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Abstrakt

Hlavnm clem bakabsle prace je prozukouman uz/ch metod smanticke segmentace
snmk z o-road teenu. V resesn @sti jsou popsany zakladn principy manticle
segmentace, uzre gstupy k tomuto probemu, metody smanticke segmentace a uzre
datowe sady. Dale je popsan proces evaluace a tenowan rekolika model s rozdlrymi
parametry a vytvaen nowho evaluacnho datasetu. Zskare wsledky jsou porovrany s
wsledky z resesna@sti a jsou navrhnuty dak kroky pro zwsen presnosti modal.

Summary

The main focus of the bachelor's thesis is to explore di erent semantic segmentation meth-
ods of o -road terrain images. In the theoretical survey are described the basic principles
of semantic segmentation, multiple approaches to the problem, the methods of seman-
tic segmentation and di erent datasets. The process of evaluating and training multiple
models with various parameters and the creation of a new evaluating dataset are described
next. The attained results are compared to the results from the theoretical survey and
the next steps for improving the accuracy of the models are proposed.
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1 Introduction

Semantic segmentation is a process used in image recognition where the objects in an
image are classi ed pixel-wise. It is used mostly in autonomous driving and medicine.
The state-of-the-art of semantic segmentation is advanced in the eld of autonomous
driving, however, most of the existing models and datasets are created and speci cally
tailored for urban environments.

This work includes a theoretical survey which introduces the concept of semantic seg-
mentation and its di erences from other types of image recognition. The next two parts
of the survey are focused on the two di erent approaches used in this eld - the traditional
approach, which takes advantage of the architectures using machine learning and the neu-
ral network approach, where the architectures of segmentation models depend on various
types of neural networks. Next are introduced common key performance indicators used
for evaluation based on the performance of the models, existing models and methods of
semantic segmentation from o -road terrain and various datasets which di er in captured
environments and number of classes.

The experiments were performed based on the ndings from the theoretical survey,
where two di erent pretrained models were chosen for further evaluation on three datasets,
also chosen based on the theoretical survey. It is described how the datasets had to be
adjusted for proper evaluation.

Next, six models with various training parameters - di erent number of epochs, batch
sizes and backbone architectures - were chosen, again based on the theoretical survey, and
trained. Some of these parameters were chosen as close to those of the models described
in the research as possible for proper comparison of the results. All models are compared
based on their speed of segmentation of one image (also referred as latency) and their
accuracy of the segmentation.

Finally, a new evaluation dataset was created and the model with one of the lowest
values of latency and highest values of mean accuracy was used to perform semantic
segmentation on this dataset. All of the ndings and results were then analyzed and
further steps for improvement were proposed.



2 Theoretical survey

The theoretical survey is focused on the basics of semantic segmentation and introducing
important concepts in this eld (chapter 2.1). Semantic segmentation with the use of
the traditional approach is described in chapter 2.2, neural network approach in chapter
2.3. Another part of the research is on key performance indicators (chapter 2.4), various
datasets with o -road terrain images (chapter 2.5) and di erent methods and models
(chapter 2.6)

2.1 Semantic segmentation

Image recognition is a process of identifying objects in an image. There are many types
of image recognition, but the most common are semantic segmentation, object detec-
tion, image classi cation and instance segmentation. Each type of image recognition can
be used for di erent purposes, for example, object detection is commonly used for au-
tonomous driving [1], instance segmentation in medicine. The main focus of this work is
on semantic segmentation, which is typically used for terrain mapping, either from terrain
or from satellite images. A comparison of semantic segmentation, object detection, image
classi cation and instance segmentation is shown in Figure 2.1.

(a) Semantic segmentation (b) Object detection

(c) Image classi cation (d) Instance segmentation
Figure 2.1: Comparison of semantic segmentation, object detection, image classi cation, in-
stance segmentation [2]

Semantic segmentation is a task where an image is divided into areas that can be
assigned di erent object classes based on certain criteria. In semantic segmentation, the
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2 THEORETICAL SURVEY 2.2 TRADITIONAL APPROACH

whole image is classi ed, as opposed to instance segmentation, where only some objects
are segmented. It is a pixel-wise operation, the neighbouring pixels are grouped and are
given a class. These classes are usually known beforehand. A simple example of semantic
segmentation can be seen in Fig. 2.2.

(a) Original image (b) Segmented image
Figure 2.2: Example of semantic segmentation

A computer with a glass of water in front of it can be seen in the original image
(Figure 2.2a). Figure 2.2b shows the original image segmented into areas that have
assigned classes. A dataset containing pairs of these original images and labelled images
is required for the training and evaluation of semantic segmentation models.

2.2 Traditional approach

Semantic segmentation algorithms applying traditional methods are machine learning
(ML) algorithms. These methods can be used individually or in combination [1]. Nowa-
days are not used for tasks requiring fast segmentation, only smaller applications, but
these principles are still used as a part of more complicated algorithms using neural net-
works. It is important to note that algorithms using a traditional approach can be faster
than neural networks, depending on the given task.

2.2.1 Sliding Window approach

Semantic segmentation mostly applies a Sliding Window pipeline (Fig. 2.3). The classi er
is trained on images that are all the same size. It is given rectangle-shaped patches of
images that are called windows. This process can classify only the central pixel [1].

Figure 2.3: Sliding window approach

2.2.2 Markov Random Fields

Markov Random Fields (MRFs) is an undirected probabilistic model that assigns a ran-
dom variable to every pixel of an image and every feature. For example, an image with the
size of 224px 224px that gets its variables according to RGB has 22224 3+224 224 =
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2 THEORETICAL SURVEY 2.2 TRADITIONAL APPROACH

200704 random variables. MRFs assume that the probability of a variable depends only
on its neighbouring variables. This method requires a large amount of computation due
to a complicated structure [1, 3].

2.2.3 Conditional Random Fields

Conditional Random Fields (CRFs) is a machine learning method created for labelling
and segmentation, it is an undirected discriminative graphic model. This method focuses
not only on the distribution of the data but also on possible label sequence [1, 3]. CRF
with 4-neighbourhood where each nodg represents a pixel and nodg, represents a label
can be seen in Fig. 2.4.

Figure 2.4: CRF with 4-neighbourhood [1]

2.2.4 Random decision forests

Random decision forests (RDFs) apply the ensemble learning technique, meaning that
more than one class is trained and their hypotheses are combined. Every class is trained
on a random subspace and the training is done on a random subset of training data. The
classi er is called a decision tree. Every node uses one or more features to decide which
branch of the algorithm to pass on (Figure 2.5). Nodes are added to the decision tree
until every part of the tree consists only of nodes of the same class or until the branch
can't be separated further. Training and predictions with RDFs are faster compared to
previous methods [1].

2.2.5 Support Vector Machines

Support Vector Machines (SVMs) are binary classi ers. The data is described as (y;),
wherex; is the feature vector andy; f 1;1gis the binary label. SVMs separate data
linearly in feature spaceif the dataset is not linearly separable it is transformed into a
higher dimensional space. The detailed principles of SVMs are explained in [4].

12



2 THEORETICAL SURVEY 2.3 NEURAL NETWORK APPROACH

Figure 2.5: Example of simple RDF

2.3 Neural network approach

Neural networks are classi ers inspired by biological neurons. A weighted input is created
and then goes through an activation function. Then the input is processed and we get an
output that is compared with true values. The loss score is calculated, which represents
how much was the prediction accurate compared to the true values. This value of the
loss score is put through an optimizer, input weights are updated and the process starts
again. The algorithm iterates until the loss score is minimized enough [5, 6, 7].

In semantic segmentation, the input is the original image and its corresponding mask
or label and the output is a segmented image.

2.3.1 Articial Neural Network

Arti cial Neural Network (ANN), also known as Feed-Forward Neural Networkis a learn-
ing machine which processes data only forward. It is a very simple algorithm, but it is
dependent on hardware and computational power. ANN has its given topology based on
the connections between its elements and it has to have at least one start element (SE),
one end element (EE) and one processing element (EE). ANN with only one PE is called a
Perceptron Elements are sometimes referred to amdes([5, 7]. An example architecture

of ANN can be seen in Fig 2.6.
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2 THEORETICAL SURVEY 2.3 NEURAL NETWORK APPROACH

Figure 2.6: ANN with 2 hidden layers - 2 SE, 6 PE, 2 EE, 10 nodes in total

2.3.2 Convolutional Neural Network

Convolutional Neural Network (CNN) is a type of neural network commonly used for
image recognition. CNNSs input signal only forward, which in most cases is an image,
but has a hierarchical architecture. It consists of one or more convolutional layers where
feature maps are created for each convolution and then subsampled. This process is
repeated as many times as needed, and then a full connection of all feature maps is
connected into a attened layer (Fig. 2.7). This element goes through a classi cation
process and the output is a probabilistic distribution (e.g. probability that this pixel is
black is 90%, probability that it is white is 10%). CNNs have a disadvantage due to their
requirement for a large amount of training data. [8, 9]

Figure 2.7: Example of a simple CNN

2.3.3 Recurrent Neural Network

Recurrent Neural Network (RNN) works the same as ANN. The di erence is that RNN
saves the output of processing elements (nodes) and "feeds" the output back to the model.
Every node serves as a memory cell, if a prediction is not correct, the model learns the
right output and continues in its iterations. It doesn't operate only in one direction, this
process is calledecurrence (Fig. 2.8).

RNN is very hard to train. If the algorithm is given badly dimensioned true values, it
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2 THEORETICAL SURVEY 2.3 NEURAL NETWORK APPROACH

can cause a failure in the training process and incorrect predictions. It is mostly used in
text-to-speech conversions.

Figure 2.8: Example of RNN architecture

2.3.4 Most common types of architectures

There are many di erent types of architecture used for semantic segmentation. Below
will be mentioned three backbone architectures - ResNet, U-Net and DeepLabV3+. All
of these are a CNN-type architecture or are based on CNN.

Figure 2.9: U-Net architecture
U-Net is an encoder-decoder architecture. First, the image goes through convolutions

and pooling (left side of Fig. 2.9). The image is downsampled and feature maps are
created. This part is calledcontracting. Then the feature maps are again upsampled
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2 THEORETICAL SURVEY 2.3 NEURAL NETWORK APPROACH

(up-convolutions), and they go through convolutions again. This is called thexpansion
(right side of Fig. 2.9). Di erent operations are made for every pooling and corresponding
up-convolution of a feature map. That helps preserve spatial information.

Figure 2.10: ResNet building block

ResNet [10] is used for training neural networks with many layers (deep neural net-
works). It was created to address the problem of vanishing gradients - the values used
to update the weights during training can be very small. It adapts residual learning to
every few stacked layersresidual blocks meaning it has shortcut connections between
them (see Figure 2.10) where the input to the residual block is added to the output. The
residual block then learns the residual mapping (x) = H(x) x, whereH (x) is the
actual mapping, and the output isF (x) + x. Adding these skip connections ensures that
the gradient goes through the connections between layers without lowering its value.

Figure 2.11: DeepLabv3+ architecture [11]

DeepLabV3+ [11] is a CNN, usually with the ResNet backbone and it was created
speci cally for semantic segmentation. It uses an encoder-decoder architecture, where the
encoder is used to gain contextual information from the image. The decoder module nds
the boundaries of objects. Simpli ed architecture is shown in Figure 2.11.

16



2 THEORETICAL SURVEY 2.4 KEY PERFORMANCE INDICATORS

2.4 Key performance indicators

Segmentation models are evaluated based on Key Performance Indicators (KPIs). Those
can be measures of accuracy, speed of segmenting a single image (latency) or memory
usage. Below are the most used KPIs for evaluating how precise the segmentation is and
their calculations [1].

1. Per pixel rate =
k

PPR= pizt L r:”; (2.1)
i=1 i

wherek is the number of classes); is the number of predicted pixels of one class
and t; is the number of pixels that belong to this class.

2. Mean accuracy

—; (2.2)

mean accuracy shows how many of the pixels belonging to each class in the predicted
image were labelled correctly.

3. MloU (Mean Intersection over Union)

MloU is calculated as the area where predicted pixels of one class overlap with
the ground truth label divided by the union of predicted pixels and ground truth
label. A combination of mean accuracy and MIoU is common for the evaluation
of semantic segmentation models. Their values should be close to each other, if
for example, the value of mean accuracy is much higher than MloU, it gives us a
warning, that the segmentation is probably done wrong.

1 "
MloU = = Nip (2.3)
Koot mi+ g
Other variations of MloU are shown in the equations 2.4 and 2.5.
4. Frequency weighted MloU
X X Nii
FWMIloU =( t) ! t; P (2.4)
i=1 = G Mt N
5. F-measure TP
F =1+ )2 (2.5)

1+ 2) TP+ 2 FN+FP

whereTP is true positive, FN false negativeF P false positive. =1 is chosen in
most cases.
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2 THEORETICAL SURVEY 2.5 DATASETS

2.5 Datasets

The correct choice of the dataset used for training a semantic segmentation model is
essential for creating a reliable model. In the case of segmentation of o -road terrain,
it is important to use a dataset with images from the right environment, with variable
weather and light conditions to achieve the best results.

Commonly used annotation formats are RGB masks, JSON (JavaScript Object No-
tation) or COCO (Common Objects in Context) format labels. JSON and COCO anno-
tations typically contain information about the segmented objects, e.g. their class labels
and the coordinates of their boundaries. COCO annotation format is JISON-based and is
designed for image recognition [12]. RGB masks are mostly used for semantic segmenta-
tion.

Every dataset should be split into three parts 4rain, validation and test The ratio
for the split is most commonly 70-80% for training, 10-15% for validation and 10-15% for
testing. Each set contains pairs of corresponding images and their annotatiodsain and
validation sets are used when training a modetest for predictions and nal evaluation
of the model.

Below are mentioned three datasets created speci cally for semantic segmentation of
o -road terrain. All of them have RGB mask annotations but vary in the number of
classes and the location where the photos were taken.

2.5.1 Rellis3D

Rellis3D dataset [13] is created by researchers from Texas A&M University. Annotations

consist of ground truth RGB labels for images and point-wise labelled masks for LIDAR

scans. There are 20 di erent classes - void, dirt, grass, tree, pole, water, sky, vehicle,
object, asphalt, building, log, person, fence, bush, concrete, barrier, puddle, mud and
rubble. All of the images were taken at the Ground Research facility on the Rellis Campus

of Texas A&M University.

2.5.2 RUGD

Images in RUGD dataset [14] have only ground truth RGB masks with 24 classes - dirt,
sand, grass, tree, pole, water, sky, vehicle, container, asphalt, gravel, mulch, rockbed, log,
bicycle, person, fence, bush, sign, rock, bridge, concrete, table, building.

2.5.3 Yamaha-CMU O -Road Dataset (YCOR)

The YCOR dataset [15] contains 1076 images split only into train and validation sets with
a ratio of 931 images for training and 145 images for validation. Photos were taken in
Western Pensylvania and Ohio during three di erent seasons. Images were labelled with
polygons and then converted to RGB masks with 8 classes - sky, rough trail, smooth trail,
traversable grass, high vegetation, low vegetation, non-traversable, obstacle.
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2 THEORETICAL SURVEY 2.6 METHODS

2.6 Methods
2.6.1 GA-Nav

GA-Nav models [16, 17] are created with a Mixed Transformers backbone, which serves
as an alternative to ResNet architecture. GA-Nav architecture is shown in Fig. 2.12. The
model is created for navigation in o -road terrain and is trained on RUGD and Rellis3D
datasets. GA-Nav models use coarse-grained labels and compute binary masks for each
group. The authors provide pretrained models on both datasets. GA-Nav is heavily
based on MMSegmentation [17], which is a semantic segmentation toolbox based on the
PyTorch library.

Figure 2.12: GA-Nav architecture [17]

2.6.2 YOLOvVS (You Only Look Once)

Ultralytics YOLOvV8 segmentation models [18] are pretrained on COCO dataset [10] and
its architecture is inspired by GoogLeNet (Fig. 2.13). YOLO label format is required for
training and prediction on di erent datasets. It is important to note, that these models
are for instance segmentation and not for semantic segmentation.
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2 THEORETICAL SURVEY 2.6 METHODS

Figure 2.13: YOLOvV8 detailed architecture [19]
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2 THEORETICAL SURVEY 2.6 METHODS

2.6.3 Semantic segmentation using DeepLabv3+ by Haddad and Mulay

Semantic segmentation models by N. M. Haddad and A. V. Mulay [20] depend on PyTorch
libraries utilizing DeepLabv3+ [11]. Provided pretrained model is trained on COCO and
Yamaha-CMU O -road dataset with MobileNetV3-Large backbone [21]. It is possible to
train and netune models using three di erent backbones - ResNet50, ResNet101 and
MobileNetV3-Large.

The authors have created three models with the backbones ResNet101, ResNet50 and
MobileNetV3-Large, trained on 50 epochs with a batch size of 8. These models were
trained on the YCOR dataset. Table 2.1 shows the results from training the models and
examples of their experiments are shown in Figure 2.14.

Figure 2.14: Example of the authors output from MobileNetV3-Large after 10 epochs [20]

Model | Backbone Training time | Best

number | architecture [HH:MM:SS] | validation MloU
1 MobileNetV3-Large | 01:02:01 85.53%

2 ResNet50 03:09:18 84.81%

3 ResNet101 04:12:56 85.81%

Table 2.1: Experiments with DeepLabv3+ network performed by Haddad and Mulay
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3 EXxperiments

Four tasks needed to be done during the experiments. The rst was to test all chosen
pretrained models on di erent datasets which is described in chapter 3.2. The second task
was to train di erent models with various training parameters and again test all models
on di erent datasets (chapter 3.3). The third part of the experiments was to create a
dataset (chapter 3.4) and test the best model on it (chapter 3.5). The nal results of the
experiments are described in chapters 3.3.7 and 3.6.

3.1 Preparations

Semantic segmentation requires high computation power, especially GPU, and the re-
sults of training and prediction are highly hardware-dependent. It was necessary to in-
stall NVIDIA CUDA Toolkit [22], which enables the creation of high-performance, GPU-
accelerated applications. Nvidia CUDA 12.2 and Nvidia CUDA Toolkit 11.5 were used.
All of the experiments were done on a computer with the following parameters:

Operation system| Linux, Ubuntu 22.4
CPU 13th Gen Intel(R) Core(TM) i9-13900HX
GPU NVIDIA GeForce RTX4080

Table 3.1: System and hardware parameters

All of the code used and written was in Python 3.11.5, with the use @onda[23] or
VSCode[24] environments.Pytorch, numpy, Pillow, matplotlib and os were libraries that
were used in almost every part of the experiments.

Methods and datasets used for experiments were chosen in the nal part of the prepa-
rations. The methods chosen were GA-Nav and models by Haddad and Mulay. Both
of these are tailored for semantic segmentation of o -road terrain, compared to YOLO
segmentation models, they have RGB mask labels as an input, which is the most common
annotation format for semantic segmentation. The datasets were selected to match the
ones used to train the models - RUGD, Rellis3D and YCOR.

3.2 Testing pretrained models
3.2.1 GA-Nav

The rst step when testing GA-Nav pretrained models was to prepare all the datasets.
Rellis3D and RUGD datasets were downloaded and put in a repository structure according
to the instructions provided by the authors [17].

Then it was necessary to install the required libraries and packages. There were issues
when installing the requirements les. The provided installation les were not up to
date and changes in package and library versions had to be made during the installation

22



3 EXPERIMENTS 3.2 TESTING PRETRAINED MODELS

process. The biggest issue occurred when installing thtdMCV toolbox, which at the
time went through a version update and GA-Nav models have not yet been adapted to
it.

The next step was dataset processing, where the ground truth labels were processed
and grouped labels were created. Other problems have occurred while running training
and prediction of the models. Errors were mostly related to the MMSegmentation toolbox.

It was decided that GA-Nav models are inconvenient to use in their current state. Progress
with GA-Nav can be made when the authors update their work according to new library
and package versions.

3.2.2 Models by Haddad and Mulay

The model was trained with Mnv3 backbone and 50 epochs on the YCOR dataset. It
was not possible to evaluate the model on the YCOR dataset due to its structure. As
was mentioned before (2.5.3), the YCOR dataset is split only itmain and validation sets,
predictions on the dataset as it is would not be relevant. For this reason, the model was
tested only on the RUGD and Rellis3D datasets.

The RUGD and Rellis3D datasets had to be relabeled corresponding to the classes
used in YCOR. Class mapping was created (table 3.2) and used t@st sets of both
datasets. Visualization of the relabeling can be seen in Figures 3.1 and.

(a) Rellis3D original mask (b) Rellis3D relabeled

(c) RUGD original mask (d) RUGD relabeled

Figure 3.1: Example of mask relabeling on RUGD and Rellis3D datasets

The authors of the model created only a function for calculating MloU, the mean
accuracy function was added to the code. Images used for testing were chosen based on
list les provided with both datasets, their le structure had not been changed. This
pretrained model has performed with MloU and mean accuracy over 70% and latency 11
ms, exact results can be seen in Table 3.3. These results can not be compared with the
authors' results, because they did not test their models on other datasets.
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3 EXPERIMENTS 3.2 TESTING PRETRAINED MODELS

class ID| YCOR class RUGD class| Rellis3D class

0 low vegetation bush bush

1 sky sky sky

void

2 high vegetation | tree tree

3 rough trail mulch puddle
rock-bed rubble
rock

4 non-traversable | void water
water

5 traversable grasg grass grass

6 smooth trail dirt dirt
sand asphalt
asphalt concrete
gravel mud
concrete

7 obstacle pole pole
vehicle vehicle
object object
building building
log log
bicycle person
person fence
fence barrier
sign
bridge
pichic-table

Table 3.2: Class mapping between YCOR, RUGD and Rellis3D datasets

Problems occurred with segmenting buildings and objects that were further away in
the images. Most of these objects were classi ed as low or high vegetation. Re ection
of the sky in a body of water was segmented as the sky and not water, which is a very
common issue for many semantic segmentation models.

The example of the model's predictions on the Rellis3D dataset is shown in the rst row
in Figure 3.2. It recognized rough terrain but sometimes classi ed it as high vegetation.
An example of predictions on the RUGD dataset is shown in Figure 3.2.

Dataset | MioU | Mean accuracy| Latency
RUGD 72.2983%| 72.1856% 0.0110 s
Rellis3D | 71.3578%, 71.2378%

Table 3.3: Evaluation of the Mnv3-50-pretrained model
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3 EXPERIMENTS 3.3 TRAINING MODELS

Figure 3.2: Predictions with Mnv3-pretrained model

3.3 Training models

Six models with di erent backbones and other parameters were trained and tested. The
parameters were chosen corresponding to the previous work of Haddad and Mulay [20].

Our parameters for training were chosen as close to the original parameters provided
by the authors as possible. Three models with ResNet101, ResNet50 and MobileNetV3-
Large backbones were trained on 50 epochs. The batch size diers (see chapters 3.3.4,
3.3.3 for further details). Additionally, three other models were trained on 10 epochs for
comparison with the models trained on 50 epochs.

All of our models have been trained on the restructured version of the YCOR dataset
which has been changed so that models could be properly evaluated. A test set has been
added and a new split was created with the ratio 262@ain, 435validation and 165test.
Images for the new split were chosen randomly.

All models were then tested ortest sets of restructured YCOR dataset, RUGD and
Rellis3D datasets. Relabeled masks of images from RUGD and Rellis datasets were used
again. Models are named as followgbackbone]-[number of epochspll training parame-
ters are summarized in Table 3.4.

Model Epochs| Backbone Batch size| Training time | Best
[HH:MM:SS] | MioU
Mnv3-10 | 10 MobileNetV3-Large | 8 00:06:56 86.01%
Mnv3-50 | 50 MobileNetV3-Large | 8 00:34:47 83.35%
Res101-1Q 10 ResNet101 2 00:45:26 86.77%
Res101-50 50 ResNet101 2 03:49:21 86.78%
Res50-10 | 10 ResNet50 3 00:30:54 87.15%
Res50-50 | 50 ResNet50 3 02:34:56 86.90%

Table 3.4: Training parameters of all models
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3 EXPERIMENTS 3.3 TRAINING MODELS

3.3.1 Mnv3-50

The rst model was trained with the MobileNetv3Large backbone on 50 epochs and batch
size 8. The training was nished in 10 minutes. All training parameters are shown in the
Table 3.4.

Predictions on the YCOR dataset had reached the value of mean accuracy below 62%,
on the Rellis3D and RUGD datasets around 68%. The latency of this model was 12.4 ms.
Exact results are shown in Table 3.5. The model had problems segmenting objects, sand
roads and recognizing bushes as low vegetation. Examples of predictions on all datasets
are shown below in Figure 3.3.

Dataset | MioU | Mean accuracy| Latency
RUGD 68.6628%| 68.2317% 0.0124 s
Rellis3D | 69.2031% 67.6891%
YCOR 61.5430%| 61.3518%

Table 3.5: Evaluation of the Mnv3-50 model

Figure 3.3: Testing Mnv3-50 model

The rst row shows predictions in the Rellis3D dataset. This model could segment
sky and high vegetation correctly on the Rellis3D dataset but was not able to segment the
rough trail well. The second row of the image shows predictions on the RUGD dataset
where the model classi ed the rock bed as a smooth trail and not a rough trail. The third
row shows predictions on the YCOR dataset.
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