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Generalization of Monocular Semantic BEV Prediction in Low Annotated Regimes
for Unstructured Off-Road Environments
Max Magnusson, Mattias Lind
Department of Electrical Engineering
Chalmers University of Technology

Abstract
Autonomous navigation in unstructured off-road environments presents distinct chal-
lenges from urban driving. Terrain boundaries are ambiguous, annotated datasets
are scarce, and in military contexts active sensors such as LiDAR or radar carry
the risk of revealing a vehicle’s position. This thesis addresses the problem with a
weakly-supervised perception pipeline that relies on passive camera input at infer-
ence time, using LiDAR only offline to provide geometric supervision during training.
The Vision Foundation Model CAT-Seg is used to generate semantic pseudo-labels
across five collapsed traversability classes. These are projected into Bird’s Eye
View space using LiDAR-assisted depth integration from DepthAnythingV2 cali-
brated by LiDAR through RANSAC alignment, producing 100×100 BEV semantic
grids as training targets without any manual annotation. Three BEV architectures,
Lift Splat Shoot, FocusBEV and SimpleBEV, are trained under three supervision
regimes: manually annotated ground truth (≈1,000 frames), VLM-derived pseudo-
labels (≈18,000 frames), and a pseudo-label model fine-tuned on annotated data.
The Great Outdoors dataset is used for in-distribution testing and RELLIS-3D for
out-of-distribution testing. In distribution, pseudo-label trained models perform
comparably to manually supervised ones despite lower label quality, with the large
unlabeled volume compensating for pseudo-label noise. Out of distribution, pseudo-
label training improves generalization across all three architectures, most clearly
for LSS (0.141 to 0.214 mIoU) and FocusBEV (0.151 to 0.199 mIoU), inverting
the in-distribution ranking where annotated training was equal or better. Sim-
pleBEV consistently achieves the strongest out-of-distribution performance across
training conditions in our experiments. These results suggest that VLM-produced
pseudo-labeling can be a viable alternative to manual annotation for off-road BEV
perception when generalization to new terrain is the primary concern.

Keywords: off-road autonomy, LiDAR, UGV, weak-supervision, Vision Foundation
Models, Bird’s Eye View, pseudo ground-truth, manual annotation.
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List of Acronyms

Below is the list of acronyms that have been used throughout this thesis listed in
alphabetical order:

AI Artificial Intelligence
BEV Bird’s Eye View
CLIP Contrastive Language-Image Pre-training
FiLM Feature-wise Linear Modulation
GT Ground truth
GPU Graphics Processing Unit
IMU Inertial Measurement Unit
IoU Intersection over Union
LiDAR Light Detection and Ranging
LSS Lift Splat Shoot
mIoU Mean Intersection over Union
UGV Unmanned Ground Vehicle
VFM Vision Foundation Model
VLM Vision-Language Model
ViT Vision Transformer
WCE Weighted Cross-Entropy
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Nomenclature

Below is the nomenclature of indices, sets, parameters, and variables that have been
used throughout this thesis.

Indices

i: Index for pixels
j: Index for voxels
c: Index for semantic classes
d: Index for discrete depth bins

Sets

V : The predefined 3D metric voxel grid
C: The set of semantic classes
D: The set of discrete depth intervals used in forward projection

Parameters

K: Camera intrinsic matrix
Tcam→ego: Extrinsic transformation matrix
fx, fy: Focal lengths in pixels
cx, cy: Principal point offsets
dk: Dimension of key vectors
wc: Class weight
ϵ: Smoothing constant
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Variables

Pc: 3D point in camera frame
u, v: 2D pixel in image plane
Zc: Depth value of a point along the optical axis
α(u, v): Predicted categorical depth distribution
c(u, v): Feature vector from image
Q, K, V : Query, Key, and Value matrices
β: shifting parameter
γ: scaling parameter
y, ŷ: Ground truth label and predicted probability distribution
L: The scalar value of a loss function
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1
Introduction

The progress of autonomous driving systems in urban environments has been largely
driven by massive, human-annotated datasets and their availability [1, 2, 3, 4]. These
formatted datasets have been crucial part for the development of deep learning for
on-road perception. This has also driven the development of autonomous systems in
unstructured off-road terrain although the subfield suffers from serious data limita-
tions and availability [5, 6, 7, 8]. Off-road environments show large visual variabil-
ity across different terrains [9]. Meaning that relying only on manually annotated
datasets is difficult to scale, highlighting the need for adaptable, automated labeling
approaches [10]

In off-road autonomy, the distinction between drivable terrain and hazards becomes
ambiguous. The transition from dirt to mud, or grass to bush, lacks the sharp
boundaries found in the structured urban scene [11]. As a result of this, gener-
ating pixel-perfect semantic annotations for these environments is expensive, time
consuming as well as largely subjective [10]. Because of the defense-oriented na-
ture of many off-road systems, high-quality datasets are often restricted [12]. Since
scaling perception models using strictly supervised learning on limited, manually
labeled data is impractical [13], alternative self-supervised, weakly-supervised, or
semi-supervised methods should be evaluated. However, recent papers have also ex-
plored the possible use of self-supervised autonomous driving methods at runtime,
such as RoadRunner M&M [14].

This thesis investigates the use of pseudo-labeling as an alternative or an addition to
human-annotated data in off-road autonomy. This work studies the use of Vision-
Language Models to automatically generate semantic pseudo-labels. By combining
the semantic masks created using the VLM together with LiDAR sweeps, we con-
struct a "pseudo-ground truth" dataset entirely offline.

The focus of this research is to evaluate how viable pseudo-labeled data is when
used to train downstream 2D-to-3D Bird’s-Eye View perception models. By com-
paring models trained on machine-generated data against those trained on human-
annotated data, this project aims to answer the following research questions:

• How does a BEV segmentation model trained using VLM-generated pseudo-
labels compare to one trained on manual annotation in terms of mIoU and
class IoU?

• To what degree do pseudo-labels from VLM capture unstructured off-road

1



1. Introduction

boundaries compared to human ground truth?

• Can BEV models trained on semantic labels generalize to unseen out-of-
distribution data, and to what extent?

1.1 Scope and Demarcation
This thesis investigates the use of pseudo-labeling as a way to remove or reduce the
need for manually annotated data in off-road UGV perception. The study considers
how data quality and volume impact the performance of multi-class semantic BEV
prediction networks.

1.1.1 Contributions
While previous work has explored BEV perception on-road, BEV perception on
unstructured terrain with limited annotations remains an open challenge. The con-
tributions of this thesis are the following.

The development and review of a data preparation pipeline that uses zero-shot
Vision-Language Models to generate semantic segmentation of images in unstruc-
tured terrain, reducing the need for manual annotation during training data gener-
ation.

A analysis of the noise, boundary errors, and class biases in VLM-generated pseudo-
labels when compared to manually annotated ground truth across four semantic
classes.

Evaluation of three BEV prediction architectures under three training methods.
Only pseudo-labeled data, only annotated data, and a combination of the two with
models pretrained on pseudo-labeled data and fine-tuned with annotated data.

Testing the performance of models trained on pseudo-labels and how they compare
to manually supervised models on out-of-distribution data.

1.1.2 Delimitations
Because this thesis focuses on the reduction of the data limitation bottleneck in
off-road terrain, the scope is bound to offline data generation and local training of
models. As a result, broader autonomous system tasks such as global mapping,
SLAM, and route planning are not addressed. While the models output local se-
mantic maps, the downstream interpretation of these maps falls outside the scope of
this work. Active sensors like LiDAR are strictly for offline use. LiDAR data is used
to generate the ground truth targets. These targets are necessary for training and
validation. They play no role in the runtime inference of the evaluated BEV models.
The zero-shot Vision Foundation Models used for the auto-labeling of images are
pre-trained. The underlying pre-training of these massive models is not explored
and neither is the potential fine-tuning of them.

2



1. Introduction

1.2 Thesis Outline
Chapter 1 introduces the problem of data scarcity in unstructured off-road environ-
ments and defines the research objectives, contributions, and scope.

Chapter 2 reviews related work concerning off-road datasets, the data scarcity prob-
lem, and research within off-road perception.

Chapter 3 establishes the theoretical basis of camera geometry, foundation models,
and knowledge distillation.

Chapter 4 details the methodology of the pseudo-label generation pipeline and the
specifications of the evaluated BEV architectures.

Chapter 5 presents the performance metrics of the different training methods of the
downstream BEV models.

Chapter 6 discusses the meaning of these results regarding dataset scaling.

Chapter 7 concludes the thesis.

3
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2
Related Work

2.1 Semantic Segmentation in Off-Road Terrain
A paper on semantic segmentation in off-road environment introduces the segmen-
tation model OFFSEG [15]. They emphasizes on the added difficulty of off-road
navigation where semantic and geometric understanding of the terrain is crucial.
The difficulty of the problem is increased since quality datasets are highly limited.
Many datasets also exhibit class imbalances which results in poor mIoU scores.

To overcome this, it was suggested that class labels in off-road datasets should be
composed in to a few larger groups. This was due to the fact that certain class
distinctions were considered unnecessary. A framework used for off-road driving
does not necessarily gain any useful information by the differentiation between grass
and hay. The result was combining classes into distinct groups. Sky, traversable,
non-traversable and obstacles. This mitigated the class imbalance. Then, when a
traversable area is found, the model uses K-Means clustering and a MobileNetV2
classifier to identify sub-classes like mud, gravel, and puddles.

2.2 Coarse Annotation

Recent research [16] has explored the use of coarse pixel annotation, as a low cost but
useful alternative to fine annotation for urban scene semantic segmentation. Where
coarse labels take roughly 7 minutes per image versus about 90 for fine labels, and
yield over 10× more data for a fixed budget, but suffer from missing boundary
information that makes them hard to train on directly. To use them, the authors
propose a coarse to fine self-training framework that combines coarsely annotated
real images with densely annotated synthetic data, using a boundary loss on the
synthetic data to recover class boundaries, cross-domain copy-paste augmentation
to bridge the real synthetic gap, and iterative pseudo-labeling to fill in the unlabeled
boundary regions of the coarse data. On Cityscapes [1] and BDD100k [17] they reach
mIoU competitive with fully fine-annotated training at roughly 1/5 and 1/8 of the
annotation cost respectively, with the gains largest in low budget regimes and on
rare classes, show that annotating many diverse coarse examples matters more than
labeling every pixel precisely.

5



2. Related Work

2.3 BEV perception
A common and efficient representation of image data in the field of autonomous
driving is Bird’s-Eye-View. BEV provides a top-down perspective useful for planning
and perception tasks. The perspective is a key part when searching for the optimal
path and assessing traversability of objects. Traditional methods for transforming
perspective image features into a unified BEV space often relied on explicit depth
estimation, which is known limitation.

BEVFormer [18] introduced a framework that bypasses these limitations using spa-
tiotemporal transformers. Instead of projecting pixels based on depth, BEVFormer
employs grid-shaped BEV queries that look up features from multi-camera images
via spatial cross-attention. This allows the network to learn the 3D transforma-
tion adaptively. It incorporates temporal self-attention to recurrently fuse historical
BEV features. This temporal information provides a resilient baseline for off-road
navigation. This helps the model predict occluded objects in uncertain regions and
increases the accuracy of velocity data when camera views are compromised.

2.4 Multi-layered BEV representations
TerrainNet [19] is a model and architecture for high speed off road navigation. The
authors approaches the problem by combining semantic and geometric perspectives.
This is done by lifting 2D RGB image features into 3D space using depth data.
The stereo depth points are transformed into the RGB image to align resulting in a
RGB-D image. The image is then improved using a self-supervised depth completion
module that corrects and fills in gaps of the data to reduce errors. This is done with
LiDAR data.

The model uses multiple BEV grids to represent different parts of the environment.
The world is divided into a ground layer and a ceiling layer. The ground layer cap-
tures a semantic probability distribution, along with their highest and lowest points.
The ceiling layer is similar to the ground layer but instead holds the information of
the lowest hanging object. TerrainNet achieves the high inference speeds necessary
for embedded systems while also maintaining geometric certainty in unstructured
terrain.

2.5 The Development of Datasets in Unstructured
Environments

Perception systems for autonomous driving has historically been driven by the avail-
ability of large datasets. Datasets such as KITTI [2], nuScenes [3] and Cityscapes [1]
made advancements in on-road autonomy [4]. These scenes have a clear structure
with road markings, roads and traffic patterns.

In unstructured off-road environments, the distinction between drivable and obsta-
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cles becomes largely ambiguous due to problems with complex backgrounds, uncer-
tain boundaries and lack of distinct drivable roads [11]. To deal with this, specialized
datasets like RELLIS-3D [5] and The Great Outdoors [6]. These datasets typically
combine RGB imagery with LiDAR point clouds [20]. Datasets like TartanDrive
2.0 [8] among others have further advanced the scope of off-road data engineering
by providing additional sensor data streams within unstructured environments, for
use in a wide variety of tasks.

While these advancements have generally extended the sensor modalilites, off-road
datasets still generally suffer from limitations. The primary bottleneck lies in
the manual annotation process [10]. Pixel perfect semantic segmentation in en-
vironments where boundaries are unclear is subjective, expensive and takes time.
Whether it is dirt transitioning into grass or grass transitioning into mud. These
datasets are often limited in scale and/or suffer from class imbalances. Large regions
are often dominated by drivable road classes, while more hazardous classes occur
much more infrequently. Because of the secretive nature of the autonomous UGV
field, datasets are often not made public or are hidden behind research licenses.

Due to these limitations, scaling perception models using strictly supervised learning
on limited, human-annotated datasets is challenging financially and practically [13].
The lack of annotated semantic data is a big motivation for the weakly supervised
learning focus of this project. By the use of vision foundation models to auto-
matically generate pseudo-ground truth, the dependence on manual annotation is
removed or at the very least reduced.

2.6 Learning cost maps for offroad autonomous
driving

In off road autonomous driving, cost maps are commonly applied together in the
context of ROS for path planning. In the context of off road autonomy these cost
maps are often constructed by hand. An approach that is slow and hard to fine
tune particularly as the number of parameters grows. In a 2022 paper the authors
propose CAMEL [21], a deep learning framework that learns cost map values from
demonstrations, essentially construction cost maps that result in path as close as
possible to the one that an expert driver has driven. CAMEL uses convolutional
network to to generate these 2D cost-maps from a multi modal grid containing
semantic projections into LiDAR point cloud, as well as LiDAR derived geometric
information such as height and slope.

They then translate this costmap for the purpose of training into a navigation stack
which produces steering and throttle commands to the robot. Training then intends
to minimize the predicted inputs from the cost maps with the ones performed by
the expert driver driving the same path.
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2.7 RoadRunner M&M

RoadRunner M&M [14] is an end to end machine learning model for autonomous
terrain navigation, developed at NASA jet propulsion laboratory together with ETH
Zürich. The model takes RGB pictures from four cameras mounted on the vehicle,
as well as LiDAR voxelmap as in data. Outputting in real time a traversability
map and an elevation map in 2 different scales. One short range map with ±50m
range and a 0.2m resolution as well as a longer range map at ±100m with a 0.8m
resolution. This decision to have the network output maps at 2 different scales was
done to allow for safer high speed autonomous navigation.

RoadRunner employed self supervised training in their creation of the ground truth,
they utilize aggregated LiDAR point clouds and hindsight fusion to form a denser
point cloud for each timestep which in turn is used to form BEV. To further refine the
data they also utilize digital elevation maps from United States Geological Survey
to further fill out the BEV in areas where the robot has not gathered sufficient
information.

2.8 Lift Splat Shoot

Lift Splat Shoot [22] is an end to end 2D to BEV transformation model introduced
in 2020. The authors propose a three stage pipeline transforming from perspective
view to BEV space. The first stage of this pipeline, each pixels feature vector
is expanded onto the 3D space through a depth distribution prediction which is
learned implicitly from the ultimate task loss. The feature vector is then placed
along the ray in 3D space with the feature vectoring being weighted according to
the distribution. These are then projected onto the BEV grid by known camera
intrinsics and extrinsics, aggregating all feature vectors by pillar pooling. A CNN
then transforms this BEV feature grid into a grid containing semantic labels.

2.9 SimpleBEV
Unlike LSS, SimpleBEV approaches the problem of BEV creation differently. Rather
than predicting a depth distribution in perspective view, SimpleBEV creates a fixed
3D voxel grid and using known camera intrinsics it projects the voxel grid into per-
spective view [23]. From perspective view it assigns the image features via bilinear
interpolation to voxel space. The resulting 3D voxel feature space is then collapsed
into BEV space and passed into a BEV convolutional decoder.

As a consequence of the architecture, the depth estimation dissapears as an explicit
part that is learned. More practically this means that the unlike LSS the feature
vector is assigned to every voxel in ray that the pixel maps to. This then means
that BEV convolution decoder is trained to find coherent regions of the voxel in the
BEV space and learn the BEV grid from this context. The resulting performance
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of this style of architecture showed competitive performance compared to the older
LSS style with explicit depth modules.

2.10 FocusBEV
FocusBEV is a monocular BEV segmentation framework whose central idea is a
self-calibrated cycle view transformation [24]. A recurring problem in view trans-
formation is that large portions of the perspective image are sky, distant background,
and other regions that carry no useful information for the top-down grid yet still
contaminate the BEV features during the transformation. FocusBEV handles this
by performing the transformation as a cycle, after an initial perspective view to
BEV mapping, the BEV features are projected back to perspective view and used
to improve the image features, suppressing regions which do not contain ground
level information before a second PV to BEV pass. Unlike LSS, the transformation
is attention-based and does not rely on an explicit learned depth distribution. The
full framework additionally includes an ego-motion-based temporal fusion module
with a memory bank and an occupancy-agnostic IoU loss. In this thesis we adopt
the cycle transformation as the defining component and refer to our single-frame
variant as FocusBEV-inspired.

2.11 Semantic occupancy for autonomous vehi-
cles

The use of self-supervised learning in autonomous vehicle context have been explored
in a few papers but is still a rather unexplored area, especially in the off-road
autonomous field. QueryOcc presents a self-supervised framework that predicts if
pixels are occupied or free in an on-road environment with 4D input [25]. Data
consists of continuous video streams and image features that are projected into 3D
space. Additionally, all 3D images also has a timestamp meaning that each pixel
has 4 features in total.

The model is provided with a query of these 4 features and tries to predict the
occupancy of said pixel. The model is then provided with 4D images of past and
future timestamps. This context gives the model more insight if the prediction of
free or occupied space was correct or not. Then a foundation model is applied for
semantic segmentation. To evaluate these occupancy predictions, QueryOcc uses
RayIoU instead of standard voxel-based IoU. This is done by casting rays from the
camera sensor and evaluating the predicted semantic labels along these rays.

2.12 Research Gap
In summary, big progress has been made in the off-road autonomy field, both in
terms of 2D-to-3D projection architectures and off-road perception. However, one
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large problem for further development is the systems reliance on human annotated
training data or entirely unsupervised pipelines. The projection architectures re-
viewed here, LSS, SimpleBEV, FocusBEV, and BEVFormer, were all built and tested
on large manually annotated on-road datasets. On the off-road side, OFFSEG and
TerrainNet still lean on manual semantic labels, and while CAMEL and RoadRunner
M&M manage to avoid them, they do so by swapping in expert demonstrations or
purely geometric self-supervision. Literature evaluating how pseudo-labeled training
data generated with zero-shot Vision-Language Models can replace or complement
human annotated training data in the training of multi-class BEV models is lim-
ited. This thesis aims to fill this gap by reviewing the pseudo-labeled training data
alternative and its impact on trained BEV models in unstructured off-road terrain.

10



3
Theory

3.1 The Pinhole Camera Model

The relationship between a 3D point in the camera frame, Pc = [Xc, Yc, Zc]T , and
the 2D pixel (u, v) in the image is given by the intrinsic matrix K. This matrix
projects 3D coordinates onto the 2D image:

Zc

u
v
1

 = K

Xc

Yc

Zc

 =

fx 0 cx

0 fy cy

0 0 1


Xc

Yc

Zc

 .

Here, fx and fy are the focal lengths, and cx and cy are the image center points [26].

To combine images from different cameras, the points must be moved from the local
camera frame to the vehicle frame. This is done with the extrinsic transformation
matrix Tcam→ego ∈ R4×4:

P̃ego = Tcam→egoP̃cam.

3.2 Bird’s-Eye View Projection Methods
There are two main methods to create a BEV map from a normal camera image.

3.2.1 Forward Projection
Forward projection models first predict the depth of the image. For every pixel
(u, v), the model predicts a depth distribution α(u, v) ∈ RD over D different depth
values. It also predicts a feature vector c(u, v) ∈ RC . The feature is then moved
into 3D space by multiplying these together:

f(u, v, d) = c(u, v) · α(u, v, d).

These 3D features are then moved into the vehicle’s coordinate frame. They are
placed into a 3D grid and then pushed down along the Z-axis to make a flat BEV
map [22].
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3.2.2 Backward Projection
Backward projection works in the opposite way. It starts by making an empty 3D
grid in the vehicle frame [18] [27]. For each 3D point V = {x, y, z} in this grid around
the vehicle, the model calculates where that point would be in the 2D camera image.
This uses the projection matrix P = K[R|t]. The matching 2D pixel (u, v) is found
using this equation:

λ

u
v
1

 = P


x
y
z
1

 .

The algorithm then looks at the 2D image features at pixel (u, v). It uses bilinear
interpolation to read the feature and puts it back into the 3D grid. This method
does not need to predict the depth of the image [28].

3.3 Deep Learning for Computer Vision

3.3.1 Transformer
The Transformer architecture was originally created for Natural Language Process-
ing. The architecture introduced the self-attention mechanism [29]. Self-attention
weighs the importance of different parts of the input data relative to one another.
For an input sequence projected into Query (Q), Key (K), and Value (V ) matrices,
with the scaled dot-product attention:

Attention(Q, K, V ) = softmax
(

QKT

√
dk

)
V.

where dk is the dimension of the key vectors. The Transformer architecture quickly
became the standard architecture for complex sequence-to-sequence tasks.

3.3.2 Vision Transformer
Vision Transformers were introduced to apply the Transformer architecture to image
recognition. Instead of processing pixels through convolutional filters, a ViT divides
an image into separate patches [30]. Linear projection is used to create vector
embeddings of the patches. The patches are then passed through the Transformer
encoder block with a classification token and positional embeddings for each patch.

The ViT architecture is able to capture spatial relationships and representations
across the full image due to its global receptive field. This makes Vision Transformers
effective backbones for modern Vision Language Models, such as CLIP [31].

3.3.3 Mask2Former
Mask2Former changed how automatic segmentation tasks were handled [32]. Be-
fore this, segmentation was tackled per pixel. A class label was predicted for each
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separate pixel. Mask2Former instead segments masks of the image. This means
that pixels may be grouped and one label can be given to all the pixels of a masked
region.

The difference of this architecture is masked attention within the decoder. In stan-
dard models, the network looks at every part of the image all at once. This takes a
lot of computing power and can bring noise from the background. Masked attention
fixes this by making the network only look at the mask area it found in the previous
step. By ignoring the less important background noise, the model learns faster and
draws much cleaner borders around objects.

This is done by adding an attention mask M at feature location (x, y) to the normal
cross-attention equation:

Attention(Q, K, V ) = softmax
(

QKT

√
dk

+ M
)

V.

The attention mask M is defined as:

M(x, y) =

0 if (x, y) ∈ mask
−∞ otherwise

.

3.4 Vision-Language Foundation Models
Foundation Models are trained on massive scales of diverse data using self-supervised
or weakly-supervised learning [33]. Vision-Language Model is a type of Foundation
Model. By aligning visual features with natural language during pre-training, VLMs
learn general-purpose representations.

An advantage with VLMs is their zero-shot or few-shot generalization. They encode
structural and semantic understanding of images linked to human language. VLMs
can be used in a various settings without the need for fine-tuning. By changing a
text prompt, these models can dynamically adapt to identify new classes, shown to
be effective for tasks such as pseudo labeling [34]. This zero-shot capability is the
core of the pipeline in this project.

3.4.1 Zero-shot Semantic Segmentation
To gain understanding of input images from cameras, images can be divided into
areas of semantic meaning. This is important and often used for models to be able
to gain an understanding and recognize what different parts that an image consists
of. This is crucial in many computer vision tasks and often used in autonomous
vehicle systems. These datasets require each pixel of the images in the dataset to
be categorized into classes described by a number. This type of data and labeling
of images is called semantic segmentation. Each class is distinguished by their
corresponding indices. Such datasets can be expensive and often require manual
annotation where a human is set with the task of deducing the class of said pixel.
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To mitigate the problem of manual annotation, modern approaches introduces the
use of VLMs in order to semantically label images in a weakly-supervised manner.
By the use of such models, the opportunity to create semantic segmentation pseudo
ground-truth without any manual annotation arises. One way of doing this with
custom classes is via zero-shot semantic segmentation. This means that the model
is given instructions of what the class labels are together with a fitting description of
what the model can expect to see in the image for each class. Therefore, to create an
annotated semantic segmentation dataset, one needs to understand the distribution
of semantic classes and include the different class categories and the explanation of
each category in the instructions.

3.4.2 Contrastive Language-Image Pre-training
CLIP is a model used for zero-shot image recognition and was introduced in 2021 [31].
It builds upon a dual-encoder architecture which is trained on hundreds of millions
of image-text pairs gathered from the internet. The model maps images and nat-
ural language text into latent space using a contrastive loss function. The cosine
similarity between an image embedding I and a text embedding T is computed as:

sim(I, T ) = I · T

||I||||T ||
.

The visual representations learned by CLIP’s image encoder have become the back-
bone for downstream prediction tasks for models performing zero-shot semantic
segmentation.

3.4.3 Text and Image Prompted Segmentation
Models that build on CLIP used for zero-shot and one-shot image segmentation was
later introduced. One such model is CLIPSeg which uses a lightweight transformer-
based decoder that is given an arbitrary prompt with a describing text or an im-
age [35]. The text prompt is encoded into an embedding vector and passed to the
decoder via Feature-wise Linear Modulation. Given the feature map x and vector
embedding of the text c, the FiLM layer transformation of features is defined as:

FiLM(x) = γ(c) · x + β(c). (3.1)

where γ(c) and β(c) are scaling and shifting parameters predicted from the text
embedding using a multi-layer perceptron. In this way the network can adapt its
attention and use the visual feature maps to segment parts matching the input
text. With activations from CLIP encoder blocks and combined with the prompt
via FiLM layers, the model produces the segmentation masks.

3.4.4 Cost Aggregation for Open-Vocabulary Segmentation
To further improve on segmentation architectures, models focusing more on cost
aggregation were introduced. One such model is CAT-Seg which relies on image and
text embeddings correlation rather than text to a decoder [36]. Instead of directly
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optimizing raw feature embeddings, which often leads to severe overfitting on seen
classes, the model computes the cosine similarity between the feature embeddings
of image patches and text prompt. This rough semantic cost map is then refined
through spatial and class-level aggregation modules. With this cost-aggregation
approach, the network finetunes the CLIP model for dense prediction tasks. CAT-
Seg have shown promising results in generalization on unseen classes.

3.5 Knowledge Distillation
Knowledge Distillation is a machine learning method designed to transfer knowledge
from a complex, large “teacher” model to a more lightweight “student” model [37].
Given a teacher network T and a student network S, the feature distillation tries
to minimize the distance between their respective feature maps, F T and F S. This
is typically achieved using a distance metric such as Mean Squared Error or cosine
similarity. In this thesis, KD is used to teach a computationally lightweight student
model the complex semantic knowledge encoded by heavy foundation models.

3.6 DepthAnythingV2
DepthAnythingV2 is a model used to estimate monocular depth [38]. It uses a Dense
Prediction Transformer with a DINOv2 encoder. The DPT takes features from the
vision transformer and combines them using a convolutional decoder. This gives a
depth value for every pixel in the image. This way, the model captures both local
and global context at the same time.

DA2 is trained on a large dataset compromised of pseudo-labels. First, a large
teacher model is trained on synthetic data. Then, this large model predicts the
depth for 62 million real images without labels. After that, smaller student models
are trained on both the synthetic data and the new pseudo-labels. This is referred
to as knowledge distillation. DA2 can predict relative depth or metric depth.

In this thesis, we use the smaller ViT-Small model to find relative depth. We chose
this because it runs fast enough on our hardware but still gives a good and dense
depth map for every image.

3.7 RANSAC
Random Sample Consensus is an iterative algorithm for robust model fitting in the
presence of outliers [39]. Methods like least-squares use all the data points which
means that outliers can ruin the result. RANSAC instead draws a minimal random
subset of data points, fits a model to that subset, and then counts how many of the
remaining points fall within a threshold. Over many iterations, it keeps the model
that has the most fitting points.
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In this project, RANSAC is used to match the relative depth from DepthAnythingV2
to the real sparse distance from the LiDAR. We fit an affine model: 1/Zmetric =
a·Zrelative+b. Here, a and b are parameters to estimate. Sometimes the LiDAR points
are wrong because of bad calibration, dynamic objects, or reflections. RANSAC
makes sure the outliers points do not ruin and corrupt the scaling of the final result.
The result is a dense metric depth map suitable for accurate 3D unprojection.

This parametrization is used because the relative depth from DepthAnythingV2 is
produced in a disparity-like (inverse-depth) space, so a global scale-and-shift rela-
tionship holds approximately between inverse metric depth and the relative predic-
tion; fitting the affine model directly in metric-depth space would not correspond to
the model’s actual output and would systematically distort the alignment, particu-
larly at long range.

3.8 Evaluation Metrics
The performance of semantic segmentation models is measured using IoU also known
as Jaccard index. For a semantic class c, the IoU is defined as the ratio of the
intersection of the predicted segmentation mask and the ground truth mask to their
union with formula as:

IoUc = TPc

TPc + FPc + FNc

.

where TPc as true positive, FPc as false positive, and FNc false negative predictions
for class c.

To evaluate the performance of a model on all classes, the mIoU is calculated by
taking the average of the class IoU defined as:

mIoU = 1
C

C∑
c=1

IoUc.

where C is the total number of classes. While mIoU gives a summary of model
performance, class IoU is often be more important in off-road navigation. Not
detecting a rare dangerous class can have far worse consequences than not detecting
all parts of the background terrain. The matter in how it missclassifies terrain is
also interesting, for example if obstacles labaled as free space could be devestating
while driving, while an obstacle classified as a human is likely inconsequential for
traversing terrain.

To contextualize the reported mIoU, two label-free reference baselines are computed
on each test set. The constant baseline assigns every valid BEV cell to the free-space
class, the naive drivable everywhere policy.. The prior-frequency baseline assigns
each cell a class drawn at random in proportion to the test-set class frequencies;
under independent assignment its expected per-class IoU reduces to IoUc = pc/(2 −
pc), where pc is the frequency of class c.
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4.1 System Overview

The pipeline uses multimodal sensor streams in order to create a BEV representation
of the local surroundings of the vehicle. Manually labeled datasets of off-road envi-
ronments are expensive, and limited in scalability which is why this pipeline consists
of a weakly-supervised framework. The architecture builds upon a sort of knowl-
edge distillation which is why we divide the architecture into branches "student" and
"teacher".

The teacher branch which uses vision language models and helps construct the
pseudo-ground truth. This branch consists of two teachers.

• Semantic Teacher: Uses CAT-Seg to generate dense, per-pixel semantic
labels across a customized off-road classes for all frames.

• Depth Teacher: Relies directly on LiDAR sweeps in combination with depth
estimation network. The network is used to fill the gaps of the LiDAR sweeps
to increase the density of depth points used when projecting in BEV space.

The teacher branch is how features of the images are distilled into our training
targets. The student branch consists of architectures with lower complexity aiming
to learn the representation of the teacher models for a lower computational cost.

The goal of the student network is to distill the knowledge from the teacher. During
the weakly-supervised training phase, the student processes its inputs and projects
its own learned features into a local BEV grid. Its predictions are then improved
by comparing them against the targets generated by the offline teacher pipeline.
This allows the autonomous system to use the student model during deployment.
Figure 4.1 shows the full pipeline architecture, showing the teacher and student
branches and how targets are created and used during training.
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Figure 4.1: Overview of the teacher-student pipeline. The offline teacher branch
uses CAT-Seg and DepthAnything V2 together with LiDAR supervision to create
pseudo ground-truth BEV grids. The online student branch learns to predict the
BEV grid only using the RGB as input.

4.2 Data Acquisition and Preprocessing

To capture this environment, our system uses data from sensors such as three RGB
cameras, LiDAR, odometry and poses. Before this data can be fused, it must be
aligned in the time domain. This section details the datasets used and the syn-
chronization strategies used to map the LiDAR sweeps to the correct camera frame
timestamps. For training and testing we use the dataset The Great Outdoors [6].
For out-of-distribution testing we use the dataset Rellis-3D [5], a dataset constructed
by the same organization as The Great Outdoors dataset.
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Two datasets are used in this work: The Great Outdoors [6] for in-distribution train-
ing and testing, and RELLIS-3D [5] for out-of-distribution evaluation. Both datasets
were published by the same organization, which ensures a large overlap in class def-
initions and annotation conventions. Table 4.1 summarizes the key characteristics
of each dataset.

The Great Outdoors originally contains approximately 55,000 frames recorded at
high frequency. Because the LIDAR was only sampled at one third the rate, ap-
proximately two thirds of the frames were filtered out by sub-sampling the nearest
camera frame to each LiDAR scan (with the largest time deviation being 8ms be-
tween RGB image and LiDAR scan), yielding roughly 18,000 unique frames used
for pseudo-label generation and BEV target construction. Of these, approximately
1,000 frames carry manual annotations and are split into train, validation, and test
sets at a 70/15/15 ratio. The approximately 17,000 remaining unannotated frames
form the pseudo-labeled training set. In addition, to avoid spatial leakage between
the different sets, each set had the last five seconds of data removed.

The Great Outdoors RELLIS-3D
Role In-distribution Out-of-distribution
Raw frames ≈55,000 ≈6,000
After filtering ≈18,000 ≈6000
Annotated frames ≈1,000 ≈6,000
Train / Val / Test 70 / 15 / 15 % Test only
Original classes 22 20
Collapsed classes 5 5
Sensors 3× RGB, LiDAR, IMU 1× RGB, LiDAR, IMU

Table 4.1: Dataset statistics for the two evaluation datasets. The great outdoors
dataset includes frames from three cameras of which one is used in this project.

4.3 Semantic Representation using CAT-Seg
To establish the semantic layout of the environment, the pipeline uses CAT-Seg, a
zero-shot image segmentation model capable of generating dense prediction masks
from arbitrary text prompts [36]. Rather than training a specialized annotator, we
query the pre-trained VLM with 5 custom class categories for UGV path planning.
This is due to two reasons. Firstly, in the context of off-road vehicles, obstacles such
as rocks and trees pose similar threat to the system. Sizes can vary but this does
not have to do with semantics. Similarly different types of roads such as gravel,
asphalt, etc, can be treated more broadly as drivable surfaces. Secondly, for a fair
comparison between pretrained models and models trained on pseudo data, the class
labels need to be unified which is possible when labels are broad by mapping the
more narrow classes. The classes used by the pipeline are the following: Free space
which includes different roads, high cost including more costly surfaces, obstacle
which groups obstacles, dynamic for moving objects and void for empty space.
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Class Label Sub labels
free_space. dirt road, gravel, grass, concrete, asphalt road, mulch
high_cost mud, puddle, body of water, rubble
obstacle tree, bush, building, wall, fence, utility pole, barrier, tree log
dynamic person, vehicle
void_ignore sky, background void

Table 4.2: CAT-Seg Semantic Class Prompts.

By processing the camera frames through CAT-Seg, the pipeline estimates the true
semantic labels of the scene by producing the semantic pseudo-labels. These labels
are used to train models to understand the semantic parts of image input received
through cameras. However, fully understanding local surroundings also requires
an understanding of the size and distance to things. This information cannot be
found reliably in simple 2D monocular images. That is why depth data is also
necessary for a model since this requires the combination of geometric and semantic
understanding.

4.4 LiDAR Supervision

Before building a target BEV grids we perform a 3 step LiDAR supervised depth
pipeline in 2D image space. First, we use monocular depth estimation model
DepthAnythingV2 built on ViT-small backbone to generate a unitless depth map
of each RGB image. Then the LiDAR pointcloud is projected into perspective view
using known extrinsics and intrinsics, giving sparse metric depth to a subset of pix-
els in image space. Finally, the sparse metric LiDAR depth and the dense relative
depth from DepthAnything V2 are fused using a RANSAC-based alignment. An
affine model 1

Zmetric
= a ·Zrelative +b is fitted in disparity space between the sparse Li-

DAR measurements and the corresponding relative depth values. RANSAC rejects
outliers caused by calibration errors or dynamic objects, producing robust scale and
shift parameters. The dense metric depth map is then used for projection. Figure 4.2
summarises the three-step depth pipeline.
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Figure 4.2: The three-step LiDAR-supervised depth pipeline. Step 1 generates a
relative depth map from RGB using DepthAnything V2. Step 2 projects the LiDAR
point cloud into image space to obtain sparse metric depth. Step 3 aligns the two
using RANSAC to produce dense metric depth.

4.5 Bird’s-Eye View Projection
The BEV representation serves as a useful spatial framework for a UGV’s local path
planning. By projecting the 3D environment into a 2D top-down grid common in
autonomous driving tasks, the navigation system can more efficiently evaluate local
traversability. The BEV grid is configured with a resolution of 100 × 100 cells,
capturing a physical area of 25 meters forward and 25 meters laterally relative to
the ego-vehicle. Regions within the grid but outside the fov of the camera are not
included and are labeled as non valid cells in the grid. The decision to use a 100x100
grid was motivated in the thought it would better capture smaller obstacles in BEV
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space. It would lessen the chance that other more common classes would drown out
the obstacle class in these cases.

4.5.1 Coordinate Transformations and Unprojection
To populate the BEV grid, 2D camera pixels and dense depth maps must first be
unprojected into 3D space. Given a pixel coordinate (u, v) and its corresponding
metric depth Zc, the 3D coordinates in the camera frame, Pcam = [Xc, Yc, Zc]T , are
obtained using the camera intrinsic matrix K:

Pcam = ZcK
−1

u
v
1

 = Zc

fx 0 cx

0 fy cy

0 0 1


−1 u

v
1

 . (4.1)

where fx, fy are the focal lengths, and cx, cy represent the principal point.

The points are then transformed into the vehicle’s ego frame using the homogeneous
extrinsic transformation matrix Pcam→ego ∈ R4×4:

P̃ego = Pcam→egoP̃cam. (4.2)

4.5.2 Depth Integration
To populate the BEV grid, the dense metric depth maps produced by the three-
step LiDAR-supervised pipeline are used. Each frame is processed independently,
every pixel is unprojected to 3D using its dense metric depth value and the camera
intrinsics, then discretised into the BEV grid. This avoids the need for temporal
aggregation or explicit sensor fusion during BEV construction, while still benefiting
from the LiDAR-aligned metric depth.

4.5.3 BEV Ground Truth Generation
Once the 3D points have been unprojected from the dense depth map, they are
discretized into the BEV grid. For each valid cell (r, c), spatial and semantic features
are extracted to form pseudo-ground truth targets. The pseudo-labels generated by
the larger teacher models are mapped to the 3D points. In each BEV cell, the
semantic classes from CAT-Seg are aggregated using a majority vote. CAT-Seg
provides the necessary semantic vocabulary. Semantic segmentation accuracy is
evaluated using mIoU and class-wise IoU metrics.

Finally, to resolve empty cells caused by sensor occlusions and sparse depth points
at far ranges, nearest-neighbor infill is applied within a fixed radius. For each invalid
cell within the radius, the value of the nearest valid cell is assigned. The infill radius
was set at seven, this value was a result of a qualitative analysis of the resulting
target BEV and their corresponding images. Where clear gaps and streaks were
observed at longer range in BEV when the infill radius was set to a lower value,
it also served a secondary purpose to fill in regions which were occluded but could
reasonably be assumed to be of the same class type in BEV space.
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Figure 4.3: Simplified figure over semantic BEV target generation. Image from
"The great outdoors dataset" by Peng Jiang et al., 2025. Licensed under CC BY-
NC-SA.

4.6 Semi-Supervised and Pseudo-Labeling Frame-
work

The methodology compares fully supervised, weakly-supervised, and semi-supervised
training approach to determine the optimal strategy for semantic traversability map-
ping.

The goal is to train and benchmark BEV architectures across three distinct training
tracks, varying both the volume and the quality of the supervisory data.

To evaluate the impact of dataset scale and annotation quality, the training pipeline
is divided into three primary tracks.

• Supervised Training with Annotated Data: This track acts as the per-
formance baseline by training the models only on the hand-annotated ground
truth dataset. This track evaluates the performance of models trained using
limited manually labeled data.

• Weakly-Supervised Training with Pseudo-Labeled Data: To use the
full scale of the dataset without requiring human input, this track uses machine-
generated pseudo-labels. The zero-shot vision-language model, CAT-Seg, is
used to auto-label the image data with semantic classes for each pixel. Models
are trained purely on these pseudo-labels. This track evaluates whether the
volume of weakly-supervised data can compensate for the noise and boundary
inaccuracies of the VLM’s predictions.

• Semi-supervised with Hybrid: The final track combines the previous two
approaches into a semi-supervised framework. It fine-tunes the models trained
on psuedo-labeled data with the human-annotated dataset. The goal is to
evaluate whether models trained on a larger pseudo-labeled dataset can be
complemented with a smaller manually annotated dataset.
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By evaluating the models trained using these methods, this framework can give
useful insights into the trade-offs between manual annotation and automated dataset
scaling in UGV perception.

Figure 4.4: Simplified figure over training BEV models. Image from "The great
outdoors dataset" by Peng Jiang et al., 2025. Licensed under CC BY-NC-SA.

4.7 Evaluated BEV architectures

Rather than designing a custom neural network architecture, the methodology of this
thesis focuses on creating an autonomous pipeline for dataset preparation to train
and evaluate several BEV architectures on the generated UGV dataset. The primary
objective is to benchmark how different 2D-to-3D BEV frameworks perform when
tasked with estimating semantic BEV maps for off-road navigation and comparing
the different training approaches.

While all models compared share the same input/output formulation, it is important
to note that this is a comparison between practical implementations rather than
an isolated study of projection mechanisms. The architectures differ in how they
project the 2D features into 3D, but they also retain specific backbone choices and
loss formulations from their original implementations.
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4.7.1 Lift, Splat, Shoot
The Lift, Splat, Shoot framework is our baseline for forward-projection architectures.
LSS models depth uncertainty.

• Lift: The network predicts a class distribution over D predefined depth bins
for each pixel in the 2D feature map. The image features are then computed
as an outer product with these depth probabilities to lift them into 3D.

• Splat: The features from the camera are transformed into the UGV’s local
coordinate frame using extrinsic matrices. They are then assigned to a 3D
voxel grid and "splatted" using sum pooling to form a 3D representation.

• Shoot: The Z-axis is collapsed to form the 2D BEV plane. This is then
processed by a convolutional task head to create the terrain.

LSS encodes depth uncertainty directly into the feature representation making it
robust. However, the forward-projection mechanism can lead to sparse artifacts or
"shadows" in the resulting BEV grid, particularly at longer ranges where the frustum
volume expands.

4.7.2 SimpleBEV
SimpleBEV takes the opposite approach as an inverse-mapping method. Instead of
predicting depth to push features into 3D space, SimpleBEV pulls features directly
from the 2D image plane into a predefined 3D grid [23]

• Voxel Definition: The architecture begins by defining a volume surrounding
the UGV.

• Inverse Sampling: For every voxel in this 3D grid, its coordinate (X, Y, Z)
is transformed into the camera frame and projected onto the 2D image plane
using the intrinsic and extrinsic matrices. The network then samples the 2D
feature map at that exact projection point using bilinear interpolation.

• Feature Aggregation: Each voxel receives at most one feature sample. The
populated 3D grid is then collapsed into the BEV plane by joining the Z-slices
on the channel dimension.

SimpleBEV entirely bypasses the need for a discrete depth prediction head, making
it simpler in design and free from the sparsity problems seen in forward-projection
models like LSS. However, because it assumes the 3D geometry is known it relies
heavily on accurate extrinsic calibration and dense feature representations.

4.7.3 FocusBEV
FocusBEV’s central contribution is a cycle view transformation, rather than lifting
features once from perspective view to BEV, it projects a second time, feeding
information from the initial BEV estimate back into the PV feature map before
repeating the lift. This back-and-forth refinement is intended to improve spatial
alignment between the two domains.
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• Feature Extraction: An EfficientNet-B0 backbone extracts image features
at stride 16, projected to 192 channels, with each spatial position augmented
by a positional encoding derived from the per-pixel 3D ray direction computed
from K.

• Cycle View Transformation: Learned BEV queries attend to the PV fea-
ture map via multi-head cross-attention to produce an initial BEV grid P

(1)
bev.

These features are projected back to PV-space where ray-encoded queries pro-
duce a refinement signal Prefine, which is fused with the original PV features
as P ′

pv = Conv([Ppv, α · Prefine]). The refined features are lifted to BEV a
second time using shared weights, giving P

(2)
bev, and the two grids are fused into

Pbev = Conv([P (1)
bev, P

(2)
bev]).

• Prediction Head: A lightweight convolutional head maps the final BEV
features to per-cell semantic class logits.

Our implementation follows this cycle view transformation but omits the original
framework’s ego-motion temporal fusion and occupancy-agnostic IoU loss, and is
therefore referred to as FocusBEV-inspired. The α gate is held at zero for the first
three epochs and linearly ramped to one over the following five, letting the backbone
stabilize before cycle refinement is introduced.

4.7.4 Implementation Constraints and Standardization
To get a good level of comparability, all three architectures share the same input and
output formulation: a single RGB image is processed and a 100×100 BEV semantic
grid is produced. However, to evaluate the models as they were originally designed,
their underlying configurations are maintained. The backbones differ between archi-
tectures: LSS and FocusBEV both use EfficientNet-B0 as the image encoder, while
SimpleBEV uses a ResNet-50 backbone following its original implementation. By
keeping these differences, we are comparing the full models as they were originally
built, rather than just testing their projection methods in isolation.

4.8 Training Objective and Loss Functions
The primary goal of training the models is to minimize the difference between the
predicted BEV semantic map of the models and the target ground truth. Because
the network performs dense pixel-wise classification over the BEV grid, the problem
is formulated as a multi-class semantic segmentation task.

However, off-road autonomous navigation environments often suffer from severe class
imbalance, where large parts of the datasets are covered by common safe classes that
outnumber the classes of critical obstacles [5] [40] [6]. Large regions of the BEV grid
are typically dominated by things that would belong to the free space category in
this thesis. Other hazards that an autonomous system might face would be found in
the obstacle class, or dynamic class and occupy only a small fraction of the area. To
prevent the network from converging to majority-class predictions, certain metrics
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can be used to weigh different classes according to the class distribution of the
dataset [41]. Thus, a composite loss function is employed.

4.8.1 Weighted Cross-Entropy Loss
The main loss term is the Weighted Cross-Entropy loss. For a given BEV grid
cell i, let yi represent the one-hot encoded ground truth label and ŷi represent the
predicted softmax probability distribution across the C terrain classes. The WCE
loss is defined as:

LW CE = − 1
N

N∑
i=1

C∑
c=1

wc · yi,c log(ŷi,c). (4.3)

where N is the total number of valid pixels in the BEV grid. The class weights wc

are calculated to match the class frequencies within the training dataset. This forces
the network to penalize misclassifications of rare, high-risk classes more heavily than
misclassifications of common classes.

4.8.2 Dice Loss
WCE only looks at individual pixels, so it doesn’t care whether the predictions
form clean, connected regions. To handle class imbalance and encourage cleaner
boundaries between classes, a Dice Loss is also used. The Dice Loss maximizes the
IoU between the predicted and target masks:

LDice = 1 − 2∑N
i=1 yiŷi + ϵ∑N

i=1 yi +∑N
i=1 ŷi + ϵ

. (4.4)

where ϵ is a small smoothing constant to prevent division by zero. By optimizing the
overlap, the Dice Loss keeps small objects from fading into surrounding background
classes.

4.8.3 Void Masking
One issue with BEV projection is handling areas that fall outside the camera’s view.
Because camera frustum cannot observe the entire 360-degree environment evenly,
certain areas of the 3D grid are occluded, out of sensor range, or project to the sky.

These regions are mapped to a void_ignore class in the ground truth. During the
forward pass, a binary mask is dynamically generated to exclude any grid cell labeled
as void_ignore from the loss calculation. This masking helps make gradients are
backpropagate from valid, observable terrain, preventing the network from wasting
capacity guessing the contents of void space.

The loss formulation is applied per architecture. FocusBEV uses both terms: Ltotal =
λ1LW CE + λ2LDice, where λ1, λ2 are set weights. LSS uses weighted cross-entropy
loss but no Dice loss. SimpleBEV uses weighted cross-entropy only. While the dif-
ferences in objective functions together with differing backbones makes for a less
strict isolated comparison between models, this is intended for the architectures to
work at their best capabilities. The goal of the thesis is not a pure architecture
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comparison, rather a exploration of the implications of pseudo-labeled data used to
train the three different architectures.

4.9 Implementation Details
This section outlines the specific hardware, software frameworks, and hyperparame-
ters utilized to train the BEV models and generate the pseudo-ground truth targets.

4.9.1 Software Frameworks
The pipeline was implemented in Python. The deep learning parts of the project
were developed using the PyTorch framework. For the semantic pseudo-labeling,
CAT-Seg [36] was used as the zero-shot segmentation model, built on top of Detec-
tron2 and the Mask2Former architecture [42] [32]. The base model using the ViT-
B/16 variant with an input resolution of 384×384 was chosen over the larger ViT-L
and ViT-H variants due to the computational limits of the available hardware. The
larger models exceeded the VRAM available on the L4 GPU when processing full-
resolution frames across the dataset. Hugging Face Transformers and OpenCLIP
were used to load the ViT backbones and process the text embeddings [43]. For
monocular depth estimation, DepthAnythingV2 [38] was used with the ViT-Small
backbone.

4.9.2 Hardware Specifications
Given the computational requirements of processing images, dense point clouds, and
large foundation models, all experiments were made on a high-performance SLURM
computing cluster. Both the pseudo-label generation script and the BEV training
loops were executed on compute nodes with one L4 GPU.

4.9.3 Pseudo-Ground Truth Generation
To generate ≈ 18.000 semantic targets, CAT-Seg was used to process the images.
The model received the text dictionary mapping of the five broad classes. Each
sub-label was formatted using the base prompt template "You see a {label} in the
image" before being passed to the text encoder. The logits from sub-prompts were
aggregated using a maximum-confidence pooling strategy to form the final discrete
semantic maps, which were saved as targets for the images.

4.9.4 Model Training and Hyperparameters
The BEV models were trained end-to-end to predict the terrain cost maps, with
the goal of keeping the core essence of each model as implemented in their actual
paper. Given our computational capabilities, they were trained with the following
configurations:

28



4. Methods

Parameter FocusBEV LSS SimpleBEV

Epochs 20 20 20
Batch size 4 4 4
Optimizer AdamW Adam AdamW
Base LR 2 × 10−4 1 × 10−3 3 × 10−4

Weight decay 1 × 10−4 1 × 10−7 1 × 10−5

LR Scheduler Cosine Annealing Step (×0.1 / 20 ep) Cosine Annealing

Table 4.3: Training configurations per architecture.

From testing we arrived at the stated number of epochs as seen in table 4.3 to be
20 as no improvement of either of the three models were observed afterwards.
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Results

5.1 Performance of Pseudo-labeling

The segmentation model CAT-Seg was used to generate segmentation masks on all
images from the annotated dataset not included in the test set. The train, val, test
split of 70/15/15 on the annotated dataset. The following statistics comes from the
comparison of ≈ 1k annotated and segmentation masks on 2D RGB images.

Free space High cost Obstacle Dynamic Void ignore mIoU
0.904 0.063 0.873 0.282 0.579 0.540

Table 5.1: Class-wise IoU and mIoU between manually annotated and pseudo
masks.

Class Precision Recall F1-score Support
Free space 0.952 0.948 0.950 562.522
High cost 0.069 0.430 0.119 2.025
Obstacle 0.941 0.923 0.932 365.127
Dynamic 0.688 0.323 0.439 0.827
Void ignore 0.763 0.706 0.733 8.610

Table 5.2: Classification Metrics by Class. Support scaled by 10−6.

Figure 5.1 visualizes the class IoU between the pseudo-labels generated by CAT-Seg
and the manual annotations. Free space and Obstacle are captured well. High cost
is almost entirely missed and Dynamic suffers from low recall. The low accuracy on
these classes can affect the student models which are trained on this ground truth.

31



5. Results

Free space High cost Obstacle Dynamic Void ignore
0.0

0.2

0.4

0.6

0.8

1.0

Io
U

0.904

0.063

0.873

0.282

0.579

2D Pseudo-Label IoU vs Manual Annotations

mIoU = 0.540

Free space High cost Obstacle Dynamic Void ignore
0.0

0.2

0.4

0.6

0.8

1.0

Sc
or

e

Precision & Recall of CAT-Seg Pseudo-Labels

Precision
Recall

Figure 5.1: Quality of the 2D pseudo-labels produced by CAT-Seg. Class IoU
against manual annotations. Per-class precision and recall.

There is an extreme class imbalance in the training set. As shown in Figure 5.2,
Free space and Obstacle together account for over 98% of all labeled pixels, while
High cost and Dynamic only account for about 0.3% together. The imbalance ratio
between the most occurring class and least is roughly 680:1. This makes it very
difficult for both the pseudo-labeling model and the BEV student networks to learn
the minority classes.
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Figure 5.2: Pixel-level class distribution in the annotated dataset. The 680:1
imbalance between the majority and minority classes explains the near-zero IoU for
underrepresented categories.

This class imbalance is further visible in the generated BEV targets from the anno-
tated dataset as noted in table 5.3.

32



5. Results

Class Share of grids (%)
Free Space 87.44
High Cost 0.20
Obstacle 12.32
Dynamic 0.05
Valid points 7,715,884

Table 5.3: Per-class grid share (%) of annotated BEV ground-truth. Only valid
points in the grid are counted, void grid points are excluded.

5.2 Model Evaluation
Because all results in this chapter come from single training runs, we have no per-
configuration variance estimates and do not perform significance testing (see §6.6).
To avoid over-reading small differences, we adopt a conservative interpretability
band: differences in mIoU below roughly 0.02 are treated as within the range plau-
sibly attributable to run-to-run variation and are not interpreted directionally, while
differences of 0.02 or more are interpreted, with the largest gaps (≥0.04) treated as
the most secure. This is a heuristic magnitude threshold, not a statistical bound. It
is set deliberately wide relative to the low run-to-run variation in validation loss and
test-set mIoU informally observed across development runs, so that only differences
clearly exceeding that scale are given weight.

5.2.1 Training on Manually Annotated Ground-Truth
Models were trained and validated on the BEV targets constructed using the train
and val sets of the manually annotated data. Models were then tested on BEV
targets constructed using the test portion of the manually annotated semantic data.

Model Free space High cost Obstacle Dynamic mIoU
LSS 0.918 0 0.309 0 0.307
SimpleBEV 0.935 0 0.505 0 0.360
FocusBEV 0.936 0 0.429 0 0.341

Table 5.4: Class-wise IoU and mIoU on manually annotated BEV targets.

5.2.2 Training on Pseudo Ground-Truth
Models were trained and validated on the BEV targets constructed using the train
and val sets of the pseudo-labeled data. Models were then tested on BEV targets
constructed using the test portion of the manually annotated semantic data.
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Model Free space High cost Obstacle Dynamic mIoU
LSS 0.824 0 0.191 0 0.254
SimpleBEV 0.913 0 0.391 0 0.326
FocusBEV 0.917 0 0.478 0 0.349

Table 5.5: Class-wise IoU and mIoU on pseudo-labeled BEV targets.

Relative to the annotated baseline (Table ??), the LSS drop (0.307 to 0.254) and
the SimpleBEV drop (0.360 to 0.326) exceed the 0.02 interpretability band, while
the FocusBEV change (0.341 to 0.349) falls within it and is treated as a tie.

5.2.3 Fine-tuning Models

The models trained using the pseudo-labeled dataset were then fine-tuned using
the train/val data split from the annotated dataset. Here the hybrid approach is
evaluated, were BEV GT constructed on annotated data and on pseudo-labeled data
is used during the training phase.

Model Free space High cost Obstacle Dynamic mIoU
LSS 0.854 0 0.222 0.001 0.269
SimpleBEV 0.935 0 0.508 0 0.361
FocusBEV 0.943 0 0.531 0 0.369

Table 5.6: Class-wise IoU and mIoU for hybrid training.

Among the hybrid results, the LSS drop from the annotated baseline (0.307 to 0.269)
and the FocusBEV gain (0.341 to 0.369) exceed the band, the SimpleBEV change
(0.360 to 0.361) falls within it.

5.2.4 Out-of-Distribution Test

All the model and training method combinations trained on the BEV prediction
task were then further evaluated using a OOD test set to get a better picture on the
models performance and ability to generalize.
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Model Free space High cost Obstacle Dynamic mIoU

P
se

ud
o FocusBEV 0.434 0 0.359 0.004 0.199

LSS 0.370 0.025 0.446 0.016 0.214
SimpleBEV 0.438 0.001 0.560 0.003 0.250

M
an

ua
l FocusBEV 0.419 0 0.184 0 0.151

LSS 0.400 0 0.105 0.059 0.141
SimpleBEV 0.385 0 0.565 0 0.238

H
yb

ri
d FocusBEV 0.483 0.000 0.491 0.000 0.244

LSS 0.357 0.027 0.224 0.018 0.157
SimpleBEV 0.430 0.000 0.582 0.036 0.262

Table 5.7: Class-wise IoU and mIoU trained on pseudo, annotated, and hybrid
labels, tested on OOD.

Figure 5.3 presents the confusion matrices for SimpleBEV across all three train-
ing methods on the in-distribution test set. Annotated training shows the high-
est performance with free-space recall at 96.4% and the highest obstacle recall at
69.0%. Pseudo-label training struggles by comparison, dropping obstacle recall
down to 58.4%. Hybrid training performs comparably to the Annotated baseline
in-distribution.
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Figure 5.3: Confusion matrices for SimpleBEV on the in-distribution test set.
Each cell shows the recall percentage and absolute pixel count.

Figure 5.4 shows the corresponding confusion matrices on the OOD test set, to
show differences. While annotated training showed the strongest performance on
in-distribution data, it shows over-sensitivity in out-of-distribution environments,
misclassifying nearly 43% of free space as obstacles. Pseudo labels performs better
in the new environment and reduces these obstacle hallucinations by improving
recall from 57.2% to 69.4%. Annotated has better obstacle recall when compared
with pseudo but is also overly confident in those predictions. Pseudo shows higher
precision and stability.
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Figure 5.4: Confusion matrices for SimpleBEV on the out-of-distribution test set,
comparing annotated and pseudo-label training.

Figure 5.5 provides a visual summary of the mIoU results across all models and
training methods, for both in-distribution and out-of-distribution evaluation.
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Figure 5.5: mIoU comparison across all models and training methods for OOD
and ID.

Figure 5.6 displays the generalization gap by computing the percentage change in
mIoU when moving from in-distribution to OOD evaluation. Across all three ar-
chitectures, pseudo-label training consistently shows the smallest performance drop,
supporting the hypothesis that large scale pseudo-labels can improve generalization.
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Figure 5.6: Percentage change in mIoU from in-distribution to OOD testing.
Pseudo-label models (red) degrades the least amount between datasets.

5.2.5 Comparison to Baseline

Test set Baseline Free space High cost Obstacle Dynamic mIoU

ID Constant (free space) 0.910 0.000 0.000 0.000 0.227
Prior-frequency 0.835 0.000 0.047 0.000 0.220

OOD Constant (free space) 0.378 0.000 0.000 0.000 0.095
Prior-frequency 0.233 0.017 0.415 0.001 0.166

Table 5.8: Label-free reference baselines on each test set. The constant baseline
predicts free space on every valid BEV cell. The prior-frequency baseline assigns
classes at random in proportion to test-set frequencies, giving expected IoUc =
pc/(2 − pc). Neither uses image input.

Table 5.8 reports these baselines. In-distribution, the constant and prior-frequency
baselines reach 0.227 and 0.220 mIoU, driven almost entirely by the dominant free-
space class. All trained models exceed these values, but the margin varies: Focus-
BEV hybrid (0.369) sits well above the floor, whereas LSS trained on pseudo-labels
(0.254) clears it by only about 0.03. A large part of the absolute in-distribution
mIoU is therefore attributable to predicting the majority class, and comparisons be-
tween models are better read from the class-wise obstacle IoU than from mIoU alone.
For OOD the relevant floor comes from the prior-frequency baseline rather than the
constant one. Predicting free space everywhere reaches only 0.095 mIoU out of dis-
tribution, since obstacle rather than free space dominates the OOD dataset, so this
constant baseline sits below every trained model and does little discriminating work.
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The prior-frequency baseline, which reproduces the OOD class distribution without
using the image, is stronger at 0.166 mIoU. Three configurations fall at or below
it, LSS annotated (0.141), FocusBEV annotated (0.151) and LSS hybrid (0.157).
Two of these are the annotated-only models, indicating that manual supervision in
this low-annotation regime yields out-of-distribution predictions barely distinguish-
able from a label-free prior. Every pseudo-trained model clears both baselines (LSS
0.214, FocusBEV 0.199, SimpleBEV 0.250), as do all SimpleBEV variants. This
shows the main finding: pseudo-label training lifts the models above the label-free
floor that annotated training fails to clear out of distribution.
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5.3 Qualitative Analysis

(a) RGB camera input. Image from "The great outdoors dataset" by Peng Jiang et al.,
2025. Licensed under CC BY-NC-SA

(b) Ground truth. (c) LSS. (d) SimpleBEV. (e) FocusBEV.

Figure 5.7: Comparison of BEV semantic predictions for one representative frame:
(a) RGB camera input, (b) ground truth, (c) LSS, (d) SimpleBEV, (e) FocusBEV.
The colour legend is free space, high cost, obstacle, and dynamic. All models shown
here were trained on pseudo-labels.

Figure 5.7 shows a comparison for one representative frame. All three models recover
the main structure of the scene. Each predicts a wide central region of free space that
opens up from the ego vehicle at the lower apex, bound by obstacles on both sides.
This region corresponds to the dirt track and the grass beside it in the RGB input,
since grass and dirt road are both grouped into the free-space class. Its triangular
shape follows the ground truth and the forward field of view of the camera. The
black areas in the lower corners lie outside the camera view and are not observed.
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This agreement on the free-space region is the clearest shared result and is in line
with the high free-space and obstacle IoU reported.

The main difference between the models and the ground truth, is the size and
position of the obstacle regions rather than the free space. The ground truth places
most of the obstacles on the right side, where a fallen log and trees appear in the
RGB input, and leaves the left side mostly free. All three models instead predict
obstacles on both sides. This is reasonable given the trees on both sides of the
image, but it differs from the annotation. It is therefore not certain whether the
models over-predict obstacles on the left, or whether the annotation is incomplete
in this area. SimpleBEV and FocusBEV show differences in how much obstacle
they place on the right side. SimpleBEV predicts a larger region there, closer to
the extent shown in the ground truth, while FocusBEV predicts a less obstacle
pixels. From a single frame it is not possible to say which is more accurate. For the
pseudo-trained models, the obstacle IoU of these two models does not follow a fixed
order. FocusBEV has the higher obstacle IoU in distribution (47.8% against 39.1%
for SimpleBEV), while SimpleBEV has the higher value out of distribution (56.0%
against 35.9%), as shown in Tables A.1 and A.2. The difference between the two
models is therefore small and not consistent.

LSS produces the noisiest prediction of the three. It generates the largest obstacle
regions, and it is the only model that predicts the minority classes in this frame,
with high-cost and dynamic patches along the top of the grid. Neither class appears
in the ground truth here, so these predictions are incorrect. They appear at the
far range, at the top of the grid and farthest from the ego vehicle, which is where
the forward-projection frustum expands and becomes least reliable. This behavior
matches the failure mode described for LSS and helps to explain its lower scores.
The same trend is shown in the appendix. Among the pseudo-trained models, LSS is
the one that most often predicts the minority classes. On the out-of-distribution set
it reaches a recall of 11.6% for high cost and 3.5% for dynamic, while SimpleBEV
and FocusBEV stay close to zero for both (Table A.2). LSS also has by far the
lowest obstacle precision in distribution (25.1%, against about 54% for the other two
models in Table A.1), which means that a larger share of its obstacle predictions are
incorrect.

In all three predictions the boundaries are block-like. This is a direct result of the
100 × 100 grid resolution. The shape of things like trees get corrupted because of
the resolution, borders between free space and obstacle are uneven and small objects
in the original image may not be present in the projection. With the exception of
the incorrect LSS patches, the high-cost and dynamic classes are almost never seen
in any prediction. This is consistent with the near-zero IoU of these classes, and
reflects both their rarity in the training data and their absence from the scene. In
the appendix, the IoU of high cost and dynamic never rises above about 2.5% for
any pseudo-trained model, and is most often exactly zero (Tables A.1 and A.2).

Although Figure 5.7 shows a single frame, the same general pattern is observed
across the test set. The models agree on where the vehicle can drive, and they
disagree mainly on the obstacle boundaries at the edges of the view. The clearest
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difference is that LSS produces noticeably more noise than the other two models,
in particular at far range. The differences between SimpleBEV and FocusBEV are
smaller and less consistent, and mostly concern how much obstacle is predicted near
the edges of the field of view.
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The evaluation of the impact of pseudo-labeling will require an evaluation at each
stage of the pipeline to determine if pseudo-labeling is a helpful addition when
training models in this domain.

6.1 Pseudo-labeling Quality
The 2D evaluation shows a clear split. For the two dominant classes, free space
and obstacle, CAT-Seg largely overlaps with the manually annotated labels after
grouping. Reaching IoU scores of 0.904 and 0.873 respectively. However, for high
cost and dynamic objects the performance drops by a lot, with IoU at 0.063 and
0.282 respectively. Free space and obstacles are generally quite visually distinct
and are likely well represented in the underlying training data. However, high cost
terrain presents a much more ambiguous group, for example the difference boundary
between mud and a dirt road might not be very clear in all cases, the same goes for
other natural features like the boundary between a puddle and wet grass. This is
something that is debatable even among manually annotated data. Looking at the
precision and recall for the high cost class (0.069 and 0.430) we can observe that
CAT-Seg is likely detecting the general area of high cost ground but cannot reliably
set its boundaries, instead over segmenting and producing a broad area.

This ambiguity may have been worsened by the process of collapsing the dataset’s
original 20 fine-grained categories into the 5 broad traversability classes used for
training. Classes that are distinct for navigation may share almost identical visual
textures and spectral profiles. A shallow puddle on a gravel road, for example, blends
into the surrounding free space. Because the CAT-Seg makes its predictions based
on 2D visual appearance rather than physical material, it struggles to disentangle
high cost terrain from free space when their visual characteristics are very similar.
This suggests that relying on RGB features may be insufficient for reliable high-cost
terrain detection.

6.2 In Distributions Testing
On the in distribution test set the performance difference between pseduo-label
and annotated training was smaller than first expected given the performance of
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psedo-labaled data in chapter 5. SimpleBEV drops from 0.360 (annotated) to 0.326
(pseudo), while FocusBEV improves, going from 0.341 to 0.349 in for the pseudo
labeled training. LSS shows the largest drop at 0.307 compared to 0.254.

As shown in Table 5.8, a constant free space predictor already reaches 0.227 mIoU
in distribution, so the raw mIoU values in Tables 5.4–5.6 should be read against this
floor, the meaningful signal lies in the obstacle IoU and the margin above baseline.

Looking at the detailed per class IoU, it can be observed that high cost and dynamic
classes score zero across every model and both training sets. This is likely a result of
two different problems, the pseudo-label quality for these 2 classes are not great, and
the support in the BEV dataset is very small at 695 BEV cells with high cost and
156 for dynamic. Weighted cross-entropy was used as a measure to counteract the
imbalance, but ultimately with these two classes being so rare it cannot compensate.
This is often the reason that semantic classes are collapsed into fewer broader classes
in this domain of off road terrain semantic segmentation. However, unlike the OOD
test set, the class distribution in the annotated training dataset proved to be too
imbalanced even with the 22 classes collapsed into fewer broad ones.

Its also important to note that the in distribution test does not provide a fair test
for the pseudo-labeled trained models as the test set is compromised of annotated
data from the same dataset. This means these pseudo-labeled dataset is inherently
at a disadvantage. However, despite this disadvantage the models trained on the
pseduo-labeled data is still largely quite competitive. Showing that the datasets
large scale can make up for worse quality annotations.

6.3 Out Of Distribution Generalization
The OOD results show that pseudo-label training generalizes better than annotated
training for all three architectures. FocusBEV goes from 0.151 mIoU on annotated to
0.199 on pseudo. LSS goes from 0.141 to 0.214. SimpleBEV goes from 0.238 to 0.250,
a margin within the interpretability band defined in 5.2, so for this architecture
pseudo-labels are best read as matching rather than beating annotated training out
of distribution.

The trivial baselines shows this clearly, the prior-frequency baseline reaches 0.166
mIoU out of distribution, above the annotated LSS and FocusBEV models. That
annotated training does not reliably beat a label-free baseline out of distribution,
while every pseudo-trained model does, is arguably the clearest single piece of evi-
dence for the generalization benefit of pseudo-labels.

This could be due to what each supervision source teaches the model. The annotated
labels were drawn in a single environment and reflect the boundaries set by the
annotators for that environment. A model trained on them might reproduce well in
distribution and fails when the terrain changes. The pseudo-labels from CAT-Seg
are noisier, but they transfer the semantics of the VFM that produced them, which
was trained on a far wider range of scenes. As such the models trained on them
possibly learn a more environment independent representation of each class. We
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cannot confirm this mechanism from the present experiments, but it is consistent
with the pseudo-label models degrading less than the annotated models in every
case (Figure 5.6).

SimpleBEV has the strongest OOD obstacle IoU in every training condition, reach-
ing 0.582 under hybrid training. This is worth noting because FocusBEV is the
stronger model for obstacle detection in distribution. One reading is that Simple-
BEV’s fixed voxel sampling does not commit to a learned depth prior and so degrades
less when the geometry changes, while the cycle transformation in FocusBEV fits
the training-set geometry more closely and transfers less well. This is one possible
explanation rather than a demonstrated one. SimpleBEV also uses a ResNet-50
backbone against the EfficientNet-B0 used by the other two models, so part of the
difference may come from backbone capacity rather than from the projection method
alone.

LSS under pseudo training has the highest raw obstacle IoU of any single model
at 0.446, but its free space IoU is only 0.370, which pulls its overall mIoU below
SimpleBEV. The pattern fits LSS over-predicting obstacle in the OOD domain,
which is the expected behaviour of the forward-projection depth distribution when
it meets unfamiliar terrain.

The dynamic and high cost classes stay near zero in OOD, as they did in distribution.
The only values that rise clearly above zero are the high cost IoUs for LSS, around
0.025 under pseudo training and 0.027 under hybrid training. Given how little
support the class has, these are more likely noise than a real signal.

It is worth setting these results against the original SimpleBEV work, which used
dense radar and LiDAR and accurate metric geometry. Here the same projection
idea was driven by monocular depth from Depth Anything V2 and still gave the
most robust OOD performance. This is consistent with the inverse projection being
more tolerant of depth noise than the forward projection in LSS, which predicts an
explicit discrete depth distribution and can smear features into the wrong cells when
its depth priors meet OOD terrain.

6.4 Finetuning
The tests also try a finetuning regime. The models trained on the pseudo-labeled
data are then fine-tuned on the annotated data set but with a frozen backbone. This
generally gave mixed results, for FocusBEV it works well, with mIoU going from
0.349 to 0.369, this gain sits at the edge of the interpretability band, so it is suggestive
rather than firmly established.. For SimpleBEV the hybrid result (0.361) matches
annotated only training, which means finetuning on annotations after pseudo-label
pretraining costs nothing. For LSS it looks worse, with hybrid training (0.269)
falling below annotated only (0.307), indicating the model has difficulty integrating
the two annotation sources.

FocusBEV, however, seems to be the model which benefits the most from finetun-
ing. Given the similarity to LSS, the results point to the cycle mechanism benefits
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from pretraining on larger noisier datasets and then being refined on the precise
annotations of the annotated datasets, likely tightening the semantic boundaries.

6.5 Qualitative Behaviour
The qualitative comparison in Figure 5.7 adds information that the metrics do not
show. The mIoU values describe how well each model performs on average, but they
do not show where in the scene the errors occur, or what kind of error each model
makes. The predicted maps make this clearer.

The most notable observation is that all three models agree on the central free-space
area. For an off-road vehicle, the main task of the perception system is to find the
area where the vehicle can drive. The predictions show that this part of the task
is solved reasonably well by every model and despite LSS poor perfomance at far
away cells, even under pseudo-label training and even though the mIoU values are
poor. This suggests that the modest mIoU is caused mainly by the difficult minority
classes and by the exact placement of the obstacle boundaries, instead of a failure
to identify drivable terrain.

The qualitative results also help to explain the differences between the models that
are seen in the metrics. LSS is the only model that produces clearly visible noise, in
particular at far range, where it predicts obstacles, high cost, and dynamic objects
that are not present. This is consistent with the forward-projection mechanism.

At long range the depth becomes wide and uncertain, so small errors in the pre-
dicted depth distribution spread image features into the wrong grid cells. This effect
is difficult to see in the mIoU value, but it is clear in the predicted map. For Sim-
pleBEV and FocusBEV the visual differences are smaller and do not clearly favour
one model, which agrees with the inconsistent ordering of these two models in the
metrics.

Additional problems are likely to arise due to the method to which the BEV targets
are created, by using infill it opens up to the possibility that occluded regions are
not reliably labeled in BEV space. For example a region behind a larger obstacle is
likely to be filled in as an obstacle as well while it realistically should not be valid.
This is likely and issue most present further away in the BEV space. The reason
infill was implemented was to fill smaller gaps at far ranges, which would otherwise
have left streaks in BEV space. Given this tradeoff, its likely from a qualitative
analysis that infill is practical and useful despite its draws. Although the set radius
for the infill can probably be tweaked.

6.6 Limitations
The annotated data set is limited in size and was collected in one single environment.
Furthermore, manual annotation at terrain boundaries is subjective, which is likely
to influence and introduce errors between the OOD an in distribution datasets. To
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mitigate this, the two datasets selected were published by the same organization
with a large overlap in classes. Where The Great Outdoors contained an additional
2 classes compared to Rellis 3D which were then compacted to the 5 broad classes.

Both datasets were also initially segmented by a deep learning model called SAM
which is likely to have influenced the broader selection among the 22 classes to
different regions in the image and just simple refined by hand. When it is possible
a human might have given the same region a different class entirely if not given a
rough semantic mask by the model before. However, this is very likely mitgated by
the compacting to 5 broader classes after it is applied to both datasets.

The 100×100 BEV grid at 0.25m resolution means thin structures like fence posts
or narrow tree trunks may fall within a single cell alongside other terrain, making
detection unreliable at any resolution. The persistent failure to detect dynamic
objects across all architectures highlights this fundamental limitation of the current
pipeline. The issue is twofold: severe class imbalance and spatial resolution. At a
0.25m per cell resolution, a pedestrian occupies less than a single cell and is easily
smoothed out by the dominant surrounding terrain during convolutional feature
pooling. Furthermore, because foundation models are often trained on internet
images, they can likely segment broad natural background features well but may
under-predict rare, objects in highly specific off-road contexts.

Furthermore, all three datasets are evaluated on BEV space ground truth that is
generated using the same projection pipeline. This pipeline will naturally introduce
noise to the ground truth BEV maps. Given the state of existing datasets within
the off road terrain, this is type BEV space data is not contained in any dataset.
As such it is largely unavoidable.

All results in this thesis are reported from single training runs. Due to compute
and time constraints, models were not retrained across multiple random seeds, so
we do not report variance or perform significance testing. Several of the observed
differences, particularly the in distribution gaps between training regimes and the
smaller OOD margins are modest, and we therefore treat them as indicative rather
than statistically established. The larger OOD gaps are more significant to this
than the smaller ones. Multi seed runs or other verifications will be left to future
work. Although anecdotally it is worth it mention that throughout development we
performed several training runs as new improvements where made, and with this
noticed that the variance in the validation loss and test set mIoU were not very
high.

6.7 Societal, Ethical and Ecological Aspects
The work in this thesis is intended for autonomous UGV navigation in off-road en-
vironments, with possible military and civilian use cases. While the work focuses
on semantic BEV segmentation, deployment context raises several ethical consider-
ations.

One big concern is the near-zero detection performance on the dynamic class since it
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includes people and vehicles. Across all models and training methods tested in this
project, dynamic objects are effectively invisible to the system. Providing a UGV
with such a system in environments where humans or animals may be present is a
big safety risk. This is driven by class imbalance in the training data rather than
by the pseudo-labeling approach itself.

Another concern is the use of pseudo-labels generated by vision foundation mod-
els trained on large-scale web data. These models may carry biases from their
pretraining distribution, for example underrepresenting some terrain types, light-
ing conditions, or objects. Biases can spread into the training targets since these
models are trained mostly without human review and may later spread into the
student models. The hybrid training may reduce this bias by the addition of human
annotations, but the majority of the training data remains unreviewed.

The pipeline developed here is dual-use by nature. While the intended application
is defensive, the same technology could enable offensive use cases if integrated into
armed platforms. This concern applies to most autonomous navigation research.

Lastly, there is the cost of training deep learning models. All experiments were
performed on GPU compute nodes. Pseudo-label generation pipeline processed
approximately 18,000 frames through multiple foundation models. Although the
footprint is small in this project, scaling self-supervised pipelines to larger datasets
and heavier models will increase energy consumption. This should be weighed and
compared against the human cost of manual annotation it replaces.

6.8 Future Work
The work presented in this thesis opens several possibilities for further development,
both on the data side and on the modeling side.

The most direct improvement would be to raise the quality of the pseudo-labels
themselves. An alternative approach would be to fine-tune the VLM on a small
set of off-road images, lifting pseudo-label quality for domain-specific categories
without requiring full manual annotation of the training set. Rather than annotating
uniformly, an active learning strategy could further focus human effort on the frames
or image regions where pseudo-labels are most uncertain, where it is most impactful.

The near-zero performance on high cost and dynamic classes is fundamentally a
data problem. Targeted data collection campaigns focusing on these underrepre-
sented categories, combined with augmentation techniques, could make them learn-
able. Alternative loss functions may also help where weighted cross-entropy proved
insufficient. On the architecture side, the current 100×100 grid at 0.25 m resolution
limits the ability to detect small or thin structures. A multi-scale approach, sim-
ilar to the one used in RoadRunner M&M, could maintain fine-grained resolution
near the vehicle while providing better coverage at range. Additionally, the pipeline
currently treats each frame independently. Temporal consistency across consecu-
tive frames could smooth noisy predictions and improve recall for transient dynamic
objects.
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Finally, the generalization results raise questions that deserve deeper investigation.
This thesis showed that pseudo-label trained models can outperform manually super-
vised ones out of distribution, but the evaluation is limited to a single OOD dataset.
Testing on additional off-road datasets from different geographic regions and terrain
types would strengthen the generalization claims. A particularly interesting follow-
up would be to study region-specific fine-tuning. If a pseudo-label model is fine-
tuned on data from a specific deployment region, does it keep its OOD advantage or
does it collapse back to the domain-specific behavior observed with annotated-only
training? Understanding this trade-off is very relevant for UGVs that are expected
to operate across multiple and potentially unfamiliar terrain types.
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This thesis investigated whether pseudo-labeled training data generated automat-
ically using Vision Foundation Models could realistically replace or reduce depen-
dence on manual annotation for semantic BEV perception in off-road environments.

The first research question aimed to compare the performance of pseudo-label train-
ing against manual supervision. On the in-distribution test set, pseudo-label trained
models perform similar to the models trained on manual data. SimpleBEV drops
only from 0.360 on manual to 0.326 on pseudo. FocusBEV performs comparably un-
der the two regimes (0.341 vs. 0.349), a difference within the interpretability band..
High cost and dynamic classes score zero across all models and training conditions,
a result driven by extreme class imbalance rather than by the label source. The hy-
brid training strategy performed similar or better than the annotated-only baseline
for all architectures, with FocusBEV achieving the best overall mIoU of 0.369. This
indicates that pseudo-labels can be effective pre-training data and that quality can
be improved by a small amount of supervised fine-tuning.

The second research question evaluated the quality of the zero-shot pseudo-labels
themselves. The thesis showed that CAT-Seg produces usable pseudo-labels for the
classes that matter most, with free space and obstacles reaching IoU scores of 0.904
and 0.873 against manual annotations in 2D. High cost terrain and dynamic ob-
jects showed poor results in this step too, with IoU of 0.063 and 0.282 respectively.
Precision-recall analysis revealed that the model finds the general area but not pre-
cise enough boundaries for high cost. This led to over-segmentation. Both classes
are so underrepresented in the dataset that even heavily reweighted loss functions
hardly impact training. This shows that while VLMs can capture broad boundaries,
the fine semantic borders in ambiguous terrain remain a data collection challenge.

The final research question investigated out-of-distribution generalization. The most
notable finding of this thesis is that pseudo-label trained models outperformed man-
ually supervised ones on the specific OOD test set used in this project. The relative
improvement ranged from 5% to nearly 50%, essentially inverting the in-distribution
ranking. Manual annotations in these low annotated regimes appear to teach models
to reproduce dataset-specific labeling. These do not transfer well to new environ-
ments. Labels created by VLMs however, carry semantics from broad pretraining,
which seem to generalize better across terrain domains. The generalization gap anal-
ysis shows that pseudo-label models had the smallest mIoU decline when comparing
in-distribution to OOD evaluation across all three architectures.
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Among the architectures evaluated to answer these questions, SimpleBEV was the
most consistent, leading on out-of-distribution performance across all training condi-
tions in our experiments. FocusBEV performed best in-distribution, particularly on
obstacle detection, and benefited most from hybrid training. LSS was the weakest
of the three in most conditions in our experiments.

These results show that a perception pipeline built on passive sensors, with offline
geometric LiDAR supervision, can produce BEV models that transfer to new envi-
ronments without any manual annotation. For a field where datasets are limited,
often kept private, and deployment conditions rarely match training ones, that is a
meaningful result.
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A. Appendix 1

Model Data Class Support (GT) Recall Precision F1-Score IoU

LSS

Annotated

free_space 1,068,112 97.31% 94.13% 95.70% 91.75%
high_cost 695 0.00% 0.00% 0.00% 0.00%
obstacle 104,999 39.05% 59.73% 47.23% 30.91%
dynamic 156 0.00% 0.00% 0.00% 0.00%

Pseudo

free_space 1,068,112 87.00% 93.98% 90.36% 82.41%
high_cost 695 0.00% 0.00% 0.00% 0.00%
obstacle 104,999 44.08% 25.12% 32.00% 19.05%
dynamic 156 0.00% 0.00% 0.00% 0.00%

Hybrid

free_space 1,068,112 90.39% 93.87% 92.10% 85.35%
high_cost 695 0.00% 0.00% 0.00% 0.00%
obstacle 104,999 38.84% 34.17% 36.35% 22.22%
dynamic 156 12.18% 0.07% 0.15% 0.07%

SimpleBEV

Annotated

free_space 1,068,112 96.40% 96.86% 96.63% 93.49%
high_cost 695 0.00% 0.00% 0.00% 0.00%
obstacle 104,999 68.99% 65.32% 67.10% 50.49%
dynamic 156 0.00% 0.00% 0.00% 0.00%

Pseudo

free_space 1,068,112 95.14% 95.81% 95.47% 91.33%
high_cost 695 0.00% 0.00% 0.00% 0.00%
obstacle 104,999 58.41% 54.12% 56.19% 39.07%
dynamic 156 0.00% 0.00% 0.00% 0.00%

Hybrid

free_space 1,068,112 96.46% 96.87% 96.66% 93.54%
high_cost 695 0.00% 0.00% 0.00% 0.00%
obstacle 104,999 68.58% 66.20% 67.37% 50.79%
dynamic 156 0.00% 0.00% 0.00% 0.00%

FocusBEV

Annotated

free_space 1,068,112 98.05% 95.33% 96.67% 93.55%
high_cost 695 0.00% 0.00% 0.00% 0.00%
obstacle 104,999 51.45% 72.21% 60.09% 42.94%
dynamic 156 0.00% 0.00% 0.00% 0.00%

Pseudo

free_space 1,068,112 93.74% 97.69% 95.68% 91.71%
high_cost 695 0.00% 0.00% 0.00% 0.00%
obstacle 104,999 78.22% 55.14% 64.68% 47.80%
dynamic 156 0.00% 0.00% 0.00% 0.00%

Hybrid

free_space 1,068,112 97.49% 96.68% 97.08% 94.33%
high_cost 695 0.00% 0.00% 0.00% 0.00%
obstacle 104,999 66.65% 72.36% 69.39% 53.13%
dynamic 156 0.00% 0.00% 0.00% 0.00%

Table A.1: In-Distribution Performance (Tested on Annotated Data)
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A. Appendix 1

Model Training Data Class Support (GT) Recall Precision F1-Score IoU

LSS

Annotated

free_space 1,132,548 98.98% 40.21% 57.19% 40.04%
high_cost 98,362 0.00% 0.00% 0.00% 0.00%
obstacle 1,755,170 10.56% 95.07% 19.01% 10.51%
dynamic 7,675 13.33% 9.68% 11.22% 5.94%

Pseudo

free_space 1,132,548 60.04% 49.11% 54.03% 37.01%
high_cost 98,362 11.64% 3.02% 4.80% 2.46%
obstacle 1,755,170 52.31% 75.19% 61.70% 44.61%
dynamic 7,675 3.50% 2.91% 3.18% 1.61%

Hybrid

free_space 1,132,548 57.53% 48.52% 52.64% 35.72%
high_cost 98,362 28.02% 2.92% 5.29% 2.71%
obstacle 1,755,170 24.44% 72.65% 36.57% 22.38%
dynamic 7,675 28.76% 1.90% 3.57% 1.81%

SimpleBEV

Annotated

free_space 1,132,548 57.24% 54.09% 55.62% 38.52%
high_cost 98,362 0.00% 0.00% 0.00% 0.00%
obstacle 1,755,170 73.02% 71.39% 72.20% 56.49%
dynamic 7,675 0.00% 0.00% 0.00% 0.00%

Pseudo

free_space 1,132,548 69.41% 54.32% 60.94% 43.83%
high_cost 98,362 0.05% 30.49% 0.10% 0.05%
obstacle 1,755,170 67.48% 76.60% 71.75% 55.95%
dynamic 7,675 0.35% 10.34% 0.68% 0.34%

Hybrid

free_space 1,132,548 64.81% 56.06% 60.11% 42.97%
high_cost 98,362 0.00% 0.00% 0.00% 0.00%
obstacle 1,755,170 72.04% 75.23% 73.60% 58.23%
dynamic 7,675 4.52% 14.45% 6.89% 3.57%

FocusBEV

Annotated

free_space 1,132,548 98.54% 42.14% 59.04% 41.88%
high_cost 98,362 0.00% 0.00% 0.00% 0.00%
obstacle 1,755,170 18.53% 94.99% 31.01% 18.35%
dynamic 7,675 0.00% 0.00% 0.00% 0.00%

Pseudo

free_space 1,132,548 88.35% 46.05% 60.54% 43.41%
high_cost 98,362 0.00% 0.00% 0.00% 0.00%
obstacle 1,755,170 38.72% 83.04% 52.82% 35.88%
dynamic 7,675 0.47% 3.06% 0.81% 0.41%

Hybrid

free_space 1,132,548 85.86% 52.51% 65.17% 48.33%
high_cost 98,362 0.05% 0.16% 0.08% 0.04%
obstacle 1,755,170 53.72% 85.01% 65.84% 49.07%
dynamic 7,675 0.04% 0.21% 0.07% 0.03%

Table A.2: Out-of-Distribution Performance (Tested on OOD Data).
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