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Abstract

In this paper, we propose a novel end-to-end method to model 3D objects with geometric details from a single-view sketch
input. Specifically, a novel deep learning-based differentiable sketch renderer is introduced to establish the relationship between
geometric features, represented by normal maps, and 2D sketch strokes. Then, building upon this renderer, we design algorithms
to automatically create 3D models with geometric details from a single-view sketch. With the aid of two introduced loss functions:
one based on silhouette-derived confidence maps and the other on regression similarities, our framework supports the gradient of
loss functions calculated between the rendered sketch and input sketch back-propagating through the whole architecture, thereby
enhancing the geometric details on the frontal surface of the generated 3D object. Through comparisons with state-of-the-art
sketch-based 3D modelling techniques, our approach demonstrates superior capability in generating plausible geometric shapes
and details, without the necessity for semantic annotations within the input sketch.
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1. Introduction

Sketch-based modelling has attracted significant attention in recent
years due to its potential to simplify the process of 3D modelling
through sketching—an inherently intuitive method for conveying
shapes. Typically, a 2D sketch encapsulates a variety of geomet-
ric features such as silhouettes, occluding contours, suggestive con-
tours, ridges, and valleys. Historically, most sketch-based modelling
techniques [ZHHO07, GIZ09, XXM*13, FCSF16, HKYM17] have
necessitated either multiple-view sketches [RDI10, LGK*17] or se-
mantically annotated strokes [LPL*17, LPL*18] as prerequisites to
mitigate issues related to depth ambiguity. Consequently, the re-
quirements for sketch inputs in these methods pose considerable
challenges, particularly for novice users.

Single-view sketch-based 3D modelling presents significant tech-
nical challenges primarily due to two factors. First, the application
of state-of-the-art methods for 3D object modelling from RGB im-

ages [WZL*18, WRV20, JRR*19, LLCL19] is not directly trans-
ferable to sketch-based modelling. This is because a single-view
sketch comprises only sparse 2D strokes and lacks the shading and
texture present in RGB images, which contain substantial depth in-
formation. Therefore, the differentiable renderers employed in those
methods, which are designed to process RGB outputs, are not suit-
able for our task. Consequently, accurately predicting surface details
and modelling fine features, such as ridges, valleys, and structural
elements like animal legs, becomes problematic.

Second, the development of supervised machine learning mod-
els to establish a mapping between single-view 2D sketches and
category-agnostic 3D models (e.g., not limited to a specific cate-
gory of objects like faces or chairs) often encounters performance
limitations due to the inherent ambiguity in 3D shape representa-
tion from sparse sketches. This ambiguity complicates the models’
ability to accurately reconstruct geometric details, such as wrinkles
and other fine features.
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In this work, we propose a deep learning based differentiable
sketch renderer that can be seamlessly integrated into various deep
learning architectures to facilitate 3D modelling with plausible geo-
metric details from a single-view sketch input. Specifically, we first
introduce a differentiable sketch renderer—a trainable architecture
designed to convert normal maps into sketches utilising in-house-
collected pairs of sketches and normal maps, by learning the geo-
metric feature relationships between normal maps and 2D semantic
strokes. The proposed renderer architecture is the first differentiable
sketch renderer, demonstrating that a trainable design can enhance
detail modelling and be integrated into various deep learning archi-
tectures. Then, we further train our end-to-end deep learning frame-
work using an in-house-constructed dataset that encompasses vari-
ous 3D objects and their corresponding planar sketches. Utilising a
single-view sketch input, our method involves predicting a prelim-
inary 3D model by deforming a predefined sphere coupled with a
displacement map, and the front view of the 3D object is rendered
to a normal map. After that, leveraging the capabilities of the differ-
entiable sketch renderer and the introduced silhouette-based confi-
dence maps, gradients of loss functions between the rendered sketch
and the input sketch are back-propagated throughout the entire ar-
chitecture. This back-propagation facilitates the update of learnable
weights, thereby enhancing the geometric details of the predicted
3D object. It is noteworthy that since the 3D models are generated
by deforming a predefined 3D sphere, our methodology is inherently
limited to modelling watertight surfaces such as genus zero.

To evaluate the effectiveness of our method, we conducted
comparative experiments with various state-of-the-art sketch-based
modelling methods. Our experimental results demonstrate that our
method can efficiently generate more plausible 3D objects with ge-
ometric details at runtime, without requiring semantic annotations
in the input sketch.

In sum, the main contributions of our method are as follows:

* We introduce a differentiable sketch renderer capable of con-
verting a normal map into a sketch, thus learning the geomet-
ric feature relationships between normal maps and 2D semantic
strokes (e.g., suggestive contours, ridges, and valleys). The differ-
entiable nature of the sketch renderer facilitates its seamless in-
tegration into deep learning frameworks for comprehensive end-
to-end training.

* We introduce an end-to-end architecture for 3D object modelling
that effectively captures plausible geometric details from a single-
view sketch, significantly reducing the barrier to practical appli-
cation by eliminating the need for semantic annotations on the
input strokes.

* We introduce two innovative loss functions: a silhouette-based
confidence maps weighted Intersection Over Union (IOU) loss
and a similarly weighted L2 regression loss, which enhance the
reconstruction of geometric details and improve the accuracy by
clearly distinguishing the contributions of each supervised silhou-
ette.

2. Related Work

Single-view Sketch-based Modelling. Early geometric inference
methods [IMT99] employed pre-defined rules to deduce local ge-

ometric properties from 2D strokes. Although these methods were
limited in their ability to propagate geometric details, thus reduc-
ing their ability to generate complex 3D objects, they did not ne-
cessitate semantic strokes in the input. Later, various approaches
[KHO6, NISA07, FWX*13] were developed to create free-form sur-
faces by leveraging geometric constraints or shadow guidance found
within specific types of line drawings. Additionally, they developed
a method to search for and combine nearest shapes from a pre-
ordered dataset to construct new 3D shapes. Building upon this con-
cept, researchers explored the strategy of retrieving 3D object parts
from a dataset and assembling them to create a new shape that aligns
with a user-drawn sketch [ XXM*13, GLX*16]. To address surface
detail inference from sketches, the use of 2D semantically-annotated
strokes was employed as a prior to limit depth ambiguity [LPL*17,
LPL*18]. Jin et al. [JFD20] simplified the user interface by requir-
ing only 2D occluding contours as input, integrating these contours
and 3D objects into a joint space. However, their method does not
adequately address surface details.

The recently proposed sketch-based modelling methods can
generate 3D shapes based on the sketch input. Methods like
Sketch2Model [ZGG21], SENS [BHSH*24], LAS-D [ZPW*23],
and Doodle-Your-3D [BKD*24] focus on utilizing sketches to gen-
erate 3D shapes that do not accurately align with the input rel-
ative sketches. The 3D shapes capture the semantic information
from the input sketches but omit the overall accuracy. In contrast,
our work aims to generate 3D shapes which can align well with
the input 2D sketch strokes. The shape and geometric details of
the generated 3D shapes match as much as possible with the in-
put relative sketches. Methods like SketchSampler [GYS*22] and
Sketch2Mesh [GRYF21] can generate 3D shapes aligned with the
2D input sketches but they cannot generate 3D meshes directly.
They either generate implicit representations or cloud representa-
tions. Although the results can be transferred to a mesh, the output
quality is often either unsmooth or loses important details. In con-
trast, our method is an end-to-end approach that directly generates
high-quality 3D meshes from input sketches.

Differentiable Rendering for 3D Reconstruction. Recently, ad-
vancements have been made to incorporate differentiable capabili-
ties within rendering pipelines. Methods such as OpenDR [LB14]
and NMR [KUH18] allow back-propagation during training by
computing approximate gradients, while preserving traditional ren-
dering processes during the forward pass. Innovations like Soft-
Ras [LLCL19] and DIB-R [CGL*19] have emerged as probabilistic
process methods that depart from conventional rendering pipelines,
where the coloration of each pixel is decided by multiple mesh
faces. Differentiable rendering has been extensively applied in var-
ious research areas, including human shape and pose estimation
[BKL*16, KBJM18, OLP*18, KAB20], hand shape and pose esti-
mation [WPVY19, KGK*20], and 3D face reconstruction [SSB*19,
WRV20], which benefit from the absence of 3D ground truth su-
pervision. PyTorch3D [JRR*19], based on SoftRas [LLCL19], of-
fers a modular approach to allow users to customise the render-
ing pipeline using PyTorch shaders. Xiang et al. [XWJ*20] devel-
oped a two-stage approach that initially transforms a sketch image
into a normal map and further recovers its corresponding 3D shape
through a differentiable rendering-based pipeline. However, their
method falls short in recovering detailed 3D geometry. Furthermore,
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Figure 1: The inference pipeline of our approach. The silhouette
image is computed by a flooding process that starts from background
pixels and stops at arbitrary sketch pTixels. The vertex displace-
ments outputted from the SD-Net are used to directly deform the
sphere to generate a target shape.

differentiable ray tracing methods such as Redner [LADL18] and
Mitsuba2 [NDVZJ19] have the capability to produce more photore-
alistic images by significantly increasing computational resources,
making them less suitable for integration into machine learning
pipelines due to their intensive computational demands. 3Doodle
[CLPK24] generates view-consistent sketches from multi-view im-
ages by optimising 3D stroke primitives (e.g., Bézier curves, su-
perquadric contours) through a differentiable sketch renderer. How-
ever, its differentiable rendering operates on abstract 3D strokes,
making it unsuitable for integration into our surface-based 3D re-
construction framework.
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3. Our Approach

The inference pipeline of our approach, depicted in Figure 1, works
as follows: Initially, from a given input sketch image, we derive
its silhouette using a pixel flooding process, which begins at the
background pixels and concludes at any encountered sketch pixels.
Then, the extracted sketch image, its silhouette, and a blank image
are combined into a 3-channel image, which is then inputted into
a pre-trained Shape Deformation Network (SD-Net) along with a
pre-defined reference sphere mesh. The SD-Net predicts the dis-
placements for all vertices, briefly described below and elaborated
in Section §6.1. These predicted offsets are utilised as vertex dis-
placements to morph the reference sphere into a target shape that
aligns with the silhouette derived from the input sketch.

To further refine the geometric details of the deformed sphere,
we introduce a Displacement Mapping Network (DM-Net), which
receives input of a 2-channel image (i.e., sketch image and its sil-
houette) to create a displacement map. The training process of the
DM-Net is described in section §6.2. Ultimately, the displacement
map is applied to the front faces of the deformed sphere, ensuring
alignment with the internal feature strokes of the sketch, thereby
enhancing the visual coherence and detail of the model.

The training pipeline is illustrated in Figure 2. The silhouettes
of the deformed mesh are rendered from six different views us-
ing a renderer based on the predicted mesh, the renderer is dif-
ferentiable to allow gradient back-propagation through the entire
pipeline, and silhouette losses are computed with corresponding
confidence maps. These confidence maps for the six views are gen-
erated by an encoder—decoder architecture, with the sketch serving
as the input. Furthermore, a differentiable sketch renderer (SR-Net)
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Figure 2: Pipeline of the our training process. Black, red, and grey arrows indicate forward pass, back-propagation, and loss computation,
respectively. The input includes a binary sketch, silhouette mask, and a blank image (added to meet ResNet-50’s 3-channel input). A mesh is
deformed from a sphere via the Shape Deformation Network (SD-Net) and Displacement Mapping Network (DM-Net). Silhouettes from six
views are rendered and compared against ground truth using losses weighted by confidence maps, which are predicted from the sketch using
an encoder-decoder. The Sketch Rendering Network (SR-Net) renders a sketch from the predicted normal map, and the sketch loss is computed

against the input.
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Figure 3: An example of a 3D object from [CGF09] is depicted
along with its planar sketch (a) and its results after undergoing two
levels of smoothing ((b) and (c)). The variances between consecu-
tive levels of both the 3D models and the 2D sketches are critical
for the training of the Sketch Renderer Network (SR-Net) and the
Shape Deformation Network (SD-Net). These differences facilitate
the learning process by helping the networks understand the rela-
tionship between the 2D inner strokes and the 3D geometric details.

is employed to convert the normal map—produced from the pre-
dicted mesh—into a sketch image. The sketch loss is then calculated
based on the discrepancy between this rendered sketch image and
the original input sketch image. All losses are subsequently back-
propagated through the networks via the backward path (red arrows)
to update the weights within the networks, optimising the training
outcomes. The SD-Net and DM-Net are optimised jointly within an
end-to-end training framework.

4. Data Preprocessing

In our approach, due to the absence of existing pairs of 2D sketches
and 3D models (or normal maps), it becomes necessary to pre-
process some data for model training, briefly described below. More
details of data pre-processing are described in the supplemental doc-
ument. Our pre-processing consists of the following main steps.

3D model selection. We used a dataset of 3D objects [CGF09]
that comprises 19 categories, totaling 380 objects. To accommodate
our method’s requirement for both sketches and silhouettes from six
selected views, we generated such data from these 3D objects. Each
3D object was initially smoothed to create two additional levels of
detail. For this smoothing process, we experimentally determined
two sets of parameters using bilateral normal filters [ZFAT11]. All
3D objects were zero-centred and normalised to fit within a unit
bounding sphere. The objects in each category was randomly di-
vided into training (80%), validation (10%), and testing (10%) sub-
sets. Figure 3 shows an example of a 3D object along with its two-
level smoothed results.

Data augmentation. Data augmentation through the selection of
additional primary viewpoints was employed to enrich the training
data. It is assumed that users typically create sketches from view-
points that encapsulate the majority of geometric features, termed
‘primary viewpoints.” For each 3D object, primary viewpoints were
automatically identified by initially sampling 50 viewpoints uni-
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formly over its unit bounding sphere. The angle between the view-
ing direction of each sampled viewpoint and the 3D object’s Princi-
pal Component Analysis (PCA) axis, corresponding to the smallest
eigenvalue, was calculated. These angles were then sorted in the
ascending order, and the top three viewpoints were selected. After
that, for each of these top three viewpoints, four upward directions
perpendicular to the viewpoint were generated. Each 3D object was
also uniformly scaled using three different scaling factors: 0.8, 1.0,
and 1.2. Consequently, for each 3D object, a total of 36 primary
viewpoints (3 viewpoints x 4 upward directions x 3 scaling fac-
tors) were determined. These 36 primary viewpoints for each object
were considered as ‘front-views’ to significantly augment the train-
ing dataset.

Sketch data preparation. Our approach used the well-known
non-photorealistic rendering technique developed by DeCarlo
et al. [DFRS03] to generate sketches from 3D models. To main-
tain simplicity in the sketch-based modelling interface, all rendered
sketch lines are uniform in width, thereby avoiding the introduction
of potential semantic features that could complicate the interface.

Normal maps and silhouette rendering. In our approach, we
generated and paired one normal map with six silhouettes from dif-
ferent views, along with a rendered sketch. Each image was pro-
duced at a resolution of 128 x 128, and the pixel values were nor-
malised within the [0, 1] range. The RGB values of the normal map
were modified to represent a non-negative transformation of the xyz
components of vertex normals. Specifically, the transformation was
defined as X' = (X,,o;m + 1)/2, and Y’ and Z’ were derived in a sim-
ilar manner. The chosen views to capture the six silhouettes include
the front, back, left, right, top, and bottom perspectives. Silhouette
images were rendered as binary masks where 1 indicates the fore-
ground object and 0 indicates the background.

5. Sketch Renderer

We introduce a novel differentiable sketch renderer, termed SR-Net,
which is capable of rendering a normal map into its corresponding
sketch while also supporting back-propagation within deep learn-
ing frameworks. We aimed to design a lightweight network to ad-
dress the differentiable sketch rendering problem by taking compu-
tational efficiency into consideration. The SR-Net is structured as
an encoder—decoder based on the U-Net [RFB15] architecture and
features four levels of image resolutions. It accepts a 128 x 128 x 3
normal map, ., as its input, and produces a 128 x 128 x 1 binary
sketch image, 1, which is combined with the binary silhouette image
of the input, S. Each down-sampling stage in the network comprises
a double convolution module paired with a max pooling layer. The
double convolution module includes two convolutional operations,
each with a kernel size of 3 and padding of 1, followed by a batch
normalisation layer and ReLU activation. Each up-sampling stage
incorporates a bilinear up-sampling operation with a scale factor
of 2, complemented by a double convolution module. Additionally,
two double convolution modules are placed at the beginning and
end of the architecture to adapt the input and output channels ef-
fectively. Figure 4 shows the architecture of SR-Net. Table 1 shows
the lightweight encoder-decoder architecture designed specifically
to generate a confidence map from a sketch image input.
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Figure 4: The architecture of the Sketch Renderer Network (SR-
Net) is designed to process a normal map as input and produce a
binary sketch image as output. The network architecture integrates a
batch normalisation layer and a ReLU activation layer in sequence
with each convolutional layer. In the decoder, bilinear up-sampling
operations are employed. Additionally, the spatial dimensions and
the number of channels for each feature map within the network are
annotated alongside in the schematic representation.

Table 1: The encoder—decoder architecture utilised for generating confi-
dence maps is detailed as follows: The initial three convolutional layers, as
well as all deconvolutional layers, incorporate group normalisation and are
succeeded by Leaky ReLU activation, with the exception of the final layer in
the decoder.

Layer Type Kernel Stride Output
enc. conv2d(+GN+LReLU) 4x4 2x2 64 x64x64
enc. conv2d(+GN+LReLU) 4x4 2x2 32x32x128
enc. conv2d(+GN+LReLU) 4x4 2x2 16x16x256
enc. conv2d(+LReLU) 4x4 2x2 8x8x512
enc. conv2d(+ReLU) 4x4 Ix1 4x4x128
dec. deconv2d(+ReLU) 4x4 1x1 8x8x512
dec. deconv2d(+GN+ReLU) 4x4 2x2 16x16x256
dec. deconv2d(+GN+ReLU) 4x4 2x2 32x32x128
dec. deconv2d(+GN+ReLU) 4x4 2x2 64 x 64 x64
dec. deconv2d(+GN+ReLU) 4x4 2x2 128 x 128 x64
dec. conv2d(+4Sigmoid) 5x5 1x1 128x128x6

Note: The fourth convolutional layer is also followed by Leaky ReL.U activa-
tion. Conversely, the final convolutional layer employs ReLLU activation, and
the concluding deconvolutional layer adopts Sigmoid activation to finalise
the output.

To train the SR-Net, a loss function Lg is introduced to optimise
the weights of the SR-Net as follows:

Lsg = £ilf_norm + }‘fzfrcﬁfzfrc’ ey
I v e o
i=1 i=1
4
Ly =D Lo 3)
k=1

(a) (b)

Figure 5: An example of SR-Net output is used to show the effect
of using the L, loss alone (b) versus using a combination of the
masked perceptual loss and the L, loss (c). The input normal map is
displayed in (a), and the ground truth sketch image (d) is generated
through non-photorealistic rendering as described in [DFRS03].

: 1 & .
Lot = =D (@) = e ). @)
i=1

In the above Equations (1)-(4), L3R

1, norm 18 the mean of L, distance
between the rendered sketch image pixels 1:?' and the ground truth
sketch image pixels I’ plus the mean of L, distance between the
rendered silhouette image pixels Sf and the ground truth silhouette
image pixels S7, E,Sf:m is the masked perceptual loss, and  is the total
number of pixels (=128 x 128). The sketch image pixels outside the
sketch lines are black (value 0). By accurately predicting silhouettes,
the network enhances its capacity to differentiate between 0-valued
pixels associated with the object and those parts of the background,

thus improving the prediction of internal sketches.

The detailed fidelity in the rendered sketch image would dimin-
ish if solely L; loss were utilised. To address this, a perceptual loss
is integrated to deepen the connection between 2D sketch features
and geometric attributes. This integration involves extracting four
levels of encoded features from both the rendered sketch image and
the ground truth sketch using a pre-trained VGG16 [SZ15]. The per-
ceptual loss Ei’:m(k) at each kth level is calculated by determining

the pixel-wise L, distance between the encoded features e}k )(I*) and
egk) (I*). During training, the weight Af,frc = 3 is experimentally set

. . - L SR SK
for this loss. As depicted in Figure 5, combining £,;,. and L3} .,

enables the recovery of more geometric details, compared to using

SR
the L7, loss alone.

6. Mesh Generation Networks

The mesh generation network operates in an end-to-end manner, ac-
cepting a 3-channel image—comprising a binary sketch image, a
binary mask image and a blank image—and a pre-defined reference
sphere as inputs. The output from this network is a detailed mesh,
which is essentially a deformation of the sphere influenced by pre-
dicted per-vertex offsets and a displacement map. The architecture
of the mesh generation network is divided into two components: the
SD-Net and the DM-Net.
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Sphere  verlexalign GCN that are applied to all the vertices. Three graph convolutional layers
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AT b}& ﬁ ﬁ i\ 2048 dimensions from the vertex features combined with the XYZ
¥ ) ) /Tﬁ \ coordinates of each vertex on the sphere mesh. The dimension of
- - - the output feature vector is reduced to d;; = 2048. At the end of
A WY (WY the process, a fully connected layer with a tanh activation function

Figure 6: The architecture of the Shape Deformation Network (SD-
Net) incorporates a three-channel input that is processed through a
pre-trained ResNet50 to extract a feature map. Vertex features are
subsequently derived from this feature map utilising a combination
of projection techniques and bilinear interpolation. These extracted
features are then fed into a Graph Convolutional Network (GCN)
decoder, which is tasked with predicting the deformation offsets for
each vertex.

6.1. Shape Deformation Network Architecture

The introduced SD-Net is designed to deform a reference sphere—
comprised of 2562 vertices and 5120 faces and centred at the
origin—into a 3D shape guided by a sketch. The input to the SD-
Net is a 3-channel image that includes a binary sketch image, a bi-
nary mask image and a blank image. The binary sketch image is
sparse, making it challenging to determine whether 0-valued pixels
are parts of the foreground object (inside the object) or the back-
ground, solely based on their neighbouring pixels. This complex-
ity renders it difficult for convolutional layers to directly extract ef-
fective features from the binary sketch image alone. By stacking a
binary mask image alongside the binary sketch image, it becomes
possible to differentiate foreground O-valued pixels from those in
the background. ResNet50 processes these inputs to generate a fea-
ture map fuqp € ROY*H of dimensions 2048 x 5 x 5. A blank im-
age is incorporated to satisfy the input constraints of the pre-trained
ResNet50 model.To extract vertex features from f,,,,, our network
employs a vertex align feature pooling approach similar to that de-
scribed in [WZL*18]. This method pools per-vertex features from
Jfmap indexed by their 2D projection coordinates determined using
the perspective projection matrix P utilised in the rendering pro-
cess. Bilinear interpolation is used to pool perceptual features from
JSmap- resulting in 2048-dimensional features for each vertex, which
are then available for subsequent processing by graph convolutional
layers. The architecture of the SD-Net is depicted in Figure 6.

The reference sphere mesh can be represented by a graph M =
(V, €, F), where V € R"*3 stores vertex positions; £ € RE*? stores
the indices of the vertices that form the edges, and F € R"*/ stores
vertex features.

Then, we define a graph convolutional layer on an irregular graph
as follows:

S =wofi+ Y wifl, Q)

qeN(p)

where f; € R and f}"' € R%+! are the input and output feature
vectors on vertex p of the graph convolutional layer, respectively;
N (p) is the set of the neighbouring vertices, each of which shares an
edge with p; and wy and w, are two learnable matrices of d; x d;;

is utilized to predict the XYZ offsets for all vertices. We generate the
front-view silhouette §' by positioning a virtual camera aimed at
the deformed mesh. The silhouettes from the other five views (i.e.,
left, right, back, top, and bottom), represented by 32, S'3, S"‘, S'S, and
86, respectively, are similarly rendered by properly positioning the
virtual camera.

6.2. Displacement Mapping Network Architecture

The U-Net architecture, identical to that used in the sketch renderer,
is employed to generate a displacement map from a 2-channel input
(i.e., sketch image and its silhouette). This displacement map is ap-
plied to the vertices of the front faces (those faces oriented towards
the front view), causing an offset in the direction of their current
normal. Then, a normal map Lo is created by orienting a virtual
camera towards the front view of the mesh. This normal map Loorm
is then inputted into our pre-trained SR-Net, which processes it to
produce the sketch image .

6.3. Objective Function

To train the SD-Net and DM-Net, we minimise the following loss
function:

ﬁmml = ES?LZ + EIOU + )‘-L]JwrmﬁL]inyrm + )‘pereﬁperc (6)
+ )\lapﬁlap + )"edge‘cedge + )\m£m,

where L ;, is the L, silhouette regression loss, £,y is the intersec-
tion over union regression 10ss, L1, o is the Ly loss, L. is the
perceptual 10ss, L4, Leaq, and L, are the Laplacian regulariser,
the edge length regulariser, and the normal consistency regulariser,
respectively. We describe these loss terms below.

L, silhouette regression loss (L5 ,,) This term measures the
squared distance between the rendered silhouettes {$/}(j = 1 ~ 6)
and the ground truth silhouette {S/}(j = 1 ~ 6) as follows:

6 n
Lo Le=) % S WS - +a—w). @

j=1"" i=1

where n denotes the total number of pixels, and {w,’ } 0=< wl.j <1

denotes confidence maps.

In this work, we introduce a encoder—decoder architecture de-
signed specifically to generate a confidence map from a sketch im-
age input as shown in Table 1. Conceptually, the confidence map
quantifies the uncertainty associated with the regression of each
silhouette, where a higher uncertainty indicates a more complex
shape for regression, and conversely, lower uncertainty indicates
simpler shapes. This architecture is trained in an unsupervised fash-
ion, thereby the ground truth confidence maps are not required. Our
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Figure 7: Confidence maps for 6 views (top) and the corresponding
predicted silhouettes (bottom) for a bird sample.

confidence maps conceptually resemble those in previous studies
[LPL*18, WRV20], which assess uncertainty arising from the trans-
formation from 2D space to 3D space. Examples of the confidence
maps and their corresponding predicted silhouettes are depicted in
Figure 7.

The confidence maps serve an important function in weighting
the losses from different views in the Intersection Over Union (IOU)
calculations. Given that the complexity of silhouettes varies across
different views, it is essential to differentiate among them. This dif-
ferentiation allows for greater emphasis to be placed on more com-
plex silhouettes during the training process.

Intersection over union (IQOU) regression loss (L;oy) Since
Si(j=1~6)and §(j =1 ~ 6) are binary images, it is difficult
for the L, loss to converge when $/ is significantly different from
S/. The following IOU regression loss £;oy can provide a direction
of convergence at the beginning of training:

S (1 — w28l s!
ﬁl()U—Z(l Lo .')A.’ L),
i (= w))(S] +57)

(®)

where {wlf } 0 < w{ < 1) denotes the confidence maps. Since Si

and S/ are binary image representations, o= wl’ )2§l’ . Sl/ de-
notes their weighted intersection and Y (1 — w/)($/ +§7) de-
notes their weighted union.

It is noteworthy that the confidence maps utilised here are sep-
arated from the encoder—decoder network; therefore, they are not
updated during the back-propagation of this specific loss term. In
Equation (8), the role of the confidence maps is to weight the silhou-
ettes differently due to their varying shape complexities and to pri-
oritise the recovery of boundary details in silhouettes. The predicted
confidence map w from the encoder-decoder network quantifies the
uncertainty between the predicted silhouette S and the ground truth
silhouette S, whereby 1 — w assigns higher values to less certain
areas and lower values to more certain areas. Consequently, the
weighted IOU loss focuses on regions with larger values, typically
the boundaries and sharp features of the silhouettes. Figure 8 shows
comparisons between the traditional IOU loss and the weighted loss,
demonstrating how the confidence map weighted loss significantly
improves the delineation of boundary and sharp features, such as the
legs of the octopus examples shown in Figure 8b,c.

Geometric detail regression losses (L., - and L) The
above silhouette related losses Ls 1, and Loy can improve the re-
gression on the shape of the 3D object, yet lack of geometric details.

VA 7( ? '
Ne o N ,
/\1; V’Kf § ?

(@ (b)

Figure 8: The result comparison between using the traditional IOU
loss (b) and the confidence map weighted IOU loss proposed in our
work (c). The input sketches are shown in (a). The comparison of
the reconstructed 3D object is presented alongside a heatmap visu-
alisation of per-vertex errors relative to the ground truth. The top
row of (d) and (e) displays the outcome when the SR-Net, inclusive
of geometric detail regression losses, is incorporated during train-
ing. Conversely, the bottom row of (d) and (e) illustrates the results
obtained without the inclusion of the SR-Net in the training process.

Based on the pre-trained SR-Net that takes a rendered normal map
as the input and outputs its corresponding sketch image I°, two loss
terms are introduced to optimise the reconstructed geometric details.
The first L; loss term Ly, 0, can be formulated as:

Z NP —F, 9)

‘ll

‘C'Ll _norm —

where { m,’} is the binary inner mask inside the occluding contours
of the input sketch. This term focuses on the regression of geometric
details only to eliminate the unnecessary influence of the occluding
contours on the relevant vertices.

The second term L. is the perceptual loss. Similar to the multi-
level masked perceptual loss for £3¥ perc (refer to Equation (3)), multi-
level perceptual losses are summed up (Equation (10)). The percep-
tual loss at the kth level £ is defined as follows:

perc®)

perz‘ Z CI)grL(k) 3 (10)
- N ,
Lyt = 5= D mi(e(d) — e )y, (a1
b=l

where {m;} is the binary mask that contains all sketch lines. This
term enhances the regression of both geometric details and the front-
view silhouette. Since the SR-Net is differentiable, £;, 0 and
L ere can be back-propagated during training to regress the geo-
metric details. Figure 8d,e presents a comparative analysis of the
results with and without the geometric detail regression losses. The
comparison result clearly demonstrates that the integration of the
SR-Net with the geometric detail regression losses significantly en-
hances the capability of the SD-Net to accurately recover geomet-
ric details. To thoroughly evaluate the effectiveness of SR-Net and
corresponding geometric detail regression losses, we conduct an ad-
ditional comparison against a baseline configuration that uses only
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¢

Input (a)
Figure 9: Comparison between (a) using ground-truth depth and
normal maps with L2 norm loss functions (without SR-Net and rel-
ative loss functions) and (b) using SR-Net with relative loss func-
tions. The SR-Net variant (b) yields improved alignment of sketch
strokes with recovered geometry, while (a) produces less accurate
reconstruction of fine details.

L2 norm loss with ground-truth depth and normal maps, as shown
in Figure 9. While the L2-based baseline benefits from strong super-
vision on depths and normals, it lacks explicit mechanisms for en-
hancing fine-scale geometry. In contrast, SR-Net, coupled with the
geometric detail regression losses, not only enforces consistency in
depth and normal predictions but also promotes the recovery of in-
tricate local structures and subtle surface variations. This results in
more faithful reconstruction of fine details, such as sharper object
boundaries and more accurate alignment between sketch strokes and
recovered geometry, which are less evident in the L.2-only approach.

Smoothness regularisers (L,,, L.qq, and L,,) To enforce the
smoothness of the created 3D object, we also employ the follow-
ing three regularisers. A Laplacian regularisation, £;,,, is added to
constrain the displacements of the vertices, which is defined below.

Ela[): ||L'U|||, (12)

where L is the Laplacian matrix (V x V) of the 3D object, and v is
the V' x 3 vector formed by concatenating all the vertex positions of
the 3D object. Notice that L is fixed during training. An edge length
regulariser, L., is added to minimise the edge lengths of the 3D
object by penalising the flying vertices that often cause long edges,
and it is defined as follows:

Lee=Y_ > llp—dlB. (13)

P qeN(p)

where p is a vertex on the mesh, and N (p) denotes the set of the
neighbouring vertices of p. This helps avoid stretched triangles that
can distort surface details, improves numerical stability during op-
timisation, and preserves high-frequency geometry. Figure 15 illus-
trates that, with this term, the reconstructed mesh exhibits smoother
surfaces and more consistent triangle shapes compared to the case
without this regularisation. We carefully tune its weight to prevent
the vertex collapse. The last normal consistency loss, £,,, com-
putes the normal consistency for all the pairs of neighbouring faces

as follows:

Ly= Y (1—cos<nyn;>), (14)

(n[,n_/ )EF

where n; and n; are the normals of two adjacent faces, < n;, n; >
is the dihedral angle between two adjacent faces, and F denotes the
set of all adjacent face pairs.

During training, we experimentally set Az, o = 10, Apere = 0.1,
Map = 5, Aeqge = 0.2, and A, = 0.3. The training process of the SD-
Net is end-to-end and thus no manual fine-tuning is required.

7. Training Details

In our training data, one training sample consists of a sketch, its
mask, normal map, and six silhouettes from different views of the
corresponding 3D shape.

‘We describe the implementation details of our model training be-
low. First, the SR-Net was trained using the Adam optimiser, pro-
cessing batches of 16 input normal maps, each resized to 128 x 128
pixels. The generated sketch images were also sized at 128 x 128.
We trained the network for 400 epochs with a learning rate of
1 x 107*. Next, the SD-Net and DM-Net were trained with the
Adam optimiser on batches of 12 input sketch images, each resized
to 128 x 128 pixels. Integrated within the SD-Net, the encoder-
decoder architecture for generating confidence maps was trained
in an unsupervised manner. This component outputs a 6-channel
128 x 128 confidence map, where each channel corresponds to the
silhouette from one of the six selected views. Note that the learn-
able parameters of the SR-Net were not updated during the training
phase of SD-Net and DM-Net. The SD-Net and DM-Net training
proceeded for 800 epochs with a learning rate of 1 x 107,

8. Experiment Results and Evaluations

This section provides the 3D modelling outcomes produced by our
method and comparisons between our method and some state-of-
the-art methods. After that, an ablation study is presented to eval-
uate the significance of some key modules in our approach. Notice
that all sketches used during evaluation were hand-drawn by hu-
mans and were not seen during training. To ensure consistency in
sketching style and to maintain a fair evaluation setting, the human
sketches were drawn based on 2D shapes from the same dataset
used for training. Finally, a user study and runtime statistics are dis-
cussed to provide insight into the computational effectiveness and
efficiency of our method.

Local geometry detail generation. Our method is capable of au-
tomatically processing input sketches that contain varying levels of
detail. As demonstrated in Figure 10, our method effectively gen-
erates 3D models that exhibit enhanced geometric details when the
provided sketches include a greater number of inner strokes. This
enhancement is more prominently observable in the zoomed sec-
tions of the figure.

Local geometry detail editing. To test the local editing ability
of our model, we asked users to add sketch lines without adhering
to the style present in the dataset. We provide the user with some
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Figure 10: Some results generated by our approach based on input
sketches that vary in the level of contained details. (a) and (c) dis-
play the input sketches that feature more inner details at the top, and
the corresponding 3D models generated by our method are shown
at the bottom. Conversely, (b) and (d) illustrate input sketches with
fewer inner details at the top, with the corresponding 3D models
produced by our approach depicted at the bottom.

(b)

Figure 11: Examples of the users adding customised details. (a)
shows the original input sketches; (b) shows the corresponding 3D
models generated from these sketches, (c) shows various users’ cus-
tomised sketch lines; and (d) shows the 3D models that have been
modified to include these user-specified details.

original sketches, ask users to add more sketches, and utilise our
method to generate the relative 3D models. Figure 11 illustrates the
inputs and the resulting outputs from this experiment. The models
generated from users’ sketches preserve global geometric properties
while accurately reflecting local details based on the users’ input.

Results on hand-drawn vs. synthesised sketches. Figure 12
shows the experiment results validate the novice-friendly nature
of our method, highlighting that users can effortlessly draw sketch
lines while still achieving a high degree of generalisation with the
model. The results also demonstrate that precise line accuracy is
not necessary for the generation of high-quality 3D models using
our method. To evaluate the generalisability of our method across
varying sketch styles, we conducted experiments on diverse inputs,
including (a) cat, (b) big-ear head, (c) bird, and (d) insect. These
sketches vary in both abstraction levels and artistic styles. As shown
in Figure 13, our approach demonstrates robustness to stylistic vari-
ations, maintaining both faithfulness to the input and precise align-
ment between sketch strokes and the reconstructed geometry. No-
tably, without the semantically annotated strokes, our method can
interpret a wide range of stroke types, including structural connec-
tions between different parts of the model (e.g., body and arms).
Such understanding is implicitly learned from the training data, en-
abling the reconstruction of coherent and structurally consistent 3D
models across diverse sketching styles.

To further examine the choice of initialisation, we conducted an
experiment replacing the predefined sphere with alternative shapes
(cube and heart). As shown in Figure 14, the results are ran-
domly deformed and fail to recover meaningful geometry, since
the model is trained with a sphere template and all predicted de-
formations are implicitly conditioned on its topology. The sphere
proves to be the most effective initialisation because it offers
isotropic deformation, smooth and simple topology, and a uniform
mesh distribution, which together ensure stable optimisation and
coherent reconstructions. In contrast, cube- and heart-based tem-
plates introduce anisotropy, sharp features, and irregular mesh struc-
tures, leading to unstable deformations and degraded reconstruction
quality.

Evaluation of Mesh Quality. We evaluated the quality of the
generated meshes by performing a self-intersection test, as il-
lustrated in Figure 15. The smoothness regularisers incorporated
during training effectively suppress the vast majority of self-
intersection cases, ensuring clean and watertight surfaces. Only rare
instances involving extremely sharp geometric features, such as the
tail of the dolphin or the slender legs of the cow and dog, have mi-
nor self-intersections, as highlighted in red in Figure 15. These oc-
currences are infrequent and localised, having negligible impact on
the overall geometry. Overall, our results demonstrate that the gen-
erated meshes are of consistently high quality and well-suited for
practical use.

Comparison with occluding contour-based methods. We eval-
uated our method against occluding contour-based 3D modelling
approach [JFD20]. This method primarily focuses on the occlud-
ing contours of an input sketch, whereas our method incorporates
both the contours and the inner feature strokes of the input sketch.
To ensure a fair comparison, we adhered strictly to the training pa-
rameters outlined in [JFD20] for its implementation, including the
recommended post-processing technique described therein to gen-
erate smooth 3D meshes from the voxel representations produced.
Figure 16 presents a comparison involving two examples: one is a
man-made object (an airplane) and the other is a natural object (an
octopus). The results from our approach successfully retain the es-
sential features of the input sketches and demonstrate greater accu-
racy compared to the results from [JFD20].

Result gallery. Our method was applied to generate various 3D
models from single sketch inputs, with the modelling results dis-
played in Figure 17. The examples shown in this figure illustrate
the robustness of our method in handling various categories of in-
put sketches. For a comprehensive view of these results, please re-
fer to the accompanying demo video, which offers 360-degree vi-
sualisations. Notably, all outcomes depicted in Figure 17 were pro-
duced directly by the mesh generation network, without any sub-
sequent post-processing. In contrast, many existing sketch-based
modelling techniques (e.g., [JFD20, LPL*18, LGK*17]) typically
require post-processing of the predicted output.

8.1. Comparisons with State of the Art Methods

To evaluate the effectiveness of our approach, we compared it with
some state of the art, sketch-based 3D modelling methods, in-
cluding deep learning based methods [LGK*17, LPL*18, ZGG21,
GYS*22, BKD*24], geometric inference based methods [NISAQ7],
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Figure 12: (a) and (d) are sketch images in the test set and corresponding 3D models generated by our method; (b) and (e) are user-drawn
sketches and corresponding 3D models generated by our method; and (c) and (f) show the heat maps that illustrate the per-vertex differences
between the models in (a)-(b) or in (d)-(e). The heatbar shows the measurement for column (c) and (f). Results show that our method enables
high-quality 3D reconstruction from freehand sketches, demonstrating strong generalisation and robustness to input strokes.

y

Figure 15: Mesh quality evaluation via self-intersection tests for
(a) airplane, (b) dolphin, (c) dog, and (d) cow. Smoothness regu-
larisers prevent most intersections, with rare cases in sharp features
(highlighted in red) having minimal impact.

(a)

Figure 13: User-provided sketches in various styles—(a) cat, (b)
big-ear head, (c) bird, and (d) insect—alongside their correspond-
ing reconstructed results. Rather than strictly replicating the input
sketches, our method prioritises producing faithful 3D models while
maintaining close alignments with the input sketches.

(b)

Figure 14: Results when replacing the initial sphere with other tem-
plates: (a) input sketch, (b) cube mesh, and (c) heart mesh. Both al-
ternatives lead to unstable deformations and fail to capture mean-
ingful geometry.

Figure 16: Two comparison examples between [JFD20] (a) and
our approach (b).
semantically-annotated sketch based methods [LPL*17, LPL*18],

and occluding contour-based methods [JFD20]. . .
approaches [LGK*17, LPL*18] for comparison. Specifically, Lun

Comparison with deep learning based methods. For the eval- et al. [LGK*17] developed a deep encoder—decoder network that
uation of our method, we selected two recent deep learning-based generates depth and normal maps from pre-defined views, which are
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Figure 17: This gallery presents the outcomes of sketch-based modelling achieved through our method. For illustration, (a) and (e) display
input sketches from various categories, specifically jet, head, dolphin, and octopus from top to bottom in (a), and bird, human, animal, and
teddy from top to bottom in (e). For each example, we not only present the 3D model from the same viewpoint as the input sketch in (b) and
(f), but we also provide a visualization of the 3D model from another randomly selected viewpoint in (c) and (g). To further demonstrate
generalisation of the trained network, we put the closest training shapes alongside these examples shown in (d) and (f).

further fused to create a 3D model. Li et al. [LPL*18] introduced a
CNN-based method designed to predict the front view surface of a
3D model from a single-view sketch input. Unlike the approach in
[LGK*17], which requires category-specific shapes during training,
our method does not have such limitations. To ensure a fair com-
parison, all three methods ([LGK*17], [LPL*18], and ours) were
trained and evaluated using the character dataset published by Lun
et al. [LGK*17], noted for its high-quality geometric details. The
same front view sketches were used across all methods. Addition-
ally, the deep learning networks for each method were trained for
10 epochs with 10,000 samples, adhering to the protocol suggested
by Li et al. [LPL*18]. Figure 18 presents comparisons of the results
by the three methods alongside the ground truth. The results reveal
that our method produces 3D models with superior geometric de-
tails that align better with the ground truth, particularly in areas with
sharp features, as highlighted in the zoomed sections of Figure 18.
Note that the 3D models shown in Figure 18b (by [LGK*17]) and
Figure 18c (by [LPL*18]) are originally reported in the work of
[LPL*18].

We also employed two quantitative metrics for comparison
among the three methods: (i) surface normal distance and (ii) depth
map error, as these metrics were utilised in [LPL*18]. Specifically,
surface normal distance is calculated by first determining the angle
between the normal at each surface point and the normal at its clos-
est surface point, followed by averaging these angles. The depth map
error is assessed by calculating the average absolute pixel-depth dif-

Table 2: Quantitative comparison of the three methods ([LGK*17],
[LPL*18], and our approach,).

Method Depth map error Surface normal distance
[LGK*17] 0.023 22.4°
[LPL*18] 0.033 18.6°
our approach 0.010 18.3°

ference between the predicted depth map and the ground-truth depth
map, ensuring both maps are normalised to the same mean value be-
fore comparison.

Table 2 presents the performance metrics for all three methods
using the specified character dataset. Note that the values for these
metrics for [LGK*17] and [LPL*18] were directly extracted from
the paper of [LPL*18]. As indicated in the table, our method out-
performs the other two in terms of both surface normal distance and
depth map error. It is noteworthy that our approach achieves these
results without utilising normal maps and depth maps of 3D objects
for model training; in contrast, these maps are employed in the train-
ing processes of [LGK*17, LPL*18].

We also utilised an example provided in the work of Doodle-
Your-3D [BKD*24] to conduct a visual comparison with [ZGG21,
GYS*22, BKD*24] in Figure 19. We chose the airplane for this
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(e)

Figure 18: Result comparison among [LGK*17] (b), [LPL*18] (c), our method (d), and the ground-truth 3D models (e), given a single
front-view sketch as the input (a). All the methods were trained and tested on the same character dataset published by Lun et al. [LGK*17].

Input (a) (b)

(c) (d)

Figure 19: Comparison among [ZGG21] (a), [GYS*22] (b), [BKD*24] (c) and our approach (d). Our approach can preserve the faithfulness

of the generated 3D models and align with the input sketch.

comparison. All methods were tested with the same sketch in-
put provided in [BKD*24]. We utilised the ball-pivoting algorithm
[BMR*99] to convert the point cloud result from sketchsampler
[GYS*22] to mesh. In contrast to other methods, the 3D result gen-
erated by our approach is much more faithful to the input sketch.
Instead of simply follow the input sketch, our method tends to keep
the faithfulness of the generated 3D models as a priority and align
the 3D models with the input sketches as closely as possible.

As shown in Figure 20, we compared our result with two re-
cent image-to-3D reconstruction methods, TRELLIS [XLX*25]
and SPARC3D [LWZ*25]. When provided with only the sketch in-
put, both TRELLIS and SPARC3D struggled to produce coherent
shapes, often resulting in fragmented or incomplete meshes. Even
when augmented with normal maps generated via OpenAl Chat-
GPT to align with the input sketch, their outputs failed to form an
integrated 3D structure and exhibited poor alignment with the in-

put strokes. (ChatGPT prompt: “help me generate the normal maps
aligned with the input sketch”). In contrast, our method consis-
tently produced a unified, well-structured mesh that remained faith-
ful to the input sketch, demonstrating superior robustness and align-
ment capabilities.

Comparison with geometric inference-based methods. We
also evaluated our approach against classical geometric inference-
based 3D modeling methods [NISAO7]. These traditional methods
typically employ a predefined geometric smoothness prior, such as
biharmonic equations, to guide the modelling process. In interactive
modelling, each input stroke is used to define a new boundary or fea-
ture curve in 3D, which subsequently alters the current base shape.

In contrast, our method treats 3D modelling as an end-to-end
process, offering a user-friendly interface for modelling. Addition-
ally, the geometric priors and multi-view priors learned within our
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input (a) (b) ()

Figure 20: Comparison with recent image-to-3D methods: (a)
TRELLIS [XLX*25] (a), SPARC3D [LWZ*25] (b), and (c) ours. Top
row: results using the sketch as the sole input. Bottom row: results
using the sketch augmented with normal maps generated via Chat-
GPT. Trellis and SPARC3D struggle to produce a single, integrated

mesh and to stay well aligned with the inputs.

L\ N\

Figure 21: Result comparison among biharmonic surfaces
[NISAO7] (b and c), [LPL*18] (d), and our approach (e). Given
the input sketch of a bottle shape (a), the biharmonic surface (b)
is obtained using the boundary positions and normal constraints
that are computed by [LPL*18]. Lifted spatial strokes (bold black
curves) computed from [LPL*18] are added to (b) as additional
constraints to generate the result in (c). The 3D surface in (d) is
obtained through post-processing (i.e., lift the bottom of the bottle,
refer to the red part of the sketch) the prediction by [LPL*18]. Our
method generates a whole 3D model (e), instead of a surface, based
on the black strokes alone. Note that the 3D models in (b)—(d) are
directly taken from the work of [LPL*18].

framework tend to be more accurate than those derived from hand-
crafted rules. Figure 21 illustrates a comparison of one bottle sketch
example across various methods. The results clearly demonstrate
that our approach more effectively retains the essential charac-
teristics of the input sketch and constructs a complete 3D shape,
unlike the partial 3D surface generated by [LPL*18] (as seen in
Figure 21d). Moreover, the biharmonic surface shown in Figure 21b,
constrained by boundary positions and normals, loses key features
and appears overly rounded, even with the inclusion of additional
inner curve constraints (Figure 21c¢).

Comparison with semantically annotated sketch-based
methods. We evaluated our method by comparing it with two
semantically-annotated  sketch-based modelling approaches
[LPL*17, LPL*18]. Both methods require the use of colour-
coded, semantically-annotated strokes (identifying features such
as ridges, valleys, curvature lines, and sharp features) within the

(a) (b) (©)

Figure 22: Comparison among [LPL*17] (a), [LPL*18] (b), and
our approach (c). Despite producing similar 3D models with ge-
ometric details, our method does not need semantically annotated
strokes (for ridges, valleys, curvature lines, etc.) in the input sketch.
Note that the 3D models in (a) and (b) are directly taken from the
work of [LPL*18].

input sketch to deduce depth and normal information for the 3D
shape. In contrast, our approach does not require semantically
annotated strokes in the input sketch. Two examples in Figure 22
show that similar surface details can be achieved by the methods in
[LPL*17, LPL*18], and our approach using different sketch inputs.
Compared to [LPL*17, LPL*18], our method requires simpler
sketch inputs (i.e., without semantic annotations) to generate com-
parable 3D models with detailed geometric features. Additionally,
in our method, the 3D mesh results are directly outputted from
the SD-Net without any need for post-processing, whereas the
method in [LPL*18] involves some post-processing steps on the
predicted output.

8.2. Ablation Study

To assess the effectiveness of some key components in our architec-
ture, we conducted an ablation study as described below. Essentially,
we developed three reduced versions of our method, in addition to
utilising the term ‘full architecture’ to denote the complete version
of our approach.

* (baseline) A baseline architecture using only the traditional IOU
loss to regress the silhouettes from six different views.

e (baseline + confidence map weighted losses) Both the confidence
map weighted IOU loss (Equation 8) and the confidence map
weighted L, regression loss (Equation 7) are used to calculate the
difference between S and S.

e (baseline + SR-Net) The SR-Net is added to the baseline archi-
tecture, and only the traditional IOU loss is used to regress the
silhouettes from 6 different views (i.e., confidence maps are not
used).

* (baseline + ND) The ground-truth depth and normal maps are in-
corporated into the baseline architecture via L2 norm loss func-
tions, while the silhouettes from six different views are regressed
using only the traditional IoU loss (i.e., without confidence maps).
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Figure 23: Comparison of the results by the three reduced versions and the full architecture version in our ablation study. (a) shows the
results by the baseline version, (b) shows the results by the baseline + confidence map weighted losses version, (c) shows the results by the
baseline + SR-Net version, (d) shows the result by the baseline + ND version, and (e) shows the results by the full architecture version.

Table 3: Average test errors of different versions in our ablation study.

Version Depth map error Normal distance

baseline 0.015 10.5°

baseline + confidence map 0.017 11.0°
weighted losses

baseline + SR-Net 0.018 10.4°

baseline + ND 0.013 9.2°

full architecture 0.014 8.7°

Specifically, the networks in the above four versions maintain the
same structural design as the SD-Net and DM-Net. These versions
were trained using the same ‘four-legs’ dataset, which consists of
1824 samples for training, 240 samples for validation, and 240 sam-
ples for testing, over a span of 800 epochs. Figure 23 presents a vi-
sual comparison of three test examples derived from these versions.
Additionally, the average test errors are also reported in Table 3,
which includes the mean depth map error and the mean surface nor-
mal distance calculated across all 240 test samples.

As shown in Figure 23 and Table 3, the baseline version of our
model fails to accurately generate surface details and sharp features,
such as failing to recover the tails of both the pig and horse models.
The baseline + confidence map weighted losses version enhances
the visual representation of sharp features; however, both the depth
map error and the surface normal distance error are higher due to
the absence of depth constraints for sharp feature recovery. The ad-
dition of the SR-Net to the baseline (i.e., the baseline + SR-Net
version) provides some depth constraints and better handles geo-
metric feature strokes, leading to a reduction in the surface normal

distance error. Nevertheless, due to the influence of the geometric
detail regression loss on the IOU loss, the baseline + SR-Net ver-
sion’s ability to recover sharp features is diminished compared to the
baseline, resulting in an increased depth map error, as evidenced by
the incomplete recovery of the tails in both the horse and pig models.
While the baseline + ND variant shows slightly improved depth and
normal recovery due to stronger geometric constraints, the depth
differences among all ablation variants remain minimal. Moreover,
it fails to reconstruct certain global and local structures (e.g., legs
and body geometry in Figure 23d). We contend that qualitative ap-
pearance alone is insufficient; alignment between sketch strokes and
reconstructed geometry is more critical than accurately reproducing
less relevant regions. The full architecture version of our approach
results in the lowest depth map error and surface normal distance
error. This improvement is attributed to the combination of confi-
dence map weighted losses and the SR-Net, which together provide
robust depth constraints and effectively restore sharp features.

8.3. User Study

We conducted a user study to evaluate the effectiveness of our
method, which was structured into two distinct phases: ‘Draw
Sketches’ and ‘Complete Post-study Questionnaires.” The study in-
volved a total of 16 participants (12 males and 4 females) from 26
to 37 years old who were recruited from a university campus.

In Phase 1, participants were provided with five objects from
different categories to draw: pig, bird, airplane, fish, and octopus.
The five objects were randomly selected from our dataset. For each
object, its three different perspectives were available, from which
participants selected one randomly as a reference to draw. Specifi-
cally, each participant selected one image rendered with a randomly
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Figure 24: The average sketching time spent for each object in our
user study. The red line in each box denotes the median time, and
the green triangle in each box denotes the average time.

Table 4: The average sketching time spent for each object in our user study
(minute as unit).

Statistic Airplane Octopus Bird Fish Pig

Average 1.865 2.540 1.487 1.627 3.019
Median 1.658 1.750 1.250 1.417 2.092
Variance 1.176 2.470 0.658 1.753 5.688

Table 5: The obtained average scores of the questions in our user study.

Statistic Q1 Q2 Q3 Q4 Q5
Average 4.4375 4.375 4.4375 4.18 4.4375
Median 5.00 4.00 5.00 4.00 5.00
Variance 0.529 0.383 0.529 0.429 0.529

perspective view as a reference to start drawing. Sketching time was
recorded to calculate the average time spent, as depicted in Figure 24
and Table 4. The sketches drawn by participants were then used to
generate 3D models by our method, which were subsequently dis-
played in a 3D viewer for phase 2 usage.

Phase 2 involved a post-study questionnaire where participants
assessed their study experience based on both the drawing process
and the resultant 3D models. Participants rated each question on
a likert scale from 1 to 5, where a higher score indicates a more
positive response. The used questions were: (Q1) Is it difficult to
draw the sketch lines? (Q2) Do the generated 3D models adequately
convey the intended information in your sketch line pictures? (Q3)
Please rate the overall contours of the reconstructed models. (Q4)
Please rate the overall details of the reconstructed 3D models. (Q5)
Please rate the rationality of the models from multiple perspectives.

Average Score

3.00 —

o1 02 3 04 Q5

Figure 25: The obtained average scores of the questions in our user
study. The red line in each box denotes the median value, and the
green triangle in each box denotes the average value.

The aggregated results of the obtained user responses are presented
in Figure 25 and Table 5.

Analysis of the obtained user study data revealed that the time
taken to complete the sketches was generally short. As shown in
Figure 24 and Table 4, most participants completed the task within
several minutes. Notably, the complexity of the objects varied;
for example, the sketching of an airplane was typically completed
within 2 min, while more complex objects such as octopuses showed
greater variability in completion time, ranging from 2 to 54 min.
Despite these variations, no significant difficulty in completing the
sketches was reported. Furthermore, the obtained user response re-
sults, summarised in Figure 25 and Table 5, indicate that the average
scores on all questions were above 4, suggesting a high level of par-
ticipant satisfaction with our method.

8.4. Runtime Statistics

The SR-Net was trained for approximately 6 h, while the training
duration for the SD-Net was extended to about 4 days, utilising a
computing setup equipped with eight NVIDIA V-100 GPUs and
an Intel Xeon 2.50GHz CPU. Post-training, the trained networks
were deployed on a desktop computer featuring an NVIDIA P-100
GPU and an Intel Xeon 2.50GHz CPU. The runtime statistics for our
method, as applied to all test cases shown in Figure 17, are detailed
in Table 6. As indicated in this table, our approach demonstrates
significantly higher runtime efficiency—approximately two orders of
magnitude better—compared to the state-of-the-art method reported
in [LPL*18], which took about 13 s to complete a sketch-based 3D
modeling task on a system with an Intel Xeon 2.0GHz CPU and
NVIDIA GeForce GTX 980 GPU. It is important to note that we
did not conduct the tests with identical sketch inputs on the same
hardware for the two methods.

Table 6: Runtime statistics of our approach for all the test cases in Figure 17. s = second.

Test sketch Jet Head Dolphin Octopus Bird Human Animal Teddy

run time 0.1966s 0.1968s 0.2248s 0.1971s 0.1997s 0.1968s 0.1967s 0.1945s
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Figure 26: Example failure cases where input sketches either do
not correspond to any training shape category—(a) bed and (b)
shoe—or represent non—genus-zero topology—(c) torus. In these
cases, the reconstructed geometry deviates from the intended shape
due to the lack of prior examples in the training data or topological
constraints of the method.

9. Conclusion and Limitations

In this paper we present a novel end-to-end approach to generate
3D models that exhibit plausible geometric details from a single-
view sketch input, which does not require semantic annotations on
input strokes.

Figure 26 illustrates several example cases where our method
struggles due to limitations in the training data and topology con-
straints. Specifically, when the input sketches represent object cate-
gories not present in the training dataset—such as a bed or a shoe—
the reconstruction fails to capture the intended structure, as the
model lacks prior shape knowledge for these categories. Similarly,
when the target shape has non—genus-zero topology, such as a torus,
the reconstruction deviates from the desired geometry because the
current framework assumes genus-zero surfaces. Also the resolu-
tion of the results is bounded by the reference sphere mesh. To
overcome these limitations, future work should explore (1) integrat-
ing 3D Gaussian Splatting to initialise flexible point- or mesh-based
templates for a wider range of topologies, followed by SR-Net re-
finement, and (2) adopting implicit surface representations to ex-
pand adaptability to varying genera while preserving fine surface de-
tails.
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