

Key words: Content creation; Sketch; Three-dimensional (3D) modeling; 3D reconstruction; Shape from X;
Artificial intelligence (AI)
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1 Introduction

The abilities of artificial intelligence (AI) con-
tent generation have made significant strides in re-
cent years, with notable progress made in generat-
ing images and text (Zhou et al., 2023; Huang and
Wang, 2024; Lei and Li, 2024). However, despite
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the increasing demand for three-dimensional (3D)
models in various applications, most existing artifi-
cial intelligence generated content (AIGC) methods
have been focused on language and two-dimensional
(2D) image generation, resulting in a significant lack
of progress in generating 3D content. Generating 3D
content poses several significant challenges, such as
the need for 3D spatial awareness and the difficulty in
representing complex 3D shapes. Furthermore, the
lack of readily available 3D content data for train-
ing models is a significant challenge in the devel-
opment of Al-generated 3D content—for years, re-
searchers have to use computer-aided design (CAD)
based approaches to create 3D models. However, the
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complexity and steep learning curve of CAD software
pose a significant challenge for novice users, as ob-
served in Chester (2007). The time-consuming and
labor-intensive nature of the CAD-based approach
also limits its scalability and hinders its potential to
democratize 3D modeling, as noted by Reddy and
Rangadu (2018). Recently, software like Tinkercad
offers better usability, but the strategic knowledge
(decomposing steps of constructing models) is still a
challenge for users to learn (Mahapatra et al., 2019).
As a result, there is a growing need for more intu-
itive and user-friendly 3D modeling methods that
can better serve the needs of a broader range of
users.

To address the challenges of 3D content gener-
ation and the limitations of CAD-based approaches,
this study explores sketch-based 3D modeling as a
promising alternative. By leveraging the intuitive
and natural form of computer—human interaction,
we aim to allow users to create 3D models using free-
hand sketches as input, thereby greatly simplifying
the learning progress of 3D modeling, thus resulting
in an increase in the amount of quality 3D content
produced.

Existing sketch-based 3D modeling approaches
are far from perfect. Many existing approaches re-
quire precise line drawings from multiple perspec-
tives or follow a step-by-step workflow that assumes
a strategic understanding of 3D modeling (Cohen
et al., 1999; Deng et al., 2020). These methods, al-
though effective, can be challenging for novice users
and time-consuming. Additionally, other approaches
that employ template primitives or retrieval-based
techniques (Chen DY et al., 2003; Wang F et al.,
2015) lack the customizability which is necessary to
allow users to fully express their creative ideas. Thus,
a more balanced approach is needed to provide both
ease of use and flexibility for novice users, thereby
enabling them to create custom 3D models with the
minimum effort and maximum creativity.

To accomplish the task of efficient and user-
friendly 3D modeling, our approach aims to gen-
erate a detailed 3D model from a single freehand
sketch input. This is a challenging task as the in-
put is limited to a single sketch with the minimum
information. Previous studies have used deep neu-
ral networks to achieve the sketch-to-model trans-
lation, using an encoder—decoder architecture that
compresses the input sketch into a coarse representa-

tion (latent code) capturing information such as the
semantic category and conceptual shape, followed by
recovery of the 3D shapes using a decoder that cal-
culates the offsets of a given number of points or
vertices (Guillard et al., 2021; Zhang SH et al., 2021;
Chen TR et al., 2023a, 2023b, 2023c; Zang et al.,
2023). However, these approaches have difficulties
in capturing intricate details due to the significant
domain gap between a sketch and a 3D shape do-
main, and the limited resolution in points or vertex
representations.

Here, as shown in Fig. 1, we propose Deep3-
DSketch-im, which can elevate the resolution of
sketch-to-3D modeling to a new level. This res-
olution enhancement is enabled by different data
representations—those other than the aforemen-
tioned points or voxels. Securing an integration
of the implicit 3D surface representation, namely
signed distance functions, into the sketch-to-model
process would be the first step toward achieving
this enhancement. The signed distance function en-
codes the distance of each point sample in 3D from
the boundary of the shape, with a sign indicating
whether the point is inside or outside the shape
(Fig. 2). For our sketch-to-model task, a convolu-
tional neural network (CNN) first encodes the input
sketch into a feature vector. Then, we use this fea-
ture vector to predict the signed distance field (SDF)
value of a 3D point. By sampling different points
with infinite possible locations, Deep3DSketch-im
generates an implicit field of the underlying surface
with infinite resolution.

We have performed extensive experiments using
synthetic and real hand-drawn datasets. Experimen-
tal results show that our approach achieves state-
of-the-art (SOTA) performance. Our approach can
reconstruct more details with higher-fidelity results.
Our user study also shows that users are more satis-
fied with the models obtained by our approach. We
believe that our approach allows for a wide range
of applications, such as 3D printing, virtual real-
ity, and video game development. Additionally, the
ability to create custom 3D models quickly and eas-
ily could have significant impacts on industries such
as architecture, product design, and entertainment.
Deep3DSketch-im could become a powerful tool for
democratizing 3D modeling, making it accessible to
a wider range of users and potentially revolutionizing
the way by which we design and create in 3D.
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Fig. 1 Pipeline of our sketch-based 3D modeling approach

Our approach takes a single-view freehand sketch and feeds it into an end-to-end neural network; a high-fidelity full 3D model

is obtained using the given sketch

(a) (b)

Fig. 2 Illustration of the signed distance field (SDF):
(a) rendered 3D surface with S = 0; (b) cross-section
of the SDF

A point is outside the surface if S > 0, inside the surface if
S <0, and on the surface if S =0 (S is the distance from
the point to the iso-surface)

2 Related works
2.1 Sketch-based 3D modeling

Sketch-based 3D modeling has been an active
research area for many years, with numerous ap-
proaches proposed by researchers. Omne category
of sketch-based 3D modeling approaches is interac-
tive approaches, which requires breaking down the
task into sequential steps or using specific draw-
ing gestures or annotations. These methods have
been shown to require significant strategic knowl-
edge, making them challenging for novice users. For
instance, Li CJ et al. (2020) used a two-stage ap-
proach for coarse-to-fine reconstruction, while Co-
hen et al. (1999) used annotation-based feedback to
refine the 3D model.

In contrast, end-to-end approaches such as tem-
plate primitives or retrieval-based methods tend to
be more straightforward but lack customizability.
These approaches involve generating the 3D model

directly from the sketch without any intermediate
steps. For example, Chen DY et al. (2003) used
3D geometric primitives for sketch-based modeling,
while Wang F et al. (2015) introduced a retrieval-
based approach that uses a database of 3D models to
find the closest match to the input sketch. Recently,
deep learning based approaches have been proposed
for single-view 3D reconstruction, including sketch-
based 3D modeling. For example, Zhang SH et al.
(2021) and Chen TR et al. (2023a, 2023b, 2023c)
proposed the use of an encoder—decoder backbone to
output the offset of a round shape template, but the
adoption of such an approach is able to result in only
the representation of coarse shapes characterized by
Gao et al. (2022) used
density maps and point clouds as the representation;
though the representation is capable of generating
high-fidelity results, further processing needs to be
done for most applications requiring mesh represen-
tation. Guillard et al. (2021) proposed methods that
reconstruct the 3D model with a two-stage refine-

a lack of structural details.

ment scheme, but it cannot provide high-fidelity gen-
eration in real time. Moreover, these approaches face
substantial challenges due to the sparse and abstract
nature of sketches lacking fine boundary information
and texture information for depth estimation, mak-
ing it difficult to produce high-quality 3D shapes. In
Zhong et al. (2020), these challenges were illustrated
and analyzed in detail.

In this study, we introduce a novel approach
called Deep3DSketch-im, which leverages SDF to
represent 3D surfaces, rather than using point clouds
or voxels, to generate higher-fidelity 3D models. By
incorporating SDFs, our approach can capture more
structural details in the input sketches and produce
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models with a theoretically infinite resolution. This
sets our approach apart from existing methods, as
it does not require a fixed topology assumption and
can produce accurate ground truths without approx-
imating metrics (Xu et al., 2022, 2023; Lin GY et al.,
2023; Yang et al., 2023). This makes it suitable for
both novice and experienced users who want to cre-
ate high-quality 3D models from sketches.

2.2 Single-view 3D reconstruction

The task of reconstructing 3D geometry from a
single 2D image has been a challenging problem in
the fields of computer vision and computer graph-
ics for many years. In recent years, data-driven
approaches have gained popularity with the advent
of large-scale datasets like ShapeNet (Chang et al.,
2015). Some works (Chen ZQ and Zhang, 2019; Park
et al., 2019) use category-level information to infer
3D representations, while others (Kato et al., 2018;
Liu et al., 2019a, 2019b) directly generate 3D models
from 2D images using differentiable rendering tech-
niques. More recently, unsupervised methods for
implicit function representations using differentiable
rendering have been proposed (Lin CH et al., 2020;
Yu et al., 2021).

However, most of these methods focus on learn-
ing 3D geometry from 2D colored images. In con-
trast, our approach aims to generate 3D meshes from
2D sketches, which are a more abstract and sparse
form of image representation. Sketches lack impor-
tant information like texture, lighting, and shading,
making it challenging to infer 3D geometry accu-
rately (Chen TR et al., 2023a, 2023b; Zang et al.,
2023; Zhang SZ et al., 2023). Additionally, sketches
are often incomplete, and the same set of strokes
can have different interpretations in 3D, adding am-
biguity to the problem. Therefore, it is critical to
develop a method that can accurately interpret and
reconstruct 3D shapes from sparse and ambiguous
sketches.

In this study, we propose a novel approach that
addresses these challenges and provides an efficient
and accurate solution for sketch-based 3D model-
ing. Our approach uses a deep learning based ap-
proach that learns to interpret the abstract repre-
sentation of sketches and reconstructs a high-quality
3D mesh. We show that our approach outperforms
SOTA methods on benchmark datasets for sketch-
based 3D modeling.

3 Method
3.1 Signed distance field

Our objective is to generate a highly detailed
and accurate 3D model of an object from a given im-
age. To achieve this, we adopt a novel approach that
represents the 3D shape as an SDF (Tong X, 2022).
By representing the shape as an SDF, we can model
the object’s surface as a level set of the function, al-
lowing us to generate a high-resolution mesh of the
object’s surface. As illustrated in Fig. 2, the signed
distance function is a continuous function that maps
a given spatial point p = (x,9,2) € R? to a real
value: s = Spr(p), where Spr refers to the signed
distance function. In contrast to commonly used 3D
representations such as depth, the absolute value of
Spr(p) indicates the distance of a point p to the
surface, and the sign of Spr(p) indicates whether
p is inside or outside the surface. The iso-surface
S’ = {p|Spr(p) = 0} implicitly represents the 3D
shape. In implementation, we first define a dense 3D
grid and predict signed distance function values for
each point in the grid. With these values calculated,
we can then use the Marching Cubes algorithm to ob-
tain the 3D mesh that corresponds to the iso-surface

S’
3.2 Network architecture

As illustrated in Fig. 3a, the conventional
sketch-to-3D modeling approach is composed of an
encoder—decoder network structure, where the en-
coder F transforms the sparse and ambiguous in-
put sketch into a latent shape code zs that summa-
The decoder D
is then used to transfer the latent shape code zg to
the mesh Mg = D(zs). Nevertheless, this design has
the limitation that only coarse shapes are generated
when, owing to the fact of the number of vertices or
points being limited, the resolution is low. Moreover,
the significant domain gaps between sketches and 3D
shapes make it challenging to generate high-fidelity
3D shapes.

On the contrary, our approach involves pro-
jecting each 3D query point onto the image plane
and gathering multiscale CNN features for the cor-
responding image patch. The collected features are
then used by the neural network to decode the given
spatial point into an SDF value, using the multiscale

rizes the sketch at a coarse level.



Chen et al. / Front Inform Technol Electron Eng 2024 25(1):149-159 153

Sketch

Sketch Mesh

ol
Fi
i/

(@)

B pix, g2

Feature maps

Local features

Mesh

T\
=
40 |

Point features

/ (b)

Fig. 3 Network architecture: (a) existing encoder—decoder structure of neural networks; (b) pipeline of our
Deep3DSketch-im, which samples points at mesh and projects the points onto the image plane

The network calculates the signed distance field (SDF) value of the point. The mesh is obtained by applying the Marching

Cubes algorithm to the SDF. MLP: multilayer perceptron

local image features.

The details of our network structure are illus-
trated in Fig. 3b. The input sketch can be seen as a
binary image I € {0,1}"V " (W and H are the width
and height of the sketch, respectively), in which
I[i,j] = 0 if marked by the stroke, and I[i,j] =1
otherwise. The image of the sketch is fed into an im-
age encoder for multiscale image feature extraction,
obtaining feature maps at different scales. Mean-
while, we project a 3D point p € R? onto the image
plane, obtaining a 2D location ¢ € R?. We obtain
the local image features by retrieving the features
on each feature map corresponding to location ¢ and
concatenating them. As the feature maps in the later
layers have smaller dimensions than the original im-
age, we resize them to the original size with bilinear
interpolation and extract the resized features at lo-
cation q.

Additionally, as proposed in Wang WY et al.
(2019), we extract point features for each point ¢ by
applying 1x1 convolution and rectified linear unit
(ReLU) activation functions after the convolution,
resulting in feature vectors of increased length. We
concatenate the point features and local features into
a new feature vector, and then feed the new feature
vector into a decoder that involves multiple 1x1
convolutions and ReLU activation functions to ob-
tain the SDF prediction value. The local feature is
used to capture detailed information in the sketch
input, which is demonstrated effectively in our later
experiment.

3.3 Sketch view prediction

Note that the abovementioned network needs
the sketch pose as the input. However, for a more
user-friendly experience, it is better to allow users
to use the network without additional input. We

find that we can predict pose based on synthesized
data. Specifically, following the approach adopted
in Chen TR et al. (2023a, 2023c), we design a sepa-
rate pose-estimation network and train it in a fully
supervised manner. We use an encoder E to pro-
duce latent code z; from the sketches and input it
to the viewpoint prediction module, which consists
of two fully connected layers D, aimed at produc-
ing the viewpoint estimate &preq, represented by an
Euler angle. The viewpoint prediction module is op-
timized in a fully supervised manner with the input
of the ground-truth (GT) viewpoint &, supervised
by a viewpoint prediction loss L, which adopts the
mean-squared error (MSE) loss for the predicted and
GT poses, defined as

L, = ||€gt - fpredHQ = Hfgt - Dy (Zl)||2 . (1>

The viewpoint prediction model is trained along with
a 3D model generation process as in Chen TR et al.
(2023b, 2023c). In the experiment, we find that the
predicted pose can effectively guide the network with
very little performance drop.

3.4 Loss function

We adopt a continuous signed distance function
regression approach that allows us to extract sur-
faces corresponding to different iso-values as in Wang
WY et al. (2019). To focus the network on recover-
ing details near and inside the iso-surface, we use a
weighted loss function. The loss function is defined
as

L= m|f(L,p) - She(r)]. @

where | - | is the Lj-norm, Shy(-) is our GT signed
distance function, f is our neural network, and m is a
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hyperparameter satisfying m=m if S () is smaller
than a certain threshold § and m—ms in other cases.

4 Experiments
4.1 Dataset

There is a limited availability of datasets
that include both sketches and their correspond-
ing 3D models for research purposes. Zhang SH
et al. (2021), recently used synthetic data from the
ShapeNet-Synthetic dataset for their training data.
The ShapeNet-Synthetic dataset includes 13 cate-
gories of 3D objects, and synthetic data are gener-
ated using a canny edge detector on rendered images
from Kar et al. (2017). The trained model is then
evaluated on real-world data from the ShapeNet-
Sketch dataset, which includes 1300 sketches and
their corresponding 3D shapes. These sketches are
drawn by human volunteers with varying levels of
skills, based on images of 3D objects from Kar et al.
(2017).

4.2 Implementation details

The image encoder of the sketch is VGG-16.
The decoder consists of three layers, with 1x1 convo-
lution followed by an ReLLU function on the first two
layers, and no activation function on the last layer,
which is a 1x1 value prediction. The decoder takes
the concatenation of point features and local multi-
scale features. During training, we focus on points
near the iso-surface &’, which is achieved by employ-
ing Monte Carlo sampling. Specifically, we randomly
select 2048 grid points from a Gaussian distribution
N(0, 0.1). Additionally, we set the parameters m; =
4, mg =1, and § = 0.01 in Eq. (2) to ensure effective
recovery of details near and inside the iso-surface.
Our network is implemented using PyTorch and op-
timized using the Adam optimizer with a learning
rate of 1x10~% and a batch size of 16, and employs
an NVIDIA GeForce RTX 3090 Graphics Card.

4.3 Experimental results and performance
comparison

We assess the performance of our method by
comparing it with that of the SOTA model, follow-
ing the same protocol as in Zhang SH et al. (2021).
The model is trained for each category. We use the
official training—evaluation—testing split and eval-

uate both the ShapeNet-Synthetic (edge-detected
sketch) and ShapeNet-Sketch (hand-drawn sketches)
datasets. In Table 1, the ShapeNet-Synthetic dataset
is used for experiments, which provides accurate GT
3D models for training and evaluation.
uate the fidelity of the generated meshes, we em-
ploy the Chamfer distance metric, which is a widely
used measure for 3D reconstruction. Some latest
baseline approaches, namely Sketch2Model (Zhang
SH et al., 2021), Deep3DSketch (Chen TR et al.,
2023a), Sketch2Mesh (Guillard et al., 2021), and the
deep implicit surface network (DISN) (Wang WY
et al., 2019) are used for comparison. For a fair com-
parison, we use only the first feed-forward stage of

To eval-

Sketch2Mesh and do not perform the post-processing
optimization step (shown as Sketch2Mesh). In the
experiment, our approach demonstrates high effec-
tiveness and achieves SOTA performance. The vi-
sualization presented in Fig. 4 also emphasizes the
significant performance elevation of our proposed
Deep3DSketch-im.

In Table 2, we further evaluate the performance
in relation to real-world human drawings through
the ShapeNet-Sketch dataset. Due to the limited
number of samples, we train the model on the
ShapeNet-Synthetic dataset and use the ShapeNet-
Sketch dataset for evaluation. The results also show
that our approach can consistently produce higher-
fidelity results when it comes to real hand-drawn
datasets, as illustrated in Fig. 5. Particularly, many
detailed structures are accurately captured by our
proposed Deep3DSketch-im, for example, the top
and the side mirror of the car. The results show that
Deep3DSketch-im is a robust network that can gen-
eralize well in real-world data, while it is trained
only on synthetic data from edge detectors. The
visualization results illustrate the obvious effective-
ness of Deep3DSketch-im in producing models with
higher quality and fidelity in structure. Further re-
search can be conducted in terms of domain gener-
alization and domain adaptation to better mitigate
the domain gap between the synthetic and real-world
data (Tong YZ et al., 2023; Zhu et al., 2023a, 2023b,
2023c) or collect more real data for training.

4.4 Using Deep3DSketch-im w/o0 view input

As mentioned above, despite inputting GT pose
during the evaluation in Tables 1 and 2, we argue
that the view information is not needed as the user
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Table 1 Quantitative evaluation of the ShapeNet-Synthetic dataset
Chamfer distance (1 x 1073)
Method
Car Sofa Airplane Bench Display Chair Table
Sketch2Model (Zhang SH et al., 2021) 15.2595 42.3509 22.9386 23.3147 24.0722 61.9558 21.8722
Deep3DSketch (Chen TR et al., 2023a) 12.5674  43.9631 23.4149 23.5360 23.3090  61.2654 20.8446
Sketch2Mesh* (Guillard et al., 2021) 11.4795  25.7326 9.2896 9.0149 15.6744 16.8339 17.8063
DISN (Wang WY et al., 2019) 7.8952  17.6470 11.5923 12.9683 16.6323 15.1664 25.8620
Ours 7.4214 17.7643 11.7236 13.6058 16.9012  15.3529 25.7168
Chamfer distance (1 x 1073)
Method
Telephone Cabinet Loudspeaker Watercraft Lamp Rifle Mean
Sketch2Model (Zhang SH et al., 2021) 18.8203  18.6660 20.7303 15.7249 60.3407  19.0046 28.0808
Deep3DSketch (Chen TR et al., 2023a) 16.1120  18.3639 22.2328 15.2500 56.4119  19.3038 27.4290
Sketch2Mesh* (Guillard et al., 2021) 17.6221  20.4426 12.0591 8.9920 33.2874 8.8732 15.9314
DISN (Wang WY et al., 2019) 8.7911 16.0838 18.6744 16.2405 40.3034 8.0286 16.5710
Ours 8.6561 15.8494 19.0436 16.1779 30.3812 7.9500 15.8880

The best results are in bold. * For a fair comparison, we use only the first feed-forward stage of Sketch2Mesh and do not perform

the post-processing optimization step

Table 2 Quantitative evaluation of the ShapeNet-Sketch dataset

Chamfer distance (1 x 1073)

Method
Car Sofa Airplane Bench Display Chair Table
Sketch2Model (Zhang SH et al., 2021) 16.5391  35.1184 21.0765 24.6853 22.9207  66.5329 22.2305
Deep3DSketch (Chen TR et al., 2023a) 13.5601  37.4461 21.4698 26.3255 20.8404  67.5253 21.7184
Sketch2Mesh* (Guillard et al., 2021) 10.9910 12.1899 9.5388 9.2354 14.9054 16.6400 18.6540
DISN (Wang WY et al., 2019) 7.8952  17.1633 10.5889 14.4459 15.0854  17.6491 18.7602
Ours 7.8444 16.8443 11.2969 14.4989 14.9134 16.2878 28.4224
Chamfer distance (1 x 1073)
Method
Telephone Cabinet Loudspeaker Watercraft Lamp Rifle Mean
Sketch2Model (Zhang SH et al., 2021) 18.9218  22.2107 23.0350 17.4914 51.9116  19.8603 27.8872
Deep3DSketch (Chen TR et al., 2023a) 17.0649  22.8680 24.9334 16.8122 52.8507  19.6919 27.9313
Sketch2Mesh* (Guillard et al., 2021) 17.6146  20.8006 27.5137 10.3312 35.6106 8.9314 16.4671
DISN (Wang WY et al., 2019) 11.1023  20.4927 21.6061 15.7442 32.1064 7.8680 16.1071
Ours 11.0535 19.7184 22.1876 16.1833  31.0735 7.7296 16.7734

The best results are in bold. * For a fair comparison, we use only the first feed-forward stage of Sketch2Mesh and do not perform

the post-processing optimization step

input because the view prediction network can pre-
dict the view and input the same to the model gen-
eration process, which is also beneficial for user ex-
perience in real-world applications. We test the per-
formance with no GT pose but only predicted poses.
As shown in Fig. 6, Deep3DSketch-im without view-
point as the input works as well as the network with
GT poses. The quantitative evaluation results are
shown in Table 3.

4.5 Runtime & time complexity evaluation

Once the network is adequately trained, we mea-
sure its performance on a computer equipped with
a consumer graphics card (NVIDIA GeForce RTX
3090). Our approach demonstrates a generation
speed of 0.97 s, which is sufficient for fluent human—
computer interaction.

Note that in contrast with the approaches
adopted in some NeRF studies (Fu et al., 2022;
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Fig. 4 Qualitative evaluation with state-of-the-art (SOTA) method in a synthesized dataset

The visualization of 3D models generated from the ShapeNet-Synthetic dataset demonstrates that our method is capable of
synthesizing higher-fidelity of 3D structures. The detailed structures such as the two engines in the first row are reconstructed
by our approach but do not appear in the results obtained by other approaches. For Sketch2Mesh, for a fair comparison,
only the model generated by a feed-forward neural network is used without further post-processing. GT: ground-truth; DISN:

deep implicit surface network
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Fig. 5 Qualitative evaluation with state-of-the-art (SOTA) method for a real-world dataset

The visualization of 3D models generated from the ShapeNet-Sketch dataset demonstrates that our method is capable of
synthesizing higher-fidelity 3D structures. The detailed structures such as the side-view mirrors of the car in the first row
are reconstructed by our approach but do not appear in the results obtained by other approaches. For Sketch2Mesh, for a
fair comparison, only the model generated by a feed-forward neural network is used without further post-processing. GT:

ground-truth

Metzer et al., 2022; Jo et al., 2023), our approach
is a generalized approach that does not require time-
consuming per-object optimization. The time com-
plexity is related to the number of points. If we
assume that the voxelized grid used to represent the
target model has a size of N x N x N, where N resp-
resents the resolution or density of the grid in each
dimension, our algorithm’s complexity is O(N?) as
we calculate the SDF value for each grid cell.

4.6 User study

To further assess the effectiveness of our sketch-
to-model algorithm, we carry out a user study using
the mean option score (MOS) metric, which ranges
from 1 to 5 (Seufert, 2019). The experiments follow
the settings adopted in various studies (Cai et al.,
2021; Michel et al., 2022; Yao et al., 2022; Chen TR
et al., 2023c). We present 36 3D models generated
by our algorithm to 12 designers who are well-versed
in 3D content. The designers are asked to rate the
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Table 3 Quantitative evaluation of ShapeNet-Synthetic dataset w/o view input

Chamfer distance (1 x 1073)

Method
Car Sofa Airplane Bench Display Chair Table
Ours w/o GT pose 7.9350 17.0330 11.2280 14.3931 14.8556 16.4007 28.2873
Ours w GT pose 7.4214 17.7643 11.7236 13.6058 16.9012 15.3529 25.7168
Chamfer distance (1 x 1073)
Method
Telephone Cabinet Loudspeaker Watercraft Lamp Rifle Mean
Ours w/o GT pose 11.2339 19.7097 22.0595 16.2492 30.6835 74.9817 21.9267
Ours w GT pose 8.6561 15.8494 19.0436 16.1779 30.3812 7.9500 15.8880

The better results are in bold. w/o: without; w: with

Ours with GT pose Ours with predicted pose

Fig. 6 Qualitative evaluation with predicted pose

We can use the predicted pose inputted to the Deep3DSketch-
im network. GT: ground-truth

models based on two factors:

Q1: How well does the output 3D model match
the input sketch (fidelity)?

Q2: How do you rate the quality of the output
3D model (quality)?

Before the experiment, each participant is given
a brief one-on-one introduction to the concepts of
fidelity and quality. We average the scores and report
the rating results in Table 4. The results indicate
that our method outperforms the SOTA method in
terms of users’ subjective ratings.

5 Real-world implication of the pro-
posed approach

Sketching is the most natural and intuitive way
to express new ideas, and a single-view sketch is def-
initely the easiest approach for users to implement
their thoughts. Although the downstream applica-
tion is not the particular focus of the study, we note

Table 4 Mean opinion scores (1-5) for Q1 (fidelity)
and Q2 (quality)

Score
Method
Q1: fidelity Q2: quality
Deep3DSketch 3.39 £+ 0.26 3.01 £+ 0.33
Ours 3.97 + 0.31 4.04 + 0.41

The better results are in bold

one particular application of sketch-based 3D mod-
eling that is rapid home interior design, which is the
follow-up work to Chen TR et al. (2023c). With the
involvement of context information, users can design
the 3D model using sketches and place models within
a real environment for a more immersive experience.
In other words, the sketch can precisely define the
six-dimensional (6D) pose and position of the gener-
ated object. We have demonstrated that the sketch-
guided approach is more efficient and easier to use
compared to a “touch-based” approach concerning
users’ utility in terms of manipulating the generated
3D objects within the scene. Note that future re-
search can focus on expanding the application of this
sketch-based modeling tool, with appropriate shape
representations (Xu et al., 2022; Yang et al., 2023;
Zang et al., 2023), to eventually CAD/computer-
aided manufacturing (CAM) and many other fields.

6 Conclusions

We have presented a novel deep learning net-
work, Deep3DSketch-im, for generating 3D mod-
els from a single 2D sketch. Considering the lack
of fine details characterizing the existing sketch-to-
model approaches, we first introduce SDF to repre-
sent the 3D shape for infinite resolution. We design a
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network to capture the local features for fine-grained
structure 3D modeling. Through experiments on
the ShapeNet-Synthetic dataset, we have shown that
our approach outperforms SOTA methods in terms
of both quantitative metrics and user study ratings.
Our method also expands the existing language- or
vision-centered AIGC tools. We believe that our
study opens up exciting possibility for creating 3D
content from simple 2D sketches, which can have
significant applications in industries such as gaming,
animation, and architecture.
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