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Abstract. Monocular 3D lane detection offers a cost-effective solution
for autonomous driving perception but is inherently challenged by the
ill-posed problem of inferring 3D geometry from a 2D image. Standard-
Definition (SD) maps offer a lightweight prior for road topology, promis-
ing enhanced accuracy for distant or occluded lanes. However, their in-
herent inaccuracies and representation as road-level centerlines, which
misalign with the actual lanes to be perceived, pose significant challenges
for direct integration. To tackle this, we propose SGC-Lane, a novel
framework that advances monocular 3D lane detection through SD map
guidance and lane completion. Specifically, we propose an FV-Guided
Map Encoder that generates a lane probability map and structured map
features, where the feature channels are aligned with potential lane in-
stances. This probability map directs attention toward lane-specific re-
gions in the front view (FV), refining image features and initializing lane
queries by the Local Spatial Cross-Attention module for precise geome-
try decoding. In addition, to mitigate short-range truncation, we design
a Step Consistency Completion (SCC) Head that is used to predict and
cluster lane endpoints, effectively recovering missing segments to produce
complete 3D lane representations. On the large-scale OpenLane dataset,
our method achieves a 65.6% F1-score, showing improved performance
against existing approaches with the assistance of only coarse road-level
SD map priors. The improvements are especially evident in challenging
conditions, such as roads with sharp curves and complex intersections.
Code is released at https://github.com/FuqingJIang/SGC-Lane.

Keywords: 3D Lane Detection · Monocular Vision · Map Prior · Lane
Completion · Autonomous Driving

1 Introduction

Accurate 3D lane detection is a fundamental task in the perception system for
autonomous vehicles, providing essential references for planning and decision-
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making. Among various sensing modalities, monocular vision offers a uniquely
cost-effective solution. However, it inherently suffers from the ill-posed problem
of inferring 3D geometry from a single 2D image. This challenge becomes par-
ticularly pronounced in complex scenarios such as heavy occlusion, steep road
slopes, and sharp curves, where the visual evidence is often ambiguous or incom-
plete.

To mitigate this limitation, beyond-line-of-sight information from maps can
serve as a powerful cue. Recent works in related tasks such as online vectorized
map construction have demonstrated the benefits of leveraging High-Definition
(HD) maps as a prior [11, 35, 36]. Standard-Definition (SD) maps offer a more
practical alternative due to their wider coverage and lower cost. This has mo-
tivated methods like SMERF [18] and SEPT [22] to enhance Bird’s-Eye-View
(BEV) features with SD map priors via cross-attention mechanisms for lane-
topology understanding. However, these methods primarily focus on detecting
lane centerlines. Meanwhile, SD maps provide only road-level centerlines rather
than the actual physical lane lines. Fundamentally, a road-level centerline repre-
sents the topology of a road segment, abstracting a group of adjacent lanes that
share the same driving direction into a single geometric curve. This representa-
tion gap, along with the inaccuracies that can reach several meters in SD maps,
creates a severe misalignment between the SD map prior and the actual lanes to
be detected. Thus, effectively utilizing SD map as prior knowledge for accurate
3D lane detection is challenging.

Another challenge arises from prevalent use of sparse point sets to represent
lanes [19,20,30]. In this paradigm, the original lane markings are often truncated
at the endpoints during the generation of training annotations. This leads to an
inability of models to predict the complete lane extent, resulting in fragmented
detections, particularly at long range or under occlusion. Recently, EndPoint
head [3] attempts to address this by predicting patching distance to endpoints.
Nevertheless, this approach is susceptible to occasional inaccuracies in its patch-
ing distance predictions. Representing lanes as sparse-points typically enforces
a fixed interval between consecutive points along the depth direction (Y -axis)
as structural constraint. Leveraging this constraint could ensure better consis-
tency in predicting the offsets from each preset lane point to endpoints, thereby
establishing a more robust and geometrically-informed completion strategy.

To address the above challenges, we propose SGC-Lane, a novel framework
that leverages SD map priors and an improved lane completion strategy. We de-
sign a Front-View Guided Map Encoder that dynamically predicts lane widths
from front-view (FV) images to transform coarse road-level centerlines into lane-
level boundary priors. The SD map is then encoded to produce a spatial lane
probability map and lane-aware map features. This probability map guides the
FV features to focus more on lane regions and, together with the map features,
is utilized through a Local Spatial Cross-Attention (LSCA) module to initial-
ize lane queries. For robust lane completion, we propose a Step Consistency
Completion Head (SCC-Head) that exploits the structured constraint of fixed
Y -interval sampling. It predicts consistent offsets from each lane point to the
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endpoints, with a clustering mechanism aggregating all predictions to complete
missing segments. Additionally, to handle the perspective projection effect in the
front view, we employ non-uniform sampling along the lane-width direction in
positional embedding. Our contributions are summarized as follows:
– We propose an SD map enhancement and fusion strategy. This includes

an FV-Guided Map Encoder that predicts lane widths for each road-level
centerline to expand them into multiple lane boundaries, thereby focusing
FV features on these potential lane regions, alongside a Local Spatial Cross-
Attention (LSCA) module that integrates the expanded lane-aware map fea-
tures with image context to initialize lane queries.

– We introduce a Step Consistency Completion Head (SCC-Head) for lane
completion. It leverages the intrinsic fixed Y -interval constraint of sparse-
point representation to consistently predict endpoint offsets from all lane
points, and subsequently employs a clustering mechanism for reliably com-
pleting truncated lanes.

– We present a complete framework, SGC-Lane, which integrates the above SD
map guidance and lane completion. To support evaluation, we supplement
the OpenLane [4] dataset with data from Waymo Open Dataset [28] and
simulate real-world SD map characteristics. Extensive experiments on this
large-scale dataset demonstrate that our method achieves F1-score of 65.6%,
outperforming all compared methods in detection performance, with notable
gains in challenging scenes like steep slopes and complex intersections.

2 Related Work

2.1 Map Priors in Road Perception

Map priors have been increasingly adopted in 2D lane detection and road topol-
ogy reasoning. PriorLane [26] employs an encoder-only transformer to inte-
grate image features with grid map embeddings for improved 2D detection.
SMERF [18] encodes SD map elements and fuses them with BEV features
through cross-attention. Map priors have also gained attention in online vector-
ized mapping. P-MapNet [11] avoids strict alignment by fusing image features
with SD priors via attention, further incorporating HD maps through an au-
toencoder for refinement. PriorDrive [36] unifies vectorized SD and HD maps as
hybrid prior queries to enhance accuracy. HRMapNet [36] initializes queries with
historical rasterized HD maps, while SQD-MapNet [31] and StreamMapNet [34]
exploit temporal priors from previous frames. In practice, SD maps offer broader
coverage and easier accessibility than HD maps. While well-suited for topology
reasoning through centerline representations, SD maps lack direct correspon-
dence with actual lanes. This misalignment, along with inherent inaccuracies,
presents challenges for leveraging SD priors in accurate 3D lane detection.

2.2 Representations for Lane Detection

Existing lane representations can be broadly categorized into four types: mask-
based [9, 25, 33], keypoint-based [12, 20, 27, 30], sparse-point [4, 6, 7, 10, 14, 19,
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37], and curve-based [1, 5, 13, 16, 23, 29]. Mask-based approaches such as Once-
3dlanes [33] require per-pixel depth prediction, which can yield inaccurate masks
and thus hinder vectorized fitting. Keypoint-based methods like BEV-LanDet [30]
first discretize the feature map into grids, each associated with a center, and then
determine lane keypoints by predicting the offset and confidence of each cen-
ter. Sparse-point methods exploit the elongated shape of lanes by pre-sampling
along the Y -axis and regressing X-offsets and heights for those samples, with
both BEV [4, 6, 7, 10, 14, 37] and non-BEV variants [19]. While these sparse-
point representations are efficient, they struggle to fully capture lane geometry.
Curve-based [1, 5, 13, 16, 23, 29] methods can describe the complete lane shape,
but predicting an entire lane with only a few parameters often limits accuracy.
The prevailing paradigm remains sparse-point representations. However, it does
not fully leverage the inherent fixed Y -interval of sparse-point representation to
regularize completion, which can lead to large endpoint prediction errors that are
amplified over the long span of lanes along the Y -axis. Our improved completion
strategy attempts to alleviate this concern.

2.3 Spatial Position in 3D Lane Detection

Reliable 3D positional cues are central to monocular 3D lane detection. One line
projects FV features to fixed ground plane via IPM to form BEV representa-
tions, which regularize topology but are sensitive to extrinsics and road slope,
suffering from long-range scale distortion [4, 6, 21, 24, 30]. Subsequent works im-
prove these 3D positional cues through virtual image planes for robustness [30],
deformable aggregation around projected points [4], and slope-adaptive height
maps [21]. A second line avoids explicit BEV, injecting 3D awareness directly
into FV features using learnable positional encodings. PETRv2 encodes latent
3D coordinates per pixel [15], while LATR samples learnable plane and uses its
FV projections as positional cues [19]. Building on these insights, we adopt a
perspective-aware non-uniform sampling strategy that matches FV projection
density, offering stronger geometric cues without modifying the decoder.

3 Method

The overall architecture is shown in Fig. 1. Given a front-view image and prior SD
map, the FV-Guided Map Encoder aligns the map priors centerlines with FV fea-
tures and outputs a lane probability map and lane-aware map features. Using the
lane probability map, our method performs gated weighting on the original FV
features, generating attentive FV features. The query generator constructs per-
point queries by combining instance queries with learnable point embeddings.
Local Spatial Cross-Attention first obtains a ground position (x, y) for each query
by predicting its x and indexing the corresponding y, then uses cross-attention
to fuse nearby map prior with the query. A perspective-aware non-uniform sam-
pling plane supplies positional embeddings, balancing high near-range density
with extensive far-range coverage. The SCC-Head predicts point-wise completion
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Fig. 1: The overall framework of SGC-Lane, comprising two stages to leverages SD
maps. In stage 1, the FV-Guided Map Encoder predicts lane widths to convert SD
prior centerlines, producing the lane probability map and map features. These outputs
are fused with FV features via the LSCA module in stage 2, to generate refined queries
for efficient lane search. Prediction heads output lane geometry, category, and endpoint-
offset under a sequence-consistency loss. Lane completion is achieved by clustering the
predicted endpoints.

offsets. These offsets are subsequently clustered in a separate decoding phase to
derive the endpoints used for final 3D lane completion.

3.1 Prior SD Map Format

To the best of our knowledge, existing public datasets cannot provide both 3D
lane annotations and corresponding SD map priors. General autonomous driv-
ing datasets such as Argoverse 2 [32] and nuScenes [2] provide SD maps, they
lack 3D lane annotations. Conversely, standard 3D lane benchmarks including
OpenLane [4], Apollo Synthetic [7], and ONCE-3DLanes [33] do not include
map priors. This data scarcity necessitates the synthesis of SD map priors. To
bridge this gap, we supplemented the existing benchmark by constructing cor-
responding SD map. We specifically chose the OpenLane dataset because it is
built upon the Waymo Open Dataset [28], which contains HD maps. By extract-
ing and processing these surveyed maps, we successfully generated the SD map
priors required for our task.

To construct realistic SD map priors from the HD maps, we employ a sequen-
tial degradation pipeline designed to simulate the quality and characteristics of
real-world SD maps. Specifically, the pipeline consists of four key operations.
Mask Rendering: we render the precise HD lane centerlines into regional road
surface masks to simulate reduced spatial precision. Skeleton Extraction: we
apply morphological skeletonization to these thickened masks to derive simpli-
fied, road-level centerlines. Junction Separation: we detect and disconnect
junction points across the newly generated centerlines to handle complex road
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Fig. 2: FV-Guided Map Encoder: A cross-view alignment module that integrates prior
SD map centerlines with front-view image features to generate a lane probability map
and lane-aware representations.

intersections without topological artifacts. Spline Resampling: we resample
the separated centerlines via spline interpolation to guarantee a smooth and
uniform point distribution along the curves. This entire process naturally intro-
duces geometric simplifications and positional errors at the lane level, effectively
mirroring the typical uncertainties of real-world SD maps while preserving overall
topological integrity. Detailed generation methodologies and the corresponding
code are provided in the supplementary material.

To match the task setting, we retain only centerlines within the spatial win-
dow (x ∈ [−15m, 15m], y ∈ [3m, 103m]), where x represents the lateral direc-
tion and y the longitudinal direction. Thus, in this paper, the prior SD map is
defined as:

M = {Ci}Ni=1, (1)

Ci = [ pi,1, . . . , pi,M ], (2)

pi,j = (xi,j , yi,j) ∈ R2, (3)

where N denotes the number of centerlines in the map, and M is the number of
sampled points on each centerline.

3.2 FV-Guided Map Encoder

The prior SD map provides only road-level centerlines that capture the main
road topology but contain no lane-level geometric details and can exhibit lateral



SGC-Lane: SD Map Guidance and Lane Completion 7

positional errors of several meters. To address these limitations and effectively
leverage such coarse structural information for lane detection, we propose the
FV-Guided Map Encoder. This module, as illustrated in Fig. 2, consists of two
key components: FV-Guided Alignment and Map Encoder, which work to en-
code geometrically consistent map priors. The FV-Guided Alignment component
translates road-level priors into lane-level structures. Specifically, it combines FV
features with the coordinate embedding of the original centerline to predict a
corresponding lane width. Using this predicted width, the component duplicates
and offsets the original centerline along its normal direction, deriving left and
right boundary for multiple parallel lanes within a unified coordinate space. The
output of this alignment process is subsequently fed into the Map Encoder. This
component produces two final outputs: a lane probability map to highlight
regions likely to contain lanes, and lane-aware map features that provide
essential semantic context.

FV-Guided Alignment. For the i-th centerline with sampled points pi,j ,
we encode every sampled point with a coordinate encoder to obtain point-wise
embeddings fi,j . These embeddings capture local geometry along the curve and
are aggregated by mean pooling described in Eq. (4):

F̄i = AvgPool
(
{fi,1, . . . , fi,M}

)
. (4)

Let Ffv denote the FV features. We obtain a global context vector vctx by
spatial average pooling and broadcast it to all centerlines. For the i-th centerline,
We fuse them to obtain hi = ϕ(F̄i, vctx) and predict the lane width with a
lightweight head described in Eq. (5):

ŵi = MLP(hi). (5)

During the centerline-to-lane conversion, we expand the single road-level cen-
terline into a lane-level topology through a two-step geometric transformation.
First, for each point pi,j , we compute the unit tangent and its corresponding
unit normal. By translating the original centerline along the normal direction,
we generate β parallel lane-level centerlines. Second, we apply the same predicted
width ŵi to each of these newly generated lane-level centerlines, offsetting along
their respective normals to derive the final left and right boundary points for
all β candidate lanes. This progressive expansion process produces structured
lane representations that maintain strict geometric consistency with both the
road-level prior and the FV features.

Map Encoder. We employ two lightweight pathways for SD map priors. A
gating probability map highlights probable lane regions to mitigate occlusion in
one pathway, whereas centerline geometry is encoded in the other to distinguish
lanes and generate lane-aware features. This approach fully uses the map priors
without, requiring only minimal computational resources.

Output 1: lane probability map. For the i-th road-level centerline, we
expand it into β lane-level centerlines and denote the left and right boundaries
of its k-th lane-level centerline as Li,k and Ri,k respectively. By aggregating
all boundaries across the N centerlines and their corresponding β lane-level
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centerlines, we obtain the comprehensive sets L =
⋃N

i=1

⋃β
k=1 Li,k and R =⋃N

i=1

⋃β
k=1 Ri,k. We then project these βN pairs of lane boundaries to the front-

view image plane to obtain an FV heatmap representation:

B = Πgp→fv

(
L ∪R

)
, (6)

here, Πgp→fv denotes ground-to-image projection. Next, we rasterize the pro-
jected B with Gaussian smoothing to generate the lane probability map:

H = Rasterize(B) ∈ [0, 1]H×W×1, (7)

where, Rasterize(·) denotes the rasterization operation with Gaussian smoothing.
The lane probability map H guides the generation of lane queries in subsequent
processing stages.

Output 2: lane-aware map features. For each centerline, we convert it to
left and right lanes through Centerline-to-Lane Conversion module and sample
lane points qi,j = (xi,j , yi,j). For each point, we construct feature by summing a
coordinate embedding and a positional embedding as defined in Eq. (8):

Mi,j = Ecoord(xi,j , yi,j) + Epos(j) ∈ RC . (8)

We combine all embeddings to form the lane-aware map features Mmap,
which serve as instance-conditioned geometric priors for subsequent processing.

Learnable Gating. We first obtain a channel-aligned prior W = proj(H) ∈
RH×W×C , where proj(·) denotes a learnable channel projection that maps the
lane probability map to the image-feature dimension, and then apply a residual
gate to Ffv:

F̃fv = Ffv + α · W, α ∈ (0, 1). (9)

The attentive features F̃fv are then consumed by the query generator module,
providing coarse regional guidance with a learnable strength α.

3.3 Local Spatial Cross-Attention

Local Spatial Cross-Attention injects SD map priors into per-point queries at
spatially matched locations. It takes as inputs per-point queries from the query
generator and lane-aware map features Mmap∈R2βN×M×C alongside their cor-
responding ground coordinates Cmap∈R2βN×M×2 produced by the FV-Guided
Map Encoder. Instead of attending to all map tokens globally, this module first
predicts a query-specific ground location and then performs cross-attention ex-
clusively over nearby map tokens. This localized mechanism attends precisely
to relevant prior features, enhances the alignment between the expanded map
priors and image evidence, and maintains minimal computational overhead.

The query generator module provides instance queries Qlane and learnable
point embeddings Qpoint. Per-point queries can be obtained using the following
equation.

Q = Qlane ⊕ Qpoint ∈ RP×C , (10)
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here, ⊕ denotes broadcasted summation, and qp is the p-th per-point query in
Q. We first localize each per-point query by predicting its ground x and pairing
it with the preset anchor-y at the query’s point index:

x̂p = MLP(qp), ŷp = yanchor[p]. (11)

Given the target (x̂p, ŷp), we retrieve locally relevant priors by selecting the
K nearest map tokens according to their ground coordinates Cmap:

idxp = TopKK

(
− ∥Cmap − (x̂p, ŷp)∥2

)
. (12)

Finally, LSCA applies a cross-attention using the selected tokens as keys and
values:

q̃p = Attn
(
Q=qp, K=Mmap,idxp , V=Mmap,idxp

)
. (13)

This way injects precise geometric cues while avoiding global mismatches.

3.4 Step Consistency Completion Head

Building on the EP-Head [3] addressing information loss in sparse-point represen-
tations, we propose the Step Consistency Completion Head to enhance sequence
coherence. While existing refinements process anchor points independently, our
method incorporates a lightweight sequence consistency prior to preserve struc-
tural information and stabilize predictions as illustrated in Fig. 3. We employ
clustering-based completion to fuse candidates and recover truncated segments.

Offset Predictions. We sample M preset ground-plane anchors P = {pk}Mk=1

with monotonically increasing y. Each anchor pk is parameterized by its posi-
tion (xk, yk, zk) and an associated feature vk, the head then regresses two end-
point displacement offsets sk and ek relative to pk. Given point-aware features
P ∈RM×C , SCC-Head outputs per-anchor endpoint distances:

ŝk, êk = MLP(pk) . (14)

We propose a consistency loss that utilizes the inherent fixed Y -interval con-
straint in sparse point representation. Instead of specifying a step size, we en-
courage the increments of successive endpoint Y -offsets to be constant along the
sequence by minimizing their second-order differences:

Lsy-cons =
1

M − 2

M−1∑
k=2

∣∣∆ŝyk −∆ŝyk−1

∣∣ , (15)

Ley-cons =
1

M − 2

M−1∑
k=2

∣∣∆êyk −∆êyk−1

∣∣ , (16)

where we define the increments inline as ∆ŝyk = ŝyk+1 − ŝyk and ∆êyk = êyk+1 − êyk.
The base objective Lbase is the average L1 distance between predicted and
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Improved Lane Completion Method
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Fig. 3: Improved Lane Completion Method. (a) Short mode: Uses sparse ground truth
with truncated ends. (b) Long mode: Extends ends through extrapolation but intro-
duces redundancy. (c) EP-Head: Performs endpoint refinement. (d) SCC-Head (our
method): Achieves lane completion through sequence consistency with clustering-based
refinement.

ground-truth offsets. With the weighting coefficients λsy and λey as hyperpa-
rameters, the total objective is defines as:

LSCC = Lbase + λsyLsy-cons + λeyLey-cons. (17)

Lane completion. From the predicted per-anchor offsets, we form endpoint
candidates by adding them to their anchors, as pk + ŝk and pk + êk. We then
estimate robust endpoints by clustering and taking the cluster centers:

ŝ = Centr
(
K({csk})

)
, ê = Centr

(
K({cek})

)
, (18)

where K is a lightweight clustering. The fused endpoints are combined with fixed
Y -interval samples to complete truncated segments.

3.5 Decoder

We adopt the standard LATR [19] decoder, which comprises stacked layers with
self-attention, deformable cross-attention to FV features, and feed-forward net-
works. The per-point queries Q ∈ RP×C are refined layer-by-layer, with iterative
reference-point updates and shared prediction heads at each stage.

Non-uniform sampling plane. Our improvement here is a non-uniform,
perspective-aware ground sampling plane. Instead of a uniform grid, we allocate
denser Y -samples at near ranges and sparser ones further away, while widening
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the horizontal span with distance. This naturally projects more valid ground
samples into the FV, enriching the 3D spatial cues for deformable cross-attention
without altering the lightweight decoder architecture. Exact construction details
are provided in the supplementary material.

4 Experiment

Datasets. We conduct our primary evaluation on the large-scale OpenLane [4]
dataset for two key reasons. First, our method is predicated on the availability
of map priors. OpenLane is uniquely suitable for our study because it is built
upon the Waymo Open Dataset [28], which provides the necessary underlying
survey-grade maps. Second, its status as a large-scale, real-world benchmark
containing 200K images and numerous challenging scenes provides a rigorous
and practical testbed for evaluating perception models. While the Apollo Syn-
thetic [7] dataset relies on synthetically generated environments and the ONCE-
3DLanes [33] dataset presents a smaller-scale real-world challenge without cor-
responding map priors, we still demonstrate the generalizability of our approach
on these benchmarks. Extensive evaluation results are provided in the supple-
mentary material. Throughout our main experiments, we follow the standard
OpenLane [4] dataset splits and evaluation metrics, and the SD map prior for
each frame is constructed as detailed in Sec. 3.1.

Training details. We use ResNet-50 [8] as our backbone and resize inputs
to 720 × 960. Optimization uses AdamW [17] with a weight decay of 0.01. The
learning rate is initialized to 2 × 10−4 and follows a cosine annealing schedule.
We train for 24 epochs on OpenLane [4] dataset with a global batch size of 32
distributed across 8 × NVIDIA RTX4090 GPUs. We set λsy = 1.0 and λey = 1.0.
All other optimization and hyperparameters follow the baseline LATR [19].

4.1 Quantitative Results

Results on OpenLane. As summarized in Tab. 1, SGC-Lane achieves state-of-
the-art detection performance on the OpenLane validation set by attaining an
F1-score of 65.6% with a standard ResNet-50 backbone. This represents a 0.9%
F1 improvement over the recent EP-Head [3] at 64.7%, while also surpassing
the F1-scores of other leading methods including GLane3D [20] at 63.9% and
LATR [19] at 61.9%. Furthermore, with a stronger Swin-B backbone, SGC-Lane
achieve a higher F1-score of 68.0%. In terms of localization precision, SGC-
Lane maintains competitive geometric accuracy, achieving a near-range error
of 0.204m and a far-range error of 0.254m along the X-axis. Notably, when
compared directly to the baseline LATR [19], SGC-Lane not only delivers a
substantial 3.7% improvement in F1-score but also reduces the X error at both
distance ranges. Ultimately, the significant gain in detection capability alongside
robust geometrical precision confirms the effectiveness and advancement of our
proposed approach.
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Table 1: Quantitative results on OpenLane [4] dataset. Best performance and
second best are highlighted.

Methods Backbone F1 ↑ X error (m) ↓ Z error (m) ↓

near far near far

PersFormer [4] ECCV 2022 EfficientNet 50.5 0.485 0.553 0.364 0.413
Anchor3DLane [10] CVPR 2023 ResNet-18 53.1 0.300 0.311 0.103 0.139
BEV-LaneDet [30] CVPR 2023 ResNet-34 58.4 0.309 0.659 0.244 0.631
LATR [19] ICCV 2023 ResNet-50 61.9 0.219 0.259 0.075 0.104
LaneCPP [24] CVPR 2024 EfficientNet 60.3 0.264 0.310 0.077 0.177
GLane3D [20] CVPR 2025 ResNet-50 63.9 0.193 0.234 0.065 0.090
SC-Lane [21] ICCV 2025 ResNet-50 64.3 0.227 0.251 0.088 0.128
Chang et al . [3] CVPR 2025 ResNet-50 64.7 0.205 0.255 0.074 0.105
SGC-Lane(Ours) ResNet-50 65.6 0.204 0.254 0.076 0.107

GLane3D [20] CVPR 2025 Swin-B 66.0 0.170 0.203 0.063 0.087
SGC-Lane(Ours) Swin-B 68.0 0.197 0.237 0.072 0.101

Table 2: Quantitative results per scenario on the OpenLane [4] dataset. Best perfor-
mance and second best are highlighted. Performance gains are highlighted with blue
arrows.

Methods All Up& Curve Extreme Night Intersection Merge&
Down Weather Split

PersFormer [4] 50.5 42.4 55.6 48.6 46.6 40.0 50.7
Anchor3DLane [10] 53.1 45.5 56.2 51.9 47.2 44.2 50.5
BEV-LaneDet [30] 58.4 48.7 63.1 53.4 53.4 50.3 53.7
LATR [19] 61.9 55.2 68.2 57.1 55.4 52.3 61.5
LaneCPP [24] 60.3 53.6 64.4 56.7 54.9 52.0 58.7
GLane3D [20] 63.9 54.1 67.3 62.0 57.2 53.4 60.0
SC-Lane [21] 64.3 54.6 70.7 58.1 56.5 56.1 63.0
Chang et al . [3] 64.7 55.3 71.5 58.5 58.5 55.5 65.5

SGC-Lane(Ours) 65.6 56.9 72.4 58.7 58.6 57.1 65.5
Improvement ↑0.9 ↑1.6 ↑0.9 - ↑0.1 ↑1.0 ↑2.5

Scenario-wise Analysis. Beyond overall performance, we further evalu-
ate SGC-Lane across challenging scenarios in the OpenLane [4] validation set.
As shown in Tab. 2, our method delivers superior F1-scores against existing
approaches across multiple complex driving environments. It achieves peak F1-
scores in geometrically challenging scenes including Curve at 72.4% and Merge&
Split at 65.5%, while maintaining strong detection in topologically complex situ-
ations like Intersection at 57.1% and Up&Down at 56.9%. Additionally, it secures
the leading position under Night conditions at 58.6%. In extreme weather, our
method records a highly competitive second-place F1-score of 58.7%, slightly
trailing GLane3D [20] due to architectural differences. Under such conditions
with fragmented lane segments, GLane3D’s bottom-up methodology—first de-
tecting dense keypoints then grouping them—proves more effective at capturing
these elements. Overall, these findings demonstrate our method’s robust capa-
bility in handling diverse driving situations.
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Fig. 4: Qualitative results on the OpenLane [4] validation set. The first column shows
four typical driving scenes: (a) Night, (b) Curve, (c) Up&Down, and (d) Intersection.
The second and third columns present the input SD map and the FV heatmap. The
fourth and fifth columns compare the X-Y plane predictions of LATR [19] and our
SGC-Lane. The last column visualizes the 3D estimation results of SGC-Lane. Across
all visualizations, ground truth is shown in green and predictions in red.

4.2 Qualitative Comparison

Fig. 4 illustrates typical cases across Night, Curve, Up&Down, and Intersection
scenes. The FV heatmap shows that, despite biased SD maps, FV-Guided align-
ment concentrates attention on plausible lane regions. From the 2D projections,
introducing the SD map prior achieves more accurate positions than LATR [19].
Regarding completeness, our regressed lanes are distinctly more continuous, ev-
idencing the SCC-Head’s effectiveness for endpoint completion. Finally, the 3D
view confirms our predictions remain highly accurate in the 3D domain.

4.3 Ablation Studies

We conduct comprehensive designed ablation studies on OpenLane [4] dataset
to validate the effectiveness of our proposed components under the same exper-
imental settings as our main training procedure. The detailed analysis of model
complexity and additional experiments are provided in the supplementary. Tab. 3
presents the contributions of individual components to the overall performance.
Through systematic ablation studies, we have obtained key findings.

Evaluation of Individual Module Contributions. Introducing the SD
map prior significantly enhances detection performance, increasing an F1-score
to 63.4% (1.5% ↑), while enhancing localization accuracy, with the near-range X
error reduced to 0.204m (0.015 ↓). Although SD maps can be biased or loosely
aligned, our design, comprising FV-Guided alignment, learnable gating, and local
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Table 3: Ablation of components with error metrics. Best performance and
second best are highlighted.

Exp SD-Map SCC-Head NUS-Plane F1 ↑ Gain ↑ X error (m) ↓ Z error (m) ↓

near far near far

1 61.9 - 0.219 0.259 0.075 0.104
2 ✓ 63.4 1.5 0.208 0.241 0.072 0.103
3 ✓ 64.4 2.5 0.231 0.284 0.079 0.111
4 ✓ ✓ 65.3 3.4 0.217 0.256 0.078 0.108
5 ✓ ✓ 64.7 2.8 0.233 0.275 0.078 0.109
6 ✓ ✓ ✓ 65.6 3.7 0.204 0.254 0.076 0.107

Table 4: Results comparison between EP-Head [3] and SCC-Head on the OpenLane [4]
validation set, with LATR [19] as the baseline.

Methods F1 ↑

LATR [19] 61.9
LATR+EP-Head [3] 63.1
LATR+SCC-Head (Ours) 64.4

injection via LSCA, uses the prior as soft guidance rather than hard labels,
amplifying reliable geometric cues and suppressing misaligned ones. As a result,
the model attains both higher recall and lower positional error.

Used SCC-Head alone, it improves F1-score to 64.4% (2.5% ↑) but increases
localization errors (X: 0.231/0.284m, Z: 0.079/0.111m) due to completion mech-
anism, highlighting a trade-off between completeness and precision. Under a
controlled swap on LATR [19] backbone, as shown in Tab. 4, SCC-Head attains
higher detection performance than EP-Head [3](64.4% vs 63.1%) while preserv-
ing the same training recipe, indicating stronger completion effectiveness.

Complementary effects between modules. By integrating complemen-
tary SD map prior with SCC-Head, we achieve F1-score of 65.3% while maintain-
ing baseline-level localization accuracy. The prior narrows the endpoint search
and makes completion more reliable, so F1-score gains of SCC-Head turn into
improvements without hurting geometric accuracy. Adding perspective-aware
non-uniform sampling plane results in the full model with F1-score of 65.6%, X
error 0.204/0.254m, and Z error 0.076/0.107m, further reducing lateral error.

5 Conclusion

In this paper, we present SGC-Lane, a novel and effective framework that incor-
porates SD map guidance and lane completion for accurate monocular 3D lane
detection. We design an FV-Guided Map Encoder that predicts lane widths
from image features to expand road-level map centerlines into lane boundaries.
These expanded geometric structures are then fused with the image evidence
through the Local Spatial Cross-Attention module to generate prior-enhanced
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lane queries. Furthermore, the proposed Step Consistency Completion Head ef-
fectively leverages the fixed Y -interval constraint of sparse-point representation
to reliably complete truncated lanes by predicting offsets to the lane endpoints
and aggregating predictions via clustering. On the supplemented OpenLane
dataset, our method achieves a state-of-the-art 65.6% F1-score, demonstrating
improved performance especially in challenging scenarios despite relying on only
coarse road-level priors from SD maps. For the future work, we plan to explore
temporal fusion of sequential predictions and incorporate more robust depth
estimation techniques to further enhance detection accuracy and robustness.
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