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Abstract— Autonomous driving for urban and highway driv-
ing applications often requires High Definition (HD) maps to
generate a navigation plan. Nevertheless, various challenges
arise when generating and maintaining HD maps at scale. While
recent online mapping methods have started to emerge, their
performance especially for longer ranges is limited by heavy oc-
clusion in dynamic environments. With these considerations in
mind, our work focuses on leveraging lightweight and scalable
priors–Standard Definition (SD) maps–in the development of
online vectorized HD map representations. We first examine the
integration of prototypical rasterized SD map representations
into various online mapping architectures. Furthermore, to
identify lightweight strategies, we extend the OpenLane-V2
dataset with OpenStreetMaps and evaluate the benefits of
graphical SD map representations. A key finding from designing
SD map integration components is that SD map encoders are
model agnostic and can be quickly adapted to new architectures
that utilize bird’s eye view (BEV) encoders. Our results show
that making use of SD maps as priors for the online mapping
task can significantly speed up convergence and boost the
performance of the online centerline perception task by 30%
(mAP). Furthermore, we show that the introduction of the
SD maps leads to a reduction of the number of parameters
in the perception and reasoning task by leveraging SD map
graphs while improving the overall performance. Project Page:
https://henryzhangzhy.github.io/sdhdmap/.

I. INTRODUCTION

Research and development in the areas of autonomous
driving has rapidly evolved over the past few decades. Nev-
ertheless, highly detailed and rich maps, often referred to as
High Definition (HD) maps, have become a key component
required by most perception and planning modules, such as
in Autoware [1] and Apollo [2]. It is especially critical for the
fully autonomous driving scenarios, when online perception
of individual lanes [3], [4] cannot satisfy the need of complex
motion planning or long-term navigation. Today, HD maps
serve as the de facto modality and provide static contextual
information for behavior prediction [5], [6], [7] and road
topology and connectivity information for route planning and
motion planning [8], [9].
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Fig. 1. Online road network perception and reasoning is challenging due
to occlusion by on-road objects, especially at long-range as required by
planning. In this example, the left turn map elements are heavily occluded
by the vehicles. The baseline (TopoNet) using only image data misses the
left turn while our method (TopoNet+OSMR–leveraging rasterized Standard
Definition (SD) maps as the prior) predicts it correctly. Visualizations
represent centerlines with connectivity information.

However, HD maps present significant challenges in terms
of cost, scalability, and maintenance [10]. HD maps often
require dedicated mapping teams to gather, process, and label
data for the regions within the operational design domain.
If a significant change occurs that displaces the original
definitions, the original map must be updated which presents
high maintenance overhead and potential failure points in
the software. This overall process often requires human
supervision, manual labeling, and extensive verification. As
a result, these considerations present a bottleneck in terms
of providing a scalable and cost-efficient solution.

Therefore, cost-effective and online methods present bene-
fits that can potentially address the pain points of HD maps.
More recently a research effort has focused on the online
component [11], [12], [13], [14], which appears to advance
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the classic lane detection by recovering the topological
outputs as close to the HD maps as possible. For instance,
MapTR [13] introduces a method for online vectorized HD
map generation; this work focuses on the perception of
road boundaries, pedestrian crossings, and lane marks. As
an extension to the perception task, Li et al. [15] introduce
a method termed TopoNet to model the underlying topology
and road network connectivity for urban driving tasks. This
approach focuses on the perception and reasoning task jointly
and aims to reduce the gap between the features generated by
fully online models and HD maps. Nevertheless, these meth-
ods present high computing requirements and still experience
challenges in highly dynamic and occluded environments,
especially for longer ranges which is required for planning.

To further explore online HD mapping for autonomous
driving applications, our work seeks to incorporate
lightweight priors as part of the formulation to improve
performance while reducing computing complexity. More
specifically, we explore the benefits of utilizing coarse priors
in the form of the widely available Standard Definition
(SD) maps, such as Google Maps and OpenStreetMaps
(OSM) [16]. We evaluate the performance and computing
implications of SD map representations and encoders for the
detection and reasoning tasks. We perform our experiments
using various architectures across open-source datasets and
additionally introduce a new SD map dataset based on OSM
to explore the benefits of graph-based SD map representa-
tions. In summary, our key contributions are as follows.

• We introduce different types of lightweight SD map
representations into the online mapping tasks. We show
that SD maps provide long-range prior information and
can visually improve occluded regions; thus, resulting
in better overall quantitative results.

• We investigate prototypical representations of the SD
maps and the most effective integration with online map
baselines with various architectures.

• Additionally, we expand the OpenLane-V2 dataset with
OSM data to enable using SD maps as graph representa-
tions for graph-based architectures. Our dataset, termed
OpenLane-V2-OSM, will be public.

II. RELATED WORK

High Definition (HD) Maps. HD maps are costly to
generate and require constant maintenance [10], [17]. To
tackle these problems, two major directions emerge. One
direction, HD map automation [18], [19], [20], investigates
automated HD map generation and map change detection and
merging with a fleet. The other direction involves online HD
mapping [11], [12], [13], [14], [15], which entails building
an HD map on the fly.

For HD map automation, the aspect more related to
our work is online map generation. Early work focuses
on drivable area or lane semantics [17] that are important
for navigation. Related methods introduce BEV-level scene
understanding strategies using monocular camera data [18],
[19]. Zhou et al. [20] use instance segmentation for lane
segmentation and a particle filter to extract lane information.

The final vector map is then generated with the information
from the OpenStreetMap (OSM) [16].

HD map automation still requires a large fleet to constantly
maintain them. To address this issue, online HD mapping has
become more popular in recent years. STSU [21] builds BEV
centerline road networks from a single camera. HDMap-
Net [11] takes surrounding view images and first generates
semantic segmentation, then post-processes them to con-
struct vectorized maps. This post-processing step is removed
in VectorMapNet [12] by directly generating vectorized
representations using a transformer decoder. Furthermore,
MapTR [13] and MapTRv2 [14] propose a permutation
invariant loss for better learning map elements that are not
directional. These works typically focus on the [−30m,30m]
range and the performance deteriorates significantly when
the range increases.

To make HD maps more useful for downstream tasks
such as prediction and planning, they need more than simple
map elements. The list extends to traffic elements such as
traffic lights/signs and a stronger association component
that reasons about their relationship. Building on top of
prior large datasets with HD maps such as Nuscenes [22]
and Argoverse [23], OpenLane-V2 [24] provides additional
annotations including traffic light colors, turn signals, and
their association to specific lanes. TopoNet [15] uses this
dataset to decode centerlines from BEV features, and applies
a Scene Graph Neural Network (SGNN) to learn the final
centerline and control relationships.

Standard Definition (SD) Maps. SD maps such as
Google Maps and Open Street Maps include high-level road
network information without lane-level information. They
are scalable and lightweight solutions widely used in human
driving that provide context for driving; these qualities can
help address some of the issues in real-time perception such
as occlusion. However, few methods use SD maps as prior
for detailed mapping. In [20], they infer the connectivity of
estimated lanes in intersections based on the connectivity
of OSM. OSM are also used in [25] and [26] towards e2e
autonomous driving. Various works also use SD maps as
context for downstream tasks such as prediction [27] and
planning [28]. Inspired by these strategies, we explored using
OSM as context for online HD mapping.

III. METHODOLOGY

To evaluate the effectiveness of introducing SD maps as
a prior for online HD mapping, we integrate SD maps into
recent online mapping tasks. These tasks can be divided into
two folds. One is the perception task, focusing on the map
element such as lane line, road boundary, crosswalk and
centerline prediction [13], [14]. The other adds reasoning
to perception, which not only detects the map elements but
also traffic elements such as traffic lights/signs and their
relations [15]. We describe our approaches to integrating SD
maps into state-of-the-art models for the pure perception task
in Section III-A and the joint perception and reasoning tasks
in Section III-B.

1087



Fig. 2. Our pipeline integrating a rasterized SD map with the state-of-the-art online perception approach MapTR. The model encodes the SD Map in
rasterized features in bird’s-eye view (BEV) space, and fuse them with image BEV features, and predicts centerlines with a deformable attention decoder.

A. Perception Task

For the perception task, we predict centerlines based
on surround-view images and SD maps. More formally,
given a sequence of image inputs {Ii}NC

i=1 generated from
NC surround-view cameras, and an ego-centric SD map
representation MSD, the task predicts the centerlines DC. A
centerline predicted Dk

C ∈ DC is represented as a 2D line
{(xk

j,y
k
j)}

NL
j=1 with NL waypoints in the ego-vehicle frame.

Additionally, each centerline prediction contains an attribute
to denote if a centerline is an intersection segment or a
regular segment.

Architecture. We incorporate SD maps into the state-of-
the-art online HD mapping architecture from MapTR [13]
which is based on an encoder-decoder architecture (Fig. 2).
An image encoder encodes surround-view images {Ii}NC

i=1
into perspective-view (PV) features FPV . These PV features
are then transformed into unified BEV features FBEV by a
BEV view transform module. The BEV features are further
decoded into map elements DC.

Rasterized SD Map. Given that SD maps are naturally
represented in BEV, we fuse SD map features with BEV
image features. We rasterize the SD map and generate a
BEV SD map MSD, each SD map class represented by a
distinct color. An SD encoder, in this case a ResNet-18 [29],
is employed to extract SD map features FSD. We chose a
lightweight encoder given that the features are already color-
coded by semantics.

SD map feature FSD is then interpolated and concate-
nated with the BEV feature from images FBEV along the
channel dimension. Our design leverages this approach to
align spatial features from BEV and SD maps together. The
intuition revolves around using the SD map canvas to reduce
the centerline search space in BEV. Subsequently, similar to
fusing with BEV LiDAR feature in [12], [13], the ConvFuser
with a simple two-layer convolutional neural network fuses
the concatenated feature and output the fused BEV feature
Fa

BEV .
Losses. The losses are the same as introduced in [13], a

combination of classification loss Lcls, point distance loss
Lp2p and edge directional loss Ldir.

B. Perception and Reasoning Task

This section builds on the task explored in Section III-
A by incorporating a reasoning component to road network
perception. In addition to identifying the centerline elements
nearby, with respect to the ego-agent, this task seeks to
identify the traffic elements on the road, the relationships
between centerlines, and the relationships between the traffic
elements and centerlines detected. Traffic elements, such
as traffic lights, road markings, and road signs, provide
important navigation information to HD maps.

More formally, given the same inputs {Ii}NC
i=1 and MSD,

the task involves predicting the centerlines DC, the road-
side traffic elements DT , and the relational attributes, the
association matrix between centerlines and centerlines ACC,
and the association matrix between centerlines and traffic
elements ACT [24]. From this these outputs, a centerline
predicted Di

C ∈ DC is represented as a 3D line {(xi,yi,zi)}NL
i=1

with NL waypoints in the ego-vehicle frame. A traffic element
j detected in image i (Di, j

T ) can be represented as a 2D
bounding box (x,y,w,h,class), where x,y denote position,
w,h bounding box dimensions, and class denotes the traffic
sign attribute such as turn le f t, turn right, red,green,yellow
for traffic lights.

Architecture. We employ the TopoNet Architecture [15]
as the basis of our approach. The approach outlined in Fig. 3
utilizes an image backbone (i.e. ResNet-50) to process NC
image inputs and generate their corresponding images fea-
tures FPV . These perspective view features are then utilized
in multiple downstream components. First, a deformable
attention decoder [30] is used as a traffic element de-
coder where the traffic element queries QT attend to the
perspective view features FPV to decode traffic elements
embeddings. Similarly, the image features FPV are processed
by a BEVFormer Encoder [31] to transform the perspective
view features into BEV features–this is denoted by FBEV .
In the following centerline deformable attention decoder, the
centerline queries denoted by QC then attend to the BEV
features to generate centerline embeddings.

A key difference with respect to TopoNet involves the
added SD map feature encoder. In this section, we exper-
iment with two encoders: one that processes SD maps as
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Fig. 3. Our pipeline integrating graph-based SD maps with the state-of-the-art perception and reasoning architecture based on TopoNet with a BEV-SD
OSM graph encoder. The method processes multi-view image data, OSM SD map graphs, and leverages deformable decoders along with a Scene Graph
Neural Network process to predict centerlines, traffic elements, and their relationships.

rasters and one that operates directly on SD map graphs.
The raster-based encoder resizes the input SD map MSD to
the same dimensions as the BEV feature map FBEV and
stacks them together along the channel dimension; we utilize
the encoder setup and rasterization process as introduced
in Section III-A. In contrast, the graph-based encoder fuses
SD map graphs with BEV features and is combined with the
outputs from the centerline deformable decoder by leveraging
a multi-head attention mechanism [32]. In the following parts
of this section, we discuss the encoder and alignment process
for SD map graphs, the perception heads, and reasoning
process between centerlines and traffic signs. The section
concludes with the losses used in the training process.

BEV-SD Graph Fusion. The BEV-SD fusion component
shown in Fig. 3 leverages FBEV to augment the node features
from a given SD map graph GSD = (VSD,ESD), where VSD =
{1, ...,n} and ESD ⊆ VSD ×VSD. More specifically, vertex i
corresponds to node feature X i

SD which contains positional
information with respect to the ego-vehicle, namely X i

SD =
(xi,yi). Since FBEV ∈ RHB×WB×CB also encodes spatial BEV
features in an ego-centric perspective with a fixed perception
range given by an HB ×WB grid, we can align a given SD
node X i

SD in BEV by scaling (xi,yi) as shown in Eq. (1)
and Eq. (2), where Hm

B and W m
B are convertion factors in

terms of cell/m. Thus, the BEV feature corresponding to a
given SD map element located at (xi,yi) can be indexed by
(xB

i ,y
B
i ). Similar to the rasterized encoder counterpart, our

design is motivated by aiming to spatially align BEV and
SD map features–which intuitively translates to using SD
maps as a reference to regress centerlines and not start from
scratch.

xB
i = ⌊xi ·Hm

B ⌋+ HB

2
(1)

yB
i = ⌊yi ·W m

B ⌋+ WB

2
(2)

This node-level feature augmentation process is performed
for every SD map node within the BEV perception range by

concatenating the initial node feature and the BEV feature
corresponding that that position as shown in Eq. (3). The
augmented SD map graph is denoted by Ga

SD.

Xa,i
SD = concat

(
X i

SD,FBEV (xB
i ,y

B
i )
)

(3)

SD Map Graph Encoder. To process the augmented SD
map graph Ga

SD, we employ an Edge Convolution graph
encoder as it has been shown to effectively capture local
geometric attributes [33]. Our GNN formulation leverages
the road connectivity information provided in the form of an
adjacency matrix to determine node i’s neighbors.

This GNN approach then utilizes a two-layer Multi-layer
Perceptron (MLP) with a ReLU activation function to ex-
tract relevant features from an augmented representation,[
Xa,i

SD,X
a, j
SD −Xa,i

SD

]
. The features are subsequently averaged

across all N (i) neighbors as shown in Eq. (4).

Xa,i
SD =

1
N (i) ∑

j∈N (i)
MLPθ

([
Xa,i

SD,X
a, j
SD −Xa,i

SD

])
(4)

After the graph propagation process, the SD map node
features are attended by the output queries from the Cen-
terline Deformable Decoder as denoted by the yellow block
in Fig. 3.

A Scene Graph Convolutional Neural Network (SGNN)
then takes the output from previous stages to capture the re-
lational attributes among centerlines and between centerlines
and traffic elements, as introduced in TopoNet [15].

Losses. We utilize the loss formulation from [15] to
supervise the outputs generated at every decoder layer. There
are two key components to the loss based on a Bipartite
matching process [34] which includes a detection component
and a reasoning loss component. The detection component
uses an IOU loss, an L1 loss for bounding box regression
and the Focal loss [35] for classification of traffic elements
in perspective view. Similarly, for centerline detection we
use the Focal loss and the L1 loss. Finally, the reasoning

1089



component uses the Focal loss in the process of classifying
correct relational assignments.

IV. EXPERIMENTS

We perform extensive experiments to validate the effec-
tiveness of SD maps in online HD mapping. We introduce
the datasets and metrics in Section IV-A and Section IV-B.
We subsequently present the experiments and results for the
perception task in Section IV-C and for the perception and
reasoning task in Section IV-D.

A. Datasets

OpenLane-V2. Our perception experiments are based on
the OpenLane-V2 (OLV2) dataset (subset-A) [24], which is
based on the Argoverse 2 dataset [23]. They provide ego-
centric SD maps along with seven surround-view camera
images. SD maps from OpenLane-V2 include three classes,
road, crosswalk and sidewalk. Each class is presented as
a set of polylines. From the labels, only the centerline
labels are used. They are represented as a set of points and
are resampled to a fixed number of points NL following
MapTR [13]. In our experiments for the perception task,
NL = 20.

Groundtruth Labels OSM SD Map OpenLane-V2 SD Map

Fig. 4. Visual comparison between the groundtruth online maps, OSM SD
maps, and OpenLane-V2 (OLV2) SD maps. OSM SD maps appear to be
more consistent with the groundtruth.

OpenLane-V2-OSM. In our experiments, we enhance the
OLV2 dataset with OSM data—adding 1,000 maps from
Argoverse 2 with WGS84 conversions. Each map includes
full OSM attributes, and a post-processing step creates ego-
centric SD graph representations for faster data loading. Both
dataset representations will be publicly accessible.

OSM offers lightweight yet diverse contextual information
for driving scenarios. Although not adequate for direct lane-
level navigation, it provides road-level details through way
and node elements with various attributes. Node elements
describe point-level features like stop signs, while way ele-
ments cover a range from small road segments to pedestrian
crosswalks, including attributes like category types, speed
limits, and lane numbers if applicable. A visualization is

Fig. 5. Evaluation mAP during training with Chamfer distance. The model
with an SD map converges much faster and achieves better performance.

shown in Fig. 4; where we observe groundtruth HD map
labels, an OSM SD map, and an OLV2 SD map.

B. Metrics

For the perception-only task, we follow [13] to evaluate the
proposed architecture using Average Precision (AP) under
Chamfer distance. The Chamfer distance gives the distance
of two point sets as the average of the closest point distance.
An association threshold determines whether a map element
is considered a true positive. Three thresholds T1=0.5m,
T2=1.0m, T3=1.5m are used.

For the perception and reasoning task, we follow the
metric from OLV2 [24]. The OLV2 dataset uses the OLV2
score OLS, which is an average of the 3D lane detection
score DETl , the traffic element recognition score DETt , the
topology score between centerlines TOPll and the topology
score between centerlines and traffic elements TOPlt .

C. Perception Results

We adapt MapTR to OLV2 dataset as the baseline.
The perception range is increased from [−30m,30m] to
[−50m,50m] range. The increase in perception range
presents significant challenges for MapTR. For our ap-
proaches with rasterized SD maps, we experiment with three
type of SD maps. OLV2 (R, CW , SW ) has all three classes
SD map features road, crosswalk and sidewalk, OLV2
(R) only maintains road features and OSM (R) has road
features extracted from OSM. These models predict regular
and intersection centerlines as a two-class problem. During
evaluation, we measure the collective average performance
between the two classes since separate benchmarks result in
a negligible difference.

As shown in Fig. 5, integrating with rasterized SD map
with all classes makes the training converge 10x faster: at
epoch 10, the method that uses SD maps reaches similar
performance to the model without SD maps but trains for
110 epochs. OLV2 (R, CW , SW ) also presents 30% relative
improvement in terms of mAP for the model trained for 110
epochs.
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MapTR MapTR+OLV2 (R, CW, SW)

Fig. 6. Qualitative comparison of perception-only methods with and
without SD maps. Blue color for intersection or connectors, orange color
otherwise. Both models are trained for 25 epochs.

TABLE I
PERCEPTION-ONLY TASK RESULTS WITH RASTERIZED SD MAPS [KEY:

R = ROAD, CW = CROSSWALK, SW = SIDEWALK]

SD Type Epoch Chamfer Distance AP
mAP T1 T2 T3

MapTR None

24

13.4 0.7 11.3 28.1
MapTR+OLV2 R 22.3 4.4 23.2 39.4
MapTR+OLV2 R, CW , SW 27.1 7.0 28.8 45.5
MapTR+OSMR OSM R 23.0 5.1 24.2 39.8

MapTR None

110

21.9 3.3 22.3 40.0
MapTR+OLV2 R 23.7 6.2 24.5 40.4
MapTR+OLV2 R, CW , SW 29.6 10.8 31.4 46.6
MapTR+OSMR OSM R 27.1 9.4 28.6 43.2

As shown in Table I, among all three types of SD maps, we
see consistent improvement from the baseline method. The
OLV2 (R, CW , SW ) with more SD map classes reaches the
highest performance. For SD maps with only road features,
OSM prior gives better results than OLV2 prior. This can
potentially be caused by misalignment of the SD maps and
groundtruth. We observe this in both SD map types and an
example is shown in Fig. 4, where we observe missing SD
map labels or undefined HD map features such as parking
lot entrances that can cause inconsistencies.

In summary, these results suggest that SD maps provide
useful priors for online HD mapping and speed up conver-
gence and boost performance significantly. Qualitatively, we
observe that our models with SD map priors perform better
for far intersections, especially after the turning point where
occlusion happens, as shown in Fig. 6. This is helpful for
prediction and planning tasks to navigate intersections.

D. Perception and Reasoning Results

This section covers experiments conducted with rasterized
and graph-based SD maps for the perception and reasoning
task based on TopoNet [15]. The experiments include per-
formance trade-offs from rasterized vs graph-based methods
as TopoNet facilitates integration of not just raster based

representations but also vector/graph-based representations.
As shown in Table II, leveraging SD map prior in either

rasterized (OSMR) or graph representation (OSMG) leads
to consistent improvements in the overall metrics. While
other methods such as TopoMLP-YOLO [36] and MFV-ViT-
L [37] focus on improving results with better traffic element
detectors and larger backbones, our experiments show that
SD map can benefit lane perception and reasoning without
significant changes to the architecture. We consider these
approaches contributing in orthogonal directions compared
to ours, thus do not compete with each other. However,
we hypothesize that by utilizing SD maps as priors, a
performance boost can be observed for TopoMLP, MFV, and
other BEV-based architectures.

TABLE II
PERCEPTION AND REASONING RESULTS WITH SD MAPS AND

COMPARISONS WITH OTHER METHODS.

Backbone OLS DETl DETt TOPll TOPlt

TopoNet R50 34.8 28.4 45.0 4.2 20.7
TopoNet+OSMR R50 37.7 30.6 44.6 7.7 22.9
TopoNet+OSMG R50 36.7 30.0 47.6 5.4 21.3

TopoMLP R50 38.2 28.3 50.0 7.2 22.8
TopoMLP-YOLO R50 41.2 28.8 53.3 7.8 30.1
MFV-R50 R50 - 18.2 - - -
MFV-ViT-L ViT-L 53.2 35.3 79.9 23.0 33.3

Impact of rasterized SD map features. To evaluate SD
maps as rasters using the Toponet architecture, we replace
the GNN SD map encoder introduced in Fig. 3 with the
SD map encoder from the perception-only task covered
in Section III-A. Furthermore, rather than utilizing the Multi-
head Attention mechanism, we simply perform a feature
augmentation to the BEV features FBEV along the channel
dimension.

TABLE III
PERCEPTION AND REASONING RESULTS USING RASTERIZED SD MAPS

AS PRIORS. [KEY: R = ROAD, CW = CROSSWALK, SW = SIDEWALK]

SD Type Param OLS DETl DETt TOPll TOPlt t (ms)

TopoNet None 62.9M 34.8 28.4 45.0 4.15 20.7 388
TopoNet+OLV2 R 75.9M 34.9 26.2 47.3 4.55 20.1 407
TopoNet+OLV2 R, CW , SW 75.9M 36.1 27.9 48.1 5.14 20.9 407
TopoNet+OSMR OSM R 75.9M 37.7 30.6 44.6 7.71 22.9 407

We perform an ablation with three different types of maps
and features. Similar to Section IV-C. We train each one of
the models for 24 epochs and evaluate on the OLV2 bench-
mark. The results shown in Table III provide an insight into
the most relevant attribute types. For instance, even though
we incorporate OLV2 SD maps in the first two experiments,
the performance of centerline detection DETl decreases
while the traffic element detection metric DETt indicates
performance benefits. Since the OLV2 SD map road-level
attributes are not available and the map generation process
is not public, we hypothesize–as supported by Fig. 4–that
the performance gaps in centerline detection scores originate
from the misalignment between groundtruth HD maps and
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the utilized SD maps. However, the performance benefits are
observed in terms of traffic sign detection as crosswalks and
sidewalks can provide contextual information on the location
or existence of traffic elements. As an example, crosswalks
are often located at intersections which are stop sign or
traffic light protected road segments. Although the results
may initially be counter intuitive given the experiments
presented in Section IV-C (Table I), the TopoNet architecture
(perception and reasoning) utilizes an SGNN component to
capture relational attributes between centerline and traffic
elements. These relationships are then taken into account
when regressing centerlines and thus may be influencing their
accuracy. We hypothesize that this underlying relationship
between traffic elements and crosswalks/sidewalks may be
helping boost performance in traffic element detection but
also degrading centerline detection as centerlines are not
specific to intersections only and can extend to regular road
segments.

In contrast, the selected OpenStreetMap attributes are
known and selected based on the urban driving operational
design domain which aligns well with the OLV2 dataset. As
a result, we observe improvements across all of the metrics
introduced which include detection and reasoning scores.
Lastly, we present qualitative results which portray the ben-
efits of leveraging SD maps in occluded scenarios. In Fig. 1,
we present side-by-side comparisons of the TopoNet baseline
model and our approach that makes use of rasterized OSM.
We observe better alignment of centerline features despite of
severe occlusion.

Graph-based SD Maps. We evaluate the performance
of graph-based SD map encoders using various backbones
in Table IV. The baseline model (TopoNet-R50) utilizes a
ResNet-50 [29] backbone. However, we additionally evaluate
the performance using lighter backbones including ResNet-
18 and ResNet-34. While Wu et al. [36] show that recent
backbones [38], [39] can significantly increase the perfor-
mance in the centerline detection task, our focus is on
evaluating the trade-offs between performance and lighter
weight methods such as SD map graphs.

In Table IV, the methods that utilize OSM SD map graphs
are denoted by TopoNet-RX+OSMG, where X specifies
different backbones. Evidently, as the number of parameters
within a backbone increase, the performance across the
different metrics also increases and is consistent across
the corresponding TopoNet baselines. TopoNet-R34+OSMG
is capable of boosting performance with respect to the
larger Toponet-R50 while reducing the number of param-
eters and inference time. Furthermore, the larger TopoNet-
R50+OSMG enables higher performance without signifi-
cantly increasing the number of parameters or inference
times. The overall results indicate that improvements can
be achieved with lightweight methods with respect to the
corresponding baselines. The inference times are measured
on a Titan Xp GPU. The graph-based OSM encoder yields
lower performance improvement than the rasterized OSM
encoder but with significantly fewer parameters (+1.7M vs
+ 13M).

TABLE IV
PERCEPTION AND REASONING RESULTS WITH OSM SD MAP GRAPHS

AND DIFFERENT BACKBONES

Param OLS DETl DETt TOPll TOPlt t (ms)

TopoNet-R18 49.8M 32.3 24.3 44.0 3.1 18.8 349
TopoNet-R18+OSMG 51.6M 33.2 26.9 42.9 3.86 18.9 365
TopoNet-R34 60.0M 33.3 26.2 43.8 3.63 19.6 361
TopoNet-R34+OSMG 61.7M 35.5 29.3 45.0 4.82 21.0 379
TopoNet-R50 62.9M 34.8 28.4 45.0 4.15 20.7 388
TopoNet-R50+OSMG 64.6M 36.7 30.0 47.6 5.37 21.3 407

Robustness to Localization Error. To demonstrate ro-
bustness to localization errors we conduct an experiment
by injecting SD map noise to translation and rotation. For
translational error, we add fixed magnitude noise along
random directions at the scale of 0.25m, 0.5m, 1.0m, and
2.0m (quite high for lanes), and for rotational error, we
experiment with noise at the scale of 0, 5, 10 degrees. Our
results in Table V show that SD map localization errors
with up to 1.0m in translation and 5 degrees in rotational
error result in at most 5% performance degradation. This
demonstrates exceptional robustness to localization errors
that can significantly affect lane-level perception.

TABLE V
PERFORMANCE LOSS WITH VARIOUS LOCALIZATION ERROR

Rotational Error
Translational Error 0 Degrees 5 Degrees 10 Degrees

0.25m 0.45% 2.33% 13.64%
0.5m 0.90% 2.80% 14.18%
1.0m 3.07% 5.01% 15.95%
2.0m 10.82% 12.43% 21.14%

V. CONCLUSION

We incorporate SD maps into online HD mapping for
both perception-only task and joint perception and reasoning
tasks. We show that SD maps can make centerline perception
models converge significantly faster and achieve better per-
formance. Adding them in graph form can reduce the model
size while improving performance. We additionally curated
and made public a dataset based on OSM. The effective-
ness of the proposed methods, especially for longer ranges
and occluded scenes, contributes to addressing the current
online mapping challenges and scalability constraints from
autonomous driving HD maps. To create better online maps,
future research is needed to address inaccuracies in SD maps
and to produce more consistent structural representations.
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