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Abstract—Automated Vehicles (AVs) rely on up-to-date map in-
formation to inform trajectory prediction and planning modules,
but these maps are expensive to obtain and update as they are
usually annotated by humans. We propose SAM-Maps, a method
for automatically generating road maps from aerial images of
urban areas that takes advantage of the power of foundation
models, requiring no human annotation or additional training
to map unseen areas. This method extracts a coarse road graph
from the images and then estimates the geometry of the roads
from this graph.

We evaluate our model on the challenging road layouts of
the recent View-of-Delft Prediction dataset by comparing the
maps generated using our model to the human-annotated maps,
achieving an IoU of 33.3% with our automatic method and an
ToU of 56.1% with some human corrections in our method. We
also evaluate a trajectory prediction model on our maps to test
whether they are sufficiently accurate for downstream tasks. The
performance of this model using the map from our automatic
method is 37.9% better on the minADE6 metric than not using
map data as input. To the best of our knowledge, this is the first
method that extracts both the drivable area and road connections
of European urban areas from aerial images. The code will be
publicly released for research purposes.

Index Terms—HD-Maps, Trajectory Prediction

I. INTRODUCTION

It is essential for their widespread adoption that Automated
Vehicles (AVs) can navigate urban areas without compromis-
ing the safety of surrounding road users. An understanding of
the behaviour of surrounding agents is critical to this goal. This
is especially important in urban areas, where AVs frequently
interact with Vulnerable Road Users (VRUs) such as pedestri-
ans and cyclists (e.g such as in [1], [2]). Trajectory prediction
models help an AV achieve this understanding by estimating
the future positions and/or intent of the agents around the
vehicle. These models generally predict future trajectories
from the observed trajectories of agents but can also use
additional information about the agents or environment [3].

Current state-of-the-art trajectory prediction models rely
heavily on road map data. Road maps contain information
about the drivable area and connections of roads, making them
a prior for where agents can go in the built environment.
Recent trajectory prediction datasets, such as nuScenes [4],
Argoverse 2 (AV2), Waymo Motion [5], and View-of-Delft
Prediction (VoD-P) [1], provide high-definition (HD) road
maps annotated by humans that additionally contain lane in-
formation. However, using human annotators is costly and can
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Fig. 1: Intersection mapped with OSM [6] and SAM-Maps.
Accurate OSM annotations are not available everywhere. Our
method does not require human annotation and can extract the
geometry and topology of urban roads from aerial images.

delay much-needed map updates when the static environment
changes.

An alternative map source is OpenStreetMap [6] (OSM),
which contains map annotations that can be used for AV tasks
such as trajectory prediction [7]. These maps are primarily
annotated by a community of volunteers, reducing annotation
cost. However, this also makes them vulnerable to mistakes
(see Figure 1) and even vandalism (see Figure 2). They are
hence unsuited for safety-critical applications such as AVs.

Due to the high manual annotation cost of reliable maps,
there is an active research community working on automatic
road map generation from sensor data [8]. However, existing
approaches either require data from expensive ground-based
recording vehicles [9]-[15], do not estimate both the road
geometry and topology [16]-[25], or may not generalise well
to urban areas [26]-[28]. We propose a method that addresses
these shortcomings. To the best of our knowledge, this is
the first method that extracts both the drivable area and
connections of roads in European urban areas from aerial
images.

Our contributions are as follows:

1) We propose a method that uses RGB aerial images and

foundation models to generate AV-suitable road maps
(i.e. drivable area and road connections) of unseen urban
areas without additional training or human annotation.
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Fig. 2: OSM maps can contain mistakes or even vandalism,
such as this fictitious town drawn in farmland [29].

We show that these maps significantly improve trajectory
predictions (compared to not using a map).

2) We investigate the impact of different map information
on the coverage of roads in urban areas and on the
performance of the state-of-the-art Wayformer [30] tra-
jectory prediction model.

3) We release open-source software to aid geospatial graph
and mapping operations'.

II. RELATED WORK

There is a large body of literature on generating road maps
for Automated Vehicles (AVs) using the on-board sensors of
a vehicle [9]-[15]. We focus on map generation methods that
use aerial images in this section, as these methods do not suffer
from the same restrictive mapping costs.

A. Road Graph Extraction

Many methods segment aerial images to extract the topology
of the road network as a road graph (RG). [26] uses the
DeepLabv3+ [31] to segment road areas and markings from
aerial images. Similarly, AerialLaneNet [27] and [28] extract
lane-level road maps by segmenting lane markings to find lane
centrelines. However, these methods may not work for urban
environments due to their dependence on lane markings, which
are not always visible (see Figure 5 for an example). SAM-
Road [16] instead estimates the centrelines directly, using
the Segment Anything [32] model (SAM) to create a road
graph from aerial images. This method only estimates the road
topology and not its geometry, which is important in planning
the trajectory of an AV. The DeepRoadMapper [17] and
OrientationRefine [18] methods have the same shortcoming.
Note also that these methods are trained on domain-specific
aerial images and may not generalise to unseen areas.

Some methods instead opt for an iterative graph-growing
approach to road topology estimation. These methods start
from a known road point in the image and employ a search
algorithm with a decision function to find connected roads,
adding nodes and vertices to the graph when new roads are
found [24], [25]. These methods do not estimate the road
geometry either, however.

Uhttps://github.com/tudelft-iv/sam-maps

B. Road Segmentation

Another essential component of road maps is the geometry
of the roads. These can be segmented directly, or can be
implicitly estimated by detecting road boundaries. The Topo-
Boundary benchmark [19] contains 25,295 large-scale RGB
aerial images with 8 different labels for mapping tasks, such
as road boundary and orientation detection. This benchmark
paper proposes Enhanced-iCurb, a boundary detection method
that has improved the training stability and convergence of
iCurb [20], an imitation-learning-based approach for line-
shaped object detection. Other road boundary detection meth-
ods include [21], a segmentation-based method that requires
overhead LiDAR and camera data, csBoundary [22], which
extracts boundary keypoints and adjacencies from aerial im-
ages to create a boundary graph, and Sat2Graph [23], which
combine the advantages of segmentation-based and graph-
based methods in a novel encoding scheme. Despite their
applicability in road map generation and downstream AV
tasks, boundary detection methods do not fully specify the
road map, i.e. road geometry and topology. samgeo [33] can
be used to segment regions in aerial images through user input,
but cannot be used to create a road map fully automatically.

III. PROPOSED METHOD

Our method consists of three modules: Road Graph Ex-
traction (RGE), Road Segmentation (RS) and Road Con-
nection (RC). The RGE module extracts a coarse repre-
sentation of road areas and connections that the RS module
estimates the precise geometry of. The RC module reconnects
the segmented roads and creates intersections. We describe
these modules in detail below. An overview of our method is
shown in Figure 3.

A. Road Graph Extraction (RGE)

A road graph (RG) is a global representation of the road
network, consisting of edges, which represent road segments,
and nodes, which denote connection points between the seg-
ments. We use two approaches for extracting the road graph:
using OSM [6] or using SAM-Road [16].

1) Using OSM: OSM contains features relevant for making
road graphs, specifically road centrelines, connectivity, and
type (e.g., highway, cycle lane). Our OSM-based RGE module
queries this information for the area to be mapped and
formulates it as a road graph. The width is also annotated
for some roads, enabling direct road segmentation by creating
polygons from the centreline and width data.

2) Using SAM-Road: SAM-Road [16] generates road
graphs from aerial images, eliminating the need for manual
annotation. This method estimates the centrelines of the roads
(as edges) and the connections between them (as nodes) but
does not estimate the road width.

There may be mistakes in the road graph from either ap-
proach, such as missing roads or connections, or an incorrectly
positioned road; all errors that can be easily fixed by a human
annotator. We have therefore written a QGIS [34] plugin that
makes it easy to move, add, and remove nodes and edges
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Fig. 3: Overview of our method. The Road Graph Extraction (RGE) module extracts a coarse representation of the roads and
their connections. The Road Segmentation (RS) module estimates the precise geometry of the roads from this representation.
The Road Connection (RC) module reconnects the segmented roads and creates intersections between them.
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Fig. 4: Overview of the Road Segmentation (RS) module.

Fig. 5: Manual graph adjustment using our QGIS [34] plugin.
Some of the nodes (green) are wrongly placed in a canal, but
can be easily moved with one operation by a human annotator.
The edges (blue) are automatically adjusted by the plugin.

without breaking the (road) graph. Figure 5 illustrates one such
adjustment.

B. Road Segmentation (RS)

After extracting the coarse road graph, our method estimates
the geometry of the roads in the graph. The RS module does
this by the following steps (explained below): normalisation,

coarse segmentation, and geometry refinement. Figure 4
illustrates these steps.

1) Normalisation: The first step normalises the format of
the extracted road. Roads are straightened through piecewise
warping using the nodes generated by the RGE module. The
resulting image is then cropped to contain only the road
surface from a initial estimate of the road width wj,;. This
step removes much of the variation in the image, making
segmentation of the road easier.

2) Coarse Segmentation: The road surface is then seg-
mented from the warped image. We use Grounding DINO
[35], which detects objects based on a text prompt, to get
bounding box proposals {b;}~ ; around the road within the
warped image. These are input to SAM [32] to generate a
segmentation mask 1/ for each proposal box b;.

Since the normalised image should represent a horizontal
road, we fit a rectangular mask M™ to the segmented mask
in the mask selection step. The rectangular mask covers the
entire length of the road, but its width is optimised to maximise
the Intersection over Union (IoU) with the segmented mask.
We select the segmented mask that achieves the highest IoU
with its (optimised) rectangular mask. Masks are additionally
required to adhere to constraints to be considered: 1) masks
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must meet a minimum width requirement wp;,, and 2) masks

may not overlap excessively with tree, building, and water

masks (generated using Grounded SAM [36]) as this indicates

that they are a poor fit or represent the wrong class. This leads

to the optimisation problem formulated in Equation (2).
ANB

IoU(4, B) = UB (1)

arg max max ToU(M™(a,b) N M)

la — b| > Wnin,

ToU (M M"™) < Cree, 2
IoU(M{"ad, MY ) < Cyaters

I oU( Miroad’ Mbuilding) < Couilding-

subject to:

Here M™% represents a proposed segmented mask and
M is a rectangular mask with variable vertical bounds a
and b. Finally, MU Mvaer and MPUlding are the masks of
the trees, water and buildings, respectively, and cee, Cwater and
Chuilding ar€ constants.

3) Geometry Refinement: The selected segmentation mask
can be refined to fill in gaps in the mask and better estimate the
width. First, the mask is warped back to the original coordinate
system. A heatmap is then created from the mask using the
SciPy [37] distance_transform_edt function, which is then
max pooled to obtain the most likely centreline points. New
centreline proposals are then created: cubic univariate splines
with different smoothness parameters S and a line fit through
the obtained points. Each centreline proposal is then used to
warp the mask again, and then the mask selection step from
the RS module is repeated for each centreline to select the
best one; the road width is taken as |a — b|, e.g. the width
of the best fitting rectangular box. This results in a complete
road geometry i.e. road centreline and width.

C. Road Connection (RC)

To complete the road map, the segmented roads need to
be connected to each other. The RGE module provides the
connections between the roads but represents each connection
as a node. However, the centrelines of the segmented roads and
intersections between them may not align precisely with these
nodes. To address this, the ends of the segmented roads from
the RS module are trimmed, and a ‘connection’ line between
the centrelines of the (trimmed) connected roads is added.
An intersection polygon is additionally created by forming a
convex hull around the endpoints of the (trimmed) connected
roads to denote the drivable area at the intersection. Examples
of intersection polygons are shown in purple in Figure 3. The
generated connections ensure smooth and accurate transitions
between roads, completing the road map.

IV. EXPERIMENTS

We evaluate our map generation method on the accuracy
of the maps compared to human-made annotations, as well as
their usefulness in a downstream task. For these experiments,
we select Wiy = 6 M, Wpin = 4 M, and Cpee = Cwater =

TABLE I: Method nomenclature.

Category Name RGE RS

OSM Map OSM OSM + Heuristic
Manual
Annotation OSM-RG + A-RS OSM Auto-RS

M-RG + A-RS Manual (Man.) Auto-RS
1(\:/Ianua1. SAM-Maps+ SAM-Road + Man.  Auto-RS

orrection

Automatic SAM-Maps SAM-Road Auto-RS

Couiding = 0.05. For fitting splines, we use the SciPy [37]
UniVariateSpline implementation with smoothness parame-
ters S = {0.1,0.2,0.5,1.0,2.0,3.5,5.0,10.0} L, where L is
the length of the segmentation mask. These parameters were
empirically determined.

Note that we do not train or fine-tune the foundation models
for any of these experiments.

A. Road Map Coverage

To assess the fidelity of our generated road maps to the
annotated maps provided with recent datasets, we evaluate the
recall of the generated road map of the generated roads with
respect to the annotated roads of the View-of-Delft Prediction
(VoD-P) [1] dataset. This dataset provides challenging road
layouts of the city of Delft. We also apply our method on
Bratislava, another European city, to show its generalisability.
We use (RGB) GeoTIFF images, sourced through the samgeo
[33] interface, with a resolution of 8 cm/pixel, as input to our
method.

We compare various mapping methods:

e OSM Map: a map generated from OSM data. Since OSM
data may be available in the area to be mapped, we assess
the relative quality of our approach to maps created from
this data. We do this by estimating the drivable area
from the centreline of annotated roads (that are labelled
as drivable roads for vehicles) in combination with the
annotated width. If the width is not annotated for a road,
we set it to a default width (empirically selected as 4.5
m).

e OSM-RG + A-RS: our SAM-Maps RS and RC modules
with the OSM road graph as input.

e M-RG + A-RS: our SAM-Maps RS and RC modules with
a road graph drawn manually using the QGIS plugin.

o SAM-Maps+: our full SAM-Maps method, with the auto-
generated road graph adjusted manually using the QGIS
plugin to fix mistakes.

o SAM-Maps: our full SAM-Maps method without any
human intervention.

An overview of these approaches is shown in Table I.

1) Quantitative results: For the quantitive evaluation we

use the recall, precision, and intersection over union (IoU)
metrics, defined as

M N Mgr

Recall = ,
Mar

3)
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TABLE II: Map segmentation results and annotation time of
various map sources on the VoD-P [1] dataset.

Name Annotation Recall Precision IoU
Time (h) | (%) T (%) * (%) *
Annotated Map (GT) ~ 80 100 100 100
OSM Map Many 64.0 80.2 55.3
OSM-RG + A-RS Many 48.6 75.8 42.1
M-RG + A-RS ~ 2 68.9 74.8 56.0
SAM-Maps+ ~ 0.5 69.0 75.0 56.1
SAM-Maps 0 38.3 71.9 33.3
.. N M
Precision = i T , 4)
M N M,
IoU=-— 9T )
M U Mgt

where M represents the generated mask of the road and Mgt
represents the ground truth mask derived from the annotations
from the VoD-P dataset. Note that the GT map annotations
only span roads that were relevant to the scenarios recorded in
VoD-P. To avoid penalising (valid) generated roads outside of
the annotations, we make a buffer of 2 m around the annotated
map and evaluate only generated masks in this region.

Table II presents the performance of the various methods on
the metrics. We provide qualitative examples for SAM-Maps
in Figures 1 and 6.

The highest IoU is achieved with SAM-Maps+. This method
requires only manual correction of the road graph generated
by SAM-Road. This is on par with using M-RG + A-RS.
However, the latter requires full manual annotation of the road
graph, which takes an annotator approximately 2 hours for the
roads in the VoD-P dataset, compared to about 30 minutes of
manual correction for SAM-Maps+. Both of these methods
outperform the methods that use OSM. This is primarily due
to roads having incorrect labels in OSM, resulting in roads
missing from the map.

Finally, SAM-Maps performs worst on the IoU metric. This
is mainly due to missing and misaligned (see Figure 5 for an
example) roads in the graph generated by SAM-Road. This
shows that some level of human correction is still important
for optimal performance.

2) Failure Cases: There are failure cases where SAM-Maps
generates a mask that does not fit the masks of the annotated
maps. Figure 6 shows examples of some of these cases.

The first example shows a road for which the geometry
is incorrectly estimated. The mask for the rightmost road
suggests that it turns just before the intersection instead of
continuing straight towards it. This could affect downstream
tasks such as trajectory prediction and planning by biasing
them towards following the non-existent turn. This example
shows that SAM-Maps could benefit from better handling of
intersections using the incoming and outgoing lanes in the road
graph, e.g. smoothing the transitions between nodes.

The second example exposes another limitation of the
model: its inability to predict individual lanes. In this case,

Fig. 7: Output of SAM-Maps on the city of Bratislava. No
additional training or annotation was needed to create this map.

the number of lanes decreases from three to two, but SAM-
Maps fails to capture this change. It instead estimates a best
fit for the road that combines the width of the three lanes,
extending into the narrowed section. Evaluating the individual
lanes could therefore improve the performance.

3) Generalisability: We applied SAM-Maps to aerial im-
ages of Bratislava without any additional training or human
intervention. There are no annotations available for this data,
making a quantitative analysis difficult, but the qualitative
result shown in Figure 7 gives an indication of the gener-
alisability of the method. Our approach is able to map large
areas of the city correctly without any annotation effort.

B. Ablation Study

We conduct an ablation study to determine the value of
the key components in our method. We use the SAM-Maps+
method (with corrected road graph) because it achieves the
best results out of the variations that use all components of
our method. The results presented in Table III highlight the
importance of each component of our method.

The modules in SAM-Maps can be further broken down into
key operations, including mask segmentation, normalisation,
bounding box proposal, mask selection, and geometry
refinement. We systematically ablate these components to
assess their impact. Since mask selection is inherently tied to
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TABLE III: Ablation study results using SAM-Maps+.

Mask Seg. Normal. Bbox Geom. Recall Precision IoU
Prop. Ref. (%) 1 (%) 1 (%) 1
O O d O 64.8 71.2 51.3
v O O O 35.3 60.4 28.7
v v O ] 56.7 72.2 46.5
v v o ] 70.0 74.0 56.0
v v o ] 69.0 75.0 56.1

Fig. 8: Example of the effect of geometry refinement.

the normalisation and bounding box proposal steps, we ablate
these steps together.

1) Mask Segmentation: When the segmentation step is
ablated, the method cannot determine road width. The edges
generated by the RGE module are then taken as centrelines,
and a fixed width (of 4.5 m) is assigned to all roads.
This method, therefore, depends on the quality of the graph
alignment and fails to account for road width variations. As
shown in the top row of Table III, this results in a IoU
drop of 4.8%, underscoring the importance of segmentation
in handling diverse road geometries.

2) Normalisation: The normalisation step reduces back-
ground noise and standardises the roads in the images by
warping them. Without warping, the segmentation masks often
capture irrelevant objects, such as buildings or vegetation,
leading to noisy or incorrect results. This causes the IoU of
the method to halve, emphasising the need for a normalisation
step.

3) Bounding Box Proposal: Although the normalisation
step standardises the image of the road, uncertainty in the
road width and road graph alignment remains. Without the
bounding box proposals, the entire normalised image is input
to SAM, which often segments irrelevant objects (e.g. trees
or cars) as part of the road surface. This again leads to a
significant drop in performance.

4) Geometry Refinement: The geometry refinement module
extracts and selects new road centrelines and widths from the
selected segmentation mask. This step has little impact on
performance; SAM-Maps+ even performs slightly better on
the recall metric without this module. This can be explained by
how the width estimation algorithm works: it is based on the
best fit of a rectangular box on the warped mask of the road.
If the nodes in the road graph are inaccurate, the centreline
and segmented mask may snake across the road. This, in turn,

TABLE IV: Road boundary detection results on the VoD-P [1]
dataset.

Method Name Recall (%) 1

T=2 T1=5 71=10
OrientationRefine [18] 0.328 0.832 1.79
Enhanced-iCurb [19] 1.99 5.23 104
SAM-Maps 6.29 16.2 28.9
SAM-Maps+ 12.3 35.1 66.7

TABLE V: Trajectory prediction results of Wayformer [30] on
VoD-P [1] with various map information.

Map Information  Automatic minADE6 (m) | MissRate6 |
SAM-Maps+ d 1.80 0.38
OSM Map g 1.70 0.29
Annotated Map g 1.23 0.28
No Map v 2.98 0.55
SAM-Maps v 1.85 0.40

leads to wider rectangular fits, leading to overestimation of the
road width. Hence the method can perform similarly (or even
better) on the recall metric without geometry refinement, but
the resulting road map can adversely affect downstream tasks
such as trajectory prediction. An example of a centreline that
can cause this is shown in Figure 8. This figure also illustrates
the smoothed road centreline that the geometry refinement
produces.

C. Topological Road Boundary Detection

We can easily extract road boundaries from the map
produced by SAM-Maps, enabling comparison with road
boundary detection methods from the literature. We choose
the OrientationRefine [18] and Enhanced-iCurb [19] meth-
ods as baselines to compare to because they are the top-
performing methods on the Topo-boundary [19] benchmark
that additionally have a public implementation. These methods
need RGB+NIR images with a resolution of approximately
15 cm/pixel, so we source openly-available RGB and NIR
images of Delft from PDOK? and upsample these from 25
cm/pixel to 15 cm/pixel. Note that we do not train any of
the underlying models for the city Delft since they should be
able to generalise to new areas. Following [19], we evaluate
the per-pixel recall of the boundaries where the predicted
boundary pixels may lie within a threshold 7 of the ground
truth boundary pixels. In Table IV, we report results for
T =1{2,5,10} pixels.

The performance of the baselines is significantly worse than
that of SAM-Maps and SAM-Maps+, with the best baseline,
Enhanced-iCurb, scoring only 10.4% on the recall metric with
7 = 10 against a score of 66.7% for SAM-Maps+. This shows
that the baselines cannot generalise well to a European urban
area such as Delft.

Zhttps://www.pdok.nl
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Fig. 9: Qualitative trajectory prediction results on the VoD-P dataset with the Wayformer model and different map inputs.
Predictions are shown in red, ground truth future in green, and other agents in orange. Annotated map shown for the ‘No Map’
setup for clarity. The model using our SAM-Maps map correctly predicts the turn, but the model without map does not.

D. Trajectory Prediction

We further test our maps by using them as input data in the
trajectory prediction task. The goal in this task is to estimate
the future poses {xi.7;}a of a set of agents A from their
observed past states {X_r,.0}4 and map information M.

We select the Wayformer [30] trajectory prediction model
for our experiments as it is a recent high-performing model
on the Waymo Motion [5] benchmark and has an architecture
that is easily modified to work without map data. We use the
UniTraj? [38] open-source implementation of this model.

We evaluate the model on the VoD-P dataset to test the
generated maps for this dataset. We compare the performance
of the model using a map from our SAM-Maps approach to
its semi-automatic variant SAM-Maps+ and the OSM map to
assess their quality. Since VoD-P has a relatively small number
of scenarios compared to other public datasets, we pre-train the
model on the nuScenes dataset for 150 epochs and fine-tune
the best model (on the validation data) on the VoD-P dataset
for 300 epochs. We convert both datasets to the ScenarioNet
[39] format to homogenise the data, and make training and
evaluation scenarios with a short history of 0.5s and a long
future (prediction) horizon of 6s to encourage the model to
use the map data, when available, in its predictions.

Table V shows the results on the minimum average dis-
placement (minADE) and miss rate (MissRate) metrics for
6 predictions. The performance of the model without map
information is poor on both metrics, with all map-based
models outperforming it by a significant margin. None of the
automatically-generated maps leads to the same performance
as the annotated map. Notably, the model performs 38.2%
worse on the minADE6 metric with the (annotated) OSM map
than with the annotated VoD-P map. The drop in performance
when using the SAM-Maps+ and SAM-Maps maps instead of
the annotated OSM map is less than 10% on minADE6 and
around 0.10 points on MissRate6. SAM-Maps+ only slightly
outperforms SAM-Maps, at the cost of some human annotation
effort.

3https://github.com/vita-epfl/UniTraj

Figure 9 shows qualitative results for some of the results
in Table V. The prediction model is unable to infer that the
vehicle will turn without map input in the example shown,
whereas it correctly estimates the turn with the SAM-Maps
map. This map also has better coverage than the OSM map,
which does not contain some of the roads. These results
confirm the usefulness of the maps of the SAM-Maps method
for the trajectory prediction task.

V. CONCLUSION

We presented a method for generating road maps containing
the drivable area and road connections of unseen urban areas
from aerial images without needing human annotation, sig-
nificantly cutting annotation cost and time. These maps can,
however, be easily edited by humans to fix errors made in
the automatic pipeline through software that we developed.
We evaluated the maps created by this method by comparing
them to human-annotated maps of the European city of Delft,
and found that the auto-generated map has an IoU of 33.3%
with the annotated map, rising to 56.1% using our semi-auto-
generated map. We further tested these maps for the AV task
of trajectory prediction on the urban View-of-Delft Prediction
[1] dataset, and found that using our auto-generated map led
to a performance improvement of 37.9% (and over 1.0 m) on
the minADE6 metric compared to using no map as input to the
state-of-the-art Wayformer model [30]. Future work includes
segmenting the lanes of a road individually and improving the
estimation of the geometry of intersections.
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