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Figure 1. Dataset of synthetic sketches

Abstract

During the conceptual phases of a project, the ability
to empower the creativity of all the stakeholders ( archi-
tects, engineers, builders ) together with real-time analysis,
derived by a 3D model, is crucial for the design of high-
performance buildings for a more sustainable built environ-
ment This research investigates translating single-view 2D
architectural sketches of building envelopes into 3D mod-
els. This direction is crucial to allowing a real-time evalu-
ations of the buildings performances and metrics. On one
hand, we leverage traditional computer vision methods for
detecting vanishing points. Because sketches are ambigu-
ous, vary on the artistic style, and can be drawn from differ-
ent perspectives occluding other parts, this approach alone
won’t be sufficient. Therefore, we use the 3D reconstruc-

tion provided by the detected vanishing points to validate
the output of our deep learning algorithm based on the Oc-
cupancy Network. On the other hand, we employ implicit
3D geometry representation for 3D reconstruction from a
single sketch, leveraging domain knowledge of the building
envelopes. In this work, we provide a new dataset focused
on 3D building envelope reconstruction from sketches, and
demonstrate that our dataset poses a challenge to even
state-of-the-art single-view 3D reconstruction methods.

1. Introduction

End-to-end training from initial sketches to 3d building
would allow a more sustainable and effective decision pro-
cess during conceptual design phases. This paper presents



the first dataset in that direction. Additionally, we pro-
vide code for dataset preparation, extensive analysis of the
dataset based on [2], and an initial benchmark for sketch to
3D building reconstruction tasks. Our contribution is to pro-
vide a dataset that is challenging to both computer vision re-
searchers focused on geometric deep learning and geometry
processing tasks. The problem of sketch to 3d is ill-posed
since there are issues about view, style variance, sparsity,
and ambiguity between foreground and background [31]

2. Related work

Previous work for 3D sketch modeling and reconstruc-
tion used deep CNN to predict occupancy in a voxel grid
[4] [26] [29] [28] While these methods allow an interac-
tive editing process similar to [7], they are limited to known
camera parameters. Modern approaches such as [33] use
differentiable rendering techniques, volumetric rendering
and other techniques to alleviate biases and noise produce
by the ambiguities derived from the sketch. Since no previ-
ous work has been conducted in this specific topic, our work
could open the door to a new research field that can bridge
multidisciplinary fields.

This novel approach in the specific field related to build-
ing envelopes tries to fill a gap in the literature, and open
a new research field at the intersection of architecture, en-
gineering, and construction. Previous applications didn’t
use deep learning approaches but tried to leverage spe-
cific mathematical reconstruction of each stroke, leaving to
the designers full responsibility of the 3D reconstruction.
Those interfaces also required multiple edits from different
views.

3. Dataset

Our dataset uses synthetic sketches, conscious of the lim-
itations highlighted by previous work [33] [25] [32]. It uses
a small portion of RealCity3D dataset, that we normalized
to a canonical pose to facilitate the training procedure. Our
dataset is represented by signed distance functions represen-
tations (SDF), voxels (32x32), [normals, depth maps and
point cloud] in a canonical pose, adjusting all the orienta-
tions of the buildings, tracking the north position, [scaling
factors, camera calibrations and poses.]

LOD 2

Figure 2. Dataset division based on the Level Of Details (LOD)

3.1. LOD Division

Our dataset is composed of 47 buildings categorized
based on their sketch complexity following a simple rule:
LOD 2 for simple extrusions, LOD 3 with more complex
structure but without curves or slopes, and LOD 4 for build-
ings that present curve lines (circle, semi-circle) or uncom-
mon geometry for a building, such as a hexagon. Currently,
we have 17 models with LOD 2 , 20 models with LOD 3,
and 10 models with LOD 4, and an example can be visual-
ized in Fig 2 we could also follow the classification of LOD
defined by [1].

3.2. Synthetic Sketch representation

The sketches have been obtained after rendering the ini-
tial polygonal meshes [15] in Blender, combining a Lam-
bertian representation of the building with a Suggestive
Contours filter to highlight the edges. Previous work
demonstrated better performance because after converting
these renders to synthetic sketches using a canny edge filter,
the main edges and lines are preserved. During the render-
ing phase, we avoid the creation of additional lines caused
by the shadows. Finally, we moved the camera around the
object (instead of moving the object) extracting 24 camera
extrinsic and intrinsic parameters R, T, and K. We made
sure that our light source is aligned with the camera posi-
tion and that the building had the identical appearance val-
ues (luminance) independent by the view point, that pass
the photo-consistency Test (Lambertian).

* The part related to the Dataset creation is shared with
CS 348N.

3.3. Canonical Pose

Two main objectives to consider during the initial con-
ceptual phase of the design are location and orientation.
Location is influenced by the geographical, cultural, and
geopolitical context in which the building is located, pro-
viding a more holistic view of the project. Therefore, we
would like to invite future researchers to pursue these es-
sential extrinsic considerations and research directions for
this specific research. We focused mainly on more intrinsic
characteristics, such as orientation. The orientation drives
the energy efficiency of the buildings and the indoor com-
fort of the occupants amongst other characteristics of the
building. Taking advantage of natural daylight impacts the
heating/cooling systems increasing the savings and human
wellbeing. With these considerations and the intent to spark
future research on this matter, we create our dataset track-
ing both location and orientation of these buildings. Each
model in our dataset is associated with their exact posi-
tion on Earth following the epsg:4326 convention accord-
ing to the GeoDataFrame [0] coordinate reference system
(CRS) [17]. For this specific experiment, we consider only



Figure 3. Voxel Artifacts

47 buildings divided into three levels of detail (LOD) as
specified above.

We apply two main strategies to orient the building to
a uniform canonical pose to avoid creating artifacts in the
voxelization as presented in the Fig. 3.

First, we capture the main axis of the building, provided
by the longer facade. Although simple and straightforward,
this could be a limitation in the future, since it doesn’t ap-
ply to all building topology, especially more complex ones
or buildings with “L” shapes or triangular shapes as shown
in Fig. 3. We projected all the building lines to the XY
ground plane to find the axis direction. Although we could
not extract the longest edge due to the noisy nature of this
approach, we sampled points from these edges, and deter-
mined the major axis. We could also exploit the fact that
buildings, for the most part, develop straight facades, and
use the building footprints directly. We decided to rotate
the model around the vertical Z-axis until the central axis
is parallel to the Y-axis. In this way, the primary building
orientation is aligned with the voxel grid. Finally, we record
the rotation angle and its association with the building.

After adjusting the orientation, we scaled and centered
all the buildings to facilitate the training and provide a better
data normalization.

After aligning the building to the Y axis and saving
the rotation, we extract our non-photorealistic render(NPR)
representation of the building and convert to a synthetic
sketch. We keep the building fixed and place the camera
in 24 randomly sampled poses and orientations, carefully
considering the lighting condition and avoiding the creation
of shadows as mentioned above.

For the first experiment related to the computer vision
part that exploit the vanishing points for an approximate 3d
reconstruction, we manually selected the most expressive
and simple sketch representing the building. This emulates
how a designer would sketch a building in a quick way for
the initial massing studies ( overall shape of the building).

We analyze the potential issues that our dataset normal-
ization process can resolve as follows:

* Outliers in the dataset ( circular buildings, hexagonal
shapes)

* Missing information. Scaling loses the information on
building size and only preserves the relative ratio. For

Algorithm 1: Track orientation with respect to
north
Input: 3d model
Output: 3d model oriented to X,Y
index — model = 0;
repeat
project vertex to XY ground plane ;
regress the major axis of the ellipse;
Maris = Tmin>Ymin - Tmaz-Ymazs
for vertex do

if x,y <=ux;,y;;
findMajorAxis();
if x; and y; = max and min;
ignore;
then
14—1+1
end
else
update x;, y; value;
end
14—1+1
end

until each edge/vertex in the 3d model,

buildings that have a central atrium, with our multi-
view system, we won’t be able to capture their internal
configuration due to the occlusion.

* Possible noise in the dataset, mitigated by aligning the
models to a canonical pose.

* Inter-class variation. We divide the buildings in 3 main
LOD categories to reduce this variation, and mini-
mizes model variance within each class.

3.4. Voxel Representation
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Figure 4. Batch sample of Voxel 32 LOD3-4



3.5. SDF Representation

Signed-distance functions are set in a metric space that
determines the distance of a given point x from the surface
of a shape. The sign indicates if the point x is inside or out-
side the shape. While in shapeGAN [12], voxel and implicit
functions used both signed distance, we mainly focus on the
binary representation of the implicit field required by Occ-
Net. We generate the SDF point clouds using the package
mesh_to_sdf .

DeepSDF [16] sampled 500,000 points from watertight
shapes of synthetic objects similar to our approach, and split
the points based on the sign of the distance. The sampling
strategy used by [16] targeted points near the object sur-
face. A sampling approach that better captures fine details
has been used later by [ 1 3] where they used a weighted sam-
pling based on the number of points nearby; they emphasize
the importance of small-scale details, which we currently do
not need at this stage.

As in DeepSDF, our building meshes are not all water-
tight. To obtain shells, they positioned 100 cameras ho-
mogeneously around the object as in Fig 5, and densely
sampled points on the surface contour for each camera by
back-projecting the depth pixels from the render, with sur-
face normals oriented towards the camera. This process is
prone to errors when the object is not watertight, and the
normal of the triangle mesh is visible on both sides.

Adapting the approach in Occupancy Network, we de-
fine a shape with points from the voxel grid.

0:R*—{0,1}

We extract the SDF from this voxel grid occupancy func-
tion. So the series of points identify the object’s surface
with the voxel value in which the surface is contained. We
scale the voxel representation to [0,1] to align with Occu-
pancy Network.

fo :R*x X —[0,1]

To determine if a point lies in the interior of a mesh
(e.g., for measuring IoU), the mesh needs to be watertight.
OccNet used the code provided by [21] , which performs
TSDF-fusion on random depth renderings of the object, to
create watertight versions of the meshes. They centered and
rescaled all meshes so that they are aligned with the vox-
elizations from [3]. The 3D bounding box of the mesh is
centered at 0, and its longest edge has a length of 1. They
sampled 100k points offline in the unit cube centered at 0
with additional slight padding of 0.05 on both sides and de-
termined if the points lie inside or outside the watertight
mesh. To this end, they counted the number of triangles
that a ray that starts at the given point and is parallel to the
z-axis intersects. If this number is even, the point lies out-

side the mesh. Otherwise, it lies inside. We adapt the same
approach to preprocess our dataset.

Figure 5. SDF visualization. Blue points correspond to inter-
nal and red to external samples. Credit to mesh_to_sdf. During
the training of OccNet we did not used the mesh to sdf version
since our implicit function is based on the binary classification of
whether the point is inside or outside the shape, and we are not
interested the specific distance of the points during training. We
generate SDF for our dataset to spark further research in this di-
rection.

4. Baselines

The main experiments are related to monocular sketch-
based 3D building reconstruction and single view recon-
struction (SVR) for sketch modeling applications in the ar-
chitectural, engineering, and construction (AEC) space.

The first methodology employs the ability to detect van-
ishing points (VP) [20] [23] in real-time during the sketch-
ing process to construct a 3d reconstruction of the build-
ing [27] [51[22] [24] [34]

The second approach is based on implicit representa-
tion [26], [18] and [8] [16] [30] differentiable rendering [ 1]
[28] to optimize the final mesh reconstruction. While ap-
proaches such as OccNet [14] struggled at generalization
and to reproduce fine details, this application could benefit
from it, since we aim to reconstruct the overall volume and
not the exact details during the initial stages. Hence, for
this project we choose OccNet [14] as our main evaluation
baseline.

5. Vanishing Points

This research has been inspired by the recent develop-
ment in lifting sketches to 3D to allow new viewpoints and
more refined scaffolding structures [5]. Currently it is possi-
ble to detect vanishing points from a sketch in real-time [27]
since it is tailored for situations when the camera parame-
ters are unknown and leverage Hough Transform specifi-
cally for building exteriors. It finds a series of vanishing



Figure 6. Line detection with OpenCV using Hough Transform
before applying voting scheme.

points (VPs) by continuously ignoring inliers of any recog-
nized VPs from minimal sample sets until the stop criterion
is reached.

While work in the past has been focused mainly on inte-
rior spaces [24] [34] that mainly exploit the normal map of
the environment, we could use a similar approach by adding
an initial styleGAN [10] layer that convert sketches to nor-
mal maps representations. In [24] they were able to com-
bine robust vanishing point and line detection methods with
a deep CNN. But as similar to LayoutNet they mainly ex-
ploit indoor features, such as corners, boundaries, and inte-
rior size and proportion difficult to be exploited for building
envelopes. Since most of those codes have not been released
we decided to approach with more common baselines. [20]
and [22].

Our method need to be robust to noise since hand-
drawings inherit human imperfections in the act of sketch-
ing. We applied an hough transformation with polar coordi-
nates, since it is bounded and more robust to vertical lines.
After that we applied a voting scheme to detect possible
vanishing points.

The two pairs of parallel lines in 3D have directions d;
and d», and are associated with the points at infinity 1 o
and x5 . Let v; and v be the corresponding vanishing
points. Then, we find that the angle 8 between d; and d5 is
given by using the cosine rule: where w = (KKT)~1.

In 3D we can compute its associated vanishing line f},q;iy,
and its normal K7 ¢y,o.i,. Therefore, we can determine the
angle 6 between two planes by computing the angle be-
tween each of the planes’ normal vectors n; and ny. We
derive the angle 6 between two planes with vanishing lines
{1 and /5 respectively:

ny - Ny
cosf = ——
[[ma || 2|
(w1t M

VT w1\ lF w14,

But recall that w depends on the camera matrix K, which
is potentially unknown at this time. We know that K has 5

degrees of freedom and that v;wvs = 0 provides only one
constraint, so we do not have enough information to calcu-
late K. Then we know that vywvs = viwvsz = vewvsz = 0.
And if we make the assumption that the camera has zero-
skew and square pixels ( since it is a sketch, and there is no
camera), then we know that w.

Since we can only know w up to scale, we can solve
it and then we can use Cholesky decomposition to com-
pute K. Performing the initial camera calibration. Once
K is known, then we can reconstruct the 3D geometry of
the scene. [23]

First, we apply Hough Transform to a grey canny ver-
sion of the input sketch image in order to detect edge lines.
However, the output is very noisy, having many lines for
each edge due to ambiguities in the sketched line. To re-
duce noise, we filtered out non-vanishing lines, rejecting
lines of slope near (within a 6 degree difference) to 0 de-
gree or 90 degree and storing the others. We also only take
the 25 longest lines to lower the amount of noise.

After noise reduction, we use current methods of
vanishing point detection which applies a grid over the
image’s intersections and the grid cell with the most
intersections contains a vanishing point. However, this
method has trouble detecting the two horizontal vanishing
points at the same time, since the 4 vanishing lines have
two intersections that are just corners of the cube and two
intersections that are vanishing points. To solve this, we
calculate the ”left” vanishing point by only considering
intersections with an x coordinate within the range range
of 0 to .45 * image width; the same is done for the “right”
vanishing point but with an x range of .55 * image width to
image width. Since we need 3 orthogonal vanishing points
to solve to the camera matrix, we can either assume that
the 3rd vertical vanishing point is at infinity or apply this
detection algorithm in the y axis, use the image height, and
find the “’top” or ’bottom” vanishing points Fig. 7.
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Figure 7. Vanishing point detection



Method Erec IOUpoints IOUvoxels
Pretrained 664.303 0.033 0.007
Building Only 307.564 0.485 0.037
Pretrained + Building | 444.027 0.501 0.036

Table 1. Metric evaluation of reconstruction results of our three
models

6. Evaluations

To leverage the full representation power of OccNet,
we train the model under three settings: 1) pre-trained on
ShapeNet 2) trained on our dataset from scratch 3) pre-
trained on ShapeNet and fine-tuned on our dataset. For
settings 2 and 3, we train on our dataset with synthetic
sketches and ground truth voxel as input for 100k steps on
a Nvidia RTX 2080S GPU. We then evaluate the perfor-
mance of the three models using both synthetic sketch and
real sketch. Since we are most interested in the ability of
the model to reconstruct 3D structure from sketches unseen
during training, in this part of the evaluation we only sam-
ple from the test set. Using one randomly selected sketch
per model as the input, we compare the model performance
with 6 synthetic sketches and 6 real sketches evenly dis-
tributed amongst three LOD classes, and report the results
in Table 2.

Overall, directly applying a model pretrained on
ShapeNet results in ill-shaped or near-empty mesh, demon-
strating that our dataset poses a new problem that can’t be
solved directly with off-the-shelf pretrained models. Both
of the second and the third method works well in recon-
struction, but due to the limitation of our relatively small
dataset, the reconstructed meshes are highly dependant on
the training set distribution, and shows poor generalization
capabilities. The model pretrained on ShapeNet and fine-
tuned on our dataset is able to recover finer detail and more
accurate dimensions than the model trained only on our
dataset, thus showing promising future application of trans-
fer learning to improve the reconstruction accuracy.

Similar to OccNet, we select classic quantitative met-
rics including IoU [19] and 3D Intersection over Union
(Voxel IoU) [14] for evaluation. Furthermore we will lever-
age the initial reconstruction method based on vanishing
points [9] as an additional metric evaluating the perfor-
mance of the learned implicit representation. Table 1 shows
quantitative comparison of model performance. The model
trained only on our building dataset gives lower reconstruc-
tion error and voxel IoU, but we suspect the reason is over-
fitting to the training set. As shown in Table 2, the model
trained with only synthetic building sketches has worse per-
formance on real sketch reconstruction tasks.

Table 3 shows the reconstructed meshes of our best
model on sketches drawn from the training set and the test

set. OccNet is able to encode the building models with
fine details, but when provided with unseen sketches as in-
put, OccNet predicts mesh very similar to the meshes in
the training set, even though the input sketches are visibly
different to a human eye. This shows that although state-of-
the-art implicit representation methods performs well with
encoding meshes in the training set, they suffer from poor
generalization to previously unseen input drawn from a dis-
tribution different from that of the training set.

Finally, in the future, it will possible to evaluate the re-
construction also in a qualitative manner, using perceptual
studies for this specific application, the 3D reconstruction
should serve for real-time analysis, so experts could con-
firm if the output mesh could be used for real-time analysis
and it could provide reliable results. This qualitative ap-
proach will focus on the learned model’s ability to capture
the real volume of the buildings on an analytical level, in or-
der to allow engineering analysis on the output mesh such
as computational fluid dynamic (CDF), Structural Analysis,
Radiance and so on. Since this tasks require specific do-
main knowledge it will be conducted by a small number of
experts in the future.

7. Limitations

The limitations in this work are related to three main as-
pects.

The first limitation lies in the dataset creation and the
way we designed the algorithm to properly orient the build-
ings with the voxel grid to avoid artifacts. Currently we per-
form the rotation with the angle drawn from the major axis
of the building to the y axis, but unfortunately this is not
applicable to buildings with square or circular footprints.

Secondly, we are using only synthetic sketches dur-
ing training, without considering limitations related to the
sketching style that different designers have, or the differ-
ent perspective views that could be used.

Lastly our vanishing point detection is limited to straight
shapes, this wouldn’t work on buildings with curved fa-
cades. Furthermore, currently the speed of our reconstruc-
tion is not real-time.

We believe that this work could open the door to new
research directions in fields such as statistics, civil environ-
mental engineering and computer science. Our new dataset
makes it possible to study confounding factors such as the
north orientation of the buildings and how it is influenc-
ing their shapes. A potential future research work could
be done in the way these buildings are classified, and find
a way to consistently classify them based on their shapes,
more than their level of details. So it would be possible to
cluster buildings with more complex shapes such as an L
shape or C shape.
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Table 2. 3D mesh reconstruction results from three models. Row index represents structural complexity (LOD). As complexity increases,
the performance of the model degrades. The right most column shows the reconstruction results on real 3D sketches, demonstrating that

our baseline provides non-trivial yet non-satisfactory results.
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Table 3. Reconstruction using sketches from training set and test set, showing that our method recognizes the general structure from the

sketches but is overfitting to the training set.

8. Conclusion

During this research, we were able to successfully trans-
late a single sketch of a building to a 3D representation in-
dependently from the topology of the building, with non-
trivial detail and flexibility. This revolutionary approach has
been possible thanks to the creation of a specific building
dataset developed during this research. Furthermore it will
enable designers, architects to have an extra layer to evalu-
ate their design ideas. The output mesh is watertight and it
allows you to easily query the volume.

The result is not expected to be perfect but to provide an

initial guide and data-driven approach related to the concep-
tual design phases. During this research we aimed to vali-
date the output mesh with a 3D reconstruction from vanish-
ing point detection techniques. While the mesh generated
with the CV technique from the sketch is not accurate due
to the noise in the sketch, we could take an image of the
output mesh produced by our deep learning approach and
compare it with the input sketch. Finally we hope to see
more hybrid approaches that could take advantage of the
deterministic and rigid property of CV approaches with the
stochastic and flexible deep learning methodologies.

For future work, we plant to augment the dataset with



auxiliary information such as a reference to a person, or a
specific note related to the dimensions of the facade, spec-
ifying width, eight, length, making it possible to run ad-
equate real-time analysis such as cost predictions, occu-
pancy test fitting, computational fluid dynamic analysis,
view analysis, and sustainability analysis among others. We
also plan to expand the size of our dataset and run more ex-
tensive baseline evaluations with more state-of-the-art 3D
implicit representation methods.
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