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혼잡한 환경 내에서 ¤바일 로봇의 안전하고 효율적인 주행은 인간 행Ù의 역Ù적인 특성으로 인해 큰 ˜전

과제이ä. 기존의 'Ì 회피 기반 접근 방식은 인간과 로봇의 상호작용을 고려하지 않아 이러한 문제| 해

결하� p 한계| 보인ä. 본 논문에서� 군중 속에서 사회적으로 수용 가¥한 로봇을 구현하기 위해 인간의

보행특성을 네비게이션에 활용하� 방법ä을 제안한ä. 첫째, 군중의 행Ù 유사성을 기반으로 사회적 집Ł

을�정하고이|반영한심층강화학습프레임워크|개발하여사회적으로수용가¥한내비게이션정책을

학습하� 사회적 그룹 인식 네비게이션을 제안한ä. X째, 로봇의 온보Ü 센서의 한계| 보완하기 위해 외부

CCTV p이0| µ합하여 로봇이 CCTV에 포착� 사람ä의 움직임을 예측하고 'Ì 위험을 \소화하˜록

경로| 조정하여, 복잡한 환경에서˜ 안정적이고 효율적인 내비게이션 정책을 학습할 수 있˜록 한ä. 셋째,

가려진 영역 내 사람ä의 위치| 예측하여 불확실성을 고려한 네비게이션 정책을 제안한ä. 예측� 가려진

사람의 위치 불확실성을 심층 강화 학습 프레임워크에 µ합함으로써 로봇이 가려진 보행자와 관측� 보행자

간의주의|Ù적으로조정하p,안전하고효율적인경로|계획할수있˜록한ä.

u심낱말 인간-로봇관계,행Ù¤x,사회적그룹,계층적경로계획

Abstract
Navigating safely and efficiently within crowded environments is a significant challenge for mobile robots due to

the dynamic and unpredictable nature of human behavior. Traditional collision avoidance approaches, which lack

consideration of human-robot interactions, are limited in addressing these complexities. This dissertation proposes

a series of methods that leverage human behavior characteristics for the navigation of socially acceptable robots in

crowded settings. Firstly, we propose a social group-aware navigation approach based on human behavior models.

By estimating social groups from behavioral similarities within crowds, we develop a deep reinforcement learning

(DRL) framework to learn socially acceptable navigation policies. Secondly, we integrate external CCTV data

to supplement the limitations of onboard sensing, allowing the robot to anticipate human movements captured by

CCTV and adjust its path to reduce collision risks, thereby enhancing its perceptual capabilities to learn safe and

efficient navigation policies in complex environments. Finally, we propose a navigation policy that predicts the

positions of occluded humans, modeling the uncertainty of these predictions within the DRL framework. This

enables the robot to dynamically adjust its attention between occluded and observed humans, facilitating safe and

efficient path planning.

Keywords Human-robot interaction, behavioral models, social groups, hierarchical path planning
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Chapter 1. Introduction

The increasing deployment of service robots in crowded indoor environments, such as hospitals, airports,

and shopping malls, has underscored the need for advanced navigation capabilities that ensure both safety and

ef�ciency in complex spaces [2]. Human behavior in these environments is inherently dynamic and unpredictable,

presenting signi�cant challenges for robot navigation due to diverse intentions and complex spatial layouts. These

factors often exceed the predictive and sensing capabilities of standard onboard sensors, especially when frequent

occlusions limit visibility.

Traditional navigation methods typically rely on prede�ned human behavior models or rule-based approaches [3]

[4]. Techniques such as reciprocal velocity and social force models attempt to encapsulate certain behavioral pat-

terns; however, they frequently lack the adaptability needed for real-world scenarios, particularly in dense crowds

where human behavior is highly variable. These limitations often result in suboptimal paths or freezing behav-

iors, impeding smooth and reliable navigation. Recent advancements in deep reinforcement learning (DRL) have

introduced data-driven navigation strategies that adapt more effectively to complex environments [5] [6]. Never-

theless, these DRL-based methods often overlook critical social dynamics, resulting in navigation strategies that

may inadvertently intrude on personal spaces or disrupt group formations, thus lacking social acceptability.

In addition to the unpredictable nature of human intentions, the physical structure of crowded environments

creates additional challenges. Robots equipped with limited onboard sensors (e.g., LiDAR or RGB-D cameras)

are con�ned to local observations and are vulnerable to occlusions by obstacles or other pedestrians, leading to

incomplete data that complicates trajectory prediction and decision-making. Hierarchical path planners and meth-

ods that incorporate updates from external environmental sources have been proposed to mitigate these limitations.

However, these approaches are often insuf�cient, especially when obstacles or pedestrians intermittently obstruct

the robot's view, creating critical blind spots.

This dissertation proposes an integrated navigation approach that addresses the dual challenges of human

unpredictability and limited perception by incorporating human group behavior models, external data sources

like CCTV, and occlusion-aware navigation mechanisms. The objective is to achieve socially compliant and safe

navigation by enhancing situational awareness and enabling the robot to make more adaptive responses in dynamic

environments.

Chapter 2 introduces a group-aware navigation approach that uses human behavior models to inform DRL-

based navigation policies. By clustering individuals with similar behavioral patterns into groups, the method

enables the robot to identify social group spaces, facilitating navigation that respects personal and group bound-

aries. This approach allows for more natural and acceptable interactions in crowded settings by closely imitating

the navigation behavior of humans in such environments.

Chapter 3 presents a framework that integrates external CCTV data with the robot's onboard sensors to extend

the robot's perceptual capabilities beyond its immediate �eld of view. The integration of CCTV data enables the

robot to detect pedestrians and obstacles outside its sensor range, including occluded areas, and anticipate human

movement patterns. This combination of external and local data creates a more robust and reliable navigation

framework. The CCTV-informed planner generates global paths that are then re�ned through DRL for ef�cient and

socially aware navigation, signi�cantly improving the robot's capacity to safely navigate complex environments

by leveraging comprehensive environmental data.

Chapter 4 introduces an occlusion-aware navigation framework designed to address the challenges posed by

limited visibility and frequent occlusions in crowded spaces. This framework models the uncertainty in occluded

1



pedestrian trajectories with probabilistic ellipsoids, which are then incorporated into an adaptive attention mech-

anism and a risk-aware reward function within the DRL framework. By dynamically adjusting the robot's focus

between visible and occluded pedestrians based on uncertainty levels, this approach enables the robot to main-

tain safe distances and avoid collisions while navigating ef�ciently. The use of probabilistic models for occluded

pedestrian prediction allows the robot to operate effectively in partially observable environments, ensuring more

reliable and safe navigation despite limited sensory input.

2



Chapter 2. Group Estimation for Social Robot Navigation in Crowded
Environments

2.1 Introduction

Recently, many services using mobile robots have increased in the real environments such as hospitals and

airports. However, social robot navigation in a dynamic and crowded environment remains a challenging problem

due to diverse, unpredictable human intent. One of the well-studied methods utilizes human agents sharing the

same navigation rules. This rule-based approach designs the human behavior patterns based on the reciprocal

velocity [7] or the social force [8]. However, using such hand-engineered rules could occur in a myopic path or a

freezing robot action in crowded environments.

Recent attempts have solved the crowd-aware navigation problem with deep reinforcement learning (DRL).

For example, DRL-Long [9] dealt with the problem via multi-robot collision avoidance approach. However, as

mentioned in the prior work, robot navigation considering humans differs from multi-robot collision avoidance

scenario. Learning the navigation policy without human factors can cause low success since the a robot agent

tends to pass through dense obstacles rapidly. In addition, the robot cannot learn a social complaint policy, which

causes intruding on personal spaces or hindering the walking groups.

Some studies have tried to consider human factors in the navigation problem. The Attention [10], the Graph

Convolution Network [11], and the structure-RNN [12] infer the relationship between a robot and humans. How-

ever, these methods are intractable to apply to a dense crowd environment due to a strong assumption - all the

human poses and velocities can be observable in a scene without sensory information.

In this work, I exploit the grouping behaviors of crowds to overcome the social navigation problem. A

person focuses on neighbor groups' trajectories rather than individuals in a crowded environment [13]. Naturally,

humans move while inferring groups behaviors, e.g., pedestrians walking together share the moving speed and

direction. Inspired by this social phenomenon, I propose an approach to use the human group estimations for deep

reinforcement learning-based social navigation.

The contributions of this paper are as follows:

• My approach clusters people having similar behaviors into groups and constructs social group spaces.

• I propose a group-aware reward so that the DRL network learns a social navigation policy.

• My quantitative and qualitative results demonstrate the effectiveness of using human group information for

navigation in crowded environments.

2.2 Related Work

Robot navigation in dense crowd environments has been studied as multi-agent collision avoidance, where

the humans share the same navigation rules. This rule-based approach designs the human behavior patterns based

on the reciprocal velocity [7] or the social force [8]. However, using such uniform and hand-engineered rules

could occur in a myopic path or a freezing robot problem in crowded environments.

In recent years, a deep learning-based approach has been introduced to overcome the problem of the rule-

based navigation approach. Pfeiffer et al. [14] proposed a CNN-based supervised learning model to generate a
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Figure 2.1: Social robot navigation. My method allows a robot agent to determine a socially acceptable navigation

action (green arrow) in crowds. The group-aware information, the social group zones based on the behavioral

similarities of people, results in the trajectory (red arrow) toward the goal while avoiding the groups.

robot's steering actions. Fan et al. [9] suggested a deep reinforcement learning network that learns a policy to

reach the goal based on laser scan data and robot states.

Some deep reinforcement learning approaches have considered social factors for ef�cient robot navigation.

The prior work [15,16] proposed the methods that utilize features embedding the robot's states and whole humans'

information for navigation. Furthermore, recent approaches used the Attention [10], the Graph Convolution Net-

work [11], and the structureRNN [12] to infer the relationship between a robot and humans for more socially

acceptable navigation. I deal with the social robot navigation with partial sensing capabilities in groups of hu-

mans. To solve this problem, I estimate the group from the identi�ed person's information, model the group

space, and learn the optimal policy to comply with the group space through reinforcement learning.

2.3 Group Estimation for Social Robot Navigation

I �rst adopt an unsupervised clustering algorithm to identify people with similar behavior into same group,

and model the individual spaces based on the observed human states. My method estimates a group space for

people in the same group, following the prior work [17] (Sec. 2.1). Then, I propose a group-aware reward

using the estimated group space for deep reinforcement learning framework. The proposed approach results in an

avoidance navigation action to the social group (Sec. 2.2).
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2.3.1 Creating Group Space

Human group clustering. I employ an unsupervised clustering algorithm to extract group information based

on the spatial similarity between observed humans. K-Means [18] or DBSCAN [19], which require �ne-tuned

hyper-parameters, are not applicable to my work since human groups can have various shapes and densities.

Therefore, I utilize the HDBSCAN [20] algorithm that supports adaptive density levels for each cluster. In my

work, the HDBSCAN algorithm �nds the human groups (clusters) based on the behavioral features: current

position(xc;yc) and velocity(v;q) of moving human. The velocity is expressed by a magnitudev and a direction

q, respectively.

Individual space de�nition. This work aims for a mobile robot to avoid a human's personal space or a

group's movement for socially acceptable robot navigation. To re�ect the human movement characteristics, I

introduce an individual space and then de�ne the group space using the clustering result.

I adopt the individual space model of a person from the paper [21]. The prior work proposed the personal

space of a moving human as a 2-D asymmetric Gaussian distribution. Then, I calculate the parameters of 2-D

asymmetric Gaussian distribution, a front variancesh, a side variancess, and a rear variances r , as follows:

sh = max(2u;0:5); ss =
2
3

sh; s r =
1
2

sh: (2.1)

Following the human activity model [22], I can de�ne an individual space (IS) representation,ISi(�), of thei-th

human agent as

ISi(x;y;xc;yc;v;q) = e� (A(x� xc)2+ 2B(x� xc)(y� yc)+ C(y� yc)2) ; (2.2)

whereA, B, andC indicate the coef�cients that controls the shape of individual space, depending on agent's

velocity (v;q). These values are expressed as

A =
cos(q)2

2s 2 +
sin(q)2

2s 2
s

; (2.3)

B =
sin(2q)

4s 2 �
sin(2q)

4s 2
s

; (2.4)

C =
sin(q)2

2s 2 +
cos(q)2

2s 2
s

: (2.5)

s becomess r or sh depending on the facing direction of humanq. Thanks to the high adaptability of this

representation, I can form the individual spaces of agents with various sizes and shapes.

Group space estimation.Using the group clustering results and individual spaces of the group members, I

estimate a group space that re�ects the people's behavior of the group. Following the prior work [17], my method

estimates a group space (GS) model,GSj (�), of j-th human group by a convex hull algorithm [23]. I use the

individual spacesISi(�) of people clustered into the same group in order to compute the group space as

GSj (�) = ConvexHull(ISi(�) j i 2 G j ); (2.6)

Fig. 2.2 visualizes the estimated group spaces from the observed humans and their individual spaces.

2.3.2 Deep Reinforcement Learning for Navigation

Network Architecture. My network architecture is based on the prior DRL-based navigation work [9].

The network's input combines the last three sensory data embedding the lidar sensor, local goal position, and the

robot's velocity. Then, the navigation policy network samples a mobile robot action de�ned by the linear velocity

u and the angular velocityw. I set the upper and lower bounds,u 2 [0;1] andw 2 [� 1;1], to make a valid action

space.
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(a) Individual space (b) Observed humans states

(c) Crowds' individual spaces (d) Estimated group spaces

Figure 2.2: The process of estimating group spaces. (a) represents an individual space de�ned by an asymmetric

2-D Gaussian. (b) shows the �ve moving people where three and two agents has different moving behaviors. (c)

and (d) indicate the individual spaces and the estimated group spaces for the observed people.
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Reward function. I design the reward function that leads to moving action toward the goal while avoiding

the social group spaces:

R= Rg + Rc + Rw + Rgrp; (2.7)

whereRg represents success and progress reward,Rc represents a collision penalty,Rw represents rotational

penalty, andRgrp represents the group reward using the social group information I propose. My method follows

the other rewards used in the state-of-the-art method [9] exceptRgrp.

I propose a group reward,Rgrp, to encourage a robot to improve the navigation performance as well as

comply with a social norm. I designedRgrp so that the robot learns to avoid the group space to not interfere with

the group's movement. This reward penalizes the network when the robot violates the group spaces:

Rgrp = l 1

G

å
j= 1

min(0;d j
grp � dsa f e); (2.8)

whered j
grp indicates the shortest distance between the robot's position(xr ;yr ) and the estimated group spaces.

Speci�cally, the distance is calculated with contour points(xp;yp) on the estimated group's convex hullGSj (�)

d j
grp = min(

�
jj (xr ;yr ) � (xp;yp)jj2

	
); (2.9)

wheredsa f e is a safety threshold, andl 1 represents a hyper-parameter of the reward function. The robot receives a

penalty ifd j
grp is less thandsa f e. Therefore, the group rewardRgrp is the sum of the penalties from all the estimated

groups. I setl 1 = 0:1, dsa f e= 2:0m.

2.4 Experiments and Analysis

2.4.1 Experiment con�gurations

Training environment. I constructed a simulation environment for social robot navigation in a crowded

scene using a 2-D multi-robot simulator, stageROS1. This experiment simulated the group behavior based on the

Extended Social Force model [24]. I trained a network in 10,000 episodes for each scenario through the proximal

policy optimization (PPO) [25] and then tested 100 random unseen episodes. As the implementation details, this

work used PyTorch and Adam optimizer.

I experimented with two scenarios used in the prior navigation research [9]. In the circle scenario, each

human agent moves from an edge of the circle to the opposite goal; a densely crowded area occurs in the circle's

center. In addition, I use a more challenging cross scenario, where the robot has to pass through the human groups

moving in horizontal directions.

Notably, my crowd simulation models human behavior, i.e., moving patterns in groups, based on eSFM [24].

Multi-agents in two scenarios of the prior work [9] did not take into account the humans' group-aware behavior.

Therefore, I extend the simulation environment to be challengeable where the human model follows a realistic

moving pattern.

BaselinesI compared the proposed method with various following method:

• Naive: the deep reinforcement learning-based navigation approach for crowd environments, DRL-Long [9].

The network learns a collision avoidance policy without considering group information.

• Individual: considers the boundary around a single individual, effectively treating the group size as one.

1http://wiki.ros.org/stageros
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(a) Circle scenario (b) Cross scenario

Figure 2.3: Experimental scenarios with the robot (red) and the people in the same group (other colors). Blurred-

color boxes indicate past trajectories.

• Ours: group space aware robot navigation

Evaluation metrics To assess navigation performance and social compliance, I implemented evaluation

metrics as following:

• Success Rate: Measures the ability of the robot to reach its goal without collisions.

• Travel Time / Path Length: Evaluates the average travel time and path length in successful episodes to

quantify ef�ciency.

• Safe Distance: Captures the average minimum distance to humans during navigation episodes, indicating

safety levels.

• Intrusion Rate: Assesses the average intrusion time ratio into individual space during navigation episodes,

re�ecting the robot's respect for human personal space [26].

2.4.2 Result and Analysis

Table 2.1 represents the evaluation results for each scenario, and the qualitative results are shown in Fig. 2.4

and Fig. 2.5. In all scenario, our method achieves the highest success rate, ef�ciency, and social compliance,

making it the most robust approach in these complex environments. Especially, individual-aware method is more

effective than the naive approach, leads to inef�cient navigation (long travel time) as the robot overcompensates

to avoid intrusions into individual spaces individually. In contrast, our group-aware method leverages the under-

standing of collective group spaces, allowing the robot to predict and navigate around the cohesive movement

patterns of groups. This leads to more ef�cient path planning and smoother trajectories, reducing unnecessary de-

tours. Furthermore, by considering the group as a unit, our method minimizes over-cautious behavior, achieving

both shorter travel times and better social compliance metrics, such as safer distances and fewer intrusions. This

ability to adapt to group-level dynamics is what enables our method to excel in success rate, ef�ciency, and social

compliance, making it the most robust approach in these complex environments.

Fig. 2.4 shows the navigation result in the circle scenario where the robot faces three approaching human

groups in the middle of the circle. In the environment, DRL-Long makes a moving action that passes through
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Environment Method Success rate Travel time Path length Safe distance Intrusion rate

Circle

Nä�ve 0.67 111.886 21.463 1.212 2.746

Individual 0.77 136.052 24.464 1.255 2.013

Ours 0.79 118.886 22.660 1.267 1.831

Cross

Nä�ve 0.45 233.980 16.807 0.802 11.909

Individual 0.66 262.828 18.170 0.820 8.201

Ours 0.71 240.321 18.271 0.837 7.824

Table 2.1: Comparison of navigation performance and social compliance across different methods and environ-

ments.

the dense crowds since the prior network trains the individual agents as obstacles. The network output could

become the shortest path toward the goal. Nonetheless, the robot cannot �nd an action to get out of the crowds

and thus results in a collision with a human. On the other hand, our approach chooses an action to avoid human

groups while not violating the social area of the group and considers the group space based on the observed human

behavior. Learning the navigation policy with the group clusters makes the robot detour. As a result, ours achieves

a higher success rate of navigation and less individual discomfort than the prior work, despite the longer path

length.

Fig. 2.5 compares the trajectories of both navigation methods in the plus-shaped corridor. Before the time

t, the prior work makes the navigation trajectory pass through the group colored by blue. However, the DRL-

Long changes the moving direction suddenly to avoid the approaching person at the timet. These actions cause

the robot to follow a dangerous navigation trajectory that interferes with human group behavior. However, ,y

approach shows that it makes a safer navigation path than prior work. The proposed method perceives the human

group and thus makes the detour trajectory to the group space in advance (before the timet). Thanks to the group

information, my approach shows much better performance on the success rate, 0.71, than the prior method, 0.49,

in this challenging scene.

Analysis of human density on navigation

To understand the impact of varying human densities on robotic navigation, Experiments were conducted in

environments with 13, 15, and 21 humans, representing low, medium, and high-density in circle scenario.

As presented in Fig. 2.6, our proposed method demonstrates consistent superior performance compared to

baseline approaches in environments with varying human densities. The results underline the importance of

integrating social dynamics into robot navigation systems. By incorporating group-awareness and reinforcement

learning, the proposed method delivers a robust and ef�cient solution for safe navigation in crowded environments.

Analysis of human density on navigation

To understand the impact of varying human densities on robotic navigation, Experiments were conducted in

environments with 13, 15, and 21 humans, representing low, medium, and high-density in circle scenario.

As shown in Tab. 2.2, In the circle scenario, the heuristic policy, where the robot stops if a human is within

2 meters, performs poorly. it suffers from a very low success rate of 15% and an excessively long travel time

of nearly 400 seconds. These results highlight the limitations of heuristic methods, as the frequent stops lead to

inef�cient navigation and increased collision risks. In the cross scenario, the heuristic method stops the robot when

humans are within 2 meters, is less affected by human due to the structured and narrow layout of the environment.

9



Table 2.2: Comparison of navigation performance and social compliance across heuristic policy.

Environment Method Success rate Travel time Path length Safe distance Intrusion rate

Circle
Heuristic 0.15 394.961 18.000 2.183 1.117

Ours 0.79 118.886 22.660 1.052 5.743

Cross
Heuristic 0.90 261.506 17.390 0.849 0.000

Ours 0.71 240.321 18.271 0.837 7.842

The clear separation between paths minimizes human-robot interactions, allowing the robot to avoid collisions

simply stopping. However, this comes at the cost of increased travel time, as the robot relies on static waiting

rather than dynamic path planning, highlighting its limitations in ef�ciency.

2.5 Conclusion

In this paper, I proposed social robot navigation with group estimation in crowded environments. The pro-

posed method estimates social groups by exploiting similarities in people's behavior. My deep reinforcement

learning networks learn socially compliant robot behavior through the proposed group-aware reward. The quanti-

tative and qualitative evaluation results showed the effectiveness of utilizing human group information for social

robot navigation in crowded environments
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Figure 2.4: Circle scenario. Our approach clusters individuals into social groups and makes an action to avoid

the group space (orange area). Different colors of the boxes represent each group of crowds except red, and each

blue ellipse in the group space indicate a personal space.
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Figure 2.5: Cross scenario. Our approach passes through the moving crowds safely thanks to considering the

social group space. The tracing marks of a box represent a trajectory over time.

Figure 2.6: Results of success rate, navigation time, and intrusion ration on different level of human density in

circle scenario about different methods.
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Chapter 3. CCTV-Informed Human-Aware Robot Navigation in Crowded
Indoor Environments

3.1 Introduction

Service robots are increasingly common in crowded indoor environments such as airports, department stores,

and metro stations. However, navigating these environments is challenging due to their large scale, dynamic

conditions, and the unpredictable behavior of humans [27] [28]. The robot's onboard sensors, such as LiDAR

and RGB-D cameras, further complicate the issue, as they offer only localized, limited-range information, often

missing obstacles outside their �eld of view (FOV) or cannot detect obstacles behind the objects or around corners.

While recent studies have tackled various challenges in robot navigation, including exploration [29], limited

FOV [30], and uncertainty [31], most of these solutions rely solely on onboard sensors, inheriting their limita-

tions. A more promising avenue is using external data sources like closed-circuit television (CCTV) cameras,

commonly found in the environments where service robots operate. CCTVs are cost-effective, low-maintenance,

and strategically placed, offering real-time visual data to enhance a robot's situational awareness. For example,

the robot can avoid exploring areas with unknown dangers or densely populated areas in advance by accessing

CCTVs information.

Previous studies, including Silvaet al. [32], have focused on predicting human movements using external

cameras but have not explored integrating these predictions with robotic navigation strategies. My framework �lls

this gap by encapsulating human movements from CCTVs to anticipate human impact on the unclear navigational

trajectory of our robot and devise human-aware paths that mitigate collision risks and minimize social intrusions.

Further, I incorporate a deep reinforcement learning (DRL) algorithm into my human-aware global path to �ne-

tune robot navigation in human-populated areas, enabling the robot to learn ef�ciently and socially acceptable

navigation compared to methods based solely on local sensors (see Fig.4.1).

The contributions of this study are as follows:

1) I present a unique navigation framework that uses external CCTV data to enhance robotic navigation in

crowded and dynamic indoor environments.

2) I propose a CCTV-informed global planner that utilizes human detected movements in CCTVs to overcome

onboard sensor limitations and create a comprehensive environmental view facilitating the generation of human-

aware global paths.

3) I integrate a deep reinforcement learning network onto a generated global path to learn ef�ciently and

socially acceptable navigation policy.

3.2 Related Work

3.2.1 Robot navigation in a crowds

Many studies investigate mobile robot navigation challenges in crowded indoor settings. A common approach

utilizes hand-crafted rules modeling assumed human behaviors, like reciprocal velocity [7] or social force [33].

However, these rules can yield short-sighted paths or freezing robot actions in dynamic environments and easily

fall into local optima in complex spaces like long hallways. To address the limitations of traditional algorithms,
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Figure 3.1: In this illustration, I demonstrate my navigation framework that complements a robot's local sensing

(indicated by the blue area) with data from external CCTVs (shown in different colors). By processing human

movements from the CCTVs, my CCTV-informed planner generates human-aware global paths (represented by

the green dashed line) in complex and crowded environments. This integrated approach allows the robot to navi-

gate ef�ciently and safely around dense crowds and potential obstacles.

deep reinforcement learning (DRL) for navigation has gained much attention. Chenet al. [10] proposed DRL-

based crowd navigation with an attention mechanism. Everettet al. [16] handled variable humans via LSTM.

Liu et al. [12] used a structural-RNN to model robot-human interactions. However, DRL-based navigation tends

to be myopic, requires tedious training, and depends on the training environment [34]. Further, many DRL-

based methods still rely solely on local sensor inputs, thus remaining unaware of the surroundings beyond their

detection range, unable to take proactive risk-averse actions. In contrast, I propose a novel approach leveraging

external CCTVs to provide comprehensive spatial awareness derived from CCTVs, allowing for predictive path

planning and ef�cient movement in crowded indoor spaces.

3.2.2 Hierarchical path planning

Hierarchical planners are researched for long-term navigation given spatial constraints in indoor environ-

ments. They combine a global planner generating paths based on prior spatial knowledge using search methods

like A* [35] or RRT [36] and a local planner that follows the path while avoiding observed obstacles. Kastner

et al. [37] proposed an intermediate planner connecting the global and DRL navigation planners via a waypoint

generator. [38] used reinforcement learning to follow global path waypoints for navigation around people. How-

ever, previous works assumed that the environment is fully known in advance or that planners immediately re�ect

environmental changes, which is invalid in crowded indoor settings. To address these issues, I propose a global

planner utilizing sparse CCTV data to generate adaptable global paths integrated with a DRL-based local plan-

ner, enabling dynamic updates to the global understanding of the environment and leading to more adaptive path

planning.

14



3.2.3 Using CCTVs for robot navigation

Recently, video surveillance systems like CCTVs have been applied to tasks like person re-identi�cation,

crowd detection, abnormality identi�cation, and event detection. The study [39] detects groups violating social

distancing via CCTVs and dispatches a robot to warn them. [32] predicted future motion �ows from temporal

CCTV data. Ravankaret al. [40] solve deadlock situations in crowded alleys using CCTV observations and

graph-based priority queue allocation. Related work [41] proposed vision-based localization and path planning

using external surveillance cameras indoors. However, it focused on austere environments without considering

dynamic obstacles like crowds. In contrast, I propose a navigation framework that integrates CCTV data with

human movement analytics to enable human-aware robot navigation even in crowded environments.

3.3 CCTV-Informed Human-Aware Robot Navigation

Figure 3.2: I propose a hierarchical path planning framework that leverages information from external CCTVs

to compensate for the limited local sensor view of robots. The CCTV-informed global planner models individual

spaces based on the movements of humans identi�ed from CCTVs and combines this with the prior global occu-

pancy map. It then generates a human-aware global path based on a fused cost map that incorporates social costs

re�ecting the impact of human movements on the robot. The DRL-based local planner uses the global path as a

guide to learn a navigation policy that ef�ciently and safely reaches the goal.

I propose a framework enabling mobile robots to ef�ciently and safely navigate crowded indoor environments

by integrating external CCTV data to overcome the limitations of onboard sensors. First, I describe a CCTV-

informed global planner that models the individual space of humans observed from CCTV data, and generate

human-aware global paths by incorporating social cost consideration (Sec. 3.3.1). Next, I explain my deep rein-

forcement learning-based local planner incorporating the global path (Sec. 3.3.2). Fig. 4.2 provides an overview

of the framework.

3.3.1 CCTV-Informed global planner

This component generates a human-aware global robot path by incorporating prior static obstacle map data

and observed human data from CCTVs into a path planning algorithm. It considers the modeled individual spaces

and estimated social costs of observed human to produce collision-free, socially acceptable paths.

Human identi�cation from CCTVs Within the framework of my CCTV-informed global planner, the initial

step involves the integration of human detection from CCTVs. I identify humans within CCTV images by utilizing

the YOLO [42], assigning unique IDs and calculating their positions and velocities. This process serves as a

preliminary stage, aiding in the translation of observed 3D human movements into 2D map locations through

homography transformation [43].
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Fused map representation.I de�ne a fused cost map,mFC, for the CCTV-Informed global path planning,

constructed by aggregating the global occupancy map,mGO, and the individual space map,mIS, representing the

detected humans.

The global occupancy map,mGO, is a �xed-resolution grid map encoding static environment structure and

obstacles. I assume the robot is already given information about the current environment, such as the global

structure and static obstacles. The individual space map,mIS, contains occupied spaces modeled from the observed

human movements. Previous studies have represented people as predetermined shapes like circles [26] or grid

cells [44]. However, these simplistic representations are inadequate for capturing humans' complex behaviors

and intentions, degrading robot navigation performance. To enable better navigation, I model dynamic individual

spaces analyzable for path planning by examining observed human movement.

The individual space model is illustrated in Fig. 3.3(a). Each humani in the scene is de�ned by a position

hi = ( xi ;yi), a velocityvi , and an orientationqi . To quantify the area occupied by each human referred to as

the individual spaceISi , I adopt the personal space model [45] [21] as a 2D asymmetric Gaussian distribution.

Speci�cally, ISi(x;y) is given by an exponential function of the form as

ISi(x;y) = e� (A(x� xi )2+ 2B(x� xi )(y� yi )+ C(y� yi )2) ; (3.1)

whereA, B, andC serve as the coef�cients that regulate the geometric con�guration of the individual space and

are de�ned as

A(qi) =
cos2(qi)

2s 2 +
sin2(qi)

2s 2
s

;

B(qi) =
sin(2qi)

4s 2 �
sin(2qi)

4s 2
s

;

C(qi) =
sin2(qi)

2s 2 +
cos2(qi)

2s 2
s

:

(3.2)

The value ofs is determined by the facing orientationqi and can assume one of two variances: the front variance

sh or the rear variances r . The respective values forsh;ss; ands r are de�ned assh = max(2vi ;0:5), ss = 2
3sh,

ands r = 1
2sh.

Finally, the individual spaces for all observed humans are collectively represented in an individual space map

mIS, as depicted in Fig. 3.3(c).

Global path planner with social costTo address the challenges of human-aware navigation in dynamic

environments, we propose a CCTV-Informed Global Planner (CIGP) that integrates human behavior into the

global path planning process. The planner leverages a graph-based approach and incorporates a novel social cost

function,SIS(n), to ensure the robot's path respects human presence and movement dynamics.

Tha path planning process in CIGP is formulated as a modi�ed graph-based algorithm with the following

cost function:

F(n) = G(n)+ H(n)+ bSIS(n); (3.3)

wheren represents a grid cell in the fused cost mapmFC. G(n) is the cost from the start point ton, H(n) is

a heuristic function that is a conservative approximation of the remaining cost to the goal (e.g., the Euclidean

distance), andSIS(n) denotes my newly-introduced social cost function. The scaling factorb controls the in�uence

of the social cost term, ensuring that it enhances socially aware path planning without compromising A* [35]'s

admissibility and consistency.

The social cost function,SIS, quanti�es the impact of human movement on the robot's path-planning deci-

sions. For this, I introduce a metric called the Intention Alignment Score (t j ):

t j =
~vr! g �~vr! h j

j~vr! gjj~vr! h j j
; (3.4)
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(a) Individual space (IS) (b) Indoor environment

(c) Individual space map (mIS) (d) Human-aware global path

Figure 3.3: These �gures demonstrate the key elements of the CCTV-Informed global planner. (a) displaces an

individual space (IS) centered at (0, 0) with orientationq = 235� and velocityv = 3m=s. (b) depicts an indoor

environment with a robot and moving humans. The robot's sensing range is in semi-transparent blue. People on

CCTV and their movements are labeled in red. (c) shows an individual space mapmIS integrating allISs, enclosed

by red curves. (d) shows calculated human-aware global path (green dots) by my CCTV-Informed global planner

using a fused cost mapmFC. Regions inmIS assigned social costs fromSIS (numbers belowIS labels).

where~vr! g represents the robot's “intention” , de�ned as a goal-oriented vector from its current position towards

its goal.~vr! h j refers to the relative velocity vector of thej-th human compared to the robot. The higher thet j ,

the more closely the~vr! h j aligns with the robot's intention~vr! g. A high t j implies that the robot is more likely to

avoid collisions and other negative interactions, and humans are more likely to feel comfortable and safe around

the robot.

Based ont j , I de�ne my social cost functionSIS(n):

SIS(n) =

8
<

:

g1(1� t j ); if n 2 ISj

0; else;
(3.5)

whereg1 is a weight factor set to 0.5, andISj is the j-th human's individual space inmIS.

Fig. 3.3(d) shows a human-aware global path where obstacles block the robot's view of its goal and humans.

Utilizing CCTV data, the robot obtains the movements of humans 1, 2, and 3. HighSIS costs, driven by humans
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