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Abstract

Wireframes are compact yet meaningful representations
that easily convey the structure of the 3D scenes. Predict-
ing frames from point clouds, and images independently has
been studied in the past however, they haven’t been shown
to perform well on real world data (for point clouds) and in
a sparse view setting (for images). This challenge presents
this problem in the form of a real world application with
multi modal pre-processed data. In this report, we provide
details of our solution submitted to this challenge and dis-
cuss its strengths and weaknesses in order to promote inter-
esting future work.

1. Introduction to the challenge

This is a report detailing our submission to the S23DR chal-
lenge [5] organized as part of the Urban Scene Modelling
Workshop in conjunction with CVPR 2024. The objective
of the challenge is to predict the structure of house roofs (in
metric scale), given certain information about the geome-
try of the house. This information is in the form of images
and a point cloud. The image data consists of two different
types segmented images and a depth map from a sparse set
of camera views with known poses. The two types of seg-
mented images are 1) a ageneric segmentation based on the
(ade20k) segmentation and the other is a domain specific
segmentation labelling different parts of a house structure
such as the pillars, walls, etc. The point cloud is obtained
using Structure from Motion and in some cases have been
observed to be merged with LiDAR data. The expected out-
put is a wireframe or a graph with vertices having 3D po-
sitions and edges connecting these vertices that would form
the 3D boundary of the roof.

2. Existing works on wireframes

2D Wireframe Prediction Line segments and junctions are
important visual structures that are used for many computer
vision application like image rectification, visual localiza-
tion [8], Structure from Motion [I, 6, 7], image match-

ing [10], etc. The problem of detecting line segments in
images has been studied using both traditional and learnt
approaches. [12] is a recent state of the art method that
predicts wireframes using attraction fields where each pixel
learns the distance from its closest line. Detecting edges or
2D wireframes and combining them from multiple views to
obtain a consistent 3D structure could be one of the ways to
approach the problem in the challenge, however it isn’t part
of our method.

3D Wireframe prediction A 3D wireframe is a parsi-
monious representation for a 3D scene. [16] predict 3D
wireframes of buildings from a single RGB image by learn-
ing to predict the structure using the vanishing points cor-
responding to different sets of parallel lines. [6] revis-
ited the line mapping problem, made several robust adjust-
ments to 3D line triangulation and harnessed the accuracy
of learnt line segment detectors [9, 12] to predict accurate
line maps. [13] learn wireframe structures from such line
clouds by learning to form appropriate junctions, however
they require accurate line maps as inputs. [14] learn to pre-
dict wireframe structure from point clouds directly but their
method was only shown to work for object level scales with
reasonably accurate point clouds. [4] predict wireframes for
building and room level real world scenes but require highly
accurate and dense point clouds to do so.

Overall, none of these existing works have shown to pre-
dict wireframes from SfM points or from a sparse set of seg-
mented images as input and hence this challenge presented
the wireframe prediction in a different perspective.

3. Our approach

In our approach, we do not use the images from general
segmentation (based on ade20k) and only use the domain
specific segmented images. Therefore, by segmented im-
ages, we mean domain specific segmented images in the
following.

Our approach is based on first predicting the set of 3D
vertices of the wireframe and then connecting the appropri-
ate ones. We use multi-view segmented images, the set of
available SfM points and appropriately scaled depth maps
to estimate the set of corner points that should belong to
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Figure 1. Method pipeline

the roof wireframe. We use these different sources of infor-
mation based on their expected accuracy and dependability.
We then select the pairs of vertices that should form an edge
based on the vertex classes (from segmentation), the direc-
tion of the resulting 3D line segment and its projection onto
the segmented images. Figure | provides on overview of
our approach.

In the following we detail the different steps of our
pipeline, the design choices we make, the reason behind
those choices and the possible drawbacks of these choices.

3.1. Pre-processing

The SfM points of the house given as input S already pro-
vide an approximate idea about the structure and boundary
of the house. This can be used both in estimating the corner
point positions and the edges between the points. The point
set S contains the surrounding structures of the house, such
as trees, the ground plane, nearby houses, etc which might
make it difficult to extract the right information from this
set of points. We therefore first clean S to only contain the
structure of the house. S is upright in orientation, i.e., the
Z direction is the opposite of gravity direction. We first re-
move the points close to the ground plane as this removes
points that connect the walls of the house to nearby struc-
tures. We then perform a perform a simple DBSCAN [2]
clustering with a reasonable threshold and select the points
that belong to the largest cluster as the set of clean points.
Figure 2 (top) shows examples of cleaned point clouds. We
call the set of clean points representing the house structure
as H. This isn’t a perfect approach for extracting the house

structure but is reasonably robust in our experience.
Almost all edges of the roof are aligned with the direc-
tions of the walls and therefore it could be useful to ob-
tain the two major directions of the walls of the house. The
houses are assumed to be rectilinear, i.e., there are only two
perpendicular directions along which the walls occur, which
holds true in most cases. To extract these directions, we
project the points onto the ground plane (z = 0) and then fit
robust line using RANSAC [3] to estimate the set of points
along one of the major horizontal direction. The other ma-
jor direction is selected as the one perpendicular to the first
one with z = 0. Figure 2 (bottom) shows successful extrac-
tion of major wall directions - shown by the axes. We call
the 2x3 matrix stacking these two directions as rows Dy,
and the 1x3 vector pointing in the vertical direction d,,.

3.2. Predicting 3D positions of corners

We focus on predicting three specific types of corner points
- apex, eave-end-points and flashing-end-points. As shown
in the figure 1, we have three different ways of predicting
point positions. The first and the most important one is tri-
angulation of matching 2D corners, the second one is using
the monocular depth available as input and third one is using
the intersection of back projected rays through 2D corners
with the house structure. Since all three of these depend on
accurately localizing the corner point in 2D, we discuss that
first.

2D corner estimation Since the provided segmented im-
ages do not have pixel-wise classes but instead RGB values
along with the color coding for each of the classes, we first



Clean house structure
from SfM points

Robust line estimation
for major wall directions

Figure 2. Pre-processing the point cloud. The point cloud is cleaned to remove points belonging to nearby structures of the house by
clustering points and selecting those of the largest cluster, shown in red (top). The major wall directions are then estimated by projecting
the points onto the horizontal plane and running robust line estimation on the projected points. The axis shows the directions of the three

major directions.

need to predict the position of the 2D corner points from the
”blobs” of corners available in the segmented images. For
each of the three vertex classes mentioned above, we select
pixels in a segmented image that lie within a certain thresh-
old of the true color coding corresponding to that vertex
class. We then use connected component analysis (similar
to that provided in the sample solution) to select a single
point per vertex. There are several subtleties here though.
In many cases, two different corners in 3D project to nearby
positions in the images and hence the corresponding blobs
overlap. Predicting a single vertex instead of 2 leads to a
higher cost because of missing certain vertices. Eroding the
blob instead of dilating it and then selecting the median of
resulting connected components seemed like a viable strat-
egy to overcome this problem, however, in practice it leads
to too many detected vertices and the overhead of vertex
deletion cost did not alleviate the issue in our experience.
At the end of this step we have a set of 2D points V; and
corresponding vertex classes C; associated with each of the
images I; having known camera intrinsics K; and extrinsics
Ri, t;.

Triangulating 3D corners If a roof corner (junction)
is visible in two or more images, the projections can be
triangulated using the known camera poses to obtain the
3D point. The triangulated position is expected to be
much more precise as compared to the monocular estimated
depth. One way to triangulate would be to establish corre-
spondences between the image points across different im-
ages and then triangulate, however since these are not nat-
ural images, it wasn’t clear if any if the existing image
matching techniques would work with these almost single

color patches around the detected keypoints. On the other
hand, as the camera poses are known, we can use epipo-
lar constraints to filter out incorrect matches. For each
image pair I; and I;, we triangulate each pair of points
vf € Vi, vl € V; such that ¢} = ¢} resulting and add the
resulting 3D point to both v} and v%. We filter out points
where the sum of re-projection errors in both images is more
than 10 pixels, resulting in a set of 3D points P}%t@re a

This filtering, however is not enough because on many
occasions more than one 2D corners points of the same ver-
tex class lie on the epipolar line corresponding to a corner
point. We then filter out triangulated points which are far
away from the house structure.

Pjt”z:bal = {PZ : d(PZDH) < dthTCShvpi € ,P]t”%tered} (1)

Here d(P?, H) denotes the minimum of a set of distance
between the 3D point P? and the set of 3D points H, and
dinresh 18 a class specific distance threshold. The assump-
tion here is that H covers the whole house structure. This
approach therefore fails to triangulate points when SfM
points only cover a part of the house.

If all corner points were visible in at least two images,
this step would allow us to estimate all 3D corners, how-
ever almost all samples have at least a section of the house
visible only in a single image. We therefore need alternate
ways to estimate 3D corner positions when they cannot be
triangulated.

Using Monocular Depth Images We have monocular
relative depth available as input. There isn’t a common
scale that aligns each depth map with the metric scale re-



Figure 3. Intersecting back projecting rays gives good estimates for points in many cases, however there are several cases where it fails.
Red points indicate failure corner points. Left: very limited structure of house contained in the points. Right: almost complete structure

but missing partially incomplete.

constructions. To estimate this house-wise scale, we project
the points in # into the camera corresponding to each depth
map and scale the depth using the mean of ratios of depth
at pixels where there is a projected 3D point. To avoid the
impact of occluded points projecting even after z-buffering,
we select only a fraction of points at a smaller depth. This
part of the method probably has the most scope for improve-
ment as there are several reasons leading to very noisy depth
even after scaling the depth map using the sfm points. Here
are the reasons:

1. Depth maps suffer from major occlusion in many cases.
These occlusions are by nearby structures like trees, etc

2. The error in depth is somewhat proportional to the depth
of the point - hence the far away corners are not at all
accurately estimated. A noise model can perhaps be used
to improve this estimation.

3. The corner points have a further ambiguity in depth as
the estimated depth at edges is quite noisy. One possible
way to overcome this error would be to select the mini-
mum depth for the ”blob” of segmented corner points.

After estimating the scale, we get a set of 3D points P"*°"
associated with all 2D corners V; in all Images I;,7 €
{1...N}

Intersecting back-projected rays with house struc-
ture In many cases the house structure H contains better
estimates for the corner points than those estimated by the
monocular depth. To use these estimates, we project the
rays from camera center to the 2D corner points and inter-
sect them with the house structure. In practice we select
top-k closest points from H to the back-projected ray and
select the one with least depth - for cases where a ray goes
through a wall to intersect the walls behind. We call these
set of estimated corner points P!, A re-occuring failure
case for such an approach is house with partial SM points,
The left example in fig

Merging points We merge the points from the above

three sources to give the final set of points. We iterate
through the 2D vertices V; and corresponding vertex classes
C; for all images ¢ € {1...N}. If a triangulated point is
available for V;, we keep it as these are expected to be rather
accurate. When triangulated points are not available, we
move to the set P, In failure cases such as those shown
in figure 3, the intersection points all lie close together and
are co-planar. We try to avoid using the intersection points
in such cases by detecting if these conditions satisfy and in-
stead use P™°" instead. Finally, we merge 3D points of the
same classes lying within a small distance to each other to
form asingle vertex.

25¢cm 50cm 100cm
0.11 0.35 0.63 0.70 0.73

Sem  10cm

Table 1. Accuracy of triangulated points: fraction of triangulated
points within different distance threshold of a ground truth vertex.
It can be seen that more than 60 percent of these triangulated points
lie within 25 cm of a ground truth point

25cm 50cm 100cm
0.10 0.23 0.36 0.41 0.48

Scm  10cm

Table 2. Dependability of triangulated points: fraction of gt points
per scene within different distance threshold of a predicted trian-
gulated ground truth vertex.

3.3. Edge Selection

Once we have estimates of 3D corner points, we want to
connect the ones that form the edges of the roof. We use
the information of general line-segment directions between
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Figure 4. Qualitative results : Successful (top) and failure cases (bottom) of our approach. Our approach generally has a higher WED

because it fails to predict presence of some of the corner vertices.

different classes of vertices to filter out possible edges. For
example, an edge connecting a pair of eave-end-points gen-
erally lies along one of the wall directions Dy, and it has
no component along the vertical direction d,,. By apply-
ing such rules for every pair of vertex categories, we se-
lect a set of potential edges. We then project these 3D line
segments into the given cameras and check if the 2D line
projection lies along the appropriate segmentation - for ex-
ample a ridge connects two apex points. At the end of this
step, we have the final roof wireframe.

4. Results and Discussion

The metric used here is the modified wireframe edit distance
(WED). On the test set of the hoho dataset [5], our method
reaches an average WED of 1.75 and 1.68 on the public and
private splits.

4.1. Accuracy of triangulated points

Since triangulating the corners, in practice leads to accu-
rate point positions, we analyze the fraction of triangulated
points within different distances of the nearest ground truth
points. Table 1 shows the accuracy of the triangulated 3D
points. Even though such points are quite accurate, we miss
estimating accurate positions for around half of the ground
truth points and this can be attributed to not being able to
detect such vertices in enough 2D images, hence the need
for a data-driven approach.

4.2. Qualitative results

We present a few successful results of our approach (WED
< 1.0) and a few failure cases (WED > 2.5) in figure 4.

4.3. Discussion and Future Work

Ours is a handcrafted approach, which has been attempted
to made robust to different types of difficult data points.
However, such an approach is of course not robust to all
conditions and missing data ground truth vertices. As can
be seen from the failure cases in figure 4, it is important to
predict a vertex close to each of the ground truth vertices.
This isn’t always possible because of noisy and incomplete
data with occluded parts. For edge prediction, we select a
particular set of vertex classes and their expected directions
- in many cases, these edges occur against our pre-set rules.
A learning based approach would therefore be a much more
interesting research avenue for solving this problem.

However, we believe that the geometric accuracy of the
triangulated points should also be harnessed in obtaining
the final wireframe. Taking inspiration from recent works
in automated room layout prediction [11], one possible
way to do this can be to use the triangulated points along
with the house structure points #, encode them using a
transformer[15] and learn to auto-regressively produce the
remaining corners given the partial information. If the 3D
corner positions are accurately predicted, learning connec-
tions seems like an easier problem to solve.
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