Deep vanishing point detection: Geometric priors make dataset variations vanish
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Abstract

Deep learning has improved vanishing point detection
in images. Yet, deep networks require expensive annotated
datasets trained on costly hardware and do not generalize
to even slightly different domains, and minor problem vari-
ants. Here, we address these issues by injecting deep van-
ishing point detection networks with prior knowledge. This
prior knowledge no longer needs to be learned from data,
saving valuable annotation efforts and compute, unlocking
realistic few-sample scenarios, and reducing the impact of
domain changes. Moreover, the interpretability of the priors
allows to adapt deep networks to minor problem variations
such as switching between Manhattan and non-Manhattan
worlds. We seamlessly incorporate two geometric priors:
(i) Hough Transform — mapping image pixels to straight
lines, and (ii) Gaussian sphere — mapping lines to great
circles whose intersections denote vanishing points. Ex-
perimentally, we ablate our choices and show comparable
accuracy to existing models in the large-data setting. We
validate our model’s improved data efficiency, robustness to
domain changes, adaptability to non-Manhattan settings.

1. Introduction

Vanishing point detection in images has non-vanishing
real-world returns: camera calibration [1, 9, 21], scene
understanding [18], visual SLAM [13, 33], or even au-
tonomous driving [28]. Deep learning is an excellent ap-
proach to vanishing point detection [7, 8, 67, 69], where all
geometric knowledge is learned from large annotated data
sets. Yet, in the real-world, there are several factors that
complicate deep learning solutions: (1) Manually annotat-
ing large training sets is expensive and error prone; (2)
Training models on large data sets require costly compu-
tational resources; (3) Practical changes to data collection
cause domain shifts, hampering deep network generaliza-
tion; (4) Slight changes in the problem setting require a
complete change in deep network architectures. Thus, there
is a need to make deep learning less reliant on data, and its
architectures more robust to variants of the same problem.

In this paper, we add geometric priors to deep vanishing
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Figure 1. We add two geometric priors: (i) Hough Transform
and (ii) Gaussian sphere mapping, for vanishing points detection.
We transform learned image features to the Hough domain, where
lines are mapped to individual bins. We further project the Hough
bins to the Gaussian sphere, where lines become great circles and
vanishing points are at the intersection of great circles. Each color
represents a set of image lines related to a vanishing point. Adding
geometric prior knowledge makes our model data-efficient, less
dependent on domain-specifics, and easily adaptable to problem
variations such as detecting a variable number of vanishing points.

point detection. Using geometric priors is data-efficient as
this knowledge no longer needs to be learned from data.
Thus, fewer annotations and compute resources are needed.
Moreover, by relying on priors, the model is less sensitive to
particular idiosyncrasies in the training data and generalizes
better to domains with slightly different data distributions.
Another advantage of a knowledge-based approach is that it
is interpretable, and thus the architecture is easy to adapt to
a slightly different problem formulation.

We add two geometric priors, see Fig. 1: (i) the Hough
Transform and (ii) a Gaussian sphere mapping. Our train-
able Hough Transform module represents each line as an
(offset, angle) pair in line polar coordinates, allowing us
to identify individual lines in Hough space [15]. We sub-
sequently map these lines from Hough space to the Gaus-
sian sphere, where lines become great circles, and vanishing
points are located at the intersection of great circles [4]. The
benefit of using great circles is that lines are mapped from
the unbounded image plane to a bounded unit sphere, fa-
cilitating vanishing point detection outside the image view.
Both the Hough Transform and the Gaussian sphere map-
ping are end-to-end trainable, taking advantage of learned
representations, while adding knowledge priors.



This paper makes the following contributions: (1) we
add two geometric priors for vanishing point detection by
mapping CNN features to the Hough Transform, and map-
ping Hough bins to the Gaussian sphere; (2) we validate our
choices and demonstrate similar accuracy as existing mod-
els on the large ScanNet [12] and SceneCity Urban 3D [70];
(3) we show that adding prior knowledge increases data-
efficiency, improving accuracy for smaller datasets; (4) we
demonstrate our ability to tackle a different problem vari-
ant: detecting a varying numbers of vanishing points on
the NYU Depth [45] dataset, where the number of van-
ishing points varies drastically from 1 to 8; (5) we show
that adding prior knowledge reduces domain shift sensitiv-
ity, which we validate by cross-dataset testing.

2. Related work

Geometry-based vanishing point detection. Vanishing
points occur at intersections of straight lines. Lines can
be found by contour detection [71] or a dual point-to-line
mapping [30]. The common approach, however, is using an
explicit straight-line parameterization in the Hough Trans-
form [40,47,51]. We exploit this straight-line parameteri-
zation as prior knowledge in a Hough Transform module.
Combining lines to vanishing points can be done by mea-
suring the probability of a group of lines passing through the
same point [57], voting schemes [19,64], or hypothesis test-
ing by counting the number of inlier lines such as J-Linkage
[59] used in [17,58]. Other approaches see vanishing point
detection as a grouping problem by applying line cluster-
ing [3,43, 53], expectation-maximization [, 14,27,54], or
branch-and-bound [5, 6, 23]. While these methods work
well, they do not exploit prior knowledge of the 3D world.
A strong geometric prior for vanishing points is mod-
eled by the Gaussian-sphere [4, |0]. A line in an image
represents a great circle on the Gaussian-sphere and the in-
tersections of great circles on the sphere denote vanishing
points, detected as local maxima [4,51]. Mapping lines to
the Gaussian sphere shifts the problem from the unbounded
image plane to the constrained parameter space defined by
the Gaussian sphere [10,41, 56]. Constraining the search
space is a form of regularization, and is particularly bene-
ficial for limited-data deep learning. We exploit this prior
knowledge by incorporating the Gaussian sphere mapping.

Learning-based vanishing point detection.  Vanish-
ing point detection can be learned from large annotated
datasets [7, 8, 66, 67]. It is effective to split the problem
in separate stages: line detection, inverse gnomonic projec-
tion, network training and post-processing, as in Kluger et
al. [25]. Conic convolutions on hemisphere points, pro-
vided further improvements, in Zhou et al. [69]. In con-
trast, rather than focusing on accurate large-scale deep mod-
els, we consider challenging real-world scenarios, such as:

limited training samples, cross-dataset domain switch, and
non-Manhattan world.

Robustness to domain shifts. Classical solutions to van-
ishing point detection [17, 35, 55] are built exclusively on
prior-knowledge. Such methods are data-free, and thus de-
signed to work on any domain. Yet, they cannot take ad-
vantage of expressive deep-feature learning for vanishing
point detection [38,69]. On the other hand, deep models are
notoriously sensitive to distribution shifts between training
and test [29, 39]. Active research on this includes: domain
adaptation [50, 61, 65], domain generalization [68], multi-
domain learning [36, 52], etc. Such solutions entail signif-
icant changes to the deep network model, adding complex-
ity for practical real-world applications. Hence, we focus
on a single method which does not requiring large model
changes for robustness to minor domain shifts. Our goal
is to combine the robustness of knowledge-based methods,
with the power of deep representation learning.

Manhattan versus non-Manhattan world. The Manhat-
tan world assumes exactly 3 vanishing points. This assump-
tion has been proven useful for orthogonal vanishing point
detection [2, 5,44, 63]. However, the Manhattan assump-
tion does not hold in several real-world scenarios such as
non-orthogonal walls and wireframes in man-made struc-
tures. Vanishing point detection in non-Manhattan world
is done by robust multi-model fitting [26], horizon line
detection [66], branch-and-bound with a novel mine-and-
stab strategy [32], Bingham mixture model fitting [31] or
non-maximum suppression on the Gaussian sphere [38].
In our work, we refrain from adding explicit orthogonal-
ity constraints, which makes our method applicable to non-
Manhattan scenarios as well. We rely on the Hough Trans-
form and the Gaussian sphere to map pixel-wise representa-
tions to the entire hemisphere. And using a clustering algo-
rithm we detect multiple vanishing points simultaneously.

3. Geometric priors for VP detection

General outline of our approach. Fig. 2 depicts the overall
structure of our model. We build on two geometric priors:
(i) Hough Transform, and (ii) Gaussian sphere mapping. A
CNN learns image features, which are then mapped to a line
parameterization via Hough Transform. We project the fea-
tures of parameterized lines to the Gaussian sphere where
spherical convolutions precisely localize vanishing points.

(i) Hough Transform. Similar to [69], we use a single-
stack hourglass network [46] to extract image features, F
to be mapped into Hough space [37], HT. The HT space
parameterizes image lines in polar coordinates using a set
of discrete offsets and discrete angles , defining a 2D
discrete histogram. In practice, a set of pixels (X(i);Yy(i))
along a line indexed by i, vote for a line parameterization to



Figure 2.0Overview: The model starts from in input image, and predicts vanishing points on the Gaussian hemisphere by relying on two
geometric priors: (i) Hough Transform, and (ii) Gaussian sphere mapping. We use a convolutional network to learn features which are then
mapped to Hough space, where each bin is a line. We lIter the Hough space and project Hough bins to the Gaussian hemisphere and apply
spherical convolutions to nd vanishing points. We indicate the size of the learned features above, where the last dimension is the number
of channels. We sample 32,768 points on the hemisphere using the Fibonacci lattice [20], resulting in features maps of size 32,768. Our
model learns to classify spherical points as vanishing points or not using a binary cross-entropy loss.fdhaterimediate supervision.

which they all belong: representing the angle measured fromxhelane towards
X they-axis, as shown in Fig. 3(a). The intersection between
)= F( cos isin; sin +icos) (1) the plane and the Gaussian sphere is a great circle. This
[ great circle represents the projection of the image line direc-
tion AB on the Gaussian sphere. Intersections of multiple
great circles are potential vanishing points, see Fig. 3(b).
We compute the projection of the image line direction
AB, by estimating the elevation as a function of the az-
imuth  and the normal vecton [51]:

HT (;

The Hough Transform module starts from [&h W] fea-
ture mapF and outputs afN N ] Hough histogrant T ,
whereN andN are the number of sampled offsets and
angles in Hough Transform. We skt=128, W=128,

N =184, andN =180. This results in[N N ] possi-
ble line parameterizations. We nd the local maxima in
the Hough domain by performing a 1D convolutions over
the offsets. This removes the noisy responses in the Hough

space, as in Fig. 2. We refer the readers to [37] for details. Where we uniformly sample in the rangd0; ).
Because the Gaussian sphere is symmetric we only need

(il.1) Gaussian sphere mapping.The Gaussian sphere is 5 hamisphere. We sampiie points on the Gaussian hemi-
a unit sphere centered at the camera ori@in,Vanishing - gphere using a Fibonacci lattice [20] and then project lines,

points on the sphere are represented as normalized 3D ”n%orresponding to bins in the Hough space, to tHéssam-
directions . o pled sphere points. For each line parameterization in Hough
Starting from a bin in the Hough doma{nag ; a8 ), space(; ), we rst compute its normal vecton . We,
corresponding to a line direction in the image plaki, then, estimate its correspondifg ) spherical coordi-
we want to map this to the Gaussian sphere. Two imagenates using Eq. (3). We subsequently assign €gch)
pointsA andB sampled from a line represented byHtS pair to its nearest neighbor in the sampled points from the
bin( g ; as ), together with the camera center forma  Fiponacci lattice, by computing their cosine distance. To
plane as depicted in Fig. 3(a). The planeis described  parallelize this process, we precompute the projection of all

Ny Sin n, cos
(;'ny=tan 1 - z ; (3)
y

by its normal vector:
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This normal vectorn is thle only information we need to
map the image line directioAB to the Gaussian sphere.
The spherical coordinat€s ) describe a point on the
Gaussian sphere, whereis the azimuth de ned as the an-
gle from thez-axis in thexz plane, and is the elevation

Hough line parameterizations onto the sampled sphere lo-
cations. This mapping is storedinfs@ N M ] tensor,
where[N N ]is the number of line parameterizations in
Hough space anil is the number of sampled azimuth an-
gles . We setN =32,768 andM =1,024.

(ii.2) Spherical convolutions on the hemisphereWe em-

ploy spherical convolutions to predict vanishing points. We
treat the points sampled on the hemisphere as a point cloud
and use EdgeConv [62] to convolve over the hemisphere.
EdgeConv operates on a k-nearest neighbor graph on the
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