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Abstract

In this paper, we propose a novel transformer-based end-
to-end real-time vanishing point detection method, which is
named Vanishing Point TRansformer (VPTR). The proposed
method can directly regress the locations of vanishing points
from given images. To achieve this goal, we pose vanishing
point detection as a point object detection task on the Gaus-
sian hemisphere with region division. Considering low-level
features always provide more geometric information which
can contribute to accurate vanishing point prediction, we pro-
pose a clear architecture where vanishing point queries in the
decoder can directly gather multi-level features from CNN
backbone with deformable attention in VPTR. Our method
does not rely on line detection or Manhattan world assump-
tion, which makes it more flexible to use. VPTR runs at an in-
ferring speed of 140 FPS on one NVIDIA 3090 card. Exper-
imental results on synthetic and real-world datasets demon-
strate that our method can be used in both natural and struc-
tural scenes, and is superior to other state-of-the-art methods
on the balance of accuracy and efficiency.

Introduction

A vanishing point (VP) is the intersection of projections of a
set of parallel lines in the world. The coordinates of vanish-
ing points determine the direction of 3D lines in the world
and bridge the information between the 2D image and 3D
space. Vanishing point detection is an important and classi-
cal problem in computer vision. It has been widely applied
in camera calibration, 3D reconstruction, SLAM, and au-
tonomous driving.

Traditional vanishing point detection methods usually de-
tect straight lines first, then cluster them into several groups
and locate the vanishing points based on the geometric
knowledge. Most previous learning-based methods learn the
geometric knowledge from annotated images. By explic-
itly importing the geometric priors into the Neural Network
(NN) models, recent learning-based methods achieve im-
pressive success in improving predicting accuracy and data
efficiency. For instance, Zhou et al. (Zhou et al. 2019a) scan
the vanishing points on the Gaussian hemisphere with conic
convolution. Lin ef al. (Lin et al. 2022) first map the features
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Figure 1: We pose vanishing point detection as an end-to-
end point object detection task on the Gaussian hemisphere.
(a) The hemisphere is divided into several overlapped sphere
caps which are centered by anchors sampled using Fibonacci
lattice (Ivaro Gonzalez 2010). In our model, each anchor will
finally predict a confidence score for containing a vanishing
point and a position of the possible vanishing point. (b) The
anchor () with a small angle distance from a vanishing point
P should be responsible for detecting that vanishing point,
e.g., 0 < 0nas.

to Hough histogram and then to the Gaussian hemisphere for
interpretable prediction. These methods often rely on select-
ing vanishing point proposals, which means that a predicted
vanishing point should be one of these candidates. There-
fore, the trade-off of prediction accuracy and inferring speed
should be carefully considered. A dense point sampling on
the Gaussian sphere will always bring a high detection accu-
racy, but lead to a low inferring speed on the contrary. Kluger
et al. (Kluger et al. 2020) present to learning the sampling
probabilities of RANSAC for grouping lines corresponding
to the same vanishing point. Tong et al. (Tong et al. 2022)
propose to use a Transformer-based approach to group line
segments in the images with image context for vanishing
point detection. These methods provide convincing perfor-
mance when lines can be detected in the images. However,
they often fail to detect vanishing points in scenes with in-
sufficient lines.

We find that it is still hard to use a unified model to effi-
ciently detect vanishing points in complex cases, e.g., when
lines are difficult to detect or the number of vanishing points
is unknown. Inspired by the success of end-to-end object de-
tection approaches (Redmon et al. 2016; Carion et al. 2020),
we tackle the challenge by modeling vanishing point detec-
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tion as an end-to-end point object detection problem and us-
ing a Transformer-based model to directly regress the loca-
tions, as shown in Fig. 1. Meanwhile, we consider two im-
provements for vanishing point detection upon the modeling
power of general-purpose Transformer architectures includ-
ing defining the supervision manner and making use of low-
level features.

In this paper, we propose a novel vanishing point detec-
tion method that can deal with both structural and natural
scenes in real-time. To obtain both semantic features and ge-
ometric information for accurate detection, we extract multi-
scale and multi-level image features from different layers of
the backbone. We bridge the Transformer decoder and the
backbone together without Transformer encoder. Thus, van-
ishing point queries of the decoder can be directly applied to
the multi-level image feature maps to efficiently gather the
features for detecting vanishing points. We model vanish-
ing point detection as a point detection task on the Gaussian
hemisphere. The hemisphere is divided into small sphere
caps with predefined anchors and each vanishing point query
is responsible for detecting the vanishing point located in a
certain sphere cap. We are then able to apply confidence loss
and position loss to supervise the model prediction.

Our main contributions can be summarized as follows: (1)
We pose vanishing point detection as an end-to-end object
detection problem by modeling the task as point object de-
tection on the Gaussian hemisphere with spherical region di-
vision. (2) We propose a novel network architecture named
Vanishing Point TRansformer (VPTR), which can directly
predict the locations of vanishing points from given images.
In VPTR, decoder bridge is used to enable the queries to di-
rectly gather multi-level image features from the backbone.
We also design losses to train our model in both Manhattan
and non-Manbhattan scenes. (3) The proposed method runs
at 140 FPS on an NVIDIA 3090 GPU for vanishing point
detection. Extensive experiments show that our method can
get better performance compared to other state-of-the-art
methods on the balance of accuracy and efficiency. (4) Our
method does not rely on line detection or Manhattan world
assumption. Thus it can be used in both structural and natu-
ral scenes, and detect a varying number of vanishing points
without architecture modification.

Related Works

Vanishing Point Detection. Traditional methods of vanish-
ing point detection often aim to group the line segments and
estimate the intersection of the lines. The seminal work is
introduced in (Barnard 1983). Then many works tackle the
problem by using Gaussian sphere (Collins and Weiss 1990;
Straforini, Coelho, and Campani 1993), Manhattan world
assumption (Bazin et al. 2012; Mirzaei and Roumeliotis
2011; Lu et al. 2017), Hough transformation (Almansa, Des-
olneux, and Vamech 2003), Branch-and-Bound (Bazin et al.
2012; Li et al. 2019; Ge et al. 2021), etc. Line-based meth-
ods usually start with line detection (Canny 1986; Von Gioi
et al. 2008). Then the parametric lines are clustered us-
ing Hough transformation (Lutton, Maitre, and Lopez-Krahe
1994), RANSAC (Bolles and Fischler 1981; Wu et al. 2021),
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Figure 2: Difference between the pipelines of recent
learning-based vanishing point detection methods (left) and
our proposed method (right). Recent methods often classify
the predefined candidate vanishing points independently.
Thus, an accurate detection needs a large number of can-
didates, which will cause a heavy calculation burden. Our
method models the task as a regression problem and pro-
vides a new way to predict the vanishing point at any loca-
tion.

J-Linkage (Tardif 2009), EM algorithm (Denis, Elder, and
Estrada 2008), dual space (Lezama et al. 2014).

Learning-based methods try to learn vanishing point de-
tection from annotated datasets. In (Chang, Zhao, and Itti
2018; Zhang et al. 2018; Shi et al. 2019), CNN models are
used to classify or regress the vanishing points. Global im-
age context is extracted to generate horizon line candidates
in (Zhai, Workman, and Jacobs 2016). Kluger ef al. (Kluger
et al. 2020) use neural networks to update the conditional
sampling probabilities for line clustering. Bingham mixture
model is applied in estimating vanishing points in (Li et al.
2021). Tong et al. (Tong et al. 2022) apply Transformer to
classify the line segments in a non-iterative way for van-
ishing point detection. Some recent methods design neural
networks with geometric priors to score the candidate van-
ishing points. Zhou et al. (Zhou et al. 2019a) present conic
convolution to extract and gather features along the struc-
tural lines. Lin ef al. (Lin et al. 2022) incorporate Hough
Transform and Gaussian sphere in learning-based vanishing
point detection. The difference between these methods and
our method is illustrated in Fig. 2. Our method regresses the
vanishing points from images directly with Transformer.

Object Detection. General Object Detection aims to
identify and localize the objects appearing in the images.
Methods using separate modules to generate region propos-
als are termed as two-stage detectors. Some classical models
find object proposals in images during the first stage with Se-
lective Search (Girshick et al. 2014; Girshick 2015), region
proposal network (RPN) (Ren et al. 2015; He et al. 2017; Lin
et al. 2017) and then classify and further localize them in the
second. One-stage detection methods provide efficient ways
that classify and localize objects in a single shot using dense
sampling. In YOLO (Redmon et al. 2016) and its subsequent
versions, the input image is divided into grids and the cell
that the object’s center locates in is responsible for detect-
ing it. Some methods propose to represent the objects using
their center points with sizes (Zhou, Wang, and Krihenbiihl
2019), corner points (Law and Deng 2018) or extreme points
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Figure 3: Overview of the proposed Vanishing Point TRansformer (VPTR). An image is first fed into a CNN backbone and
multi-level feature maps are extracted from different layers. Then, initial vanishing point queries gather multi-level features
across the feature maps with deformable decoder. Each query is only responsible for detecting the vanishing point within a
small sphere cap. Finally, the vanishing points are detected from the final vanishing point queries by feed-forward networks
(FFNs). VPTR directly regresses the locations of vanishing points from given images in an end-to-end manner.

(Zhou, Zhuo, and Krahenbuhl 2019). We model vanishing
point detection as a one-stage detection problem, which can
be seen as finding vanishing points on the Gaussian hemi-
sphere.

Visual Transformers. Transformer-based models are
widely used in computer vision tasks recently because of
their strong representation ability. Dosovitskiy et al. (Doso-
vitskiy et al. 2020) use transformer (ViT) in classification
by dividing an image into patches and Strudel et al.(Strudel
et al. 2021) extend it to semantic segmentation. Carion et
al. (Carion et al. 2020) apply transformer (DETR) in end-
to-end object detection. Zhu et al.(Zhu et al. 2020) further
propose deformable DETR whose attention modules only
attend to a small set of keys. Swin Transformer (Liu et al.
2021) builds hierarchical feature maps by merging image
patches and computes the representation with shifted win-
dows. Transformers are also used in image super-resolution
(Yang et al. 2020), pose estimation (Huang et al. 2020),
tracking (Chen et al. 2021), etc. Transformer is first used to
cluster the line segments corresponding with the same van-
ishing points in (Tong et al. 2022). Our model is designed
based on general-proposed Transformer detector while hav-
ing its own enhanced property for vanishing point detection.

Algorithm
Overview

The overview of our algorithm is depicted in Fig. 3. We
introduce our method from three aspects including prob-
lem modeling, network architecture and training supervi-
sion. Our method can directly regress the locations of van-
ishing points from a given image.

End-to-end Vanishing Point Detection

In this section, we introduce our modeling of end-to-end
vanishing point detection. The key insights are region divi-
sion and query-based vanishing point prediction, which are
introduced below.

Region Division. Inspired by the efficient detectors (Red-
mon et al. 2016) which divide the image into grids, we at-
tempt to employ region division in vanishing point detec-
tion. However, different from classical object detection tasks
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where targets are always located in the image range, vanish-
ing points may appear anywhere on the image plane, even
at infinity. To overcome this problem, we detect vanishing
points on the Gaussian hemisphere similar to (Zhou et al.
2019a; Lin et al. 2022), and present an anchor-based region
division method on the hemisphere. Specifically, M points
are sampled on the Gaussian hemisphere as anchors using
Fibonacci lattice (Ivaro Gonzélez 2010). The m-th anchor
(T, Ym, 2m ) can be represented as

Ym = m/M
Zm = /1 — 2, sin ((v/5 — 1)mm)
Ty = /1 — 42, cos (v/5 — 1)mm)

By setting a proper angle distance 6,4, to the anchors, the
hemisphere can be divided into M spherical caps with small
overlaps. Each region is centered by the corresponding an-
chor and within a max angle distance ,,,,, from the anchor.
In our modeling, each region is responsible for detecting the
vanishing point falling into the region. Each vanishing point
should be detected in at least one region.

Query-based Vanishing Point Prediction. We propose to
directly regress the positions of vanishing points from im-
ages using Transformer. All the final vanishing points are
produced from learnable vanishing point queries in Trans-
former framework. As we have defined M anchors on the
hemisphere, we should finally predict M outputs from M
vanishing point queries. The outputs and the anchors are in
one-to-one correspondence. Each output contains a confi-
dence score for containing a vanishing point and a regressed
vanishing point with Gaussian sphere representation (Zhou
et al. 2019a). Unlike classical object detection, the outputs
do not need to contain category prediction. We also observe
that the occlusion problem will not appear in vanishing point
detection and two vanishing points will not be very close.
Thus, with a proper angle distance 6,,,,,, we assume that
each anchor is responsible for detecting at most one vanish-
ing point in our method.

(D

VPTR Architecture

Our VPTR architecture is composed of a CNN backbone
and a deformable Transformer decoder. We find that the low-
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Figure 4: Illustration of feature propagation in different
Transformer-based detectors. Only solid blocks can be trans-
ferred to the next parts. We bridge the decoder and the back-
bone directly without an encoder so that vanishing point
queries can be applied directly to the multi-level image fea-
tures with high resolution.

level image features from the backbone are hard to transfer
to the decoder. As shown in Fig. 4, only features from the
highest layer of backbone and encoders can be transferred to
the next parts in conventional Transformer-based detectors.
The feature maps from early layers cannot be used by the
decoder since it is blocked by the encoder. These designs
bring two major problems for vanishing point detection. One
is that the decoder cannot obtain enough geometric features
for accurate detection since most geometric information is in
low-level features. The other is that the high computational
cost of the encoder limits the size of the input feature maps.
We directly bridge the deformable decoder and the back-
bone to efficiently transfer multi-level image features for
vanishing point detection. Vanishing point queries can
gather global information from image features with high res-
olution. The deformable Transformer decoder we used con-
sists of 6 deformable decoder layers. We do not use Trans-
former encoder layers in VPTR, since we find it does not
bring accuracy improvement in our experiments. The de-
formable attention module in the decoder only attends to
a small set of key sampling points on the image feature
maps. We use learnable attention position in the module to
adaptively search the global information related to vanishing
points. The module can be represented as
H L K
Yhighk = Z Wh(z Z Anigk - Wi F(Phigr)),
h=1 =1 k=1
where ¢, h, [, k index the query, attention head, image fea-
ture level and sampling points respectively. ppniqr is the
learnable position and Ap;qs is the corresponding attention
weight. We refer the readers to Zhu et al.(Zhu et al. 2020)
for more details about deformable Transformer decoder.

@

Training Supervision
During training, we use a confidence loss and a position loss
to supervise our vanishing point detection model. Specifi-
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cally, in the confidence loss, we use binary cross entropy
loss to supervise whether an anchor should predict a vanish-
ing point according to the training image, e.g., a ground truth
vanishing point is close enough to the anchor. If an anchor is
responsible for detecting a vanishing point during detection,
we call it a positive anchor. Otherwise, we call it a negative
anchor. As the number of negative anchors is considerably
larger than positive anchors, we randomly select some of the
former for training, e.g., keeping the number of positive and
negative anchors the same. The confidence loss Lcon s can
be represented as

My
1 . .
Lconf - 7M7i Z (Ci log C; + (1 - Ci) 10g(1 - Ci))’ (3)
i=1

where M, is the total number of the positive and se-
lected negative anchors. ¢; is the ground truth indicates that
whether the i-th anchor should respond to detect a vanishing
point and is annotated as +1 or 0. ¢; is the predicted proba-
bility of the i-th anchor.

In the position loss, we minimize the Euclidean distance
between the predicted vanishing points and ground truth
ones on the Gaussian hemisphere. This loss is only applied
to the positive anchors since the prediction of negative an-
chors should be meaningless. The presented position loss
L5 can be represented as

M
Lpos = Y [vi = il2,
=1

where M is the number of positive anchors, v; represents
a predicted vanishing point from the positive anchor and 9;
is the corresponding ground-truth.

For the cases following Manhattan world assumption, we
also present a Manhattan loss to make the predicted vanish-
ing points as orthogonal as possible. The Manhattan loss can
be represented as

Lytan = ||R;1;pRvP - I||F7

“4)

&)

where R, is the matrix consisting of three vanishing points
represented on the Gaussian hemisphere. I is the identity
matrix with the same size of R,,,.

The total loss can be defined as the sum of the above loss
terms, which can be written as

ﬁtotal = )\c‘cconf + Apﬁpos + >\J\4£Mana (6)

where A., A\,, Apr are factors for adjusting the loss terms.
Specially, A\js is set to 0 in non-Manhattan scenes. Notice
that each query is responsible for detecting the vanishing
point located in a certain pre-defined region. The correspon-
dence between the predictions and the ground truths is de-
termined and known. Thus, we do not use bipartite matching
in calculating the losses.

Experimental Results

In this section, we first describe the implementation details
of the VPTR. Then we compare it with the state-of-the-art
vanishing point detection approaches on both synthetic and
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Applicability

SU3 ScanNet

Method |\ Man Real-time Line-free | AA@3° AA@5° AA@ILQ° | AA@3° AA@5° AA@10°|TTS
Tlinkage 7 81.6 860 916 | 130 238 369 |25
Simoneral.| v 6.0 769 843 | 118 211 351 |20
Li et al. v 734 784 829 | 136 236 370 |25
CONSAC 7 T63 813 84 | 133 232 363 | 4
NeurVPS v v 944 965 982 | 236 413 640 |11
TLC v 91.0 944 971 | 178 313 484 |25
Lin ef al. v v v 840 902 950 | 247 420 637 |92
Ours v v v 885 920 963 | 242 422 645 |140

Table 1: Comparison results on SU3 (Zhou et al. 2019b) and ScanNet (Dai et al. 2017) datasets. We compare our method with
J-linkage (Tardif 2009), Simon et al. (Simon, Fond, and Berger 2018), Li et al. (Li et al. 2019), CONSAC (Kluger et al. 2020),
NeurVPS (Zhou et al. 2019a), TLC (Tong et al. 2022) and Lin ef al. (Lin et al. 2022). Our method gets better performance on

the balance between accuracy and efficiency.
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Figure 5: Angle accuracy curves for different methods on SU3 (Zhou et al. 2019b), ScanNet (Dai et al. 2017) and NYU

(Silberman et al. 2012) datasets.

real-world datasets with quantitative experiments. In the ab-
lation study, we demonstrate the effectiveness of the com-
ponents in our method. We also conduct parameter study to
select better hyperparameters or show the robustness.

Experimental Setup

Datasets We conduct our experiments in four publicly
available datasets including SU3 dataset (Zhou et al. 2019b),
ScanNet dataset (Dai et al. 2017), Natural Scene dataset
(Zhou, Farhat, and Wang 2017) and NYU dataset (Silberman
et al. 2012). SU3 dataset and ScanNet datasets follow the
Manhattan world assumption, where there should be three
orthogonal vanishing points in each image. SU3 is a photo-
realistic dataset that contains 23000 synthetic outdoor im-
ages. ScanNet dataset is a real-world dataset and captures
indoor scenes. It provides 189916 training images, 53193
validation images and 20942 test images. The Natural Scene
dataset contains 2,275 images of real-world natural scenes.
We divide them into 2,000 training images and 275 test im-
ages following (Zhou et al. 2019a). There are 1449 images in
NYU dataset. Straight lines in Natural Scene dataset are hard
to detect at most time and the number of vanishing points in
NYU varies from 1 to 8 across the images, which make these
datasets challenging to vanishing point detection.
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For SU3 and ScanNet datasets, we randomly select 2300
and 2000 images for evaluation respectively following (Lin
etal. 2022) to keep a relatively large testing set. NYU dataset
is split into 1000, 224 and 225 images for training, validating
and testing the models following (Kluger et al. 2020; Lin
et al. 2022). We use the ground truth focal length on SU3
and ScanNet datasets. The focal lengths of Natural Scene
and NYU datasets are set to the same as ScanNet dataset.
We study the influence of changing the focal length in the
experiments.

Implementation details Our training and evaluation are
implemented in PyTorch. In training, We use AdamW as
the model optimizer and set weight decay as 10~*. We train
the model for 60 epochs. The initial learning rates are set
to 10~* for backbone and 102 for others. Learning rates
are reduced by a factor of 10 in epoch 30 and 45. We use
a batch size of 16 and the size of the input images is set to
512 x 512. The model on SU3, ScanNet and Natural Scene
datasets are trained from scratch. For the model on NYU,
we train it on ScanNet for a warm-up since the number of
images is relatively small.

We divide the hemisphere with N = 256 anchors and use
256 queries in VPTR. A, A\, are set to 1 and 5, and Ajy is
set to 1 in Manhattan scenes. During inferring, K vanishing
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Natural Scene dataset

Method |\ \ @1° AA@2° AA@10°
Zhouetal| 185 330 600
NeurVPS | 29.1 503  85.5
Ours 30.4 52.0 84.3

Table 2: Comparison results for different methods on Natu-
ral Scene dataset (Denis, Elder, and Estrada 2008).

NYU dataset
Method |\ \ @30 AA@5° AA@I0°
J-linkage | 39.3 49.8 62.0
CONSAC| 383 499 633
Lineral. | 462 574 695
Ours 380 529 697

Table 3: Comparison results for different methods on NYU
dataset (Silberman et al. 2012).

point with high confidence scores are selected as final pre-
dictions. For all experiments, we use M = 256 anchors to
divide the Gaussian Sphere space. Each anchor is responsi-
ble for predicting the vanishing point within an angle dis-
tance 0,4, = 0.157.

Metrics We evaluate all methods by measuring the angle
difference between the predicted and the ground truth van-
ishing points on the Gaussian sphere following (Zhou et al.
2019a; Lin et al. 2022; Tong et al. 2022). The percentage of
predictions whose angle difference is smaller than the given
thresholds are counted. By generating the angle accuracy
(AA) curves via different thresholds, AA@8# is defined as
the area under the curve between [0, 6] divided by 6.

Comparison with the SOTA

We first conduct our comparison on two large benchmarks
which follows the Manhattan world assumption including
SU3 dataset (Zhou et al. 2019b) and ScanNet dataset (Dai
et al. 2017). We compare our method with the state-of-
the-art methods including J-Linkage (Tardif 2009), Simon
et al. (Simon, Fond, and Berger 2018), Li ef al. (Li et al.
2019), CONSAC (Kluger et al. 2020), NeurVPS (Zhou
et al. 2019a), TLC (Tong et al. 2022) and Lin et al. (Lin
et al. 2022). J-Linkage, Simon et al. and Li et al. are
optimization-based methods. CONSAC, NeurVPS, TLC,
Lin et al. and our proposed method are learning-based meth-
ods. The comparison results are listed in Table 1. We also
show the angle accuracy curves for detail comparison in Fig.
5. NeurVPS achieves the highest detection accuracy bene-
fiting from the scanning framework, while suffering from
calculation speed limitation. Comparison results show that
our method achieves comparable performance with previous
SOTA methods on the benchmarks, and keeps the fastest in-
ferring speed of 140 FPS. We also compare the applicability
of these approaches. CONSAC and TLC need detected lines
as model input. Lin ef al. method and our proposed method
can be applied in more complex cases.
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Figure 6: Training and validation curves on the models with
and without decoder bridge. The model with decoder bridge
shows a faster and better convergence.

Figure 7: Visual examples on SU3 dataset (top) and Scan-
Net dataset (bottom). The locations of ground truth vanish-
ing points are marked with ’o’, and the predicted vanishing
points are marked with > x’.

For evaluating our method in challenging cases, the com-
parison is also conducted on Natural Scene dataset, where
lines are hard to detect. We compare our method with Zhou
et al. and NeurVPS in Table 2. Our method can achieve
comparable performance with the previous SOTA method.
We also compare our method on NYU dataset in which the
number of vanishing points varies across images. Competi-
tive performance can be obtained from our method.

Visual examples of vanishing point detection results of
our method are shown in Fig. 7 for SU3 and ScanNet dataset,
and in Fig. 8 for Natural Scene dataset. Our method can pro-
duce convincing predictions in both real-world and synthetic
images of a variety of scenes.

Ablation Study

To verify the effectiveness of components and find the in-
fluence of the hyperparameters in our proposed method, we
conduct an ablation and parameter study of our network ar-
chitecture. The results are presented in Table 4. The ablation
study is conducted on SU3 dataset and the angle difference
results are reported.

As a baseline Transformer-based vanishing point detec-
tor, we use deformable DETR with 6 encoder layers and 6
decoder layers. We modify the prediction head as described
in the algorithm to fit our modeling and use confidence loss
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Decoder | Manhattan | Multi-level | Anchors & | Referring AUC

Bridge Loss features Queries Points AA@0.5° AA@1° AA@3°
- - - 256 32 32.8 56.2 834
v - - 256 32 43.1 65.4 87.3
v v - 256 32 44.0 66.9 88.1
v v v 256 32 45.8 68.0 88.5
v v v 128 32 441 66.7 87.9
v v v 512 32 43.7 66.6 88.1
v v v 256 8 45.0 67.3 88.2
v v v 256 128 45.9 68.1 88.4

Table 4: Ablation and parameter study of our method on SU3 dataset (Zhou et al. 2019b). We first construct a baseline method
according to our modeling, and then gradually add different components. Experimental results show that bridging the decoder
with backbone, applying Manhattan loss and using multi-level strategy can all boost the performance of our approach. We also
select the number of anchors and referring points according to the parameter study on them.

fscale | 0.5 0.75 1 1.5 2
AA@1° | 684 68.2 68.0 684 67.6
AA@3° | 88.6 88.6 885 888 884
AA@5° | 929 93.0 929 93.1 929

Table 5: Robustness to the change of focal length. f scale
represents the factor we multiply by the calibrated focal
length provided by the dataset. The performance of our
method changes little when f varies from x0.5 to x 2, which
shows that our method is robust on focal length changing
within a large range.

and position loss in training. We find our pipeline is feasi-
ble for vanishing point detection. By bridging the decoder
directly to the backbone, the performance can be signifi-
cantly improved. It verifies that the queries of decoder re-
quire low-level features for accurate vanishing point detec-
tion. We also compare the training and evaluation loss from
the models with and without the decoder bridge. As shown
in Fig. 6, the model with decoder bridge is easier to converge
during training. Then, we add Manhattan loss for training in
Manhattan scenes. Experimental results show that adding or-
thogonal constraints can improve the precision in Manhattan
cases. To further utilize the low-level image features such as
the features from early layers of the backbone, we make the
queries gathering multi-level image features adaptively. The
performance is further improved.

Moreover, we vary the number of vanishing point queries
(anchors) and referring points to show the influence of these
hyperparameters. We find changing the number of referring
points has little impact on detection performance. The query
number may be appropriately set to 256 since increasing or
decreasing it will lead to a lower accuracy.

Since an uncalibrated camera may be used to get the im-
ages, e.g., the focal length f is unknown, we also conduct
an experiment to study the influence of focal length in our
method. We resize the true f by a scale factor. Then new
vector presentations of vanishing points can be obtained and
models can be trained with them. We evaluate the vanishing
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Figure 8: Visual examples on Natural Scene dataset. The red
dots represent the ground truth vanishing points and the blue
dots represent the predicted ones.

point detection in the original camera space and report the
result in Table 5. We find the performance of our method
changes little when f varies from x 0.5 to x2.

VPTR is hard to predict accurate vanishing points when
there are seldom images that can be used in training, such as
on York Urban Dataset (YUD) which contains 102 images.
Using geometric prior for data-efficient training or applying
transferring learning technology may help to improve per-
formance in this case. We leave it as future work.

Conclusion

‘We propose a novel clear and efficient vanishing point detec-
tion method named Vanishing Point TRansformer (VPTR),
which can directly regress their locations from images. In
VPTR, we first pose the detection as a point object detec-
tion problem on the Gaussian hemisphere with sphere region
division algorithm. To efficiently utilize the low-level geo-
metric information and high-level semantic information, we
bridge the decoder to the image backbone without encoder
and queries can gather multi-level image features directly
in VPTR. We also present new losses to supervise our train-
ing in both Manhattan and non-Manhattan scenes. Extensive
experiments on synthetic and real-world datasets show that
our method can predict vanishing points in both structural
and natural scenes efficiently. Moreover, our method can run
at 140 FPS during inferring. To the best of our knowledge,
VPTR is the fastest learning-based vanishing point detection
method achieving similar performance.
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