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tion
Maximilian Salén & Axel Qvarnström
Department of Electrical Engineering
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Abstract
Recently, the emergence of online high-definition (HD) mapping solutions for au-
tonomous driving has shown great promise, such as MapTR [1] and VectorMapNet
[2]. However, despite their success, these models depend heavily on large-scale an-
notated data for their training, thereby limiting their scalability due to the extensive
manual labor required for data annotation.

This thesis addresses this critical challenge by investigating the integration of semi-
supervised learning (SSL) into the online HD map construction framework. By
leveraging a small portion of annotated data together with a larger portion of unla-
beled data, the study aims to enhance the scalability and and efficiency of HD map
generation. Therefore, we propose a semi-supervised approach built upon MapTRv2
[3], Semi-MapTR, utilizing pseudo ground truth generated by rasterizing vectorized
output of unlabeled data and enhancing confidence through occupancy grid map-
ping.

We demonstrate an increase in both mean Average Precision (mAP) and mean
Intersection over Union (mIoU) for both camera and LiDAR (Light Detection and
Ranging) data using Semi-MapTR compared to MapTRv2, when both models are
trained on the same amount of labeled data.

Keywords: deep-learning, semi-supervised learning, online mapping, HD maps,
transformers, occupancy grid mapping, Bayesian statistics, inverse sensor model.
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1
Introduction

Recent advancements in Autonomous Driving (AD) technology are captivating re-
searchers and industry stakeholders due to promising improvements in transporta-
tion systems. These innovations in AD can enhance road safety and improve traffic
flow efficiency, but also reduce costs associated with transportation, showcasing its
critical role in shaping the future of mobility.

Despite the promising advancements, an inherent challenge within AD systems is
the effective perception and interpretation of the surroundings. A very popular ap-
proach to this task is the application of Deep Neural Networks (DNNs) alongside
data from sensors such as cameras and LiDAR (Light Detection And Ranging).
However, DNNs frequently encounter overfitting due to the sheer number of train-
able parameters, which accentuates the use of large datasets for their training. This,
in turn comes with another issue, which is the manual labor required to annotate
such datasets. Naturally, approaches that rely on less of this kind of data have
gained a lot of attention. One such approach is Semi-Supervised Learning (SSL), a
method that only requires a small amount of annotated data together with a large
amount of unannotated data. This permits leveraging a large dataset, with just a
fraction requiring annotation.

In later years there’s been a shift towards high-definition (HD) map representations
in AD, which provide crucial and accurate guidance for navigation and decision-
making. The advent of online end-to-end vectorized HD map constructors in au-
tonomous driving has introduced highly detailed and precise environmental rep-
resentations, proving to be a groundbreaking advance, as demonstrated by recent
studies [2, 1, 3, 4, 5, 6]. A main task for online HD mapping is to provide real-
time creation and updates of HD maps using onboard sensor data, as opposed to
traditional HD mapping, which creates HD maps in advance and cannot adapt to
changes in the traffic environment. Another important task for online HD map-
ping is addressing the issue of scalability, as online HD mapping alleviates the vast
amount of human effort involved in annotating HD maps. However, these models
are commonly trained and evaluated on large datasets, such as nuScenes and Argo-
verse2 [7, 8], which continues to present significant challenges for scalability. This
shortcoming reveals an interesting research opportunity closing the gap between SSL
and online end-to-end HD map construction. Therefore, this research will explore
the integration of SSL within these advanced HD map construction models, aiming
to fill the void of such knowledge, hoping to enhance the scalability and precision of
autonomous systems.
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1. Introduction

1.1 Purpose
With the advancement of end-to-end learning in HD map construction, as discussed
in the previous section, and the success of recent works employing semi-supervised
methods [9, 10, 11], integrating SSL into the HD map construction framework seems
to be a natural progression. SSL not only has the potential to improve scalability
and reduce the need for large scale annotated data, but also improve precision and
generalization of HD map constructors, particularly in scenarios where labeled data
is scarce but unlabeled data is abundant. Thus, the purpose of this thesis is to eval-
uate the integration of semi-supervised learning into online HD map construction.
The research will be guided by the following questions:

• How does SSL improve the precision and generalization of HD map construc-
tors compared to fully supervised methods?

• How do camera data and LiDAR data impact the precision and generalization
capabilities of HD map constructors when using semi-supervised learning?

1.2 Thesis Outline
This thesis is organized into six main chapters, each addressing a specific aspect of
the research. Here follows an outline of the structure and the content of each chapter:

Chapter 1: Introduction
Chapter 1 introduces the thesis, creating a research space as well as an overview of
the research topic. It also states the purpose of thesis and explains the significance
of the research together with the scope of the study.

Chapter 2: Background
In chapter 2 follows a background, necessary for understanding the key aspects
of the research; online HD mapping, semi-supervised learning and occupancy grid
mapping. It begins by introducing the fundamental concepts related to these topics.
Following this, a review of the existing literature pertinent to both online HD map-
ping and semi-supervised learning is presented. Additionally, a detailed description
of the foundational model used in this project, MapTRv2, is included.

Chapter 3: Methods
This chapter describes the methods used in this thesis, specifically how pseudo la-
bels to be used in the SSL-process is created, the approach to achieving confidence
in these labels using occupancy grid mapping, and the supervision techniques for
training the network.

Chapter 4: Results
Chapter 4 presents the results from our experiments, comparing our contribution
to the foundational model of this project, MapTRv2. Furthermore, we also present
results of several ablation studies, showcasing the most important parts of the model
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1. Introduction

and how they contribute to the model’s performance.

Chapter 5: Discussion
In Chapter 5, a discussion following the findings from chapter 4 is presented, specif-
ically the results on adding semi-supervision to MapTRv2, an evaluation of the
creation of pseudo ground truth and the findings of the ablation studies.

Chapter 6: Conclusion
In the final chapter, we conclude the thesis by summarizing the key findings from
our research and suggesting areas for further investigation.

1.3 Delimitations
This project will primarily focus on the development and evaluation of applying SLL
to an existing end-to-end deep learning model using the nuScenes dataset. Thus,
no modification will be made to the model architecture and it will be used as it is.
Furthermore, since a part of the data needs to be set aside for the unlabeled portion
of the training, we are not going to benchmark against already existing results of
SOTA models produced on the full nuScenes dataset.

1.4 Contributions
The main contribution of this work is to provide a first look at the integration of a
semi-supervised learning approach into a state-of-the-art framework for online HD
map construction, specifically the MapTRv2 framework [3]. The results shows that:

• Adding semi-supervision to MapTRv2, improves it’s performance but most
importantly improves the segmentation capabilities. Notably, the ability to
predict pedestrian crossings has seen substantial improvement, especially when
using camera data.

• Using an occupancy grid mapping to create pseudo ground truth is an effective
method for leveraging unlabeled data in the context of online HD mapping.

3



2
Background

This chapter provides an overview of the theories behind the methods used in this
thesis. It begins with an overview of early HD map construction models, highlighting
their limitations. Subsequently, the chapter progresses towards end-to-end learning
based construction of HD maps, addressing these short-comings. It introduces the
foundational model used in this project, MapTRv2 and its predecessor MapTR,
providing detailed insights into their architecture and functionality. After that, a
brief introduction to semi-supervised learning is provided, followed by a discussion
of popular semi-supervised learning methods and the current literature of the topic.
Finally, the chapter concludes by presenting theory on occupancy grid mapping,
providing context for its relevance and applications within the scope of this thesis.

2.1 Online HD Map Construction
The task of online HD map construction aims to dynamically construct the local
semantic map using onboard sensor observations. A local HD map can be described
by a set of map elements belonging to different categories, e.g. pedestrian cross-
ings, lane dividers, road boundaries etc. Each map element can be vectorized to a
polyline, consisting of a set of points and can thus deal with complicated and even
irregular road structures. In Figure 2.1, an example of a topdown view of an HD
map is illustrated.

One of the first models that construct these in a dynamic way is HDMapNet outlined
in [12]. With the use of an image encoder and a LiDAR point cloud encoder onboard
sensory observations from both camera and LiDAR is encoded into a bird’s eye view
(BEV) representation which is fed to a BEV decoder. This decoder then predicts
a semantic segmentation, instance embedding and lane direction. Finally a post-
processing step is applied to cluster instances from embeddings and vectorize them.
However, due to HDMapNet relying on rasterized map predictions and a heuristic
post-processing step the model’s scalability and performance is restricted. In the
following section novel approaches to overcome this restriction is discussed.
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2. Background

Figure 2.1: Top-view of an vectorized HD map. Road boundary (red), lane divider
(yellow), pedestrian crossing (blue).

2.2 Online HD Map Construction with End-to-
End Learning

To overcome the restrictions of post-processing steps, MapTR oulined in [1] presents
an efficient way of constructing online vectorized HD maps using an structured end-
to-end transformer. This novel approach is an advance for autonomous vehicles. It
creates online structured HD maps which gives precise environmental information
about the driving scene which is an important component for planning and naviga-
tion in autonomous vehicles. In contrast to HDMapNet it is a direct set prediction
model which removes many hand-designed components for post processing meth-
ods such as clustering. This makes the construction of HD maps more generalized,
meaning it is more adaptable varying situations.

MapTR adopts a DETR-like paradigm, where DETR [13] is a encoder-decoder trans-
former architecture for end-to-end object detection. Differently from traditional ob-
ject detection where objects are geometrically abstracted as bounding boxes, MapTR
models each map element as a point set, effectively reframing the online HD map
construction task as object detection. However, [14] highlights how this approach
fails to take global semantic information into account. To address this limitation
the authors propose a segmentation-guided structured model for online HD map
construction. This approach, named MapSeg, incorporates a BEV segmentation
module among other enhancements based on the MapTR structure. This has en-
abled the model to better capture the semantic information, which highlights how
MapTR can be improved by incorporating semantic information, something which
is done in its later iteration MapTRv2.
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2. Background

2.2.1 MapTR Architecture
The architecture of MapTR consists of a map encoder, a BEV transformation, and
a map decoder. The map encoder is responsible for extracting features from sensor
inputs, which can include camera images, LiDAR point clouds, or a combination of
the two. These extracted features are then transformed into a BEV representation.
The map decoder employs hierarchical queries to explicitly encode each map ele-
ment, working at both point level and instance level for detailed map construction.
The prediction head of the system includes a classification branch, responsible for
determining the class of each instance. Additionally, there’s a regression branch
designed to precisely calculate the positions of the points constituting each map
element. An overview of the overall architecture of MapTR is depicted in Figure
2.2.

Figure 2.2: The overall architecture of MapTR. MapTR adopts an encoder-decoder
paradigm. The map encoder transforms sensor input to a unified BEV representa-
tion. The map decoder adopts a hierarchical query embedding scheme to explicitly
encode map elements and performs hierarchical matching based on the permutation-
equivalent modeling. MapTR is fully end-to-end. The pipeline is highly structured,
compact and efficient. Image and figure description reprinted from [1]. Licensed
under CC BY-NC-SA 4.0.

2.2.2 Permutation-Equivalent Modeling
During the training of MapTR, points are sequentially sampled at the boundaries
of the map elements’ shapes. Elements with open shapes are transformed into poly-
lines, while elements with closed shapes are transformed into polygons. MapTR
uses these point sets in a hierarchical bipartite matching process. Specifically, it

6



2. Background

performs instance-level matching followed by point-level matching. The purpose of
instance-level matching is to assign the correct element label to the point set.

Once the instance-level matching is completed, the point-level matching assigns the
correct shape to the corresponding ground truth element shape. Since the point set
of each map element represents the vertices of its shape (boundary points), the order
in which the points are connected matters, and this is where point-level matching
comes in. For example, given a three-point polygon, there are six ways to order
(permutations) the edges between the points, as illustrated in Figure 2.2 (Point-
level matching box). Thus, different permutations can represent different shapes for
the same set of points.

The point-level assignment seeks to find the permutation that best aligns with the
ground truth shape. This permutation representation of a map element addresses
the ambiguity of ordering. If the model were only trained to recognize one specific
ordering of points, it might fail to recognize the same map element when represented
in a different order. Therefore, the bipartite element matching in the decoder of the
transformer ensures the model can handle various permutations effectively.

2.2.3 MapTRv2
We base our contribution in this project on the later iteration of MapTR, known as
MapTRv2, introduced in [3], which includes several improvements over its predeces-
sor. Some of which follows below:

• MapTRv2 performs decoupled self-attention, which separately executes at-
tention operations along two dimensions: inter-instance and intra-instance,
allowing for more focused and efficient processing of map data. This enhances
the computation speed and is more memory efficient than using the vanilla self-
attention used in MapTR. Then cross-attention is used to make map queries
interact with the input features.

• MapTRv2 performs one-to-many set predictions instead of one-to-one, which
speed up the convergence of the training process.

• Another improvement is the use of auxiliary dense supervision for bird’s eye
view and perspective view (PV). This means that the model during training
receives detailed (dense) feedback information, and the use of both BEV and
PV makes the model learn a more accurate and robust representation of the
environment.

The key improvement here is MapTRv2 inclusion of auxiliary dense supervision,
which in order to futher leverage semantic and geometric information introduces
three auxiliary dense prediction losses

Ldense = αdLdepth + αbLBEVSeg + αpLPVSeg. (2.1)

Our primary interest lies in the BEV segmentation loss rather than the depth pre-
diction or PV segmentation losses. Rasterized ground truth (GT) maps on the BEV
canvas generate a foreground mask, and the BEV segmentation loss is calculated as
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2. Background

the cross-entropy loss between the predicted BEV foreground-background segmen-
tation map and the binary GT map mask. Later in this report, we will show how
semi-supervision can be applied in a similar manner to the BEV segmentation loss.

2.3 Semi-Supervised Learning
Semi-supervised learning is very similar to traditional supervised learning in the
way that the aim is still to approximate a function f that maps X to Y . The main
difference lies in leveraging unlabeled data together with labeled data, which we
denote U and L respectively. In almost every case unlabeled data is much easier
obtained than labeled data, thus it is common that |U | ≫ |L|. An overview of
semi-supervised learning is shown in Figure 2.3.

Figure 2.3: A schematic illustration of semi-supervised learning.

A challenging aspect of semi-supervised methods lies in constructing their loss func-
tion. While supervised learning benefits from ground truth labels, enabling the use
of cross-entropy loss, the absence of labels in semi-supervised scenarios renders cross-
entropy inapplicable, at least at first sight. Today there exists many variations of
semi-supervised learning methods which effectively deals with this challenge, some
of which will be discussed in the subsections that follows.

2.3.1 Pseudo-labeling
As foreshadowed earlier, there’s a method to utilize cross-entropy loss in semi-
supervised learning without excessive complexity. In this method, also known as
pseudo-labeling, model predictions are used to create labels for the unlabeled data
also referred to as pseudo-labels. These pseudo-labels and their corresponding sam-
ples are then added to L, being treated as ground truth. This of course comes with
the risk of incorrect labels, a key challenge with self-supervision.

An early pseudo-labeling method first presented in 1998 by [15] proposed co-training,
where the idea is to use two views of the same object to train two different learners.
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Thereafter, both learners predict the labels of unlabeled data and adds the most
confident predictions in to L. This approach enables a co-learning framework where
both learners can learn from each other.

Another approach that significantly popularized the pseudo-labeling method was
introduced in [16]. This method involves creating pseudo-labels by assigning the
class with the highest predicted probability as the label for each unlabeled instance
during each weights update. These pseudo-labels are then treated as true labels in
subsequent training iterations.

More recently, [17] presented a naive semi-supervised deep learning approach using
pseudo-labels. This method uses the output from a network on unlabeled data as
pseudo labels. Thereafter, the pseudo labels are used to pre-train the deep learning
model and fine-tune it using the labeled data. This combination of pseudo-labeling,
pre-training and fine-tuning is called naive semi-supervised deep learning.

2.3.2 Consistency Regularization
Consistency Regularization is a technique which aims to improve model robustness
by ensuring accurate predictions on labeled samples while being consistent on un-
labeled samples. This is achieved by applying different augmentations to the input
data such as noise, rotation or blurring and then training the model to predict the
same output for both the original and the augmented versions. In this method
there’s no need for ground truth labels, as the main objective is to achieve predic-
tion consistency between original and modified data.

This concept was first introduced by [18] and later popularized by [19, 20]. They pro-
posed an unsupervised loss function, that penalizes the network when it produces in-
consistent results for the same input under varying augmentations. Another method
which draws from both consistency regularization and pseudo-labeling is FixMatch
[10]. Using both of these techniques the algorithm creates artificial labels. The
algorithm weakly augments an unlabeled sample (image) using e.g. flip-and-shift
augmentation, and then uses the labels produced for this sample as a target for a
strongly augmented version of the same sample. They propose several augmenta-
tion tools for achieving heavily-distorted versions of a given image. In the end, only
labels that are assigned a high probability to one of the possible classes are retained.
An example diagram of FixMatch is shown in Figure 2.4.

2.3.3 Student Teacher Framework
The student-teacher framework is an alternative approach that has recently shown
success in the works of [20, 21, 9]. As the name suggests, this framework involves
a teacher network guiding a student network by producing training targets for the
student to learn from. However, teachers and how targets are applied when train-
ing the student can be implemented very differently. One way to do this is by
Temporal Ensembling [20], in which average predictions from the last n students
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Figure 2.4: Example diagram of FixMatch. Given an unlabeled sample, the algo-
rithm weakly augments the image and feeds it to the model to produce a prediction
(red box). Once the model assigns a probability to any class which is above a cer-
tain threshold (dotted line), said prediction is converted to a one-hot pseudo label.
The algorithm proceeds by strongly augmenting the same sample (bottom). The
models learns to match its prediction on the strongly-augmented version with the
pseudo-label using a cross-entropy loss function.

models are used to produce the targets. Alternatively, Mean Teacher [21] creates
the teacher by calculating the mean networks weights over the last n student models.

Recently, a novel method for semi-supervised object detection (SSOD) which com-
bines object detection using the DETR-framework [13] and the Teacher-student
architecture was presented in [9]. Following the principles of consistency regulariza-
tion, weak and strong augmented unlabeled images are fed to the teacher and stu-
dent respectively. Pseudo-labels created by the teacher which has a confidence score
above a threshold are used to supervise the student. Then, using back-propagation
the weights of the student model are updated while the teacher model’s parameters
are updated using a exponential moving average of the student.

The original DETR-framework [13] relies heavily on one-to-one assignment which
imposes a high risk of generating sparse low-quality proposals when using it in
conjunction with semi-supervised object detection (SSOD). This is where the au-
thors propose to replace one-to-one with one-to-many assignment in the early stage
of training in order to effectively exploit multiple positive queries to realize semi-
supervised learning. By assigning multiple positive proposals to each pseudo label,
high-quality positive proposals are given the opportunity for optimization. This ap-
proach significantly enhances the convergence speed and, as a result, yields pseudo
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labels of superior quality. However, having multiple positive proposal for each pseudo
label does come at a cost, it results in duplicate predictions. To mitigate this prob-
lem, the second stage reverts to one-to-one assignment training. This ensures the
enjoyment of high-quality pseudo labels after the first stage of training, followed
by a gradual reduction of duplicate predictions to eventually achieve a non-max
suppression-free detector with one-to-one assignment training in the second stage.
Additionally, the model incorporates both a consistency regularization approach and
a cost-based pseudo label extraction technique, enhancing its ability to recognize
stable, distinctive attributes across various augmented views.

2.4 Occupancy Grid Mapping
Occupancy grid mapping, introduced by Elfes [22], involves the use of a two-dimensional
grid divided into cells, where each cell have a probability of being either occupied or
empty. The occupancy grid has a spatial resolution which determines the area each
cell covers. With a higher resolution, the grid will get more cells, each covering a
smaller area meaning a more detailed information. The state of the occupancy grid
will be updated with a sensor model which includes sensor information. An example
of an occupancy grid is depicted in Figure 2.5.

(a) Real environment (b) Occupancy grid of environment

Figure 2.5: Simple example how an occupancy grid in (b) of the real environment
in (a) looks.

2.4.1 Inverse Sensor Model
The inverse sensor model, p(x|zt), models the probability that a cell x is occupied
given the sensor measurement zt. In other words, it defines the probability of a
state when given a sample at timestamp t. The measurements from a sample at t is
all the predictions, which comes from all the sensor readings when the vehicle is at
time step t. This inverse sensor model is then used in a Bayesian update to build
the occupancy grid for a scene.
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2.4.2 Bayesian Update
The Bayesian update is a crucial step in the occupancy grid mapping, refining each
cells estimates when new measurements are available. [23] derive all the steps defin-
ing the update but we will only cover the essential ones:

We start with a bayes filter

p(x|z1:t) = p(zt|x, z1:t−1)p(x|z1:t−1)
p(zt|z1:t−1)

, (2.2)

where z1:t−1 denotes all measurements from time step 1 to t − 1.

Using the Markov chain assumption (p(zt|x, z1:t−1) = p(zt|x)), we get

p(x|z1:t) = p(zt|x)p(x|z1:t−1)
p(zt|z1:t−1)

. (2.3)

Then, we expand the equation using Bayes’ rule, ending up with

p(x|z1:t) = p(x|zt)p(zt)
p(x) · p(x|z1:t−1)

p(zt|z1:t−1)
. (2.4)

Thus, we have turned the forward sensor model p(zt|x) in (2.3) into an inverse sensor
model p(x|zt).

Now, to derive the probability of a cell being empty p(x̄|z1:t), we follow the same
steps as above and obtain

p(x̄|z1:t) = p(x̄|zt)p(zt)
p(x̄) · p(x̄|z1:t−1)

p(zt|z1:t−1)
. (2.5)

Next, we divide the update rules (2.4) with (2.5) and get

p(x|z1:t)
p(x̄|z1:t)

= p(x|zt)
p(x)

p(x̄)
p(x̄|zt)

p(x|z1:t−1)
p(x̄|z1:t−1)

. (2.6)

Finally, we apply the logarithm on (2.6) to avoid numerical instability, hence the
final update rule is the log odds of the belief that the cell is occupied over the belief
that the cell is empty:

lt(x) = log p(x|zt)
p(x̄|zt)

+ log p(x̄)
p(x) + lt−1(x). (2.7)

Here the first term is the log odds of cell x being occupied or not, given zt. The
second term represents the prior knowledge about the cells occupancy. The third
term represents the log odds from the previous state, which accumulates information
over time. With this formula, we have a way to iteratively update the log probability
of any given cell of the occupancy grid map with new measurements.
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3
Methods

In this chapter, we are going to present the techniques employed in this project,
starting with an overview of the dataset and of the proposed method. We will then
provide a detailed explanation of how the pseudo ground truth is generated from
MapTRv2 predictions. Moving forward, we will discuss the supervision component,
explaining how semi-supervision can be achieved utilizing MapTRv2’s auxiliary BEV
segmentation head. Lastly, we will outline the training loop and provide details of
the training process, experimental setup, and evaluation metrics.

3.1 Dataset
The dataset utilized to generate the results for this study is the nuScenes dataset
[7], which is a public large-scale dataset for autonomous driving. It consists of
in total 1000 driving scenes collected from Boston and Singapore, known for their
dense traffic and difficult driving conditions. Each scene is roughly a 20 second long
sequence of samples collected from multiple sensors. Key samples are annotated at
2Hz and contains 6 camera images, all of different views, and LiDAR sweeps. Our
dataset pre-processing steps mirror those of MapTR [1] exactly, incorporating three
categories of map elements from the nuScenes dataset: pedestrian crossing, divider,
and road boundary.

3.1.1 Dataset Preproccesing
Following the findings in [24], which highlighted significant data leakage in the
nuScenes dataset due to extensive geographical overlap between the training, vali-
dation, and test sets, we will adopt the dataset split proposed by the authors. Their
approach involves dividing the nuScenes dataset based on sample positions, known
as Geographically Disjoint splits. This method has demonstrated that SOTA mod-
els, including MapTRv2, perform considerably worse—some experiencing a drop of
up to 45 mAP—when trained and evaluated on these proposed splits.

Additionally, to reduce the training time, the data will be subsampled to a frequency
of 1 Hz instead of the original 2 Hz. This adjustment is considered reasonable as
the model will still observe most of the surrounding environment even with the sub-
sampled data.

A portion of the data must also be set aside for the unlabeled segment of the semi-
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supervised training. We chose to achieve this by randomly sampling from the data,
as it is the most straightforward approach. This method is particularly applicable in
real-world scenarios where large amounts of unorganized, unlabeled data are mixed
with some labeled data.

3.2 Overview of Proposed Method
We propose a novel method which encompasses the techniques employed in self-
supervision, i.e. pseudo-labeling, and occupancy grid mapping within the Map-
TRv2 architecture. Using the original architecture of MapTRv2 we initially train
the model supervised on a portion of the dataset. Thereafter, we let the model
make predictions on the remaining unlabeled data, which are rasterized and used
to create scene maps through occupancy grid mapping, using the confidence score
for the different map elements provided by the classification branch of MapTRv2,
thus constructing probabilistic occupancy grids which will be used as pseudo ground
truth.

Now, having the pseudo GT created, we use it for supervising MapTRv2’s auxiliary
BEV segmentation head, but replacing the foreground-background segmentation
with semantic segmentation for the different map classes. This loss is then added
to the dense prediction loss, successfully incorporating semi-supervision into the
MapTR framework.

3.3 Creating Pseudo Ground Truth
In this section, the method for creating the pseudo ground truth is presented. It
begins with transforming each sample of a scene into a common coordinate frame
and then proceeds to rasterize the data into a grid representation.

3.3.1 Coordinate Transformations
MapTRv2 generates 50 map elements per sample, each consisting of a polyline with
20 points, a class label, and a confidence score. Utilizing the LiDAR pose from
the sample information provided by the nuScenes dataset, each scene can be recon-
structed into an HD map. This is achieved by transforming the map elements of
the samples that belong to a scene into a common coordinate frame. Although the
common frame is typically chosen to be the first sample in each scene, any sample
could serve this purpose.

The point sets making up the map elements in each sample are defined in relation to
the LiDAR coordinate system within a range of x = [−15, 15]m and y = [−30, 30]m.
The transformation needed to relate the points (T ) to the common coordinate frame
is defined by (3.1), requiring a relational transformation matrix consisting of rotation
(R) and translation (t).
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Figure 3.1: LiDAR and IMU position and orientation for ego vehicle in nuScenes
dataset. Adapted work of Peeyush.ciit, CC BY-SA 4.0, via Wikimedia Commons.
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The nuScenes dataset provides two specific coordinate relations, how the LiDAR is
positioned in relations to the ego vehicle, i.e. the inertial measurement unit (IMU),
and how the IMU is related to a global coordinate system, see Figure 3.1. Given
these two relation, a third can be constructed as the relation between the LiDAR
position in the global coordinate frame as in (3.3).

TGlobal, LiDAR = TGlobal, Ego · TEgo, LiDAR (3.3)

To obtain the relational transformation matrix between a source (S), i.e. the com-
mon coordinate frame, and a target (T ), one can refer to (3.4). In this equation the
first term represents the inverse of its global LiDAR relation.

T (S, T) = T
(S)
LiDAR, Global · T

(T)
Global, LiDAR (3.4)

T
(S)
LiDAR, Global = T

−1(S)
Global, LiDAR (3.5)

Using the transformation matrix in (3.4) in (3.1) every sample’s map elements can
be defined in the common coordinate frame, thus we have recreated a scene from
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Figure 3.2: Simplified example of a subset of samples from an arbitrary scene
in nuScenes. Blue is used as the common coordinate frame and the red is the
subsequent samples in the subset. The dots correspond to map elements with no
distinction between the classes, while the boxes represents the LiDAR sensor’s po-
sition.

MapTRv2’s predictions in a HD map format. A simplified example of how a subset
of a scene looks after performing the coordinate transformation is depicted in Figure
3.2.
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3.3.2 Rasterazation
Rasterazation refers to the process of converting a vector-based object into a raster
format. In our case, this involves converting points into a grid of pixels or cells,
which is a rather simple operation. The conversion is performed by dividing the
point’s coordinates (x, y) by a scalar representing the desired resolution w, resulting
in the grid cell (u, v) shown in (3.6).

(u, v) = (x, y)
w

(3.6)

Currently, the representation of the map elements are polylines which are made up
of point sets which now corresponds to a collection of grid cells. To get a more suit-
able representation of the polylines in the raster, the Bresenham’s line algorithm is
used. Bresenham’s line algorithm is an efficient way to generate a straight line be-
tween two points in a grid-based system. The algorithm uses only integer addition,
subtraction, and bit shifting, which makes it very fast. For details about the full
implementation of Bresenham’s line algorithm, see scikit-image’s documentation of
the function [25]. An illustration of Bresenham’s algorithm can be seen in Figure 3.3.

Figure 3.3: Illustration of the result of Bresenham’s line algorithm.

3.4 Occupancy Grid Mapping
In this section we will explain how the class confidence provided by MatTRv2’s clas-
sification branch can be utilized to increase the confidence in the rasterized pseudo
scene maps with occupancy grid mapping.

Problem formulation:
As described in section 3.3 we create pseudo ground truths for each sample by build-
ing rasterized maps for scenes in nuScenes. Each of these maps are created/updated
with occupancy grid mapping and the formulations we use are the following:

• mi denotes grid cell i.
• x means the cell is occupied and x̄ means the cell is empty
• zt denotes a measurement at time t. Basically a sample at time t in the scene
• lt,i is the logs odds of a cell i being occupied at time t.
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3.4.1 Grid Initialization
We initialize the grid by determining the smallest possible dimensions for each scene
based on the BEV’s extreme points of each sample, mentioned in 3.3.1. Each sam-
ple is defined by four corners, each with specific coordinates. To establish the grid
dimensions, we identify the minimum and maximum x- and y-components respec-
tively across all samples. Using these extreme values, we calculate the dimensions
of the grid: the smallest and largest x-components determine the width, while the
smallest and largest y-components determine the height. This ensures that the grid
is appropriately sized to encompass the entire LiDAR range for all scenes, making
it as compact as possible while fully covering the LiDAR range for every sample.

Following this, we equip the grid with three channels, one for each class label, an
illustration of the grid structure can be seen in Figure 3.4. This design allows us to
update of the grid independently for each class. Each channel is initialized with a
prior specific to its class, set to a low value since most of a scene doesn’t correspond
to any of the map elements. The priors for lane dividers and boundaries are set
slightly higher (0.04), than that for pedestrian crossings (0.02), as they typically
occur more frequently.

Figure 3.4: Illustration of a grid with three channels for each class, showing di-
mensions: width (w), height (h), and channels (c).

3.4.2 Inverse Sensor Model
In this project we use an inverse sensor model to update the map. It directly esti-
mate the occupancy probability for each grid cell based on the sensor measurements.
For example, p(mi = 1|zt) denotes the probability of cell mi being occupied given
the sensor measurement zt. The inverse sensor model also assumes that each cells
state is independent of others, simplifying the computational load significantly.

This simplification contrast a forward sensor model, which need the entire map
to be known or estimated and using a Maximum A Posterior (MAP) approach to
identify the most likely map. Forward sensor models do not assume independence
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among cells which can provide more accurate maps by resolving conflicting sensor
measurements. However, this approach is very computational heavy. Therefore we
choose the inverse sensor model based on its simplicity and efficient computation.
These attributes are critical for quick updates and makes the inverse sensor model
more suited for real-time applications.

3.4.3 Grid Update Algorithm
Before updating the grid, we apply Gaussian smoothing with a standard deviation
of 3 to the rasterized predictions. This process ensures that cells further from the
predicted occupied cell have a lower probability, forming a Gaussian distribution
around the prediction. The advantage of Gaussian smoothing is that it softens the
sharp boundaries of the predictions, distributing the occupancy probabilities.

These smoothed predictions are then used to update the occupancy grid according
to our algorithm 1 which is based on Bayesian update mentioned in section 2.4.2.
The algorithm specifies that for each sample in a sequence, the states of the cells
with a prediction are updated, while the states of the other cells, i.e. those outside
the perceptual field, remain unchanged.

The terms p(mi = 1|zt−1) and p(mi = 1|zt) are the probabilities of cell mi being
occupied given measurement from previous sample zt−1 and the current sample zt,
respectively. The update of the cells inside the perceptual field involves three terms.
The first and second terms represents the log odds of cell mi being occupied or
not, given zt−1 and zt, respectively. The third term represent the prior knowledge
of cell mi being occupied or not. It adjusts for our initial assumption of the cells
occupancy and it is independent of any sensor measurement. Figure 3.5 shows an
example how a occupancy grid for a scene looks like after occupancy grid mapping
with our algorithm using a pretrained MapTRv2.

Algorithm 1: Occupancy grid mapping
for all cells mi do

if mi has prediction then
lt,i = log p(mi=1|zt−1)

1−p(mi=1|zt−1) + log p(mi=1|zt)
1−p(mi=1|zt) − log p(mi=1)

1−p(mi=1)
else

lt,i = lt−1,i

end
end

3.5 Supervision
One of the primary challenges of semi-supervised methods is determining how to
effectively supervise them. As mentioned earlier, MapTRv2’s BEV segmentation
head, with modifications, can be utilized for this supervision. In this section, we
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Figure 3.5: Example of a scene map created using occupancy grid mapping for an
arbitrary scene in the nuScenes dataset. The map is generated from predictions by
a pre-trained MapTRv2 model.

will show how the BEV segmentation head is adapted for semi-supervision, detailing
the modifications and the formulation of the loss function.

3.5.1 Adaption of BEV Segmentation
In the original MapTRv2 model, the BEV segmentation for the auxiliary dense loss
only includes foreground-background segmentation, effectively reducing all classes
to a binary segmentation formulation. This approach limits the learning capabilities
of the semantic classes. Extending this binary segmentation to semantic segmenta-
tion is straightforward. By segmenting three classes and splitting them into three
separate BEV segmentation maps, the binary entropy loss between each channel
of the occupancy grid and its corresponding BEV segmentation map defines the
pseudo-loss, which is explained more in detail in the following subsection, which is
then added to the overall loss of MapTRv2.

3.5.2 Pseudo-Loss
A critical aspect of supervision is the definition of the loss function. We propose a
threshold-based strategy for defining the pseudo-loss. In this approach, cells with
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a class probability greater than 90% are set to positive for that sample, and cells
with a class probability less than 10% are set to negative. Probabilities between
10% and 90% are excluded from the loss computation. This strategy ensures that
only highly confident predictions contribute to the loss calculation, thereby refining
the learning process.

Threshold Strategy
Let ŷc(i, j) be the predicted probability for cell (i, j) in channel c.

Define f(p) as:

f(p) =


1 if p > 0.90
0 if p < 0.10
undefined if 0.10 ≤ p ≤ 0.90

(3.7)

Define the mask m(p) as:

m(p) =

1 if p > 0.90 or p < 0.10
0 if 0.10 ≤ p ≤ 0.90

(3.8)

Pseudo-Loss Calculation
Let yc(i, j) be the pseudo ground truth for cell (i, j) in channel c. The binary
cross-entropy loss for cell (i, j) in channel c is given by:

BCE(ŷc(i, j), yc(i, j)) (3.9)

The pseudo-loss Lpseudo,c for a single channel c can be expressed as:

Lpseudo,c =
∑
i,j

m(ŷc(i, j)) · BCE(f(ŷc(i, j)), yc(i, j)) (3.10)

Total Pseudo-Loss
The total pseudo-loss Ltotal is the sum of the pseudo-losses for all channels:

Lpseudo,total =
3∑

c=1
Lpseudo,c (3.11)

Combining with Overall Loss
Let LMapTRv2 be the original loss of the MapTRv2 model. The combined loss L can
be defined as:

L = LMapTRv2 + λLpseduo,total (3.12)
where λ is a weighting factor for the pseudo-loss.

3.5.3 Dynamic Weighting
In the early stages of training, the model is expected to produce lower-quality predic-
tions, as is common with most untrained models. This issue is partially mitigated
by the threshold strategy, which requires cells to have high confidence to be in-
cluded. Since each additional cell included in the loss calculation increases the loss
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unless its contribution is zero, the model is effectively forced to reduce the contri-
bution of these cells to zero in order to prevent the loss from deteriorating. To
further address this, we regulate the model’s reliance on the pseudo ground truth
as training progresses. To achieve this effectively, we implement dynamic weighting.
Initially, we set a lower weighting factor (λ), and as the training progresses and the
model improves, (λ) increases linearly over the training epochs until it reaches a
predetermined upper limit of 4.

3.6 Training Loop
The training process involves multiple epochs. During each epoch, the model first
makes predictions on the entire dataset. These predictions are then used to construc-
t/update scene maps for all unique scenes to which the unlabeled samples belong.

Following this, the model iterates through the samples by drawing a batch of both
labeled and unlabeled samples. The labeled samples are processed through the
MapTRv2 training pipeline as usual, while the unlabeled samples are processed only
in the segmentation head. The segmented unlabeled samples are then compared to
the pseudo ground truth (scene maps) in a binary cross entropy loss described in
section 3.5.2. This pseudo loss is then added to the total loss which is determined
as the sum of all the losses generated from the labeled samples.

3.7 Experimental Setup
We train Semi-MapTR on 4 GPUs with a batch size of 24, consisting of 16 labeled
samples and 8 unlabeled samples. These are distributed evenly among the 4 GPUs,
with each GPU receiving 4 labeled samples and 2 unlabeled sample. This ultimately
means that the model will see the same labeled data several times within the same
epoch. For the image backbone, we use a pre-trained ResNet50 [26]. For the Li-
DAR backbone, we use SECOND [27], trained from scratch. Both backbones are
implemented as proposed by the authors of MapTRv2.

3.8 Evaluation Metrics
To evaluate the performance of the model we follow the same metric used by Map-
TRv2, i.e. Chamfer distance. Chamfer distance is a metric which is used to evalute
the similarity between two sets of points, which is very convenient when working
with polylines. Formally, given two point sets A and B, the Chamfer distance
(DChamfer(A, B)) is calculated as follows: for each point in set A, determine the
distance to its nearest neighbor in set B and sum these distances. Likewise, for
each point in set B, find the distance to its nearest neighbor in set A and sum these
distances. The Chamfer distance is the total of these two sums.

DChamfer(A, B) =
∑
a∈A

min
b∈B

∥a − b∥2 +
∑
b∈B

min
a∈A

∥b − a∥2 (3.13)
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Following MapTRv2, the average precision (AP) is calculated under several DChamfer

thresholds (τ ∈ T , T = {0.5, 1.0, 1.5}). Finally, averaging across the thresholds the
mean average precision (mAP) is obtained:

AP = 1
|T |

∑
τ∈T

APτ (3.14)

We are also interested in evaluating whether MapTRv2’s segmentation head im-
proves with our contribution, and to measure this, we use Intersection over Union
(IoU). IoU measures the overlap between the predicted segmentation mask and the
ground truth mask. Formally, it is calculated as the area of intersection of the
prediction (P ) and the ground truth (GT ) divided by the area of their union:

IoU = |P ∩ GT |
|P ∪ GT |

(3.15)

Then to get the mean IoU (mIoU) we average across all the segmented classes:

mIoU = 1
|C|

∑
c∈C

IoUc (3.16)
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Results

In this chapter, we present a comprehensive summary of the experimental results.
We begin by providing visualizations and detailed results of the map creation pro-
cess, or pseudo GT, highlighting its evolution during model training and evaluating
its quality. Following this, we compare the outcomes of training using only labeled
data versus a combination of labeled and unlabeled data. Finally, we conduct an
ablation study to analyze the contributions of various components of the model to
its overall performance.

4.1 Map Creation
A crucial part of this project involves creating scene maps that serve as pseudo GT
for semi-supervised training. In Figure 4.1-4.3 we can examine how a scene map
evolves over time and what is included in the supervision for each class. Commonly,
it is observed that in epoch 1 there’s multiple predictions with low confidence in
close vicinity of each other but as training progresses the results stabilizes. This is
most notable for the pedestrian crossing class, where in Figure 4.2 the rasterized
predictions are largely unsure and of poor quality initially but in epoch 24 we ob-
serve five nice quadratic-like predictions.

In the last plot of each Figure, we notice how the confidence threshold effects what
should be included in the supervision. One can see that it accurately identifies the
background and includes only those portions of the map elements for which there
is a high level of confidence. This results in a clear outline around most of the map
elements, effectively distinguishing between the map elements and the background.
This is particularly beneficial as it ensures that the unconfident parts are not in-
cluded in the supervision, thereby enhancing the quality of the training data.

Finally, Figure A.1 and Figure A.2 in Appendix 1, shows a comparison of pseudo
GT, the mask, output from the segmentation head and GT for each map element.
We recognize that the pseudo GT and GT corresponds very well, highlighting the
success of our proposed method. Notably, the output from the segmentation head
also corresponds pretty well with both the pseudo GT and GT, especially for the
divider and boundary classes.
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Figure 4.1: Evolution of a scene map for the divider class over epochs, accompanied
by a mask showing the regions included in the loss function (yellow showing the
positives of the mask).

Figure 4.2: Evolution of a scene map for the pedestrian crossings class over epochs,
accompanied by a mask showing the regions included in the loss function (yellow
showing the positives of the mask).
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Figure 4.3: Evolution of a scene map for the boundary class over epochs, accom-
panied by a mask showing the regions included in the loss function (yellow showing
the positives of the mask).

4.1.1 Evaluating the Pseudo GT
To determine if our model improves in generating pseudo GT, we leverage a unique
opportunity rarely available in other scenarios: access to the GT for the unlabeled
data. This allows us to directly compare the generated pseudo GT with the actual
GT, using IoU. In Figure 4.4 it can be observed that as training progresses our model
indeed becomes better at creating the scene maps. We see an equal performance for
both camera and LiDAR data, but towards the end the maps created with camera
data shows slightly better results.

It is also interesting to evaluate how different ratios of labeled and unlabeled data
affect the model’s ability to create pseudo GT. As demonstrated in Table 4.1 both
modalities exhibit comparable results for each split, with the lowest performance
occurring in the 10/90 split. The 50/50 split yields the highest mIoU, which is
expected since more data is used for the supervised segment of the training. Inter-
estingly, the decline in performance when reducing labeled data from 50% to 30% is
not substantial, indicating that the model maintains robust performance even with
less labeled data, at least to a certain point. This suggests promise for scalability, as
it implies the model can still perform well with a reduced need for extensive labeled
datasets.
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Figure 4.4: Comparison of IoU between the produced pseudo GT with the real
GT correspondence during training on 30/70 split. The blue graph shows camera
modality and the orange graph LiDAR modality. The IoU score is the average IoU
calculated over all iterations within each epoch.

Table 4.1: Mean IoU performance between the produced pseudo GT with the real
GT correspondence for different modalities and split ratios.

Modality Split Ratio mIoU

Camera
50/50 0.50
30/70 0.47
10/90 0.36

LiDAR
50/50 0.49
30/70 0.42
10/90 0.29
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4.2 Evaluating Results of Semi-MapTR
Tables 4.2 and 4.3 compare the performances of MapTRv2 and Semi-MapTR across
LiDAR and camera modalities, respectively. Both models were trained using the
same amount of labeled data. Figures 4.5 and 4.6 display the IoU comparisons be-
tween MapTRv2 and Semi-MapTR at every second epoch, specifically for the 30/70
data split in both LiDAR and camera modalities.

From Table 4.2, it is evident that Semi-MapTR performance is best when trained
on a split of 50% labeled and 50% unlabeled data both for LiDAR and camera data,
which is to be expected as a larger portion of the training is supervised compared
to the other splits. On the same amount of labeled data MapTRv2 demonstrates a
inferior result compared to Semi-MapTR in every category, except for the divider
class on camera data. This discrepancy is likely due to the fact that a larger amount
of data, even though it is unannotated, has been used in training Semi-MapTR.

Additionally, for camera data, the performance doesn’t drop significantly when re-
ducing the amount of labeled data to 30%, with the AP for the divider class even
increasing slightly. In contrast, for LiDAR data, we observe a significant drop in
performance with the same reduction in labeled data. Another interesting obser-
vation is that Semi-MapTR consistently exhibits better results for the pedestrian
crossing class across all splits when compared to MapTRv2.

Table 4.3 clearly demonstrates that implementing semi-supervision enhances seg-
mentation, as mIoU increases across all categories. Conversely, Table 4.2 shows no
significant improvements in segmentation. This suggests that the segmentation ca-
pabilities for camera data benefit more from semi-supervision compared to LiDAR
data.

Another intriguing aspect to investigate is how segmentation improves over the
epochs, as shown in Figure 4.5 and 4.6 for LiDAR and camera data, respectively.
As anticipated from the results in Table 4.2, there are no significant differences in the
segmentation improvement for LiDAR data when comparing MapTRv2 and Semi-
MapTR. The notable observation is that Semi-MapTR improves more rapidly than
MapTRv2. More interesting is the result shown in Figure 4.6 which demonstrates a
vertical shift upwards for the Semi-MapTR curve compared to the MapTRv2 curve,
indicating consistently better performance across all epochs.
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Table 4.2: Performance comparison of Semi-MapTR with MapTRv2 on LiDAR
data for different ratios of labeled and unlabeled data (L/U).

Method Split Ratio Epochs AP mIoU

L/U ped. div. bou. mean

MapTRv2
50/- 24 8.3 14.3 31.0 17.9 0.242
30/- 24 6.3 13.1 28.6 16.0 0.238
10/- 24 1.5 9.3 20.1 10.3 0.207

Semi-MapTR
50/50 24 10.1 15.8 32.1 19.3 0.244
30/70 24 9.1 10.4 26.4 15.3 0.230
10/90 24 1.6 5.0 17.0 7.9 0.211

Figure 4.5: mAP and mIoU result on validation dataset for every second epoch.
Comparing Semi-MapTR with MapTRv2, for 30/70 L/U with LiDAR data.
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Table 4.3: Performance comparison of Semi-MapTR with MapTRv2 on camera
data for different ratios of labeled and unlabeled data (L/U).

Method Split Ratio Epochs AP mIoU

L/U ped. div. bou. mean

MapTRv2
50/- 24 19.8 16.2 27.9 21.3 0.256
30/- 24 13.0 13.8 24.5 17.1 0.242
10/- 24 6.4 10.0 17.9 11.5 0.216

Semi-MapTR
50/50 24 23.3 15.9 29.5 22.9 0.283
30/70 24 18.5 16.6 28.9 21.3 0.268
10/90 24 12.6 7.9 21.0 13.8 0.237

Figure 4.6: mAP and mIoU result on validation dataset for every second epoch.
Comparing Semi-MapTR with MapTRv2, for 30/70 L/U split with camera data.

4.3 Ablation Studies
In this section, we present the results of the ablation studies aimed at identifying the
most important parts of the model and understanding how they contribute to the
model’s performance. Each experiment is conducted using the same configuration:
a 30/70 split of labeled and unlabeled data.

4.3.1 Different Confidence Thresholds
Table 4.4 shows the ablation for the upper confidence threshold (τ) when creating
the mask for the pseudo GT. We observe a trend that having a stricter τ is most
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beneficial for the model, especially when looking at mAP for LiDAR data. This
improvement can be attributed to the enhanced ability to recognize the pedestrian
crossing class as τ is increased from 60% to 90%. Interestingly, there is no notable
effect on segmentation performance across different thresholds.

Examining the results for the camera data reveals no clear trends, although there
is a slight improvement in performance at τ = 70%. However, it is evident that a
60% threshold is the least advantageous.

Table 4.4: Ablation on upper mask threshold (τ) for LiDAR and camera data.

LiDAR
τ AP mIoU

ped. div. bou. mean

90% 9.1 10.2 26.4 15.2 0.234
80% 7.1 9.5 24.9 13.8 0.233
70% 4.9 10.8 28.2 14.6 0.237
60% 5.1 12.9 25.9 14.6 0.234

Camera
τ AP mIoU

ped. div. bou. mean

90% 18.5 16.6 28.9 21.3 0.274
80% 19.5 15.2 26.8 20.5 0.275
70% 21.7 17.0 28.5 22.4 0.274
60% 17.1 15.5 28.8 20.4 0.273

4.3.2 Dynamic Weighting
To assess the impact of dynamic weighting (DW), we compared it against both
static weights and no weights (i.e. w = 1), using camera data. The results in
Table 4.5 indicate that dynamic weighting does not offer significant advantages over
static weighting. While there is a slight improvement in AP for boundary detection,
performance for pedestrian crossing deteriorates. Notably, using no weights at all
appears to yield better results, with superior performance for pedestrian crossing,
thereby boosting the mAP by 0.2. Overall, there is minimal difference between the
weighting approaches, but it seems that higher weights benefit the divider class,
whereas no weight benefits pedestrian crossing.

Table 4.5: Ablation study of weight balancing (w). Comparison of different weight-
ings.

w AP mIoU

ped. div. bou. mean

0.5 19.4 15.3 27.6 20.8 0.263
1 22.0 15.4 27.2 21.5 0.265
2 20.1 16.6 27.3 21.3 0.271
4 20.0 16.3 27.6 21.3 0.271

DW 18.5 16.6 28.9 21.3 0.268

4.3.3 Closing the Gap
In this subsection we compare MapTRv2 trained supervised, Semi-MapTR and Map-
TRv2 trained supervised but adding more labeled samples to the segmentation head.
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More specifically, we evaluate the different training scenarios in table 4.6

Table 4.6: Training Scenarios and Descriptions

Training Scenario Description

MapTRv2-50 Trained on 50% labeled data
Semi-MapTR-50/50 Trained with 50% labeled and 50% unlabeled data
MapTRv2-50+100Seg Segmentation head trained on 100% labeled data, and the rest on 50% labeled data
MapTRv2-100 Trained on 100% labeled data
MapTRv2-10 Trained on 10% labeled data
Semi-MapTR-10/90 Trained with 10% labeled and 90% unlabeled data
MapTRv2-10+100Seg Segmentation head trained on 100% labeled data, and the rest on 10% labeled data

Figure 4.7 illustrates that MapTRv2-50 shows lower precision across all classes com-
paring to the other configurations. This was expected since less labeled data usually
limits the models ability to learn generalized features. However, the model gets bet-
ter when adding more samples to the segmentation head, both when adding labeled
samples (MapTRv2-50+100Seg) and unlabeled samples (Semi-MapTR-50/50).

Notably, Semi-MapTR-50/50 is very close in performance to the 100% supervised
training of MapTRv2. This indicates that the performance gap between semi-
supervised learning using 50% labeled and unlabeled data, and fully supervised
learning is not so significant. Furthermore, Semi-MapTR-50/50 is even better than
mapTRv2-50+100Seg.

In figure 4.8, Semi-MapTR-10/90 appear to close the gap between MapTRv2-10
and MapTRv2-10+100Seg. It also dubble the performance in AP for the pedestrian
crossing class comparing to MapTRv2-10. On the other hand adding samples to the
segmentation head reduces performance for the divider class, where MapTRv2-10
performs better. This behavior may stem from the fact that the GT isn’t always
adept at distinguishing between a boundary and a divider. In many cases, what is
defined as a boundary in the GT would be more accurately described as a divider.
This is potentially something that is effectively captured by the pseudo GT, which
could explain the poorer results.
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Figure 4.7: Bar chart comparing AP for the training scenarios; MapTRv2-50,
MapTRv2-50+100Seg, MapTRv2-100 and Semi-MapTR-50/50.
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Figure 4.8: Bar chart comparing AP for the training scenarios; MapTRv2-10,
MapTRv2-10/90, MapTRv2-10+100Seg.
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Discussion

In this chapter, we will analyze the results presented in the previous chapter, starting
with a discussion of how good the pseudo GT are in comparison to the real GT.
Furthermore, the effects of adding semi-supervision to MapTRv2 is discussed as
well as the differences between the two modality data and finally the results of the
ablation studies.

5.1 Map Creation
As previously mentioned, an essential part of this project is the creation of high-
quality pseudo GT. In Section 4.1, we observed that the pseudo GT aligns closely
with the actual GT for both LiDAR and camera data, and that the scenes improve
progressively over the epochs. We also noted that the segmentation head’s output
generally matched both GTs well, although the pedestrian crossing class displayed
a more clustered appearance. Noticeable, in Figure A.2 and A.1 reveal that the seg-
mentation head struggles more with segmenting shorter map elements compared to
longer, coherent map elements. This is logical, as longer map elements would appear
more frequently across samples, especially when the dataset has been downsampled
to 1 Hz. This affects the model in two ways: it increases the model’s exposure to
those particular map elements, and it enhances the occupancy grid mapping’s ac-
curacy when estimating confidence for map elements during the map creation step.
Overall, this approach has shown great promise in creating an accurate and effective
representation for scene maps in a reliable manner.

5.2 Adding Semi-Supervision to MapTRv2
From the result part we saw that adding semi-supervision to MapTRv2 improves the
models precision in every category except for the divider class, and notably improves
the mIoU for the camera modality. This highlights the benefits of adding unlabeled
data into the segmentation head, leading to a more generalized segmentation head
and, consequently, a more generalized overall model.

The effect of semi-supervision was not as promising for LiDAR data, but as men-
tioned in the result part it was still performing better on the pedestrian crossing
class, which is very intriguing. This suggest that adding semi-supervision, by gener-
ating pseudo GT, enhances the models ability to predict minority classes, also with
more complex structure.
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Minority Classes like pedestrian crossing, may require more data to be captured,
also their complex structure such as varied shapes and intricacies may require more
data. The use of unlabeled data with pseudo GT for the segmentation head can help
providing this extra data, and thereby improving the model performance for these
not so frequently occurring classes. Furthermore, using pseudo GT, which are not as
perfect as the real GT can add some variability and further help the model to gen-
eralize better to the minority classes and perhaps classes with more complex shapes.

The above mentioned phenomenon can be visualized in the Figures 4.7 and 4.8
where the pedestrian crossing class gain in performance using pseudo GT. These
figures also in combination with the tables in Section 4.2 shows that occupancy grid
mapping is an effective method for creating pseudo GT in semi-supervision.

5.2.1 Impact of Data Modalities
From the results in Table 4.2 and Table 4.3 it can be observed that Semi-MapTR
benefits more from camera data than it does from LiDAR data. This could be be-
cause LiDAR measure distances and reflectivity, which is crucial for understanding
object positions and shapes but it lacks the visual features that the camera provides.
Consequently this can make the addition of unlabeled samples for LiDAR modality
less beneficial comparing to the camera modality.

The absence of fine-tuning for each specific modality adds uncertainties in the com-
parison between the camera modality and LiDAR modality. In this research we have
used MapTRv2:s standard configuration hyperparameters such as learning rate and
weight decay, which are optimized for the camera modality. These parameters might
not be optimal for LiDAR data, potentially limiting the results and effect of adding
semi-supervision to MapTRv2 for LiDAR data.

5.3 Confident Pseudo GT
The results from Section 4.3.1 showed a positive correlation between a stricter τ and
improved mAP for LiDAR data suggesting that higher confidence in pseudo labels
significantly enhances the model’s ability to distinguish pedestrian crossings. This
could be because LiDAR data, being more precise in spatial measurements, benefits
more from higher quality pseudo labels. When τ is increased, the pseudo labels
are more accurate, leading to better feature learning for classes that require precise
localization, such as pedestrian crossings. This highlights the importance of having
high quality pseudo labels, especially when in scenarios where spatial accuracy is
important.

Both LiDAR and camera data shows that when τ = 60% is the least advantageous,
suggesting that this low of a threshold might be too lenient, allowing too many
low-quality pseudo labels to influence the model. Being too lenient risks introduc-
ing noise and thus deteriorate the overall quality of the training data which hinders
the learning process. This insight highlights the need for careful consideration of
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confidence in the pseudo data.

In contrast to the results on LiDAR data, the camera data do not show a clear
pattern, but a slight edge can be given to τ = 70%, which shows better performance
for pedestrian crossing, boundary, and mAP. There’s no apparent reason for this
finding, but it might indicate that a moderate confidence threshold strikes a bal-
ance between including enough pseudo labels to provide diverse training data and
maintaining label quality when using camera data.

5.4 The Effects of Dynamic Weighting
As can be observed in Table 4.5 having dynamic weighting, which weighs the pseudo-
loss less in the early stage and progressively increasing it, has little impact show-
casing comparable result to having a static weight. The preferable setting seems
to be to have no weighting at all. This is likely because the threshold strategy
alone sufficiently manages the reliance on pseudo GT. Since each additional cell
included in the loss calculation increases the loss unless its contribution is zero,
the model is naturally encouraged to reduce the contribution of low-confidence cells
to zero. Therefore, the threshold strategy alone sufficiently manages the model’s
performance, rendering additional weighting strategies unnecessary.
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6
Conclusion

In this chapter we will summarize the key findings of our research and reflect on their
significance in relation to our research objectives. Following this we will discuss the
limitations encountered during the project and from this discuss some future work
possibilities.

The results demonstrate that Semi-MapTR outperforms MapTRv2 in terms of the
precision of polyline predictions and IoU for segmentation when trained on the same
amount of labeled data. An especially notable finding across all experimental runs
is that the precision and IoU for the pedestrian crossing class consistently show
better results with the semi-supervised approach. This suggests that SSL can be
particularly beneficial for improving the precision and generalization of HD map
construction, especially for less frequently occurring classes like pedestrian cross-
ings. These findings effectively answer the first question about how SSL improves
HD map construction compared to supervised methods, as Semi-MapTR achieves
superior performance in almost every case in terms of both precision and IoU com-
pared to MapTRv2.

This improvement is particularly notable with camera modality data compared to
LiDAR modality data. In addressing the second research question about the impact
of camera and LiDAR data on SSL versus supervised learning, our results indicate a
more pronounced benefit of SSL for camera data. However, it is crucial to interpret
these findings with caution. The current study did not fully explore hyper-parameter
tuning and other optimization techniques, which could significantly influence the
results. Consequently, while our findings are promising, further research is needed
to validate and extend these conclusions.

6.1 Future Research
A key area for future research is the application of semi-supervision directly to poly-
lines, rather than to segmentation. Since polylines represent the final output of the
model, optimizing their loss function could have a more significant impact on the
model’s performance. approach presents considerable challenges, such as finding a
efficient way to build the pseudo ground truth for it holds the potential to greatly
enhance model generalization and precision.

Another potential avenue for future research involves comparing two different meth-
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ods of splitting data into labeled and unlabeled sets: either by random samples or
by random scenes. This comparison is relevant to two distinct real-world scenar-
ios: one where the annotated data consists of random samples, and another where
the annotated data comprises entire logs. This comparison could potentially help
to determine which approach leads to better generalization on new unseen data by
investigating how contextual information affects the model.

Finally, there are numerous tuning opportunities that could potentially enhance the
model. Beyond conducting a comprehensive hyper-parameter scan for each labeled-
unlabeled split ratio and experimenting with different combinations of learning rates
and weight decays, another promising approach is to use temperature scaling for the
logits of each cell in the occupancy grid.

By addressing these future research opportunities, the use of SSL for HD map con-
struction could result in more accurate and generalized HD maps, significantly en-
hancing the scalability of online HD map construction.
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Figure A.1: Comparison of the pseudo GT, masked pseudo GT, output from
segmentation head and the real GT for one unlabeled sample in the end of epoch
24. This is for the camera modality on the 30/70 split.
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Figure A.2: Comparison of the pseudo GT, masked pseudo GT, output from
segmentation head and the real GT for one unlabeled sample in the end of epoch
24. This is for the LiDAR modality 30/70 split.
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