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SD Map Localization: A Deep Learning Approach

Using deep learning models to accurately localize vehicles on Standard Definition
maps using real-time sensor data
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Chalmers University of Technology

Abstract

Accurate localization is critical for the safe and efficient operation of autonomous
vehicles, enabling precise navigation and real-time decision-making. This thesis fo-
cuses on improving Standard Definition (SD) map based localization, by leveraging
deep learning techniques. The research addresses key questions, including how to
optimally encode SD map data and sensor data, particularly the Global Navigation
Satellite System and Inertial Navigation System sensor, for deep learning, and train
models to perform accurate map matching and vehicle localization along the correct
road segment.

The thesis develops a deep learning-based localization framework for autonomous
vehicles, focusing on SD map data. It introduces three main components: a Poly-
line Encoder using either Graph Neural Networks (GNN) or Transformers, a Map
Matching Network based on cross-attention, and a Point Prediction Network con-
sisting of a simple Multi-Layer Perceptron. The model encodes ego trajectories and
map links, matches the map data with the vehicle’s trajectory, and predicts precise
location. Our results show that the GNN consistently outperforms the Transformer
on both map matching and point prediction. The model’s performance varies based
on the training and testing data used, with the last point of the trajectory often
being sufficient for accurate localization. The study also compares the deep learning
model with classical algorithms and finds that the GNN-based localization model
significantly improves localization accuracy. Overall, our thesis demonstrates that
leveraging deep learning techniques, particularly GNN-based architecture for en-
coding, along with cross-attention based architecture for map matching, has the
potential to significantly enhance SD map localization for autonomous vehicles.

Keywords: Deep Learning, Map Localization, Transformer, Graph Neural Network.
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1

Introduction

Autonomous vehicle systems consist of three essential components: perception, plan-
ning, and control. Within the perception system, one critical function is localiza-
tion, which involves determining the vehicle’s position within a global coordinate
system [4]. Accurate localization is crucial for the safe and efficient operation of
autonomous vehicles. A vehicle must have a precise understanding of its location to
make informed decisions about navigation, obstacle avoidance, and interaction with
elements in its environment. Improved localization enhances the vehicle’s ability to
make accurate predictions about its surroundings and respond to dynamic changes
in real-time. This precision directly affects the performance of the planning and
control systems, reducing the likelihood of collisions, improving route efficiency, and
ensuring passenger safety. Moreover, better localization is vital in urban environ-
ments with complex road networks, where small errors in positioning can lead to
significant deviations from the intended path.

Research in localization has given rise to various specialized fields, such as Simulta-
neous Localization and Mapping (SLAM), which operates without prior knowledge
of the environment, and other approaches that rely on pre-existing maps for vehicle
localization. This thesis examines map-based localization — and particularly — a sub-
set of map-based localization known as Standard Definition (SD) map localization.

Maps used in autonomous vehicle localization vary significantly in detail, accuracy,
and purpose. The most commonly used maps are High Definition (HD) maps and
Standard Definition (SD) maps. High Definition Maps are extremely detailed and
contain centimeter-level accuracy information, including precise lane boundaries,
road curvature, traffic signs, and other essential data for controlling the vehicle
within its lane. These maps are highly accurate because it is mainly used for con-
trolling the vehicle in real-time. In contrast, Standard Definition Maps offer a lower
level of detail, typically focusing on broader road features, such as road geometry,
number of lanes, speed limit, traffic direction, and other road-level data. Because of
the global level of information stored in the SD maps, they have large coverage which
can be used for localization in the context of planning, which is done by retrieving
road-level features of what is ahead. Thus HD and SD maps serve complementary
roles in autonomous vehicle systems, with HD maps providing the precise, real-
time control needed for accurate in-lane positioning, while SD maps offer essential
road-level data that aids in broader planning and decision-making tasks. With the
distinctions between HD and SD maps clarified, the focus of this thesis will be on
SD maps. The objective is to achieve accurate vehicle localization by leveraging the
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global-level information provided by SD maps, rather than HD maps. This will be
accomplished by exploring the use of deep learning methods to enhance localization
accuracy within the context of SD maps.

Deep learning offers significant potential in addressing the challenges associated
with SD map-based localization. Traditional algorithms for localization often strug-
gle with the variability and lower resolution inherent in SD maps, particularly in
complex urban environments where the road geometry can be intricate. Addition-
ally, classical models may face limitations when integrating data from multiple sen-
sors, as they typically rely on predefined rules and heuristics, making it challenging
to accommodate additional sensor inputs without extensive re-engineering. In con-
trast, deep learning models could be more adept at handling and fusing data from
multiple sensors, as they are designed to learn complex correlations and patterns
directly from the data. This adaptability suggests that deep learning models may
be better suited to leveraging sensor data for improving localization accuracy.

By leveraging large datasets, deep learning has the potential to enhance the ac-
curacy of map matching and location prediction within a link, even when detailed
map information is sparse. Furthermore, deep learning approaches could adapt more
readily to new environments and variations in road conditions, making them poten-
tially more robust against the uncertainties that typically challenge SD map-based
localization. As a result, deep learning could significantly enhance the overall effec-
tiveness of localization in autonomous vehicle systems.

Map-based localization presents several challenges that must be addressed to en-
sure accurate vehicle positioning. The two primary problems in this domain are
map-matching and predicting the location within a link.

Map matching is the process of associating the vehicle’s current position with a
specific location on the map, typically referred to as a "link." A link in SD maps
represents a segment of the road or a specific part of the network. In the context
of SD maps, links are fundamental building blocks that represent road segments
or paths within the map. These links are crucial for navigation, as they define
the possible routes that the vehicle can take. Correctly identifying which link the
vehicle is on is vital for accurate localization, especially in environments with com-
plex road networks or in situations where the GPS signal may be weak or unreliable.

Once the correct link is identified, the next challenge is determining the vehicle’s
exact location within that link. This involves calculating the precise position of the
vehicle relative to the link’s start point. Factors such as speed of the vehicle, road
curvature, and the direction of traffic in the link can complicate this process. Ac-
curate prediction of the vehicle’s position within a link is essential for ensuring that
the vehicle follows the correct path and makes appropriate navigational decisions.
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1.1 Thesis Objectives

The research questions that this thesis attempts to answer are:

1. What is the optimal approach for encoding Standard Definition (SD) Map
data to enhance its interpretability by deep learning models?

2. How can multi-modal sensor data from the vehicle be effectively integrated
with the encoded SD Map data to facilitate comprehension by deep learning
models?

3. What methodologies are effective for training the deep-learning model to accu-
rately identify the most likely road segment currently navigated by the vehicle,
based on this enhanced data representation?

4. Further, how to accurately predict the location of the vehicle along the correct
road segment?

1.2 Limitations

To define the scope of the thesis, certain limitations and assumptions are taken into
account. This research primarily focuses on using geo-positional data from GNSS
sensors and inertial data from INS sensors to identify the correct link on the SD
map and determine the vehicle’s position along that link. While it is recognized
that additional sensors, such as cameras, could improve localization performance,
the study intentionally limits itself to these core data sources. This choice is based on
the main goal of exploring whether deep learning models can be effectively used for
localization, rather than expanding on existing research. By keeping this focused
approach, the research aims to establish a basic understanding of how well deep
learning can work for vehicle localization with essential sensor data, setting the
stage for future, more detailed studies.
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Background

2.1 Map Localization

While there exist numerous surveys on map localization in the literature, their con-
tributions and insights are closely tied to the specific sensor configurations they
investigate. For example, the authors in Kuutti et al. [19] categorize localization
methods based on sensor classification without addressing whether prior maps are
used. In contrast, Elhousni and Huang [9] is restricted to studies utilizing only Li-
DAR sensors. The work presented in Bresson et al. [2] extensively examines the
subject from a SLAM perspective, focusing solely on techniques that construct and
reuse long-term maps, including those that do not use prior maps. Surveys like Ku-
bicka et al. [18] and Chao et al. [6] focus on the navigation and routing aspects of
vehicular map-matching methods and propose a novel classification method, yet all
surveyed approaches rely exclusively on the lane-level layer of prior maps. A more
recent review, found in Laconte et al. [20], introduces a new taxonomy of localiza-
tion methods for autonomous vehicles, though it is limited to highway scenarios.

HD Map localization is a widely researched area, particularly for lane detection
and navigation in autonomous vehicles. Comprehensive surveys like Chalvatzaras
et al. [5] highlight recent advancements in HD maps, sensors, datasets, and algo-
rithmic solutions across various driving scenarios . Studies such as Ma et al. [23]
introduce novel semantic localization algorithms using multiple sensors and sparse
semantic HD maps to achieve high accuracy , while Cai et al. [3] present a cost-
effective localization method combining a custom GPS, monocular camera, and HD
maps to reduce errors . Additional research, such as Bauer et al. [1], demonstrates
the significant impact of HD maps on localization accuracy, using a particle filter to
combine Inertial Measurement Unit and GPS data. Furthermore, the study by Han
et al. [13] introduces an ego-motion estimation technique that improves robustness
and accuracy through a novel line segmentation matching model and geometric cor-
rection using inverse perspective mapping (IPM).

For SD maps, although the literature provides extensive information on map match-
ing, no studies have been identified that address precise localization within SD maps.
The topic of map matching will be explored further in the next section.
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2.2 Map Matching

Today’s automobile routing systems make use of positioning sensors such as the
Global Navigation Satellite System (GNSS) in order to track the user’s position
on a map. For effective routing, it is important to know which road the user is
currently on. The process of continually estimating a user’s position on a road
segment is known as map matching [14].

2.2.1 Classical Approaches

Map-matching was initially approached as a geometric problem, and most solutions
used curve-matching techniques. The earliest, by Kim et al. [16], was based on the
shape of road segments. It was simple but inaccurate at intersections. White et
al. [35] and Taylor et al. [33] developed more advanced algorithms, incorporating
direction, topological information. Some algorithms, like Srinivasan et al. [31], inte-
grated GPS and dead reckoning outputs with a Kalman filter. However, these models
were too simple for dense urban networks and had limitations like overlooking more
congruent directions and being computationally intensive. The challenge remains to
improve accuracy, especially in identifying the correct segment in dense urban areas.

Further advancements in map-matching were made with the use of more Kalman
Filters, fuzzy logic and probabilistic approaches. Some of the developments include a
multiple-hypothesis technique by Pyo, Shin, and Sung [25] and an algorithm based
on Dempster—Shafer theory by Yang, Cai, and Yuan [7]. Both approaches have
limitations, such as high computational intensity and lack of use of heading and
direction information.

The Hidden Markov Model (HMM) is introduced as a probabilistic model involving
uncertain state transitions, with states being road segments and transitions governed
by road network connectivity. Ren and Karimi [28] and Newson and Krumm [24]
explored the use of HMM in map-matching, but their methods also had limitations,
such as response delay and lack of use of heading or direction data.

2.2.2 Deep Learning Approaches

In order to leverage the data collected from trajectories, deep learning models were
proposed.

2.2.2.1 Transformer-based Approaches

DeepMM [10] was the first study dedicated to the task of matching GPS trajectories
to corresponding road segments, drawing inspiration from previous research on deep
neural network models. It adopted an encoder-decoder system, akin to those used in
neural machine translation with recurrent neural networks. Addressing the challenge
of input trajectory and road matched trajectory having varying lengths, DeepMM
incorporated attention mechanisms to complement the sequence-to-sequence model.
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However, DeepMM faced limitations related to sensitivity to data quality and quan-
tity. To overcome these challenges, the proposed Learning to Map Matching (L2MM)
[15] introduces a robust deep learning-based model that specifically addresses issues
associated with low-quality GPS trajectories and limited training data. L2MM fur-
ther enhances trajectory representations, incorporates historical trajectory patterns,
and employs pattern recognition to improve generalization, showcasing superior ac-
curacy and efficiency in extensive experiments.

Transformer-based architectures [34] have been widely used for sequence model-
ing tasks, with models like BERT [8] applying transformer encoders to generate
contextual embeddings for words in a sequence. Similarly, transformer encoders
can be employed for encoding sequential data, such as polylines. Luo et. al [22]
presents a framework using SD maps and a Transformer-based encoder to signifi-
cantly enhance lane-topology prediction, offering a scalable alternative to traditional
HD maps. This approach has informed the decision to incorporate a Transformer
encoder for encoding SD map information in this thesis.

2.2.2.2 Graph Neural Network based Approaches

Graph Neural Networks (GNNs) were first introduced by Scarselli et al. in 2009
[29], which generalized neural networks to graph-structured data through a recur-
sive, message-passing framework that iteratively propagates information across the
graph until convergence. Later, Kipf and Welling [17] introduced Graph Convo-
lutional Networks (GCNs) in 2017, improving efficiency by enabling a layer-wise,
convolutional propagation mechanism over graphs. This advancement significantly
boosted the applicability of GNNs to various domains, including tasks like node and
graph classification.

GNN based models such as VectorNet [12] have been developed for vehicle trajectory
prediction. These models adopt a graph-based representation of the environment,
where each road segment, intersection, and other pertinent structures are depicted
as nodes within a graph. Notably, the vehicle itself is also encoded as a node within
this graph. By constructing such a graph, VectorNet effectively captures the intri-
cate spatial relationships between the vehicle and its surrounding elements, enabling
accurate trajectory forecasting. Following the development of VectorNet, additional
trajectory prediction models have emerged, with one notable example being the
TNT prediction model [36]. Leveraging VectorNet’s capabilities, TNT utilizes a
similar approach to encode scene context between the agent and its surrounding
road elements within a graph-based representation. By assessing the likelihood of
potential future trajectories based on the agent’s position and combining this in-
formation with the context vector of the agent, TNT achieves accurate trajectory
prediction.

Drawing inspiration from the VectorNet model, our thesis leverages a similar frame-
work as the foundation for our model. Our approach involves representing our
vehicle’s multi-modal input data, including GNSS trajectory and INS data, as a
node within the graph. Additionally, neighboring road segments are represented as

7
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nodes in the same graph. By constructing this graph-based representation, we aim
to exploit the spatial dependencies and contextual information encoded within the
graph to predict the correct road segment on which the vehicle is currently posi-
tioned. In this way we can develop a generalized model capable of operating across
various locations.

2.3 Localization Regulations and Standards

Safety standards for localization in autonomous vehicles require achieving an in-
tegrity level with a 10~8 probability of failure per hour, specifying lateral and longi-
tudinal error bounds based on US road geometry standards, such as a lateral error
of 0.57 meters (0.20 meters at 95% confidence) and a longitudinal error of 1.40 me-
ters (0.48 meters at 95% confidence) [27]. Various standards, including those from
SAE International, 5G PPP, and the European GSA, propose different accuracy and
integrity levels for AVs, with accuracy requirements ranging from 0.1 to 0.3 meters
and varying integrity levels, but there is no universal consensus on a standard, as
highlighted by recent research [26]. Currently, no clear consensus exists for stan-
dards within SD maps; however, for this thesis, the minimum acceptable positioning
error for SD map localization is set at 9 meters.

Evaluation methods for localization performance are categorized into two approaches:
one comparing against a high-quality reference position trajectory, which may not
be a true ground-truth, and another using static, map-based ground-truths such as
pre-defined paths or HD maps, which introduce their own chart errors and challenges
in accuracy assessment [26]. Despite these methods, no standardized approach ex-
ists for evaluating localization performance against a validated ground-truth dataset
in real-world driving scenarios.

2.4 Terminology

In the context of this thesis, we adopt precise definitions to avoid ambiguities related
to the term map matching. The following terms are defined as follows:

1. Map Link: A map link, denoted as L, is a polyline representing a road
segment, characterized by:

« Coordinates: A set of geographic coordinates {(z;,y;)}’, where each
coordinate (z;,y;) corresponds to a point on the polyline.

e Direction of Traffic: A directional attribute D indicating the permis-
sible travel direction on the road segment.

e GeolD: A unique identifier I D assigned to each map link, L.

2. SD Map: An SD map, denoted as M, is a graph comprising a set of connected
map links {£;}™,, where each map link £; is connected to others according
to a connectivity matrix C.

3. Map Matching: The map matching process, MM, involves selecting the ap-
propriate map link £; € M based on a sensor vector S that includes multiple
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attributes of the vehicle’s current state. The sensor vector S may include at-
tributes such as position (z,y), speed v, heading ¢, and other relevant metrics.
Mathematically, the map matching function can be represented as:

MM(S) = £; where L, is selected based on criteria C(S, £;),

where C(S, L;) is a composite function that evaluates the suitability of each
map link £; relative to the sensor vector S. This function incorporates factors
such as the vehicle’s position, speed, heading, and possibly other dynamic
attributes to determine the most likely road segment.
In this thesis, the SD map M include long roads that are divided into multiple
road segments. Thus, the map matching process, MM, is specifically designed to
identify the road segment £; on which the vehicle is currently located, based on a
comprehensive analysis of the sensor data.

2.5 Data

The dataset used consists of multiple samples with historical sensor information
collected over various road types. Each sample consists of the following information:
1. Sensor Input from the Ego Vehicle:

(a) GNSS Coordinates: We use the last 30 seconds of the vehicle’s GNSS
trajectory, converted to the UTM frame and rotated to align with the
vehicle’s heading for easier localization.

(b) INS Data for Each GNSS Coordinate:

i. Vehicle Velocity
ii. Vehicle Heading
(¢) Timestamp for each GNSS coordinate.
2. SD Map Links within the Given Frame

(a) We use a world map from OpenStreetMap to obtain the nearest map
links to the last point in the historical GNSS trajectory, limited by the
frame width to balance variation and data usability.

(b) Map Link Data:

i. GeolD: A unique identifier for each map link.
ii. Coordinates: Geodetic coordinates of the points in the map link
polyline.
iii. Attributes:

A. GeolD: Unique identifier for every map link in the world, as-
signed arbitrarily.

B. Direction: Indicates the direction of travel along the map link.
The possible values are: 0 for traffic open in both directions, 1 for
traffic from the starting point to the ending point, 2 for traffic
from the ending point to the starting point, and 3 for traffic
closed in both directions.

3. Ground Truth

(a) Road Segment ID: The GeolD for the correct map link.

(b) Offset: This is a term used for the distance between the vehicle’s current
position and the start of the link.



2. Background

Figure 2.1 is an illustration of the input which is given to the model.

Historical GNSS trajectory of the vehicle and nearest SD Map links
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»  Historical GNSS Trajectory
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Figure 2.1: Example of an input sample. The grey polylines represent the map
links. The black dots are the start and end of each map link and the grey points
are the different points within the polyline. The blue points show the historical ego
trajectory that is obtained from the vehicle. The green link is the ground truth map
link.

The grey lines represent the different map links in the frame, where the black dots
are delimitation’s of the map links. The blue dotted line represents the historical
GNSS ego trajectory. The green line represents the ground truth, i.e., the map link
the vehicle is currently on. Other information such as INS data and direction ID
are given to the model as additional parameters.

In addition to the provided information, it is crucial to consider the dataset size
for the analysis. The original dataset, labeled as "v1," was further refined into two
additional versions: v0 and v2. The difference between these versions are as follows:
o The v0 version serves as a subset used for preliminary experiments. It is identi-
cal to the v1 version with respect to features and labels, with no augmentation
done.
e The vl version is the original dataset, containing all the information given
above.
o The v2 dataset incorporates extensive data augmentation to enhance model
robustness.
Table 2.1 summarizes the distribution of training and testing samples across these
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2. Background

dataset versions, and the details of augmentation from v1 to v2 is elaborated upon
in Section 3.6.

Dataset Version Number of Training Number of Testing
Samples Samples

v0 2,504 300

vl 118,096 15,253

v2 934,901 120,105

Table 2.1: Summary of datasets used in the experiments, showing the number of
training and testing samples for each dataset.
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Methods

3.1 Polyline Encoding

The ego trajectory and map links are represented as sequences of geodetic coor-
dinates with variable lengths. Prior to processing by the model, these sequences
are transformed from the geodetic coordinate system (WGS84) to a local Cartesian
coordinate system (UTM). This transformation removes geographic constraints, al-
lowing the model to operate independently of location. The frame transformation

is visualized in Fig. 3.1.

Zecef
A

North

> Yecef

Figure 3.1: Conversion from Geodetic to Cartesian frame: The ego trajectory
points and the map link coordinates, given in WGS84 reference frame (blue), are

converted to a local Cartesian frame (green) using the UTM transformation.

Additionally, to make the input spatial features invariant to the locations of ego
vehicle, we rotate the frame so that the heading of the ego vehicle is always zero
- this means that in the top view frame of the map, the vehicle will always face
towards the right. Further, we normalize the coordinates of all points to be centered
around the location of ego vehicle at its last observed GNSS point. Hence, for the
model, a vehicle moving along stationary map links would appear as if the vehicle
is stationary and always at the origin, whereas all the map links keep moving, since

their co-ordinates are changing with respect to the origin.
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3. Methods

While a GNSS trajectory can be seen as a time series and map links are purely
spatial, they can be both be geometrically represented by polylines. These variable-
length sequences must be encoded into fixed-dimensional vectors. The polyline en-
coders are specifically designed to process the ego trajectory and map link polylines,
regardless of their differing lengths, and transform them into embedded vectors with
a consistent dimension. These embeddings are then utilized in subsequent modules
for tasks such as map matching and point prediction.

The polyline encoder is engineered to process GNSS sequences from both the ego
trajectory and the map links. Given that these sequences represent the same type of
entity, a polyline, it was determined that employing a unified shared encoder would
be more effective than utilizing separate encoders. [11]

We experimented with two different types of architectures to encode the polylines -
a Graph Neural Network based encoder, and a Transformer based encoder.

3.1.1 Graph Neural Network based Encoder

Since the ego trajectory and map links are a sequence of GNSS coordinates, we take
inspiration from the VectorNet model [12] and represent the sequences as polylines
with multiple control points, thereby representing the whole frame as sets of vectors.

We use graph neural networks (GNNs) to incorporate these sets of vectors. we
create a graph for each polyline and each vector as a node in the graph, and set the
node features to be the start location and end location of each vector, along with
other attributes such as Direction ID and INS/Map link data. We then aggregate
the information of all the nodes in the graph to give out an embedded vector which
encomposses the information of the whole polyline.

...... Ego Trajectory
Embedding

Ego Trajectory GNN-based Polyline Encoder
e ™~
. 0 f \
-~ N -
' . - Graph
sebepeend . :{> :(> Encoder ggregation :{>
) ’ Layer
1
| I

Model Input n

g /
D n

SD Map Link

SD Map Links Embeddings

Figure 3.2: GNN-based Polyline Encoder: Each polyline is treated as a graph
which passes through the same encoder

1. Representing ego trajectory and map links as polylines:
Our vectorization process establishes a one-to-one mapping between continu-
ous trajectories, and the vector set, even though the vector set is unordered.
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This mapping allows us to construct a graph representation from the vector
sets, which can then be encoded using graph neural networks. Specifically, we
represent each vector v; that belongs to a polyline P; as a node in the graph.
The node features are defined as

VvV = [dfadfaa’hj]?

where d; and df are the coordinates of the vector’s start and end points. The
coordinates d can be expressed as (z,y) for 2D coordinates. The attribute
features a; include information such as ego vehicle INS data, timestamps for
trajectories, or road features like type or speed limit. The integer j is used
for the direction ID which represents the traffic direction. Direction ID is
particularly useful for map links, we represent them with unique integers for
each traffic direction. They are as follows:

(a) 0: Traffic is open both directions.

(b) 1: Traffic From the starting node d} towards the ending node d5.

(c) 2: Traffic from the ending node df towards the starting node d;.

(d) 3: Traffic is closed both directions.
. Polyline Graph Encoder Layer:
To encapsulate the information inherent in a polyline, we construct a graph
encoder at the vector level, interlinking all vector nodes belonging to the same
polyline. Consider a polyline P represented by its nodes {vq,va,...,vp}.
The propagation of information through a single layer of the graph encoder is
expressed mathematically as:

Vl(l+1) _ ¢rel (genC(Vgl)), ¢agg ({genc<V§‘l))}))
0]

In this equation, v;’ signifies the feature vector of node ¢ at the I-th layer
of the encoder, with VEO) denoting the initial features of node i. The function
Genc(+) is responsible for encoding the features of individual nodes, while @ugq(-)
aggregates the information from neighboring nodes, and ¢,q(+) serves as the
relational operator that connects node v; with its neighbors.

Furthermore, the encoding function genc(-) is realized through a multi-layer
perceptron (MLP) that employs shared weights across all nodes. This MLP
consists of a single fully connected layer, followed by layer normalization and
the application of a ReLU activation function. The aggregation function ¢,g,/(+)
utilizes max-pooling to gather information, while the relational function ¢, (-)
operates through concatenation. This procedure is visually represented in
Figure 3.3.

We can stack multiple layers of this graph encoder architecture, each featuring
distinct weights for the encoding function ge,(:). To derive features at the

polyline level, we calculate:

pP= ¢agg ({VZ(LP)}>

where the aggregation function ¢,g,(-) again employs max-pooling to summa-
rize the node features across the polyline.
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Figure 3.3: Information Aggregation within the same polyline done in one graph
encoder layer as per the VectorNet approach. For the node encoder, a multi-layer
perceptron is used and the permutation invariant aggregation is implemented using
max-pooling. Finally we combine this aggregated information with the original node
features by simple concatenation.

We adopt the VectorNet [12] graph convolution layer over the standard graph con-
volution layer [17] due to its optimization for encoding vector-based polyline rep-
resentations. The relational and aggregation mechanisms in VectorNet have been
shown to effectively capture the spatial relationships inherent in polyline data for
trajectory prediction, making it an excellent choice for map localization.

Additionally, we employ concatenation as the aggregation strategy in the graph
encoder layer instead of traditional methods such as mean or sum pooling. This
choice facilitates the preservation of individual node feature information, thereby
maintaining the distinct contributions of neighboring nodes. Such an approach en-
hances the representational capacity of the network, particularly in scenarios where
unique node attributes are critical for the output.

3.1.2 Transformer based Encoder

As an alternative to the GNN based encoder, we explore the use of the transformer
architecture to encode the sequence of geodetic coordinates. We choose the trans-
former because it is a valid approach for encoding sequential data. We choose the
transformer architecture over other sequence modeling architectures such as RNNs
and LSTMs and GRUs because of its ability to attend to long range sequences with-
out loss of information.

We convert the ego trajectory and maplinks into polylines similar to the GNN based

encoder. After this, the aggregation of the polyline information is done by a trans-
former encoder.
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Figure 3.4: Transformer-based Polyline Encoder

The transformer-based polyline encoder is shown in the figure above. The sequence
of edge vectors of the polylines are taken as input embeddings, on which we apply
sinusoidal positional encoding, and then the attention mechanism. Finally we ag-
gregate the mutually attended polyline edge embeddings using a pooling mechanism
in order to aggregate the information of the sequence into a single fixed dimensional
embedding vector. Mean pooling and Max pooling are explored in our experiments.

3.2 Map Matching

With the ego trajectory and map links now encoded into fixed-dimensional vectors,
we approached the first part of our problem: determining whether a neural network
can be trained to identify the specific road on which a vehicle is currently travelling,
given the encoded ego trajectory and the various roads present on the map.

Historical GNSS trajectory of the vehicle and nearest SD Map links Historical GNSS trajectory of the vehicle and nearest SD Map links
150 1

=fe= Map Links == Map Links
=de= Ground Truth Link

e Historical GNSS Trajectory

/
L

Distance from the current point along Y-axis (m)
/
|

Distance from the current point along Y-axis (m)

-150 -100 =50 o 50 100 150 -150 -100 =50 o 50 100 150
Distance from the current point along X-axis (m) Distance from the current point along X-axis (m)

Figure 3.5: Map Matching: Inputs to the model (left) and Ground Truth (right).
The blue sequence (left) is the historical vehicle trajectory, the vectors of which
consist of GNSS and INS sensor data. The green highlighted link (right) indicates
the ground truth map link. This is what the map matching model should predict.
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3.2.1 Map Matching Based on a Fixed Number of Map
Links

Initially, we focused on a map matching task where the input to the network con-
sisted of the encoded ego trajectory along with five map links. We trained a Multi-
Layer Perceptron (MLP) to see if it could accurately classify the map link corre-
sponding to the road the vehicle is currently on. Through this experiment, we gained
valuable insights into the network’s ability to comprehend the map’s spatial infor-
mation and make informed decisions accordingly. The results (available in section
4.2.1) indicated that the MLP was indeed capable of processing the encoded data
and distinguishing the correct map link.

3.2.2 Map Matching with a Variable Number of Map Links

Although the previous method demonstrated success, it is inherently limited by the
fixed number of inputs required by the MLP. In real-world scenarios, the number of
roads within a given ego frame can vary significantly. Therefore, it became necessary
to design a network that can accommodate a variable number of input map links.
To address this challenge, we explored and tested two different solutions: Cosine
Similarity, and Cross Attention.

3.2.2.1 Cosine Similarity

In the first approach, we utilized cosine similarity to measure the similarity be-
tween the embedded ego trajectory and the various map links. Cosine similarity
was chosen as the metric for this approach because it effectively measures the di-
rectional alignment between two vectors, making it well-suited for comparing the
ego trajectory with various map links. Unlike other distance-based metrics, cosine
similarity is scale-invariant, meaning it focuses solely on the angle between vectors
rather than their magnitude, which is particularly useful when the trajectory and
map link embeddings may have different scales. Additionally, this method allows for
the independent comparison of each map link to the ego trajectory, accommodating
scenarios with a variable number of map links without requiring a fixed input size.
The process involved calculating cosine similarity scores between the ego trajectory
embedding and each map link embedding, after which the map link with the highest
similarity score was selected as the most likely candidate for the road the vehicle
was on.

While this method is straightforward, it has a notable limitation: cosine similar-
ity itself is not a trainable metric. For this approach to work effectively, the polyline
encoder would need to be trained to produce embeddings such that the ego trajec-
tory is encoded in a way that it closely matches the correct map link. However, this
becomes particularly challenging because the ego trajectory typically represents a
time span of around 30 seconds, during which the vehicle could traverse multiple
roads. This variability makes it difficult to ensure that the ego trajectory is encoded
in close proximity to any single map link.
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3.2.2.2 Cross Attention Network

To overcome the limitations of the cosine similarity approach, we explored the use
of a Cross Attention Network. The idea for employing cross attention in our map
matching task is inspired by its application in feature matching, where cross at-
tention is used to infer latent alignments between different data modalities, such
as image regions and text descriptions, enabling fine-grained matching [21]. Simi-
larly, in our approach, cross attention allows us to compute attention scores between
the ego trajectory and map links, facilitating a more dynamic and context-sensitive
matching process.

One significant advantage of this method over cosine similarity is that it is trainable.
The network can be optimized during training to improve its ability to focus on the
most relevant map link given the ego trajectory. This trainability allows the network
to adapt its attention mechanism to better handle the complexities of the input data.

The detailed workings and advantages of the Cross Attention Network are elab-
orated upon in the following sections.
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Figure 3.6: Cross attention for map matching

The cross attention is used for matching the ego trajectory with relevant map links,
allowing for precise determination of the vehicle’s current position on the map.
This process involves several key steps, as illustrated in the accompanying diagram

(Figure 3.6).

3.2.2.3 Input: Ego Trajectory and Map Links

The process begins with the input of the embedded ego trajectory and map links.
The ego trajectory represents the vehicle’s path and is embedded into a high-
dimensional feature space, capturing dynamic attributes such as position, velocity,
and heading. Simultaneously, map links, representing various segments of the road
network, are also embedded into a compatible high-dimensional space, encapsulating
static features like geometry, connectivity, and traffic rules.
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3.2.2.4 Cross Attention Mechanism

At the core of this process is the cross attention mechanism, which facilitates the
dynamic alignment of the ego trajectory with the most relevant map links:

e Query (Q): The embedded ego trajectory acts as the query, seeking relevant
information from the map links.

« Keys (K) and Values (V): The embedded map links serve as both the
keys and values. Keys help in determining the relevance of each map link,
while values provide the actual information to be incorporated with the ego
trajectory.

3.2.2.5 Attention Calculation

The cross attention mechanism computes attention scores by evaluating the dot
product of the query (Q) with each key (K). This operation measures the similarity
between the ego trajectory and each map link. The computed scores are then nor-
malized using a softmax function, converting them into probabilities that represent
the attention each map link receives. This can be mathematically represented as:

KT
Attention Scores = softmax (Q )

Vdy,

where Q is the query matrix (ego trajectory), K is the key matrix (map links), and
dy, is the dimensionality of the keys. The softmax function ensures that the attention
scores sum to 1, highlighting the relevance of each map link to the ego trajectory.
This step is essential for determining the focus on specific map links based on the ego
trajectory’s context (illustrated by the interaction arrows and scoring in Figure 3.6).

3.2.2.6 Map Link Selection

The map link with the highest attention score is identified as the associated map link.
This step involves selecting the map link that best aligns with the ego trajectory,
reflecting the network’s determination of the vehicle’s position relative to the road
network (as indicated by the highest attention path selection in Figure 3.6).
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3.3 Offset Prediction
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Figure 3.7: Offset Prediction: The pink line is the offset distance of the vehicle
from start of the map link

In the previous section, we demonstrated the ability to develop a network capable
of classifying the correct map link based on the map information and ego trajectory,
specifically using the Cross Attention Network. Moving forward, the next challenge
was to predict the vehicle’s position along the identified map link—specifically, how
far along the vehicle is from the start of the ground truth map link.

To address this, we trained a model combining a GNN based encoder and a MLP.
This model was designed to take the ego trajectory and the correct map link as in-
puts and predict the precise offset distance, or how far the vehicle is from the start
of the map link along its length. The rationale for pursuing this prediction approach
was rooted in the nature of our dataset, which included ground truth labels in the
form of offset distances.

However, upon testing this method, we observed that the network struggled to
accurately predict the offset distance, often producing results that deviated signifi-
cantly from the correct value.

These challenges highlight the complexities of accurately predicting the offset dis-

tance along a map link and suggest areas where further refinement and integration
of the networks may be necessary to improve performance.

21



3. Methods

3.4 Point Prediction
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Figure 3.8: Point Prediction: The pink point is the exact position of the vehicle
on the map link

Given the challenges associated with offset prediction, we reformulated the prob-
lem into a point prediction task. To simplify the model’s learning process, the
offset labels were transformed into ground_truth_point labels, which represent
a 2D vector indicating the vehicle’s true position relative to the last point of the ego
trajectory. This reformulation allows the model to focus on directly predicting the
ground truth point rather than calculating the distance from the start of the map
link. Moreover, by learning to predict a point on the SD map, it would be fairly
straightforward recover the distance along the matched link by projecting the point
onto the matched link.

With this new formulation in place, we developed a network aimed at predicting
the vehicle’s position as a point. The point prediction network consists of a simple
Multi-Layer Perceptron (MLP) with an output layer containing two neurons. The
network is designed to take as input a vector formed by concatenating the ego tra-
jectory with the combined features of all map links. Using this input, the network
is trained to output a 2D point (x,y), representing the vehicle’s localized position,
with the last point of the ego trajectory serving as the origin. During training,
the loss function incorporates two components: the distance between the predicted
point and the ground truth point, and the distance between the predicted point and
its nearest point on the ground truth map link. In this way, we can constrain the
predicted point to the map link.
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3.5 Combined Localization

Having developed networks for matching the ego trajectory to the correct map link
and predicting the position on the map link, we now integrate these networks into
a unified localization system. This combined localization network simultaneously
produces both outputs, allowing the network to learn and adapt from the entire
scenario. The architecture of the combined localization network is illustrated in
Figure 3.9.
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Figure 3.9: Deep Learning Map Localization Architecture: It consists of three
modules - the polyline encoder, the map matching network, and the position pre-
diction network.

As depicted in Figure 3.9, the Localizer model is composed of three fundamen-
tal modules: a polyline encoder, a map matching network, and a point prediction
network.

3.5.1 Polyline Encoder

The polyline encoder is responsible for encoding the map link and ego trajectory into
a fixed-dimensional embedding vector. This embedding serves as the input to the
point prediction network. The details of this process are elaborated in the following
subsection.

3.5.2 Map Matcher Network

The map matcher network employs the Cross Attention Network to classify the
correct map link based on the available map information and to refine the ego
trajectory using context vectors.

3.5.2.1 Context Vector Creation

Using attention scores, the embeddings of the map links are weighted to create a
context vector. This vector represents a weighted sum of the map link embeddings,
prioritizing information from the most relevant segments. The context vector effec-
tively captures the relevant map data in relation to the ego trajectory, as illustrated
by the combination of vectors leading to the context vector in Figure 3.6.
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3.5.2.2 Ego Trajectory Update

The context vector updates the embedded ego trajectory by integrating the map link
information. This update enriches the ego trajectory with pertinent details from
the map link, preparing it for the subsequent stage, which is the point prediction
network. This enhancement is shown by the trajectory improvement and output
flow in Figure 3.6.

3.5.2.3 Output to Point Prediction Network

The updated ego trajectory, now enhanced with map link data, is passed to the
point prediction network. This integration facilitates more accurate predictions and
navigation decisions based on the refined alignment of the ego trajectory with the
current map segment.

3.5.3 Point Prediction Network

The point prediction network takes the updated ego trajectory embedding as input
and predicts the vehicle’s position as a point.

3.6 Dataset Improvements

This section outlines the key enhancements made to the dataset. The three versions
we used were labelled v0, v1 and v2 as mentioned in section 2.1. The augmentations
done from v1 to v2 are explained in detail as follows:

1. Dropped Duplicate GNSS Points: In the ego trajectory, GNSS measure-
ments were initially recorded at a frequency of 1 Hz, while timestamps were
recorded at a higher frequency of 50 Hz. This led to approximately 50 dupli-
cate GNSS measurements between updates. To avoid redundancy and ensure
compatibility with different sampling rates during inference, these duplicate
GNSS points were removed in the v2 dataset.

2. Included Delta Timestamps: After removing duplicate GNSS points, it
was important to retain temporal information. For this, delta timestamps
were introduced. The delta timestamp represents the time difference between
the current iteration and the timestamp when the corresponding GNSS point
was first recorded. This allows the model to understand the temporal context
during inference, where the timestamps are updated with each iteration.

3. Included Longitudinal Velocities: To enhance the dataset, the longitudi-
nal velocities of the vehicle were included for each GNSS point when it was
recorded. This provides additional information that the model can use to
better infer the vehicle’s movement.

4. Subsampling to Simulate Time Differences: The original dataset always
aligned the current iteration with the arrival of a new GNSS point, resulting in
no time difference between the current iteration and the last recorded GNSS
point. To simulate scenarios where there is a time gap, subsampling was
applied. Specifically, the last 5% of the ego trajectory’s GNSS points were

24



3. Methods

removed and then gradually regenerated. This process creates scenarios where
the current iteration might not coincide with the latest GNSS point, helping
the model to handle such cases during inference.

5. Enhanced Edge Vectors with Delta Timestamps and Velocities: In
each edge vector for the ego trajectory, the delta timestamp and velocity are
consistently taken from the second GNSS point of that edge vector. This
ensures that the model has accurate velocity data, especially for the last edge
in the trajectory, where the second point represents the last recorded GNSS
point.For the non-moving map links, the delta timestamp and the velocity
attributes is set to 0.

These improvements ensure that the dataset provides more accurate temporal and
kinematic data, which in turn allows the model to perform better during inference,
especially in scenarios involving varying sampling rates and time differences. The
v2 version was used for training and evaluating the performance of the combined
localizer and the baseline.

3.7 Ablation Studies

In this section, we perform a series of ablation studies to evaluate the performance
of our localization model under different conditions and compare it against baseline
and alternative methods.

3.7.1 Baselines

3.7.1.1 Naive Approaches

To establish baseline performance on our dataset, we implement two naive ap-
proaches:

1. Last-Point Localization: This approach assumes the absence of a localiza-
tion solution. We use the last recorded point of the ego vehicle’s trajectory
as the estimated location. For the map-matching task, the nearest map link
to this point is selected. This method serves as a fundamental naive baseline,
which other solutions should surpass. We apply this solution on both, v1 and
v2, versions of our dataset.

2. Dead Reckoning: For samples recorded between two GNSS updates (i.e.,
the subsampled data in the v2 dataset), we apply dead reckoning using the
time intervals and longitudinal velocity to estimate the ego vehicle’s position.
This provides a baseline for the model’s expected performance when leveraging
inertial and temporal data in the v2 dataset. Note that this approach is not
applicable to the vl dataset due to the lack of difference between the time of
the last ego vehicle position and the current time, which makes dead reckoning
ineffective.

The naive approaches are applied only to the testing sets of the different versions of
the dataset since they are not data-driven and do not require any training.
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3.7.1.2 Map Matching

In order to compare the map matching performance, we implement the Hidden
Markov Model (HMM) [24], which is the current state-of-the-art classical algorithm
for map matching.

The HMM for map matching is implemented in three main stages: Initially, the
road network is represented by map links, which are predefined in the SD map.
Each map link corresponds to a specific segment of the road network and serves as
a state in the model. Then, probabilities are calculated for each GNSS observation
relative to these map links. This involves assessing the likelihood of a GNSS point
being on a particular map link, typically based on the distance between the GNSS
point and the nearest map link segment. Finally, the Viterbi algorithm is applied to
determine the most probable sequence of map links. This step involves calculating
the sequence of road segments that maximizes the probability of the observed GNSS
sequence, while also considering the transition probabilities between map links. The
outcome is a path aligned with the road network, accurately reflecting the vehicle’s
route despite GNSS errors and noise.

The HMM is applied to all testing samples from version v1 of the dataset to ensure
a fair comparison with the deep learning alternative.

3.7.2 Analysis of Usage of Historical Ego Trajectory

To assess the model’s reliance on historical trajectory information, we conduct ex-
periments across four distinct scenarios:

1. Trained using full ego trajectory, tested using full ego trajectory.

2. Trained using full ego trajectory, tested using only the last point.

3. Trained using only the last point, tested using only the last point.

4. Trained using only the last point, tested using full ego trajectory.

3.7.3 Analysis of Usage of Inertial and Temporal data

One of the primary goals of our localization solution is to be able to localize at
a frequency higher than the GNSS sensor update rate. To do this, and to handle
short-term GNSS outages, we incorporate temporal and inertial data into the model.
The following three cases are examined to test the usage of these sensors:

1. Ego Trajectory with direction of travel of the road - This scenario utilizes the
ego trajectory data along with the direction of travel as input. It allows us to
evaluate the model’s performance with a minimal set of sensor data, focusing
on how well it can infer localization information using basic trajectory and
directional cues.

2. Ego Trajectory with direction of travel and delta timestamp - Here, we extend
the input data to include both the direction of travel and temporal information,
represented by delta timestamps. This experiment aims to determine whether
the addition of temporal data enhances the model’s ability to make more

26



3. Methods

frequent and accurate point predictions, especially in cases where predictions
are required at a higher frequency than GNSS sensor updates.

3. Ego Trajectory with direction of travel and delta timestamp as well as longi-
tudinal velocity - In this scenario, the model is provided with the ego trajec-
tory, direction of travel, temporal data, and additional longitudinal velocity
information. This setup evaluates the potential improvements in localization
performance by combining temporal data with longitudinal velocity, assessing
whether this comprehensive input enhances the model’s accuracy and robust-
ness in predicting vehicle position.

3.8 Training and Evaluation Metrics

3.8.1 Training

The model was trained using a joint optimization approach that combines both map
matching and regression tasks. For the map matching component, the model’s out-
puts are processed through a softmax activation function, and the resulting prob-
abilities are then used to compute the Negative Log Likelihood Loss (NLLLoss).
This loss measures the model’s performance in predicting the correct map link by
comparing the predicted probabilities against the ground truth.

For the regression component, two distinct losses are computed to guide the model’s
learning process. The first loss measures the Euclidean distance between the pre-
dicted point and the ground truth point. To calculate this, the squared differences
between the predicted and ground truth coordinates are summed, and the square
root of this sum gives the Euclidean distance.

Additionally, the second regression loss evaluates the distance between the pre-
dicted point and its closest point on the ground truth map link. This metric ensures
that the predicted point is not only close to the ground truth point but also ap-
propriately aligned with the correct map link. By using both losses, we aim to
constrain the predicted point to be near the ground truth point while also ensuring
it is well-positioned relative to the correct map link.

The loss function can be formulated mathematically as follows:
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Complete Loss Function:

The model was trained using a joint optimization approach that combines
map matching and point prediction tasks. The complete loss function L
integrates the following components:

1. Map Matching Loss: This component uses the Negative Log Like-
lihood Loss (NLLLoss). The model’s outputs, processed through a
softmax activation function, generate probabilities for each map link.
The NLLLoss measures the model’s performance in predicting the
correct map link by comparing the predicted probabilities against the
ground truth.

Linap = — log (pgt>

where pg is the probability assigned by the model to the ground truth
map link.
2. Point Prediction Loss: This consists of two sub-components:
(a) Point Loss: Measures the squared Euclidean distance between
the predicted point and the ground truth point:

Lpoint = [|Ppred — pgt||2

where ppreq is the predicted 2D point and pg is the ground truth
2D point.

(b) Link Loss: Evaluates the Euclidean distance from the predicted
point to its nearest point on the ground truth map link. The
nearest point pynk is defined as the point on the link that mini-
mizes the Euclidean distance to pprea:

Liink = mtin | Ppred — Prink (1)|]?

where pjiyk(t) represents a point on the ground truth map link
parameterized by t. The value of ¢ is chosen to minimize the
squared Euclidean distance between ppeq and the link.

The combined loss function L is given by:

L=o- Lmap +ﬁ : Lpoint + - Llink

where «, 3, and v are weighting factors that balance the importance of each

component.

3.8.2 Evaluation Metrics

The following metrics were used to assess the performance of the model:
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1. Map Matching Accuracy: This metric measures the proportion of correct

map link map matchings by the model. It is computed as the ratio of the num-
ber of correctly matched map links to the total number of matches attempted.
Higher accuracy indicates better performance in predicting the correct map
links.

2. Route Accuracy: In scenarios where the ego trajectory terminates near a
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point where map links switch, it is important to account for the temporal
proximity of the trajectory to these transitions. Route Accuracy addresses
this by considering a broader context. Specifically, it evaluates whether the
model correctly classifies any of the map links that the ego vehicle was within
a 3-second window before or after the current point. This metric helps accom-
modate cases where exact point-to-link alignment is less critical. This metric
was introduced starting from the v2 dataset.

. Point Predictor Point Loss (PP Point Loss): This metric assesses the
regression performance by calculating the Euclidean distance between the
ground truth point and the predicted point. It provides a measure of how
close the predicted point is to the actual ground truth location.

. Point Predictor Link Loss (PP Link Loss): To further refine the re-
gression performance, the Euclidean distance between the predicted point and
the nearest point on the ground truth map link is computed. This loss helps
ensure that the predicted point is not only close to the ground truth location
but also appropriately aligned with the correct map link.
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Results

The experiments conducted in this study aim to evaluate the performance of vari-
ous models across multiple versions of the dataset. As summarized in Table 2.1 in
Section 2.5, three versions of the dataset, labeled v0, v1, and v2, were utilized, each
varying significantly in the number of training and testing samples. The progression
from v0 to v2 represents an increase in the scale of the data, allowing for a compre-
hensive assessment of model performance across different data sizes.

Dataset version v0, the smallest with 2,504 training samples and 300 testing samples,
serves as a baseline for evaluating model effectiveness on a limited data set. Ver-
sion vl introduces a more substantial dataset, with over 118,000 training samples,
enabling the testing of models under more realistic scenarios. Finally, version v2,
with nearly one million training samples, challenges the models with a large-scale
dataset, assessing their scalability and robustness.

It is important to note that version v2 is derived from the same dataset as vl
but includes a subsampling process, as mentioned in Section 3.6. Specifically, up to
5% of the ego trajectory data points were removed from each sample, resulting in
the removal of up to 8 points per sample. This subsampling resulted in an expanded
dataset, with approximately 934,000 samples from the 118,000 original samples.

In the following sections, we will present the results obtained from these experi-
ments, highlighting how each model performed across the different dataset versions.
The analysis will focus on comparing map matcher accuracy, assessing the impact
of dataset size, and evaluating the suitability of various model architectures for the
tasks at hand.

4.1 Baselines

4.1.1 Naive Approaches

The performance metrics of the baseline approaches, including Last Point Localiza-
tion and Dead Reckoning, are summarized in Table 4.1. For the v1 dataset, the
Dead Reckoning approach is not applicable due to the absence of timestamp dif-
ferences. In contrast, in the v2 dataset, Dead Reckoning outperforms Last Point
Localization in terms of both Naive Projection Accuracy and Average Point Loss.
Naive Projection Accuracy refers to the metric where, for the map-matching task,
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Dataset Approach Naive Pro- Average Average
jection Ac- Point Loss Link Loss
curacy 1 (m) | (m) |

vl Last Point Localization 0.9263 3.8935 2.1092
vl Dead Reckoning N/A N/A N/A
v2 Last Point Localization 0.8666 13.5532 2.4501
v2 Dead Reckoning 0.9069 6.9779 2.1850

Table 4.1: Baseline performance metrics for Last Point Localization and Dead
Reckoning approaches on vl and v2 datasets.

the nearest map link to the estimated location point is naively selected.

These baselines provide a reference point against which more sophisticated mod-
els can be compared.

4.1.2 Map Matching using the Hidden Markov Model

To establish a baseline for the map-matching module, we evaluate the performance of
the Hidden Markov Model on the v1 dataset. This analysis serves as a benchmark for
comparing the performance of the deep learning-based map-matching model against
a state-of-the-art classical algorithm.

Model Dataset Map Matching Route
Accuracy Accuracy
Hidden Markov Model vl 0.9463 0.9681

Table 4.2: Baseline performance: Hidden Markov Model based map matcher on
the v1 dataset.

The values in table 4.2 represent the performance of the Hidden Markov Model
(HMM) on the v1 dataset. For the map matching accuracy, the HMM is run on the
sequence of GNSS points in the ego trajectory, and a match is considered correct if
the predicted map link is the same as the ground truth link at the time of prediction.
For route accuracy, a match is considered correct if the predicted map link is one
of any of the ground truth links within a 6-second time window. The accuracy is
computed as:

Number of correct matches

Accuracy =
Y Total number of matches done

where correct matches are determined based on the aforementioned criteria for map
matching and route accuracy.

32



4. Results

4.2 Map Matching

In this section of the results chapter, we present and compare the outcomes of two
approaches: one using a fixed number of map links and another using a variable
number of map links.

4.2.1 Map Matching based on a Fixed Number of Map

Links
Encoding Model Map Matching Dataset Map Matcher
Model Accuracy 1
GNN MLP v0 0.9105

Table 4.3: Performance of the GNN model with an MLP map matcher on the v0
dataset, showing the map matcher’s accuracy when using only the 50 nearest map
links.

After training a GNN which encodes both the ego trajectory and map links and
then an MLP which takes these embeddings as the input, the model had 91% map
matching accuracy. This shows us that a GNN can successfully encode the polylines
so that a downstream model such as a simple MLP can select the correct map link
out of the available fixed set of map links.

4.2.2 Map Matching based a Variable Number of Map Links

Encoding Model Map Matching Dataset Map Matcher
Model Accuracy 1
Transformer Cosine Similarity v0 0.4355
GNN Cosine Similarity v0 0.8781
Transformer Cross Attention v0 0.9211
GNN Cross Attention v0 0.9552

Table 4.4: Comparison of different encoding models and map matching models
on the v0 dataset, with corresponding accuracy when using all map links within a
300x300m frame. This could vary across samples since some samples could be urban
scenarios with multiple map links whereas others could be highway scenarios with
very few map links to select from.

Table 4.4 presents a comparison of the accuracy between Cosine Similarity and Cross
Attention map matching models for the GNN and transformer encoders. From the
table, it is evident that the Cross Attention map matcher consistently outperforms
Cosine Similarity, regardless of the encoding model. The GNN with Cross Atten-
tion achieves the highest accuracy at 95.52%, indicating that this combination is
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the most effective for selecting map links from a set of a variable number of links.

In contrast, the Transformer encoding model with Cosine Similarity map matcher
shows the poorest performance, with only 43.55% accuracy. This suggests that
the Transformer does not effectively encode ego trajectories and map links into a
shared embedding space when using Cosine Similarity. The significant gap in per-
formance between Cosine Similarity and Cross Attention for the Transformer model
also highlights the importance of selecting an appropriate map matcher to leverage
the encoding model’s capabilities.

The GNN's relatively strong performance with both map matchers further demon-
strates its robustness in handling different cases, making it a versatile option for
scenarios with varying link densities.

Encoding Model Map Matching Dataset Map Matcher
Model Accuracy 1

Transformer Cross Attention vl 0.9190

GNN Cross Attention vl 0.9454

Table 4.5: Comparison between the GNN encoder and the Transformer encoder for
map matching on the v1 dataset, which is significantly larger than the v0 dataset.

Table 4.5 presents a comparison of the accuracy between GNN and Transformer
encoders using the cross-attention map matching model on the v1 dataset. From
the table, we can see that even on the significantly larger v1 dataset, which is
approximately 50 times bigger than the v0 dataset, the Transformer model does not
perform as well as the GNN. Despite the expectation that a larger dataset would
typically enhance a Transformer’s performance, the GNN continues to outperform
it, achieving a map matcher accuracy of 94.54% compared to the Transformer’s
91.9%. This result highlights the GNN’s superior ability to manage and learn from
larger, more complex datasets, further underscoring its robustness and suitability
for scenarios with varying link densities.

4.3 Offset and Point Prediction

Initial attempts at offset prediction using an MLP which takes the ego trajectory
and the current map link as input yielded poor results with the offset distance
being predicted with an average localization error of 45.16m from the ground truth
point. Since this error is significantly greater than the decided error limit of 9m, the
approach to directly predict the offset was discontinued, and further experiments
were directed towards predicting the localized position of the ego vehicle.
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Encoding Model Map Point Dataset Map Point Point

Matching Predic- Matcher Predictor Predictor
Model tion Accuracy Point Link Loss
Model 0 Loss (m) (m) |
3
Transformer Cross MLP vl 0.9260 3.5183 1.2457
Attention
GNN Cross MLP vl 0.9471 2.8566 0.5843
Attention

Table 4.6: Comparison of the Transformer vs the GNN on the complete localization task on the v1 dataset.
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4.4 Combined Localization

Table 4.6 provides an overview of the complete localization task using both Trans-
former and GNN-based encoders. The results indicate that while both encoders are
capable of performing the localization task, the GNN consistently outperforms the
Transformer across all evaluated metrics (Refer section 3.8.2). This suggests that
although localization can be achieved with either approach, the GNN-based encoder
offers a 2% improved accuracy in the map-matching task and a 0.7m reduction in
both the point loss and the link loss, thereby making it the more effective choice for
complete localization.
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Model trained on full trajectory:

Delta Long. Direction Test Set Ego Trajectory Length Map Route PP Point PP Link
Times- Velocity ID Matcher  Accuracy Loss (m) Loss (m)
tamp Accuracy 1 A $

/]\
False False True Full 0.9231 0.9691 3.1848 0.7693
True False True Full 0.9212 0.9683 2.9080 0.7911
True True True Full 0.9229 0.9686 2.7509 0.6905
True True True Only Last Point 0.9001 0.9501 15.3273 1.5009

Model trained on last ego point:

Delta Long. Direction Test Set Ego Trajectory Length Map Route PP Point PP Link
Times- Velocity ID Matcher  Accuracy Loss (m) Loss (m)
tamp Accuracy 7 A A

/]\
False False True Only Last Point 0.9189 0.9693 3.1762 0.7243
True False True Only Last Point 0.9243 0.9675 3.0238 0.7044
True True True Only Last Point 0.9334 0.9704 2.9334 0.6205
True True True Full 0.9299 0.9661 4.4636 0.8158

Table 4.7: Performance comparison of the GNN Localizer model on the v2 dataset with different feature configurations.
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Figure 4.1: Distribution of log-transformed point losses for the GNN-encoder-
based localizer. The red distribution represents the model trained and tested on
the full ego trajectory, while the blue shows the model trained and tested on only
the last point. The green distribution corresponds to the dead reckoning baseline
approach. The full trajectory-based model achieves better point loss performance.

Fig 4.1 shows the distribution of log-transformed point losses of the GNN-based
combined localizer. The distributions represent the point losses in the point predic-
tion task. In red, we train and test the model on the full ego trajectory, whereas
the blue distribution represents the model trained and tested on only the last point
of the ego trajectory. The green distribution, on the other hand, represents the
naive localization approach where dead reckoning is performed on the v2 dataset.
We can visually observe that using the full trajectory for the model yields better
performance compared to both the last-point-only approach and the baseline dead
reckoning method.

4.5 Ablation Studies

Table 4.7 presents a performance comparison of the GNN Localizer model with
different feature configurations and training/testing setups. The analysis of the
results is as follows:

e Full Trajectory with All Additional Features: When the model is trained
on the full ego trajectory using all three additional features—delta timestamp,
longitudinal velocity, and direction ID—it achieves among the highest map
matcher accuracy (0.9229) and route accuracy (0.9686) among the tested con-
figurations. This setup also results in the lowest regression losses, with a point
loss of 2.7509 m and a link loss of 0.6905 m. These results indicate that incor-
porating the complete trajectory and all available features leads to superior
performance in both accuracy and regression tasks, effectively capturing the
spatial-temporal details of the data.
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e Full Trajectory with Partial Features: When trained on the full tra-
jectory but using only partial features (excluding longitudinal velocity), the
model shows slightly lower map matcher accuracy (0.9212) and route accu-
racy (0.9683). The regression losses are moderately higher, with a point loss
of 2.9080 m and a link loss of 0.7911 m. These results highlight that while the
model can still perform well with a reduced feature set, the exclusion of some
features slightly impacts both accuracy and regression performance.

e Full Trajectory with All Additional Features, Tested on Last Point:
Surprisingly, when the model is trained on the full trajectory with all fea-
tures—delta timestamp, longitudinal velocity, and direction ID—but tested
only on the last point of the trajectory, it performs very poorly. The regres-
sion metrics show a significant drop in performance, with a high point loss of
15.3273 m and a link loss of 1.5009 m. Despite decent map matcher accuracy
(0.9001) and route accuracy (0.9501), the substantial increase in regression er-
rors suggests that the model, when trained on comprehensive trajectory data,
struggles to generalize effectively when evaluated under the limited scope of
a single point. This underscores the challenge of applying a model trained on
detailed, multi-point data to a scenario where only minimal input is provided
during testing.

o Last Point with All Additional Features: When the model is trained
on only the last point of the ego trajectory with all three features included,
it achieves the highest map matcher accuracy (0.9334) and the best route
accuracy (0.9704) when tested on the same last-point condition. The regression
losses are also competitive, with a point loss of 2.9334 m and a link loss of
0.6205 m. This suggests that even when the training is limited to the last
point, the inclusion of all features allows the model to maintain high accuracy
and effective regression performance.

o Last Point with Partial Features: When trained on the last point of the
ego trajectory but using only partial features—excluding longitudinal veloc-
ity—the model shows respectable performance despite the reduced feature set.
It achieves a map matcher accuracy of 0.9243 and a route accuracy of 0.9675
when tested on the same last-point condition. The regression losses are also
fairly competitive, with a point loss of 3.0238 m and a link loss of 0.7044 m.
This indicates that even without the longitudinal velocity, the model can ef-
fectively perform map matching and route prediction tasks when trained on
just the last point. The relatively small increase in regression errors compared
to configurations with all features suggests that the direction ID and delta
timestamp provide sufficient information to maintain robust performance in
the absence of the full feature set.

o Last Point with All Features, Tested on Full Trajectory: When the
model is trained on the last point of the ego trajectory with all features and
then tested on the full trajectory, its performance remains relatively strong in
terms of map matcher accuracy (0.9299) and route accuracy (0.9661). How-
ever, the regression performance declines, with a point loss of 4.4636 m and a
link loss of 0.8158 m. This outcome suggests that while the model can main-
tain good accuracy metrics, it struggles to generalize in regression tasks when
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the test data includes the full trajectory. The model, likely optimized for the

specific context of the last point, finds it challenging to adapt to the more

complex, extended input of the full trajectory during testing.
Overall, the results indicate that the model’s performance is highly dependent on
both the feature set and the temporal scope (full trajectory vs. last point) used
during training and testing. While the results are similar for almost all cases, it
is evident that the model trained on the full trajectory performs very poorly when
tested on only the last point. Similarly, the localizer model trained on the last point
and tested on the entire ego trajectory does not perform as well, however not as bad
as the opposite case. It is also interesting to see that for two models trained and
tested on the full feature set - one on the full trajectory and one on only the last
point - the model based on the last point gives slightly better overall results. The
possible reasons for the better performance of the last point model are discussed in
Section 5.1.3.

4.6 Failure Cases
In this section, we analyze the performance of the best performing localizer model
by examining scenarios where the model incorrectly predicts map links. Our aim is

to conduct a qualitative analysis of the situations where the model fails to correctly
identify the correct map link. The following are some observed failure cases:

4.6.1 Failure Case: Uncertain Between Two Links
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Figure 4.2: Failure Cases: Uncertain between Two Links

Figure 4.2 illustrates instances where the model is uncertain about choosing between
two possible map links. This often occurs when the ego vehicle’s trajectory ends
near a point where two links change or converge, such as at an intersection or a
junction. In these scenarios, the model finds it difficult to distinguish between the
two links as they exhibit similar probabilities. The proximity of the trajectory to
both links increases the model’s uncertainty, leading to confusion in selecting the
correct link. These cases are eliminated when we consider the route accuracy of the
model.
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4.6.2 Failure Case: High Confidence in Clearly Incorrect
Link
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Figure 4.3: Failure Cases: High Confidence in Clearly Incorrect Links

Figure 4.3 presents cases where the model demonstrates high confidence in predicting
a map link that is clearly incorrect. In these instances, the ego vehicle’s trajectory is
closer to the ground truth map link, yet the model selects a different link with high
certainty. This phenomenon is particularly common when two map links run parallel
to each other. It can also be observed that the model’s point prediction is farther
from the ground truth than the last point of the ego trajectory, further indicating
that the model’s choice of map link affects the accuracy of its point prediction.

4.6.3 Failure Case: Split/Merge Scenarios
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Figure 4.4: Failure Cases: Split/Merging Map Links

Figure 4.4 illustrates failure cases where the model struggles to handle road segments
that involve splitting or merging of map links. In split scenarios, a single road di-
vides into multiple branches, each represented by a different map link. Conversely,
in merge scenarios, multiple road segments converge into a single link. These tran-
sitions can be challenging for the model, as there is often insufficient information at
the point of prediction to confidently make a correct guess.
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5.1 Discussions

5.1.1 Map Matching

In Table 4.4, we observe that map matching using cross attention yields better results
compared to cosine similarity. This improvement can be attributed to the way
embeddings capture features from polylines. While cosine similarity only measures
the distance between embeddings in higher-dimensional space, it seems insufficient
for distinguishing between different map links. On the other hand, cross attention
between the ego trajectory query vector and the key vectors of the map links appears
to enhance the similarity detection between the ego trajectory and map links. This
may also be due to the learnable weights in the query and key vectors during cross
attention, allowing the model to learn the similarities between embeddings in high-
dimensional space.

5.1.2 Offset Prediction

Offset prediction, as mentioned in section 4.3, proves to be a challenging task. Sev-
eral factors contribute to this difficulty:

1. Inconsistent Starting Points and Arbitrary Offset Distances: The
dataset’s inconsistent starting points for map links, where either end can be
considered the start, lead to arbitrary offset distances. This variability compli-
cates the prediction task, as the network must account for the differing starting
points and the associated complexity of summing distances along various seg-
ments of the map link.

2. Independence from the Classification Network: The offset prediction
network was developed independently from the Cross Attention Network used
for classification. Integrating the two networks would be challenging, as the
classification network would need to consistently and accurately identify the
correct map link for its output to serve as a reliable input for the offset pre-
diction network.

5.1.3 Combined Localizer

1. Performance of the GNN Localizer: As shown in Table 4.7, the GNN
localizer generally performs well. The model with all features trained on the
last ego point achieves the highest map matching accuracy. On the other hand,
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the model trained on the entire trajectory with all three features shows the
lowest PP point loss and PP link loss. However, the overall performance of
both models is similar, with only minor differences.

2. Effectiveness of Last Point Training: The model’s strong performance
when trained solely on the last ego point suggests that the last point often
provides sufficient information for accurate map matching and point predic-
tion. This implies that the rest of the trajectory is not being leveraged for
improved accuracy. One possible explanation is the absence of map link con-
nectivity information, which prevents the model from fully utilizing the entire
trajectory. Since the map links are treated as disconnected entities, the model
is unable to infer which links the vehicle has previously traversed. Historical
trajectory data would only be valuable if the model could identify the past
map links to predict the current one. Therefore, incorporating map link con-
nectivity offers significant potential for enhancing the model’s performance.

3. Role of Direction ID and Coordinates: Another noteworthy observation
is that the model trained with only the direction ID and last point still performs
competitively. This implies that temporal or speed information may not be
crucial for the model’s predictions. Instead, the model primarily relies on the
coordinates of the trajectory and map links, indicating a geometric approach
to matching the ego trajectory with the map link.

5.1.4 Failure Cases

One plausible explanation for the failure case mentioned in section 4.6.2, where the
model exhibits high confidence in selecting an incorrect link is that during data col-
lection, the ego vehicle may have traveled in a different lane or even on the opposite
side of the road, possibly due to temporary diversions. Since the data was collected
several years ago, this route may not align with the current SD Map, leading to
inaccuracies in the ground truth labeling. Another reason could be the model’s
difficulty in distinguishing between closely spaced parallel roads. As highlighted
in section 2, the model does not perform better than simply using the last point
from the ego trajectory. Connecting earlier parts of the trajectory with the correct
links might help address these issues.These findings suggest that further research is
needed to enhance the model’s performance in such scenarios, particularly in refin-
ing its handling of parallel road segments and improving its understanding of road
configurations. One potential solution is to provide the model with map link con-
nectivity information, as it currently lacks knowledge of which links are connected.
By incorporating this information, the model could more effectively associate earlier
parts of the trajectory with the correct map links.

Additionally, the model’s difficulty in cases where there are splits and merges, as
discussed in section 4.6.3, can be attributed to abrupt changes in the road structure
that may not be immediately reflected in the trajectory data. As a result, the model
may initially select the incorrect link, as it has not yet fully adjusted to the new con-
figuration. This challenge is further compounded by the fact that the model relies
on consistent and confident information from the ego trajectory to make accurate
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predictions. In split and merge scenarios, the trajectory may initially be ambiguous,
leading to a delay in the model’s adaptation to the correct link.

This issue is common in map matching when based solely on geometry. Including
additional input sources that provide more semantic meaning, such as lane mark-
ings, road type, and traffic signs, could help resolve these cases by providing more
context for accurate predictions.

These issues highlight a shortcoming in the model’s expected behavior. Ideally,
the model should leverage velocity information to distinguish between links on ei-
ther side of a split or merge. However, the observed disregard for velocity data in
such scenarios exacerbates the problem, indicating a need for further investigation.
Future work should focus on addressing this limitation by enhancing the model’s
integration of velocity information to improve its ability to correctly differentiate
between road segments during split and merge events.

5.1.5 Polyline encoder: Transformer v/s. GNN

While the Transformer architecture proves to be a viable solution for encoding poly-
lines and demonstrates potential for tasks within this framework, its performance
lags behind that of the GNN. One possible explanation is that Transformers are
inherently more data-hungry compared to GNNs. However, even when evaluated on
a significantly larger dataset, as shown in the comparison table for the v1 dataset,
the Transformer still underperforms relative to the GNN.

Another factor could be related to how information is retained in the architec-
tures. In the GNN architecture, inspired by VectorNet, nodes retain information
after each message-passing layer. This is achieved by increasing the dimension size
from d;, to d,, where d,,; = d;, + d;, after each graph encoder layer, due to the
concatenation of the aggregated vector, as depicted in the Fig. 3.3. In contrast,
Transformers may lose some information during the self-attention mechanism, as
the original vectors are transformed into encoded vectors of the same dimension.
A potential improvement for the Transformer encoder architecture could involve
concatenating the self-attended vectors with the original vectors, an approach that
could be explored in future work.

5.2 Future Work

o Information regarding connectivity between the map links is currently not
being given to the model. Some methods to incorporate this information into
the model could help improve performance, especially for the cases such as
where the model is certain about wrong links on parallel roads.

o Perform a quantitative analysis of the different road situations that the model
fails to localize on.

o Expand the model by adding more input modalities - lane marking detections,
traffic signs or even raw images.
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o Implement dead reckoning to enhance model robustness during brief GNSS
signal losses.

5.3 Conclusion

This work addresses the research questions raised in the section 1.1 for the encoding
and integration of Standard Definition (SD) map data and multi-modal sensor data
to enhance interpretability by deep learning models. Both Graph Neural Networks
(GNNs) and Transformers emerge as viable options for encoding SD map data, with
GNN showing superior performance across various downstream tasks. A unified
polyline encoder is developed to effectively integrate multi-modal sensor data, in-
cluding inertial and historical temporal information, with the encoded map data,
enabling a comprehensive understanding of the vehicle’s environment. Addition-
ally, the cross-attention mechanism proves to be highly effective in determining the
most likely road segment the vehicle is currently navigating. By extracting rele-
vant information from the surrounding map area and utilizing an MLP head, the
approach achieves an impressive 92.29% accuracy in map matching, with a point
prediction error of less than 2.75 meters for the vehicle’s position along the correct
road segment. These findings advance autonomous vehicle localization by offering
data-driven methodologies that are robust and reliable.
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A

Appendix

A.1 Sensor Descriptions

A.1.1 GNSS

Global Navigation Satellite Systems (GNSS) use satellites to provide accurate po-
sitioning data anywhere on Earth. It integrates signals from multiple satellite con-
stellations such as GPS, GLONASS, Galileo, Beidou and other regional systems to
determine location with high precision. [32]

A.1.2 INS

Inertial Navigation Systems (INS) use accelerometers and gyroscopes to calculate
position, velocity, and orientation without external references. It provides continu-
ous tracking by integrating measurements over time using algorithms like Kalman
Filtering. [30]

A.1.3 OxTS

OxTS produces high-precision GNSS and INS data, recording both types at a fre-
quency of 40 Hz. In contrast, the production-ready GNSS receiver in the vehicle
captures GNSS data only, at a frequency of 1 Hz.
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