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Abstract. Methods for 3D lane detection have been recently proposed
to address the issue of inaccurate lane layouts in many autonomous driv-
ing scenarios (uphill/downhill, bump, etc.). Previous work struggled in
complex cases due to their simple designs of the spatial transformation
between front view and bird’s eye view (BEV) and the lack of a real-
istic dataset. Towards these issues, we present PersFormer: an end-to-
end monocular 3D lane detector with a novel Transformer-based spatial
feature transformation module. Our model generates BEV features by
attending to related front-view local regions with camera parameters
as a reference. PersFormer adopts a unified 2D/3D anchor design and
an auxiliary task to detect 2D/3D lanes simultaneously, enhancing the
feature consistency and sharing the benefits of multi-task learning. More-
over, we release one of the first large-scale real-world 3D lane datasets:
OpenLane, with high-quality annotation and scenario diversity. Open-
Lane contains 200,000 frames, over 880,000 instance-level lanes, 14 lane
categories, along with scene tags and the closed-in-path object annota-
tions to encourage the development of lane detection and more industrial-
related autonomous driving methods. We show that PersFormer signifi-
cantly outperforms competitive baselines in the 3D lane detection task on
our new OpenLane dataset as well as Apollo 3D Lane Synthetic dataset,
and is also on par with state-of-the-art algorithms in the 2D task on
OpenLane. The project page is available at https://github.com/OpenP
erceptionX/PersFormer 3DLane and OpenLane dataset is provided at
https://github.com/OpenPerceptionX/OpenLane.

1 Introduction

Autonomous driving is one of the most successful applications for AI algorithms
to deploy in recent years. Modern Advanced Driver Assistance Systems (ADAS)
for either L2 or L4 routes provide functionalities such as Automated Lane Cen-
tering (ALC) and Lane Departure Warning (LDW), where the essential need
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for perception is a lane detector to generate robust and generalizable lane lines
[12]. With the prosperity of deep learning, lane detection algorithms in the 2D
image space has achieved impressive results [46,28,39], where the task is for-
mulated as a 2D segmentation problem given front view (perspective) image as
input [25,37,34,1]. However, such a framework to perform lane detection in the
perspective view is not applicable for industry-level products where complicated
scenarios dominate.

On one side, downstream modules as in planning and control often require
the lane location to be in the form of the orthographic bird’s eye view (BEV)
instead of a front view representation. Representation in BEV is for better task
alignment with interactive agents (vehicle, road marker, traffic light, etc.) in
the environment and multi-modal compatibility with other sensors such as Li-
DAR and Radar. The conventional approaches to address such a demand are
either to simply project perspective lanes to ones in the BEV space [52,32], or
more elegantly to cast perspective features to BEV by aid of camera in/extrinsic
matrices [15,19,60]. The latter solution is inspired by the spatial transformer
network (STN) [22] to generate a one-to-one correspondence from the image to
BEV feature grids. By doing so, the quality of features in BEV depends solely
on the quality of the corresponding feature in the front view. The predictions
using these outcome features are not adorable as the blemish of scale variance
in the front view, which inherits from the camera’s pinhole model, remains.

On the other side, the height1 of lane lines has to be considered when we
project perspective lanes into BEV space. As illustrated in Fig. 1, the lanes
would diverge/converge in case of uphill/downhill if the height is ignored, lead-
ing to improper action decisions as in the planning and control module. Previous
literature [52,34,44] inevitably hypothesize that lanes in the BEV space lie on a
flat ground, i.e., the height of lanes is zero. The planar assumption does not hold
true in most autonomous driving scenarios, e.g., uphill/downhill, bump, crush
turn, etc. Since the height information is unavailable on public benchmarks or
complicated to acquire accurate ground truth, 3D lane detection is ill-posed.
There are some attempts to address this issue by creating 3D synthetic bench-
marks [15,19]. Their performance still needs improvement in complex, realistic
scenarios nonetheless (c.f. (b-c) in Fig. 1). Moreover, the domain adaption be-
tween simulation and real data is not well-studied [16].

To address these bottlenecks aforementioned, we propose Perspective Trans-
former, shortened as PersFormer, which has a spatial feature transformation
module to generate better BEV representations for the task. The proposed frame-
work unifies 2D/3D lane detection tasks, and substantiates performance on the
proposed large-scale realistic 3D lane dataset, OpenLane.

First, we model the spatial feature transformation as a learning procedure
that has an attention mechanism to capture the interaction both among local
region in the front view feature and between two views (front view to BEV),

1 We define the height of lane line z to be the relative height concerning the zero point
in the ego vehicle coordinate system (x; y; z) in BEV 3D space. The coordinate of
the perspective (front view) 2D space in the image plane is referred to as (u; v).
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Fig. 1. Motivation of performing lane detection from 2D in (a) to BEV in (b); and the
superiority of our method in (c) versus (b). Lanes would diverge/converge in projected
BEV on planar assumption, and a 3D solution with height to be considered can accu-
rately predict the parallel topology in this case

consequently being able to generate a fine-grained BEV feature representation.
Inspired by [51,8], we construct a Transformer-based module to realize this,
while the deformable attention mechanism [62] is adopted to remarkably reduce
the computational memory requirement and dynamically adjust keys through
the cross-attention module to capture prominent feature among the local re-
gion. Compared with direct 1-1 transformation via Inverse Perspective Mapping
(IPM), the resultant features would be more representative and robust as it at-
tends to the surrounding local context and aggregates relevant information. We
further aim at unifying 2D and 3D lane detection tasks to benefit from the co-
learning optimization. Second, we release the first real-world, large-scale 3D lane
dataset and corresponding benchmark, OpenLane, to support research into the
problem. OpenLane contains 200,000 annotated frames and over 880,000 lanes
- each with one of 14 category labels (single white dash, double yellow solid,
left/right curbside, etc.), which exceeds all of the existing lane datasets. It also
has some distinguishing elements such as scenes, weather, and closed-in-path-
object (CIPO) for other research topics in autonomous driving.

The main contributions of our work are three-fold: 1) Perspective
Transformer, a novel Transformer-based architecture to realize spatial transfor-
mation of features; 2) An architecture to simultaneously unify 2D and 3D lane
detection, which is feasibly needed in the application. Experiments show that
our PersFormer outperforms state-of-the-art 3D lane detection algorithms; 3)
The OpenLane dataset, the first large-scale realistic 3D lane dataset with high-
quality labeling and vast diversity. The dataset, baselines, as well as the whole
suite of codebase, is released to facilitate the research in this area.

2 Related Work

Vision Transformers in Bird’s-Eye-View (BEV). Projecting features to
BEV and performing downstream tasks in it has become more dominant and
ensured better performance recently [29]. Compared with conventional CNN
structure, the cross attention scheme in Vision Transformers [51,13,8,31,62] is
naturally introduced to serve as a learnable transformation of features across
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different views in an elegant spirit [29]. Instead of simply projecting features
via IPM, the successful application of Transformers in view transformation has
demonstrated great success in various domains, including 3D object detection
[58,53,18,26], prediction [14,17,36], planning [38,11], etc.

Previous work [15,57,53,41,7] bring the BEV philosophy into pipeline, and
yet they do not consider attention mechanism and/or 3D vision geometry (in this
case, camera parameters). For instance, 3D-LaneNet [15] is set up with camera
in/extrinsic matrices; the IPM process generates a virtual BEV representation
from front view features. DETR3D [53] also considers camera geometry and
formulates a learnable 3D-to-2D query search with attention scheme. However,
there is no explicit BEV modelling for robust feature representation; the ag-
gregated features might not be properly represented in 3D space. To address
these shortcomings, our proposed PersFormer takes into account both the effect
of camera parameters to generate BEV features and the convenience of cross-
attention mechanism to model view transformation, achieving better feature
representation in the end.
Lane Detection Benchmarks. A large-scale, diverse dataset with high-quality
annotation is a pivot for lane detection. Along with the progress of lane detec-
tion approaches, numerous datasets have been proposed [25,21,59,49,4,37,55,10].
However, they usually fit into one or the other lane detection scenario. Tab. 1
depicts more details of the existing benchmarks and their comparison with our
proposed OpenLane dataset. OpenLane is the first large-scale, realistic 3D lane
dataset. It equips with a wide span of diversity in both data distribution and
task applicability.
3D Lane Detection. As discussed in Section 1, planar assumption does not
always reserve in some cases, i.e., uphill/downhill, bump. Several approaches
[33,5,3] utilize multi-modal or multi-view sensors, such as a stereo camera or Li-
DAR, to get the 3D ground topology. However, these sensors have shortages of
high cost in hardware and computation resources, confining their practical appli-
cations. Recently, some monocular methods [15,19,23,30] take a single image and
employ IPM to predict lanes in 3D space. 3D-LaneNet [15] is the pioneering work
in this domain with one simple end-to-end neural network, which adopts STN
[22] to accomplish the spatial projection of features. Gen-LaneNet [19] builds on
top of 3D-LaneNet and designs a two-stage network for decoupling the segmen-
tation encoder and 3D lane prediction head. These two approaches [15,19] suffer
from improper feature transformation and unsatisfying performance in curving
or crush turn cases. Confronted with the issues above, we bring in PersFormer
to provide better feature representation and optimize anchor design to unify 2D
and 3D lane detection simultaneously.

3 Methodology

In this section, we propose PersFormer, a unified 2D/3D lane detection frame-
work with Transformer. We first describe the problem formulation, followed by
an introduction to the overall structure in Section 3.1. In Section 3.2, we present
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Fig. 2. Our proposed PersFormer pipeline. The core is to learn a spatial feature trans-
formation from front view to BEV space so that the generated BEV features at target
point would be more representative by attending local context around reference point.
PersFormer consists of the self-attention module to interact with its own BEV queries;
the cross-attention module that takes the key-value pair from the IPM-based front view
features to generate �ne-grained BEV feature

Perspective Transformer, an explicit feature transformation module from front
view to BEV space by the aid of camera parameters. In Section 3.3, we give
details on the anchor design to unify 2D/3D tasks and in Section 3.4 we further
elaborate on the auxiliary task and loss function to �nalize our training strategy.

Problem Formulation. Given an input image I org 2 RH org � W org , the goal
of PersFormer is to predict a collection of 3D lanesL 3D = f l1; l2; : : : ; lN 3D g and
2D lanes L 2D = f l1; l2; : : : ; lN 2D g, where N3D ; N2D are the total number of 3D
lanes in the pre-de�ned BEV range and 2D lanes in the original image space
(front view) respectively. Mathematically, each 3D lane ld is represented by an
ordered set of 3D coordinates:

ld =
�
(x1; y1; z1); (x2; y2; z2); : : : ; (xN d ; yN d ; zN d )

�
; (1)

where d is the lane index, andNd is the max number of sample points of this
lane. The form of 2D lane is represented similarly with 2D coordinate (u; v)
accordingly. Each lane has a categorical attributec3D/2D , indicating the type of
this lane (e.g., single-white dash line). Also, for each point in a single 2D/3D
lane, there exists an attribute property indicating whether the point is visible or
not, denoted by vis fv/bev as a vector for the lane.

3.1 Approach Overview

The overall structure, as illustrated in Fig. 2, consists of three parts: the back-
bone, the Perspective Transformer, and lane detection heads. The backbone
takes the resized image as input and generates multi-scale front view features,
where the popular ResNet variant [47] is adopted. Note that these features might
su�er from the defect of scale variance, occlusion,etc. - residing from the inher-
ent feature extraction in the front view space. The Perspective Transformer takes
the front view features as input and generates BEV features by the aid of camera
intrinsic and extrinsic parameters. Instead of simply projecting the one-to-one
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feature correspondence from the front view to BEV, we introduce Transformer
to attend local context and aggregate surrounding features to form a robust
representation in BEV. By doing so, we learn the inverse perspective mapping
from front view to BEV in an elegant manner with Transformer. Finally, the
lane detection heads are responsible for predicting 2D/3D coordinates as well
as lane types. The 2D/3D detection heads are referred to as LaneATT [46] and
3D-LaneNet [15], with modi�cation on the structure and anchor design.

3.2 Proposed Perspective Transformer

We present Perspective Transformer, a spatial transformation method that com-
bines camera parameters and data-driven learning procedures. The general idea
of Perspective Transformer is to use the coordinates transformation matrix from
IPM as a reference to generate BEV feature representation, by attending related
region (local context) in front view feature. On the assumption that the ground
is 
at and the camera parameters are given, a classical IPM approach calculates
a set of coordinate mapping from front-view to BEV, where the BEV space is
de�ned on the 
at ground (see [20], Section 8.1.1). Given a pointpfv with its co-
ordinate (u; v) in the front-view feature Ffv 2 RH fv � W fv � C , IPM maps the point
pfv to the corresponding point pbev in BEV, where (x; y) is the coordinate in the
BEV space RH bev � W bev � C . The transform is achieved with camera in/extrinsic
and can be represented mathematically as:

0

@
x
y
0

1

A = � f 2b � R� � K � 1 �

0

@
u
v
1

1

A +

0

@
0
0

� h

1

A ; (2)

where � f 2b implies the scale factor between front-view and BEV,R� denotes the
pitch rotation matrix from extrinsic, K is the intrinsic matrix, and h stands for
camera height. Such a transformation in Eqn.(2) enframes a strong prior on the
attention unit in PerFormer to generate more representative BEV features.

The architecture of Perspective Transformer is inspired by popular approaches
such as DETR [8], and consists of the self-attention module and cross-attention
module (see Fig. 2). We di�erentiate from them in that the queries are not im-
plicitly updated. However, instead, they are piloted by an explicit meaning - the
physical location to detect objects or lanes in BEV. In the self-attention mod-
ule, the output Qbev descends from the triplet (key, value, query) input through
their interaction. The formulation of such a self-attention can be described as:

Qbev = softmax
�

QK >
p

dk

�
V; (3)

whereK; Q; V 2 R(H bev � W bev � C ) are the same query that is pre-de�ned in BEV,p
dk is the dimensional normalized factor.

In the cross-attention module, the input query Q
0

bev is the outcome of sev-
eral additional layers feeding the self-attention output Qbev as input. Note that
Q

0

bev is an explicit feature representation as to which part in BEV should be
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