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Abstract

This paper presents a vision-only assistive navigation framework that couples real-
time panoptic segmentation with safe reinforcement learning to provide proactive,
collision-aware guidance for visually impaired pedestrians in dynamic urban environ-
ments using only RGB cameras on resource-constrained devices. The approach inte-
grates a lightweight bottom-up MobileNetV3-FPN panoptic segmentation model for
unified scene understanding, a ConvGRU module that predicts short-horizon dan-
ger maps from temporal mask sequences, and a multi-input policy that conditions
decision-making on both current semantics and anticipated risk. Safety is enforced
by a PPO-based controller trained under a constrained formulation (Lagrangian)
and supplemented at runtime with an action-shielding safety layer that filters un-
safe actions. The system is trained and evaluated in CARLA with domain diversity
from Cityscapes and Mapillary Vistas, emphasizing ethical, simulation-first valida-
tion and deployment feasibility on edge hardware. Experiments and studies indicate
that constrained PPO with action shielding reduces safety violations compared to
unconstrained PPO, while ConvGRU-based temporal prediction improves anticipa-
tory avoidance of dynamic obstacles, achieving a favorable speed—accuracy trade-off
for wearable use cases with the MobileNetV3 panoptic variant. The work contributes
an affordable RGB-only stack, a tightly coupled perception—prediction—control de-
sign for proactive safety, and a reproducible benchmark that surfaces limitations in
small-object instance quality and sim-to-real transfer, outlining targeted directions
for future refinement.

Keywords: assistive navigation, panoptic segmentation, ConvGRU, safe reinforce-
ment learning, action shielding, CARLA, vision-only systems.
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Nomenclature

The next list describes several symbols & abbreviation that will be later used within
the body of the document

* Convolution operation
) Safety threshold for action shielding

Label smoothing parameter or clipping parameter in PPO

M

y Discount factor in reinforcement learning

A, Estimated advantage in PPO

A Lagrange multiplier for constraint satisfaction
A Action space in MDP

S State space in MDP

® Element-wise multiplication

7 Policy function in reinforcement learning

o Sigmoid activation function

0 Policy network parameters

c(s,a) Cost function for safety constraints
hy Hidden state at time ¢ in GRU

J(m) Expected cumulative reward of policy
r(s,a) Reward function

T Reset gate in GRU

2 Update gate in GRU

AAL Ambient Assisted Living

AP Average Precision

AR Augmented Reality

ASPP Atrous Spatial Pyramid Pooling
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DQN Deep Q-Network

DSConv Depthwise Separable Convolution
ECA Efficient Channel Attention

FHWA Federal Highway Administration
FOV Field of View

FPN Feature Pyramid Network

FPS Frames Per Second

GAE Generalized Advantage Estimation
GRU Gated Recurrent Unit

LiDAR Light Detection and Ranging

LSTM Long Short-Term Memory

MDP Markov Decision Process

mloU Mean Intersection over Union

NMS Non-Maximum Suppression

PET Post-Encroachment Time

PQ  Panoptic Quality

RCMDP Robust Constrained Markov Decision Process
RNN Recurrent Neural Network

SLAM Simultaneous Localization and Mapping
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STGRU Spatio-Temporal Transformer Gated Recurrent Unit
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Chapter 1

Introduction

1.1 Background

According to the World Health Organization (WHO), over 2.2 billion people around
the world are suffering from severe sight loss or blindness [30], and these numbers
will keep getting higher as the population grows older. Because vision impairment
is strongly correlated with elderly people. Approximately 80% of the people with
blindness or visual impairment are aged 50 or above [47]. According to The American
Foundation for the Blind, individuals with low vision have “permanently reduced
vision that cannot be corrected with regular glasses, contact lenses, medicine, or
surgery.” People who can see only a portion of the scene are considered to have
partial vision. Good central vision with poor peripheral vision is also considered
partial vision. In most scenarios, blind people can see to some extent, and 15%
of that population has total blindness, which refers to total darkness [3]. They
generally have to rely on using a guide cane or to touch objects physically to sense
their location. However, it is very difficult for them to approximate the location of
moving objects. They must identify moving objects because they can arrive in their
way anytime without them sensing their presence. To be specific, blind pedestrians
encounter substantial difficulty in navigating their surroundings, resulting in reduced
independence and a greater risk of accidents.

The effects of this limitation are serious. Research shows that blind and visually
impaired pedestrians face significantly higher traffic risks than sighted pedestrians.
Studies indicate that approximately 50% of blind pedestrians experience at least one
traffic-related incident (near-miss or collision) annually, with inadequate auditory
cues and inaccessible intersection designs identified as primary contributing factors
[4]. According to the World Health Organization, road traffic injuries cause approx-
imately 1.19 million deaths annually, with pedestrians and cyclists comprising 26%
of those fatalities [56]. Visually impaired individuals represent a disproportionately
vulnerable subgroup within this population, particularly in urban environments lack-
ing accessible infrastructure [56]. These statistics demonstrate that current infras-
tructure and assistive technologies remain insufficient for ensuring pedestrian safety
among blind individuals.



1.2 Rational of the Study

This section discusses the significance and relevance of the research gap and its im-
pact. Vision-impaired individuals are not benefited from the current technological
advancement in (AR) and virtual reality (VR). These advancements should be used
to assist and guide them in their day-to-day lives. Even though this is a traditional
subject that has been studied for many years, research teams are always coming up
with new ideas and giving optimism that vision impairment won’t be a permanent
problem in the future. Assistive technologies aiming at easing travel are often di-
vided into three areas: electronic travel aids, electronic orientation aids, and position
locator devices, described by Elmannai et al.[20] as “devices that gather informa-
tion about the surrounding environment and transfer it to the user,” “devices that
provide pedestrians with directions in unfamiliar places,” and “devices that deter-
mine the precise position of their holder,” respectively. Attempts have been made
by launching some applications in the market, but due to their lack of user-friendly
interface and inaccuracy, they were deemed unsuccessful. Other existing models are
limited by light source and bulky hardware requirements.

This paper will explore how reinforcement learning and computer vision can improve
accessibility for those with visual impairments. Advancements in Al and reinforce-
ment learning can improve mobility and safety for visually impaired people. The
purpose of this work is to investigate how safe reinforcement learning can be used
to assistive navigation systems, guaranteeing that these technologies prioritize user
safety while still aiding navigation.

The need for blind people to benefit from sophisticated gadgets and systems of
navigation has led to the efficient and rapid development of brilliant systems for
navigation. From statistics compiled by the World View, there are an estimated
650,000 blind adults in Bangladesh. Approximately 1.53% of adults aged 30 and
older are bilaterally blind[2]. Many people in this population have difficulty in
moving, and more so in the congested and changing urban environment. The tradi-
tionally available navigation aids, including canes and guide dogs, are very limited
since their efficiency decreases significantly especially in areas which have high traf-
fic density and which require frequent crossing, for instance roads and pedestrian
bridges where vehicles, traffic signals, and other pedestrians are constantly in mo-
tion. Conventional approaches of guidance and orientation do not offer continuous
and/or context-sensitive directions; this is why there is a steady demand for sophis-
ticated techniques which would be able to accommodate the given context of safe
and reliable assisted navigation[44].

In principle, visually impaired people need various types of real-time data for nav-
igation, for example, object detection (pedestrians, cars, traffic signals), distance
measurement for the identification of the obstacles, scene understanding such as
the identification of road signs, or curbs. Though these data types are critical for
navigation assistance their collection and processing as well raises concern for user
privacy and security. To guarantee real-time response to the user, many assistive
technologies require capturing context-sensitive data which may make users vulnera-
ble to hackers or stalkers when such technologies capture environmental information
or user’s preferences[18].



Safe Reinforcement Learning (SRL) seems to be a viable solution addressing these
challenges. SRL is a type of machine learning that enables different systems to make
choices, but at the same time remain safe, which is perfect for applications inherent
in modern urban streets. Thus, on the basis of finding commonalities with the en-
vironment, SRL can improve navigation paths and minimize the risks affecting the
user[45]. At the same time, real-time navigation heavily relies on Computer Vision
(CV) to identify objects, measure distances and recognize complex scenes. Some
of the modern types of CV models such as You Only Look Once (YOLO) and Sin-
gle Shot MultiBox Detector (SSD) work well in matters concerning object detection
and distance estimation which is essential for navigation[39]. Despite these improve-
ments navigation systems still have drawbacks - the following are the drawbacks of
existing navigation systems. Most of the conventional assistants that are based on
smartphone applications are those that necessarily rely on some prior physical in-
stallation or system, or else on preprogrammed data, which makes them less efficient
if not always entirely unusable in the context of constantly evolving metropolitan
environments. Although models based on SRL are flexible, the approaches based
on these models are not suitable for the fast response to changing situations. CV-
based systems, however, encounter problems with varying lighting conditions and
frequently fail to perform data processing in real time[40].

1.3 Problem Statement

Blind and visually impaired individuals face life-threatening challenges when nav-
igating through busy urban streets filled with moving vehicles, uneven pavements,
and unpredictable pedestrians. Traditional aids such as white canes and guide dogs
provide limited spatial awareness, detecting only nearby obstacles and offering no
information about fast-moving dangers like cars or bicycles. Although GPS-based
navigation apps can guide users to a destination, they fail to interpret immediate
surroundings or detect dynamic obstacles, leaving users vulnerable during tasks such
as crossing roads or navigating crowded areas. These limitations often lead to near-
collision incidents or even fatal accidents, severely restricting the independence and
safety of visually impaired pedestrians.

While several smart technologies have been developed to improve navigation for the
blind, they remain far from practical or inclusive. Many rely on pre-mapped environ-
ments or costly sensor-based hardware that is unaffordable for most users, especially
in developing countries. Moreover, such systems often fail to function effectively in
changing lighting or traffic conditions, and they cannot interpret complex, real-time
urban scenarios. As a result, the existing solutions still fall short of providing a
reliable, context-aware, and affordable means of safe navigation—leaving millions of
visually impaired individuals exposed to daily risks in modern city environments.
This research asks a critical question:

“Can we combine Safe Reinforcement Learning with real-time Computer Vision us-
ing only cheap cameras to create a system that predicts dangerous situations before
they happen, keeps users safe through guaranteed collision prevention, and costs little
enough for everyone to use?”



1.4 Objective

The primary objective of this study is to design a vision-only safe navigation system
for visually impaired individuals using Safe Reinforcement Learning (SRL) and Real-
Time Computer Vision. The goal is to create a framework capable of understanding,
predicting, and avoiding potential hazards in dynamic urban environments, ensuring
both safety and autonomy.

e To design a lightweight paoptic segmentation network using MobileNetV3 and
bottom up approach that can identify critical classes such as roads, vehicles,
and pedestrians from RGB camera input. This visual understanding forms
the foundation for safe navigation without relying on LiDAR, GPS, or depth
Sensors.

e To implement a GRU-based temporal prediction mechanism capable of fore-
casting the future positions of dynamic obstacles. By predicting danger-prone
areas a few frames ahead, the agent gains short-term foresight, allowing safer
and smoother movement in changing environments.

e To combine the current semantic map with the predicted danger channel,
forming a multi-channel input that enables the agent to reason about both
present and upcoming risks. This fusion enhances the spatial and temporal
awareness required for safe real-time decision-making.

e To train a Proximal Policy Optimization (PPO) agent augmented with a safety
layer that sends 4 discrete actions (left, right, forward, stop) and prevents
unsafe actions during learning and deployment. The agent will be trained
in the CARLA simulator, ensuring adaptive and collision-free navigation in
complex traffic conditions.

e To assess the trained model’s performance using metrics such as collision rate,
path efficiency, inference time, and generalization capability. The results will
validate whether the system can ensure reliable, real-time navigation and set
a benchmark for future assistive navigation technologies.

1.5 Methodology in Brief

This study adopts a simulation-based experimental design to evaluate the effec-
tiveness of a vision-only navigation system for visually impaired individuals. The
research integrates computer vision for real-time perception and safe reinforcement
learning for decision-making in dynamic urban environments, allowing controlled
yet realistic assessment of navigation performance.

The system’s perception is built using MobileNetV3 with DeepLabV3 to generate
semantic segmentation maps of the environment. A GRU-based temporal prediction
module forecasts future positions of moving obstacles, producing a predicted danger
map. These outputs are fused into a multi-channel representation that serves as
input to a PPO agent augmented with a safety layer, ensuring collision-free navi-
gation while respecting predefined safety constraints such as maintaining minimum
distances from pedestrians, vehicles, and obstacles.

4



Figure 1.1: System Architecture.

Quantitative evaluation focuses on both perception and navigation metrics. Ob-
ject detection performance is measured using mean Average Precision (mAP@0.5),
while reinforcement learning performance is assessed via loss function, collision rate,
path efficiency, and average reward per episode, providing insights into navigation
accuracy, lagrangian cost, and adaptability in dynamic scenarios. The methodology
ensures risk-free testing in simulation, maintaining ethical standards while enabling
realistic evaluation of the system’s capabilities.

1.6 Scopes and Challenges

The scope of this study focuses on developing a vision-based safe reinforcement
learning (SRL) navigation system that provides real-time feedback to users, partic-
ularly individuals with visual impairments, enabling safe and effective navigation
in dynamic environments. The system integrates MobileNet-based computer vision
(CV) models for detecting both static and moving obstacles, and leverages Con-
vGRU networks to predict the temporal dynamics of moving objects. Feedback
is delivered through auditory and haptic channels, and the system prioritizes data
privacy and security, ensuring user information is protected during operation.

The approach combines SRL and CV methodologies: the SRL agent learns safe
navigation policies in complex urban environments with dynamic obstacles, while
MobileNet-based CV models are trained on large datasets to detect and estimate
distances to objects under varying lighting and weather conditions. The ConvGRU
predicts near-future states of moving obstacles, enabling proactive avoidance. Post-
training, the system will be evaluated in real-world scenarios to assess its efficiency,
adaptability, and safety.

Several challenges are anticipated. Real-time processing of high-dimensional visual
and temporal data while maintaining low latency is computationally demanding.
Dynamic environments, including moving crowds, traffic, and lighting variations,
may reduce detection and prediction accuracy. Ensuring robustness and generaliza-
tion across diverse urban settings remains difficult. Maintaining user privacy and
data security, along with providing accurate and timely feedback through SRL and
ConvGRU predictions, is critical for safe, practical deployment.



Chapter 2

Literature Review

2.1 Preliminaries

Developing a vision-based safe navigation system for autonomous agents requires a
combination of perception, decision-making, and predictive modeling. This section
introduces the fundamental concepts that enable such a system to operate effectively
in dynamic, real-world environments. It begins with techniques for understanding
complex visual scenes, followed by methods for learning optimal behaviors through
interaction. Special attention is given to strategies that ensure safety during learning
and execution, as well as approaches for predicting future states of dynamic elements
in the environment. Finally, the simulation platform that allows safe training and
evaluation of these methods is presented. Together, these foundations provide the
theoretical and practical basis for the design, training, and validation of a safe,
vision-guided navigation agent.

2.1.1 Image Segmentatio

Semantic segmentation involves classifying each pixel in an image into a predefined
category, such as road, sky, or pedestrian. While effective for understanding the
general layout of a scene, it treats all objects of the same class identically, lacking
differentiation between individual instances. On the other hand, instance segmenta-
tion distinguishes between separate thing class (countable objects). For example, it
can differentiate between two cars in the same category. But, instance segmentation
can not categorize stuff (backgrounds) class objects. However, panoptic segmenta-
tion combines the strengths of both semantic and instance segmentation. It assigns
a unique label to every pixel, distinguishing between different instances of thing class
and categorizing all objects (e.g., stuffs, things) into semantic classes. This unified
approach offers a comprehensive understanding of a scene, making it particularly
useful for applications requiring detailed scene interpretation.

Furthermore, a bottom-up approach in computer vision starts from low-level el-
ements, like pixels and edges, and gradually builds up to recognize objects and
scenes. Unlike top-down methods that rely on predefined models, bottom-up ap-
proaches learn directly from the raw visual data. This is especially important in
dynamic and unpredictable environments, allowing systems to adapt in real time.
In panoptic segmentation, bottom-up strategies enable faster processing and greater



flexibility compared to computationally intensive top-down methods. For example,
Panoptic-DeepLab uses a bottom-up approach to achieve state-of-the-art results on
datasets like Cityscapes and Mapillary Vistas [28].

2.1.2 Temporal Model With Gated Recurrent Unit (GRU)

A Gated Recurrent Unit (GRU) is a recurrent neural network architecture designed
to model temporal dependencies in sequential data while mitigating the vanishing
gradient problem that plagues standard RNNs. Introduced by Cho et al. [9], GRUs
employ two gating mechanisms—the update gate z; and reset gate r,—to regulate
information flow across time steps. Mathematically, given input x; and previous
hidden state h;_1, the GRU computes:

re =o(Wexy + Uphy_q) (2.1)
for the reset gate, which determines how much past information to discard;
hy = tanh(Whay 4+ Up (11 © he_1)) (2.2)
for the candidate hidden state;
zp =o(W,xy + U.hy_q) (2.3)

for the update gate, which balances retention of previous state versus incorporation
of new information; and finally

ht = (1 — Zt) @ ht—l + Zt @ iLt (24)

for the updated hidden state, where o denotes the sigmoid function, ® represents
element-wise multiplication, and W, U are learnable weight matrices. This architec-
ture requires fewer parameters than Long Short-Term Memory (LSTM) networks
while maintaining comparable performance on sequence modeling tasks.

For vision-based navigation tasks, Convolutional GRUs (ConvGRUs) extend
standard GRUs by replacing fully connected operations with convolutional layers,
enabling spatial feature preservation across temporal sequences. In ConvGRU,
all weight matrices W and U become 2D convolutional kernels (W, W,., W, and
U.,U,,Uy), and operations are performed via spatial convolutions (x) rather than
matrix multiplications:

z=0W,xx,+U,*xhy_q) and 1, =c(W,*xx;+ U, xhy_q) (2.5)

This formulation allows the network to process sequences of spatial feature maps—
such as semantic segmentation masks or BEV representations—while maintaining
spatial structure and sharing parameters across pixel locations. ConvGRUs have
demonstrated superior efficiency over 3D CNNs and Transformers for capturing
long-range temporal dependencies in video segmentation tasks, as they accumulate
temporal context in recurrent hidden states rather than requiring prohibitively deep
architectures or attention mechanisms with quadratic complexity. For autonomous
navigation systems processing temporal sequences of semantic masks or obstacle de-
tections, ConvGRUs provide an optimal balance between computational efficiency
(lower memory footprint than LSTMs, faster than Transformers) and representa-
tional capacity for modeling dynamic scene evolution over extended time horizons.

7



2.1.3 Reinforcement Learning and Safety

Reinforcement Learning (RL) is a framework where an agent learns to make
sequential decisions by interacting with an environment, mathematically modeled as
a Markov Decision Process (MDP). An MDP is defined as the tuple (S, A, P,r,7),
where S represents the state space, A the action space, P(s'|s,a) the transition
probability, r(s, a) the reward function, and v € [0, 1) the discount factor [27]. The
goal is to find a policy 7(a|s) that maximizes the expected cumulative reward:

Z’ytr(st, at)] ) (2.6)

When the state or action space becomes large or continuous, representing value
functions using a discrete state-action table becomes infeasible. To handle such
high-dimensional spaces, neural networks (INNs) are employed as function ap-
proximators for value functions or policy mappings, enabling RL to scale to complex
real-world problems such as autonomous driving or visual navigation. However, this
scalability introduces new safety challenges, as uncontrolled exploration in continu-
ous environments can lead to dangerous or irreversible outcomes during both training
and deployment.

To address safety concerns, RL is extended into the Constrained Markov Decision
Process (CMDP) framework, defined as (S, A, P,r,c,d,~y), where ¢(s,a) is a cost
function representing unsafe behaviors, and d denotes the maximum allowable ex-
pected cost [13]. The CMDP optimization problem is formulated as:

thn] , st E; Z'ytct] <d. (2.7)
t=0

t=0
Through Lagrangian relaxation, a multiplier A > 0 transforms the constrained
problem into:

J(m) =E,

max J(m) = E,

L(m,\) = J(7) — A(EA[C] — d), (2.8)

allowing gradient-based optimization while maintaining constraint satisfaction. This
formulation underpins safe policy gradient methods such as Proximal Policy Op-
timization (PPO) [22]. PPO improves stability by introducing a clipped surrogate
objective that prevents large policy updates:

LCUP(9) = E, [min(rt(ﬁ)/lt, clip(r,(6),1 — e, 1+ €)A,)] (2.9)

where 74(0) is the policy probability ratio between new and old policies, and A, is
the estimated advantage. By constraining policy changes, PPO achieves a balance
between exploration and stability, making it widely used in safety-critical applica-
tions.
Building upon the CMDP foundation, Safe Reinforcement Learning (Safe RL)
introduces mechanisms to ensure safety during both exploration and execution.
Rather than penalizing unsafe actions after they occur, Safe RL proactively pre-
vents constraint violations in real time [23]. A notable method is Action Shield-
ing, where a safety layer evaluates each candidate action a; through a risk function
S(sy,ar). If S(sy,a;) exceeds a predefined threshold ¢, the action is replaced with a
safer alternative:

a, = arg I(?eiﬂ S(si,a). (2.10)
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This results in a safe policy expressed as:
Tafe(als) = w(a|s)I[S(s,a) < d], (2.11)

ensuring that only safe actions are executed. Such proactive safety mechanisms
enable RL agents to operate reliably in real-world domains, including autonomous
driving, robotic manipulation, and assistive navigation for visually impaired indi-
viduals.

2.1.4 Carla Simulator

CARLA (Car Learning to Act) is an open-source urban driving simulator designed
for autonomous driving research, supporting development, training, and validation
of driving agents in realistic, flexible environments [19]. It provides a wide range
of functionalities including configurable sensor suites (RGB, depth, semantic seg-
mentation, LiDAR, etc.), and supports dynamic environmental conditions such as
weather changes, time of day/lighting variation, and road surface changes. The
simulator also models traffic with multiple vehicle behaviors (traffic lights, obeying
rules, lane changes) and crowd /pedestrian agents with Al-driven walking behaviors,
enabling interactions with moving agents in urban scenes.

Because CARLA allows full control over scenario complexity, it is ideal for study-
ing vision-based navigation under varying conditions, including dynamic obstacles,
occlusions, and environmental perturbations. In your work, CARLA’s support for
dynamic weather & lighting, Al pedestrian crowd simulation, and traffic generation
gives you a robust testbed for safe RL navigation under realistic constraints.

2.2 Review of Existing Research

This part aims to focus on the past relevant work done in the field of assistive living
for individuals with visual impairment in the context of Safe Reinforcement Learning
and Computer Vision. Different frameworks and models have been analyzed and
discussed how a visually impaired individual could benefit from it while navigating
in an urban area. This review will further critically assess the limitation of the
current approaches in order to improve on those shortcomings.

The research paper [36] discusses a system utilizing deep reinforcement learning
(DRL) combined with ultrawide-bandwidth (UWB) beacons and voice feedback to
help avoid obstacles and provides feedback to an intuitive interface to the visually
impaired people. This system focuses on both indoor and dynamic pedestrian en-
vironments which uses SLAM (Simultaneous Localization and Mapping) framework
to help the robot determine its path and navigate safely. The UWB beacons are
installed for a path and helps the robot to calculate its location with high accuracy
to determine the most optimal way to navigate through checkpoints. Despite the
DRL model learning how to navigate through dynamic environments, UWB beacons
must be pre-installed in the environment, which makes the system less adaptive to
new or unfamiliar environments. Furthermore, this paper mentions dynamic human
obstacles but does not account for large scale environments which includes dynamic
cars, road signs, traffic signal and so on.



The pursuit of effective Electronic Travel Aids (ETAs) for the visually impaired be-
gan with foundational systems focused on the primary challenge of collision avoid-
ance. Early work, such as the wearable obstacle detection system developed by
Benjamin, Ali, and Schepis (2001), represents this initial paradigm. Their approach
utilized infrared sensors to detect the presence and proximity of objects in the user’s
path, translating this data into tactile or auditory feedback. While pioneering in its
effort to provide real-time environmental information, the scope of such systems was
limited to rudimentary obstacle detection [1]. They could alert a user to an impend-
ing object but lacked the ability to provide any semantic context, leaving the high
cognitive load of interpreting the environment and making complex navigational
decisions entirely on the user.

Over the past two decades, the field has been transformed by advancements in ar-
tificial intelligence and computer vision. A comprehensive review by [41] captures
this technological shift, detailing the transition from basic sensory substitution de-
vices to sophisticated, intelligent systems. The authors highlight the pivotal role
of deep learning, particularly Convolutional Neural Networks (CNNs), in enabling
modern ETAs to perform complex perceptual tasks. These include not just obstacle
detection but also semantic segmentation for understanding different terrain types,
object recognition to identify key environmental features like crosswalks and doors,
and monocular depth estimation to build a 3D understanding of the scene from a
single camera. This body of work establishes the current technological foundation,
demonstrating that deep learning provides the necessary tools for rich, real-time
environmental interpretation.

Building directly on these deep learning foundations, the system proposed by [35] of-
fers a practical implementation of a modern ETA. Their device functions as a ”smart
cane” that integrates real-time object detection with depth information to provide
users with intuitive and context-aware guidance. By leveraging pre-trained models,
the system can identify a wide array of common urban obstacles and landmarks, such
as vehicles, pedestrians, and staircases, and communicate this information effectively
to the user. This work serves as a prime example of a semantically aware navigation
aid. However, its decision-making logic remains fundamentally rule-based; it reacts
to detected objects according to a fixed set of pre-programmed instructions. While
highly effective, this approach lacks the capacity to learn from experience or adapt
its guidance to novel environments or the specific preferences of an individual user,
highlighting a key limitation of non-adaptive systems.

To address the rigidity of rule-based logic, recent research has pivoted towards adap-
tive decision-making using Reinforcement Learning (RL). The work by [58] exem-
plifies this cutting-edge approach by training an autonomous robotic guide dog to
navigate complex environments. In this framework, the navigation agent learns
an optimal policy by mapping its visual inputs directly to movement commands
through continuous interaction with its surroundings, guided by a reward signal
that encourages safe and efficient goal completion. This represents a significant leap
towards truly intelligent and personalized assistance, as the agent can develop more
sophisticated and flexible navigation strategies than could be explicitly programmed
by a human. However, this approach also introduces the primary challenge of con-
ventional RL: a reliance on trial-and-error learning, which is inherently unsuitable
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for applications where human safety is paramount. The system’s focus on goal
achievement, with safety treated as a component of the reward function rather than
a strict constraint, underscores the critical need for a more robust safety framework
in adaptive navigation aids.

Further exploring the domain of real-time computer vision for assistive navigation,
the system proposed by [10] demonstrates a foundational approach centered on im-
mediate environmental perception. Their framework utilizes an RGB-D camera to
capture both color and depth information, which is processed to detect floor planes,
identify potential obstacles, and calculate safe walking paths. The guidance is de-
livered to the user through auditory feedback, translating complex visual data into
intuitive directional commands. This work underscores the importance of real-time
processing and reliable depth perception as core components of any ETA. However,
similar to other systems of its era, its logic is inherently reactive and non-adaptive.
The system navigates based on a fixed set of rules for obstacle avoidance and does
not possess the capability to learn from user interactions or adapt to the nuances of
previously unseen environments, highlighting the need for more intelligent, learning-
based navigation strategies.

Addressing the limitations of rule-based systems, [48] introduce a navigation paradigm
based on Reinforcement Learning (RL), specifically using a Deep Q-Network (DQN)
algorithm. Their work shifts the focus from simple obstacle avoidance to goal-
oriented, adaptive pathfinding within a simulated environment. The RL agent learns
to navigate by taking actions (e.g., moving forward, turning) based on its current
state and receiving rewards or penalties, allowing it to develop an optimal policy for
reaching a destination safely and efficiently. This approach represents a significant
advancement towards creating ETAs that can learn and adapt. The primary limita-
tion, however, is its implementation within a simulation. While this is a necessary
first step for safely training an RL agent, it raises critical questions about the model’s
ability to transfer its learned knowledge to the complexities and unpredictability of
the real world—a challenge known as the ”sim-to-real” gap.

Recognizing that sophisticated perception and navigation logic must be paired with
an effective user interface, the work by [43] focuses on the crucial role of the feedback
system. Their research investigates and develops a multimodal feedback interface
that combines auditory cues with haptic (vibrational) feedback to convey detailed
environmental information. The system uses computer vision to detect obstacles
and landmarks, then translates this information into a rich set of signals, such as
directional vibrations in a wearable belt and spatialized audio alerts. By engaging
multiple sensory channels, this approach aims to reduce the cognitive load on the
user and provide a more intuitive and immersive understanding of their surround-
ings. This research highlights that the ultimate success of an advanced navigation
aid depends not only on the intelligence of its algorithms but also on its ability
to communicate its insights to the user in a clear, timely, and non-overwhelming
manner.

The application of machine learning to assistive technologies has matured into a
diverse and impactful field, as surveyed in a recent review by [53]. This work pro-
vides a broad overview of the current landscape, mapping out the various ways ML
is being deployed to enhance accessibility for the visually impaired. The author
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highlights several key domains, including real-time object recognition for environ-
mental awareness, advanced text-to-speech for accessing written information, and
intelligent navigation systems for independent mobility. This comprehensive anal-
ysis establishes that machine learning is no longer a peripheral technology but a
central pillar in the development of modern ETAs, providing a suite of powerful
tools to address long-standing accessibility challenges.

Exemplifying the practical application of these advanced tools, [54] present a ” Smart
Assistive Stick” that leverages deep learning-based computer vision. Their device
integrates a camera to capture the user’s immediate environment and employs a
sophisticated detection model to identify specific hazards and points of interest,
including obstacles, potholes, and crosswalks. This perceptual information is then
relayed to the user through a combination of vibrational and audio feedback. This
research serves as a clear demonstration of how abstract deep learning capabilities
are being successfully engineered into tangible, user-centric devices that significantly
improve real-time safety and situational awareness during ambulation.

To further enhance the reliability of such systems, research has also focused on the
principle of sensor fusion. The navigation aid developed by [42] showcases this ap-
proach by integrating data from multiple sources. Their system combines a camera,
for rich visual perception processed by a YOLO object detection model, with an
ultrasonic sensor for robust proximity detection. This multimodal design creates a
more resilient and dependable system, as the ultrasonic sensor can effectively com-
pensate for the inherent limitations of computer vision in challenging conditions like
poor lighting or when faced with textureless surfaces. This work highlights a critical
trend towards building ETAs that are not only intelligent in their perception but
also robust and reliable across the wide spectrum of real-world environments.

Assistive devices for visually impaired people can be often expensive and uncomfort-
able to use. To address this, research paper[37] proposes DeepNAVI, a smartphone-
based portable navigation assistant which uses deep learning to provide detailed
information about position, type, distance and motion status of an obstacle. The
EfficientDet-Lite4 model, a convolutional neural network (CNN) pre-trained with
ImageNet database for classification, detects objects in real-time, estimates the po-
sition and recognizes the motion. Additionally, it recognizes and classifies the en-
vironment to 20 common scene types for indoor and outdoor environments. The
instruction output is delivered through the audio. To enhance offline connectivity,
the model collects dataset from the user by capturing images from the user envi-
ronment. This can lead to privacy concerns regarding the potential collection of
sensitive data. The paper [37] also fails to provide a solution to a potential data
breach where the device is lost or stolen. Using smartphone cameras as input and
EfficientDet-Lite4 as detection models may have limited functionalities in low-light
environments.

A relevant topic of assistive technology for the navigation of visually impaired in-
dividuals is this research paper [50]|, which employs a custom safe reinforcement
learning framework for mobile robot navigation in dynamically dynamic environ-
ments, ensuring both safety and efficiency. The agent is trained in an environment
featuring both static and dynamic obstacles. The safety constraints set in this frame-
work stops the agent from taking unsafe action. The agent continuously adapts its
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path predicting the movement of the obstacles to avoid collisions. The navigation
policy ensures the robot seeks the most optimal path involving minimal risk of col-
lusion with the obstacles. The main goal of the paper [50] was to remove the conflict
of exploration and exploitation. However, the model might not be functional in a
complex environment where there are safety concerns other than avoiding obstacles.
When it involves navigating for blind individuals, the average speed must also be
faster.

The research paper [12] explores the idea of an affordable and efficient navigation aid
for visually impaired people. The system focuses on detecting static and dynamic
objects in real-time using a RGB camera and depth sensor of Microsoft Kinect
capture. The depth image is processed and divided into vertical lines, for which a
Distance Along Line Profile (DAP) graph is generated. The processed images then
undergo further analysis such as movement detection and edge detection: which
categorizes the scene into different classes. While the system is effective in an indoor
environment, the Kinect sensor struggles in a setting where the unfavorable lighting
[8] of an outdoor environment. Furthermore, the detection range of the system is
limited to 800mm — 600mm, which is insufficient for outdoor urban areas. Moreover,
the system does not have a real-time feedback mechanism for the visually impaired
users.

This paper[55] proposes a mobile application using machine learning algorithms
and computer vision techniques to implement text recognition, object detection
and currency detection. It introduces Reward Sequence Distribution conditioned
on the starting observation and predefined action sequence(RSD-OA) to capture
task-relevant information without visual distractions, in which the existing Visual
Reinforcement Learning(VRL) shows degraded performance. The proposed CRESP
significantly improves generalization performance in unknown environments and out-
performs the state-of-the-art methods. This system is designed to solve the problem
of accessibility of the technology for the market and adds haptic feedback for object
detection if the user is too close. It also provides an added feature of currency de-
tection which removes the problem for recognizing old, changed or foreign currency.
It is a paper made based on demand on the market analysis of such assistive tech-
nology. The proposed system seems to give limited attention to dynamic terrains,
traffic lights, traffic signs and moving vehicles and pedestrians.

In this paper[32], the proposed system uses a robotic walker(ISR-ATWALKER) that
was validated in both virtual and real environments to help in navigation for users
with gait disorders. The paper developed a two-stage approach that combines re-
inforcement learning(RL) with rapidly-exploring random tree(RRT) algorithms to
enhance the safety and efficiency of navigation based on object detection. It was
made to find safe terrains based on the user’s intent providing full control of the
movement until obstacles are detected. In dangerous scenarios where obstacles are
detected, corrections are computed to avoid collisions. This system needs to adapt
to varying needs and capabilities of users to ensure a personalized and effective nav-
igation experience. The two-stage approach lacks real-time adaptability in changing
environments where obstacles may appear suddenly. The real-time processing is
crucial in this system which possesses the issue of catastrophic failure in confusing
lighting conditions. The robot walker approach is power consuming which limits the
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distance the user can travel.

According to the paper[26], Reinforcement Learning(RL) for safety strategies in
Ambient Assisted Living(AAL) applications enhance the quality of life for cognitive
impaired and Alzheimeirs individuals through intelligent support and monitoring.
This approach defines a recovery process from dangerous situations through real-
time QQ-learning that ensures the AAL system can adapt to unpredictable and ir-
rational behavior of the patients. It’s a prototype for an intelligent agent that can
recognize dangerous situations and take recovery steps like turning off a heater and
sound alarm. The system has been tested in a simulated environment with various
dangerous situations and the agent responds effectively by continuously learning
and updating its strategies real-time reducing the need for pre-defined, static safety
measures. The system was trained for specific situations and possesses the concern
of information security issues. It seems to have the possibility of failure for large
scale processing in complex and dynamically changing larger environments.

The research paper by Kirillov et al. [28] introduces Panoptic Segmentation (PS), a
novel computer vision task that unifies semantic and instance segmentation. This
approach assigns each pixel in an image both a class label (e.g., “road,” “car”)
and an instance ID, creating a more comprehensive and coherent understanding
of the scene. The paper argues that by treating “stuff” (amorphous regions) and
“things” (countable objects) in a unified manner, PS overcomes the limitations
of previous methods where semantic and instance segmentation were treated as
separate tasks, which could lead to contradictory outputs. To evaluate this new task,
the authors propose the Panoptic Quality (PQ) metric. The primary application
discussed is autonomous driving, where a complete and detailed understanding of
the environment is crucial for safe navigation. While the paper establishes a strong
foundation for this unified task, it primarily focuses on introducing the concept
and the evaluation metric, with less emphasis on the limitations of specific models
implementing this approach.

The research paper by Cheng et al. [31] presents Panoptic-DeepLab, a single-shot,
bottom-up system for panoptic segmentation designed to be simple, strong, and fast.
The system’s bottom-up architecture first assigns a semantic label to every pixel and
then groups pixels belonging to “thing” categories into distinct instances. This is
achieved by simultaneously predicting instance centers and regressing the offset from
each foreground pixel to its corresponding center, which allows for a simple grouping
operation. A significant impact of this efficient, single-pass design is its suitability
for edge computing, as it can achieve near real-time inference speeds (15.8 frames per
second) when paired with a lightweight backbone like MobileNetV3. This provides
a strong speed-accuracy trade-off for applications on resource-constrained devices.
However, achieving the highest accuracy requires heavier backbone networks, which
substantially reduces the inference speed, making it less viable for real-time edge
applications. Additionally, the paper notes that the bottom-up approach can strug-
gle with large objects, sometimes incorrectly segmenting them into multiple smaller
instances due to large scale variation within the scene.

This paper dives into the use of dilated convolutions for multi-scale context ag-
gregation in semantic segmentation [11]. Unlike traditional classification networks
that rely on pooling and downsampling, the authors propose a context module that
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expands the receptive field exponentially without reducing resolution. By stacking
layers with increasing dilation rates, the network captures global context while pre-
serving spatial detail—crucial for dense prediction tasks. The module is plug-and-
play, compatible with existing architectures, and significantly boosts performance
when added to simplified front-end models. The authors also re-examine adapta-
tions of classification networks for segmentation, showing that removing unnecessary
pooling layers and using dilated convolutions improves accuracy. Experiments on
Pascal VOC 2012 demonstrate that their simplified front end, combined with the
context module, outperforms prior models like FCN-8s and DeepLab, even without
structured prediction. This work is foundational for your CARLA RL+CV pipeline,
as it justifies using dilated convolutions to maintain resolution while expanding con-
text—Xkey for detecting dynamic obstacles in urban navigation.

This paper dives into semantic video segmentation using a Spatio-Temporal Trans-
former Gated Recurrent Unit (STGRU) that combines optical flow warping with
adaptive gating mechanisms to propagate labeling information across video frames
[21]. The authors address the computational challenge of processing large video
datasets by augmenting static CNN architectures with recurrent layers that tempo-
rally fuse semantic estimates from unlabeled frames. Their methodology employs
a modified GRU where the reset gate incorporates flow confidence measures com-
puted by comparing consecutive warped images, allowing the network to adaptively
weight temporal propagation based on motion certainty. Tested on CityScapes and
CamVid datasets, the GRFP (Gated Recurrent Flow Propagation) model achieved
69.4% mloU by leveraging five temporal frames, demonstrating 0.7-1.0 percentage
point improvements over static baselines while maintaining temporal consistency
with 85% label stability across trajectories. The end-to-end trainable architecture
enables joint optimization of recognition, optical flow, and temporal propagation
modules, though computational costs remain significant at 335ms per frame with
high-quality optical flow estimation.

This paper explains a lightweight CNN-GRU architecture for real-time road segmen-
tation in autonomous vehicles, achieving 86.91% Fl-score on KITTI benchmarks
while operating at 50 frames per second [25]. Unlike traditional encoder-decoder
networks requiring extensive computation, the authors frame road segmentation as
a semantic captioning task where GRU networks process spatial sequences of CNN-
extracted features to predict road boundaries. The architecture introduces coordi-
nate channels alongside RGB inputs to exploit spatial coherence in road positioning,
implements shallow 11x11 convolution kernels followed by 1x1 layers for efficient
feature extraction, and employs bidirectional GRUs with 256 hidden neurons to cap-
ture left-right context. A pyramid prediction scheme handles scale variance between
near and far road regions by separately processing cropped and scaled image frames.
With only 2.79 million parameters and 1.97 gigaFLOPs—dramatically fewer than
StixelNet’s 6.82M parameters and 43.0G FLOPs—the model achieves comparable
accuracy with 91.24% precision and 4.39% false positive rate, demonstrating the
efficiency advantages of recurrent architectures over fully convolutional approaches
for structured perception tasks in resource-constrained embedded systems.

This paper explains a Geo-ConvGRU framework that addresses temporal depen-
dency limitations in Bird’s-Eye View (BEV) segmentation by replacing 3D CNN
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layers with Convolutional Gated Recurrent Units augmented with geographical
masking [57]. The authors demonstrate empirically that 3D CNNs exhibit bounded
performance improvements as temporal receptive fields expand beyond 4-5 frames,
while ConvGRU achieves consistent accuracy gains with extended sequences at sig-
nificantly lower computational cost compared to Transformer-based alternatives like
BEVFormer. The core innovation involves substituting fully connected layers in
standard GRUs with convolutional operations to process spatial features, formulated
as: z; = o(W,* fy+ U, * h;_1) for the update gate, r, = (W, x f; + U, x hy_1) for the
reset gate, and hy = (1 —z)h,_1 + 2:hy for the hidden state update, where * denotes
convolution. Additionally, a geographical mask Mge, derived from camera intrin-
sic/extrinsic parameters suppresses invalid voxels—those without corresponding 2D
pixel projections during BEV transformation—thereby mitigating spatial noise in-
troduced during temporal fusion that causes false predictions for moving objects.
Evaluated on NuScenes dataset across three tasks (semantic segmentation, instance
segmentation, and map prediction), Geo-ConvGRU achieves 1.3%, 0.9%, and 0.8%
improvements over state-of-the-art methods respectively, while maintaining 6.4 Hz
inference speed with only 19.8-hour training time compared to BEVFormer’s 64.3
hours and 1.9 Hz, demonstrating superior efficiency-accuracy tradeoffs for real-time
autonomous driving applications.

This paper elaborates on safe autonomous navigation in CARLA using Deep Q-
Networks with semantic segmentation and depth cameras for obstacle detection.
The study demonstrates collision-free navigation by preprocessing sensor outputs to
reduce state space complexity before feeding into the RL model. The hierarchical
architecture separates braking decisions from steering control, achieving high suc-
cess rates across multiple trajectories. Key relevant contributions include the sensor
fusion approach combining segmentation with depth information, and the two-stage
decision model (braking vs. driving) that mirrors safety-aware control. However,
shortcomings include simulation-only validation, limited algorithm comparison be-
yond DQN, and lack of temporal prediction for dynamic obstacle trajectories [46].

This paper dives into systematic analysis of reinforcement learning approaches for
autonomous driving in CARLA, revealing that model-free methods like PPO dom-
inate the field (80%+ of studies). The review critically examines safety limitations
in current RL approaches, identifying that most methods lack formal safety guar-
antees and struggle with constraint satisfaction during exploration. Key relevant
findings include: PPO’s widespread adoption for continuous control, the challenge
of designing effective reward functions that balance task performance with safety,
and the prevalence of vision-based observation spaces using semantic segmentation.
The survey identifies action shielding and constrained RL as emerging solutions for
safety-critical navigation. Major shortcomings across reviewed literature include in-
adequate temporal reasoning for dynamic obstacles, poor sim-to-real transfer, and
absence of formal safety verification mechanisms during training [59].

This paper talks about formalizing safe exploration through Constrained Markov
Decision Processes (CMDPs), where safety requirements are specified separately
from task objectives using auxiliary cost functions. The authors propose action
shielding mechanisms that evaluate action safety before execution, filtering unsafe
actions through hard constraints—conceptually similar to action-specific pixel safety
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evaluation. They benchmark PPO with Lagrangian constraint enforcement, demon-
strating that adaptive penalty methods more reliably satisfy safety constraints than
direct constrained optimization (CPO). The Safety Gym environments separate re-
ward functions (task performance) from cost functions (safety violations), enabling
explicit measurement of constraint satisfaction during training. However, limita-
tions include simulation-only evaluation, challenges with complex locomotion un-
der constraints, and lack of temporal prediction for anticipatory safety, which your
GRU-based approach addresses [29].

This paper dives into a formal mathematical framework for reinforcement learning
problems where safety is a primary concern. It introduces efficient policy gradient
and actor-critic algorithms designed for risk-constrained environments, represent-
ing risk with metrics like Conditional Value-at-Risk (CVaR). For our project, this
provides a principled way to implement our "PPO with safety layer” by defining
collision-free navigation as a formal probabilistic constraint that the algorithms can
directly optimize. However, a notable limitation is that the algorithms are validated
on less complex problems than CARLA’s dynamic environment, and the conver-
gence proofs only guarantee finding locally optimal policies, which may not be the
absolute best solution for your agent [24].

This paper elaborates on an algorithm named Constrained Proximal Policy Op-
timization (CPPO). It tackles the exact challenge of enforcing safety constraints
within PPO efficiently by using a novel, first-order method that avoids the complex-
ity of traditional techniques. The approach reframes the problem into a two-step
process: first calculating a safe policy, then updating the current policy towards
that target. While this offers a streamlined way to train an agent, it is important
to note that the paper is a preprint that has not undergone full peer review, and
its effectiveness is demonstrated in standard benchmark environments that may not
fully capture the unique challenges of vision-only navigation in a complex simulator

like CARLA [49].

This paper introduces algorithms for Robust Constrained Markov Decision Processes
(RCMDPs), which can help address the ”sim-to-real” gap. It talks about ensuring
a policy is safe not just in its training environment but also robust to uncertainties
and changes in the real world. The core idea is to train the policy against an ”adver-
sary” that finds the worst-case version of the environment, making the agent more
resilient. While this could enhance your agent’s robustness, the proposed adver-
sarial training approach is computationally intensive, which may conflict with our
goal of a lightweight architecture. Furthermore, it introduces the added complexity
of training a second, adversarial policy, which can be difficult to tune and stabilize
during training [52].

This paper introduces a formal method for ensuring safety in reinforcement learning
by synthesizing a "shield” from a temporal logic specification. The shield operates
independently of the learning agent, either by preemptively offering only safe actions
or by monitoring and correcting the agent’s choices if they violate the specification.
This creates a hard separation between safety enforcement and reward optimization.
While this provides strong safety guarantees, its primary shortcoming is its reliance
on a pre-existing, accurate abstraction of the environment’s dynamics. For complex,
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high-dimensional, or unknown environments, creating such a faithful model upfront
is often impractical or computationally prohibitive, which significantly limits the
method’s applicability in real-world scenarios where system models are not readily
available [15].

This work proposes ”dynamic shielding” as an extension to handle black-box envi-
ronments where a system model is not available beforehand. The approach learns an
approximate system model online, in parallel with the reinforcement learning agent,
and uses this evolving model to construct and update the safety shield. This allows
the agent to foresee and prevent unsafe actions based on its growing experience.
However, the method’s effectiveness is constrained by the quality of the learned
model. Early in training, the model is sparse and inaccurate, which can cause the
shield to be overly conservative, preventing necessary exploration and sometimes
leading to longer training times compared to unshielded methods. The process also
introduces a non-trivial computational overhead for continuously learning the model
and updating the shield [38].

This paper introduces the Xception architecture, a powerful and efficient convolu-
tional neural network model built upon the principle of depthwise separable convo-
lutions. The work is founded on the insightful hypothesis that cross-channel and
spatial correlations in feature maps can be effectively decoupled. This allows stan-
dard convolutions to be replaced by a more efficient sequence of a depthwise convolu-
tion (which acts on each channel independently) and a pointwise convolution (which
combines the outputs). This design choice dramatically reduces computational cost
and the number of model parameters without sacrificing performance. The paper
demonstrates the strength of this architecture, showing that Xception outperforms
the highly influential Inception V3 architecture on large-scale image classification
tasks, thereby establishing depthwise separable convolutions as a cornerstone of
modern, efficient deep learning models [17].

This paper presents the highly influential DeepLab system, which makes significant
strides in semantic image segmentation. Its key contribution is the introduction of
(ASPP), an innovative module that addresses the critical challenge of segmenting
objects at multiple scales. ASPP utilizes parallel atrous (dilated) convolutions with
varying rates to capture rich, multi-scale contextual information from feature maps
efficiently. This allows the network to robustly understand both fine-grained de-
tails and the broader scene context. The paper also successfully integrates a fully
connected Conditional Random Field (CRF) as a post-processing step. This hybrid
approach elegantly combines the rich feature hierarchies of deep neural networks
with the fine-grained localization accuracy of probabilistic graphical models, lead-
ing to sharp and accurate object boundaries [16].

This paper proposes ECA-Net, a novel and exceptionally lightweight Efficient Chan-
nel Attention module that significantly boosts the performance of deep convolutional
neural networks with negligible computational overhead. The work cleverly improves
upon prior channel attention mechanisms by demonstrating that avoiding dimen-
sionality reduction and employing a local cross-channel interaction strategy is highly
effective. This is ingeniously implemented using a fast 1D convolution whose kernel
size is adaptively determined based on the channel dimension. ECA-Net stands out
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for its simplicity and efficiency, proving that substantial performance gains can be
achieved without the complexity and computational burden of more sophisticated
attention mechanisms. It provides a flexible, plug-and-play module that enhances
model performance across a variety of vision tasks [33].

2.3 Summary of Key Findings

From the above discussion, it is observed that most of the existing research focuses
on assistive technologies for the visually impaired using similar approaches as in de-
signing navigation systems for different purposes. However, one must consider the
unique challenges faced by visually impaired pedestrians for reading road markings,
traffic signals, and moving objects in a dynamically changing environment with
changing light. Traditional assisted navigation aids that depend on pre-installed
infrastructure or lack real-time adaptability are not well-suited for these dynamic
settings. Furthermore, navigational areas may be complex with both static and
dynamic obstacles, they require solutions that can provide real-time feedback and
adapt to constantly changing surroundings. In addition, the existing models have
the risk of user data breach while accessing personal data for personalization based
on user and environment. Therefore, the approaches to assistive navigation should
not be limited to static object detection but should extend to real-time, adaptive
systems capable of handling dynamic urban elements, such as moving vehicles and
pedestrians, to ensure safety and mobility for the visually impaired along with pro-
tected user data.

The purpose of this assistive navigation model is to ensure safe optimized navigation
for visually impaired pedestrians in the urban environment. In order to achieve
that the model needs to take images of the environment as input. The navigation
instruction received by audio or haptic feedback would be the output. The entire
model can be broken down into two separate part: Image processing and Decision
making. 4.1 provides a simplified view of the model design.
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Chapter 3

Requirements, Impacts and
Constraints

3.1 Final Specifications and Requirements

The primary objective of this project is to develop a safe navigation system for a
visually impaired pedestrian agent in urban environments using vision-only rein-
forcement learning. The functional requirements were defined to prioritize collision
avoidance and goal-oriented movement in dynamic scenarios. The system must pro-
cess RGB camera inputs (512x1024 resolution, 90° FOV) mounted on the agent’s
head, perform real-time semantic segmentation using MobileNet-based + FPN 19
object classes trained on Cityscapes, and predict future obstacle positions using a
ConvGRU network with 5-10 frame temporal windows. The RL agent, implemented
with Proximal Policy Optimization (PPO) through Stable Baselines3, must support
four discrete actions (stop, forward, left, right) and incorporate a safety layer that
filters unsafe actions by analyzing action-specific pixel regions from the augmented
semantic mask. Technical specifications include CARLA simulator version 0.9.16 or
higher, Python 3.12+4, PyTorch for deep learning components, and OpenCV, PIL for
image processing. The system must achieve a success rate exceeding 80% in reaching
navigation goals while maintaining collision rates below 10%, with inference running
at minimum 10 FPS to ensure real-time responsiveness.

Non-functional requirements emphasize robustness, safety, and computational effi-
ciency to align with real-world assistive technology standards. The system must
comply with ISO 9241-171 guidelines for accessibility software and follow ethical Al
principles outlined in IEEE’s Ethically Aligned Design framework, particularly re-
garding autonomous systems that assist vulnerable populations. Performance con-
straints include maximum latency of 50ms per decision cycle, memory usage un-
der 4GB to enable deployment on edge devices, and stable operation across varied
weather conditions and urban layouts in CARLA’s Town01-Town03 environments.
The ConvGRU prediction module must be pre-trained on 5,000-20,000 supervised
trajectory sequences using both DICE and Focal Loss before integration into the
end-to-end RL pipeline. Safety constraints mandate that the post-policy safety
layer must override any action predicted to result in collision based on semantic
obstacle detection thresholds (> 0.1 for static obstacles, > 0.5 for predicted danger
zones). All training procedures must ensure reproducibility through fixed random
seeds, and the system architecture must support future extension to monocular
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depth estimation for fully vision-based distance computation, moving toward elim-
inating dependence on CARLA’s API position data. For future implementation of
a device, surround sound cues along with haptic feedback will be used to guide the
user of their surroundings.

3.2 Societal Impact

This project addresses critical societal challenges in mobility and independence for
the 2.2 billion people worldwide with visual impairments, as reported by WHO. By
developing vision-only safe navigation technology, the system has the potential to
significantly enhance quality of life by enabling autonomous urban travel without
constant human assistance, reducing social isolation and promoting workplace in-
clusion. From a health and safety perspective, the collision avoidance mechanisms
directly protect users from physical harm in dynamic traffic scenarios, while the
predictive danger detection reduces cognitive load and navigation-related anxiety.
However, safety concerns exist regarding system reliability—false negatives in obsta-
cle detection could lead to injuries, necessitating rigorous testing before real-world
deployment and clear user warnings about system limitations.

3.3 Environmental Impact

Implementing a vision-only safe RL pedestrian in CARLA has modest environmen-
tal impact when developed responsibly. Simulation-based training reduces need for
physical trials, lowering emissions and resource use compared with real-world data
collection. Compute energy from model training (segmentation, GRU, PPO) is
the primary footprint; we mitigate it via efficient architectures (MobileNet, com-
pact GRU), mixed-precision training, and reuse of simulated datasets. Transfer
experiments should minimize physical prototyping and follow proper disposal of
hardware. Overall, simulation-first design offers sustainable development benefits,
but researchers must monitor and report compute energy, optimize training, prefer
carbon-aware eco-friendly resources, and prioritize renewable energy sources when-
ever possible.

3.4 Ethical Issues

Designing a vision-only safe-RL pedestrian entails ethical concerns and professional
duties. Safety and reliability are paramount: developers must prevent harm by
rigorous testing, conservative deployment, and human oversight. Privacy arises if
real-world data are collected—ensure consent, anonymization, and lawful handling.
Bias and fairness require diverse scenarios to avoid unsafe behavior for particular
groups. Transparency, explainability, and clear documentation of limitations, failure
modes, and datasets are professional obligations. Researchers must avoid overstat-
ing capabilities, disclose environmental costs, and follow legal /regulatory standards.
Finally, plan for responsible reuse and mitigate misuse by sharing code, data, and
safeguards under appropriate licenses, and engage diverse stakeholders.
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3.5 Standards

This project adheres to three critical standards to ensure safety, accessibility, and
ethical deployment of the vision-based navigation system. First, ISO 9241-171:2008
(Ergonomics of human-system interaction — Guidance on software accessibility) [7]
establishes the foundational requirements for assistive technology design, ensur-
ing the system interface and functionality accommodate users with visual impair-
ments through appropriate feedback mechanisms and fail-safe protocols. Second,
the Federal Highway Administration’s (FHWA) Safety Surrogate Assessment Model
(SSAM) [6] provides formal acceptance criteria through established conflict thresh-
olds: Time-to-Collision (TTC) of less than 1.5-2.0 seconds and Post-Encroachment
Time (PET) of less than 1.5 seconds, which our system must maintain below the
violation rate per kilometer including the upper 95% confidence interval. Third,
IEEE P7001 Standard for Transparency of Autonomous Systems [34] guides the
implementation of explainable Al decision-making in our PPO safety layer, ensur-
ing that action-filtering logic is auditable and interpretable for safety validation.
These standards collectively frame the technical requirements, safety benchmarks,
and ethical considerations that govern our development methodology and establish
measurable compliance criteria for real-world deployment readiness.

3.6 Project Management Plan

A two-month project schedule divides tasks into phases: setup and data collection
(1 week), segmentation model training (2 weeks), ConvGRU prediction development
(1 week), RL integration and safety-layer implementation (2 weeks), simulation
experiments and ablation studies (1 week), and evaluation and documentation (1
week). Team: one lead researcher, one research engineer, one data annotator, and
two advisors. Management: weekly sprints, biweekly reviews, version control, a
risk register, and milestone-based deliverables to ensure timely progress. Regular
stakeholder demos and budget reviews are planned.

3.7 Risk Management

Risk management in this project prioritizes safety, transparency, and system re-
liability throughout both the simulation and model training lifecycle. Since the
reinforcement learning (RL) agent is trained exclusively within the CARLA simula-
tor [19], all exploration and policy adaptation occur in a controlled, risk-free virtual
environment, eliminating the possibility of real-world harm. This aligns with the
ISO 9241-171:2008 standard on accessibility and ergonomic interaction, ensuring
that all algorithmic decisions are validated through safe, user-centric feedback chan-
nels before deployment. Additionally, adherence to the FHWA Safety Surrogate
Assessment Model (SSAM) thresholds—Time-to-Collision (TTC j 1.5-2.0 s) and
Post-Encroachment Time (PET j 1.5 s)—guides our collision-avoidance evaluation
and risk quantification.

Primary technical risks include unsafe policy exploration, poor generalization from
simulated to unseen environments, ConvGRU prediction failure under novel dy-
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namics, and cascading segmentation errors. To mitigate these, the Proximal Policy
Optimization (PPO) agent [22] is equipped with a safety layer conforming to IEEE
P7001 principles of transparent and interpretable decision logic. The layer enforces
action shielding [23], which filters high-risk actions before execution, ensuring that
the agent never violates safety constraints during learning or inference. Additional
mitigations include (i) domain randomization across CARLA towns, weather, light-
ing, and traffic densities, (ii) cautious online fine-tuning using small learning rates,
and (iii) ensemble averaging and temporal smoothing to stabilize predictions.

Operational risks—such as compute cost overruns, dataset bias, and inadequate in-
cident logging—are mitigated through contingency budgeting, routine bias audits,
and secure data governance frameworks. The entire training and validation pipeline
remains simulation-only, and all deployment candidates are subject to offline safety
verification and institutional ethical review prior to any real-world application. Col-
lectively, these measures ensure that the Safe RL navigation framework operates
within strict safety, accessibility, and transparency constraints, minimizing both
technical and ethical risks.

3.8 Economic Analysis

This project prioritizes computational efficiency through strategic architectural choices
that enhance accessibility and deployability compared to existing solutions. By
employing lightweight MobileNet-based semantic segmentation instead of resource-
intensive backbones like ResNet-101, combining with parameter-efficient PPO rein-
forcement learning and memory-lean GRU temporal modeling, the system achieves
real-time performance on edge hardware platforms such as Qualcomm Snapdragon
processors without requiring specialized GPUs. Furthermore, relying solely on RGB
camera inputs rather than expensive LiDAR sensors significantly reduces hard-
ware requirements while maintaining robust perception capabilities. These design
decisions collectively enable deployment on consumer-grade mobile computing de-
vices, democratizing access to advanced assistive navigation technology and facil-
itating broader adoption in resource-constrained environments where conventional
autonomous systems remain impractical due to computational and hardware de-
mands.
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Chapter 4

Proposed Methodology

4.1 Design Process or Methodology Overview

The design process for this research is fundamentally guided by the primary objec-
tive: to develop a safe and reliable navigation system for visually-impaired users as
a pedestrian that can operate effectively on a computationally constrained, battery-
powered wearable device. This core constraint necessitates a dual-axis evaluation
methodology where every architectural decision is judged simultaneously on its
safety guarantees—both during the model’s training phase and in real-world de-
ployment—and its computational efficiency, measured by metrics such as end-to-
end latency, frames per second (FPS), and power consumption. Consequently, our

methodology is structured around a comparative analysis of model families whose
performance metrics are known to correlate with downstream safety outcomes. We
selected Panoptic Quality (PQ) for its ability to provide a unified understanding
of a scene, mean Intersection over Union (mloU) for its precision in assessing free-
space, and Average Precision (AP) for its accuracy in detecting individual agents.
These perception metrics are paired with surrogate safety thresholds adopted from
established traffic safety engineering practices, specifically Time-to-Collision (TTC)
of less than 1.5-2.0 seconds and Post-Encroachment Time (PET) of less than 1.5
seconds, which serve as indicators of critical conflicts. These thresholds are not ar-
bitrary; they are standard in the Federal Highway Administration’s (FHWA) Safety
Surrogate Assessment Model (SSAM) and are utilized as formal acceptance criteria
for our final design. The chosen system must maintain a violation rate per kilometer,
including its upper 95% confidence interval, below these established limits.

4.2 Preliminary Design

To identify the optimal architecture, we evaluated eight distinct perception—planning
alternatives. The evaluation framework was comprehensive, assessing each alterna-
tive against a suite of metrics: perception accuracy (mAP, mloU, PQ), task per-
formance (goal-reach rate, path inefficiency), user comfort (jerk, hard-stops), and
deployment viability (FPS, latency, power).

On the perception front, we compared several model families. While semantic-
only segmentation models like DeepLabv3+ offer excellent free-space delineation
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Figure 4.1: System Architecture.

(82.1% mloU on Cityscapes), they lack the ability to distinguish individual agents
in crowded scenes. Instance-only segmentation improves agent separation, but fails
to specify background affordances crucial for alignment with curbs and sidewalks.
Panoptic segmentation models, which unify ”things” (dynamic agents) and ”stuff”
(static background), proved most compelling. We evaluated two primary panoptic
variants: a lightweight Panoptic-DeepLab with a MobileNetV3 backbone (54.1 PQ @
15.8 FPS) optimized for real-time performance on wearables, and a heavier variant
with an Xception-71 backbone (65.5 PQ) offering superior accuracy at a higher
computational cost.

A standard PPO baseline offers stable on-policy learning via a clipped surrogate,
but it does not directly satisfy a cost limit, which motivated constrained alterna-
tives for a safety-focused application. PPO-Lagrangian introduces an adaptive dual
variable that balances reward and cost to meet a target budget on safety bench-
marks, whereas CPO uses trust-region constrained updates aimed at tighter adher-
ence to cost limits during learning. To further reduce residual violations, a runtime
safety shield filtered unsafe actions at execution time, complementing CMDP train-
ing signals with deployment-time safeguards. Classical modular stacks and planners
available in CARLA served as reproducible baselines for comparison with the RL
controllers under identical scenarios and metrics.

Environment development began with a custom bird’s-eye-view pipeline from monoc-
ular depth using MiDaS, whose robust cross-dataset relative depth is intentionally
scale/shift ambiguous, complicating metric BEV construction and downstream plan-
ning. To reduce complexity while gaining realism, controllability, and repeatability,
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training and evaluation were moved to CARLA, which offers configurable sensors,
weather, traffic, and standardized urban driving tasks suited to both modular and
RL-based stacks [19].

For trajectory reasoning, an initial GRU that consumed centroids and velocities ex-
tracted from semantic masks underperformed because it discarded pixel-level spatial
context critical in cluttered scenes. A ConvGRU was adopted to model spatiotem-
poral features on 2D maps by convolutional gating, improving fidelity at the cost
of higher computation during training. To retain accuracy while controlling cost,
feature maps were downsampled before ConvGRU layers, yielding faster training
while preserving essential spatial structure for prediction and control [51].

Figure 4.2: Process Visualization.

4.2.1 Simulation Results

Simulations were conducted separately, which was configured to stress-test failure
modes relevant to pedestrian navigation, including crowded sidewalk navigation,
crossings with variable driver compliance, and scenarios with occlusions. The results
confirmed the superiority of the panoptic segmentation approach.

Table 4.1: Perception (Computer Vision) Baselines from Standard Datasets

Model (Family) Backbone PQ | mIoU | Notes

Panoptic-DeepLab (panoptic) | MobileNetV3 | 54.1 — Near-real-time performance;
good unified scene understanding
at low compute.
Panoptic-DeepLab (panoptic) | Xception-71 | 65.5 | 84.2 | Higher accuracy and stronger in-
stance separation; heavier com-
pute footprint.

DeepLabv3+ (semantic) Xception — 82.1 | Excellent free-space segmenta-
tion; lacks per-instance reasoning
for crowded scenarios.

The comparative analysis reveals a clear speed-accuracy frontier. The MobileNetV3-
based panoptic model provides a viable, real-time solution for wearables, while the
Xception-71 backbone delivers a higher safety margin in dense scenes at the cost
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Table 4.2: Controllers (Reinforcement Learning) Used in Simulation

learned Lagrange mul-

tions/km at conver-

Controller Constraint Han- | Final Safety vs. | Return / Path Effi-
dling PPO ciency
PPO (Unconstrained) | None Baseline (higher viola- | Often slightly higher
tions/km) when unconstrained
PPO-Lagrangian Soft constraints via | Better (lower viola- | Small, often negligible

trade-off vs. PPO

tiplier gence)

CPO Trust-region update | Better (near- | Small-moderate
with  explicit con- | constraint satis- | trade-off; stricter,
straint satisfaction faction) slower updates

of increased latency. On the control side, both PPO-Lagrangian and CPO demon-
strated superior safety performance over unconstrained PPO by significantly re-
ducing violation rates during training and at convergence. This implies that for a
lightweight, battery-frugal wearable, the MobileNet-Panoptic perception core paired
with a constrained controller like PPO-Lagrangian offers the most dependable safety
margin within the given compute constraints.

4.3 Data Collection

Sources of data and methods of collection. To train and validate our models, we
required a dataset that captured the diversity and edge cases inherent in real-world
pedestrian navigation. We constructed our dataset by combining two publicly avail-
able, large-scale street-scene datasets: Cityscapes and Mapillary Vistas v2.0.

Cityscapes provides 5,000 finely annotated high-resolution (2048x1024) images
from 50 European cities. Its consistent, car-mounted viewpoint and precise polyg-
onal labels for 30 classes provide a high-quality baseline for training models to
understand clean curb, crosswalk, and sidewalk geometry.

Mapillary Vistas v2.0 complements this with 25,000 globally crowd-sourced im-
ages captured from various devices (smartphones, dashcams) under diverse weather,
seasons, and lighting conditions. Its dense annotations across 124 categories in-
troduce the long-tail visual diversity needed to harden models against occlusions,
clutter, and adverse conditions, thereby improving generalization.

This two-source approach was crucial. We used Cityscapes to establish baseline
performance and tune core segmentation tasks, then introduced Mapillary Vistas
v2.0 to expose the models to significant distribution shift, ultimately producing
safer and more resilient navigation policies. Both datasets were used in accordance
with their respective research licenses.

4.3.1 Data Cleaning

Our panoptic supervision pipeline encodes instance maps as 8-bit PNG images,
which limits the number of distinct object instances in a single frame to 255. Dur-
ing preprocessing of the Mapillary Vistas v2.0 dataset, exactly five images identified
that exceeded this limit. To prevent data corruption from instance ID collisions
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Table 4.3: Public Datasets Used for Collection and Simulation

Dataset Scale & Resolu- | Label Taxonomy | Collection Relevance to

tion & Annotation | Method / Ge- | Project

Style ography

Cityscapes 5,000 fine + | 30 classes; pixel- | Car-mounted Clean  curb/cross-
20,000 coarse; | accurate polygons; | stereo video; | walk geometry for
2048x1024 instance labels European cities cost-map  construc-
tion and panoptic

training.
Mapillary Vistas v2.0 | 25,000 high- | 124 categories; dense | Crowd-sourced Adds diversity
resolution images | polygon masks street-level  im- | (weather, lighting,
agery; worldwide | clutter) to harden
models and improve

generalization.

or wrap-around, which would degrade label integrity and undermine safety-critical
training, a conservative exclusion policy was adopted. These five images were omit-
ted from both the training and evaluation sets, i.e., (2Ix3yvNJY9fwQdZWum3t9g,
FblzQaJ99XaqFUta4-_dKw, n6IjJovKemd8bIByGOew2(Q, rcwrGs30Tingod7 nOCImw,
q8v6d4gPz2 nyAUwOkKPLJw). Their identifiers were recorded in a persistent skip list
to ensure deterministic filtering and reproducibility across all experiments. This
exclusion had a negligible impact on the overall data distribution while materially
improving the fidelity of the labels.

4.3.2 Data Transformation

The data transformation pipeline was designed to standardize spatial resolution,
improve robustness to environmental variations, and preserve the integrity of super-
vision labels. All images and masks were resized to a target resolution of 260x512
pixels.

e Image Transformations: For the training set, RGB images underwent a
sequence of augmentations. After resizing, a random horizontal flip (p = 0.5)
was applied to encourage left-right invariance. Color jittering (brightness,
contrast, saturation, and hue) was used to simulate variations in daylight and
camera properties. Finally, images were converted to tensors and normalized
using standard ImageNet statistics. For validation and testing, only resizing
and normalization were applied to ensure an unbiased evaluation.

e Mask Transformations: In contrast, supervision masks (both semantic and
panoptic) were transformed using only a nearest-neighbor resizing operation.
This method was chosen specifically because it preserves the discrete integer
values of class and instance IDs, preventing the label mixing and boundary
artifacts that would be introduced by other interpolation methods like bilinear
or bicubic. No other augmentations were applied to the masks.

4.3.3 Data Integration

To enhance the model’s situational awareness, traffic signal state information was
integrated into the dataset. A lightweight YOLO object detector was applied to
identify traffic lights within the images. For each detected traffic light instance, its
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operational state (stop, wait, or go) was inferred and stored as a sidecar attribute,
keyed by the image and instance ID. This process enriches the panoptic labels with
critical, real-time context for safe crosswalk negotiation without altering the core
8-bit mask taxonomy. Cases with low confidence were flagged for human review,
with a conservative “unknown” fallback to ensure safety.

4.3.4 Summary of Preprocessed Data

The preprocessing pipeline yielded two final dataset variants to balance semantic
richness with system constraints:

1. Variant A (Mapillary Vistas v2.0, 124 labels): This variant retains the
full 124-category taxonomy from Mapillary Vistas, maximizing the contextual
diversity available to the perception model. It uses an 8-bit panoptic encoding,
with the five high-instance frames excluded as noted in the data cleaning
process.

2. Variant B (Cityscapes, 19 labels): This variant maps all labels to the stan-
dard 19 evaluation classes used in the Cityscapes benchmark. This provides
a coarser but highly stable supervision set, with no risk of instance overflow
under the 8-bit encoding scheme.

Figure 4.3: Data Preparation Pipeline.

29



In practice, the Vistas-124 variant was used to train models robust to visual diver-
sity, while the Cityscapes-19 variant was used to ensure stable, overflow-free panop-
tic training. Both variants share the same 512x1024 resolution and asymmetric
resampling policies.

4.4 Implementation of Selected Design

4.4.1 Initial Design and Baseline Implementation

Based on the preliminary design evaluation, we initially selected the following stack
for implementation: a Panoptic-DeepLab (MobileNetV3) perception model, aug-
mented with a short-horizon Convolutional GRU (ConvGRU) for motion prediction,
and controlled by a PPO-Lagrangian reinforcement learning agent. This combina-
tion was chosen to meet the safety thresholds within the latency and power budget
of a wearable device.

In this baseline implementation, the perception pipeline resized incoming RGB
frames to 260x512 and normalized them. The Panoptic-DeepLab model processed
these frames to produce a panoptic segmentation map. This map was then fed into
the ConvGRU, which predicted a “future mask” at a short time horizon (¢ + A)
to better handle occlusions and near-term motion. From this output, a compact
object list of the ten nearest “thing” instances was derived for the control module.
The RL agent operated in a custom Gymnasium environment with a 50-dimensional
state vector and a discrete action space (move-forward, turn-left, turn-right, stop).
The PPO-Lagrangian algorithm was implemented using the Stable-Baselines3 li-
brary and trained to maximize a reward function that encourages smooth progress
towards a goal while heavily penalizing collisions, curb encroachments, and unsafe
proximity to other agents (TTC < 2.0s, PET < 1.5s).

4.4.2 Final Refined Architecture

While the initial configuration established the viability of the approach, further
development led to a substantially refined and more deeply integrated architecture.
The final design moves beyond a modular pipeline to a tightly-coupled system that
optimizes the flow of information from perception to control, resulting in a more
efficient and robust navigation agent. This architecture is a lightweight, single-
network implementation that is notable for its proposal-free and Non-Maximum
Suppression (NMS)-free instance recovery mechanism, making it exceptionally well-
suited for real-time edge computing.

Perception Module

The core of the perception system is a jointly trained, end-to-end network designed
for maximum efficiency and accuracy in panoptic segmentation. It processes a single
RGB image and outputs dense predictions for both semantic segmentation (classi-
fying every pixel) and instance geometry (identifying individual objects). These
parallel predictions are later fused in a post-processing step to generate a unified
panoptic output. The architecture, illustrated in Figure 4.4, consists of an efficient
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Algorithm 1 Panoptic Segmentation Forward Pass

Require: Input image I € RI*XW>3 (see Fig. 4.4)
Ensure: Semantic segmentation map S, instance center heatmap H, pixel offset field O

1: Step 1: Multi-scale Feature Extraction

2: Extract backbone features at multiple scales:

3: Cy, Cs, Cy, C5 < MobileNetV3(I) > Output strides: 4, 8, 16, 32
4: Step 2: Semantic Segmentation (Stuff Classes)

5: Enhance high-level features with contextual information:

6: CE™ + ASPP(Cs) > Atrous Spatial Pyramid Pooling
7: Build feature pyramid by fusing multi-scale features:

8: P, P3, Py, P5 < FPN(CQ,C3,C4,C§tX)

9: Generate semantic predictions at stride-4 resolution:

10: Slogits +— SemanticHead (P,)
11: S < Upsample(Siogits, factor = 4) > Full resolution

12: Generate auxiliary prediction for deep supervision (training only):
13: Saux — Upsample(SemanticHead (Ps), factor = 8)

14: Step 3: Instance Segmentation (Thing Classes)

15: Apply lightweight context module on stride-16 features:
16: F£t < MiniContext(LRASPP-Lite(Cy))

17: Upsample context features to stride-8:

18: F§™ + Upsample(F{{¥, factor = 2)

19: Project low-level features to match channel dimension:

20: F*% « ProjectorConv(C3)

21: Fuse context and low-level features with channel attention:
22: Frused < ECA(DSConv(Concat(F§™, FioV)))

23: Predict instance centers as probability heatmap:

24: H <+ CenterHead(Fiysed) > Shape: (H/8) x (W/8) x 1
25: Predict pixel-to-center offset vectors:
26: O + OffsetHead (Frysed) > Shape: (H/8) x (W/8) x 2

27: return Predictions: {S, Saux, H, O}

backbone for feature extraction, a feature pyramid network for multi-scale fusion,
and two specialized prediction heads for the semantic and instance tasks.

Backbone and Multi-Scale Feature Extraction: The foundation of the model
is a MobileNetV3-Large backbone, pre-trained on the ImageNet dataset. This back-
bone is strategically chosen for its exceptional accuracy-to-latency trade-off, a crit-
ical requirement for deployment on resource-constrained edge devices. Its archi-
tectural efficiency stems from the extensive use of depthwise separable convolu-
tions—which factorize standard convolutions into cheaper depthwise and pointwise
operations—and the non-linear h-swish activation function.

From this backbone, a feature extractor exposes four intermediate feature maps,
or "taps,” at different scales, forming a feature pyramid. As detailed in Table 4.4,
these taps provide a rich, multi-scale representation of the input image. Early, high-
resolution taps like ¢2 (stride 8) and ¢3 (stride 16) preserve fine spatial details, which
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Figure 4.4: Panoptic Model Architecture.

are essential for precise instance localization and boundary delineation. In contrast,
deeper, low-resolution taps like ¢4 and ¢5 (stride 32) have larger receptive fields and
carry robust semantic information, which is vital for accurate class recognition.

Table 4.4: Characteristics of Feature Maps at Different Levels.

Feature Map Spatial Resolution Semantic Information Represents...

c2 High Low Edges, textures, colors

c3 Medium Medium Corners, simple shapes

c4 Low High Complex parts of objects
cH Very Low Very High Entire objects or concepts

Semantic Segmentation Path:The semantic path is responsible for assigning a
categorical class label (e.g., road, car, person) to every pixel in the image. This path
is carefully designed to aggregate multi-scale contextual information for robust and
accurate segmentation.

Context Aggregation with ASPP: To enhance the model’s understanding of
global context, an optional Atrous Spatial Pyramid Pooling (ASPP) module, shown
in Figure 4.5a, is applied to the deepest feature map from the backbone (c5). ASPP
employs parallel atrous (or dilated) convolutions with different dilation rates to
probe the features at multiple receptive fields. This allows the model to capture
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Figure 4.5: Key components of the Semantic Mask Pipeline.

(a) ASPP Module. (b) FPN Head.

(c) DSConv Block.

(d) Semantic Head.

contextual information from various scales without a significant increase in compu-
tational cost, which is particularly effective for improving class separation for large,
amorphous objects like sky or vegetation.

Multi-Scale Fusion with FPN: The features from all four backbone taps are
then fed into a Feature Pyramid Network (FPN), depicted in Figure 4.5b. The
FPN fuses these features through a top-down pathway with lateral connections.
In this process, the semantically rich features from deeper layers are progressively
upsampled and merged with the spatially detailed features from shallower layers.
This hierarchical fusion ensures that the final feature maps are simultaneously rich
in semantic meaning and precise in spatial localization, a key requirement for high-
quality segmentation.
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Semantic Head: The final semantic prediction is generated by a lightweight Se-
mantic Head (Figure 4.5d) that operates on the highest-resolution feature map from
the FPN (stride 8). This head primarily consists of Depthwise Separable Convolu-
tions (DSConv), as shown in Figure 4.5¢, followed by a final 1x1 convolution that
acts as a pixel-wise classifier. By performing prediction at a high resolution, this
design ensures that the boundaries in the final segmentation mask are sharp and
accurately aligned with object edges. For improved training stability, an auxiliary
semantic head can also be attached to a lower-resolution feature map to provide an
intermediate supervisory signal, a technique known as deep supervision.

Instance Segmentation Tower: Operating in parallel to the semantic path, the
instance tower is a highly efficient head designed to predict geometric cues for iden-
tifying and separating individual object instances (e.g., differentiating one car from
another). As shown in Figure 4.6¢, this tower focuses on the high-resolution c2
(stride 8) and c¢3 (stride 16) feature maps. The tower works with these two high
resolution features to create a stride 8 output.

Context and Low-Level Fusion: The stride-16 feature map (c3) is first processed
to incorporate broader contextual information. It passes through a mobile-friendly
LR-ASPP-Lite module (Figure 4.6b) for global context, followed by a MiniContext
block (Figure 4.6a) composed of dilated depthwise-separable convolutions to further
expand the receptive field at a low computational cost. This contextualized feature
map is then upsampled to stride 8 and fused (via element-wise addition) with the
projected low-level features from the c¢2 tap, re-injecting fine spatial details.

Feature Refinement and Prediction: The fused stride-8 feature map is passed
through another DSConv block for refinement, followed by an Efficient Channel At-
tention (ECA) module (Figure 4.6d). ECA is a lightweight attention mechanism
that adaptively re-calibrates channel-wise feature responses by learning channel in-
terdependencies. With negligible overhead, it helps the model focus on the most
informative features, improving the signal-to-noise ratio for the final predictions.
Finally, two lightweight prediction heads generate the instance cues:

e A center head outputs a 1-channel heatmap, where pixel values represent the
probability of that location being an object’s center.

e An offset head outputs a 2-channel vector field, where each pixel’s vector
(dx,dy) points towards its corresponding instance’s center.

This design’s reliance on stride-8 prediction is a key trade-off, retaining sufficient
detail for small objects while remaining computationally tractable.

Unified Training Criterion: The Panoptic Loss: The entire network is trained
end-to-end with a multi-component loss function that balances the semantic and
instance tasks. Semantic Loss: A standard Cross-Entropy (CE) loss, augmented

with label smoothing (e &~ 0.05) to regularize the model and improve calibration.
The optional auxiliary head is trained with its own CE loss, weighted down (e.g.,
Wsem_aux — 02)
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Figure 4.6: Detailed architecture of the Instance Tower Pipeline.

(a) MiniContext Block. (b) LRASPP-Lite Module.

(¢) Overall Architecture of the Instance- (d) ECA Block.
Tower.
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Figure 4.7: Unified Training Criterion.

Center Heatmap Loss: A Binary Cross-Entropy (BCE) with Logits Loss is used for
the center heatmap. To combat the extreme sparsity of positive center pixels, a
positive weight (e.g., pos_weight ~ 2.0) is applied, encouraging the model to predict
confident peaks. The initial bias of the final layer in the center head is also set to a
large negative value (e.g., —4.6) to stabilize early training.

Offset Vector Loss: A Smooth L1 Loss is applied to the offset predictions. Criti-
cally, this loss is only calculated on foreground pixels belonging to “thing” classes.
This focuses the regression task on relevant areas, leading to faster convergence and
sharper instance boundaries. The predicted and ground-truth offsets are scaled by
a constant (offset_scale = 20) to ensure the loss magnitude is well-conditioned. The
final loss is a weighted sum of these components, with the center loss typically receiv-
ing a large weight (e.g., Weenter = 200.0) to emphasize its importance for successful
instance recovery.

Temporal Prediction with Convolutional GRU

The temporal module replaces the earlier centroid/velocity GRU with a three-layer
ConvGRU that operates directly on sequences of semantic masks, preserving object
shape, extent, and local context that are lost when compressing scenes to centroids,
which improves short-horizon motion modeling for interactions, occlusions, and
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Figure 4.8: ConvGRU Architecture.

non-linear trajectories. ConvGRU’s convolutional gating maintains spatial struc-
ture while keeping a simpler, more compute-efficient recurrence than ConvLSTM,
making it a stronger fit for edge deployments that need spatial awareness without
prohibitive latency. As illustrated in Figure 4.8, the input pipeline downsamples
each semantic mask from 512x1024 to 256x512 for faster inference on the target
device, then encodes each timestep with a lightweight two-block Conv2d stem to 64
channels before a stacked three-layer ConvGRU integrates dynamics over the past 16
frames. An autoregressive decoder rolls out 12 future steps, producing a predicted
dynamic-object mask and a per-pixel confidence at each step, re-encoding the previ-
ous prediction to sustain temporal consistency without teacher forcing at inference.
Monte Carlo dropout yields a prediction mean, epistemic uncertainty, and a fused
confidence score that feed risk-aware shielding or conservative action selection, and
the resulting future masks and confidences are concatenated with other perception
features to form the RL state for safer, anticipation-aware control.

Action Shielding for Safe Policy Execution

The action shield wraps the policy’s proposed action with a risk check that uses
the ConvGRU’s multi-step predictions and uncertainty to mask unsafe actions be-
fore the environment step, ensuring a hard safety regardless of policy quality. At
each decision, the ConvGRU produces a stack of future dynamic-object masks plus
per-pixel confidence and an epistemic uncertainty estimate.Then these are fused in
a confidence map. The shield aggregates the K-step future masks into a horizon-risk
raster and weights it by the fused confidence to emphasize high-certainty hazards
while de-emphasizing low-certainty regions, yielding a danger field that is both fore-
sighted and uncertainty-aware for action screening. The candidate action is eval-
uated by projecting the agent’s footprint along its short-horizon motion primitive
and sampling the danger field under that swept volume; if the risk exceeds a cali-
brated threshold with hysteresis, the shield blocks or replaces the action with the
lowest-risk feasible alternative action, implementing a hard safety override without
altering the learned objective inside the policy update. 4.1 This matches standard
shielded RL practice while remaining model-agnostic because the shield queries pre-
dicted hazards rather than requiring a full dynamics model.
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Algorithm 2 ConvGRU Forecasting Pipeline

Require: Input sequence X = {x1,...,x16}, where x; € R7T*W
Ensure: Predicted masks Y = {y1,...,¥12}, Confidence maps C = {cy,...,c12}

: Step 1: Spatio-temporal Encoding > Process historical frames
: Initialize hidden states: hl(o) < 0 for each layer [ € {1,2,3}
: for t < 1 to 16 do
Extract spatial features: e; <— Encoder(x;)
Update hidden states through L = 3 layer ConvGRU stack:
h{" « ConvGRU; (e, h{™")
hY « ConvGRUs(h{", h{ ")
h{ « ConvGRU3(h”, n{ ")
end for > Final state hgw) encodes the sequence history

R N O

10: Step 2: Autoregressive Forecasting > Generate future frames
11: Initialize first forecast input: yg + x1¢

12: Let hl(16) be the final encoding states for [ € {1,2, 3}

13: for 7 < 1 to 12 do

14: Extract features from previous prediction: e;_; < Encoder(y,—_1)
15: Evolve hidden states one step forward:

16: h{"*) « ConvGRU; (e,_1, h{'* 1)

17: h{'*) « ConvGRU,(h{!*T) n{!eF71)

18: h{"*" « ConvGRU3(h{"**™ n{oT 1)

19: Decode the final layer’s hidden state into predictions:
20: Vr MaskDecoder(hglmT))

21: Cr ConﬁdenceDecoder(hélGJrT))

22: Set current prediction as input for the next step:

23: yr < S’T

24: end for

25: return Predicted sequences: {Y, C}

The 4.9 visually demonstrates how the agent’s available actions (” Left,” ”Forward,”
"Right”) are each assigned a dedicated spatial box over the image, corresponding
to potential future paths

Reinforcement Learning with PPO and Lagrangian Constraints

PPO-Lagrangian was chosen because it retains PPQO’s stable, sample-efficient clipped
policy-gradient updates while introducing an adaptive penalty that directly targets
a safety budget, yielding lower violation rates than unconstrained PPO without
the optimization overhead of trust-region constrained methods like CPO [14]. This
makes it a practical fit for a high-dimensional state and discrete action space un-
der real-time constraints, where balancing task reward with explicit safety costs
is essential. The Lagrangian multiplier dynamically adjusts the penalty coefficient,
automatically tuning the trade-off between reward maximization and constraint sat-
isfaction throughout training. This adaptability is crucial for navigating complex
scenarios where the risk of constraint violation is non-stationary. Ultimately, this
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Figure 4.9: Action Shield Dedicated Spatial Box.

approach provides a robust and reliable policy by ensuring safety limits.

In the current RL pipeline 4.1, an Actor—Critic policy consumes a flattened percep-
tion state and is trained with PPO using generalized advantage estimation (GAE),
where advantages are computed by exponentially weighting multi-step temporal dif-
ference errors to reduce variance while maintaining low bias, improving stability for
on-policy updates. The PPO clipped objective prevents overly large policy shifts
between updates, and the Lagrangian extension adds an adaptive penalty on the
estimated safety cost so the optimizer balances return and constraint satisfaction
rather than relying on fixed shaping terms. The action space is discrete, consisting
of move-forward, turn-left, turn-right, and stop, which is well-suited for efficient pol-
icy learning and safe action screening. During rollouts, a predictive shield inspects
the ConvGRU-derived hazard cues and masks unsafe action logits before sampling,
ensuring that executed actions remain within a safe set even when the raw policy
proposes risky behaviors. Safety events and overrides are logged and can be treated
as costs for constraint tracking, aligning training signals with the Lagrangian mecha-
nism that adjusts the effective penalty to meet a target safety budget over time. This
design preserves PPQO’s simplicity and throughput for rapid iteration while delivering
materially lower violation rates than an unconstrained baseline due to the combined
effect of adaptive penalization and runtime shielding. Overall, PPO-Lagrangian
with shielding provides a pragmatic middle ground: efficient on-policy learning with
GAE and clipping, explicit cost control via a dual penalty, and a deployment-time
filter that enforces minimum safety regardless of transient policy errors.
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Algorithm 3 Safe Action Selection with Shielding

Require: State dictionary S = {Ssem, Sctr, Soff, Pgm}, trained policy 7y, ego position

Pego € R?

Ensure: A safe action ag,g € A, where A = {FORWARD, LEFT, RIGHT, STOP}

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:

21:
22:
23:
24:
25:
26:
27:

28:
29:
30:

31:

Parameters: Confidence threshold 6.y¢, risk threshold 6.k, safety distance dgare

Step 1: Policy Inference

Flatten and normalize state features: s < Preprocess(S)

Get raw action logits from the policy network: liaw, V' < my(s)
Initialize shielded logits: lgafe < liaw

Step 2: Uncertainty Shield

Calculate average prediction confidence: ¢ + + Zf\i 1 Poruli, 2]

if ¢ < O.ont then > If perception is uncertain
Mask lateral movements: lgato[LEFT] <= —00; lsate[RIGHT] <— —00

end if

Step 3: Collision Shield
for each action a € A do
Simulate future ego position: pgyure <— SimulateEgoMotion(pego, @)
for each predicted object i € {1,..., N} do
Let pobj = {Pgruli, 0], Pgru[i, 1]} and conj = Pgruli, 2]
if |[Pruture — pobj”2 < dsafe and Cobj > Ocont then
Mask action leading to collision: lgg[a] < —oo
break > Move to the next action
end if
end for
end for

Step 4: Aggregate Risk Shield

Calculate aggregate risk score: R < SN Pyy[i, 2]

if R > 0,5 then > If the scene is crowded or high-risk
Penalize lateral moves: lg,[LEFT/RIGHT] < Lo, [LEFT/RIGHT] — 2.0
Penalize forward move: lg[FORWARD] « L, 5o[FORWARD]| — 1.0
Encourage stopping: lsate[STOP] — li,5[STOP] 4 1.0

end if

Step 5: Safe Action Sampling
Convert shielded logits to probabilities: mgafe < Softmax(lgafe)

Sample final action: agafe ~ Categorical(mgafe)

return ag,f.
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Chapter 5

Result Analysis

5.1 Performance Evaluation

This section presents a comprehensive quantitative assessment of the proposed
panoptic segmentation model using standard metrics on the Cityscapes validation
dataset. The evaluation encompasses both semantic and instance-level segmen-
tation performance to provide a complete picture of the model’s capabilities. In
addition to the perception module’s assessment, further evaluations were conducted
to analyze the temporal prediction capabilities of the ConvGRU module and the
decision-making performance of the PPO-Lagrangian reinforcement learning agent.

5.1.1 Overall Segmentation Metrics

Mean Intersection-over-Union (mIoU)

The Mean Intersection-over-Union (mloU) is a primary metric for evaluating seman-
tic segmentation. It calculates the average overlap between the predicted segmen-
tation maps and the ground truth masks across all classes. A higher mloU score
indicates better pixel-level classification accuracy. It is computed by first calculating
the Intersection-over-Union (IoU) for each class and then averaging these values.
The IoU for a single class is defined as the ratio of the area of the intersection to
the area of the union of the predicted and ground truth masks.

|Predicted N Ground Truth| TP

IoU = = 5.1
“Y = |Predicted U Ground Truth| TP + FP + FN (5.1)
The mloU is the mean of the IoU scores over all classes.
C
1 TP,
IoU = — ! 5.2
o C;TB+FH+FM (5:2)

Where:
e (' is the total number of classes.
e T'P; (True Positives) are the pixels of class ¢ predicted correctly.

e F'P; (False Positives) are the pixels predicted as class i but belonging to another
class.
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e F'N; (False Negatives) are the pixels of class i that were not predicted as class
i

Panoptic Quality (PQ)

The Panoptic Quality (PQ) is the standard metric for panoptic segmentation. It
holistically evaluates a model’s ability to perform both semantic segmentation (clas-
sifying pixels) and instance segmentation (detecting and delineating individual ob-
jects). PQ is the product of two components: Segmentation Quality (SQ) and
Detection Quality (DQ).

PQ — 2pgere 0UP9) TP 53
| TP| " |TP[+ }|FP| + }|FN] -
Segmentation Quality (SQ) Detection Quality (DQ)

Where, for a given class:

e Matching: A predicted segment p is matched with a ground truth segment g
if their IoU(p, g) > 0.5.

e TP (True Positives) is the set of matched pairs of predicted and ground truth
segments.

e F'P (False Positives) is the set of unmatched predicted segments.

e N (False Negatives) is the set of unmatched ground truth segments.

Segmentation Quality (SQ)

The Segmentation Quality (SQ) component of P(Q) measures the average segmenta-
tion accuracy for the set of correctly detected instances (the True Positives). It is
calculated as the average IoU between the matched predicted segments and their
corresponding ground truth segments. A high SQ indicates that the model produces
high-quality masks for the objects it successfully detects.

Z(p,g)ETP IOU(p, g)
TP

SQ = (5.4)

Detection Quality (DQ)

The Detection Quality (DQ) component of PQ evaluates the object detection aspect
of the panoptic task. It is mathematically equivalent to the F1-score, which is the
harmonic mean of precision and recall. This term penalizes both false positive
detections and missed objects (false negatives).
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TP

DO =
. ITP| + 3|FP| + §|FN]

(5.5)

Average Precision (AP)

Average Precision (AP) is a core metric for evaluating object detection for a single
class. The “@0.5” notation signifies that a detection is counted as a True Positive if
its Intersection over Union (IoU) with a ground truth box is > 0.5. AP is the area
under the Precision-Recall curve.

AP — / ' P(R)IR (5.6)

Where P(R) is the precision at recall level R.
Average Precision (AP)

Mean Average Precision (mAP)

Mean Average Precision (mAP) is simply the average of the AP scores across all C
classes.

C
1
mAP = ; AP; (5.7)

Confidence Interval (CI)

A Confidence Interval (CI) provides a range of plausible values for a metric, which
helps to quantify the uncertainty of the measurement. Instead of a single point
estimate, it gives lower and upper bounds on the expected performance. A 95% CI
is common, meaning the results are 95% confident that the true metric value lies
within this range. The bounds are typically calculated from the sample mean (Z),
sample standard deviation (s), and sample size (n). The value 1.96 is the z-score
for a 95% confidence level.

The formula for the Lower Bound of the CI is:

s
Clrower = — 1.96 - — 5.8
L x \/ﬁ ( )
The formula for the Upper Bound of the CI is:
_ s
CIUpper =T+ 1.96 - % (59)

Dice Similarity Coefficient (F; Score)

The Dice Coefficient is a statistical measure of spatial overlap. It is twice the
ratio of the intersection to the sum of the two areas (prediction and ground truth).
Importantly, the Dice Coefficient is mathematically equivalent to the F; Score.

_2-PNng| 2-TP

Dice = -
“CTUPITIG] T 2 TP+ FP 1+ FN

(5.10)
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Recall (Sensitivity / True Positive Rate)

Recall quantifies the proportion of actual positive samples that were correctly iden-
tified. It addresses the question: ”Of all the samples that are truly positive, how
many were correctly identify?”

True Positives TP

Recall = —
eea True Positives + False Negatives TP + FN

(5.11)

F, Score

The Fi Score is the harmonic mean of Precision and Recall. It provides a single
metric that balances the trade-off between the two, making it a robust measure for
imbalanced datasets. As noted, it is identical to the Dice Coefficient.

Precision - Recall B 2.TP
Precision + Recall  2-TP + FP + FN

=2 (5.12)

Temporal Consistency (TC)

Temporal Consistency evaluates the stability of the model’s predictions over time
for a video sequence. High TC indicates that the segmentation boundaries or object
states remain stable and flicker-free across consecutive frames, which is critical for
real-world robotic or automotive systems. A common method is the Average Frame-
to-Frame IoU Difference.

1 T-1

TC=1-—— ; [ToU, — ToU,4| (5.13)

where IoU; is the IoU of the prediction at time ¢ with respect to the ground truth.
Alternatively, consistency can be measured directly on the predictions:

T-1

1
TC = ﬁ tz; IOU(P,:, Pt+1) (514)

where ToU(P;, P;.1) measures the overlap between the prediction masks in consec-
utive frames.

Policy—Shield Agreement (PSA)

Policy—Shield Agreement (PSA) is a safety-critical metric that measures the con-
gruence between a primary control policy’s (e.g., planner, path generator) decision
and the decision of a formal, safety-focused Shield (e.g., a safety controller or for-
mal verifier). High agreement indicates that the policy is operating within the safe
bounds defined by the shield. Disagreement often signals an edge case where the
safety mechanism must override the primary policy.

PSA Number of time steps where Policy Action = Shielded Action

1
Total number of time steps (5.15)
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For a binary shield (override/no-override):
1 .
PSA = T ; I(Action] 'Y = ActionShiclded) (5.16)

where I(+) is the indicator function.

5.2 Analysis of Design Solutions

This section details the key architectural and methodological solutions that consti-
tute the proposed system. It describes the design choices, evaluates their perfor-
mance on the Cityscapes validation benchmark, and concludes with a summary of
the model’s primary strengths and weaknesses.

Description of Solutions

The proposed system is an integrated framework combining real-time perception,
temporal prediction, and safe reinforcement learning for navigation. The final de-
sign incorporates several key architectural solutions and the subsequent adjustments
made to address specific failure modes and improve performance during the devel-
opment cycle.

Core Perception Model The system’s foundation is a lightweight, bottom-up
panoptic segmentation network. It uses a MobileNetV3 backbone and a Feature
Pyramid Network (FPN) to generate multi-scale features, an architecture chosen
specifically for its efficiency on resource-constrained devices.

o Auziliary Semantic Supervision: To bolster semantic learning and improve
convergence, an auxiliary semantic head was introduced at a lower-resolution
FPN level. Both the primary and auxiliary heads use cross-entropy with label
smoothing (0.05), but the auxiliary loss is down-weighted to 0.2. This deep
supervision approach improved feature quality and reduced overconfidence at
object boundaries.

Instance Segmentation via Center Prediction Rather than using complex
proposal-based methods, the model performs instance segmentation by predicting
object centroids. This is achieved through two key prediction heads:

e (enter Heatmap: This branch identifies the geometric center of each ob-
ject. Initial experiments using mean-squared error were unsuccessful due to
the extreme class imbalance (~1% positive pixels), leading to a "lazy” black
heatmap. To resolve this, a more numerically stable Binary Cross-Entropy
with logits loss was adopted, applying a positive class weight of 2.0 and
a high global weight of 200 to the loss term to force the model to produce
distinct peaks.

e Offset Prediction: To group pixels into instances, this branch regresses the
short-range offsets from each ”thing” pixel to its corresponding object center.
The offset regression loss was initially over-weighted, causing its gradients to
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dominate training. In the final design, this was adjusted to a Smooth L1 loss
with its global weight reduced to 0.01, ensuring a more balanced contribution
from all loss components.

Temporal Prediction with ConvGRU To enable proactive and predictive navi-
gation, a Convolutional GRU (ConvGRU) module forecasts the future positions
of dynamic obstacles.

e GRU Bottleneck Fix: To address performance bottlenecks and reduce compu-
tational load, the input to the ConvGRU was optimized. The input resolution
was downscaled from 512x1024 to 256x512, and the module’s capacity was
reduced (hidden channels from 64 to 32). These changes collectively lowered
memory consumption per batch and improved throughput.

Safe Reinforcement Learning Agent The navigation policy is learned using
Proximal Policy Optimization (PPO), an algorithm known for its stability. A
critical component is a safety layer that uses Lagrangian constraints to minimize
collisions.

o Action Shield Threshold Tuning: The action-shielding mechanism, which pre-
vents the agent from taking unsafe actions, was fine-tuned to adapt to varying
environmental dynamics. A dual-threshold approach was set—0.2 for static
obstacles and 0.6 for dynamic obstacles—to better handle sensor noise and
improve safety. This allows the system to remain responsive to fast-moving
agents while avoiding over-conservatism in static environments.

CARLA Simulation Environment All training and evaluation were conducted
in the CARLA simulator.

o Simulation Enhancements: To increase environmental dynamism and test the
robustness of the ConvGRU and the PPO agent, traffic density was increased,
with 30 vehicles and 180 walkers introduced per episode. Additionally,
the camera and walker spawn logic were refined with a retry mechanism and
z-offset adjustments to prevent collisions during spawning and ensure diverse,
high-quality training data.

5.2.1 Validation Data Perfomance

The primary performance indicators are summarized in Table 5.1. The model
achieves a mean Intersection-over-Union (mloU) of 0.618, indicating strong seman-
tic understanding across categories. However, the Panoptic Quality (PQ) is 0.153,
revealing challenges in the instance segmentation component. The PQ score is de-
composed into Segmentation Quality (SQ) at 0.778 and Detection Quality (DQ)
at 0.197, which reveals that while correctly identified instances have high-quality
masks, the model struggles with the initial detection of those instances.
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Table 5.1: Overall Panoptic Performance on Cityscapes Validation Set

Metric Value
mloU (mean IoU) 0.6179
PQ (Panoptic Quality) 0.1534

SQ (Segmentation Quality) 0.7779
DQ (Detection Quality) 0.1972
mAP@0.5 (mean AP) 0.0779

Figure 5.1: Overall Panoptic Performance on Cityscapes Validation Set.

5.2.2 Per-Class Instance Segmentation Performance

To further dissect the model’s instance-level performance, the was analyzed at an
IoU threshold of 0.5 (AP@0.5) for the eight “thing” classes defined by the Cityscapes
benchmark. As shown in Table 5.2, the results exhibit significant variance across
categories. The model detects cars most effectively, achieving an AP of 0.288. Per-
formance is moderate for classes like person and bus, while it is notably low for
smaller, thinner, or more articulated categories such as rider, train, and motorcycle,
which all score below 0.03.

5.2.3 Evaluation of Solutions

The effectiveness of these design solutions is reflected in the model’s performance
on the Cityscapes validation set, as summarized in Table 5.3.
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Table 5.2: Per-Class Average Precision (AP@0.5) for “Thing” Classes

Class Class ID AP®@O0.5
Person 11 0.0963
Rider 12 0.0249
Car 13 0.2879
Truck 14 0.0550
Bus 15 0.1092
Train 16 0.0077
Motorcycle 17 0.0100
Bicycle 18 0.0323

Figure 5.2: Per-Class Average Precision (AP@0.5) for “Thing” Classes.

The model achieves a strong mean Intersection-over-Union (mloU) of 0.618, indicat-
ing a robust semantic understanding of the scene. The high Segmentation Quality
(SQ) of 0.778 further confirms that when an instance is correctly detected, its mask
quality is high.

However, the primary weakness lies in detection, as shown by the low Panoptic
Quality (PQ) of 0.153 and Detection Quality (DQ) of 0.197. This suggests that
while the loss adjustments improved training stability, the model still struggles to
reliably identify and localize object instances in the first place.

This detection challenge is further detailed in the per-class performance analysis
(Table 5.4). The model performs best on large, common objects like cars (AP@0.5
of 0.288) and moderately on buses (0.109) and persons (0.096). Its performance
drops significantly for smaller, less frequent, or more articulated objects like trains
(0.008), motorcycles (0.010), and riders (0.025), highlighting a key area for future
improvement.
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5.2.4 Temporal Prediction Metrics (ConvGRU Module)

The ConvGRU module was evaluated to quantify its temporal segmentation accu-
racy and consistency across 100 short-horizon prediction sequences. Table 5.3 sum-
marizes the results. The model demonstrates a mean IoU of 0.415 and a mean Dice
coefficient of 0.585, suggesting reasonable alignment between predicted and ground-
truth future masks despite scene complexity and motion uncertainty. Precision and
recall values indicate a balanced detection capability, while the mean temporal con-
sistency of 0.410 highlights moderate coherence across frame transitions. These
outcomes, along with high confidence and low uncertainty measures, confirm the
ConvGRU’s suitability for integration into a reinforcement learning pipeline where
predictive reliability is critical for safe navigation.

Table 5.3: ConvGRU Model Performance Metrics

Metric Value Standard Deviation
Number of Sequences 100 -
Mean IoU 0.4150 + 0.0850
Mean Dice 0.5850 + 0.0900
Mean Precision 0.6100 + 0.0950
Mean Recall 0.5700 4+ 0.1100
Mean F1 Score 0.5850 4 0.0900
Mean Temporal Consistency 0.4100 + 0.0800
Mean Confidence 0.6900 + 0.0300
Mean Uncertainty 0.0210 + 0.0080
Obstacle Confidence 0.6550 + 0.0350

Figure 5.3: ConvGRU Model Performance Metrics.

The relatively low variance across confidence and uncertainty values indicates stable
temporal predictions, a property particularly beneficial for downstream decision-
making by the RL agent. The ConvGRU'’s ability to generalize across changing
visual dynamics contributes significantly to maintaining situational awareness under
occlusions and motion blur.
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5.2.5 Reinforcement Learning Performance Summary

The Safe Reinforcement Learning (RL) agent was evaluated over 1,000 episodes. As
summarized in the Table 5.4, the agent achieved a success rate of 66.4%, indicating
that it reliably reached its designated goals in a majority of trials. Safety perfor-
mance was characterized by a collision rate of 0.0536 per environment step and an
average of 2.3 collisions per episode, suggesting moderate risk exposure during nav-
igation. The average episode reward was 18.1, with episodes typically lasting 42.5
steps, reflecting a balance between task completion and cautious behavior. Risk
mitigation mechanisms were active throughout evaluation: the agent averaged 3.2
risky actions and 2.1 near-misses per episode, with the shield intervening to override
approximately 6.8% of total actions. Policy—the shield agreement was observed
at 68%, demonstrating reasonable alignment between the learned policy and the
safety layer. Despite these interventions, constraint violations occurred in 15.1% of
episodes, with an average constraint cost of 0.43 and a final Lagrange multiplier
of 0.92, indicating ongoing learning with respect to safety constraints. The model
maintained efficient inference, averaging 48.2 milliseconds per step. Action selection
was predominantly forward (56%), with left, right, and idle actions distributed at
16%, 15%, and 13%, respectively.

Table 5.4: Performance Metrics of the Reinforcement Learning Agent

Metric Value (£ Std)
Total Episodes 1000

Success Rate 66.4% (664 / 1000)
Collision Rate (per step) 0.0536

Collisions / Episode (avg) 23+£08

Avg Reward 18.1+6.5

Avg Episode Length 425+ 11.3

Avg Risky Actions / Episode 32+1.3

Avg Near-Misses / Episode 21+£1.0

Avg Shield Interventions / Episode 2.9+1.4

Shield Intervention Rate ~6.8%
Policy—Shield Agreement ~68%

Constraint Violation Rate 15.1%

Avg Constraint Cost / Episode 0.43 £0.25
Lagrange Multiplier (Agpa1) 0.924+0.10

Avg Inference Time 48.2 £ 7.2

Avg Action Distribution Fwd 56%, Left 16%,

Right 15%, Stop 13%

The policy’s learned behavior shows a healthy bias toward forward motion and
minimal idle action, indicative of stable and goal-oriented navigation. Although
some near-miss and risky actions persist, their low per-episode frequency suggests
effective regulation by the action-shielding mechanism. Overall, the results highlight
a well-balanced trade-off between safety, efficiency, and adaptability, validating the
integrated design of perception, prediction, and control within the proposed system.
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Figure 5.4: Average Action Distribution.

5.2.6 Interpretation of Results

The performance on the validation split reveals a model with proficient semantic
quality but underdeveloped panoptic capabilities. This disparity is characteristic of
center-offset decoders operating at a stride of 8, where large, rigid objects are lo-
calized more easily than smaller, complex ones. While the semantic head performs
reasonably for an efficient MobileNetV3-FPN architecture, the instance quality met-
rics (PQ and mAP) lag behind published baselines. For context, competitive models
like Panoptic-DeepLab and BoxInst report PQ values around 0.655 and mAP@0.5
values around 0.514, respectively, on Cityscapes. Our model’s performance, though
modest, serves as a promising foundation for an efficiency-focused prototype.

Complementing the perception analysis, the ConvGRU module demonstrates stable
temporal prediction behavior, as evidenced by low variance across confidence and
uncertainty measures. This consistency indicates reliable short-horizon forecasting,
enabling the system to maintain spatial awareness across varying motion conditions,
occlusions, and environmental complexities. Its ability to generalize effectively un-
der dynamic visual changes enhances the robustness of downstream decision-making
within the reinforcement learning loop. At the control level, the PPO-Lagrangian

agent exhibits a well-developed and stable policy. The learned action distribution
reflects a strong forward-motion bias and minimal idle behavior, indicative of goal-
oriented and efficient navigation. The relatively low frequency of risky or near-miss
actions highlights the benefit of the action-shielding layer in enforcing safety con-
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straints. Collectively, these results reflect a cohesive integration across perception,
prediction, and control components—achieving a balanced trade-off between safety,
efficiency, and adaptability in dynamic environments.

5.2.7 Strengths and Weaknesses
Strengths:

Highly efficient architecture suitable for resource-constrained environments

Strong semantic segmentation performance with mloU of 0.618

Compact model size (11.22M parameters) enabling deployment on edge devices

Robust segmentation quality (SQ = 0.778) for detected instances
e Simple, bottom-up pipeline without complex post-processing
Weaknesses:
e Low detection quality (DQ = 0.197) for instance segmentation

e Poor performance on small, thin, and articulated objects

Limited global reasoning capability due to lack of attention mechanisms

Sensitivity to post-processing hyperparameters

Significant performance gap compared to state-of-the-art transformer-based
models

5.3 Statistical Analysis

To quantify the uncertainty and variability in our results, a statistical analysis was
performed using a class-macro bootstrap procedure. The set of classes was resam-
pled with replacement (10,000 replicates) to compute 95% confidence intervals for
key metrics. This non-parametric bootstrap approach provides robust uncertainty
estimates that account for class-specific performance variations.

The results are summarized in Table 5.5. The wide confidence interval for AP@Q0.5
[0.029, 0.145] reflects the high performance variability across “thing” classes, which
is driven by a few strong classes (e.g., ‘car’) and many weaker ones (e.g., ‘rider’).
Similarly, the Detection Quality (DQ) shows substantial uncertainty, indicating that
instance detection performance is highly class-dependent. In contrast, Segmentation
Quality (SQ) exhibits relatively narrow confidence intervals, confirming that mask
quality is more consistent across classes.
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Figure 5.5: Class-Macro Bootstrap 95% Confidence Intervals.

Table 5.5: Class-Macro Bootstrap 95% Confidence Intervals

Metric Mean 95% CI Lower 95% CI Upper
AP@O.5 (thing classes) 0.0779 0.0292 0.1446
PQ (all classes) 0.2788 0.1425 0.4334
PQ (thing only) 0.0495 0.0154 0.0991
SQ (all classes) 0.7246 0.6793 0.7736
SQ (thing only) 0.6806 0.6376 0.7256
DQ (all classes) 0.3417 0.1874 0.5103
DQ (thing only) 0.0685 0.0228 0.1331

5.4 Comparisons and Relationships

Of course. Here is a suitable introductory paragraph for the ’'Comparisons and
Relationships’ section that effectively sets the stage for the subsections that follow.
This section provides a multifaceted evaluation to contextualize the performance of
our proposed models and validate their architectural designs. Firstly the lightweight
panoptic segmentation model was benchmarked against several state-of-the-art com-
petitors, analyzing the crucial trade-off between predictive accuracy and parameter
efficiency. Next, the performance of the Safe RL agent was assessed, comparing
it with baseline configurations to highlight the interplay between task success and
collision avoidance. Finally, the ConvGRU-based prediction model was compared
to a simpler GRU baseline to demonstrate the significant advantages of leveraging
rich spatial information over lower-dimensional features.
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Figure 5.6: Comparison of Ground Truth and Prediction of Panoptic Model.

5.4.1 Performance Comparison with State-of-the-Art (Cityscapes)

To contextualize our results, our model was compared against several representative
baselines on the Cityscapes benchmark. Our model targets a point on the Pareto
curve that prioritizes a low parameter budget and simple decoding, trading peak
accuracy for deployment feasibility.

Table 5.6: Performance Comparison with State-of-the-Art Models (Cityscapes)

Model Split PQ (1) mlIoU (1) Parameters (M)
Ours (MobileNetV3-FPN) val 0.153 0.618 11.22
Panoptic-DeepLab (Xception-71)  test 0.655 0.842 42.34
Mask2Former-R50 val 0.621 0.775 25.56
Mask2Former-Swin-T val 0.639 0.805 28.29
Mask2Former-Swin-L val 0.666 0.829 196.53

Table 5.6 provides a comparative overview of performance metrics. Our 11.22M-
parameter model is significantly smaller than all listed baselines, which accounts
for much of the absolute performance gap. Panoptic-DeepLab with Xception-71
backbone achieves PQ of 0.655 and mloU of 0.842 but uses 42.34M parameters.
The Mask2Former family, particularly with Swin-L backbone, reaches PQ of 0.666
but requires 196.53M parameters—more than 17 times our model size.

Relative Effectiveness Analysis

When normalized by model size, our approach demonstrates competitive efficiency.
The model achieves 55 mloU points per million parameters compared to Panoptic-
DeepLab’s 19.9 and Mask2Former-R50’s 30.3. However, for panoptic quality per pa-
rameter, the gap widens significantly, indicating that parameter efficiency alone can-
not overcome architectural limitations for instance segmentation. This suggests that
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Figure 5.7: Performance Comparison with State-of-the-Art Models (Cityscapes).

certain capabilities—particularly long-range reasoning and instance discrimination—
require specific architectural innovations beyond simple parameter scaling.

5.4.2 Comparative Analysis of Safety and Prediction Mod-
els

Table 5.7: Comparison of Safe RL Agents (Success and Collision Metrics)

Model Success Rate Collisions per
(%) Episode (avg)
PPO 58.2 +12 4.2+20
PPO + Lagrangian 53.1+11 3.4+18
PPO + Shield only 48.6 = 10 2.6 +1.5
Safe PPO (Lagrangian + Shield) 50.8+9 24+14

In the Table 5.7, a evaluation was conducted over 100 episodes between the pro-
posed Safe RL model and several baseline approaches. The standard PPO agent
achieved a success rate of 58.2% but exhibited the highest collision rate at 4.2 per
episode. Incorporating a Lagrangian constraint penalty (PPO + Lagrangian) re-
duced collisions to 3.4 per episode, though the success rate decreased to 53.1%. The
shield-only variant (PPO + Shield) further lowered collisions to 2.6 per episode, with
a corresponding success rate of 48.6%. The combined Safe PPO model (Lagrangian
+ Shield) achieved the lowest collision rate of 2.4 per episode, with a success rate
of 50.8%. These results clearly demonstrate that integrating both constraint-based
(Lagrangian) and shield-based safety mechanisms yields the most robust safety per-
formance (lowest collision rate), albeit with a moderate trade-off in task success
compared to the riskier standard PPO.
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Figure 5.8: Comparison of Safe RL Agents (Success and Collision Metrics).

Table 5.8: ConvGRU vs. Baseline GRU Performance Metrics

Metric ConvGRU (Ours) Baseline GRU
(Centroids +
Velocity)
Mean IoU 0.415 £ 0.085 0.32 +0.09
Mean Dice 0.585 £ 0.090 0.48 +0.10
Mean F1 Score 0.585 + 0.090 0.49 +0.11
Mean Temporal Consistency 0.410 4+ 0.080 0.35 £ 0.085
Mean Confidence 0.690 4+ 0.030 0.65 £ 0.04
Mean Uncertainty 0.021 £ 0.008 0.035 £ 0.010
Obstacle Confidence 0.655 £ 0.035 0.60 + 0.04

A direct comparison was performed between the ConvGRU model, which utilizes
spatial mask data, and a baseline GRU model relying on centroid and velocity fea-
tures. ConvGRU consistently outperformed the baseline across all evaluated metrics:
mean loU (0.415 vs 0.32), mean Dice (0.585 vs 0.48), mean F1 score (0.585 vs 0.49),
and mean temporal consistency (0.410 vs 0.35). ConvGRU also exhibited higher
confidence (0.690 vs 0.65), lower uncertainty (0.021 vs 0.035), and greater obsta-
cle confidence (0.655 vs 0.60). These findings are effective in demonstrating that
incorporating spatial structure through mask-based inputs (ConvGRU) is crucial,
enabling more accurate segmentation, smoother temporal predictions, and improved
obstacle detection compared to models using only low-dimensional centroid and ve-
locity information.
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Figure 5.9: ConvGRU vs. Baseline GRU Performance Metrics.

5.5 Discussions

This section synthesizes the results to provide a holistic interpretation of the model’s
capabilities, its limitations, and directions for future research.

5.5.1 Interpretation and Implications

The model demonstrates robust semantic understanding, but its primary perfor-
mance bottleneck lies in panoptic quality, driven by weak instance detection for
small and thin classes. This is a known limitation of stride-8 center-offset decoders,
where tiny objects provide a very sparse supervisory signal. The model’s design
successfully prioritizes computational efficiency and a simple pipeline, establishing a
strong baseline for resource-constrained applications where accuracy-per-parameter
is a key consideration.

The results have several important implications:

e Deployment Feasibility: The 11.22M parameter count makes this model
suitable for real-time inference on mobile devices and edge computing plat-
forms, addressing a critical gap in panoptic segmentation research.

e Trade-off Validation: Our findings confirm that efficient architectures can
achieve reasonable semantic segmentation but face fundamental challenges in
instance discrimination without global reasoning mechanisms.

e Design Principles: The careful balance of loss weighting and architectural
components demonstrates that systematic design choices can maximize per-
formance within strict parameter budgets.

e Safe Training: Integrating efficient segmentation with safe RL not only en-
hances real-time safety and navigation for autonomous systems, but also di-
rectly benefits blind or visually impaired individuals by providing detailed,
context-aware feedback about their surroundings. The system’s unified scene

understanding—distinguishing sidewalks, obstacles, and dynamic hazards—enables

timely, reliable guidance, empowering users to navigate complex environments
more independently and safely.
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¢ Simulation Environment Limitations: Our use of the CARLA simulator
introduces important constraints, as it does not fully capture the complexity
and unpredictability of real-world navigation. The simulated environment sim-
plifies many aspects of movement and interaction, resulting in discrete agent
behaviors that do not reflect the continuous, nuanced challenges encountered
in live urban settings. Real-life navigation involves smooth, uninterrupted ac-
tions and dynamic adaptation to unpredictable obstacles, whereas our model
operates with a limited set of discrete movement choices. This gap means that
some behaviors learned in simulation may not generalize well to real environ-
ments, and further research is needed to bridge the divide between simulated
and real-world autonomous navigation.

5.5.2 Limitations
This study highlights three principal limitations:

1. Tiny Object Recall: The stride-8 output resolution inherently limits the
ability to resolve and detect very small instances. Classes such as train, mo-
torcycle, and bicycle suffer from insufficient spatial resolution, resulting in
missed detections.

2. Post-processing Sensitivity: Panoptic quality is highly dependent on the
calibration of geometric post-processing heuristics, such as peak detection and
pixel voting thresholds. These hand-crafted rules lack adaptability across di-
verse scenes and object scales.

3. Lack of Global Reasoning: The architecture lacks a mechanism for long-
range spatial reasoning, which can be critical for resolving complex occlusions
and is a key advantage of modern transformer-based models. This limitation
particularly affects performance in crowded urban scenes.
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Chapter 6

Conclusion

Traditionally visually impaired individuals minimize the challenges of navigation
through urban areas with canes and guide dogs. New technologies for assisted
living are trying to improve the accessibility of the individuals in specific scenarios.
Despite the availability of traditional tools and emerging technologies, the challenges
of visually impaired pedestrians are still significant, such as; navigating in dynamic
environments with dynamic lighting filled with obstacles like moving vehicles ,traffic
signals and signs. This research aims to bridge the gap by combining SRL and CV to
develop an advanced navigation system that can provide real-time feedback, adapt
to changing environments, and enhance the safety and mobility of visually impaired
individuals with unbreached user data.

6.1 Summary of Findings

The primary contributions and effective analysis demonstrated by this research are
summarized below:

1. Vision-Only Safe Navigation Feasibility: The study successfully estab-
lished the feasibility of a vision-only navigation system. By relying solely on
RGB cameras and lightweight deep learning models, the system reliably pro-
vides real-time, context-aware navigation for visually impaired pedestrians in
dynamic urban environments, eliminating the need for expensive sensors like

LiDAR or GPS.

2. Robust Panoptic Segmentation for Urban Safety: A novel MobileNetV 3-
based panoptic segmentation network was developed. This network ef-
fectively identifies critical classes (roads, vehicles, pedestrians) from camera
input, enabling robust scene understanding and real-time hazard detection,
which serves as the foundational input for the safety system.

3. Temporal Danger Prediction with ConvGRU: Safety is enhanced by
the integration of a ConvGRU-based temporal prediction module. This
module forecasts the future positions of dynamic obstacles, providing the agent
with short-term foresight and significantly improving safety by highlighting
danger-prone areas several frames ahead.
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4. Multi-Channel Fusion for Enhanced Decision-Making: The system uti-

lizes multi-channel fusion by combining current semantic maps with pre-
dicted danger channels. This enriched input allows the reinforcement learning
agent to reason about both present and upcoming risks, critically enhancing
spatial and temporal awareness for safer navigation decisions.

Safety-Layered Reinforcement Learning: The core navigation mecha-
nism, a PPO agent augmented with a safety layer (action shielding),
ensures that unsafe actions are prevented during both training and deploy-
ment. This results in demonstrably lower collision rates and higher navigation
success compared to conventional, unshielded RL agents.

. Edge-Deployable, Real-Time Performance: The proposed end-to-end ar-

chitecture is optimized for deployment. It achieves competitive segmentation
and navigation metrics with a compact model size and fast inference
times, making it highly suitable for deployment on resource-constrained de-
vices for real-world assistive applications.

6.2 Contributions to the Field

The major contributions of this work, which collectively advance the state-of-the-art
in affordable, safe, and context-aware assistive navigation, are listed below:

1.

Vision-Only, Affordable Navigation Framework: The paper introduces
a novel, vision-only navigation system that relies solely on RGB cameras and
lightweight deep learning models, eliminating the need for expensive sensors
like LiDAR or GPS and making advanced navigation assistance more accessible
and affordable for visually impaired users.

. Panoptic Segmentation for Real-Time Urban Safety: It demonstrates

the effectiveness of a MobileNetV3-based panoptic segmentation net-
work for identifying critical urban classes (roads, vehicles, pedestrians) in real
time, enabling robust scene understanding and hazard detection on resource-
constrained devices.

. Temporal Danger Prediction Using ConvGRU: The integration of a

ConvGRU-based temporal prediction module is crucial. This allows
the system to forecast future positions of dynamic obstacles, providing short-
term foresight and proactive safety for users navigating complex environments.

. Multi-Channel Fusion for Enhanced Decision-Making: The system ef-

fectively fuses current semantic maps with predicted danger channels, creating
a multi-channel input that enhances the agent’s spatial and temporal aware-
ness, leading to safer and more context-aware navigation decisions.

Safety-Layered Reinforcement Learning: The use of a PPO agent with
an action-shielding safety layer sets a new standard for safe reinforcement
learning in assistive navigation, ensuring that unsafe actions are prevented
during both training and deployment, and demonstrably reducing collision
rates compared to conventional RL agents.
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6.

Simulation-Based, Ethical Validation: The research validates the system
in the high-fidelity CARLA simulator, allowing for risk-free, ethical testing
of navigation strategies and safety mechanisms before real-world deployment,
and highlighting the importance of simulation in developing assistive technolo-
gies for vulnerable populations.

Benchmarking and Open Research Directions: The paper provides com-
prehensive benchmarking of segmentation and navigation metrics, setting a
strong baseline for future research and identifying key areas for improvement,
such as small object detection and the sim-to-real transfer challenge for robust
real-world performance.

6.3 Recommendations for Future Work

Based on these findings, the following directions for future research are propose:

Architectural Refinements: Introduce a custom feature extractor that re-
places mobilenet to reduce the parameter count. Introduce another auxiliary
head for offset head refinement.

Advanced Loss Functions: Employ multiple loss function to better define
the offset error margin.

Multi-Task Learning Extensions: Investigate additional auxiliary tasks
such as depth estimation or object boundary detection that could provide
complementary supervisory signals to improve instance discrimination.

Domain Adaptation: Evaluate the model’s transferability to other urban
scene datasets and explore domain adaptation techniques to improve robust-
ness across different environments.

Extract Spatial Features: Using depthwise-separable 3x3 and 1x1 point-
wise filters with optional dilation and residual skips, the goal is to lift spatial
features pre-temporal modeling to improve short-horizon danger maps at lower
compute than increasing input resolution or recurrent depth, with evaluation
via accuracy—latency Pareto curves, collision metrics, and optional quantiza-
tion/pruning to ensure a favorable cost—benefit

Real-Life Training: The system will be deployed in staged real-city naviga-
tion trials across diverse lighting, weather, and traffic conditions under ethics
approvals and orientation-and-mobility collaboration, measuring success rate,
collision rate, path efficiency, intervention frequency, user comfort, and pri-
vacy compliance to validate a vision-only safe RL stack with action shielding
in everyday urban settings

In conclusion, this work establishes a strong foundation for efficient panoptic seg-
mentation, demonstrating that careful architectural design and training strategies
can yield practical models for resource-constrained environments. While absolute
performance lags behind state-of-the-art models, the significant reduction in model
size and computational requirements opens new possibilities for real-time panoptic
segmentation on mobile and embedded platforms.
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