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Abstract. Monocular 3D lane detection plays a critical role in autonomous driv-
ing, yet recovering reliable 3D geometry from a single image remains challeng-
ing due to inherent depth ambiguity. Prior methods project image features into
Bird’s-Eye-View (BEV) space under a flat-ground assumption, causing geomet-
ric distortion on real-world roads. Recent methods instead predict explicit height
maps to capture non-planar surfaces, but still rely on sparse anchor-based regres-
sion and exploit the recovered geometry merely for spatial transformation rather
than semantic understanding. To overcome these limitations, we propose HSDF-
Lane, which implicitly models the road surface as a Height-aligned Signed Dis-
tance Field (HSDF) over a densely sampled 3D feature volume. Through dif-
ferentiable rendering, the HSDF jointly produces an accurate height map and
surface-aligned features. We further introduce Lane-aware Semantic Positional
Encoding (LSPE), which injects a lane-existence prior derived from the surface-
aligned features into the transformer queries, coupling geometric structure with
semantic guidance. Extensive experiments on the OpenLane benchmark show
that HSDF-Lane achieves state-of-the-art performance in both 3D lane detection
and height map estimation. The code is available at https://github.com/
JiyongBoo/HSDF-Lane.
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1 Introduction

3D lane detection is a key perception task for autonomous driving, as it provides es-
sential information about road structure, vehicle localization, and trajectory planning.
Monocular camera-based research is particularly attractive due to its cost-effective de-
ployment and simple sensor configuration, while still providing rich appearance cues
for identifying lane markings.

Recent advances in deep neural networks have significantly improved visual un-
derstanding from monocular images, enabling remarkable progress in 2D lane detec-
tion [5,15,16,18,22,28,30,39,42–44,59]. However, these approaches inherently lack the
geometry information required for reliable 3D applications. Motivated by the need to
recover 3D geometry from monocular images for downstream tasks, monocular 3D lane
detection has been extensively studied in recent years. Early works primarily adopted
Inverse Perspective Mapping (IPM) to transform image features into Bird’s-Eye-View
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Fig. 1: Comparison between slope-anchor methods and HSDF-Lane. (a) Previous ap-
proaches [31, 32] rely on a small number of predefined slope anchors and directly regress the
height map, which leads to sparse sampling and potential geometric misalignment. (b) HSDF-
Lane densely samples the vertical space and predicts a height-aligned signed distance from each
sample, enabling dense supervision and geometrically consistent rendering.

(BEV) representations [3, 6, 9, 17, 29, 34, 60]. However, BEV transformations relying
on flat-ground assumptions often suffer from severe geometric misalignment on non-
planar roads. To alleviate this limitation, subsequent methods introduced depth estima-
tion branches or Lift-Splat-Shoot (LSS) [33] mechanisms to lift image features into
3D space [23, 26, 35]. Nevertheless, depth-based lifting remains unstable in far-range
regions or rippled surfaces due to the scale ambiguity of monocular depth estimation
and the amplification of projection errors during 3D reconstruction. Concurrently, lane
query-based methods [24, 25, 36] directly predict 3D lanes from 2D features using 3D
positional encoding (PE) to compensate for insufficient geometric cues.

Recent approaches, HeightLane [32] and SC-Lane [31], introduce a height map
based architecture for monocular 3D lane detection. Unlike depth, which measures
the line-of-sight distance from the camera, a height map represents the absolute ver-
tical coordinate at each ground-plane location on the BEV grid. The height map-based
modeling significantly alleviates geometric inconsistencies in BEV space. However, the
framework still approximates complex road geometry using a sparse set of predefined
planar anchors. Existing slope anchors rely on planar assumptions, which inherently in-
troduce geometric distortion on complex roads. Furthermore, as distance increases, the
spatial gaps between these discrete anchors widen significantly, making it inherently
difficult to accurately regress the absolute road height, as shown in Fig. 1 (a).

To address the limitations discussed above, we propose HSDF-Lane, a novel 3D
lane detection framework that combines dense spatial sampling with implicit surface
modeling and effective utilization of spatially aligned features. Rather than relying on
sparse slope anchors, HSDF-Lane densely samples the scene along the vertical axis to
capture complex road surfaces. The resulting volume is modeled with a Height-aligned
Signed Distance Field (HSDF), whose differentiable rendering naturally produces both
an explicit height map and spatially consistent features, as illustrated in Fig. 1(b). To
stabilize the HSDF representation and enforce physically consistent surfaces, a height-
directional Eikonal loss is incorporated during optimization. Furthermore, to address
the limited semantic exploitation in previous approaches, we introduce Lane-aware Se-
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mantic Positional Encoding (LSPE). Specifically, a lane heatmap predicted from the
rendered HSDF features is converted into a semantic embedding, which then aug-
ments the height-based positional encoding to provide semantic guidance for queries.
By jointly leveraging dense surface representations and semantic priors, HSDF-Lane
enables robust height estimation and accurate 3D lane detection.

In summary, the main contributions of this paper are as follows:

• We propose a dense 3D sampling framework with a Height-aligned Signed Dis-
tance Field (HSDF) representation and differentiable rendering pipeline, which re-
places sparse anchor-based height regression to produce surface-aligned features
and an accurate height map.

• We propose Lane-aware Semantic Positional Encoding (LSPE), which incorporates
lane existence probabilities derived from rendered features as semantic priors for
transformer queries.

• Extensive experiments on the OpenLane benchmark demonstrate that HSDF-Lane
significantly improves both height map estimation and 3D lane detection accuracy,
achieving state-of-the-art performance.

2 Related Work

2.1 3D Lane Detection

Motivated by the rapid progress in 2D lane detection [5, 7, 11, 13–16, 18, 22, 28, 30, 37,
39, 40, 42–44, 48, 50, 51, 58, 59, 62], recent works increasingly explore monocular 3D
lane detection to meet the demands of autonomous driving.

Early approaches [6, 9, 17, 34] primarily utilized IPM to transform front-view (FV)
features into a BEV representation. However, the planar-ground assumption and dis-
cretization inherent in IPM often introduce geometric bias and information loss. To mit-
igate such limitations, subsequent studies [3,46,60] incorporate learnable view transfor-
mations or feature alignment mechanisms. PersFormer [3] employs Deformable Cross-
Attention (DCA) for spatial feature transformation, while BEV-LaneDet [46] introduces
a virtual camera module to improve robustness under data augmentation. PVALane [60]
proposes view-agnostic feature alignment to reduce the discrepancy between FV and
BEV representations. Other studies [19,35] adopt Lift-Splat-Shoot (LSS) [33] as an al-
ternative strategy for constructing BEV representations. Recently, GLane3D [29] achieves
strong performance among IPM-based methods by introducing non-uniform BEV sam-
pling and a graph-based lane assembly scheme.

To overcome the geometric misalignment introduced by BEV transformations, anchor-
based and query-based methods [1, 12, 24, 25] have been proposed to predict 3D lanes
directly from FV images. Recent studies further improve direct 3D lane prediction
through lane-aware attention and enhanced lane representations [2, 36]. In particular,
SparseLaneSTP [36] demonstrates notable gains by leveraging spatio-temporal priors
and a novel curve representation.

Recognizing the importance of geometric cues, several approaches explicitly incor-
porate depth estimation. SALAD [52] reconstructs 3D lanes by jointly predicting depth
and lane segmentation in the image plane. More recently, Depth3DLane [26] distills
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knowledge from foundation depth models [54], and DB3D-L [23] constructs BEV fea-
tures with explicit depth supervision. Distinct from these depth-dependent approaches,
HeightLane [32] introduces explicit height map estimation with multi-slope anchors
and height-guided DCA for BEV transformation, and SC-Lane [31] further improves it
with slope-aware adaptive features and temporal consistency.

2.2 Road Height Estimation

Road height estimation has been studied in several related contexts, including BEV-
based perception, aerial elevation mapping, and ground height prediction. (i) Object-
centric height prediction, exemplified by several existing approaches [49,53], which es-
timate height as an auxiliary cue for BEV-based perception and 3D object detection. Re-
cent frameworks, including Height3D [57], HeightAware-BEV [61], and BEVSpread [47],
further predict height distributions to facilitate view transformation and 2D-to-3D map-
ping. (ii) Aerial imagery height estimation, represented by HeightFormer [4], which fo-
cuses on large-scale elevation mapping and differs substantially from onboard driving
scenarios. (iii) Ground height estimation, such as HeightMapNet [38], which leverages
multi-camera inputs and map priors but relies on discretized formulations due to limited
dense supervision.

HeightLane [32] and SC-Lane [31] extend road height estimation to monocular 3D
lane detection by introducing dense BEV height maps for explicit road-surface model-
ing, while SC-Lane additionally establishes unified metrics for quantitative evaluation.
However, both methods remain anchor-based, requiring one-shot regression of abso-
lute height from sparse and slope-dependent projections, which becomes particularly
challenging on distant or highly non-planar roads.

Meanwhile, implicit field representations [27] have shown strong capability for con-
tinuous 3D modeling [45,55] in driving scenes. SurroundSDF [21] adopts an SDF-based
formulation with Eikonal-style regularization for camera-only surface perception, and
InfiniDepth [56] models depth as a neural implicit field enabling continuous, arbitrary-
resolution querying. Despite their effectiveness, these approaches primarily target gen-
eral scene geometry, rather than explicitly optimizing dense road height maps on a BEV
grid. Motivated by this gap, our work leverages an HSDF-based implicit formulation
tailored to road height estimation for 3D lane detection.

3 Method

We define the vehicle coordinate system where the x-axis points to the forward (lon-
gitudinal) direction and the y-axis points to the left (lateral) direction in the BEV. The
region of interest is quantized into a regular BEV grid G of size H×W , where each grid
cell (i, j) corresponds to a physical location (xi, yj). Given a single front-view image
I, our goal is to predict 3D lanes and a height map on the grid. Specifically, we esti-
mate a dense height map H ∈ RH×W , where each value represents the vertical height
z [32]. For 3D lane detection, we adopt the key-point based approach [46] to predict a
lane segmentation map S ∈ RH×W×1, lateral offsets O ∈ RH×W×2, and embeddings
E ∈ RH×W×Cemb . These dense predictions are clustered to form lane instances, which
are subsequently lifted into 3D space using the estimated road surfaces.
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Fig. 2: Overview of HSDF-Lane. Given a monocular image, dense 3D features are constructed
by vertically sampling the BEV grid. The HSDF estimator predicts a Height-aligned Signed Dis-
tance Field (HSDF) (Sec. 3.2), and following differentiable rendering (Sec. 3.3) produces a height
map H and an HSDF-based feature Fhsdf . The feature is further enhanced by Lane-aware Se-
mantic Positional Encoding (LSPE) (Sec. 3.4), where a semantic positional encoding derived
from a predicted HSDF feature Fhsdf is combined with height-based positional encoding to pro-
vide a semantic prior for queries. The refined queries are decoded by the lane predictor, and the
entire framework is optimized end-to-end (Sec. 3.5).

3.1 Overview

Fig. 2 illustrates the overall pipeline of HSDF-Lane. The input front-view image I
is encoded by a backbone to obtain 2D features FFV . For each BEV cell in G, we
densely sample points along the vertical z-axis and project them onto the image plane
using intrinsics K and extrinsics T to gather corresponding image features. Stacking the
sampled features forms a dense 3D feature volume. An MLP then predicts the Height-
aligned Signed Distance Field (HSDF), which represents the vertical signed distance to
the road surface. HSDF enables differentiable rendering of both the height map H and
the HSDF-based feature map Fhsdf . To incorporate semantic cues from Fhsdf into lane
decoding, we introduce Lane-aware Semantic Positional Encoding (LSPE). A BEV lane
heatmap M ∈ RH×W×1 is predicted from Fhsdf and used to augment BEV queries
as an additional positional encoding for the transformer-based lane head. The enriched
BEV queries are updated via deformable cross-attention using 3D reference points de-
rived from H. Finally, the updated queries are fed into the 3D lane head to produce the
final 3D predictions, (S,O, E).

3.2 Dense 3D Feature Sampling & HSDF Modeling

Unlike previous methods that rely on sparse slope anchors, we perform dense sampling
along the vertical axis to capture detailed road geometry.

For each grid cell (xi, yj), the vertical search range [zmin, zmax] is defined propor-
tional to the longitudinal distance xi:

zmin,max = xi · tan(±θ), (1)
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where θ denotes the predefined maximum slope angle. Within this vertical range, we
sample N points along the z-axis. To achieve dense sampling across all distances by
allocating fewer points at near regions and more points at far regions, we introduce
an adaptive sampling strategy based on a target Vertical Sampling Resolution δz . The
required number of samples N for a given cell (xi, yj) is determined as:

N(xi, yj) = max

(
2,

⌈
zmax − zmin

δz

⌉
+ 1

)
. (2)

To facilitate the softmax operation during the subsequent differentiable rendering phase
(detailed in Sec. 3.3), we strictly enforce a minimum of two samples (N ≥ 2) in near-
field regions. The adaptive sampling rule in Eq. 2 guarantees that the spacing between
adjacent samples never exceeds δz . Consequently, we obtain a set of discrete 3D sam-
pling points Psampled = {(xi, yj , zk) | i ∈ [0, H), j ∈ [0,W ), k ∈ [0, N)}, where the
z-coordinates are uniformly partitioned:

zk = zmin +
k

N − 1
(zmax − zmin), k = 0, . . . , N − 1. (3)

Next, we project the 3D sampling points Psampled onto the image plane using the
camera parameters to retrieve pixel-aligned features from the 2D backbone feature
FFV . By stacking the retrieved features along the vertical z-axis up to N , we con-
struct a dense 3D feature volume V ∈ RH×W×Nmax×C . Invalid sample positions are
explicitly handled via a padding mask during the rendering phase.

To implicitly model the road surface geometry within V , we propose the Height-
aligned Signed Distance Field (HSDF). Unlike conventional SDF formulations that
measure isotropic distances in 3D space, our HSDF is strictly axis-aligned to the ver-
tical direction, making it directly interpretable for height estimation. We define the
ground-truth HSDF value s at a point (x, y, z) as:

s(x, y, z) = z −HGT (x, y), (4)

where HGT (x, y) is the ground truth road height. A value of s = 0 indicates the exact
road surface, while the sign represents the relative vertical position. Finally, we employ
an MLP with a skip connection to predict the HSDF value ŝ using the feature volume
V:

ŝ(xi, yj , zk) = MLP
(
cat

[
V(xi, yj , zk), γ(xi, yj , zk)

])
, (5)

where γ(·) represents the positional encoding [27].

3.3 HSDF-based Differentiable Height Map & Feature Rendering

In our framework, the road surface is implicitly represented by the coordinates where
the HSDF value is zero, s(x, y, z) = 0. To extract the explicit height map from the
HSDF representation, we employ a differentiable soft argmin operation. For each grid
cell (xi, yj), we compute probability weights wk by applying a softmax function over
the valid sampled indices k:

wk(xi, yj) = softmaxk

(
−|ŝ(xi, yj , zk)|

τ(xi)

)
. (6)
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Fig. 3: HSDF-based differentiable rendering. For each BEV location (x, y), probability
weights wk are computed from the predicted HSDF values using a softmax operator. These
weights are used to aggregate vertical samples along the ray, producing the rendered height map
H and surface-aligned features Fhsdf .

Invalid indices where the sample exceeds the upper boundary (zk > zmax) are explicitly
masked out prior to the softmax operation. Here, the temperature τ(xi) controls the
sharpness of the weight distribution. To ensure consistent optimization behavior across
varying vertical search ranges, we scale τ adaptively:

τ(xi) = τ0 · clip
(
zmax − zmin

δz
, 0.3, 3.0

)
, (7)

where τ0 is a learnable base temperature, and δz is the fixed vertical sampling inter-
val defined in Sec. 3.2. The clipping operation bounds the scaling factor to [0.3, 3.0],
preventing numerical instability from near-zero temperatures while avoiding excessive
smoothing that would result from large temperatures.

Using the weights wk(xi, yj), we first compute a preliminary continuous height
map H̃. Instead of simply aggregating the discrete sample coordinates zk, we treat the
predicted HSDF value ŝ as a local residual to refine the coarse sampling. Specifically,
each sample zk is shifted toward the surface using the predicted distance ŝ, and the
refined coordinates are aggregated via a weighted sum:

H̃(xi, yj) =

N−1∑
k=0

wk(xi, yj) · (zk − ŝ(xi, yj , zk)) . (8)

Because this ray-wise rendering operates independently for each grid cell, it may in-
troduce local spatial discontinuities. To improve spatial smoothness while maintaining
stable optimization in the early training stages, we apply a zero-initialized 3×3 residual
convolution over H̃ to obtain the final height map H.

Concurrently, to extract semantic features corresponding to the road surface for lane
understanding, we compute a preliminary feature map F̃hsdf by aggregating the feature
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Fig. 4: (Left) Lane-aware Semantic Positional Encoding. A Lane heatmap M is multiplied by
learnable vector v and builds a semantic embedding psem that is fused with height map–based
positional encoding pgeo to produce the final Lane-aware Semantic positional embedding pbev .
(Right) Visualization of Effect of LSPE. We sampled two reference points p0 and p1, and
visualized weight of attention. With LSPE, our model shows robust sampling ability to align
attention with the lane to enhance lane understanding.

volume V using the identical weights:

F̃hsdf (xi, yj) =

N−1∑
k=0

wk(xi, yj) · V(xi, yj , zk). (9)

To further improve spatial coherence, the aggregated features F̃hsdf are refined using
a zero-initialized depthwise-pointwise residual block, producing the final HSDF-based
feature map Fhsdf . The overview of HSDF is illustrated in Fig. 3.

Furthermore, we introduce a Height-directional Eikonal Regularization. A property
of an SDF is that the magnitude of its gradient is equal to 1, i.e., ∥∇f∥ = 1 [8, 45, 55].
While conventional approaches enforce the constraint on the full 3D gradient, our
HSDF is designed specifically for height estimation along the vertical direction. There-
fore, the regularization constrains only the partial derivative along the vertical axis, i.e.,
∂s/∂z = 1. Because the representation is defined on discrete samples, the derivative is
approximated using finite differences:

Leik =
∑

(xi,yj ,zk)

∣∣∣∣ ŝ(xi, yj , zk+1)− ŝ(xi, yj , zk)

zk+1 − zk
− 1

∣∣∣∣ . (10)

This regularization encourages the network to learn a physically meaningful distance
field rather than arbitrary scalar values, stabilizing zero-crossing localization and im-
proving height rendering quality.

3.4 Lane-aware Semantic Positional Encoding (LSPE)

HSDF-based rendering produces a geometrically aligned feature map Fhsdf , which pro-
vides a representation for extracting semantic priors. A lane existence heatmap M ∈
RH×W×1 is predicted directly from Fhsdf using a lightweight CNN. The auxiliary
prediction task captures semantic lane information and encourages the features to con-
centrate on lane regions, thereby implicitly improving the spatial consistency of Fhsdf .
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As illustrated in the left panel of Fig. 4, the predicted heatmap M is converted
into a positional encoding to incorporate the semantic prior into the transformer. In-
stead of adopting a full learnable embedding, which may introduce noise and interfere
with the geometric positional embedding pgeo [32], a single learnable vector v ∈ RC

is employed. The semantic encoding is obtained by modulating the vector v with the
predicted heatmap probability M. The resulting semantic embedding psem is combined
with the geometric positional embedding pgeo derived from the heightmap H to con-
struct the final Lane-aware Semantic Positional Encoding pbev :

psem(xi, yj) = M(xi, yj) · v, (11)
pbev(xi, yj) = pgeo(xi, yj) + psem(xi, yj). (12)

The composite embedding pbev provides the transformer with a semantic prior indi-
cating regions where lane existence is highly probable, while preserving the geometric
structure encoded in pgeo.

Finally, following the height-guided spatial transform framework [32], the rendered
height map H and the composite positional embedding pbev are used to generate refined
BEV features. The refined features are subsequently processed by the lane detection
head to estimate 3D lanes.

3.5 Training Loss

The training objective of HSDF-Lane is formulated as a weighted sum of all losses:

Ltotal = λsegLseg+λoffLoff + λembLemb

+λ2dL2d+λgeo(LH + λeikLeik) + λhmLhm.
(13)

Following [32, 46], the segmentation loss Lseg is implemented as a combination of
Binary Cross Entropy (BCE) and IoU losses. The offset loss Loff is optimized using a
BCE loss, while the embedding loss Lemb employs the discriminative push–pull loss.
The auxiliary 2D supervision loss is denoted as L2d. Geometry-related losses LH, Leik,
and the lane heatmap loss Lhm are employed for geometry learning. Detailed formula-
tions of the losses and the weighting coefficients λ are provided in the supplementary
material.

4 Experiments

4.1 Experimental Setup

Datasets. To validate our framework, we conducted experiments on the extensive Open-
Lane benchmark [3], which is derived from the Waymo Open Dataset [41]. The Open-
Lane benchmark encompasses 1,000 driving scenes, totaling 200,000 frames split into
150,000 for training and 50,000 for validation, alongside 880,000 spatial lane annota-
tions in 3D coordinates. The evaluation set is categorized into six distinct scenarios:
Up & Down, Curve, Extreme Weather, Night, Intersection, and Merge & Split. Further-
more, ablation experiments are carried out on OpenLane-300, a representative subset
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Table 1: Quantitative comparison on OpenLane Benchmark [3]. The best results are highlighted
in bold, while the second-best results are underlined. (†): HSDF-Lane equipped with FPN.

Method Backbone F1-Score(%)↑ X-error (m) ↓ Z-error (m) ↓
near far near far

PersFormer [3] EfficientNet-B7 50.5 0.485 0.553 0.364 0.431
BEV-LaneDet [46] ResNet-34 58.4 0.309 0.659 0.244 0.631
LATR [25] ResNet-50 61.9 0.219 0.259 0.075 0.104
PVALane [60] Swin-B 63.4 0.226 0.257 0.093 0.119
GroupLane [19] ConvNext-Base 64.1 0.320 0.441 0.233 0.402
HeightLane [32] ResNet-50 62.7 0.240 0.266 0.116 0.165
SC-Lane [31] ResNet-50 64.3 0.227 0.251 0.088 0.128
Rethinking [2] ResNet-50 64.7 0.205 0.255 0.074 0.105
GLane3D-B [29] ResNet-50 63.9 0.193 0.234 0.065 0.090
SparseLaneSTP [36] ResNet-50 66.1 0.203 0.240 0.066 0.092
HSDF-Lane (Ours) ResNet-50 66.3 0.201 0.223 0.088 0.114
HSDF-Lane† (Ours) ResNet-50 66.9 0.186 0.226 0.084 0.114

Table 2: Quantitative results comparison by scenario on the OpenLane [3] validation set using
F1-score (%). The best results for each scenario are highlighted in bold and second-best results
are underlined. (†): HSDF-Lane equipped with FPN.

Method All Up &
Down Curve Extreme

Weather Night Intersection Merge
& Split

BEVLaneDet [46] 58.4 48.7 63.1 53.4 53.4 50.3 53.7
LATR [25] 61.9 55.2 68.2 57.1 55.4 52.3 61.5
HeightLane [32] 62.7 53.6 69.3 55.4 54.6 54.1 61.1
PVALane [60] 62.7 54.1 67.3 62.0 57.2 53.4 60.0
SC-Lane [31] 64.3 54.6 70.7 58.1 56.5 56.1 63.0
GLane3D-B [29] 63.9 58.2 71.1 60.1 60.2 55.0 64.8
SparseLaneSTP [36] 66.1 57.3 73.0 60.1 58.3 58.2 66.5
HSDF-Lane (Ours) 66.3 58.9 73.7 60.7 57.4 58.3 65.7
HSDF-Lane† (Ours) 66.9 58.2 74.2 60.5 59.6 59.2 66.8

consisting of 300 scenes. For height map training, we directly utilize the ground-truth
dense height maps provided by HeightLane [32], which were generated by accumulat-
ing Waymo LiDAR point clouds. These height maps are structured in a 200× 48 BEV
grid format, covering a physical range of x ∈ [3m, 103m] and y ∈ [−12m, 12m] with a
spatial resolution of 0.5m per cell.

Baselines. We compare our method with several strong monocular 3D lane detection
baselines, including PersFormer [3], BEV-LaneDet [46], LATR [25], PVALane [60],
GroupLane [19], and HeightLane [32], as well as recent state-of-the-art methods such as
SC-Lane [31], Rethinking [2], GLane3D-B [29], and SparseLaneSTP [36]. For height
estimation, we follow the evaluation protocol of SC-Lane and report comparisons with
HeightLane and SC-Lane. For qualitative comparisons, we visualize results from HSDF-
Lane, HeightLane, and LATR. Other recent methods, such as GLane3D-B and Sparse-
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LaneSTP, are not included in the qualitative comparison due to the lack of publicly
available code.
Evaluation Metrics. We utilized the established metrics from Gen-LaneNet [9] to as-
sess 3D lane detection performance, reporting the F1-score alongside positional errors
along the X and Z axes. Here, the X- and Z-errors denote lateral and vertical deviations,
differing from the vehicle coordinate system in Sec. 3. Specifically, a predicted lane is
treated as a true positive only when a minimum of 75% of its constituent points fall
within a 1.5-meter distance threshold from the corresponding ground truth. Spatial de-
viations (X and Z errors) are computed over two distinct longitudinal intervals: the near
range (0 to 40 meters) and the far range (40 to 100 meters). For height map evaluation,
we follow the metrics proposed in SC-Lane [31]. Specifically, we report Mean Abso-
lute Error (MAE), Root Mean Square Error (RMSE), and threshold-based accuracies at
0.05m, 0.1m, and 0.2m.

4.2 Implementation Details

Network Architecture. We use ResNet-50 [10] as the backbone network to extract
image features FFV with a stride of 16 and a channel size of 1024. The input images
are resized to 600× 800. We adopt the transformer decoder and 3D lane detection head
from HeightLane [32]. To ensure computational efficiency, the transformer decoder is
configured with only two layers. We employ four attention heads, with four sampling
points per head for the Deformable Cross-Attention (DCA).

We additionally report HSDF-Lane†, a variant that adopts a Feature Pyramid Net-
work (FPN) [20] following LATR [25]. Instead of relying on a single-scale feature,
the FPN aggregates multi-scale features from the backbone at strides of 8, 16, and 32,
each with a channel size of 256. The resulting multi-scale features are jointly fed into
the transformer decoder, which is configured with four layers for this variant. All other
settings remain identical to the base model.
Spatial and SDF Settings. The BEV space is quantized into a 200 × 48 grid, rep-
resenting a physical range of x ∈ [3m, 103m] in the longitudinal direction and y ∈
[−12m, 12m] in the lateral direction, which yields a grid resolution of 0.5m per cell.
For the dense 3D sampling, the predefined maximum slope angle used to define the
vertical search range [zmin, zmax] is set to θ = 5◦. We set the target vertical sampling
resolution δz to 1.5m. Accordingly, the maximum number of sample points along the z-
axis is bounded by Nmax = 13. The learnable temperature for the soft argmin rendering
operation is initialized to τ0 = 0.3.

4.3 Quantitative Results

Table 1 presents the quantitative comparison with existing monocular 3D lane detec-
tion methods on the OpenLane [3] validation set. HSDF-Lane achieves the best F1-
score among existing methods, and its FPN-equipped variant HSDF-Lane† further im-
proves it, yielding the top two results and outperforming both anchor-based approaches
such as HeightLane [32] and SC-Lane [31] and query-based methods including Sparse-
LaneSTP [36]. Both models also achieve competitive geometric accuracy, with HSDF-
Lane obtaining the best far-range X-error and HSDF-Lane† the best near-range X-
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Input Ours HeightLane LATR Ours HeightLane GT

Fig. 5: Qualitative comparison of 3D lane detection and road height estimation. From left
to right: input image I, and 3D lane predictions of HSDF-Lane (ours), HeightLane [32], and
LATR [25]. The ground truth (GT) is indicated by red dashed lines. The right panel compares the
estimated height maps H and their corresponding error maps (masked by valid GT regions) for
our method and HeightLane, alongside the GT height map HGT. Other recent methods [29, 36]
lack public code and are thus excluded. More qualitative results are in the supplementary material.

error. We note that Z-error is influenced by the representation used for lane estima-
tion. Height-map-based methods [31, 32], including our HSDF-Lane, predict and su-
pervise the height over the entire BEV grid. In contrast, other recent methods such as
LATR [25], SparseLaneSTP [36], and GLane3D [29] directly regress the height at each
lane point and apply the Z-loss only at those points. Because the supervision is con-
centrated on lane locations, such methods tend to report lower Z-error, so the values
are not always directly comparable across methods. Nevertheless, HSDF-Lane remains
competitive through the proposed HSDF formulation.

To analyze performance under different environmental conditions, Table 2 reports
F1-score across the scenario-based subsets of OpenLane. HSDF-Lane performs best in
the Up & Down scenario, while HSDF-Lane† attains the best results in Curve, Intersec-
tion, and Merge & Split, as well as the best overall F1-score. These results demonstrate
that the proposed HSDF-based representation and LSPE effectively improve lane de-
tection under complex road geometries and diverse environments.

Table 3 presents the quantitative comparison of road height estimation. Both vari-
ants outperform HeightLane and SC-Lane across most metrics, with HSDF-Lane† ob-
taining the lowest MAE and the highest threshold-based accuracies. The only exception
is RMSE, where HSDF-Lane is slightly higher than SC-Lane. The anchor-based re-
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Table 3: Comparison of height estimation performance. The best results are highlighted in bold
and second-best results are underlined. (†): HSDF-Lane equipped with FPN.

Method Error Metrics (↓) Accuracy Metrics (↑)
MAE RMSE @0.05 @0.1 @0.2

HeightLane [32] 0.235 0.343 0.253 0.442 0.673
SC-Lane [31] 0.176 0.259 0.293 0.507 0.756
HSDF-Lane 0.158 0.313 0.294 0.512 0.763
HSDF-Lane† 0.149 0.272 0.307 0.527 0.776

gression and temporal consistency loss adopted in SC-Lane suppress outliers and yield
lower RMSE, but constrain the representable height range. In contrast, the HSDF-based
formulation captures a substantially wider height range, resulting in a marginally higher
RMSE. Overall, these results confirm that the proposed HSDF-based representation
yields more accurate height estimation than previous anchor-based methods.

4.4 Qualitative Results

Fig. 5 presents qualitative comparisons with representative monocular 3D lane detection
methods on the OpenLane dataset [3]. Compared with HeightLane [32] and LATR [25],
HSDF-Lane produces more geometrically consistent lane predictions, particularly in
challenging scenarios such as curved roads, nighttime conditions, and complex urban
environments. In addition to improved lane detection, the proposed method also pro-
vides accurate road height estimation. As shown in the right panel of Fig. 5, the pre-
dicted height maps of HSDF-Lane exhibit smoother and more consistent surface struc-
tures, while the corresponding error maps indicate smaller deviations from the ground
truth compared with HeightLane. These results demonstrate that modeling the road
surface using the proposed HSDF representation enables more reliable geometric un-
derstanding, which further benefits downstream 3D lane detection.

4.5 Ablation Studies

To evaluate the contributions of the proposed components of HSDF-Lane, we conduct
ablation studies on the OpenLane-300 subset [3]. The quantitative results are reported
in Table 4.

Effect of Explicit Height Map Supervision. Using only the Eikonal regularization
(Exp. A) fails to capture accurate road elevations, resulting in poor lane detection per-
formance. Introducing explicit height map supervision LH (Exp. B) substantially re-
duces MAE and RMSE while significantly improving threshold-based accuracies. This
improved geometric alignment leads to a higher F1-score, confirming that direct super-
vision on the rendered height map is essential for learning the correct road topology.

Effect of Height-directional Eikonal Regularization. Comparing Exp. B and Exp. C
shows that adding the height-directional Eikonal regularization Leik further improves
the stability of HSDF-based height estimation. In particular, Leik substantially reduces
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RMSE and slightly lowers MAE, indicating fewer extreme height deviations and a
more physically consistent vertical distance field. While the threshold-based accuracies
change only marginally, the improved global consistency leads to a gain in F1-score.

Effect of LSPE. Comparing Exp. C and Exp. D demonstrates the benefit of incorporat-
ing LSPE, which introduces the heatmap supervision Lhm. LSPE enhances the F1-score
and achieves the best threshold-based accuracies, suggesting that the lane heatmap prior
helps the model focus on lane-relevant regions and improve height estimation in a way
that is more aligned with lane perception. Although RMSE increases, the overall gains
in detection accuracy and threshold-based height metrics indicate that LSPE provides
complementary semantic guidance beyond purely geometric supervision. This observa-
tion highlights that semantic guidance reinforces geometric supervision and plays a key
role in improving 3D lane detection performance.

Table 4: Ablation study on the key components of HSDF-Lane evaluated on the OpenLane-300
subset [3]. Bold and underlined values indicate the best and second-best performances.

Exp.
Preserve (✓)

F1-score (↑)
Error (↓) Accuracy (↑)

Leik LH LSPE MAE RMSE Acc@0.05 Acc@0.1 Acc@0.2
A ✓ 71.8 0.512 0.648 0.052 0.105 0.197
B ✓ 74.2 0.161 0.333 0.283 0.498 0.755
C ✓ ✓ 74.7 0.157 0.286 0.275 0.487 0.750
D ✓ ✓ ✓ 75.6 0.158 0.326 0.288 0.503 0.767

5 Conclusion

In this paper, we presented HSDF-Lane, a novel monocular 3D lane detection frame-
work that addresses the limitations of sparse anchor-based height regression and in-
sufficient semantic utilization. To capture complex road geometry, we replaced prede-
fined slope anchors with a dense feature volume modeled by a Height-aligned Signed
Distance Field (HSDF). Stabilized by a Height-directional Eikonal regularization, this
implicit formulation enables accurate differentiable rendering of a dense height map
and surface-aligned features. We further proposed Lane-aware Semantic Positional En-
coding (LSPE), which predicts a lane existence heatmap from the surface-aligned fea-
tures and embeds it into the transformer queries to integrate semantic priors with the
rendered geometry. Extensive experiments on the OpenLane benchmark demonstrate
that HSDF-Lane achieves state-of-the-art performance in monocular 3D lane detection
while improving road height estimation accuracy.
Limitations. Despite these results, several limitations remain. The height map is pre-
dicted over a fixed BEV grid without identifying the drivable road surface, training
requires dense LiDAR-derived height-map supervision, and experiments are limited to
a monocular setting without multi-view, temporal, or multi-modal extensions. Over-
coming these limitations remains future work.
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