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Abstract

Over the last decade, the integration of robots into various applications has seen
significant advancements fueled by Machine Learning (ML) algorithms, particularly
in autonomous and independent operations. While robots have become increasingly
proficient in various tasks, object instance recognition, a fundamental component
of real-world robotic interactions, has witnessed remarkable improvements in accu-
racy and robustness. Nevertheless, most existing approaches heavily rely on prior
information, limiting their adaptability in unfamiliar environments.

To address this constraint, this thesis introduces the Segment and Learn Semantics
(SaLLS) framework, which combines video object segmentation with Continual Learning
(CL) methods to enable semantic understanding in robotic applications. The research
focuses on the potential application of SaLLS in mobile robotics, with specific emphasis
on the TORO robot developed at the Deutsches Zentrum fiir Luft- und Raumfahrt
(DLR). Evaluation of the proposed method is conducted using a diverse dataset
comprising various terrains and objects encountered by the TORO robot during its
walking sessions.

The results demonstrate the effectiveness of SaLS in classifying both known and
previously unseen objects, achieving an average accuracy of 78.86% and 70.78% in the
CL experiments. When running the whole method in the image sequences collected
with TORO, the accuracy scores were of 75.54% and 84.75%, for known and unknown
objects respectively. Notably, SalLS exhibited resilience against catastrophic forgetting,
with only minor accuracy decreases observed in specific cases. Computational resource
usage was also explored, indicating that the method is feasible for practical mobile
robotic systems, with GPU memory usage being a potential limiting factor.

In conclusion, the SaLLS framework represents a significant step forward in enabling
robots to autonomously understand and interact with their surroundings. This research
contributes to the ongoing development of robotic systems that can operate effectively in
unstructured environments, paving the way for more versatile and capable autonomous
robots.

Keywords Continual Learning, Progressive Neural Networks, mobile robotics,
Computer Vision, Machine Learning, Semantic Segmentation
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1 Introduction

The last decade has increasingly witnessed the use of robots in many applications,
specifically those in which machines are able to operate in an independent and
automatic manner. Their performance has increased exponentially by combining new
Artificial Intelligence (AI) methods and Machine Learning (ML) algorithms, leading
to new tools even more precise than humans.

Forinstance, robots engaging with humans in real-world settings typically encounter
a wide range of object instances. The field of object instance recognition, which
has made significant advancements in terms of accuracy and robustness, partially
addresses the issue of acquiring the information required for successful interaction
with these objects. However, most current approaches demand prior information
in the form of 3D models or annotated data for each object class or instance under
consideration.

To address this limitation, a method has been developed for avoiding the need for
prior information about the environment: Segment Anything Model (SAM) [31]. This
new tool has been introduced by Meta Al as a model for image segmentation, which
has been trained with more than one billion masks to enable Computer Vision (CV)
applications. Such algorithm opens the field to a more independent automatic approach,
which has been recently explored in several robotic applications, such as those related
to planetary exploration. One of its main limitations is that it cannot segment objects
in videos, but it is solved with Segment and Track Anything (SAM-Track) [11], which
joins a powerful tracking method with SAM in order to obtain a real-time instance
segmentation.

However, little research has been devoted to learning the semantics occurring after
segmentation of unknown objects using an algorithm for detecting and then classifying
object instances into known categories while learning new unknown classes. Although
SAM can currently segment objects of unknown classes, they lack the semantics often
needed for high-level robot decision making and autonomy in the context of planetary
exploration. For example, if a rover equipped with a robotic arm were assigned a
mission to pick up a specific type of rock ‘Granite’, executing this task would require
that the robot understand the semantics of rocks in its environment.

A potential solution for overcoming this issue would be to integrate current object
segmentation methods with Continual Learning (CL) methods in order to infer semantic
information based on an algorithm that is able to detect object instances and then
classify them into known categories while learning new unknown classes. These
methods are based on Neural Networks (NN) that hold and accumulate knowledge over
different tasks, solving what is called “catastrophic forgetting”, the inability of a NN
to remember previously learned information [13, 36]. One of the multiple approaches
that have been presented for ML is the Progressive Neural Networks (PNN), a model
architecture that retains trained networks for different tasks and allows a learning
transfer between them [47].

Some works have attempted to to integrate both segmentation and learning methods
for detecting and classifying unknown objects. Most of them have been released in the
last three years, so it is remarkable that this field of Continual Semantic Segmentation



is still being developed. For instance, Continual MaskFormer (CoMFormer) [10]
is presented as the first continual panoptic segmentation algorithm, using adaptive
knowledge distillation in order to tackle the forgetting of previously learned classes.
However, there is not still a common consensus on how to design and evaluate a CL.
method for semantic segmentation, given that it is an open and interesting research
area of CV with multiple possibilities of achieving the same objective.

Therefore, the aim of this thesis is to develop a method for learning the semantics
of segmented objects in robotic applications by combining video object segmentation
methods and CL methods, with a focus on its possible implications in walking or land
robots. To accomplish this task, the proposed method will be evaluated in a real robotic
scenario using the TORO robot in Deutsches Zentrum fiir Luft- und Raunmfahrt
(DLR) [19], which incorporates a couple camera sensors. The camera images will be
processed to detect unknown objects in a given scene and classify these into known
or unknown categories. Thus, the method will be validated based on its capability
to learn newly observed objects while preserving previously acquired knowledge as
well as in terms of accuracy, velocity and real-time efficiency. Although the thesis
focuses on only the ability of the method to retain known objects and incorporate
unknown objects into its data base, the object segmentation accuracy is excluded from
the scope of this thesis, since we will use for this purpose existing models currently
under development.

Consequently, we propose Segment and Learn Semantics (SaL.S), a method formed
by two independent methods, a segmentation tool and a CL algorithm. The objective
is to be able to segment one or more objects in a frame, get their boundaries and
pass them onto the classification method. This algorithm has to be able to discern
between previously seen, known objects, and new, never-seen objects and learn from
the latter so that in future frames they can be identified correctly and the method adds
the correct semantic information.

The rest of this thesis is organized as follows. Chapter 2 reviews the literature
covering state-of-the-art methods for segmenting objects and CL approaches, and for
methods that combine both areas. Chapter 3 describes the development of the process
for integrating the two methods into a single framework, their parameters and flow of
work, but also introduces the dataset that is used in the experimentation part and how
the evaluation of the CL part of the algorithm is done, with the respective metrics.
Chapter 4 presents the different experiments that we designed to evaluate and validate
the CL method and the whole pipeline, and we discuss the results derived from them,
obtained from the piloting of the new process in a real scenario in which the method
is used with the TORO robot. Finally, Chapter 5 concludes the thesis by discussing
the performance of the proposed method and proposing future research in this area.



2 Segmentation and Continual Learning paradigms

In recent years, robotics has emerged as a pivotal field with profound implications for
industries ranging from manufacturing and healthcare to exploration and entertainment.
Central to the success of robotic systems is their ability to interact intelligently with
their environments, a skill that depends on their understanding of the various objects
present in their surroundings. As robots become more integrated into human-centric
spaces, the challenge of endowing them with the capability to learn the semantics of
previously unknown objects becomes increasingly pertinent.

This chapter delves into the existing literature surrounding the task of segmenting
images and learning the semantics of unknown objects in robotics. The discussion
centers on the integration of CL algorithms in conjunction with advanced segmentation
methods, specifically highlighting the SAM-Track approach. Through an in-depth
analysis of previous works, this literature review aims to describe the evolution of
methodologies, challenges faced, and achievements made in the pursuit of endowing
robots with the capability to autonomously learn and comprehend the semantics of
novel objects. By contextualizing the use of CL and segmentation techniques within
the broader landscape of robotics research, this review aims to pave the way for a
comprehensive understanding of the contributions and potential future directions of
this hybrid approach.

2.1 Image Segmentation techniques

In CV, one of the most interesting problems rely on detecting and identifying objects
in the environment. This is a trivial task for humans, as we automatically process a
pair of stereo images of the scene to distinguish the limits between objects, and how
far or close they are thanks to a estimation of the depth. However, this task is not
that simple for a robotic system, so the development of image segmentation [38, 46]
algorithms is needed. This process is in charge of dividing the image in segments,
each one would be set of pixels with similar characteristics that form an object. In the
literature, there are three main groups of image segmentation: semantic, instance and
panoptic segmentation.

Semantic segmentation verses on assigning an object class to every pixel in the
image. Instance segmentation just focuses on separating each object in the scene,
regardless of which class they belong to. Lastly, panoptic segmentation is a mixture
between the previous groups, so it identifies the class of each pixel but separates the
different instances of the same class [38].

Due to the importance of this branch of CV, multiple image segmentation algorithms
have been developed [46]. Some of the first ones range from thresholding to clustering.
In the recent years, this task has relied more on Deep Learning (DL) due to its
exponential growth, which has led to a new generation of methods with promising
improvements in their performance. Some of these algorithms will be explored in the
coming subsections, following as a guideline the work carried out in DLR.

10



2.1.1 Instance Stereo Transformer

Some of the current approaches demand prior information for each instance under
consideration, so there is the need of methods that without any previous knowledge
can infer new instances. For example, DLR introduced Instance Stereo Transformer
(INSTR) [18] for unknown instance segmentation. This method is trained on synthetic
images and is able to extract disparity and RGB-based features to predict unknown
objects in the place without further processing, just with a pair of stereo images.

The architecture of the algorithm is shown in Figure 1 and it follows the next
stages. The input image to the method is then passed to a feature extraction encoder,
which returns a correlated feature representation of both stereo images. These features
are processed afterwards by a transformer encoder and a transformer decoder, with the
objective of separating the instances. Moreover, a disparity decoder is added in order
to predict auxiliary disparities, that is, to obtain a rough depth estimation.

Correlation layer
. ResNet layer
. Reduction layer
. ResNet w. axial att.
B Transformer

_, disparity

BT decoder
A
i ; X i
\ l Disparity prediction
;|_>‘|

«= Skip connection

[
v
L

i
v

corr(fs,fa)

+ mask
dec.

object queries

*ﬂ corr(fi.f2)

Feature extraction Instance separation Binary mask prediction

Figure 1: INSTR architecture: after the feature extraction of the pair of stereo images,
the instances are separated and the binary masks are returned. Also, INSTR returns a
prediction of the disparity thanks to the stereo images [18].

The results of the model applied in real robotics systems show a promising
performance, displaying a class-agnostic instance segmentation method able to run
at 18 frames per second and segment different shapes and sizes of objects in various
backgrounds. In order to fine-tune the method and aim it to one specific task, they
extended INSTR and trained it with objects belonging to one class, in this case rocks
[7]. In this sense, the ability of INSTR to segment rocks in a scene increased and a
positive effect of training on data similar to the test data was shown.

INSTR method constitutes a very strong segmentation method but it is still relying
on stereo images. This makes the segmentation task more demanding, as sometimes
there is only one single image from the scene. Another drawback of this method is that
it has to be trained for the specific application with similar datasets, either synthetic or
real, to maximize the accuracy of the predictions.
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2.1.2 Segment Anything Model

Meta Al has recently launched a new foundation model called Segment Anything
Model (SAM) [31]. A foundation model [8] is a model based on deep NN and trained
using self-supervision and transfer learning on a very wide quantity of data at scale.
In consequence, it can be adapted to many different tasks and be the foundation for
multiple applications different from those seen during training, so it has become a
turning point for ML algorithms.

SAM is then a paradigm of a ground-breaking image segmentation method and has
became available to the public in April, 2023 [31]. The model overview is displayed
in Figure 2 and has three main components:

* Image encoder: pre-trained Vision Transformer that runs every input image.
* Prompt encoder: handles both sparse and dense prompts.

* Mask decoder: returns a mask using the image, prompt and output token
embeddings.

—?—‘ mask decoder
image
encoder T 1 f T

cony prompt encoder

image f ! T t

embedding Mask  points  box text

image

Figure 2: SAM overview [31]. The image encoder returns the image embedding to
produce the predicted masks, that can be multiple for the same prompt.

With this setting, SAM is able to predict multiple masks for the same instance
and rank them according to an estimated metric that assess how good each one is. It
works in two ways, one fully automatic and other accepting input prompts to segment
specific areas or objects. The former analyzes a grid of points overlaid in the scene
and returns all the predicted masks, segmenting the whole scene at once. The latter
takes as input points, boxes or text, and segments only the desired instance. It can
return multiple masks with different metrics measurements from the same prompt, so
the user can rank and choose the best fit or work with all the possibilities.

However, it also present some limitations. It can generate imperfect masks,
missing some structures or producing irregular boundaries, so domain-specific tools
are expected to outperform the model. The main objective of SAM is to be a
general model, so it is not focused on reaching great scores in segmentation metrics.
Moreover, SAM performance is aimed to segment instances, but it does not implement
prompts with semantic or panoptic segmentation so it cannot accomplish semantic-level
understanding. Further, the most relevant drawback of SAM is that the performance
of the model is not in real-time. The prompt encoder and the mask decoder can be
optimized and run in a CPU in short time, but the heavy image encoder halts the
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segmentation process. This might be the most limiting fact of SAM in some robotic
applications, as it is often needed not only a strong accuracy in the segmentation but
also a fast pipeline to process the frames in real-time. Along the same lines, SAM
does not take into consideration the temporal coherence among frames, meaning that
the same object in different frames would not be taken as the same instance.

2.1.3 Decoupling Features in Hierarchical Propagation

Regarding the temporal coherence issue, there are some state-of-the-art projects focused
on Video Object Segmentation (VOS), which aims at identifying and segmenting
objects of interest in a video instead of a single image. This opens up the possibility to
segment objects in real-time, processing each frame from a camera and returning the
desired instance masks. One of the most recent methods is Associating Objects with
Transformers (AOT) [62], which uses transformers to apply hierarchical propagation
for VOS, so that information between frames can be transferred. This method has
shown a great performance and can be used in be used in a range of capabilities.

Based on AOT, Decoupling Features in Hierarchical Propagation (DeAOT) [63]
utilizes a similar approach but it decouples the features in different branches. This
method also proposes a new more efficient module for the hierarchical propagation
to alleviate the adding complexity and computation from the different branches. The
experiments carried out with DeAOT demonstrate that it achieves a state-of-the-art
performance in less time than its predecessors in VOS.

Frame 1 Frame t-1 Frame t

Encoder [ yjisyal \ Encoder \ Encoder
Branch

______________________________

Given Prediction t-1 Prediction t

Figure 3: Overview of DeAOT architecture: each encoder decouples the propagation
of visual and ID embeddings in two branches, which are then propagated using a
GPM. [63].

The overview of DeAOT is shown in Figure 3. The method is able to decouple in
two branches both the propagation of visual embedding and IDentification embedding.
Then, these branches are propagated using a Gate Propagation Module, which is
designed using a single-head attention, more efficient than other blocks used in AOT.
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2.1.4 Segment and Track Anything

With the advancement in image segmentation proposed by SAM, this project incorpo-
rates the powerful tool so that it obtains the segments of keyframes as the reference
for initializing DeAOT. The open-source project called Segment and Track Anything
(SAM-Track) [11] uses SAM for automatically segmenting the frames and DeAOT
for multi-object tracking of the segmented instances. Since the project is also aimed
to develop a unified framework for VOS able to work in different domains, they
have integrated Grounding-DINO [35], which effectively fuses semantic with vision
modalities and improves the natural language understanding of SAM-Track.

Grouping all these previous features, SAM-Track pipeline is built as shown in
Figure 4. There are two operating modes: interactive tracking and automatic tracking,
in regards on how the segmentation masks are obtained using SAM and Grounding-
DINO. The interactive mode is used only in the first frame and can track an specific
object given a human input, such as a point, a box, or a text. Once SAM has predicted
the mask of such prompt, DeAOT propagates visual features from past frames to the
current frame for tracking. Grounding-DINO acts in this case by selecting interactively
the desired objects in the reference frame with natural language commands.

On the other hand, the automatic mode runs SAM every other frame, so that all of
the objects present in that moment are segmented and added to the tracking process,
and it is able to handle new objects appearing in the video. Once SAM predicts all
the masks, DeAOT tracks the new and original objects using a unique assigned ID to
each one. This is possible thanks to comparing the tracking results from DeAOT and
the annotation results from SAM, so that the method is able to distinguish between
already seen and not seen objects. This is achieved with the Comparing Mask Results
(CMR) block, that returns either O or 1, if there is or not temporal coherence.

Interactive Tracking Mode : Multi-Object Tracking

click-prompt
DeAOT
=|nteractions Hox:promipt { SAM
boxes
text-prompt  DINO =

Automatic Tracking Mode

i

t=n/2

s

Segment Everything

SAM @ «—y

Obiject of Interest Segmentation

!

Add Reference Frame

text-prompt Grounding- boxes

DINO

Figure 4: SAM-Track overview [11]. There are two modes: interactive or automatic,
SAM returns the mask annotations in both cases and the tracking is updated.
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The performance of the method has been validated with different experiments
using popular VOS benchmarks and they have shown the efficiency and robustness of
SAM-Track in different applications, ranging from autonomous driving to medical
field settings.

2.2 Continual Learning algorithms

In the recent years, ML models have been increasing their performance, achieving
even human levels. However, these models are static and cannot adapt over time to
new data, so there is the need of systems that can continually learn over time in the
same way as human cognition learns concepts. It is also possible for us to revisit old
concepts and some of the information might be gradually lost, but it is not common to
totally forget old knowledge. This is an issue in ML, as the networks suffer from what
is called catastrophic forgetting [13, 36]: they forget old concepts as they learn new
ones, so they are unable to perform well on previously seen data after updating with
recent data. This issue is a direct result of the stability-plasticity dilemma, a general
problem in ML, in which stability refers to the ability to retain previous knowledge
and plasticity to the ability of integrating new knowledge.

For this reason, CL [13, 36] — also referred to as lifelong learning, incremental
learning or sequential learning — is the part of ML that studies the problem of learning
from a virtually infinite, independent and identically distributed stream of data, with
the aim of preserving and gradually broadening acquired knowledge. This stream of
data can be very diverse, having data from different input domains or associated with
different tasks, but also with only a small portion of input data available at once.

2.2.1 Families of CL methods.

Even being a fairly novel concept, over the past years a wide range of methods have
been developed to solve CL issues and some real-world applications are beginning
to emerge. There are different classifications of these algorithms, albeit one of the
most clarifying ones is presented in Figure 5. Therefore, three main families are
identified [13] in regards on how they store the information for each task and use them
for learning sequentially, and some example methods from each group are displayed:

* Replay methods: samples from previous tasks or generated pseudo-samples
are replayed while learning a new task, either to re-learn or to prevent task
interference. There are rehearsal or pseudo-rehearsal methods that re-train the
model with a subset of stored samples or with the output of previous models, in
each case. Constrained optimization algorithms belong to this group too and
they try to avoid overfitting by restricting interference between new and previous
tasks.

* Regularization-based methods: a extra regularization function is introduced
in the loss, reducing memory requirements. They can be either data-focused or
prior-focused methods, depending on whether they use knowledge distillation
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Continual Learning Methods

N —

Replay Regularization-based Parameter isolation
methods methods methods
/\
Rehearsal Pseudo Constrained Prior-focused Data-focused Fixed Dynamic
| Rehearsal | | | Network Architectures
iCaRL | GEM EWC LwF | |
ER DGR A-GEM IMM LFL PackNet PNN
SER PR GSS SI EBLL PathNet Expert Gate
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CoPE LGM MAS HAT DAN
Riemannian
Walk

Figure 5: Diagram displaying the CL families of methods with examples [13].

from previous models to the new model, or use a prior that is a estimated
distribution over the model parameters when learning from new data.

* Parameter isolation methods: different model parameters or even dedicated
model copies are addressed to each task. They are mainly differentiated in fixed
or dynamic architectures, if they do not change their architecture when training
with new data, or if they do grow new branches.

All three families have advantages and disadvantages, and using one algorithm or
another mainly depends on the preference of the user and the nature of the application.
For instance, both replay and parameter isolation methods might have bigger memory
consumption than regularization methods, as they are hoarding information for each
different task. On the other hand, regularization methods comprise additional loss
terms for consolidation previous knowledge, which might result in a trade-off on the
performance of former and new tasks.

2.2.2 Replay methods: Random Forest

Multiple methods and variations of CL algorithms can be found in the literature.
Tracking the research in DLR, they developed a method that falls in the replay category
in order to continuously learn objects from new unseen classes [15]. It is based on
a Random Forest classifier [9], a very efficient framework consisting in a number
of binary random decision trees. To train each one of them, the data is repeatedly
divided in two subsets along a feature dimension according to a threshold, until a
stop criterion is met. When doing the inference, the class is determined according
to the most frequent leaf node that the sample falls into among all of the decision
trees. Consequently, Random Forest is an algorithm with a low variance and risk of
overfitting, giving that is formed by multiple weak classifiers. This work also included
three improvements to deal with the persistence of knowledge, the efficiency of the
memory usage, and the interruptibility of the learning process.

To achieve the first characteristic, they replaced old trees with new, trained trees to
add unseen objects. Moreover, in order to save samples from previous tasks, they added
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a pool setting in which a fixed container is filled with the same number of samples for
each class that appear, while a flexible container has a varying size depending on the
classification error of the corresponding category. With this setting they classified
different objects in a task incremental way, that is, training with data of one task at
at time until convergence. The modified Random Forests appear to be a promising
method in a CL environment, with a classification accuracy similar to most of the
state-of-the-art methods, so that it can be used in many robotic applications.

2.2.3 Parameter isolation methods: Progressive Neural Networks

In spite of the different variety of developed algorithms, there is one that has been more
present in some of the DLR most recent works. This approach is a parametric isolation
method, PNN [57], an architecture that takes advantage of an existing network to
transfer knowledge between tasks. The aim of the project was to learn to classify
new objects by adapting a trained classifier and avoiding fine-tuning, which was the
most used method in these cases. Therefore, the adaptation of the architecture is
done directly on the target network, totally independent from the source network,
allowing for flexibility in size and structure. Another key component of the PNN is
the lateral connection from the source network to the target network, used to derive
useful information from previous data with the objective to learn a new task. This fact
enables to transfer learning, which is the ability to accumulate and transfer knowledge
to new domains, something natural for humans but complex to integrate in a machine.

For this work, the chosen base network was a Convolutional Neural Network which
requires less computation to train and less memory consumption, at the expenses
of less accuracy and simpler models. Apart from testing the original setting for
comparison, they also applied a series of modifications on the PNN so that the network
flexibility was increased, and just a few parameters in the internal layers were changed.
Both methods were then evaluated in four different object recognition datasets, and the
proposed PNN outperformed the original design in every experiment, both in transfer
learning approaches and extending a classifier with new classes, with the advantage of
the accuracy not being influenced by the amount of available training data. This is
specially beneficial in those cases where there is an unbalanced distribution of classes
so that the new objects are often under-represented.

The PNN has also been explored in other context different from CL, for instance
in state-of-the-art researches such as the one carried out by Google [48]. In this
case, the objective was to apply CL to solve complex tasks on a robot as the current
Reinforcement Learning approaches are very slow for real-time applications. The
proposed solution was to transfer learning methods in order to bridge the reality
gap that separates simulations from real world domains using PNN, as they have
been proven to have notable performance in this field. This was motivated by three
main reasons: features learnt for one task might be transferred to new tasks without
destruction; columns might be heterogeneous and able to solve different kinds of tasks;
and they add new capacity when transferring to new tasks.

The implementation of the PNN in this setting started with a single column (or
network) with layers trained to convergence. When switching to another task, the
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parameters were frozen and a new column was initialized receiving inputs from layers
on the first network via lateral connections. Each one of the columns was trained to
solve a particular problem related to robot control and this configuration could be also
modified to accommodate for different task difficulties for instance. The experiments
had three phases: first they trained the simulation, secondly they transferred the
knowledge to the robot, and finally they transferred the knowledge to a dynamic robot
task with proprioception. The experiments focused on the task of reaching a visual
target, with rewards provided as feedback. This required that the state of the arm
and the position of the target are correctly inferred from visual observations, so that
the robot learns robust control in a high-dimensional state space. At the end, they
were able to prove that PNN can be used to achieve reliable and fast transfer for
pixel-to-action robot control policies.

2.3 Adding semantics and Learning Online

The segmentation methods explained in the previous Section 2.1 allow to recognize
and track one or multiple objects in a image or across different frames of a video.
However, there is still not a clear panoptic perception as the methods cannot identify
the category of the object. In a robotic system the goal is to detect nearby objects,
but also to know how to interact with them so the type of object is essential for this
purpose. The first step is then to segment an object and categorize it, that is, add the
semantics to the segmentation. Not only is important to classify a given instance, but
also to detect if it is in the data base or not, so these are the two main keys for the
panoptic perception in a vision system.

Once this is achieved, the next goal is to learn from the unknown. The synergy
between CL and image segmentation holds immense potential for enhancing the
perception and decision-making capabilities of robots, allowing them to autonomously
understand and interact with complex environments. This section delves into the
dynamic realm of integrating the principles of image classification with CL, which
enables models to adapt and learn from continuously incoming and previously unknown
data, but also with advanced image segmentation methods, which are pivotal for scene
understanding and object recognition, so that the robots are empowered with more
context-aware perception abilities. The following works exemplify the collaborations
between these domains, highlighting their contributions to the advancement of robotic
systems.

2.3.1 INSTR with semantic information

Following the line of work in DLR, INSTR is a solid segmentation method great
performance but it is missing the semantic information. The next focus is to apply it
in real-world robotic systems in which it is utterly important to detect both known and
unknown objects in order to navigate, manipulate items and detect possible anomalies
in the environment. In this way, they implemented two modifications to INSTR so
that it could reason about semantics in the scene but also separate identified instances
into known or unknown categories [6]. To address the first implementation, they
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aimed to have a panoptic segmentation so that a label would be assigned to each pixel
while detecting each single instance. To achieve so, a segmentation head was added to
INSTR and the output was fused with the instance predictions.

Regarding the second extension, they followed previous works based in Out-of-
Distribution (OOD) detection [61], a term that has gained increasing attention and
has led to multiple developed methods with different approaches. It is based on the
nature of the training data and testing data, whether they are drawn from the same
distribution or not. In a closed-world assumption, both sets are supposed to belong to
the same distribution but that is not the case in an open-world setting, as there might
appear unexpected OOD samples with semantic — different classes —, or covariate —
different domain — shifts. This problem is often related to other similar issues such as
anomaly detection or open set recognition, very close in methodology and goals.

The method to solve the OOD samples used in INSTR is a simple Bayesian Neural
Network, defined as a stochastic artificial NN trained using Bayesian inference [29].
They explored two different settings with different methods including Dropout, which
relies on preventing overfitting by dropping out neurons during training [3, 23]. The
main issue is that the dropout probability has to be correctly calibrated which can

become computationally expensive.
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Figure 6: Overview of the INSTR extensions [6]. INSTR pipeline has a gray
background, the panoptic segmentation is in the top right, and the separation between
known and unknown instances is in the bottom right.

The whole framework is shown in Figure 6, where both INSTR and the extensions
pipelines are displayed. The experiments validated the panoptic segmentation and the
differentiation between known and unknown objects, showing that the framework is
robust. As the main focus of this project was its application to robotics, they also did a
experiment for grasping stones and for table clearing. The quantitative and qualitative
results indicate that the presented extensions can correctly be used for these purposes
efficiently.

Nevertheless, this work does not actually apply any CL algorithm, but it adds
semantics as the first step towards a complete understanding of the surroundings of
the robot. They achieve the identification of objects whose label is not in the dataset,
considering it as unknown. In this way, a robotic system encountering an unknown
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object and identifying it as such is a great progress in the field, but most of the times
the robot will avoid interacting with it due to said lack of knowledge.

2.3.2 Lifelong Robotic Vision competition

For the International Conference on Intelligent Robots and Systems (IROS) in 2019
there was held a Lifelong Robotic Vision Competition focused on Object Recognition
[52]. It was motivated by the concept of lifelong learning, to understand the current
world using previous knowledge autonomously. This process, simple for humans but
very complex to transfer into robots, has been fostered thanks to the recent advances
in CV and DL methods, but robotic vision has unique challenges given that existing
datasets assume a fixed and closed environment with time-invariant task distributions.
This competition aimed to analyze the use of knowledge from previous tasks for
learning new tasks, in a efficient way. The goal was to test the capabilities of different
CL algorithms in a service robot scenario, and over 150 participant teams competed
for that purpose.

The challenge dataset was first presented in the competition, the OpenLORIS-
Object dataset [51, 52], with the objective of providing a general benchmark for
lifelong learning methods with everyday objects in different types of illumination,
object occlusion, object size, distance or angle between object and camera, and clutter
information. The data was collected using a real robot with multiple sensors for
RGB-D information, and it was formed by 17-s videos with 260 chosen frames for
each one of the 69 instances under 19 categories. These objects were considered
under four different environmental factors (home, office, campus, and mall) and three
environmental difficulty levels. In total, they provided 430 560 images for the challenge
with bounding boxes and masks. Therefore, the focus for the participants was not
on the segmentation of the objects in the images, but on keeping the knowledge and
learning new tasks. The evaluation metrics considered were not only focused on the
overall accuracy of all the tasks, but also on the model efficiency (model size, cost,
and replay size).

From all the participants, only 8 were in the final phase of the competition.
They proposed DL models with different strategies: mainly regularization methods
(knowledge distillation), and few parameter isolation methods. Although the main
objective of the challenge was the CL algorithm, some of the teams also explored
other CV methods in order to improve the final solution, such as Single Shot multi-box
Detection or data augmentation. The winner team employed a dynamic NN, shown in
Figure 7, with two parts: expansion for data across different domains and knowledge
distillation for similar domain data. The domain gap was computed using previous
models, so they were able to detect known instances in the current task without using
previous data. Then, these known samples were used for knowledge distillation,
employing the best head for that purpose. This implementation gave a high accuracy
of 96.86%, not the highest of all teams but it was accompanied by a small model size
of 16.3 MB; one of the smallest inference time of 25.42 seconds: no replay size given
that their method did not store samples from previous tasks; and the highest accuracy
in a more challenging bonus set. It is worth noting that none of the methods presented
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in the challenge were aimed for a real-time application, as the one with the shortest
inference time was of 22.41 seconds. However, it was not a requirement, although the
inference time was part of the final mark for each algorithm, being the accuracy the
most important metric.

‘ known | ’ input |

Knowledge
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Figure 7: Architecture of the winning algorithm in IROS 2019 [52, 65], describing a
dynamic NN.

This competition focused on the CL part of this thesis, but it used a new dataset
collected with a robot for training and testing. In this sense, it stated the relevancy
of the subject in hand, as thanks to the recent advances in both CV and CL we are
reaching the integration of both disciplines in one single pipeline, very necessary for
the future of robotics in order to adapt to new environments. Moreover, the legacy
of the OpenLORIS-Object dataset might signify a starting point for comparing CL
methods using the same benchmark, while orienting the algorithms to CV applications
in robotics.

2.3.3 Current Continual Semantic Segmentation paradigm

In these recent years there have been multiple approaches to CV tasks in a CL setting,
both focused in image semantic segmentation but also in VOS. One of these works
is Pseudo-label and Local Pooled Outputs Distillation (PLOP) [17], which aims
to solve both the catastrophic forgetting and the semantic shift of the background
class, i.e., when the pixels taken as background contain pixels belonging to old and
unseen classes, which might foster even more the catastrophic forgetting if they are
not identified correctly. To solve these issues, they propose a spatial distillation
scheme, that helps to retain the knowledge better by keeping spatial relationships,
and a pseudo-labeling method to detect old class pixels from the background. This
method was then validated using three different datasets: Pascal-VOC 2012 [20] with
20 classes, ADE20K [66] with 150 classes, and CityScapes [12] with 19 classes;
and displayed an improved performance over other state-of-the-art methods at that
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time. This approach integrates image segmentation and CL in one single method that
performs both duties indistinguishably, and takes care of the main challenges in these
kind of algorithms.

Later on, another work explored the replay approach in CL for image segmentation,
in Replay in Continual Learning (RECALL) [37]. Previous works, as seen in [52],
rely more on knowledge distillation for image classification, but they often fail when
multiple incremental steps are performed, or when the forementioned background
shift occurs. As a response to this problem, they propose a replay strategy to generate
samples from old classes by re-creating representations and mixing them with objects
belonging to new classes during the training process. To achieve this objective, they
propose two ways: using a pre-trained generative model that produces samples of
a given input class, or an approach based on online crawling images from the web,
so that they can extract useful keys from weakly supervised samples and use them
to generate pseudo-labels. Meanwhile, to alleviate the background shift they use
background inpainting, that is, they take the background of each ground truth map and
label it with the prediction from a previous model. This approach is very interesting
because they use a new unexplored technique in this field, which is looking for data
on the web. However, it also comes with a lots of limitations and question marks,
but their initial testings in the Pascal-VOC 2012 [20] dataset were very positive, with
room for improvements in how to control the weak supervision during web-crawling.

In order to compare different approaches and see patterns in the development of
CL and image segmentation, a work in CL for class and domain incremental semantic
segmentation [30] explored some of the already existing solutions and analyzed them.
For that purpose they used two available datasets, CityScapes [12] and BDD100k
[64].They discovered that most of the times, those algorithms based on knowledge
distillation were able to perform better in class-incremental settings, i.e., when each
task introduces objects belonging to new unseen classes, as it had problems with
adapting to new data; but replay methods were more useful when the learning is done
in a domain-incremental fashion, that is, when there are objects of the same class but
the input distribution (different context) is changed.

These past works are more focused on semantic segmentation, rather than in
panoptic segmentation. In a real-world setting, it is important both to assign a
class label to each segmented object in a frame, but also to be able to distinguish
different instances belonging to a same class. For this reason, Continual MaskFormer
(CoMFormer) [10] is presented as the first CL. model able to operate in both semantic
and panoptic worlds. They explore the recent transformer approaches in order to treat
the segmentation task as a mask classification issue. In this way, they propose an
adaptive distillation loss accompanied by a mask-based pseudo-labeling method, and
they surpassed the performance of other methods such as PLOP on the commonly
known ADE20K [66] dataset.

Continuing in the panoptic segmentation line, a recent work called Continual
Learning for Depth Estimation and Panoptic Segmentation (CoDEPS) [56] explores
the panoptic side while adding a depth estimation task. It is based on experience
replay with a pseudo-labels generation but limiting the size of the replay buffer so that
it can be implemented in mobile robotic systems with scarce resources. The method is
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able to process an online stream of images from a camera, which are combined with
samples from the replay buffer containing annotated images and previous samples.
This technique allows pseudo-supervision on the target and an additional network
is used for unsupervised depth estimation. This is one of the few algorithms that
explicitly states the possibility of working online with a stream of images, as it was
conceived with the idea of autonomous cars in urban scenarios, turning it into a
VOS method for panoptic segmentation and depth estimation. It was evaluated in
different datasets from a variety of domains, such as CityScapes [12], KITTI-360
[34], and SemKITTI-DVPS [4], the last two being recently released for the domain
of autonomous driving and containing LiDAR data apart from 2D and 3D panoptic
annotations.

Another method that clearly states the online VOS is the one proposed in [39].
This work develops a regularization-based CL approach based on an existing baseline,
Learning Whatto Learn (LwL)[5], a popular VOS few-shot learner approach. Moreover,
they introduce a new dataset for CL in VOS, called CLVO23, with long-video object
segmentation as a more realistic and challenging dataset in this field. The VOS method
is thought the be added to any existing online framework, to improve its efficiency
and resistance in distribution shifts but keeping its accuracy. However, the resulting
performance was not better in short video datasets, such as DAVIS16 or DAVIS17
[45], where the perspective of the object does not suddenly change.

Method Approach Publication date

PLOP [17] Local POD + pseudo-labelling Mar 2021
Replay data +

RECALL [37] background inpainting Sep 2021

CoMFormer [10] Adaptive distillation loss Nov 2022

+ pseudo-labelling
CoDEPS [56] Replay buffer + pseudo-labelling May 2023
LwL-based [39] Regularization-based Apr 2023

Table 1: Summary of relevant state-of-the-art works on continual segmentation.

All of this works have been developed in the last three years, so it is understandable
that there are multiple different approaches and we cannot really discern a clear
direction in the integration of CL and VOS. As most, we can establish that the current
trend for image segmentation is more focused in the use of vision transformers, while
for the CL setting, we encounter methods belonging to the three families: replay,
regularization, and parameter isolation; and most often, features of different types
combined. Knowledge distillation, in the data-focused subgroup, is the preferred
algorithm for transfer and continual learning among the others in the regularization-
based methods, although it is sensitive to the domain shift problem. In addition, even
though there are some datasets whose use is more extended in the CL area, including
CityScapes or Pascal-VOC 2012, they do not fulfill the current needs in the field,
so there are some others, such as CLVO23, that are starting to appear as powerful
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benchmarks which might mark a more constant baseline for the development of new
algorithms. All in all, we have multiple options to choose from in order to carry out
an online VOS with CL, and the decision of which algorithm to use heavily depends
on the main goal of the application, but multiple methods might be suitable for the
same purpose. The main works have been summarized in Table 1, in order to give an
overview of the current CL segmentation panorama.

2.4 Future applications in Robotics

In the previous Sections 2.1 and 2.2 the main algorithms and works related to image
segmentation and CL have been described. The integration of both fields in a single
pipeline has been explored in Section 2.3, but the objective of this thesis is also to
apply it in a real robotic application. Therefore, there are different projects in DLR
that might benefit from a pipeline that detects instances in the environment, classifies
them, and learns from the unknown objects. In this Section 2.4, they will be described
in order to illustrate with examples how the method in this thesis could fit and extend
the capabilities of the existing robotic systems with very interesting applications.

2.4.1 Robotics for planetary exploration

One space-related application that might need a complete segmentation of the scene
in an autonomous and precise manner is the planetary exploration setting. There
are multiple active and developing missions present in the different space agencies
aiming for a mobile robotic systems able to semi-independently explore new terrains
in extra-terrestrial bodies, being some of the most known the martian rovers, Curiosity
[55] and Perseverance [21], or the lunar rovers, Yutu [32] and Yutu-2 [33]. The main
issue in these cases is that rovers cannot be remotely controlled if the distance between
the mission control station and the rover itself is very big, as the radio signals will
take longer to travel it. For instance, just a communication between Mars and Earth
can take up to 20 minutes, so there is the need for the rover to operate autonomously
in terms of navigating or acquiring data. Even if nowadays is common to also have
some human inputs for critical decisions in the mission, the goal would be to fully
automatize the process. If a rover is sent to a more distant body, such as Titan, it
will become even more difficult to have contact with it in order to take navigation
decisions, so there should be implemented an algorithm that is not only able to analyze
the current environment but also learn from it to take the most accurate decision in the
future.

Apart from the navigation, most of the times these mobile robots are equipped
with instruments or cameras that might also need to be operated, introducing another
level of complexity to the system. Furthermore, as seen in the Mars 2020 mission
[2, 21], we will be seeing not only mobile robots moving through the terrain, but also
other types of robots that are connected between them and are able to interact to a
certain extent with each other. Perseverance is accompanied with a small helicopter,
Ingenuity, that is a technology demonstration of the first autonomous controlled flight
in the red planet. Apart from its main purpose, it could help in other roles such as
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working with the lander to provide terrain sampling and investigations. The base
station of the helicopter is located on the rover, which identifies it as a science payload,
and serves as interface between both robots.

Even though Ingenuity is just the first helicopter of its kind to be involved in a
mission in Mars, future missions could deploy more of these helicopters in order
to execute a wide range of scientific missions that would complement the rovers
and landers discoveries. Consequentially, some planetary exploration researches are
focused on teams of heterogeneous and mobile robots that operate on extra-terrestrial
bodies co-dependently, with an improved efficiency due to the parallelization and
redundancy of tasks.

DLR has participated in a state-of-the-art project by the Helmholtz Association,
with the aim of developing a robotic system that is heterogeneous, interlinked and
autonomous. The ARCHES project [50] is aimed to solve these challenges, so that the
robots have to rely in sensors to explore unknown areas in a independent way. The
project was finished in 2022 with a demonstration mission in Mount Etna [58, 59], and
it marked the starting point for future missions in different applications ranging from
ocean to space exploration. In this latter topic, ARCHES will serve as a demonstration
to validate relevant scenarios and technology that will surely be useful in the next
years, with the returning of humans to the lunar surface, the deployment of the Lunar
Gateway, or the foreseen manned missions to Mars.

The robotic system is formed by different components, and each one of them
require to be completely autonomous in order to execute coordinated actions with the
other robots, so that they need to compute their own location online, identify their
surrounding environment and share the collected data. The team, shown in Figure 8,
is constituted by:

Ardea aut. Drone Scout Rover Interact Rover

Light weight Rover Unit 1 Light weight Rover Unit 2 Rodin Lander =

Figure 8: [58]

* Dron ARDEA: aerial hexacopter that serves as a scout that can explore areas
with difficult access for the land rovers, and has multiple autonomous skills for
that purpose.
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Scout Rover: agile robotic system with rimless wheels that enable it to roam in
different complex terrains that other rovers might not be able to access.

* Interact Rover: four-by-four wheeled rover with a camera and arms aimed for
proximity actuation to collect in-site samples.

* LRU1: mobile land vehicle able to analyze the terrains closely with the science
camera, and serve as a transport to ARDEA.

* LRU2: second land rover with a manipulator arm attached that enables it to
grab samples and transport payloads, apart from housing scientific instruments.

* Rodin Lander: stationary unit that functions as a base station and communica-
tion node, while defining a coordinate frame for all the subsystems.

The main objectives of the demonstration mission in Mt. Etna were two: exploring
and sampling geological interests in the area and deploying a Low-Frequency Radio
Array working as a telescope. The planning of the mission started with an initial phase
called GEO 1, in which the robotic systems were teleoperated, following by the second
phase GEO II, in which geological samples were collected and the site was explored.
The last phase corresponded to the deployment of the telescope and a permanent base
installation.

In GEO I, LRU1 and LRU2 rovers worked for around three hours in a semi-
autonomous manner to collect the data close to the Lander. They navigated and
manipulated objects during all that period, and Mission Control was in charge of
sharing with the robots the skills to be executed and receiving the data. LRU1 explored
three different difficult-access locations in order to scan them with the cameras and
LRU2 was in charge of picking up sample boxes with its arm and navigating to
sampling sites to pick up rocks or soil of interest. In order to identify the relevant
samples from others, INSTR [6] was employed for stone segmentation, to provide
masks for further selection or grasps them autonomously.

In GEO II, the Interact and Scout rovers explored the area close to the Lander
and collected samples operated by an astronaut. In this phase, it was successfully
demonstrated the cooperation between the different component of the robotic system.

All of the demonstration phases were successful and the ARCHES mission was
proven to be efficient, cooperated and very autonomous. The planned experiments
were fully achieved, although some of the current technologies and methods might
need optimisation in particular fields, the joint and cross-domain use of the robots
led to strong results that promote the use of this type of systems in future unmanned
missions.

As it was mentioned before, INSTR was used as a segmentation tool in the mission
in order to detect relevant samples in the surface. However, the method developed in
this thesis can help in a major way, almost all of the robots in the mission were equipped
with cameras so they would surely benefit from the detection and classification of
objects but also from the CL setting, as they could encounter objects never seen before.
Consequently, they would be able to operate in an almost fully autonomous way, as the
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few times that the robots had to be operated in the mission were when it was needed a
better understatement of their surroundings. However, if the robots are the ones that
do so, there is no need for human intervention. We think that this is a niche field for
the method proposed in this thesis and it is very relevant for future missions, as the
ones mentioned to the Moon or Mars.

2.4.2 TORO walking robot

Apart from the participation in the ARCHES mission, in DLR there are currently
multiple robotic projects being developed, such as Bert [22], Rollin’ Justin [42] or
TORO [19]. These robots are the paradigm of complex and state-of-the-art systems
with multiple applications in the real world, ranging from personal assistance to
specific handwork or multigrasp manipulation in hazardous environments, as space
or natural disasters. They explore a wide range of mobility problems very relevant
in robotics and their continuous development enrich our knowledge in these fields.
For this reason, DLR aimed to create a humanoid system that is similar to us in
appearance and abilities in order to understand the human body. There have been
some predecessors that built bipedal robots in both industrial and academic contexts
but the most relevant issue is related to the control of each individual joint, so there
has been an accused incise in learning the robot dynamics for torque controlling. In
DLR, this project started with a biped system that was gradually developed to the full
torque-controlled humanoid robot TORO [19].

Figure 9: TORO picking up a box while maintaining balance [28].

The main objectives with TORO were focused on multi-contact balancing, human
interaction and manipulation tasks. In Figure 9, TORO is shown lifting a box with
its two arms, one complex interaction that it is able to perform standing in its two
legs and balancing. For that purpose, previous robots such as the biped and Light
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Weight Rovers were reused and most of its parts were assembled in TORO, focusing
on evaluating torque based control approaches and improving its own skills. The result
is then a human-size robot with a height of 174 cm and a weight of 76.4 kg, able
to move thanks to 25 torque-controlled and 2 position-controlled joints. Its feet are
relatively small in order to allow full contact with small surfaces, and its arms have
human dimensions able to carry 5 kg of weight each.

The head contains the sensors and a computer system to estimate the motion and
build a 3D environment map. The data for this purpose is obtained with a pair of stereo
cameras processed on a FPGA with a resolution of 0.5 MPixel and a rate of 15 Hz. It
is also equipped with a RGB-Depth estimator sensor working at 30 fps that provides
information of the objects distance in the range from 0.7 to 4 m. The electronics,
including two battery packs that power the robot, are mainly located in the backpack,
but the robot can also be powered via a power cable, requiring approximately 250 W
in steady state. In this part the two main computers are located, one used for control
in real time using Simulink and the other for planning and communication between
sensors and drivers. There is also an inertial measurement unit in the thorax to estimate
its orientation and acceleration. More information on the control strategies, on how
TORO walks and balances in different environments solving various skill problems are
detailed in [19]. During the latest years, new control techniques have been approached
in order to improve the mobility of the robot, such as the ones explored in [27] or [28].
In this sense, TORO has became a reliable project for research that contributes to the
design of the next generation of humanoid robots.

Regarding the purpose of this thesis, the focus is on the Perception and Cognition
of the robot, how it senses the vision and tactility in order to be teleoperated or behave
autonomously. TORO uses the camera sensors to detect AprilTags [40], a visual
system commonly employed in robotics and augmented reality that is very simple to
implement. These tags can be printed and the detection software is able to detect them
and precisely compute their position and orientation, all of that achieving real-time
performance in most of the popular processors.

The system is based on a lexicographic coding system, with a robust software
able to withstand different lightning conditions and angles of view. The AprilTags
can be compared to the QR Codes in the sense that both are 2D bar codes, but they
encode less data in them to be more robustly and accurately detected. For their use
in TORO, these AprilTags have been located in different objects in the laboratory,
identifying diverse types of terrains in which the robot will step, shown in Figure 10.
In the experiments [54], the robot identifies the AprilTag and walks to the predefined
location with respect to it. The size of the different walkable objects and how far they
are from the tags are hard-coded, so just the position of the AprilTag is needed to start
the walking process over the terrains.

This AprilTag system is currently implemented in TORO and used every demon-
stration walk. It has been proven to be very efficient, as it runs fully on-board and
real-time with no lag or stop. Although it is working properly, since the tags are
correctly identified and the robot walks accurately to the predefined location, it lacks
freedom on the robot movements. That is, the demonstration is executed in the
laboratory, a closed environment fully controlled, and the movements of the robot
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Figure 10: TORO lab with AprilTags identifying some objects. In this setting, the
robot detects the tags, walks to the next position and computes how far the object is,
so it can calculate where and how the next step is going to be.

are so too. The team working with the robot wants to improve the vision system of
TORO so that it does not depend on the AprilTags, because it is as efficient as limiting.
Moreover, the software is not very recent and even if it is widely used nowadays,
there are tools that have been developed in the past few years that might improve the
performance of the vision system in TORO.

Ideally, the robot should be able to detect instances of different terrains correctly,
then classify them into known and unknown categories, and ultimately provide depth
information with the sensor. A method like the one developed in this thesis might
be suitable for this purpose, so the robot would still be able to detect the different
terrains and compute how close or far they are in order to prepare the next step, without
the need of any external tag marking the objects. It could also detect new unknown
objects, for instance, a human in the way of the robot or a new unexpected object.
Consequentially, the knowledge of the environment would be much deeper than with
the tags, and TORO will be able to move and interact accordingly.

Moreover, it is worth noting that the robot has different walking styles, depending
on the kind of terrain. For hard surfaces, such as the floor or the mat, the robot is able
to walk faster and in larger steps. However, when walking over a mattress or stones,
the steps are much shorter in order to not lose balance, so the speed of the robot is
slow. It would also be interesting to integrate these different walking parameters into
the vision system, so that depending on the terrain that the robot detects in its vicinity,
it changes its way of walking to maximize the performance and the balance of the step.
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3 Segment and Learn Semantics method

This chapter delves into the materials and methods employed in the pursuit of advancing
video segmentation techniques and facilitating CL through the integration of SAM-
Track with PNN. Video segmentation stands as a pivotal challenge in CV, requiring
precise identification and classification of objects and regions within video frames.
This chapter explains the approach undertaken to refine and augment conventional
video segmentation methodologies. Additionally, it outlines the fusion of SAM-Track
and PNN as a means to enable dynamic knowledge accumulation in robotic systems.

Traditional video segmentation methods often cannot cope with the complexity
and dynamism in videos and real-time transmissions. By using SAM-Track, this
research capitalizes on a versatile framework capable of identifying and tracking
objects across consecutive frames, fostering a more robust foundation for subsequent
analysis. Furthermore, the incorporation of PNN introduces a paradigm shift in the
realm of CL. Unlike conventional NN, PNN facilitates the progressive accumulation
of knowledge over time, allowing the model to adapt and expand its capabilities..

The following sections provide an in-depth exposition of the research methodology,
encompassing the details of SAM-Track and PNN, their integration in a single pipeline,
the dataset that will be utilised in the experimentation part and the evaluation procedure
in order to validate the performance of the designed method.

3.1 Video Object Segmentation: SAM-Track

The proposed method is aimed to be used in real-time so that the images obtained
from a camera are processed almost immediately. With SAM this is not achievable,
but SAM-track makes up for it and is able to process the images at considerably high
frames per second. Consequently, this is the tool that is going to be used for segmenting
the instances in the frames, in a way that the annotations in different frames have
temporal coherence. SAM-Track is a very recent tool, so it is understandable that it
might still need some improvements, but it is a state-of-the-art method that does not
need to be trained, serving as a foundation model for mostly any application.

3.1.1 Automatic and Interactive modes

The method can be utilized in two different ways, and we have adapted them to the
purpose of the thesis. An example of frames segmented using both modes is shown in
Figure 11. The automatic way works very similarly to the original automatic method.
Every sam_gap frame, the automatic segmentation is performed. This is done by
SAM and it returns a mask identifying with different numbers each one of the different
segments of the frame. Then, this results is passed to the tracker, which adds the
reference of the objects and is able to follow their temporal evolution through different
frames.

Regarding the interactive method, we have only implemented a point input prompt.
In this context, we will not need text or box prompts, as we are emulating the human
sight. With a point, we can focus the segmentation task to only one object, in a very
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similar way as how we see. This prompt can be any point in scene, but we take the
centre as the reference, although other possibility could be a lower point closer to the
feet. When we are walking, our sight is not strictly focused in the floor but we are
still aware of what is below us, the type of the terrain we are walking on. Either ways,
the method will only segment the object in which the point is contained. Once it has
been segmented, its reference will be added to the tracker. When the method detects
that the point prompt is in a new object that has not been previously segmented, the
segmentation process will be run again to identify the boundaries of the new instance.
This is possible thanks to the tracker, as the limits of the already tracked object are
known in every frame and they are temporal coherent.

Although these two possibilities are available, for the purpose of the thesis it is
better to have the segmentation focused on only one place, imitating the human vision.
Moreover, the point method is much more faster than the automatic one. With the
automatic mode the whole image has to be encoded by SAM which takes much longer
than segmenting with a given prompt, because it is more limited. Moreover, in a
real-time environment any delay can be critic to the system, as new objects might
appear and drastically change the surroundings.

Original Point mode Auto mode

S

AN

Figure 11: Example of both SAM-Track modes: point (middle panel) modes and
auto (right panel). In green, segmented and classified objects; in red, segmented and
unknown objects; in blue, not segmented objects.

The automatic mode also requires far more memory than the interactive one. The
method has to save information of the segmentation for every object in the scene, but
also for the tracking, which spikes the memory consumption. Depending on the setting
this issue might not be a problem, but if we focus on mobile robotics, most of the
times it is wanted a efficient method that does not exhaust the few available resources.

On the other hand, the automatic mode provides information of the whole environ-
ment. That is, by segmenting all the objects present in the frame, the robot can process
all the information of its surroundings and be fully aware of how to proceed. This
is not the case for the interactive mode, as the method only has the mask of a single
object. In the case of a walking or grasping robot, however, it might be enough to just
focus on the terrain or object ahead of them, as their functionalities are also limited.

3.1.2 Model checkpoints

As SAM-Track is formed by SAM and DeAOT, there are different models for each tool.
In the case of SAM, there are three model versions available with different backbone
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sizes: huge, large and big. The accuracy of the method heavily relies on which model
is used, but we have to take into account the availability of memory. Loading the huge
model takes more than 2 GB of GPU, while the smallest one only takes up to a few
hundred MB.

Regarding DeAOT, we find much more variety. Some of them have their pre-
training stage with static images, while others have used for the main-training stage
DAVIS [45] and Youtube-VOS [60], which are known large-scale VOS benchmarks.
All of the available models have been compared and evaluated in the datasets, but
they have also measured the frames per second that each one is able to achieve. This
is very relevant in real-time robotic scenarios, in which we have a trade-off between
the accuracy, fps, and model size. In that way, heavier models might achieve a better
tracking accuracy, but they are not able to run many fps. On the other hand, a light
model will process many fps, but will have more errors in the tracking. For DeAOT,
we can find six different models with different parameters size, ranging from tiny to
large, and there are twelve in total depending on the training phase. Their accuracies
go from 82% for the lightest model to 86.2% for the heaviest one, and they are able to
achieve a maximum of 53.4 fps and 11.9 fps, respectively, evaluated in 4/1 NVIDIA
100 GPUs.

Depending on the setting, different model combinations can be used. We could
focus on the segmentation or the tracking by using a heavier model in each task, but in
a real-time mobile robotic system we prioritize the memory and energy consumption,
and the processing time, without degrading in excess the accuracy of the method.
Besides, a high fps rate is desirable, but for instance the human eye is believed to see
from 30 to 60 fps [1], which is the rate at which most screens are refreshed so that we
see a continuous stream of light instead of flickering images. However, on a possible
robotic application the objects might be static in the environment. Even if we take
into account the own movement of the robot, it might not need such high frame rate
to be aware of what is happening in its surroundings. It depends on the application,
because others such as autonomously driven cars will need a very high fps processing
for safety reasons.

For the experimentation part of this thesis, we will use a NVIDIA RTX A2000 12
GBytes Graphic Processing Unit (GPU). This memory allows to process the bigger
models of SAM and DeAOT, so we will study the best performance rather than the
lightest one. With this, we will achieve to compute the maximum GPU usage and the
minimum fps of the performance. For mobile robotics, it is necessary to save as many
resources as possible, so the point of using the biggest models is that we can always use
smaller ones to alleviate the GPU. The actual performance of the method, however,
does not have to be downgraded with the model, but the results might differ between
them, as they have a different number of parameters. Specifically, we are using: SAM
model type "vit_h" weighing 2.4 GBytes, and DeAOT model type "R50-DeAOTL"
weighing 225 MBytes.
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3.1.3 Parameters and inputs

SAM-Track aspires to be a foundation model for a wide range of CV applications, so
that the method does not have to be trained for new practices. Nevertheless, apart from
the model selection, there are some parameters that help to fine-tune the method and
improve its efficiency according to the specific implementation.

In SAM, there are some parameters that can be modified in the case of automatic
segmentation. They allow to change the segmentation results in a frame, although
most of the times the ones by default work properly. The most relevant for our work
are the following ones:

* point_per_side: number of points to be sampled along one side of the image.
* point_per_batch: number of points to run simultaneously.

* thresh: different thresholds for the predicted masks to modify the segmentation
results.

* crops_n_layers: number of crops of the image to run the mask prediction.

* min_mask_region_area: post-processing will be applied to remove discon-
nected regions and holes in the masks according to this parameter.

For the interactive segmentation, there are not parameters that change the segmen-
tation of the image. It just accepts different kind of inputs:

* point_coords: array of point prompts, each point indicated as position (X,Y)
in pixels.

* point_labels: array of labels for each point prompt, indicating whether the
point refers to a foreground object or to the background.

* multimask_output: option to activate if the model returns only one mask
with the highest quality score or three masks with different score.

In the case of DeAOT, we can choose a few parameters regarding the frequency of
memory update, although they are recommended to be high.

Lastly, SAM-Track has some particular parameters that also affect the performance
of the method:

* sam_gap: interval to run SAM to segment new objects (only for automatic
mode).

* min_area: minimal mask area to add a new mask as a new object.
* max_obj_num: maximum number of objects to track in a video sequence.

* min_new_obj_iou: minimum ratio of new object mask over background to
consider a segmentation as a new object.
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All of the mentioned parameters or inputs have to be carefully chosen so that the
resulting segmentation and tracking are adequate for the specific application of the
method. For most of the practices, the default parameters should return acceptable
results, but sometimes they might need to be fine-tuned. For example, if certain frame
is crowded with objects that are not big, the min_area parameter of SAM-Track
should not be too high, otherwise some true object masks will be removed. However,
in a planetary exploration context, the rover might focus on the terrain that it is walking
on instead of on the individual rocks that it might encounter. Thus, the minimal
area parameter should be set high, so that small objects are ignored but the terrain
is detected correctly. Then, when grasping a rock, the parameter value could be
decreased so that small objects are considered again in the segmentation and tracking
process.

Parameter Value
point_per_side 32
point_per_batch 64
thresh 0.8-0.9
crops_n_layers 1
min_mask_region_area* 8000
point_coords* (320, 240)
point_labels 1
multimask_output True
sam_gap* N/A
min_area* 8 000
max_obj_num 255
min_new_obj_iou 0.8

Table 2: Parameters and inputs set for the different parts of the method: SAM,
interactive mode, and SAM-Track. With (¥), the parameters changed from default.

In this thesis, we will use for the most part the parameters by default, which
are stated in Table 2. The minimum area, the minimum mask region area, and the
point coordinates are the only parameters that we modified. The dataset that we
collected from TORO is described in the following Section 3.4, and it contains the
main terrains that TORO walks on. After several trials, we decided to modify the
min_area parameter, so the segmentation returns preferably objects bigger than this
value. If none of the results is bigger than the minimum set area, the mask with the
higher area will be returned. Moreover, we will only focus on the point in the centre
of the frame, as we stated in Section 3.1.1.

3.2 Continual Learning: Progressive Neural Networks

Regarding the CL part, there are multiple approaches as mentioned in Section 2.2 but
PNN has been proven to be efficient in different projects at DLR. For that reason,
in this thesis a PNN implementation will be used, described in [49]. This work was
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also carried out in the company, and they used PNN combined with Bayesian Neural
Networks in order to improve generalization bounds and uncertainty estimates. As a
result, they obtained a variation of the algorithm, the Progressive Bayesian Neural
Networks, a extension to the CL setting. For our work, we will be using the simple
PNN algorithm, which increases the size of the network with each task by appending a
copy of the base network to the current architecture. Additionally, lateral connections
can be formed in order to transfer knowledge between previous columns and newly
untrained columns.

Thus, the PNN consists of mainly two elements, the backbone and the base network.
The backbone is used as a feature extractor so that the input, an image in this case,
undergoes a dimensional reduction. This helps the base network in the sense that it
will only focus on the most relevant features from the image and will be trained in a
more efficient manner. On the other hand, the base network is the main NN, it will be
replicated and trained for each particular task, so that the whole network is composed
by multiple base networks. This base network can be a NN with any configuration
of layers. PNN also implements a transfer learning and it can connect layers from
previously trained networks to layers from new networks. However, this is not the
focus of this thesis, as we are more interested in the permanency of knowledge rather
than in its transfer from column to column, but it is an interesting feature to take into
account.
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Figure 12: PNN diagram showing a 3-column and 5-layer network. The input is X,
each column process it and returns its output. Each column correspond to a different
task, 71, 1>, T3, and there might be enabled lateral connections (dashed lines) [49].

In the Figure 12, a PNN with three columns and five layers per column is displayed.
All PNN start with the basic NN for the first task, and every time a new column is
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added for a particular task, the rest of previous columns and lateral connections are
frozen so that only the current column is optimized using its output. Consequentially,
the network does not forget previous tasks as their previous columns are not modified,
and it can even use that former knowledge to achieve a positive information transfer.

3.2.1 Backbone: DINOv2

As backbone for the PNN we are using a recently released method called DINOv?2
by Meta Al [41]. It is the evolution of its predecessor, DINO, aimed for training
CV models. The first version was a system for unsupervised pre-training visual
transformers, and it could visualize attention maps for random images or videos for
image retrieval, segmentation or even zero-shot classification using a classifier in
the extracted feature space. This new version is even more powerful and generates
results with higher quality, as it has been trained with a larger and curated dataset
and has improving modifications in the algorithm and implementation. In that sense,
the model serves as a multipurpose backbone for many types of applications without
fine-tuning. The output of DINOV2 can be directly used as input for any other purpose,
for instance, image semantic classification. This method complements SAM in the
CV research by Meta Al, and while the purpose of each other is different, they create
horizontal impact in the field.

We are using this method in order to optimize the training and inference process,
so that the input to the classifier is not a whole image with a huge amount of pixels, but
a reduced number of relevant features extracted from it. Currently there are multiple
algorithms and methods that carry out the same task as DINOv2, but we decided to
use it in order to follow a line of work in which we approach newly state-of-the-art
models that constitute the foundation of many wide ranging applications in CV, in the
same way as SAM. There are different vision transformer models available, the main
one with a billion parameters, while the rest are distilled from it. The input image for
the model has to be 224x224 pixels, or a multiple of the patch size, which is 14. The
output of DINOV2 returns a class token and patch tokens, and the dimension depends
on the model, ranging form 384 for the smallest to 1536 for the biggest one. In our
method, we just pass directly these extracted features to the next step of the PNN,
which is training a new network for a given task.

3.2.2 Base network: linear classifier

PNN is quite flexible when referring to the base network, since it can be any NN.
In DINOv2 documentation [41], it is stated that the output of the encoder can just
be used with downstream classifiers such as linear layers, and the results would be
competitive. For that purpose, in this work we have implemented a very simple linear
classifier NN with a few hidden layers. The input of the classifier is the output of the
backbone, so it will depend on the DINOv2 model that is used.

This part has been defined by trial-error, we have been testing different config-
urations of hidden layers to see which one had a better accuracy and efliciency in
classifying images processed by the backbone. As a result, we obtained a neural
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network with 7 hidden layers, ReLu activations (the output is the input if positive, or
zero if negative), and a final linear layer with one single output. A diagram of the
resulting NN is shown in Figure 13, with the different layers that form it.
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Figure 13: NN diagram used as base network for classification in PNN.

To train each one of the NN, there are some parameters that can be modified and
influence the resulting network. These parameters are commonly known in the MLL
field, as they regulate a lot of commonly used DL implementations [49]:

* learning_rate: controls how slow or fast the network adapts to the problem,
it is a value between 0 and 1. A large value makes the model converge too
quickly to a sub-optimal solution, while a very small value can get it stuck.

* weight_decay: used to prevent overfitting, is a regularization technique that

adds a small penalty to the loss function.

* num_epochs: the number of times that the training dataset passes through the

algorithm.

* patience: value that dictates the number of epochs after the loss has stopped
from decreasing to stop training. It helps to reduce training time when there are

no improvements.

For the sake of simplicity, we will fix these values taking into account previous
works [49] and fine-tune them. After this process, we get a configuration that works
acceptably for almost any experiment: learning rate of 0.001 (that can be changed
mid-training with an optimizer, if the loss is low enough), weight decay of 1- 1078,

patience of 20 epochs, and 50 epochs per training.
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Both this NN of the PNN and the backbone can be changed for any other combina-
tion, depending on the application and the nature of the problem. For that reason, and
in order to validate the choice that has been made in this thesis, we will test different
configurations in Section 4.1.3 and obtain results on the performance of the PNN,
so that our initial idea is supported with results. However, the intuition behind this
is that DINOV2 is a very versatile and powerful feature extractor, so that a simple
classification network would suffice for the purpose of this thesis.

3.2.3 From task-incremental to class-incremental PNN

One of the main goals with this method is not only to classify known objects with
the base network, but also introduce new unknown objects in the system so that the
robot can learn continuously. With a linear layer we can do the former, and the PNN
enables the latter, but the part that detects unknown objects is missing. This is a
common problem in ML, and it is defined as OOD detection [61], briefly mentioned
in Section 2.3.1. As it is not the main focus of this thesis, we will implement a very
simple but working approach, keeping in mind that this is an area of the method that
might be improved in the future.

To begin with, it is remarkable that PNN is a task-incremental algorithm [49].
That is, it is assumed that all the tasks are arriving sequentially and the previous ones
cannot be accessed by the method. This is also true in our setting, as the method
aims to learn new objects in a sequence, and previously learned objects will remain
inaccessible after the network has trained its respective column. In these type of
algorithms, the task ID must be known both during training but also during testing.
Here we encounter the first issue; in a real-world setting with mixed both known and
unknown objects, it is difficult to know beforehand to which task ID the new task
belong, if not directly stated by a human supervisor. This case corresponds better to
what is called a class-incremental learning, which is when the task ID is only known
during the training, but not for the inference. In this sense, each column is trained
sequentially and we know the class trained in each column, i.e. the task ID, but when
doing inference, we do not know the class of the object and we are ignorant of its task
ID. In order to solve this, we implemented two changes to the original PNN algorithm.

In the first place, we have to train each column with objects belonging to the same
class, as we do not have information of the objects that might belong to an unknown
class. We aim to train each NN as a binary classifier so that they know whether
the given inferred object belongs to that class or not. For this, we can either use a
Cross Entropy loss function — training only one out of two outputs, the known one
— or directly a Binary Cross Entropy loss function that achieves the same objective
and is a particular case of the former. We will use the Pytorch [43, 53] library for
Python, which already implements both functions. They take the outputs of the NN,
the unnormalised logits of the classifier, and compute the unreduced loss described as:

€(x,y)=L={l, Iy}, (1)

where the inputs are designated by x, while the target labels are y. The N describes
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the dimension of the input batch. Then, the total loss is computed as the average value
of the array £(x, y).

To process each one of the loss elements, the main formula used for the Cross
Entropy loss function is

eXp (x n,y n)
C “JVn»
2oz ©Xp (X c)
which is useful when training a classification problem with C classes. Here, the
weights w can be used to assign more or less importance to a given class. A particular

case is found for binary classification, when we train the NN to classify either in one
or another class, so the same formula can be reduced to

2)

[y = —wy, log

Ly = =wyulyn - logx, + (1 —y,) -log (1 —x,)]. 3)

In this case, the inputs x,, are expected to be probabilities between 0 and 1, instead
of the logits outputs of the NN. For this reason, there is another variation of this loss
function, called Binary Cross Entropy with logit loss, in which both a sigmoid layer
and the loss function are combined so that o (x,) is processed instead of x,,, taking
advantage of the log-sum-exp trick for numerical stability.

Once a classification head is trained using a loss function, it will return the
unnormalised logit values for every input image. These values are then commonly
used in different OOD detection methods in order to identify which samples are in-
distribution and which are out-of-distribution. Therefore, in this thesis we will compare
the performance of two OOD methods that are efficient yet simple to implement. The
first of them is the Maximum Softmax Probability (MSP) baseline [26], that makes use
of the negative maximum softmax probability as the anomaly score in the following
way:

a:—maxm——ml?xﬁ(y:klx), 4)

ko iexp f(x);

where f(x) is the output of the network, that is, the unnormalised logits of classifier
f on input x. In a system with more than one output, such as one trained with a
Cross Entropy loss function, this value would be computed as the maximum softmax
probability out of the k returned logit values from the classifier. This method is based
on the principle that classifiers tend to have more confidence on samples that are
in-distribution, rather than OOD ones, so we would get higher probabilities.

The other method that will be evaluated is called MaxLogit [25], and directly uses
the unnormalised logit values as an anomaly score. Concretely, the maximum returned
value among the different logits:

a = —max S (X)k &)

The idea behind this is that the softmax probability can be affected if two classes
are visually similar, so it might return a lower confidence not because the objects are
OOD samples, but because the exact class of them is difficult to ascertain. By using
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the logits, we assure that the anomaly scores are not affected by the number of classes,
and the detection OOD might be improved.

Therefore, we will train a column with one single category using the train dataset
and either a Cross Entropy or a Binary Cross Entropy loss function; then, with the
validation dataset, we will obtain the reference in-distribution anomaly scores which
will be used to detect OOD samples in each column. When doing inference, we
will obtain logit results from each one of the trained columns, and we will compute
the anomaly score of the testing samples with them. Depending on the results, we
will determine if the samples are in-distribution of any of the trained columns (if the
values are similar to the validation anomaly scores), or if we have encountered an
OOD sample that belongs to an unknown category. Using an OOD detection method
and training binary classifiers for each category, we achieve transforming the initial
task-incremental PNN into our objective, a class-incremental algorithm that does not
rely on the task ID of the samples in order to obtain a classification result.

3.3 Integration of SAM-Track and PNN: SalLS

Both VOS and CL methods have been integrated in the same pipeline, and we obtain
a single architecture that joins the capacities of both powerful tools. The proposed
method is Segment and Learn Semantics (Sal.S), a perceptive system that updates
online, aimed for locomotive systems such as walking robots or land rovers. The full
architecture is shown in Figure 14, and it is illustrated with an example of its working.

The input to SaLS is a sequence of frames, in this example corresponding to
t = 0 and ¢ = 1 which describe a certain scene in two different moments. Starting
with the first frame and depending on the selected mode, it can either be processed
for Automatic Tracking or for Interactive Tracking mode. In the first case, SAM is
run to segment everything in the frame, returning as a result the masked frame with
the different objects for t = 0. These masks are then compared with the previous
batch of masks in order to find new untracked objects. In the case of the Interactive
segmentation, a point prompt previously set is used to generate the mask of one single
object, so the output of SAM in this case is the mask according to the given point at
t = 0. The resulting masked frame in both cases is then processed by DeAOT and the
frame is added as reference in order to keep track of the segmented objects.

The previous phase is done when the segmentation of the frame is required, in
the case of the Automatic mode that happens every sam_gap and in the Interactive
mode when the point prompt is in an unsegmented area. If the segmentation is not
performed, then the algorithm just track the objects in the new frame ¢ = 1 from the
segmentation done in ¢ = 0. The result in both cases is a masked frame containing the
different objects, either from segmentation or from tracking. These masks are then
separated into the different objects, more than one in the Automatic case, or just one
in the Interactive mode, denoted as Mask 1, Mask 2, etc.

At this point, the segmentation of the frames is complete, so now it is required to
classify the detected objects using the PNN. Firstly, the object masks are processed by
the backbone, which is DINOv2. The extracted features are then given to the multiple
N NNs (NNj, ..., NNy) that constitute the PNN. Each one of them is trained on a
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Figure 14: SalS overview: includes SAM and DeAOT as part of SAM-Track method
for VOS, and PNN with DINOv2 and NN for CL and image classification. In orange,
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each object is assigned to an specific known class, or to the category of the unknown.
In the latter case, the PNN is re-trained to add new columns for the unrecognised
classes, given a label as an input by a human supervisor, and the classification of the
masks is performed again, so that the new class or classes are included. At the end, the
resulting frames ¢t = 0 and ¢t = 1 contain both the segmentation and the classification
of the objects that appear on them, so that SaLS is able to add semantics to a given
scene and learn continuously from the unknown.

The method has been coded using Python, given that the integrated tools are also
coded in the same language, and employing PyTorch [43, 53] as the ML framework.
A overview of the pseudo-code is displayed in Annex C. It is worth mentioning that
the process is fully automatic, and the only user task is when the PNN is re-trained.
This part is the only one in our method that actively demands a human interaction
once the algorithm is run, apart from the previous modifications and adjustments such
as the initial parameters, and the settings of the point prompt and the NN thresholds.

3.4 TORO dataset

For the experimentation part, we decided to use a new dataset acquired from the
TORO robot directly. In this way, we can focus the development of the method on this
specific application, and using images collected from it might help the fine-tuning.
This dataset was conceived to have as categories the different types of objects that the
robot encounters in its closed environment in the lab. In order to perform tests on its
walking and other researches, there is a small area in the DLR laboratory with a circuit
that TORO is able to walk as a demonstration of the robot capabilities in different
types of terrains. In the Figure 15 we can see the robot standing and the different
obstacles that it can sort out. There are 7 main objects that we can identify, on which
the robot walks: laboratory floor, dark mat, blue mattress, grey mat, pedestal, ramp,
and stones. In the dataset, we have combined the dark mat and the grey mat due to
their very similar characteristics, it would be very difficult to distinguish them with
the classifier. Moreover, there are no relevant differences on the way that TORO walks
between both terrains, so for simplicity, they have been joined in the same category:
dark mat.

Apart from these mentioned terrains, the robot also sees other objects in its
demonstration walk, however, none of them are walkable. We include them in the
dataset nonetheless, as they help the robot to understand its surrounding and might
be useful to improve its perception of the walking terrains. These other objects are:
bistro table, cables, extinguisher, PC table, person, airplane wall, stand board, TV
mount, and wall. Currently, only the bistro table and the wall are also provided with
AprilTags, but the rest of them are not.

Knowing this, we collected different image sequences in order to obtain a varied
dataset of the same objects from different points of views. In order to speed up the
process and due to the limitations on the usage of the robot, some sequences were
recorded with the robot hanging, while others could be collected while the robot was
walking. The resulting images in both cases are very similar, being the only difference
the pace of walk and the disturbances that might appear when the robot walks a step,
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Figure 15: TORO walking circuit: (A) lab floor, (B) dark mat, (C) blue mattress, (D)
grey mat, (E) pedestal, (F) ramp, (G) stones.

in the same way as humans do. Additionally, in the first case we could move the
robot a bit faster than in the latter. Otherwise, all the recorded sequences could be
interchangeable and are meaningful for our purpose.

In total, we obtained 7 different sequences at around 10 fps with a resolution of 640
x 480 pixels, 5 of them with the robot hanging and 2 of them with the robot actually
walking. From the two walking sequences, one of them was captured as TORO was
doing its usual automatic walking demonstration, and the other with TORO looking
down (seeing the terrain and part of its feet), while controlling its movements with the
remote controller. The sequences have from 200 to around 3500 frames, summing in
total around 6000 frames (around 10 minutes of video). Using the method proposed
in the thesis, SalLS, we have obtained the different object crops from these sequences
and we have semi-automatically annotated them. Thus, we have identified the centre
point-prompt segmentation object of every frame, assigned a label to it, and saved
the cropped image. With this, we obtain the different 15 classes, with the 6 main
terrains and 9 varied objects mentioned before. Some frames had to be corrected after
the annotation, as the segmentation using SAM-Track is not perfect, but generally it
yielded notable segmentation results that could be directly used for other purposes.
This is another application of the method that was not considered beforehand, the
semi-automatic annotation of video frames, and can be very useful for the creation of
new video segmentation datasets.

We will use the objects obtained from the different sequences for the experiments,
splitting them in different sets to reduce the bias, that is, for training, validation and
testing of the method. We will combine for a same category different sequences
for training and validation, and the rest of them for testing. The main purpose of
the experiments is to validate the classification power of the CL method, so the
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Category Terrain Sequences Number of frames

dark_mat v 1-7 2923
lab_floor v 1-7 1110
stones v 1-7 218
ramp v 2,4,5,6,7 266
blue_mattress v 2,3,6,7 346
pedestal v 3,6,7 218
wall X 1,2,3,4,7 61
PC_table X 2,4,7 63
plane_wall X 2,3, 4 51
extinguisher X 1,2,4,7 47
cable X 2,4,7 21
TV_mount X 1,2,3,7 15
bistro_table X 2,7 41
person X 5,6,7 20
stand_board X 2,4 12

Table 3: Summary of categories of the dataset collected from TORO camera. It is
indicated if the class is a terrain or not, the ID of the sequences that it appears on, and
the number of frames that the object is shown.

segmentation will not be reviewed in the following sections, at least in a quantitative
way. In the Table 3 we expose all of the categories that are present in the dataset, and
in Annex A we display examples of each class.

It is noticeable that the dataset is unbalanced: from the 5 412 images that we
have, two classes make up almost the 75% of the whole dataset. This is a common
problem in ML, as it is difficult to always have the same amount of samples from
every category, but for the purpose of this thesis this fact should not be relevant. In a
real-world setting, we will train the network initially with the known categories, the
ones that we know that the robot is going to encounter. For these classes, we might
have a large amount of images available that we can use for training and validation.
On the other hand, when the robot finds a new unknown object that was not initially
contemplated in the training dataset, it will be able to learn it but just using the current
single available image, so that there will be an unbalance in the classes. Nevertheless,
the proposed method should work correctly in both cases, so we are going to operate
using all the categories in the collected dataset.

3.5 Evaluation procedure and metrics

Once we have established the different parts that form the method and how they work,
and we have collected and pre-processed the dataset that will be used during the
experimentation part, we also have to set the procedure in order to train, validate and
test the method, and which metrics we are using to evaluate its performance. We will
focus in the classification power of the method, so we are not assessing the accuracy
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of the segmentation part, which is extensively done in [11] and [31].

3.5.1 Evaluation procedure

We will perform two kind of experiments that require different evaluation procedures.
The first set of experiments will focus on the decisions that we have made over the
method in the classification side, i.e. the OOD detection algorithm or the backbone
performance. In this case, we take the 6 main terrain categories described in Table 3
and distribute them in 6 different tasks that arrive sequentially. Therefore, the method
will train each head also in a sequential way, in the same order that the tasks arrive.
Then, all of the tasks will be evaluated after each training. In this way, we can obtain
results on the CL ability of the PNN, and how the accuracy of the algorithm evolves
while learning new tasks.

In order to reduce the bias, we evaluate the method over multiple iterations and
initializing with different random seeds. Regarding the former, we achieve to use
multiple random combinations of train-validation-test datasets so that the results do
not depend heavily on the sequences from the dataset that we choose for each phase.
To do so, every iteration we divide the dataset in the three phases — training, validation,
and testing — choosing randomly max_seq_data images from every sequence that the
object appears on. Besides, as every object appears in a different number of sequences,
we tried to dedicate around 50%-60% (if the object appears in an odd or even number
of sequences) of them for training and validation, and the rest of them for testing.
Then, from the train-validation split, a 30% is used for validation and the remaining
70% for training. A large percentage is used for the validation split because it serves
to obtain the anomaly scores that will be useful for the OOD detection, so we consider
that is very relevant to have as many sample values as possible in order to reduce the
bias on the validation set and be able to generalise the anomaly scores to the testing
set.

The second set of experiments is focused on the different sequences captured
from the TORO camera, so here we will run the full method (segmentation and
classification) over all the frames of each sequence. Consequentially, for each frame
we will obtain the segmented mask of the object in the centre point prompt, and its
classification using the PNN. As we stated in the Section 3.4, these sequences have
been previously manually annotated with the ground truth, so we know the label of
the object in the centre frame. As a result, we are able to compare the performance of
the whole method in the classification aspect with the true labels of each frame, for
every available sequence.

In this case we will also evaluate the method over multiple iterations and initializing
with different random seeds. However, when doing the split for random combinations
of train-validation sets, we will not take into account the sequence that is being
evaluated, so that the objects appearing on it are totally new to the method. In this
way, we ensure the proper working of SaLLS, in a very similar way to how it would be
used in a real-setting: we would train the PNN with collected images from the known
objects, and then use the method in a new environment which may or may not contain
the same objects, but surely will contain objects never seen before. The percentages for
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training and validation are kept the same as we described in the previous paragraphs,
so that we have multiple objects to compute the anomaly scores. Evaluating this part
of the experimentation, we will obtain results of the classification performance on
both the known objects, but also on the unknown ones, and if the training has been
successful or not, since we are doing the validation of the method frame by frame.

3.5.2 Metrics

In order to to compare the performance of the proposed method with other state-of-
the-art works, it is necessary to use standardised metrics that are able to account for
the CL setting and show numerically how good or bad the continual classification is.
Given the novelty of the topic at hand, it is difficult to find a general consensus, but
there are some recent researches that study in more detail this issue and propose new
frameworks to evaluate CL algorithms [16, 36, 51]. Therefore, we present the main
metrics that will be used to evaluate the experimentation part.
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Table 4: Accuracy matrix result of evaluating the test set of task j after training with
the training set of task 1 to task 7, assuming N tasks in total [16]. In blue, the accuracy
of tasks previously learned with respect to the current trained task; in yellow the
accuracy of tasks not yet learned with respect to the current trained task; and in white
in the diagonal, the accuracy of the task corresponding to the current trained task.

Accuracy (a; ;). This metric is a ratio between the number of correct predictions
by the classifier and the total number of predicted samples. In a CL setting where we
train different tasks sequentially, we can compute the train-test accuracy matrix shown
in Table 4. Here, we define a; ; as the accuracy evaluated on the test set of task j after
training the network from the first task 1 until the task i, being N the total number of
tasks. As an example, a » refers to the accuracy of the model on the test set of task 2
after having trained it with task 1. Similarly, a» indicates the accuracy on the test set
of task 1 after training the model with the training sets of tasks 1 and 2. This is the
basic metric from which we can define some others, based on the accuracy matrix.

Average Accuracy (A, a,,) represents the average accuracy of the model after
training with the task i, and evaluating on the test sets of tasks 1 to j. This metric
denotes how well the model performs on the tasks that it has been trained on. If i = N,
the accuracy represents the performance by the end of the training, testing with the
whole sequence. This metric is not only averaged by the number of trained tasks, but it
takes into account the accuracy at every timestep to better define the CL performance.
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Apart from this averaged accuracy across all the training tasks, we can also compute
the average accuracy for each test task i, taking only into account the results after
training with the same training task i. In Table 4, for example, we would compute
a., as the average of the values from ay through ay 1; and a,, with just ay x. This
metric will help us to know the real average per test task of the model, including
improvements or deterioration of the performance for a given task with the learning of
new tasks:

N
j=i 4
G = NZix1 @

Backward Transfer (BWT) indicates how learning a new task influence the
performance on previous tasks. It is very related to the concept of "catastrophic forget-
ting", given that it measures the ability of the model to not degrade the performance on
previous tasks, that is, to not forget them. It is computed as the accuracy on a test set
T,, after learning 7,, and at the end of the last task on the same test set. If we expand it
to consider the BWT after each task, we would use all the elements in the blue cells in
Table 4. The equation would then be:

N N
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In this way, positive values of this metric are considered to be beneficial backward
transfer, and negative values would mean that catastrophic forgetting has taken place.
To map BWT so that it ranges between 0 and 1, this metric is divided in two different
concepts: the Positive BWT (BWT™)

BWT =

N

BWT™* = iy

N(N-1)
i>j B

= max(BWT,0), 9)

and the Remembering (RE M) — originally negative values of BWT,

REM =1 - | min(BWT,0)|. (10)

There is another metric related to the BWT, the Forward Transfer (FWT). In this
case, it measures the influence that learning a new task has over the performance of
tasks that have not yet been trained. That would correspond to the values in yellow
in the Table 4. In this thesis, we do not expect models trained on previous tasks to
get any level of accuracy at all, given that they are supposed to be considered OOD
samples. For this reason, we are not using this metric in our work, although it would be
interesting to explore how this could be implemented in the method in future research.

Lastly, we will use one last metric related to the accuracy, which will be essential
in the last part of the experimentation.
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Confusion matrix is a table that contains the number of observations known
to belong to a certain category i and predicted to be in category j. It displays in
a very simple way the classification performance of the algorithm, since we can
directly see which elements where classified correctly (diagonal elements), and which
categories might be confused between them. Some other metrics can be derived
from the confusion matrix, but for simplicity, we just will analyse the table after the
classification. One example is shown in Figure 16, with three different categories: "0",
"1", "2". The left panel is normalized over the total number of objects per category
(by row), and the right panel is the plain number of elements. The higher the number
in the diagonal elements, the better the classification performance.
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Figure 16: Confusion matrix examples, normalized by the number of elements per
class (left panel) and non-normalized (right). The true labels are on the y-axis, while
the predicted labels are on the x-axis.

We will also take into account other parameters not related to the accuracy on the
test datasets. These ones are mainly focused on the consumption of computational
resources, such as the size that the model takes up, or the time. These metrics are
extremely relevant in a mobile robotics context, as we are aiming for the fastest and
computationally cheapest, yet the most efficient model. Most of the times mobile
robots do not possess huge hard drives to store thousands of networks in order to
classify the objects in their environments, or very fast clocks to process a large amount
of instructions, so these are crucial metrics to assess if the method can actually be
used in the real world.

Model size and number of parameters. One of the most direct measurement of
how much the model takes is its size in Bytes. With this, we can straight forward know
if it fits in the hard drive of a robotic system. Most importantly, we are using PNN
— a parameter isolation method that increases its size by adding a new NN for each
task —, so that we know that our model will be taking more and more space for each
task. This is closely related to the number of parameters, as every time that we add a
new column to the PNN, we are increasing the number of parameters of the whole
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network. It is worth mentioning that in the case of our method, both the model size
and the number of parameters increase linearly and the same amount every time a new
task is added. This is because both metrics are determined by the configuration of the
NN that we are using a base network of the PNN. Nevertheless, it is still interesting to
measure them and evaluate if they fall in an acceptable range or not.

GPU usage. Normally, NNs are trained using GPUs, as they accelerate the
calculations due to the use of parallel processing, dividing the tasks in smaller subsets
that are distributed among the cores. However, this is often a limited resource,
especially in small robots which might not even have a GPU processor. For this reason,
we also want to measure this metric too analyze how much GPU is needed in order to
train the model under different circumstances, so that it can be a limiting characteristic
in order to decide one model or the other.

Training time (¢,,), that is, the time that takes to train the model with the training
set of task i. This parameter will mainly depend on how many images are in the
training dataset, and how fast the loss function converges.

Inference time (z,, ), the time that it takes to evaluate the testing set of task j after
training with the training set of task 1 through i. We can obtain a similar matrix to
the one presented in Table 4 but for the inference times of each train-test pair, and in
the same way as the training time, we expect this metric to change according to the
number of samples in the inferred dataset. However, the inference time of a test set
with the same number of images is constant, so the inference time will be more or less
constant too. For that reason, we will compute the average inference time per task
instead, so we will end up with a one single value of inference time for each task, with
its respective standard deviation.

Lastly, there are a few metrics that are relevant in the field of OOD detection, and
we will use them in order to compare different configurations [25]. These metrics are
computed taking as input the anomaly scores calculated using the Equations 4 and 5,
and distinguishing between the ones that belong to in-distribution samples (in this
case corresponding to the negative samples) and the ones that belong to OOD samples
(the positive samples).

False Positive Rate at 95% recall (FPR9S) is the probability that an in-
distribution sample is misclassified as an OOD sample when the positive rate is 95%.
A model has a better performance when this metric is low, as that means that less
percentage of in-distribution samples will be considered OOD. It is computed as the
ratio between the False Positives (FP) and the sum of FP and True Negatives, having
in mind the threshold at 95% imposed in the recall. In other words, F PR95 indicates
the probability of false alarm when the probability of detection is 95%:

FP
FPR= ———— (11)
FP+TN

Area Under the Receiver Operating Characteristic curve (AUROC) is the
probability that an OOD example is given a higher anomaly score than an in-distribution
sample. Therefore, we expect a higher value of this metric in the model, given that a
random detector would have an AUROC of 50%. It is computed using the scikit-learn
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library [44]. Firstly, it calculates the receiver operating characteristic curve that
pictures the performance of a classifier as its discrimination threshold is changed. Its
axes are the True Positive Rate (TPR) versus the FPR, and finally, the area under the
resulting curve is the AUROC.

Area Under the Precision-Recall curve(AUPR) computes the average precision
from the prediction scores. It sums up a precision-recall curve as the mean of precisions
achieved at each threshold, with the increase in recall from the previous threshold used
as the weight. In the same way as the AUROC, it is computed using the scikit-learn
library [44], and a higher value is desired as it means that the model is more precise.
Moreover, both metrics are very important because they give a holistic measure of the
performance when the threshold for detecting OOD is not set yet.

OOD average accuracy (Agop). As an additional metric, we want to use a score
that indicates how many of the samples are correctly labelled as OOD samples. In this
way, after a prediction, we can compute the OOD accuracy as the number of objects
correctly labelled as "Unknown" divided by the total number of true OOD samples.
Consequently, we can obtain the same matrix as Table 4 but with the results from
the OOD samples. We only expect to have positive results on the yellow area of the
matrix, as it corresponds to the accuracy scores of the model after training with the
task i and evaluating on the test sets of tasks 7 to N, that is, tasks that have not be
learned yet. The average OOD accuracy is computed then in the following way:

N
Aoop = 218 12
00D =~y (12)

2
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4 Continual Learning validation with TORO dataset

After the definition of the method — its different parts and how they work — and the
establishment of the evaluation metrics, we can now proceed to run the experiments
designed to validate the performance. Therefore, we can divide the experimentation
part in two groups. The first one includes those experiments focused on the validation
of the decisions taken in the CL part of the method, such as the crop size of the
data transforms applied to the images before training, validation and testing; or the
OOD detection method that works better for the given dataset collected from TORO.
These experiments give insight into the characteristics of the method proposed in the
thesis, and answer to the questions on why we have taken some of the most relevant
design decisions in order to put together and efficient classification method that learns
continually for mobile robotic systems.

The second group of experiments will be performed using the whole method, that
is, including both the segmentation and the CL parts. In this case, we will test the
performance of the proposed method using the collected and annotated sequences
from the TORO camera. We will pre-train the network with the known objects — the
walkable terrains — and run the sequence images. Hence, if a new object is encountered,
it will be learned so that we can also test the CL capability in a real-world setting.
We can then compare how the classification was in relation to the ground truth of the
frames, and if the new objects were correctly assimilated. With these experiments,
we want to validate the whole framework showing a possible real application and
the ability of SaLLS to operate in a mobile robot in real time, learning online while
segmenting and classifying the objects in its surroundings.

4.1 Continual Learning methodical experiments

The first group of experiments focuses on the CL part of the algorithm. We perform
different tests to validate some relevant decisions that affect the performance of the
PNN: the size of the crop transformation applied to the images for training, testing and
validation; the OOD detection method used to distinguish between known objects and
unknown ones; and the backbone and base network configuration that works better for
the classification with PNN. After these, we also evaluate the whole performance of
the CL algorithm, given the decisions made on the previous described parts. Lastly,
we execute a experiment related to the robustness of the method, in order to see how it
works if we keep increasing the number of tasks.

4.1.1 Crop size in data transforms

In a first stance, before training the PNN we have a dataset with lots of images that
come in a raw state. That is, they have different sizes and color distributions, and
the objects in them might appear in different positions. Consequently, it would be
very difficult to train and infer them, so a pre-processing step is commonly applied
with the objective of normalising the input images. There are multiple variations of
these transformations, depending on the nature of the dataset, but the usual ones are
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cropping the image and normalising its colors. The latter is quite simple, as it just
needs the mean and standard deviation of each color channel from the whole dataset.
The former, however, could be thought as an hyper-parameter. We can choose virtually
any size for the cropped image, but the performance of the algorithm greatly varies.
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Figure 17: Results of average accuracy (top left), GPU usage (top right), and training
(bottom left) and inference (bottom right) times in function of the crop size of the
input images. The mean value across all the tasks and different seeds is plotted,
accompanied by the standard deviation in a blue shade.

Consequently, the first experiment will verse on the determination of an acceptable
crop size for the data transform that will be applied to every input image, either it
belongs to the training, validation or testing set. We run only the PNN and use the
main terrains of the TORO dataset as categories. After training sequentially each
task, we evaluate each column with the test sets of all the tasks. As we are executing
the code using the GPU, we also measure its consumption to check if it is affected
by the hyper-parameter in hand. Other two important metrics for this section are the
training and inference time. In this case, we take into account the average training
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and inference time of all the tasks, as we are only interested in the variation of time
in function of the crop size. To measure these metrics correctly and make sure that
none of the other parts interfere in the results, we will be using the same working
configuration: DINOV2 as backbone and a NN linear layer classifier. Even if the whole
PNN is not fine-tuned, it is enough for setting this hyper-parameter and analysing the
best performance.

In the Figure 17 we expose the mentioned metrics, and all of them are shown in
function of the crop size, which varies from 14 to 560 square pixels, in steps of 14
square pixels. It is done in this way because the input of the DINOv2 only admits this
input images with a resolution multiple of 14. However, it can actually be extrapolated
to any value in between as we are using these values as a reference.

Starting with the average accuracy, on the top left panel Figure 17, it increases
up to around 70% at a crop size of 280 pixels, and from that value on there is not
a tangible improvement. For very small crop sizes, the images would not be very
distinguishable one from other, as they would only have a resolution of 14 X 14 pixels.
When reaching a size of 300 pixels, the cropped images are big enough to extract
meaningful features from them so that the accuracy can increase, but it gets to one
point where it does not get any better. The influence of the crop size can be justified
to be meaningless from 300 pixels on, so that there is no point from the accuracy
perspective to have larger image resolutions.

In regards of the GPU usage in the top right of Figure 17, we find that it increases
exponentially with the crop size, going from around 750 MBytes when the images
have the minimum resolution, up to more than 2 GBytes when the transformed images
have 560 x 560 pixels square. This is a critic metric, because in mobile robots the
available GPU memory might not be too large. It is worth mentioning that not all the
consumed GPU memory is occupied by the transformed images, as the PNN network
itself and the DINOv2 models are also moved there but always with the same size in
all of the runs. Moreover, there is no standard deviation measure in this case, meaning
that in all of the tested seeds the GPU usage was the same at every crop size. This
makes sense given that this metric depend on the number of images in the dataset,
which is the same for every run even though the images on it are randomized.

Lastly, both the average training and inference across all the tasks in the bottom
of Figure 17 (left and right, respectively) have a very similar behaviour, tending to
an exponential function. The time metrics depend on a lot of factors, but having in
mind that most of them have been constant during the testings, we can clearly state
that a larger input image to the network is translated to both a longer training process
and an inference phase. Once again, it is also notable that in a real-world robot the
processing times should not be very long, so that it is able to perceive, process and
generate and answer to external stimuli. A very long inference time leaves the robot
unaware of its surroundings, which depending on the application might be critical, e.g.
an autonomous driving car. In the case of the training, this phase could be parallelised
and run in the background, but it is still crucial to shorten it and learn efficiently as
fast as possible.

Although the crop size hyper-parameter might not be so critical for the correct
working of the whole PNN, it was necessary to evaluate its impact on the algorithm
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performance. Therefore, we can state that there is no real improvement in having a
crop size larger than 300 pixels, because the accuracy is not increased significantly and
the computational resources consumed are boosted exponentially. To have a multiple
of 14, in order to use DINOV2 as a possible backbone, we set this hyper-parameter in
280 pixels. At this value, the accuracy reaches its local peak, while the GPU utilisation
and the training and inference times are kept at low and acceptable values.

4.1.2 Out-Of-Distribution detection methods

One of the most relevant points in the proposed method is the ability to separate the
known from the unknown while training and classifying task-agnostic objects. As we
described in the Section 3.2.3, turning the PNN algorithm from task-dependant to
task-agnostic is an important challenge, and the way to tackle this is to train different
heads for different classes and adding an OOD detection method. Regarding the latter,
we described two different methods to compute the anomaly scores, the MSP and
the MaxLogit, in Equations 4 and 5 respectively. Following the evaluation procedure
presented in [25] and the metrics described in Section 3.5.2, we are going to execute
an experiment to analyse which of the two methods fits best with our method and our
dataset.

For that purpose, we will train the PNN algorithm with a basic setting similar to
the previous experiment (DINOv2 and a NN as classifier), using both Cross Entropy
and Binary Cross Entropy loss functions. Again, we will only use the main terrains
from the dataset and will divide the dataset randomly to obtain train, validation and
testing sets. The test sets will be used to compute the anomaly scores according to
each method, and then we will calculate the metrics related to OOD samples to see
which performance is better for our given dataset; those are the FPR9S, the AUROC,
and the AUPR. The tasks are trained sequentially, so that the current and the previous
tasks are considered in-distribution samples and the rest of the tasks are OOD. We use
both types of loss functions because even though they are similar, the Binary Cross
Entropy loss is calculated directly with the logits instead of the output of a sigmoid
layer. Therefore, we want to see if there is any improvement in the performance side,
or it is only a computational advantage.

CE BCE (logit)
MSP MaxLogit MSP MaxLogit
LFPR9S 56.30+10.48 26.27+7.68 | 100.0+0.0 20.63 +4.21
TAUROC 86.84+2.64 90.12+6.96 || 50.00+0.0 94.70 +1.75
TAUPR 94.56 +£1.00 96.81+2.38 || 83.33+£0.0 98.23 +0.71

Table 5: Results of multi-class OOD detection methods using PNN. Values are
percentages and average across six different out-of-distribution test datasets and four
different random seeds, for sequential tasks. The best values are marked in a bold font.

The results of the experiment, averaged over different seeds, are shown in Table 5.
We display the mean value and the standard deviation in each metric and for both
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loss functions. We know that a lower value of F'PRO9S is preferred, and higher values
for both AUROC and AUPR. We obtain that the best performance is found with the
MaxLogit method and training a Binary Cross Entropy (with logits) loss function:
only a 20% of probability for a known sample to be detected as unknown; a 95% of
probability of an OOD sample of having a distinguishable anomaly score in relation
to an in-distribution sample; and a 98% of average precision. It is interesting to see
that we get slightly better results with the Binary Cross Entropy rather than with the
regular Cross Entropy. In regards of the MSP, the results with Binary Cross Entropy
are not useful: the equation of the anomaly score uses the softmax, so 2 outputs are
needed. When using a softmax function over one single output, we always obtain the
same output (a 100% score). Therefore, we can understand that the AUROC is 50%,
as it is basically giving the same anomaly score to every sample, either it is in- or
out-of-distribution.

With this results, we can state that the MaxLogit method is effective for OOD
detection, since when computing the anomaly scores for different objects, they can be
easily used to discern between samples that are in-distribution and samples that are
not. Moreover, we could perfectly use both a Binary or Cross Entropy loss function
with the MaxLogits. However, given that our setting is centred on binary classification
per head and that the OOD detection works slightly better with the Binary Cross
Entropy loss function, we will use this one for the subsequent trainings.

Once we have decided how we are computing the anomaly scores, the next step
is to establish how we are using them for OOD detection. A simple but effective
way is to compute the anomaly scores of the validation set after training with a given
task, so that we have them as reference. Afterwards, when inferring the semantics of
new objects, we can compute their anomaly scores too and compare them with the
anomaly scores of the trained tasks, so that we can decide if they belong to one of
the known categories or not by similarity. As examples, we present in Figure 18 the
anomaly scores computed for the validation and test sets of four different categories
in the TORO dataset. The histograms display the amount of samples with a given
MaxLogit value, and we also plot the mean value (in a dashed colored line) and the o
and 2-o distribution as the colored areas (darker and lighter, respectively).

We can see in both top panels the anomaly scores for "dark_mat" and "lab_floor"
classes. They are examples of well adjusted anomaly scores, that is, both the validation
(in blue) and test (in red) samples have more or less the same mean value and they fall
within a standard deviation of 2-¢, that is, the 95% of the samples. In these cases,
it would be efficient to decide that the anomaly score for a sample to be considered
in-distribution must be in the range between the mean of the validation anomaly scores
and 2 times the standard deviation:

U—=20<asu+2o (13)

On the other hand, if we look at the bottom panels of Figure 18, we can see two
examples where this criterion is not valid. For the "blue_mattress" and "pedestal"
categories, this range set by the validation set either does not include all of the test
samples, or covers more values than it the expected by the test set. In the first case,
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Figure 18: Examples of MaxLogit values for different categories of the dataset.
In blue, the values obtained from the validation dataset which are used to set the
thresholds for OOD detection; in red the values obtained from the test dataset. The
mean of the values in both cases is displayed with a colored dashed line, and the o
and 2-0 thresholds are designated with colored areas — darker color for the o~ and
lighter color for the 2-0-, representing the 68% and 95% samples of the distributions,
respectively.

which is the "blue_mattress" plot, we set a very narrow range for a sample to be
detected as in-distribution, so that the probability of a known object to be detected as
such decreases. In the other case, which is the "pedestal” plot, the range set by the
validation samples is too wide. Therefore, we encounter the other possibility, an OOD
object might be detected as known if its anomaly score is negative enough. These
problems are results of the variety present in the different sets: the more similar the
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validation and the test sets are, the more similar their anomaly scores will be too.
However, these scores are different every training, so that it is difficult to take into
account every scenario. For this reason, in all of the experiments we will try different
random seeds and average the results. For some cases, the anomaly scores might be
well adjusted and efficient, for some others it might not, but the general performance
1s assured to be good.

After taking all the results into account, we then conclude the OOD detection
experiment. We are using in the rest of the experiments the MaxLogit method, that
takes as the anomaly score the negative maximum of the unnormalised logits returned
from the NN. These scores will be computed using the validation set, and we will
use a range of u + 20 to determine if a sample is in-distribution or not. When a new
sample is inferred, we will take the unnormalised logits resulting from each one of the
trained heads. The minimum of them will be considered the most likely category that
the object belong to: if the anomaly score falls within the range set by the validation
samples for that head, the object will be considered known and classified as the label
corresponding to that head; otherwise, the object will be considered to be unknown.

4.1.3 Backbone and base network

The PNN is a very versatile algorithm, as we are able to decide which classifier is more
suitable for our specific application and change it. Consequently, there are multiple
valid options in order to set the base NN that will be copied and trained for each new
incoming task. Among the most popular networks in CV for image classification, we
can find ResNet [24] or Residual Networks. This architecture was conceived to tackle
the degradation problem, which occurs when estimating the accuracy with a plain
network and the accuracy degrades with the complexity and depth. In this sense, the
motivation of ResNet is to make an identity-mapping suitable network, resulting in a
NN easier to optimize and gain accuracy from increased depth. It has many variants
with the same concept but different number of layers, such as ResNet-34, ResNet-50
or ResNet-101. In Pytorch [43, 53], these models are available and pre-trained with
IMAGENET [14], an image database organized according to the WordNet — a large
lexical database of English — hierarchy, in which each node is depicted by multiple
images. Therefore, we can directly make use of these networks and only train their last
few layers. With this, we achieve to take advantage of the ResNet architecture and the
pre-training, which helps the network to extract meaningful features, and only modify
the last part so that it fits our own dataset. In this way, ResNet would function both as
base network, since we would be training at least the last layers for each new task,
but also as a backbone in the sense that the frozen layers of the net would serve as a
powerful feature extractor.

However, as we described in Section 3.2.1, we want to take a step further and use
a foundation model such as DINOv2, able to extract features from unseen datasets
and pass them to a simple classifier to obtain their semantic categories. Hence, we
will compare the performance of both backbones to see if the decision of using a
state-of-the-art tool is actually better than a former consolidated option, such as ResNet.
To do so, we will use three different configurations: a ResNet-50 training only the
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last layer as classifier, DINOv2 and a single layer NN classifier, and DINOv2 and
a multilayer NN classifier. Using the single layer as base network comes from the
DINOvV2 documentation [41], in which it is stated that the extracted features can be
directly used for image classification, with a linear layer applied on the class token
and the average of patch tokens. We want to try also a more complex classifier with
multiple linear layers that takes as an input all of the extracted features and create a
model from them.

For this experiment, we will compare the average accuracy per task (a,,), the model
size per task, and the average training and inference time per task. These metrics will
be computed for each one of the three configurations, averaged over different seeds, so
that we can compare the performance in the three cases. Additionally, the dataset will
consist of the same 6 main terrains with random images every run for each phase. The
network will be trained sequentially and each column will be tested with the test sets
of all the tasks, whose IDs range from O to 5.

In the Figure 19 all the resulting metric values are displayed. The average accuracy
per task in the top left panel is computed following the Equation 7, so that only the
test results of previously learned tasks are taken into account. It is explicit that in
average, the DINOv2 and multilayer NN configuration has the best results, while the
other two settings are most likely similar. The exact accuracy result might not be
fully representative, as there are many factors that involve this metric, but we can
qualitatively extract that the best performance regarding the accuracy will be the one
of the foundation model and a multilayer NN.

In the top right panel of Figure 19, we encounter the model size of the configurations
per task, that is, measured after training with task i. As we are using PNN, we expect
that adding a new column also adds to the size of the network, because we are actually
copying the base network as many times as tasks are trained. Consequently, we can see
how the ResNet50, which is a heavy model from the start, is the one that occupies more
space in the disk, from around 200 MBytes up to more than 600 MBytes after training
6 tasks. The other configurations, using either a single layer or multilayer NN, are not
heavier than 100 MBytes after training with all of the available tasks. The multilayer
classifier is slighter heavier than the single layer. Moreover, it is important to note that
the ResNet-50 is working both as a feature extractor and classifier, while in the other
cases we have the DINOv2 functioning as the backbone (it is not copied every new
task), and the NN as the base network, which is copied for every column. Therefore,
in this case it would make more sense to use a combination of the foundation model
and a simple network, as they are much lighter than the full ResNet. As a last note, the
model size metric in this case behaves very similar to the GPU usage metric, given
that every time the code is run, the full network is moved to the GPU memory. That is
another reason why the ResNet-50 might not be suitable for mobile robotics, as its size
in disk and its GPU consumption is much higher than its alternative using DINOv2
and a simple NN classifier.

Regarding the training and inference average times per task in the bottom panels
(left and right, respectively) of Figure 19, there is not a clear better performance.
On the training phase, the single layer classifier appears to take around three times
more than the others. This might be explained because, as it is only composed by
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Figure 19: Results of accuracy (top left), model size (top right), and training (middle
left) and inference (middle right) time averaged per task for the 3 configurations of
backbones and base networks. The legend is in the bottom panel. The mean value
across all the tasks is plotted, accompanied by the standard deviation in a lighter shade.

one layer, the loss function takes longer to converge, while in the other cases it can
find a local solution much faster. On the inference phase, the difference between the
configurations is not notable, taking between 1 and 2 seconds to infer a whole task in
the worst cases. For this metrics, we could establish that is not feasible to have a very
long training time, in comparison with other set ups, although the training time is still
not too long for a real-world application and could be managed in other ways, as we
have stated before, e.g. parallelising the training.

Taking into account all the results, we summarised the positive and negative
aspects of each configuration in Table 6. While all of the models have a relatively fast

59



inference, the ResNet-50 seems to be the one occupying more space both in disk and
in the GPU memory, and the single layer configuration appears to take longer during
training. Additionally, the multilayer setting has a better performance in accuracy
terms, so we will continue using it for the rest of experiments. With these results,
we have validated the state-of-the-art DINOv2 tool, as we are able to use it in a
completely new context with practically no training nor fine-tuning to extract features
for images and then use them with a downstream classifier as simple as linear layers.
The ResNet-50 has been proven in the recent years to be reliable and accurate, but it
might not be suitable in a robotic context where the resources are limited.

+ [—
Fast training

ResNet-50 . Heavy model
Fast inference
. Fast inference .
DINOV2 + single layer Light model Slow training
Fast training
DINOV2 + multi layer Fast inference None measured

Light model
Best accuracy

Table 6: Comparison of the three different configurations tested for backbone and
base network in PNN, highlighting the positive and negative aspects of each.

4.1.4 Continual Learning performance

After choosing the parameters of the data transforms, the type of OOD method, and the
configuration of PNN in terms of backbone and base network, we can fully evaluate
the performance of the whole PNN framework with regards to the CL metrics using
the dataset collected from the TORO camera. In this way, we have made a series of
design decisions that were proven to be the best ones among the other possibilities,
but we need to put it all together and evaluate if the performance is cohesive and
efficient. To achieve so, we will run the complete PNN with different seeds on the
TORO dataset, with random images for the training, validation and testing sets each
time, and we will evaluate all the metrics per task: accuracy, GPU consumption, model
size, and training and inference time. The accuracy will include both the accuracy per
class and the OOD accuracy. Afterwards, we will be able to compute the CL metrics
described in Section 3.5.2: the total average accuracy, the average OOD accuracy,
and the BTW (BTW* and RE M). With all of these metrics, we will have a complete
vision of the PNN working in the TORO dataset and we will be able to complete the
whole continual segmentation framework.

Firstly, the class accuracy per task is shown in Figure 20. We plot the mean
accuracy of a test task after training with task 1 to task i, and in a lighter color,
we represent the standard deviation over different random seeds. It is clear that the
accuracy for the tasks before the train set has been trained is null, i.e., for task 2
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"lab_floor", the accuracy on the test set after training with the task 1 "dark_mat" is 0,
as the category has not been learned yet.

100 \
dark_mat: 0 :

100
lab_floor: 1

stones: 2

ramp: 3

100
blue_mattress: 4

100

pedestal: 5 /
0. : 3 z : :

0 1 2 3 4 5
Trained task ID

Figure 20: Accuracy results over the training of sequential tasks using PNN. The
tasks that have not been trained have an initial null accuracy. The mean values over
different seeds is plotted, and the standard deviation is depicted in a lighter shade.

The main objective of using PNN as algorithm is to prevent the catastrophic
forgetting, that is, the degradation of accuracy in a certain known task after training
with subsequent tasks. Generally, this is achieved, and the accuracy scores are
maintained after training with all the tasks. However, we can detect a clear decrease
on the "dark_mat" accuracy after training with the second task "lab_floor", from a
mean value of 97% score down to 71%. In order to understand why this happens, we
must look at images on the dataset belonging to both classes, because there seems to
be a similarity between them. In the Figure 15, the differences between both classes
are quite notable: the floor of the laboratory is formed by tiny stones tiles, while the
dark mat is a grey-ish furry carpet. However, under some circumstances of lightning
and due to the relatively low resolution of the TORO camera (640 x 480 pixels), they
might confuse the classifier. As an example, in the Figure 21 we present an example
of both categories — "dark_mat" on the top left and "lab_floor" on the top right. In
this case, they are visually very similar, almost indistinguishable even for a human

61



operator. Therefore, we may think that the decrease in accuracy in the "dark_mat"
class after training with "lab_floor" is justified, and it mainly depends on the similarity
between the images on the training sets of both categories.

[ o
S

e

| B

Figure 21: Examples of images belonging to "dark_mat" (top left), "lab_floor" (top
right), and "ramp" (bottom) classes. Terrains belonging to different categories might
be visually similar under certain lighting circumstances, or when the robot makes a
turn and the captured frames become blurry.

Regarding the rest of categories, we encounter accuracy scores ranging from
around 75% to 92%. The total average accuracy, OOD accuracy, and Backward
Transfer are shown in Table 7. The average accuracy is notable, around 79%, which
validates the power of the classification in CL. Additionally, there are no signs of
remarkable catastrophic forgetting, as the BWT is null and the RE M is a full 100%; the
only remarkable decrease in accuracy is explained by similar samples from different
categories on the dataset. As expected, the BWT™ is also null: the algorithm does not
have knowledge of unknown objects before training a head for them, so the transfer of
knowledge in a backwards way is not contemplated. Regarding the accuracy of the
OOD samples, it is around a 70%. The worst OOD accuracy values are found in the
"lab_floor" and in the "ramp" categories. Looking back at the examples in Figure 21,
those classes are very similar between each other. If we take into account that the first
task that is trained in all the experiments is "dark_mat", it might be understandable
that both "lab_floor" and "ramp" tasks are wrongly labelled as "dark_mat" instead of
unknown terrains. The complete accuracy matrices for both the in-distribution and
OOD sets are shown in Annex B.

Moving on to the metrics related to computational resources, in Figure 22 we
depict both the model size and the number of parameters. They increase linearly with
every task, because every time we train a new head the base network is copied and
the number of parameters that it has is added. The initial PNN has around 85.95
MBytes, and for each task, it is increased in 0.834 MBytes. Hence, after six tasks
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A  Agop BTW BTW* REM
78.86 70.78 0.00  0.00  100.0

Table 7: Average class accuracy, average OOD accuracy and Backward Transfer
values for the PNN method.

the weight of the network is around 90 MBytes. The same behaviour is presented
in the number of parameters, going from around 434 000 at the beginning up to 1.5
million parameters after training all the tasks, with an increase of 217 041 parameters
after adding a new column. Regarding the GPU memory consumption, it might vary
significantly depending on different factors in the training, such as the number of
images in the datasets or the number of columns in the PNN, but in average, this
experiment consumed between 800 MBytes and 1 GByte of GPU. These are not high
values, but we must keep them in mind when transferring the method to a mobile
robot with limited resources.
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Figure 22: Number of parameters and model size variations in function of the trained
tasks in PNN.

Finally, we expose the training and inference average times per trained task in
Figure 23, left and right panels, respectively. They depend mainly on the number of
images that the training and test set have, so that is why we observe a variation in
the times between tasks. In the case of the training time, it can vary from around 25
seconds up to 75 in the worst case. It might also depend on the randomness of the
training process, as sometimes it takes a little bit more of time to find the convergence
of the loss function. Looking at the inference times per task, they are the same
for a certain test set after training with every train set, ranging from a few tens of
milliseconds up to 1 second.

All these metrics support and validate the correct working of the PNN in the way
that it was designed. The training of different heads for different classes and using
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Figure 23: Average training time per task (left panel) and inference time per task
(right panel) in seconds. The variation between tasks correspond to the number of
images that the training and test sets have.

an OOD detection method enables a correct classification of 75% of the categories,
and 70% of the unknown objects are detected as such. The most probable reason
for these scores is that the dataset contains classes with images very similar visually,
so that even for a human they would be difficult to distinguish. In relation to the
computational resources, training a new object adds less than a MByte and the times
for training and inference are quite acceptable for an online setting. All in all, we think
that the performance of the PNN is notable and we accomplish to complete a method
for task-agnostic CL classification.

4.1.5 Progressive Neural Networks robustness

The last experiment in this set verses on the ability of the PNN to be robust, indepen-
dently of the number of tasks that it is trained on. In theory, the CL network does
not have a practical limit in learning terms, that is, we could potentially train infinite
tasks and the PNN would still work correctly. However, this might not be a realistic
experience, so it would be interesting to see the behaviour of the algorithm. Therefore,
we will run an experiment in which we will create pseudo-tasks formed by one image
generated randomly, and we will train the PNN with them. We will do so for 200
tasks and we will evaluate the model size, GPU usage, and time metrics. We will
not take into account the accuracy score in this case nor the CL metrics, because the
classification power of the method has already been evaluated using a real dataset
in Section 4.1.4. Instead, we will analyse how the PNN manages the computational
resources when training so many heads, to materialise if it is actually feasible to have
a large CL classifier.

In this regards, we display in Figure 24 the mentioned metrics. The model size,
in the top left panel, follows the same trend that the one exposed in Figure 22, but
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Figure 24: Results of the robustness experiment using PNN: model size per task (top
left), GPU utilisation per task (top right), and training (bottom left) and inference
(bottom right) times per task.

it encompasses a larger number of tasks. Therefore, the initial model size and the
increase in size per task are the same in both figures, and we can check how for 200
tasks, the model occupies around 250 MBytes. We consider that it is still a relatively
low number, and almost every mobile robotic system nowadays would be able to store
it. In terms of the GPU consumption, in the top right panel of the Figure 24, it also
increases linearly. However, it is worth noting that the amount of size occupied after
training a new task is not the same as the size of a new column. While a new column
is around 0.8 MBytes, the slope of the GPU utilisation plot is around 2.5 MBytes.
Therefore, after the 200 tasks, the method utilises from 900 MBytes of GPU, up to
almost 1.4 GBytes, an increase of around 0.5 GBytes. In terms of computational
resources, it is a huge change and we have to be very careful with this, as most of the
times the amount of available GPU memory is a limiting factor in a robotic system.
Concerning the algorithm times, they are displayed in the bottom panels of
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Figure 24. The inference time (bottom left panel) is roughly 0.1 seconds in all the
tasks, given that the test set only contains one image. However, the average training
time shows an increasing trend. The train set also contains a single image, so it is
interesting to see how the more images the set has, the more time it takes to train.
Nevertheless, the difference is very low, of below 10 seconds.

Taking all the results into account, we can conclude that it is possible to train a
very large working PNN classifier. The model size increases linearly with the number
of tasks, with a slope of 0.834 MBytes per task. Even though we are using a parameter
isolation CL method, the extra heads that we train with new tasks are not that heavy
and any mobile robotic system could potentially be trained with hundreds of tasks
with no problem. In terms of the GPU, we encounter the same behaviour but it might
be a limiting factor as the memory size that the network occupies increases in larger
steps than the model size itself. The inference average times are kept low in all the
cases, but the training times increase with the number of tasks. At least for a training
set consisting on one image, the variation in training time is not that remarkable, but it
should be a characteristic to take into account. Lastly, although we have not analysed
the accuracy of this experiment because we trained and tested with randomly generated
images, it is worth mentioning that we think that it might be the most limiting factor of
all. When training some tasks, we use the validation set to compute the in-distribution
anomaly scores and decide thresholds for identifying OOD samples. In Section 4.1.4,
we could see how some classes were confused with each other and OOD samples were
classified as known objects, because of bad lightning in some frames or quick camera
movements. In a huge dataset with thousand of different categories, for example,
it might be complex to have very visually different classes so that they do not look
similar under any circumstance. This might be a disadvantage of using the algorithm
with large datasets, but further work has to be done in this side.

4.2 Video sequences experiments

Once we have validated the performance and the classification power of the PNN, the
CL part of the method, we can join the segmentation tool and the learning network
in the same pipeline. Consequently, we have a complete method that puts together
SAM-Track, a powerful segmentor working as a foundation model that does not require
previous training and is aided by an efficient video tracker; and task-agnostic PNN,
a CL method that is able to classify the known objects in specific categories, and to
detect the unknown ones and train a new classification head for them.

As described in Section 3.4, the dataset collected using the TORO robot has 7
different annotated video sequences. Therefore, this experimentation part will focus
on running the full method on them. For that purpose we will firstly train a PNN
network wit random images belonging to the main walkable terrains and appearing in
other sequences different from the one that is being evaluated in each moment. With
the validation set, we will compute the in-distribution anomaly scores of the trained
categories, and we will suppose that the rest of objects of the dataset are considered as
unknown. In this case we do not create a test set, as we will be evaluating the output
of the segmentation tool for each frame.
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Thus, we will obtain two groups of results: quantitative results of the classification
performance of both known and unknown objects, and qualitative results of the both
the classification and the segmentation results. In this sense, we will expose in the first
place the accuracy scores for the different sequences and the different categories in the
dataset, and then we will compare some segmented and classified frames with correct
and wrong results. With this last set of experiments, out objective is to complete the
evaluation of the full locomotive perceptive method and ensure its correct working in
a real-world setting.

4.2.1 Quantitative results

In the first place, we will be able to compare the classification of the object in the
center point prompt in each frame to the annotation. We can obtain then an accuracy
score per class and a total average accuracy, depending on the number of correct
classifications among the total number of objects. We ran the method on the different
7 frame sequences, with random seeds and training with different combinations of
images per class, avoiding objects belonging to the sequence that we are evaluating.

When starting the method, the followed procedure is described in Figure 14. The
point prompt is located in the centre of the frame, that is, in (x, y) = (320, 240) pixels,
and the algorithm will always segment the object that contains the point prompt.
Afterwards, the classifier is run and a semantic label added to the object. If it is
identified as "Unknown", PNN trains a new column using the mask of the object and
learn its label, which is assigned by a human input. In the next frame, if the object
still contains the point prompt, the tracker is run and the same semantic label is kept;
otherwise the segmentation is run, and the described process is repeated.

At the end of the sequence, we have a dictionary with the label assigned to the
object containing the point prompt at every frame. This dictionary will be compared
with the annotations and we obtain the results in Table 8. There, we expose the
accuracy score of every category appearing in each sequence. We also compute the
average accuracy of the known objects (pre-trained known terrains) and the average
accuracy of the unknown objects (not pre-trained, learned online), plus the total
average accuracy at the bottom for each sequence. It is worth mentioning that the
classes are not balanced: some objects might appear in more frames than others.

There are multiple conclusions that can be drawn from the results obtained
segmenting and classifying the video sequences. Starting with the known terrains,
we encounter average accuracy scores from around 71% up to 93%, with an average
accuracy among all the sequences of 75.54%. These are notable results, and we can
deduce that the algorithm does not suffer from catastrophic forgetting. Even if we
are including new unknown objects to the PNN, the accuracy of the known object is
high in average and we can consider that the algorithm works efficiently as a simple
classifier. Among the different results, most of them are notable and expose the
good performance in classification terms. We find 3 extremely low scores: a 0% for
"blue_mattress" in sequence 2; a 41.18% for "dark_mat" and a 40% for "stones", both
in sequence 3.

The first case corresponds to a segmentation error, which we will comment in
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Sequences

1 2 3 4 5 6 7
dark_mat 73.78 80.29 41.18 86.32 80.52 6342 81.67
lab_floor 100.00 93.08 96.55 9549 9535 50.85 7422
stones 85.71 8250 40.00 82.86 98.00 94.44 85.71
ramp - 98.46 - 93.75 99.09 100.00 89.41
blue_mattress - 0.00 89.45 - - 100.00 66.67
pedestal - - 100.00 - - 99.51  90.00
AVg.PriOr o) 00 9714 7774 9309 8507 7114 76.15
categories
wall 100.00 7333  66.67  20.00 - - 75.29
PC_table - 96.97 - 99.29 - - 67.35
plane_wall - 100.00 85.71  89.57 - - -
extinguisher ~ 100.00 86.67 - 100.00 - - 82.61
cable - 87.50 - 66.67 - - 66.67
TV_mount 100.00 100.00 100.00 - - - 100.00
bistro_table - 98.75 - - - - 51.54
person - - - - 100.00 100.00  80.00
stand_board - 90.00 - 80.00 - - -
Avg. learned ) 00 9r66 8571  78.86 10000 10000 6833
categories
Total avg. 92.25 89.21 78.62 87.57 8545 7121 75.06

Table 8: Accuracy percentage for each category of the pre-learned and unknown
objects for every sequence collected from the TORO camera. The average accuracy
for both prior and newly learned categories is also shown, and at the bottom, the total
average accuracy per sequence. Note that the classes are not balanced.

Figure 25: Cropped objects detected in frames of the sequence 3, belonging to
"stones" (left) and a close-up of "lab_floor" (right) categories.

Section 4.2.2. The second and the third ones correspond to classification errors. In
both cases most of the times the terrains were mistakenly labelled as other category,
also other known terrains. The "dark_mat" was confused with "lab_floor" and "ramp";
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this recurrent error has already been described in Section 4.1.4. On the other hand,
the "stones" were identified as "lab_floor". Looking at the examples in Figure 25, we
see the segmented objects belonging to sequence 3: "stones" in the left panel and a
close-up of "lab_floor" in the right one. We train the PNN with cropped images with a
280 pixels resolution, and in these cases the pictures might look similar. Moreover,
the "stones" are first detected when the robot is performing a turn, so that the image
received from the camera is blurry. Taking into account that the "lab_floor" is described
as polished-stones tiles, the confusion between the two categories for this particular
case might be understandable.

Moving on to the unknown and learned objects, the average accuracy scores range
from 68% up to 100%, with an average accuracy among all the sequences of 84.75%.
For the newly learned objects we can find multiple perfect accuracy scores, which
is because we are explicitly indicating the semantic information of the object in the
frame, and that object might or might not appear again in other frame of the sequence.
We only identify a very bad score, of 20% in the "wall" category of sequence 4. This
category is specially confusing, as in the laboratory there are two different walls.
Moreover, depending on the segmentation tool, different parts of the wall might be
segmented, so it is complex to cut the object and also to classify it. In Figure 26 we
display two example frames where the object "wall" was segmented. We can see
how the segmentation covers different parts of the object in each case, and even if
the pictures look similar, the visual information is very little. A human with no other
context except from these frames would have difficulties to identify them as walls, so
it happens similarly for the method.

|

Figure 26: Cropped objects detected in frames of the sequence 4, belonging to "wall".

Apart from the mentioned case, in the Table 8 it is remarkable how well the
algorithm is able to detect unknown objects and learn them. Most of the accuracy
scores are notably high in the case of the learned categories, which demonstrates the
ability of the method to identify OOD samples. Lastly, we can find in the bottom
row the total average accuracy score for each one of the frame sequences. The values
range from 71% to 92%, which are great scores that validate the classification power
of the algorithm. They mean that most of the frames were correctly classified, and
the added semantic information was right. In the case of the known objects, we can
deduce that training with prior samples that might be similar to the objects in the
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sequence that is being evaluated produce generally very good results. We must take
into account that the sequences, even if they are not completely equal among them,
they are similar enough so that the objects detected in them are also detected in other
sequences. In regards of the unknown objects, the chosen OOD detection method has
a good performance, and training with just one or two samples the new categories is
not a problem for posterior classifications, as the accuracy scores are typically high.

We have encountered two other relevant problems during the execution of the
method. One of them is related to the OOD detection, even though it has generally a
good performance, it also fails from time to time. When detecting unknown objects,
some of them might be complex, e.g. "wall" exemplified in Figure 26, "bistro_table"
or "PC_table". We expose example frames showing the last two objects in Figure 27.
The "PC_table" is a table where the PCs that operate the robot are, so we can find a
lot of different components: cables, Wi-Fi router, screens, mouses, DLR logo, etc.
It is not only complex to segment it, but also to classify it as a whole single object.
It happens the same for "bistro_table", which can be differentiated in three parts:
metallic base, middle part and wooden top. In these cases, it might be necessary to
learn them multiple times, depending on which part the segmentation has identified.
Therefore, even if we encountered one of these objects in a previous frame, it might be
detected as unknown in a subsequent frame because the segmented part is new. This
can be solved creating new and more specific classes, that is, dividing the complex
objects in multiple, simpler ones.

In the same line, this can also happen with the pre-trained objects: an in-distribution
sample is detected as OOD. In this case, it is difficult to proceed: training a new head
might be a waste of time and computational resources, as the object has already be
learned. On the other hand, we can see it as an opportunity to expand a previously
learned class and add new information for a known category. This area of work,
training multiple heads for the same category, could be explored in future research
to see the advantages and disadvantages of doing so. In this thesis and during the
experiments, this situation has been presented in some frames, and we have proceed
to learn a new head for the category instead of skipping it for simplicity purposes.

Figure 27: Frames containing the "PC_table" (left) and "bistro_table" objects.

Continuing with the accuracy scores, we can also compute the confusion matrix
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of the classification for this part of the experimentation with the video sequences.
To calculate it, we took into account the true label and prediction of each frame for
different seeds in all of the 7 available sequences. The matrix is displayed in Figure 28
and, together with Table 8, they are the summary of the classification performance of
the proposed method. The true labels are presented in the y-axis, while the predicted
labels are in the x-axis. It is normalised by the total number of objects per category,
and the diagonal presents the percentage of correct classifications per class. In a blue
rectangle, we enclose the confusion matrix of the known and pre-trained objects, while
the complete matrix is the extended version that also includes the unknown and newly
learned objects.

The elements in the diagonal have high values, over 90% in most of the cases,
demonstrating a good classification performance of the PNN in almost every category.
There are 3 lower scores, corresponding to "dark_mat", "wall" and "bistro_table".
These categories and the issues in their classification have already been discussed in
this Section 4.2.1. Therefore, we can generally deduce that the classification using
PNN and the configuration of DINOv2 and a multilayer NN classifier results in a very
notable performance, which is evident in the final confusion matrix.

Lastly, it is important to also have into account the computational resources
consumed in this part of the experimentation. Regarding the GPU usage, the full
method including the segmentation and the classification parts started occupying
around 3 GBytes of GPU memory. With the increase of tasks, the model was also
occupying more and more GPU memory, similarly to what is seen in the top right
plot of Figure 24, up to around 6 GBytes in the sequence with more frames. This
quantity also depends on the models that we are using for each one of the parts of the
method. We described in Section 3.1.2 the models employed in the experimentation,
which were the heavier ones for segmentation and tracking, so that there is margin for
reducing the GPU usage in a real application. Regarding the training times, since the
training set of unknown categories only contain one sample (the current segmentation),
it was generally fast and did not last more than 30 seconds in the worst case. The
inference time was not high either, of tens of milliseconds. The method generally can
process in an online manner up to 10 fps, it is not extremely fast but it is enough to be
aware of the surroundings and perform segmentation and classification of the objects.
This value can also be alleviated by using lighter models of the segmentation and
tracking parts of the algorithm.

4.2.2 Qualitative results

The classification power of the whole method has been validated using statistical
values in the previous Section 4.2.1. However, there is little information on the visual
nature of the results that the method returns. For that reason, this Section will delve
into the qualitative aspects of the segmentation and the classification of the frames of
the video sequences recorded using the TORO camera.

Even though we are not exploring the segmentation results and the tool itself, it is
worth looking at the segmented and classified frames. In the following pages, different
frames are shown portraying a variety of results obtained using the proposed method.
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Figure 28: Confusion matrix representing the percentage of objects belonging to a
category i (true label) and predicted to be in group j (predicted label). The diagonal
represents the percentage of correct predictions per category. The confusion matrix
of the known pre-trained categories is enclosed in a blue rectangle, including from
"dark_mat" to "pedestal".

There are 4 groups: correct known and unknown objects, and incorrect known and
unknown objects. For comparison, the original frame is shown in the left panel,
while the resulting frame from the method is in the right panel. In order to visually
distinguish different outcomes, we use three colors in the output frame:

» Green: object is segmented and a known semantic label is added.

* Red: object is segmented but it is unknown.

* Blue: object is not segmented.
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Since we are using the point prompt mode and CL, that is, we are learning the new
objects directly when they are detected, we only have either green or blue objects:
green for the object containing the centre point prompt, and blue for the rest of the
frame. Other variations, such as using the method without learning, might include
results with "Unknown" objects and red colors.

Looking at the first results in Figure 29, four pairs of frames are displayed with
correct segmentation and classification of the objects in the centre point prompt. The
identified object is contoured and colored in green, while the rest of the frame is shaded
with a blue color. In the middle of the frame, where the point prompt is located, a
blue cross is drawn. The semantic label of the object is written above the cross in the
corresponding color and with a white background.

The next group of frames in Figure 30 show incorrect segmentation and classifica-
tion of known categories. In some cases, the mistakes are caused by a rapid movement
of the camera, so the segmentation is not good. Therefore, the classification is not
good either, so the first mistake is propagated through all the algorithm.

In Figure 31, there are frames containing a correct segmentation and classification
of previously unknown objects, that are learned online. In these cases, the contours of
the objects are more complex than the main terrains, but the algorithm manages to
identify them and assign the correct label.

Finally, in the Figure 32 we display examples of unknown objects whose segmen-
tation and classification are not correct. These cases were quite common, as mentioned
before, the unknown objects can have complex shapes that the segmentor is not always
able to detect correctly. Therefore, the classifier receives as input a distorted image,
and if it contains traces from other categories, it might be mistakenly assigned to
them. For instance, in the examples we have "wall" in the first pair of frames and
"bistro_table" in the third pair of frames, but they are not segmented nor classified
correctly because of the AprilTag. In the first case, it is detected as "pedestal”, which
also has a tag on it, and in the third case it happens the same but with the "wall"
category, which also has an AprilTag.

These examples prove the good performance of the algorithm. On one side, we
validate the segmentation and tracking tool, a foundation model that we have not
trained in order to make it work. Even though it is not perfect, the simplicity of the
algorithm to return more than acceptable results is impressive. On the other side
we have the CL method, that is able to receive the segmented images and assign
semantic information to them. This is all done in the same work pipeline, hence we
have designed and validated a perceptive method for continual semantic segmentation
in a mobile robotic systems.

More examples of segmentation and classification of consecutive frames are shown
in Annex D.
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Figure 29: Examples of correct segmented and classified frames with the known and
pre-trained terrains.
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Figure 30: Examples of incorrectly segmented and classified frames with the known
and pre-trained terrains. The correct labels would be, in order from top to bottom:
"dark_mat", "lab_floor", "stones", and "blue_mattress".
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Figure 31: Examples of correct segmented and classified frames with the unknown
objects.
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Figure 32: Examples of incorrectly segmented and classified frames with the unknown
objects. The correct labels would be, in order from top to bottom: "wall", "PC_table",
"bistro_table", and "cable".
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5 Conclusions and future work

In this thesis, we designed and integrated a Video Object Segmentation tool with a
Continual Learning (CL) algorithm, adding the semantics to the resulting objects and
also learning from the unknown. The aim of the method was to be used in a vision
system for mobile robotics, such as the TORO robot developed in Deutsches Zentrum
fiir Luft- und Raumfahrt. Having TORO in mind as a possible application of the
proposed method, we collected a dataset of the different terrains and objects that the
robot encounter in its walking sessions and that we could use for our experimentation.
It consists of six main walkable terrains and other nine objects that are visible by the
robot under some circumstances, and seven different video sequences as seen from the
TORO camera with a total of around 10 minutes of video.

In relation to our method, we started with two independent methods: Segment and
Track Anything for image segmentation, and Progressive Neural Networks for image
classification and lifelong learning. Our focus was in the integration of both methods
in a single framework, but we were specially centred on the CL part. The resulting
method, Segment and Learn Semantics (SaLS) works as an efficient and functioning
Continual Semantic Segmentation algorithm, and can be integrated in a locomotive
robot with the function of a perceptive system that helps the robot to be aware of its
vicinity so that it can interact accordingly with it.

In order to achieve this, we had to take some relevant design choices. In terms of
the segmentation tool, we decided to use a state-of-the-art algorithm whose objective
is to serve as the foundation model of many Computer Vision applications, that is, to
be used in different tasks with little to no training. This tool is Segment Anything, that
was joint with a powerful tracker, DeAOT, in the open-source project Segment and
Track Anything, so that it could segment objects in continuous streams of frames in
an efficient and accurate way.

Regarding the classification and learning, we decided to use a parameter isolation
method called Progressive Neural Networks, proved to alleviate the catastrophic
forgetting from which many CL algorithms suffer. However, this algorithm was aimed
to be used in a task-incremental setting, but knowing the task ID when inferring new
objects is usually not possible, so we had to convert the PNN in a class-incremental
method instead. To fulfill so, we decided to train a new column for every task: each
Neural Network that form the PNN is trained with objects belonging to only one
category. Consequently, when inferring a new object whose category we ignore, only
one of the columns returns a positive result and the object is identified belong to
the corresponding category. The other issue to tackle is how to know if an object
is unknown. For that reason we employed an Out-of-Distribution detection method,
MaxLogits, that uses the unnormalised output logits from the multiple NNs in the PNN
as anomaly scores. With these two modifications, we achieved a class-incremental
and task-agnostic CL algorithm.

In order to ensure and validate that the decisions taken in the PNN were pertinent, we
did some experiments comparing different settings for the input data transformations,
backbone and base network of the PNN, and OOD detection method. The results of
the first experiment showed that cropping the input images to a resolution around 300
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pixels is the optimal for having the best classification performance without overloading
the available computational resources. In the second experiment we compared a
reliable backbone, the ResNet-50 — commonly used in Computer Vision tasks as a
powerful feature extractor and for image classification — and another state-of-the-art
tool, DINOV2, also meant to be a foundation model for Computer Vision tasks in the
same way as SAM. DINOv2 was used as the backbone of the PNN accompanied by a
7-layer NN functioning as a linear classifier, and it demonstrated the best performance
over the different configurations for PNN, reaching the best accuracy while occupying
the least space in disk and GPU. In the third experiment we compared two different
OOD detection methods, MaxLogit and MSP, but the former had the best results with a
20% of FPR95 and over 95% for both AUROC and AUPR, having the Binary Cross
Entropy loss function as the training criterion.

Afterwards, we evaluated the performance of the PNN in a CL setting using the
dataset collected from TORO. The experiment resulted in an average accuracy across
all the tasks of 78.86% for the known classes, and 70.78% of the OOD samples were
correctly identified as unknown objects. No sign of catastrophic forgetting was shown,
with the only exception of a decrease in accuracy of one category after training a
second category because of their visual similarity under some circumstances, such as
poor lightning or rapid camera movements. This problem accompanied the results
in the rest of experiments, and the proposed solution when using the method is to
carefully examine the training and validation sets. We took random images in every
iteration, so that the results were not biased, but in a real setting it would be beneficial
to choose the most representative samples of each category for training and validation,
so that the confusions between categories are avoided.

We also wanted to see the performance of the PNN in an extreme case, that is,
when training a high number of tasks. We were mainly interested in the computational
resources consumed by the algorithm, and according to the results it is feasible to do
so. The model increases its size in disk with each column, as the base network is copied
for every new task, concretely 0.834 MBytes per task. Training 200 tasks increases
the size up to 250 MBytes, which we believe is not too much and almost every mobile
robotic system nowadays would be able to store it. However, the GPU memory is also
increased with every task, and in this case the slope is of around 2.5 MBytes per task,
so this might be the most limiting factor. Since we used random images to train in this
experiment because the total number of objects in the TORO dataset is low, it would
be interesting to see the accuracy performance in a huge dataset, such as IMAGENET.

Once the CL part is validated, we joined it with SAM-Track to create the full
pipeline with segmentation, classification and learning power. This method, Segment
and Learn Semantics, has also been evaluated using the seven different sequences
collected with the TORO camera. These sequences have been semi-automatically
annotated using SalLS, and this is an additional application of the algorithm. The
segmentation of the frames is automatic, and the user just needs to input the semantic
label of the object. With the help of the tracking, most of the subsequent frames do
not need to be manually labelled, so the method proposed in this thesis might be used
as a powerful video object annotation tool.

The evaluation of the method started with the processing of the sequences and
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continued with the posterior comparison of the classification results with the ground
truth. For the known, pre-trained main terrains, the average accuracy score among
all the sequences was of 75.54% of objects correctly segmented and classified in the
different sequences. The unknown objects, which were learned online, displayed
an average accuracy of 84.75%. Hence, the total average accuracy of the objects
appearing in the frames of the sequences were between 71.21% and 92.25%. These
scores validate completely the classification performance of the algorithm for the
majority of frames; not only the previously known objects display a notable score,
but also the newly learned objects. Some of the main classification errors that we
detected were also related to the similarity between some object frames, or due to the
complexity in the shape of unknown objects. It is worth noting that if an object is not
correctly segmented, the error will be propagated and the classification — which takes
the resulting masked object as input — will probably be wrong too. The confusion
matrix resulting in this experiment also demonstrated a remarkable performance,
with most of the categories being correctly classified in more of 90% of the cases.
Regarding the computational resources, by using the largest models for SAM and
DeAOT, only a maximum of 6 GBytes of GPU was used, and the training and inference
times were low, around 30 seconds and 0.1 seconds, respectively. These values can be
decreased if other segmentation models are used, but with the current configuration
SaL.S is able to process around 10 fps, so it could be implemented in a real-time system
that does not require extremely fast updates.

These results prove that the framework of Continual Semantic Segmentation works
with a notable performance. The computational resources required are limited by the
GPU availability, which is a fact to take into account for future applications, specially
in mobile robotics which may lack of GPU or have a small one. In our experiments,
we have not processed the data in the TORO robot, but we did so in a ground station
connected to the system and receiving the information from the camera. Ideally, it
would be beneficial to implement the method in the processing unit of the robot, so
that it can work in an independent manner.

We did an extensive analysis of the CL capability of the proposed method, and we
validated its performance in a collected dataset, using real images obtained from a
mobile robotic system. However, there are still some lines of research that would be
worth to have in mind. Regarding the segmentation tool, SAM-Track is a relatively
new method so there is still room for improvements and new implementations. For
instance, SAM is quite heavy and its processing time exceeds the expectations for
a real-time application. One way of alleviating this would be to use a lighter image
encoder, such as FastSAM or MobileSAM, which are projects that have decreased
the size of SAM with the handicap of also decreasing their encoding capabilities. It
would be interesting to try different segmentation tools, but we have proved with SAM
and DINOV?2 that these kind of algorithms can work as foundation models in a very
efficient way.

One relevant point in the segmentation side is the possibility of using different
modes and input prompts. For simplicity and in order to focus in the CL, we have
chosen a single point as prompt, but other possibilities include boxes, multiple points,
or even text prompts. Combining these with CL might be a fascinating line of research
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that we think could be explored in the future.

Regarding the PNN and the CL, there are also some interesting points that could
be further discussed and researched. There were different design decisions that had
more than one possibility, for instance, the conversion from task- to class-incremental
of the PNN, the configuration of backbone and base network, the OOD detection
method, or the whole CL algorithm. There are multiple methods for each one on
the mentioned aspects that could fit and be efficient in this context. As an example,
a CL method belonging to other family, such as the regularization group, could be
used instead of PNN. We chose PNN in the first stance because other works validated
its performance and it was proved to alleviate catastrophic forgetting, however, other
algorithms could work with the same efficient performance. Regarding the OOD
method, a more eflicient detection could be implemented by doing temperature scaling
and calibrating the anomaly scores.

Additionally, we mentioned that sometimes the method detected as unknown
some known objects, depending on the part of the object that was segmented or the
perspective of the camera. In these cases, we have the possibility to train another
new head for the same category, even though it is already supposed to be known, or
skip the training and keep the known object as unknown. The implications that both
options might have would be an interesting path of research, as they have different
implications and might impact the performance of the algorithm in different ways.

As a last note, we would like to address the possibility of integrating SaLLS as the
vision system in TORO. Due to the lack of time, we could not fully test the method
in the robot in real-time. For that purpose, in the method side it would be necessary
to add the data from the depth estimation sensor, as with only the semantics TORO
would not be able to compute how close or far the terrains are. It would signify a great
advancement for a vision system, since it would behave even more similarly to that of
a human: the robot would recognize a terrain, decide the walking parameters needed
to step over it, calculate the distance between it and itself, and adjust the foot step
accordingly.
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A TORO dataset images

Category Image Category
dark_mat plane_wall
lab_floor extinguisher
stones cable

ramp TV_mount

blue_mattress bistro_table

pedestal person
wall stand_board
PC_table

Table A1: Examples of each category of the dataset collected with TORO camera.
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B Continual Learning accuracy matrices

Apart from the accuracy results in the CL part of the method, shown in Figure 20, we
expose in the following sections the accuracy matrices for both the known categories
and for the OOD samples.

B.1 Class accuracy matrix

This Table B1 presents the accuracy values of the test set of task i after training from
task 1 to task j. Note that the elements above the diagonal are null, as there is no
backward knowledge transfer. A degradation on the accuracy of the test set of task 0 is
observed after training task 1, and after task 3.

a | T, T, T, T, T, T,
T,, | 9767 0 0 0 0 0
T, | 7267 6767 0 0 0 0
T,, | 7267 67.67 9189 0 0 0
T,, | 7133 67.67 91.89 8674 0 0
T, | 71.00 67.67 91.89 86.74 7685 0
T, | 71.00 67.67 91.89 86.74 76.85 80.00

Table B1

B.2 OOD accuracy matrix

The Table B2 displays the accuracy on the OOD samples after training with certain
task i and testing in the test sets of the subsequent tasks j. The diagonal and the
elements below it are null, since the tasks have already been trained and theit elements
become known for the PNN.

aooD Teo Tel Tez Te3 Te4 Tes
0 31.00 71.85 42.85 60.56 100.00
0 68.13 40.62 61.33 100.00
0 0 40.62 61.33 100.00
0 0 0 83.43 100.00
0 0
0

0

—_

)

0 0 100.00
0 0 0 0

N

SIS
OO O OO

w

Table B2
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C Segment and Learn Semantics pseudo-code

C.1 SalLS pseudo-code

As an extension of the SaLLS method diagram in Figure 14, we display here the
pseudo-code of the SaLLS algorithm.

Algorithm 1 Segment and Learn Semantics

1: for Every frame with index frame;;, do

2: if Automatic mode then
3: if frame;q, % sam_gap = 0 then
4: Run automatic segmentation
5: Track objects
6: Find new objects and update tracker
7: else
8: Track objects
9: end if
10: else if Interactive mode then
11: if Area around point prompt is not segmented then
12: Restart tracker
13: Run point prompt segmentation
14: Add object to tracker
15: else
16: Track object
17: end if
18: end if
19: Crop and save objects in mask
20: Run PNN to classify objects
21: if Unknown object/s then
22: Ask user for label/s
23: Train PNN with new object/s
24: Re-classify object/s
25: end if
26: Display or save segmented, classified frame
27: end for
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D Results on consecutive frames

Expanding the example results that have been shown in Section 4.2.2, we present in
this Annex some other results obtained after processing the different sequences with
SaLLS. We want to display consecutive frames from the same sequence, to illustrate
how the algorithm is able to detect different objects, in Figures D1, D2, D3 and DA4.
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Figure D1: Frames in sequence 2: the algorithm detects the change from "stones" to
"ramp", and classifies the terrains correctly.
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= blue_mattress

Figure D2: Frames in sequence 3: the algorithm detects the change from
"blue_mattress" to "plane_wall", and classifies the objects correctly.
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pedestal

Figure D3: Frames in sequence 6: the algorithm detects the change from "pedestal"
to "dark_mat", and classifies the terrains correctly.
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Figure D4: Frames in sequence 7: the algorithm detects the change from "lab_floor'
to "extinguisher", and classifies the objects correctly.
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