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Abstract— Monocular 3D lane detection has recently received
increasing research attention in autonomous driving due to
its application effectiveness and simplicity. However, depending
solely on the limited semantic information from a single image
makes current monocular detection methods unable to deal with
complex scenarios, such as occluded, blurred, and unaligned
scenes. In this study, we introduce an end-to-end framework
named Bi²Lane which models temporal dependency in a con-
tinuous sequence. It recurrently utilizes detected lanes within
historical frames as prior information to achieve robust lane
detection. Additionally, Bi²Lane employs temporal reverse re-
finement together with temporal forward refinement to achieve
bi-directional temporal refinement (BDTR) while maintaining
a robust temporal dependency. For the refined features of dif-
ferent frames, we design a bi-level feature aggregation module
(BLFA) to fuse them in both point-level and line-level manners,
enabling a comprehensive feature representation to deal with
complicated road scenes. Extensive experiments conducted on
the OpenLane dataset demonstrate the superiority of Bi²Lane,
achieving a notable F1 score of 63.8% using a simple ResNet50
backbone, surpassing the performance of existing state-of-the-
art methods.

I. INTRODUCTION

Accurate lane detection is of paramount importance for au-
tonomous driving, as it directly impacts downstream driving
planning and control modules. The anticipated lane detection
results provide crucial information to the autonomous driving
system, enabling it to securely determine the vehicle’s posi-
tion in complex traffic scenarios. Specifically, single-frame
lane detection models are built to identify lane positions
based on extracting semantic information from an individual
2D image. As depicted in Fig.1, lane detection tasks face sig-
nificant challenges in complex scenarios, such as occluded,
blurred, and unaligned scenes. While predicting 2D lanes
on an image [1]–[7] is simple and direct, they encounter
difficulties in accurately addressing these complex scenarios.

Based on 2D lane detection, 3D lane detection adds depth
information estimation for lanes from the image, which
can to some extent alleviate the aforementioned issues of
occlusion, blurriness, and instability. As an emerging field,
recent unprecedented progress has been achieved in 3D
lane detection [8]–[11]. However, existing methods based
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Fig. 1. Motivation behind Bi²Lane: the predictions from the historical frame
serve as anchors in the current frame, enhancing single-frame resilience to
environmental variations. For example, (a) illustrates the supplementation
of an occluded lane from the historical frame. (b) illustrates the process of
patching the blurred lane from the historical frame. (c) illustrates the lane
alignment achieved through acquiring historical lane information.

on single frames still lack sufficient contextual information
to handle the mentioned challenges, causing mistake predic-
tions that heavily affect the safety of autonomous driving.
Considering that the historical information (e.g., historical
frames) is easily accessible in autonomous driving, it may
promote lane detection performance in complex scenarios
and enhance system’s perception of contextual road.

In light of this, we argue that temporal features within
multi-frame are crucial for lane detection, and modeling
temporal dependency can significantly enhance the detection
model’s ability to recognize complex scenarios involving
occluded, blurred, and unaligned, and other disturbed scenes.
The temporal dependency consists of object motions which
is essential for maintaining the perception of dynamic objects
and object supplements for more comprehensive features of
objects. Modeling temporal dependency helps multi-frame
detection models be better aware of the contextual road
environment and more adaptable at predicting the positions
of objects in complex scenarios. Existing approaches usually
warp historical objects or features to the current frame [12]–
[16] to fuse temporal features. However, these temporal
approaches lack the simultaneous consideration of captur-
ing object motions and complementing object information,
failing to model temporal dependency. Moreover, existing
feature fusion methods usually do not account for levels
within object features, such as positional information of
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point-level and structural information of line-level, which
might lead to difficult learning for the network as those
features have distinct distribution characteristics.

To address the above challenges, we propose a temporal
3D lane detection framework named Bi²Lane, which recur-
rently refines lane features guided by anchor for establishing
temporal dependency in a continuous sequence. In Bi²Lane,
we construct a bi-directional temporal refinement module
(BDTR) to efficiently upgrade contextual information and
a bi-level feature aggregation module (BLFA) to enhance
lane feature representations. The BDTR consists of a forward
refinement process and a reverse refinement process, better
establishing temporal dependency of lane across consec-
utive frames. Firstly, the forward refinement encompasses
the motion of lane over continuous frames, maintaining
perception of lane lines. Secondly, in the reverse, by utilizing
current information as a reference to mine relevant clues
from historical frames, it acquires the ability to complement
lane. As shown in Fig. 1, BDTR could efficiently utilize
contextual information, reducing the impact of surrounding
disturbances and obtaining more robust detection results than
sing-frame models in complex scenarios. Furthermore, we
introduce BLFA to aggregate lane features at point level and
line level, respectively, enhancing feature representations for
lane detection.

Our main contributions are as follows:
• We design a novel bi-directional temporal refinement

module to establish temporal dependency and comple-
ment lane information in a continuous sequence, alle-
viating the issues in complex scenarios and improving
the robustness of detection results.

• We disentangle lane features at both point-level and
line-level and develop a bi-level feature aggregation
module to fuse them for fine-grained representation.

• Extensive experiments conducted on the OpenLane
dataset demonstrate the superiority of Bi²Lane, achiev-
ing a notable F1 score of 63.8% using a simple
ResNet50 backbone, surpassing the performance of ex-
isting state-of-the-art methods.

II. RELATED WORK

A. Monocular 2D Lane Detection

2D lane detection aims to locate lane positions from
images captured by vehicle cameras. Some works [17]–[20]
define 2D lane detection as a pixel-wise segmentation task,
extracting semantically informative features in front view
(FV) image. However, the segmentation results usually need
further image post-processing to get accurate lane represen-
tation, which brings complexity and expensive computation.
Therefore, flexible pre-defined anchors are employed to de-
tect 2D lanes. LineCNN [21] defines straight rays emanating
from the image boundary to fit 2D lanes. LaneATT [22]
regresses lanes on the pre-defined ray-anchors. CLRNet [23]
dynamically refines the start point and angle of ray-anchors
through pyramidal features. The spatial-temporal layers [24]
utilize recurrent neural network to extract lane features

among the forward continuous frames. Despite obtaining
some progress, the performance of detection model would
experience a sharp decline in complex scenarios such as
intersections and slopes due to the insufficient estimation of
depth information.

B. Monocular 3D Lane Detection

Based on 2D lane detection, 3D lane detection focuses on
reconstructing the geometric features of lane in 3D space.
By estimating depth information of lanes, it attains improved
performance in complex scenarios while also fostering en-
hanced adaptability for downstream tasks. 3DLaneNet [8]
introduces an anchor-based 3D lane representation method,
projecting extracted features from FV into bird’s eye view
(BEV). Gen-LaneNet [9] predicts lanes in BEV and maps
them back to real-world coordinates. PersFormer [10] ob-
tains BEV features with a spatial transformation module.
CLGo [25] estimates camera pose to predict 3D lanes from
generated top-view image. BEV-LaneDet [11] establishes
a virtual camera to unify FV features. CurveFormer [26]
employs a dynamic anchor point set to compute 3D lane from
image features. While 3D lanes can obtain estimated depth
information, these general single-frame detection models re-
main susceptible to occluded, blurred, and unaligned scenes
in practical scenarios, would lead to inconsistency between
consecutive frames in terms of missed, misjudged, or other
unrobust detection results.

C. Temporal Modeling

Existing works in the field of 3D object detection have
considered temporal modeling in multi-frame detection.
BEVDet4D [12] utilizes ego-motion to align historical BEV
features and concatenate them with current frame. DETR4D
[27] fuses current objects from concatenated past objects
and current objects with attention mechanisms. However,
these approaches overlook the dynamic variations of ob-
jects within a continuous sequence. For 3D lane detection,
StreamPETR [28] adopts a recurrent manner, using object
queries to propagate features across multi-frame. Similarly,
BEVFormer [16] employs a recurrent mechanism to fuse
historical BEV features with the current frame. Despite
incorporating dynamic object variations, it still lacks explicit
temporal dependency modeling and the precise fine-grained
disentanglement of lane features. In contrast, we develop
a bi-directional temporal refinement module to model tem-
poral dependency in a continuous sequence for enhancing
contextual lane information and further introduce a bi-level
feature aggregation module to enhance the lane feature
representations at point level and line level, respectively.

III. METHOD

The overall architecture of our Bi²Lane is illustrated in
Fig. 2. The framework solely leverages FV features in a
continuous sequence for end-to-end 3D lane detection. While
conventional lane detection methods regress lane coordinates
in images, our framework aims to detect lane coordinates
directly in the 3D space. Therefore, we define anchors in 3D
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Fig. 2. The overall architecture of Bi²Lane, which mainly contains a bi-directional temporal refinement (BDTR) module to generate temporal-dependent
lane features after backbone and a bi-level feature aggregation (BLFA) module to form aggregated features in consecutive frames, finally feed to head for
3D lane detection.

space and project them onto the FV feature map to sample
corresponding features, which are then used to regress 3D
coordinates.

Specifically, given a continuous sequence of FV images,
we extract features through an image backbone. With these
multi-frame features, we introduce 3D anchors to sample
lane features at corresponding spatial positions across frames
to generate lane feature, which is short for anchor-guided
temporal lane feature. The bi-directional temporal refinement
(BDTR) module establishes temporal dependency by recur-
rently updating the temporal feature guided by 3D anchors
in forward and reverse directions in a continuous sequence.
Subsequently, the bi-level feature aggregation (BLFA) mod-
ule is employed to enhance lane features at fine-grained
disentanglement from historical frames to current frames.
Finally, the fused features are fed into the 3D lane detection
head to regress lane 3D coordinates.

A. Anchor-Guided Temporal Refinement
In this subsection, we outline the process of generating and

refining temporal features through anchor-guided design.
1) Generation: To avoid introducing BEV representations

and generating more precise lane features, we extract the
lane-corresponding temporal feature from the FV feature
using anchors defined in 3D space. The extracted lane feature
serves as the foundational modeling element.

Specifically, the i− th anchor is designed by 3D points
with M y-coordinates y = {yk}M

k=1. Combined with (xk
i ,zk

i )
which are the horizontal and vertical locations of yk

i , the 3D

lane line is defined based on the 3D anchor Ai =
{

q(k,i)
}M

k=1
.

With the time step of t to represent the current frame, a
sequence of FV images is first encoded to extract multi-
frame features maps {It−N , . . . ,It} ∈ RN×HI×WI×C, where N
is the number of frames and HI ,WI , and C represent the
height, width, and number of channels in each FV feature
map, respectively.

At the time step of t −1, the lane feature Fi
t−1 ∈RM×C is

the feature sampled by anchor Ai
t−1 which projected onto the

FV feature map It−1 by coordinates transformation function
Pg2I(·) from ground coordinates to camera coordinates.
Meanwhile, the generated lane feature is pushed into a lane
feature set.

Fi
t−1 = S

(
Pg2I(Ai

t−1), It−1
)

(1)

where S (·) stands for sampling temporal features by the
anchor.

2) Refinement: Given the lane feature, we employ a
regression head to output the offset of the projected anchor.
With anchor alignment between two frames, it easily ensures
temporal dependency consistency when taking the previous
anchor and its offset that is the detected lane directly as a new
anchor to extract current features for lane feature refinement.

Feeding the lane feature Fi
t−1 into a regression head, the

offsets Si
t−1 =

{
(∆x(k,i)t−1 ,∆z(k,i)t−N)

}M

k=1
from anchor to lane is

predicted:

Si
t−1 = O(Fi

t−1) (2)

where O(·) is the regression prediction head to predict
anchor offset.

For anchor-guided temporal feature refinement, Ai
t−1 +

Si
t−1 is aligned as anchor Ai

t at the time step of t and then
extracts lane feature Fi

t on FV features It :

Ai
t = Tt−1→t(Ai

t−1 +St−1) (3)

Fi
t = S

(
Pg2I(Ai

t), It
)

(4)

where Tt−1→t ∈ R3×4 is the transformation matrix from the
t − 1-frame to the t-frame. In the end, we can obtain lane
features for each frame in a continuous sequence.

B. Bi-Directional Temporal Refinement

Based on the lane feature refinement, we introduce a more
comprehensive module, BDTR, as shown in Fig. 3. The
BDTR consists of a forward temporal refinement process for
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Fig. 3. Illustration of bi-directional temporal refinement process.

capturing lane motions and a reverse temporal refinement
process for complementing lane spatial features. It aims
to model temporal dependency to enhance contextual lane
information, thus better smoothing lane detection results in
complex scenarios, and providing additional constraints to
enhance the performance of sparse tasks.

1) Forward Temporal Refinement: In the forward tempo-
ral refinement process, it recurrently employs the previously
detected lane as anchor points to refine lane features until
propagating to the current frame. Consequently, the align-
ment of lane features throughout a consecutive sequence
closely follows the distribution of initially detected lanes,
facilitating effective propagation of lane motion information
and robustly capturing temporal motion patterns for lane
representation.

Overall, the forward refinement is from Ai
t−n to Ai

t−(n−1),
in which n ∈ (N, N −1, . . . , 1):

Ai
t−(n−1) = F f or

(
Ai

t−n,It−n
)

(5)

where F f or(·) stands for the above formulas that propagate
anchor in a forward manner.

The lane feature set
{

Fi
e
}t

e=t−N ∈ RN×M×C is established
which contains refined lane features during forward refine-
ment.

2) Reverse Temporal Refinement: In contrast to the for-
ward temporal refinement, the reverse process aims to refine
historical lane features to be progressively more consistent
with the lane distribution in the current frame. The reverse
refinement significantly utilizes historical lane features to
complement the current lane, thus helping reduce the influ-
ence of surrounding disruptions.

In the reverse branch, the reverse temporal refinement
is from anchor Ãi

t−ñ to anchor Ãi
t−(ñ+1), where ñ ∈

(0, 1, . . . , N −1), and form the reverse refined lane feature
set

{
F̃i

e
}t

e=t−N ∈ RN×M×C :

Ãi
t−(n+1) = Frev

(
Ãi

t−n,It−n
)

(6)

where Frev(·) represents propagating anchor in a reverse
manner.
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Fig. 4. Illustration of bi-level feature aggregation, where Stage 1 is the
enhancement of temporal refined features at point level across frames and
Stage 2 is the interaction of line-level features in the current frame.

C. Bi-Level Feature Aggregation

As the refined lane feature sets from BDTR are separated
in bi-directions, it is essential to aggregate these features,
enabling stronger lane feature representations. We introduce
the BLFA to perform a separate fusion at point level and
line level within lane features in a continuous sequence, as
shown in Fig. 4.

1) Point-level Feature Aggregation: We treat k-th point
q(k,i)

t on lane feature Fi
t from i-th projected anchor at t-frame

as the Query and the point set
{

q(k,i)
e

}t−1

e=t−N
on historical

lane feature set
{

Fi
e
}t−1

e=t−N as both the Key and the Value for
the Transformer-based [29] point-level decoder. The decoder
performs cross-attention to fuse long-term dependencies and
highlight relevant information at the point level, obtaining
the fused feature point q(k,i) ′

t .

q(k,i) ′
t = CrossAttn

(
q(k,i)

t ,
{

q(k,i)
e

}t−1

e=t−N

)
+q(k,i)

t (7)

q̃(k,i) ′
t = CrossAttn

(
q̃(k,i)

t ,
{

q̃(k,i)
e

}t−1

e=t−N

)
+ q̃(k,i)

t (8)

2) Line-level Feature Aggregation: We concatenate fea-

tures of point set
{

q(k,i) ′
t

}M

k=1
belonging to the i-th anchor

as its feature representation Fi ′
t ∈ RM×C at t-frame. Taking

Fi ′
t ∈ RM×C as Query, Key and Value, an informative lane

feature Fi ∗
t ∈ RM×C is generated:

Fi ∗
t = CrossAttn

(
Fi ′

t ,Fi ′
t
)
+Fi ′

t (9)

F̃i ∗
t = CrossAttn

(
F̃i ′

t , F̃i ′
t
)
+ F̃i ′

t (10)

Then, the fused current lane features Fi ′
t and F̃i ∗

t is
concatenated to get the final lane feature F̂i

t at t-frame:

F̂i
t = ε

(
Fi ∗

t , F̃i ∗
t
)

(11)

where ε(·) refers to the operation of a concatenation.
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TABLE I
COMPARISON WITH SOTA METHODS ON OPENLANE VALIDATION SET, WHERE “†” REPRESENTS MULTI-FRAME FEATURE FUSION COMBINED WITH

ITERATIVE REGRESSION IN ANCHOR3DLANE, “F” DENOTES 40-100M AND “C” DENOTES 0-40M.

Method F1(%)↑ x err/C(m)↓ x err/F(m)↓ z err/C(m)↓ z far/F(m)↓

3D-LaneNet 44.1 0.479 0.572 0.367 0.443
GenLaneNet 32.3 0.591 0.684 0.411 0.521
PersFormer 50.5 0.485 0.553 0.364 0.431
Anchor3DLane 53.1 0.300 0.311 0.103 0.139
Anchor3DLane† 54.3 0.275 0.310 0.105 0.135
BEV-LaneDet 58.4 0.309 0.659 0.244 0.631
Bi²Lane (Ours) 63.8(↑5.4) 0.222(↓0.087) 0.241(↓0.418) 0.093(↓0.151) 0.116(↓0.515)

TABLE II
COMPARISON IN F1 SCORES WITH SOTA METHODS ON OPENLANE VALIDATION SET OF DIFFERENT SCENARIOS, WHERE “†” REPRESENTS

MULTI-FRAME FEATURE FUSION COMBINED WITH ITERATIVE REGRESSION IN ANCHOR3DLANE.

Method Mean(%)↑ Up&Down Intersection Merge&Split Extreme Weather Night Curve

3D-LaneNet 41.7 40.8 32.1 41.7 47.5 41.5 46.5
GenLaneNet 26.4 25.4 21.4 31.0 28.1 18.7 33.5
PersFormer 47.3 42.4 40.0 50.7 48.6 46.6 55.6
Anchor3DLane 49.3 45.5 44.2 50.5 51.9 47.2 56.2
Anchor3DLane† 50.7 47.2 45.8 51.7 52.7 48.7 58.0
BEV-LaneDet 53.8 48.7 50.3 53.7 53.4 53.4 63.1
Bi²Lane (Ours) 60.1(↑6.3) 54.6 54.8 62.5 60.8 58.0 69.2

D. Loss Function

We employ a classification head and a regression head
based on the aggregated lane feature F̂i

t from the pro-
jected i-th anchor for current lane detection to predict its
lane classification probability ci ∈ RB, anchor points offsets
∆xi

t ∈ RM,∆zi
t ∈ RM , and visibility of each point visi ∈ RM

respectively. Combined with initial anchor Ai =
{

q(k,i)
}M

k=1
,

the current 3D lane proposal can be generated as Pi
t =

(ci,xi +∆xi
t ,y,zi +∆zi

t ,visi). With the i-th current ground-
truth lane is defined as Gi

t =
(

x̌i
t , ži

t , v̌isi
t

)
. We adopt {Pi

t}
Mpos
i=1

for positive proposal associated with current ground-truth
lanes

{
Gi

t
}Mpos

i=1 to calculate the regression loss function.
Particularly, we introduce a separate BEV segmentation loss
Lseg to enhance the feature expression of our framework,
where the BEV feature is transformed from FV feature.

Lcls =−
M

∑
i=1

B

∑
b=1

α
b(1− cb

i )
γ logcb

i , (12)

where αb and γ are the hyperparameters for focal loss [32].

Lreg =
Mpos

∑
i=1

M

∑
k=1

∥∥∥vǐs(k,i)t ·
(

x(k,i)+∆x(k,i)t − x̌(k,i)t

)∥∥∥
1

+
Mpos

∑
i=1

M

∑
k=1

∥∥∥vǐs(k,i)t ·
(

z(k,i)+∆z(k,i)t − ž(k,i)t

)∥∥∥
1

+
Mpos

∑
i=1

M

∑
k=1

∥∥∥v̌is(k,i)t −vis(k,i)
∥∥∥

1
.

(13)

With λcls, λreg, and λseg representing the weight of the
corresponding loss item, respectively, the total loss function
of our Bi²Lane is the sum of above losses:

Ltotal = λclsLcls +λregLreg +λsegLseg (14)

IV. EXPERIMENTS

A. Datasets and Experimental Setting

1) Datasets: OpenLane is a large-scale real-world 3D
lane detection dataset constructed from the Waymo Open
[30] dataset, providing annotations for 1000 road segments
with lane and Closest In-Path Objects (CIPO) information.
It comprises 200K frames with over 880K meticulously
annotated lanes.

ONCE-3DLanes [31] is a real-world dataset designed for
3D lane detection. The camera data from ONCE-3DLanes
is downsampled along with the LiDAR data recorded at a
speed of 10 frames per second (FPS) and downsampled with
the rate of 2 FPS. Considering the serious loss of continuity
in multi-frame images due to excessive sampling frequency
in ONCE-3DLanes, we conclude that it lacks temporal
information. Therefore, we do not conduct experiments on it
as our framework is designed to utilize temporal information
for robust multi-frame lane detection.

2) Implementation Details: We conduct experiments with
ResNet-50 [32] under ImageNet [33] pre-trained weights as
the image backbones. Bi²Lane is trained by Adam optimizer
with a batch size of 64. The learning rate is set to 2e-4.
During training, we select a time window of 5 and choose
the 3 nearest frames to the current frame as historical frames.
During testing, we directly select the 3 nearest frames for
detecting 3D lanes on the current frame.

B. Qualitative Results

We compare our Bi²Lane with other state-of-the-art 3D
lane detection methods on the OpenLane validation set and
different scenarios, as shown in TABLE I and TABLE II,
respectively. Our Bi²Lane outperforms Anchor3DLane† and
BEV-LaneDet by 9.5% and 5.4% in F1 score, respectively,
indicated in TABLE I. Moreover, compared to BEV-LaneDet,
our approach significantly reduces close x errors, far x errors,
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TABLE III
ABLATION STUDY ON MODULES OF BI²LANE.

Model F1(%) x err/C(m) x err/F(m) z err/C(m) z far/F(m)

Baseline 55.7 0.267 0.292 0.098 0.126
+BDTR 59.8 0.251 0.274 0.097 0.124
+BLFA (Bi²Lane) 60.0 0.251 0.251 0.097 0.123

TABLE IV
ABLATION STUDY ON FEATURE LEVELS OF AGGREGATION.

Feature Level F1(%) x err/C(m) x err/F(m) z err/C(m) z far/F(m)

Point-level 59.8 0.251 0.274 0.097 0.124
Line-level 59.7 0.251 0.270 0.098 0.125
Bi-Level (Bi²Lane) 60.0 0.251 0.251 0.097 0.123

TABLE V
ABLATION STUDY ON DIRECTIONS OF TEMPORAL REFINEMENT.

Direction F1(%) x err/C(m) x err/F(m) z err/C(m) z far/F(m)

Forward 58.8 0.242 0.284 0.098 0.128
Reverse 59.6 0.261 0.281 0.102 0.129
Bi-Directional (Bi²Lane) 60.0 0.251 0.251 0.097 0.123

close z errors, and far z errors by 28.2%, 63.4%, 61.9%, and
81.6%, respectively. In addition, our approach has achieved
significant improvements in complex scenarios shown in
TABLE II. Compared to Anchor3DLane† and BEV-LaneDet,
our method shows an astonishing performance gain of
9.4% and 6.3%, respectively. In the Merge&Split, Extreme
Weather, and Curve scenarios, temporal dependency helps
the model capture lane variations involving lane merging,
splitting, deformation, or curve shape changes more accu-
rately. However, in the Up&Down, Night, and Intersection
scenarios, due to road undulations, poor lighting, and com-
plex traffic situations, the temporal dependency is limited.

C. Ablation Study and Analysis

We conduct experiments to study the effectiveness of our
proposed modules based on the OpenLane validation set with
Resnet-18 as the backbone. We demonstrate the significance
of our different modules shown in TABLE III. It is evident
that compared to the baseline, our bi-directional temporal re-
finement module (BDTR) results in an improved F1 score of
59.8%. Additionally, the bi-level feature aggregation module
(BLFA) benefits from the separate fusion of point-level and
lane-level features, improving F1 score 4.3% from baseline.

1) Bi-Level Feature Aggregation: We decompose the lane
features from BDTR into point level, line level, and bi-level
for lane detection, demonstrated in TABLE IV. It can be
seen that Bi²Lane achieves the highest F1 score of 60.0%
among different feature levels of aggregation in TABLE
IV. Since the lane features contain positional information
and structural information, such as shapes, lengths, and
orientations, bi-level feature aggregation could enhance lane
feature representations more comprehensively.

2) Bi-Directional Temporal Refinement: Compared with
single-directional temporal refinements, our bi-directional
temporal refinement emerged with the lowest far x errors of
0.251, shown in TABLE V. The forward temporal refinement
partially disregard lane spatial feature information from sub-
sequent frames, potentially leading to incomplete lane feature
complement for current frame after a long term. Similarly,

TABLE VI
ABLATION STUDY ON THE NUMBER OF HISTORICAL FRAMES.

Frame Number F1(%) x err/C(m) x err/F(m) z err/C(m) z far/F(m) Inference Time(ms)

1 59.1 0.256 0.278 0.098 0.126 29
2 59.2 0.244 0.275 0.098 0.126 33
3 60.0 0.251 0.251 0.097 0.123 37
4 59.3 0.247 0.275 0.092 0.127 41
5 59.3 0.256 0.278 0.097 0.126 44

TABLE VII
ABLATION STUDY ON TEMPORAL ALIGNMENT OF BI²LANE, WHERE

’BI²LANE(W/O)’ MEANS WITHOUT TEMPORAL ALIGNMENT.

Model F1(%) x err/C(m) x err/F(m) z err/C(m) z far/F(m)

Bi²Lane(w/o) 59.6 0.258 0.274 0.098 0.126
Bi²Lane 60.0 0.251 0.251 0.097 0.123

the reverse assumes that current information is the most
pivotal within the sequence, potentially hindering accurately
capturing lane motions when current frame faces surround-
ing disturbances. In contrast, our bi-directional temporal
refinement propagates information forward and reversely,
capturing the temporal motion and complementing the spatial
features of lanes within a continuous sequence, significantly
reducing detected lane position errors.

3) Number of Historical Frames: TABLE VI presents
the evaluation results of our Bi²Lane with varying numbers
of historical frames, suggesting that a short continuous
sequence is not sufficient to establish temporal dependency
for improving detection performance, and excessively long
continuous sequences might bring disconnection between the
historical and current frames. Besides, we can see that our
Bi²Lane can meet the real-time requirements in the case of
different frames, and the inference time would not increase
significantly when increasing the number of input frames.

4) Temporal Alignment: The temporal alignment aligns
the anchor points from the previous frame to the subsequent
one using ego-pose data, ensuring a consistent lane posi-
tioning across frames. We contrast the performance of our
Bi²Lane, with and without temporal alignment, as demon-
strated in TABLE VII, and find that temporal alignment
indeed helps Bi²Lane to decrease the far x errors to 0.251.

V. CONCLUSION

In this study, we propose Bi²Lane, a robust multi-frame
3D lane detection framework, migrating the disturbances
in complex scenarios and improving detection robustness
while not introducing post-processing computation or hard-
to-obtain information. Different from the previous works,
our method explores an anchor-guided temporal refinement
paradigm that upgrades temporal features through recurrent
anchors across frames. We develop a bi-directional temporal
refinement module to establish temporal dependency in a
continuous sequence, greatly complementing lane features.
Furthermore, a bi-level feature aggregation module is intro-
duced to fuse the refined lane feature sets in bi-directions at
point level and line level, enhancing lane feature represen-
tations. Extensive experiments show that Bi²Lane achieves
remarkable competitive performance, outperforming existing
state-of-the-art lane detection approaches.
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