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Abstract

Autonomous robotic exploration must balance fast

map growth with robustness under uncertainty. Among

frontier-based methods, information-theoretic variants
(e.g., Shannon/Rényi) are fast and reliable. This thesis
integrates Behavioral Entropy (BE)—which models
human-like risk perception—into a planner-in-the-
loop deep reinforcement learning(DQN) framework
that learns the BE risk parameter & online.

The policy selects a from a discrete action set, uses
occlusion-aware visibility to compute BE-based in-
formation gain, and delegates motion to a classical
A* planner; reward shaping couples coverage/en-
tropy reduction with motion cost. Action-usage ana-
lysis reveals an adaptive risk schedule—aggressive
early, conservative mid-episode, selectively aggressive
late—enabling faster cleanup of residual area. Overall,
a reinforcement-learning method with risk-attitude
tuning yields a robust, planner-compatible explorer.
Keywords: Reinforcement Learning; Information
Theory; Entropy-based Exploration; Behavioral en-
tropy; Deep Q-Learning

1 Introduction

With the rapid growth of autonomous robotic deploy-
ments in disaster response, urban mapping, and planet-
ary exploration, there is a need for frameworks that can
make real-time decisions for exploration both quickly
and robustly. In post-disaster search and rescue, ro-
bots must navigate unknown, cluttered environments,
continuously update their maps, and avoid missing
trapped victims; in planetary exploration, commu-
nication delays demand a high degree of onboard
autonomy and adaptability.

Currently, frontier-based exploration with occupancy
grid mapping [1] as spatial representation is a widely
used solution in robotics exploration and model un-
known environments. It have been proven effective
in static, structured settings but often falter when
faced with sensor noise, pose uncertainty, and moving
obstacles. Traditional frontier exploration assumes
that a robot has perfect knowledge of its own state
and relies on map data for decision-making. In real-
ity, these assumptions do not always hold. Uncer-
tainties arise from factors such as pose errors and
mapping inaccuracies [2]. To address these limit-
ations, information-theoretic approaches have been
introduced to optimize frontier selection to reduce
uncertainty. Common methods include (BGS) en-
tropy (Boltzmann—Gibbs—-Shannon) and Rényi entropy
driven informative exploration algorithms, both of
which measure uncertainty in an unknown environ-

ment [3-5].

To improve the information theory exploration, an
entropy measurement called behavioral entropy has
been proposed by Suresh and Nieto-Granda [6] and
integrated with exploration, which extends traditional
entropy measures by incorporating Prelec’s probabil-
ity weighting function [7] to model human-like risk
perception. This formulation provides a more nuanced
representation of uncertainty, potentially leading to
better decision-making in robotic exploration. How-
ever, behavioral entropy remains challenging to apply
effectively: parameter tuning is still largely heuristic,
relying on expert intuition and noise level[6]. « is the
only free parameter that can be tuned in Behavioral
entropy calculation: a < 1 overweights small prob-
abilities (cautious, local), while @ > 1 underweights
small probabilities and overweights large ones (bolder,
long-range).

In parallel, recent advancements in reinforcement
learning (RL) have demonstrated that robots can learn
exploration strategies autonomously through interac-
tion with their environment [8]. RL-based frontier ex-
ploration has extensively utilized Shannon and Rényi
entropy to quantify uncertainty and optimize decision-
making. For instance, Li et al. [9] proposed a deep RL
framework that integrates entropy-based rewards with
classical navigation, improving exploration efficiency
by decomposing the process into decision, mapping,
and planning modules. Luizza et al. [10] surveyed
RL-driven exploration, identifying challenges such as
exploration—exploitation trade-offs, reward shaping,
and slow convergence. Leong et al. [11] combined
frontier-based exploration with graph-SLAM and RL
to enhance map accuracy and frontier selection in visu-
ally complex scenarios. While effective, these methods
still rely on fixed entropy models and often struggle
when environments change dynamically.

Inspired by the behavioral entropy and RL driven
information theory based frontier exploration men-
tioned above, the focus in this paper is whether adapt-
ing the behavioral entropy risk parameter over time
can outperform fixed-a heuristics and strong classical
baselines under the same mapping and planning setup.
We therefore train a planner-in-the-loop DQN whose
discrete action is the BE shape parameter a, compute
behavioral entropy-based information gain and lead
the frontier selection. The central hypothesis is that
joint learning of frontier selection base on entropy-
parameter adaptation improves exploration efficiency
compared with fixed-parameter baselines.

Contributions

¢ A planner-in-the-loop RL formulation for frontier
exploration that embeds BE-based information



gain and treats («) (a parameter to tune explor-
ation attitude) as learnable decision variables
rather than static hyperparameters [6, 7]

* A evaluation across synthetic and realistic lay-
outs, including ablations against greedy frontier
selection, Shannon/Rényi utilities, and fixed-
parameter BE, as well as analysis of computa-
tional trade-offs in candidate evaluation [5, 12—
14].

* An empirical characterization of how a evolves
with exploration. Usage analysis over step bins
and state summaries (coverage/entropy) reveals
astage-wise pattern: larger « early (bolder expan-
sion), smaller « in the middle (local clean-up),
and selective larger-a spikes late for residual
pockets.

Scope. The focus is on ground robots with 2-D occu-
pancy grids and standard global-local planning (A* +
reactive local control). [15, 16].

2 Related Work

This thesis studies autonomous exploration for map-
ping: a mobile robot must travel and build a 2-D
map of an unknown environment quickly and reli-
ably under sensing and motion constraints. Typical
application domains include indoor mapping (domest-
ic/ office robots), time-critical search-and-rescue, and
resource-limited field missions such as underground
or planetary exploration—settings where coverage
speed, robustness under uncertainty, and path effi-
ciency matter. At a high level, the goal is to maximize
knowledge gained per unit effort (time, distance, or
energy). The overall exploration loop is summarized
in Fig. 2.2. A preview of the problem is shown in
figure 2.1.

Sense &
Localize

Map Update

Frontier
Detection

Score & select
frontier

Plan & execute

Figure 2.2: Classic pipeline of a frontier-based exploration system. .

This chapter reviews exploration strategies most rel-
evant to this thesis from three angles: (i) classical and
heuristic frontier exploration, (ii) information-theoretic
frontier utilities that quantify uncertainty, and (iii)
reinforcement learning (RL) approaches that learn ex-
ploration behavior from interaction. Foundations such
as occupancy grids, SLAM (Simultaneous Localization
and Mapping) back-ends, and low-level frontier ex-
traction are considered preliminary and are discussed
in detail in Chapter 3.

2.1. Classical and Robotics Frontier Explora-
tion

Frontier-based exploration is a classical strategy for
autonomous mapping. We maintain a probabilistic
occupancy grid where each cell has an occupancy
probability p € [0, 1] (free = 0, occupied ~ 1, unknown
= unobserved). A frontier is the boundary between
free and unknown cells [17] (details in Chapter 3). By
repeatedly navigating to frontier regions, the robot
incrementally pushes outward the known area and
expands coverage. Selecting the nearest frontier is a
strong baseline due to its simplicity and reliability in
unknown environments [17]. Many studies report that
this greedy choice often yields reasonably short tours,
sometimes comparable to more elaborate lookahead
planners; for instance, Holz observed that “although
exploring closest frontiers is a rather simple and na-
ive strategy, the resulting paths are reasonably short
and do not rank behind those acquired using more
sophisticated strategies” [5].

In practice, frontier pipelines are widely used on
ground robots for indoor mapping and inspection via
ROS packages such as explore_lite [18]; multi-robot
variants parallelize coverage by sharing frontier cues
while keeping decisions decentralized [19]. The Dis-
tance Advantage heuristic explicitly scores a frontier by
its distance to the robot and its isolation from other
frontiers, which shortens tours and mitigates greedy
“ping—-pong” effects [20]. Global-tour formulations
convert candidate frontiers/viewpoints into a TSP-like
ordering to reduce total path length; for aerial explor-
ation, FUEL exemplifies a hierarchical pipeline that
builds a near-optimal tour and then refines locally
for dynamic feasibility [14]. These geometry-driven
methods are lightweight and planner-friendly, but they
rely on hand-crafted scores and can struggle under
uncertainties, bad sensing quality, or topology changes
significantly.

2.2. Information-Theoretic Frontier Explora-
tion

Information—theoretic methods use the probabilities
already stored in the occupancy grid to score each can-
didate frontier by the expected reduction of map uncer-
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Figure 2.1: Exploration progress at a certain steps. (Left) Ground-truth map with robot position (red dot). (Middle) Current explored
occupancy grid and visible frontiers (cyan). (Right) Estimated occupancy probabilities p(occupied), where brighter regions indicate
higher occupancy likelihood.

tainty if the robot were to observe from that pose.
Concretely, we predict which cells would become vis-
ible via occlusion—aware ray—casting on the current
map and estimate the drop in uncertainty (entropy)
between current beliefs and the hypothetical posterior,

IG = E[H(before) — H(after)],

then trade this information gain against travel cost to
prefer “information per meter/time.” Intuitively, the
next move is the one that turns the most gray/unknown
cells into confident free/occupied cells for the least
effort.

A standard choice for H(:) is Shannon entropy [4], widely
used to compute IG with occlusion-aware visibility
and to balance IG with path cost [21]. Rényi entropy
generalizes Shannon with an order y, providing a
single knob that shifts emphasis between rare and
common outcomes and couples map and pose un-
certainties through y-dependent weighting [3, 22].
Larger y yields more conservative (risk-averse) beha-
vior; smaller y encourages probing uncertain regions.
This flexibility avoids hand-mixing disparate terms,
though performance depends on choosing ) appropri-
ately across environments.

More recently, behavioral entropy (BE) composes Shan-
non with Prelec’s probability weighting to model non-
linear, human-like risk perception using parameters
(a,B) [6, 7]. BE has been shown to satisfy the fun-
damental Shannon-Khinchin axioms while offering a
strictly larger range of sensitivity /perceptiveness than
Shannon/Rényi, thus spanning a broader family of
exploration attitudes [6]. In practice, the chief com-
putational cost in these methods stems not from the
entropy algebra but from evaluating many candidates
(rays X traversed cells) and from repeatedly estimating
path cost; careful candidate pruning and coarse-to-fine
visibility can help. A remaining gap is adaptivity: both
Rényi’s y and BE’s (a, ) are often tuned offline and

may be brittle under domain shifts [22].

2.3. Reinforcement Learning for Exploration
RL offers a data-driven route to non-myopic explora-
tion by optimizing long-horizon returns that mix in-
formation gain and robot motion costs [8]. A common
and practical design is planner-in-the-loop RL: the high-
level policy selects targets (e.g., frontiers), while in
low-level, a classical planner handles motion execution.
This separation yields better safety and sample effi-
ciency than end-to-end motor commands. Deep RL has
been used to learn goal selection with entropy-shaped
rewards, demonstrating improved coverage-time and
reduced backtracking relative to purely greedy se-
lection [9]. Surveys further chart challenges such as
reward shaping, exploration—exploitation trade-offs,
credit assignment, and sim-to-real transfer [10].

RL with Information-Theoretic Signals. Several sys-
tems embed Shannon or Rényi information gains dir-
ectly in the RL reward or as intrinsic motivation, com-
bining map-uncertainty reduction with traversal penal-
ties and safety terms [21-23]. Despite these advances,
most RL formulations treat entropy parameters as
fixed hyperparameters; online learning of y or («, )
remains underexplored.

2.4. Positioning and Open Problems

The literature suggests a progression: geometry-only
frontiers — entropy-guided utilities — RL policies
with intrinsic information gain. Open problems par-
ticularly relevant to this thesis include:

¢ Adaptive uncertainty modeling. Learn to fune
entropy parameters online (Rényi’s y or BE’s
(a,B)) so that risk attitude matches environ-
ment phase and mission goals, instead of grid-
searching fixed values [6, 22].



2.5. Summary

Classical frontier heuristics remain strong baselines but
are hand-tuned,heuristic but myopic; entropy-based
utilities bring principled uncertainty reduction yet
depend on sensitive parameters; RL can learn long-
horizon decisions but typically assumes a fixed un-
certainty model. This thesis targets their intersection:
a planner-compatible RL framework that adapts risk
perception online—instantiating information-theoretic
frontier selection with BE and learning to tune its para-
meters during exploration [6, 9].

3 Preliminaries

The problem setup and notation can be summarized
as followed: a single ground robot explores a planar,
static environment represented as a 2-D occupancy
grid M € {free, occupied, unknown}>W . We first
outline the overall exploration workflow, then derive
the mathematics of frontier detection and behavioral
entropy-based information gain. The path planning
algorithm applied will also be briefly mentioned.

3.1. Generic Frontier-based Exploration Work-
flow (Overview)

A canonical frontier-based exploration loop is adopted

to connect sensing, mapping, and decision-making. At

each time ¢, the workflow has already shown in figure
2.2:

1. Sense & Localize: acquire scan z;; estimate pose x;
via Rao-Blackwellized Particle Filter - Simultaneous

Localization and Mapping (RBPF-SLAM) (Sec. 3.2).

. Map Update: update the occupancy grid M; in

log-odds and export a thresholded grid M, for
downstream modules. (Sec. 3.2)

Frontier Detection: extract unknown—free bound-
aries and cluster into frontier regions (Sec. 3.3).

Scoring & Selection: evaluate each candidate with
an information-gain based utility and select the best
one.

Planning & Control: plan (e.g., global A* with a
local controller), execute, rescan, and repeat.

3.2. Occupancy grid and Uncertainty

We fuse each incoming range/depth scan z; with
the robot pose x; in an RBPF-SLAM pipeline [24-26].
The map M is a binary occupancy grid with per-cell
Bernoulli variables m; € {0, 1} and beliefs

P 2 Pr(m; = 1] 214, 214). CAY)

(1) Inverse sensor model (ray casting). For every cell
i intersected by a beam at time ¢, we assign a single-
scan occupancy likelihood ﬁgt) 2 p(m; =1z, %) via
a standard piecewise inverse model:

if i is the cell at a valid hit,

Poces

ﬁ(t) | Pree, if i lies along the free ray

before the hit (or up to max range),

otherwise.

POI
(3.2)

where pocc > %, Pfree < %, and po = % is the uninform-
ative prior. Cells not touched by any beam at time ¢
keep their previous belief.

Per-cell beliefs are maintained
®

(2) Log-odds update.
R

Pi
l—p(t) ’

i

in log-odds, log The update then becomes
additive:

(1)

fi(t) = Chp(fl.(t_l) + log - fo ’ fmin/ fmax)r

(3.3)
where {) = log 1{’—;0 and clip(:, &min, fmax) Optionally
caps log-odds to avoid numerical saturation. Probabil-
ities are recovered via

A= o) -

1
1- ﬁ(t)

i

1
— (3.4)

(3) Thresholded grid for downstream modules. For
real-time navigation interfaces (e.g., GMapping/ROS),
we also export a discrete map by thresholding:

1, pl(.t) > Toee (occupied),
i = 40, P,-t) < Tree (free), (3.5)
0.5, otherwise (unknown),

wWith Tfree < % < Toec (@ margin helps reduce flickering
near 0.5).

Uncertainty for exploration. Thresholding in (3.5)
discards confidence. For exploration, we retain the

full beliefs pl(.t) (or fl.(t) ) internally and quantify residual
global uncertainty with the (Shannon) map entropy

H(m;) = -p\"logp!" — (1 - p\")1og(1 - p”).  (3.6)
(3.7)

Hiho = > H(m)
i

whose expected reduction (information gain) guides
frontier exploration policy.



3.3. Frontier definition

As mentioned in 3.2, occupancy grid mapping offers
an explicit representation of the surrounding environ-
ment. The spatial distribution of a certain area can
be represented with a certain value which describes
the occupancy probability. Formally, if the environ-
ment is represented as an occupancy grid (with each
cell marked as free = 0, occupied = 1, unknown =
0.5, and any value in between to take uncertainties
into consideration), a cell c is defined as a frontier cell
if and only if ¢ is free and at least one neighboring
cell (in the grid adjacency) is unknown.[27] Equival-
ently, frontiers are the “regions on the border between
space known to be open and unexplored space.”[17] In
practice, detecting these frontiers can be viewed as an
edge-detection problem on the occupancy grid: one
finds the boundary between known free space and
unseen territory by labeling any free cell adjacent to an
unknown cell as a frontier edge. Clusters of adjacent
frontier cells form frontier regions, and any such region
exceeding a minimum size (on the order of the robot’s
footprint) qualifies as a navigable frontier. Figure 3.1
illustrates this concept on a 2D grid map: free-space
cells (white) bordering unknown cells (gray) are iden-
tified as frontier edges, which are then grouped into
frontier regions (each region’s centroid marked with a
crosshair). These frontier regions represent candidate
goals for further exploration.

Occupied Space

Open Space

Unknown Space Path to Frontier

Figure 3.1: Illustration of frontier-based exploration. Occupied cells
(black) mark known obstacles; free cells (white) mark known free
space; unknown cells (gray) mark unexplored areas. The robot at

position(circled) plans a path (solid blue line) to the centroid of the
chosen frontier (dashed blue boundary) on the boundary between

free and unknown space.[28]

3.4. Information theory

Generalized entropy measures provide a quantitat-
ive framework for evaluating uncertainty and offers a
heuristic algorithm for frontier exploration. The classic
Boltzmann-Gibbs-Shannon (BGS) entropy, introduced
by Shannon [4] and further developed by Gibbs, quan-
tifies uncertainty using a logarithmic function of the

Frontier  os
Cenftroi

probability distribution, serving as a fundamental tool
in information theory and robotics. Derived from
this origin shannon entropy, behavioral entropy offers
another measurement and will be discussed in section
3.4.1.

Shannon Entropy

Shannon Entropy: Shannon’s entropy provides a baseline
measure of information. For a discrete random vari-
able X with outcomes x; and probabilities p;, it is

defined as:
Hs(p) = = > pilnp; (3.8)
i

Generalized entropy measures extend this form by
relaxing the strong additivity axiom while retaining
continuity, maximality, and expansibility [29]. Any
admissible generalized entropy can be written as

Hy(p) = Zg(m), (3.9)

where g is continuous, concave, and satisfies g(0) =
0. In an occupancy grid map context, each cell’s
occupancy probability (e.g., p for occupied vs 1 —p for
free) carries an entropy

Hs = —(plog(p) + (1 - p)log(1 - p)) (3.10)

Hence, unknown regions (e.g. p = 0.5) have high en-

Robot Currert Posifiegpy, meaning highest information potential, whereas

fully known cells (p — 0 or 1) have zero entropy.
Frontier-based exploration can thus use Shannon en-

Fronti€lropy as an information-theoretic utility.

Shannon entropy(green)

T T T T T T
0.0 0.2 0.4 0.6 0.8 10

Figure 3.2: Shannon entropy(green) within different binary
probability.

For each cells in the environment, a prior value of 0.5
is assigned originally and therefore a unknown high
global entropy exists. With the update of occupancy
grid the robot selects frontiers (boundaries between



known and unknown space) that promise the greatest
expected entropy reduction. In practice, one computes
the expected information gain of visiting a frontier,
often by summing the entropies of currently unseen
cells that would become observable from that view-
point[11]. The robot then drives toward the frontier
that maximizes this expected Shannon entropy reduc-
tion (sometimes normalized by travel cost)[6]. This
strategy encourages the robot to reduce uncertainty
fastest by mapping high-entropy (high-uncertainty)
areas first. Classic exploration algorithms using occu-
pancy grids employ Shannon entropy in this manner
to efficiently expand the known map while keeping
the robot localized. For example, Yamauchi’s original
frontier method sought unknown-space boundaries,
and later extensions added information metrics: Bour-
gault et al. (2002) first introduced information-based
exploration using Shannon entropy of map cells to
evaluate frontiers [17, 21]. Shannon entropy remains a
fundamental solution for exploration, as it provides a
single unified measure of map uncertainty[22].

3.4.1. Behavioral entropy

Extending from generalized entropies, behavior en-
tropy has been introduced to integrate aspects of hu-
man risk perception into uncertainty quantification.
It is an information-theoretic measure recently pro-
posed by Suresh et al. that integrates principles from
behavioral economics into robot exploration[6]. The
core idea is to replace the “rational” probability p
in Shannon’s formula with a perceived probability
w(p) given by a human-inspired probability weighting
function. Specifically, BE composes Shannon’s entropy
with Prelec’s weighting function[7]. Prelec’s model
mathematically captures the non-linear perception of
probabilities observed in human decision-making.

Given a probability distribution p = (p1,p2, ..., PMm),
behavioral entropy Hp is defined as:
M
Hp(p) = - ) w(p)logw(p)  (311)

i=1

where w(p) is the probability weighting function given
by Prelec’s model:
(3.12)

w(p) = g_ﬁ(_lng)a, a,ﬁ >0

The function 3.12 has two parameters: a controls
the curvature (convexity /concavity) of the weighting
curve, thereby determining how probabilities are over-
or under-weighted relative to their Shannon value, and
B determines the fixed point p where w(p) = p, which
adjusts the overall risk averting/seeking in probability
perception. The relationship can be found in figure
3.3. By plugging these distorted probabilities into an

entropy formula, BE effectively models an agent that
does not treat uncertainty linearly and will be able
to mimic human-like biases, potentially leading to
more adaptive and efficient decision-making strategies
under uncertain conditions.

Suresh et al. prove that behavioral entropy Hp is an
admissible generalized entropy: it satisfies the first
three Shannon-Khinchin axioms—continuity, maxim-
ality at the uniform distribution, and expansibility [6,
29]. On an occupancy grid this has direct operational
meaning: axioms-continuity described that the en-
tropy function is continuous. Hence, when sensor
updates induce possibility changes, the entropy value
can always be computed. Maximality implies that
a completely unknown patch remains the most in-
formative target, aligning with outward exploration.
Expansibility means masking or adding impossible
states (e.g., out-of-bounds cells) does not bias the score.

Via Prelec probability weighting, BE exposes para-
meters (a, B) that shape risk attitude beyond Shan-
non/Rényi: a < 1 (uncertainty-averse) increases sens-
itivity to mid-range probabilities near 0.5 and fa-
vors local cleanup; a > 1 (uncertainty-ignorant) down-
weights small pockets and prioritizes large unexplored
regions. Suresh et al. formalize this with sensitiv-
ity S(H) and perceptiveness P(H) and show P(Hg) >
P(HR) > P(Hs), i.e., BE spans a strictly wider behavi-
oral range [6]. They also instantiate BE in a frontier
utility with occlusion-aware visibility for robotic ex-
ploration; our work goes further by adapting («, )
online during exploration (Sec. 3.4.1).

Fixed point and S(a). To preserve maximality at
the uniform distribution in the Behavioral family, the
paper conditions parameters so that w(1/M) = 1/M.
For the Bernoulli case (M=2), this yields the closed
form

Ba) = (log2) '™ (3.13)

which is how f is set in code (so only a is tuned).

3.5. Path Planning Overview (A*)
Once a frontier has been determined, we plan a path to
it using a global planner (A*) on an inflated costmap.
The traversal cost for a cell ¢ is

C(c) = woee {11, = 1}oo + wing dist_to_obs(c)

R (3.14)
+ Wynk 1. = 0.5} + wynit.

and the edge cost is g(n,n’) = C(n’) (with a V2 factor
for diagonals). The heuristic & is Euclidean (or octile)
distance. A goal candidate is feasible if a collision-free
path exists; otherwise the next best candidate is tried.
Online re-planning is triggered after sensor updates
or when the current plan becomes invalid.
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Figure 3.3: Capture from Suresh et al:“(Left) Prelec’s probability weighting function with a few parameter choices. Y-axis w(p) indicates
the perceived uncertainty associated with probability p (X-axis). Dotted line indicates the unity curve w(p) = p. (Right) Behavioral
entropy variation with « in log scale for a Bernoulli trial. Black curve indicates Shannon’s entropy.”[6]

3.6. Assumptions and Scope

Based on the preliminaries explained above, several
key assumptions have been made about the envir-
onment, the robot platform, the sensor model, the
planning framework, and the learning system:

Environment: The operating environment is sim-
ulating an indoor layout such as an office area or
classrooms. The map assumed to be a two-dimensional
static occupancy grid map consisting of discretized
cells, with no dynamic obstacles.

Robot: The robot’s pose is known at all times (through
perfect localization or a reliable state estimator), and
its odometry is stable with negligible drift. The robot
is equipped with a standard global path planner (e.g.,
A¥) for path planning and has a fixed field-of-view
LiDAR with a fixed maximum range, meaning the
sensor’s coverage area is constant during operation.

Sensors: The robot uses a simulated sensor with 360
and 2m of sensor range that produces range scans via
ray casting. Sensor readings are updated at discrete
time intervals (synchronized with the control loop)
rather than continuously, simplifying integration into
the planning cycle.

Planning Loop: Exploration operates in cycles where
decision-making occurs at frontier selection steps.
Once a target frontier is chosen, the subsequent mo-
tion execution is assumed to be near-perfect (the robot
accurately follows the planned path), and each new
LiDAR scan is correctly fused into the global occu-
pancy map without noise, ensuring an accurate and
up-to-date map.

Learning System: The environment is modeled as
a Markov Decision Process (MDP) under the chosen
state representation, meaning the Markov property
holds (future states depend only on the current state
and action). The robot’s observations are partial, but
this partial observability is mitigated by incorporating
recent observation history or the current map state into

the agent’s input, so as to approximate a complete state.
The agent’s action space is discrete, consisting of a set
of possible exploration “risk levels” (parameterized by
a factor a); each chosen a influences the exploration
strategy (e.g., balancing more aggressive versus more
cautious exploration).

Exploration Task: The objective of the task is to max-
imize map coverage while minimizing the path length
traveled. Correspondingly, the reward function is
shaped to encourage this behavior: the agent receives
positive rewards for coverage gain (newly explored
area) and for reducing map entropy (uncertainty in the
map), guiding the agent toward efficient, informative
exploration.

4 Methodology

This chapter addresses the problem of efficient autonom-
ous exploration under uncertainty. The key focus of
the method is to train a robot to reach a full coverage
in a fast speed. To tackle this, we propose a Behavioral-
Entropy-based reinforcement learning framework that
learns a risk-attitude parameter a online to guide fron-
tier selection. The method combines classical log-odds
map update and A* planning(mention in prelimnary
chapter 3) with deep Q-learning, enabling the robot
to adapt its exploration strategy between risk-seeking
and risk-averse modes according to map progress. The
following sections formulate the problem as an MDP,
describe the a -action design, and detail the learning
pipeline and network architecture. The overall loop
can be seen in figure 4.1.

4.1. Problem Formulation

Robotic exploration can be naturally formulated as
a Markov Decision Process (MDP), since decision-
making is sequential, stochastic, and conditioned on
both current knowledge and uncertain future obser-
vations. The MDP includes states, actions, transition
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model, reward, discount factor(M = (S, A, P, R, ).
This formulation provides a principled way to handle
partial observability: although the true map is un-
known, the robot’s current belief (its estimated occu-
pancy grid) can serve as the state. In this view, explor-
ation becomes an optimization problem—maximizing
the expected cumulative information gain hence a
better coverage while accounting for motion cost and
uncertainty.

This formulation enables the application of Reinforce-
ment Learning (RL). Unlike classical frontier-based
methods that greedily select candidates with fixed
heuristics, an RL agent can learn a policy that maxim-
izes exploration speed. In particular, MDP modeling
explicitly handles the exploration—exploitation trade-
off: while a greedy strategy may always select the
frontier with the largest immediate gain, an optimal
policy may prefer frontiers that unlock higher long-
term gains (e.g., revealing new regions).

As mentioned in section 3.1, the agent will selected a
certain frontier at upper level and send the goal to the
path planning and control mechanism to execute the
motion. Hence, the time is discretized by two types
of steps including motion steps and decision making
steps.

State. S;€S includes the occupancy grid P; = {pgt)},
robot pose x;, and optional semantic channels such as
(entropy, candidate frontier mask)

Action. Instead of making the RL agent directly se-
lect a specific frontier cell (which would be a high-
dimensional and variable action space), we adopt a
discrete action space of risk attitudes denoted by a.
Each action corresponds to a choice of @ — a parameter
in the utility function that reflects the agent’s attitude
towards uncertainty (risk-seeking vs risk-averse). In

practice, we define a small set of representative « val-
ues (a € 0.2,5.0 detailed in ??) and treat the index
of « as the action. The robot then uses the chosen «
to evaluate all candidate frontiers and select the best
frontier under that risk attitude.

For each frontier candidate, we perform a discrete
multi-beam ray-casting simulation(detail in 4.3.2) to
obtain its occlusion-aware visibility, which is used to
compute information gain(IG). The information gain
is based on the behavioral frontier exploration formula
[6] and calculate with the selected action « € A. With
utility function 4.4 described detailed in section 3.4.1,
the frontier with best heuristic will be selected.

Transition. Once the robot decides the goal, the
global planner (A*) takes charge to check the Access-
ibility and find a proper route leading to the destina-
tion.After executing the planned path (or a segment),
a new scan z;41 is fused, updating P;41; frontiers are
re-extracted and the loop repeats (workflow in Sec. 3.1).

Reward and objective. In training, we use coverage-
and entropy-based rewards. The reward function is
aligned with the exploration outcome: coverage rate
subtracted by the travel time expended. This reward
encapsulates the objective of efficient exploration. The
positive reward term indicates that significant new
space was mapped relative to cost, whereas a negative
reward represnets the robot cost. A typical shaping is

rt = Ac ACoverage, — A Asteps (4.1)
or:
1 = Ag A(Hr(;;p) — AL Asteps 4.2)

with success when coverage > 0.95 and no frontier de-
tected anymore. The learning objective is to maximize
E [ZtT:() y!r¢] over policies 7t(als).The agent is expected
to explore the map in a non-myopic manner, aiming
to cover the entire environment as quickly as possible
and should be able to achieve full coverage within
fewer steps or shorter time.

4.2. Action selection

We computed the two-by-two agreement rate of fron-
tier (frontier) selection under different a based on
1,397 decision frames; the results are shown in Figure
4.2. The heatmap presents two clear structures: one,
low « segment(a <1.0) has a high degree of internal
consistency; second, the high «a segment (a > 2.0) is
almost identical across values (the lower right block
of the heatmap is close to saturation), i.e., there is
significant redundancy in the parameters of this seg-
ment. Accordingly, we retain only the two endpoints
{@=0.2, a=5.0} as discrete moves: this maximizes the
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Figure 4.2: Two-by-two agreement rate heatmap for each « frontier
selection (brighter colours indicate higher agreement rates), with
data aggregated from 1,397 decision frames. It can be seen that the
low a (upper left block) is highly internally consistent; the high «
(lower right block) is almost "collapsed" to a single choice,
suggesting that intermediate values make a limited marginal
contribution to the diversity.

separability of the two strategy styles of "conservat-
ive vs. aggressive", while avoiding homogeneity and
redundancy from intermediate values.

4.3. RL environment setup

To train and evaluate the agent, we developed a simu-
lated Frontier Exploration Environment using a grid-
based world simulating an office or school layouts.

4.3.1. Frontier and Candidate Generation

To be more detailed into the algorithm, The map is an
occupancy probability grid in [0, 1]. Free, unknown,
and occupied pixels are separated by simple thresholds.
In practice, a pixel is considered free if its value <
free_tol (in this project, default = 35), unknown if it
is between unk_lo and unk_hi (default [45, 55]), and
occupied if it is > obs_tol (default = 70). A binary
frontier mask is then built by marking a free pixel
as a frontier when at least one of its 8-neighbors is
unknown. For robustness and collision avoidance,
a strict mode removes pixels too close to obstacles,
erodes thick edges to a single ring, discards very small
components, and optionally removes a narrow border
near the map boundary. Thresholds are configured as:

¢ Free threshold: by default, cells with g < 35 are
free;

* Unknown interval: by default, g € [45,55] is
unknown;

* Obstacle threshold: by default, g > 70 is occu-
pied.

Frontier definition. A frontier is defined as a free cell
that has at least one unknown cell in its 8-connected
(Moore) neighborhood. Implementation proceeds by
first thresholding

free =

[g<35], unk := [45< g <55],

then counting unknown neighbors by convolving unk
with the off-centered 3x3 kernel

ks =

[EENN N
[ e
[ —
<

and finally intersecting with free:
frontier := free A (conv(unk, k3) > 1).

In the project, this corresponds to a three-step pipeline:
(i) free/unk thresholding; (ii) neighborhood counting
via convolution with kj; (iii) logical intersection with
free.

Strict mode (noise/false-positive suppression). To
suppress spurious frontiers near obstacles and reduce
edge noise, a strict mode is provided via loose=False,
which applies:

1. Hard-obstacle adjacency removal: discard fron-
tier pixels adjacent to hard obstacles[ g > obs_tol |;
min_clearance_px (typically 1-3 px);

2. Edge thinning: apply one binary erosion to re-
tain a single-pixel “ring” frontier on thick bound-
aries;

3. Small-cluster filtering: remove connected com-
ponents with size < min_frontier_size;

4. Border margin removal: drop a 1 px image mar-
gin by default to avoid boundary artifacts.

Default values and switches are exposed via function
arguments.

clustering and candidate generation. After find-
ing all the frontiers, the candidates still needs to be
trimmed. DBScan(Density-based spatial clustering
of applications with noise) is applied to cluster the
frontiers nearby and be represent by the centroid /grid
selected points.

Summary. The pipeline—frontier definition — strict
filtering — DBScan clustering — representative sampling
yields a coherent candidate-generation chain. It ad-
heres to the standard “free A adjacent-to-unknown” cri-
terion while reducing false positives via clearance / thin-
ning/size constraints, ultimately producing a high-
quality, size-controlled candidate set for downstream
visibility and information-gain evaluation.



4.3.2. Visibility Model

We adopt the standard beam-based measurement model
for LiDAR visibility (e.g., [24]). For each candidate
frontier f we simulate a set of B beams (uniform in
FOV, max range R). Each beam is marched cell-by-
cell on the occupancy grid until one of: (i) the range
limit is reached, (ii) an occupied cell is met (threshold
g > obs_tol), or (iii) the map boundary is crossed.
The visible set V(f) is the union of all cells traversed
before the first hit along all beams (the occluding cell is
excluded). We implement the march with an integer
Bresenham /DDA-like stepping; the choice of B, FOV,
R, and obs_tol follows the sensor specification.

4.3.3. Information gain calculation with behavioral
entropy

For each grid, the information gain is calculated by

behavioral entropy formula with the selected «. For a

frontier f,the estimate entropy gain is the summation

of per-cell entropies over the occlusion-aware visible

set:
Is(f) = > Hip(c))

ceV(f)

4.3)

With H, stands for behavioral entropy for each cell

M
Hp(p) = = > w(pi) logw(p:)
i=1
where w(p) is the probability weighting function given
by Prelec’s model:

w(p) = e_ﬁ(_ Ing)a,

(4.4)

a,B >0 (4.5)

and total information gain is denoted by Ip(f; @).

Utility and frontier ranking. Ultilities trade off gain
and travel cost,

Ig(f; )

wo M) = i P

(4.6)

f* € argmax ug(f,x; M) 4.7)
feF

where [1(x, f)| is the path length from robot pose x to

4.3.4. From IG to executed motion.

Ateach decision step, candidates are sorted by up( f, x; M).

The global planner (A*) then checks feasibility starting
from the top item. If the best candidate is not reach-
able, the next one in the list is tried until a feasible plan
is found. The selected plan is executed for a segment,
a new sensor scan is fused, frontiers are re-extracted,
and the loop continues. For analysis and supervision,
the system also records, for each a in a predefined set,
the best utility and the corresponding frontier.

4.4. RL Training Pipeline and Network

The exploration policy is learned with Deep Q-Learning
(DQN), augmented by common used DQN extension
components including Double Q-learning, Prioritized
Replay, and a dueling head.

Background. Q-learning [30] is a model-free, value-
based method that learns the optimal state-action
value via iterative Bellman updates with learning rate
a and discount y €[0, 1):

Q(st, ar) « Q(s¢, ar) + a[n +y max Q(st+1,a")

(4.8)

- Q(st, ﬂt)] .
To scale to high-dimensional states, DQN approxim-
ates Qo(s,a) with a deep network optimized by the
TD loss using a replay buffer D and a periodically
updated target network Qp-:

LO) = Bor-n| (1PN = Qols, )], (49)

yPN (4.10)

=7 +y max Qo-(s",a")
The state s; encodes the exploration status (processed
occupancy grid and robot pose). The action a; se-
lects a discrete risk-attitude level {a1, ap, . .. } (see 4.1).
After choosing a;, the environment performs frontier
selection and navigation, returns s;.1, and a reward
r¢ that promotes coverage increase or global entropy
reduction and penalizes path length; collisions or get-
ting stuck incur additional penalties. Episodes end
on full exploration or a time/budget limit. Train-
ing is off-policy with experience replay: transitions
(st, at, 1t, St+1) are stored and sampled for updates.

Stability and efficiency components.

1. Double Q-learning [31]: overestimation is re-
duced by decoupling action selection (online)
and evaluation (target),

DDQN
yQ

=71+ 7y Qo-(s’, argmax Qo(s’, a")).
ul
2. Prioritized Experience Replay (PER) [32]: trans-
itions are sampled with probability proportional

to the TD-error magnitude, improving sample
efficiency (cf. [33]; see §5.3.2).

3. Dueling architecture [34]: the head splits into a
state-value V(s) and advantages A(s, ) and com-
bines: Q(s,a) = V(s) + A(s,a) — |}T\ S Als,a).
This component accelerates learning when many
actions have similar effects.
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CNN grid encoder A three-layer strided CNN, fol-
lowing the widely adopted DQN-style encoder for
spatial inputs [33, 35] is employed. An HXW occu-
pancy grid is formed by stacking k = 3 recent frames,
x € REGHXW with Cj, = 2k (occupancy probabilities
and a robot-position mask). Layers use ReLU and
have: (i) 8x8 kernel, stride 4, 64 channels; (ii) 4x4,
stride 2, 128 channels; (iii) 3%3, stride 1, 128 channels.
For a convolution with kernel size k, stride s, and zero
padding b (to avoid overloading p, which elsewhere
denotes probability), the spatial size updates as
W +2b -k
— [+1L
(4.11)
With H = W =100 and b = 0, sizes evolve 100 —»24 —
11—9, yielding a 128x9x9 tensor that is flattened to a
10,368-dimensional embedding.

Hout =

[H+ib—kJ+1’

Wout = \‘

Fusion and dueling head. The flattened embedding
is mixed by a fully connected layer and split into V(s)
and A(s, a) to make robot to better process states that
are less associated with actions [34].

Training details. Optimization uses Adam, periodic
target updates, gradient clipping at 1.0, e-greedy
exploration with annealing, PER with importance-
sampling correction, and a discount such as y = 0.99.

In conclusion, the Q-network architecture is tailored
to the needs of risk-aware exploration. The convo-
lutional frontend processes high-dimensional spatial
data into useful features and the dueling head ensures
the network can learn complex value distributions for
each risk level while efficiently exploring the action
space. This architecture, trained with DQN pipeline,

forms the core of the methodology, enabling the ro-
bot to intelligently decide how to explore unknown
environments.

The next chapter will evaluate the performance of
this learned policy in simulation, demonstrating the
advantages of our risk-aware exploration strategy.

5 Experimental Results

5.1. Experiment setup

We evaluate the performance of the DQN-based risk-
aware exploration system in a simulated 2D occupancy
grid map environment. Each episode begins with the
robot at a random starting pose in an unexplored
map. The agent makes exploration decisions at a fixed
interval (e.g., each time it finishes reaching a selected
frontier). Each episode runs for a maximum number of
steps or until the environment is sufficiently explored.
For our evaluation, we ran 500 independent episodes
for each method.

The map is a 100 x 100 pixels map. The resolution is
0.1 meters per pixel hence the map is a 10 X 10square
meter office layout. And the selected action space is
a€l0.2,5].

value head

| Advantage
| head .

ﬂ. 1% >

512

Figure 4.3: Deep Q-Network for risk-aware exploration. Inputs are the occupancy grid and robot pose. A CNN encoder yields a compact
state embedding; a dueling (optionally distributional) head outputs Q(s, a) for each discrete risk level.
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Figure 5.1: Training and evaluation map. Size 100*100 pixels

5.11

Baselines and Evaluation Setup

In addition to the learned DQN policy (denoted model),

we compare against several baseline exploration strategie

Fixed-a (risk parameter) — Several hand-tuned
risk-weighted variants using Prelec’s behavi-
oral entropy weighting are evaluated (denoted
hb_0.2hb_0.5,hb_0.8,hb_2.0, hb_3.0hb_5.0),
corresponding to fixed « values in the weighting
function.

Random-a — At each decision point, a random «a
value is chosen from the allowed set. This repres-
ents an exploration strategy with no consistent
risk preference.

Greedy Shannon entropy — A classical frontier
selection method that always selects the frontier
maximizing the standard Shannon information
gain per travel distance (equivalent to the a« = 1
case of information gain).

Random frontier — A simple baseline that se-
lects the next exploration frontier uniformly at
random, ignoring any information gain metric.

Nearest frontier — A heuristic that always moves
to the closest frontier (minimizing travel distance
without considering information gain).

We evaluate each method using the following metrics:

Final coverage: the total area of the map covered
by the robot at the end of the episode (expressed
as a percentage of the environment or in number
of grid cells). Higher coverage indicates a more
thorough exploration.

Total steps to final coverage: the number of nav-
igation steps taken in the episode. Fewer steps
indicate a more efficient exploration trajectory to
achieve a given coverage.

Total episode return: the cumulative reward ob-
tained in the episode. In our reward scheme this

higher return generally reflects greater coverage
achieved with fewer penalties.

All methods (including our learned policy and each
baseline) were run on the same set of 500 random-
ized episodes(random starting point) to ensure a fair
comparison and conduct a statistical analysis.

5.2.

Results

5.2.1. Training Performance

In figure 5.2 and 5.3, the training result is shown.
Over the course of 3000 training episodes, the robot’s
average return steadily increased while the average
number of steps required per episode decreased. This
indicates that the policy was learning to gather more
information (higher returns, correlating with more
coverage) in a shorter amount of time. As shown in

S:

figure 5.2 in the early training phase the agent often
required around 150 steps to reach a given level of

coverage, whereas toward the end of training it could
achieve comparable coverage in roughly 130-140 steps
on average. Similarly, the average episode return
improved by approximately 50% from the beginning
to the end of training which can be seen in figure
5.3. These trends validate that the learning process
produced a more efficient exploration policy.

Steps convergence

—— Dueling + PER - coverage
--- Dueling + PER - coverage - converged = 137.72

P

500 1000 1500

episode

2000 2500 3000

Figure 5.2: Training result: steps(distance travelled) versus episodes

5.3.

is proportional to area covered with substracting  Efficiency (steps).

Returns convergence

—— Dueling + PER - coverage
-~ Dueling + PER - coverage - converged = 509.89

500 1000 1500

episode

2000 2500 3000

Figure 5.3: Training result: return versus episodes

Baseline Comparison
Across methods, the learned policy

potential penalties for traveling distance, so a finishes with the lowest average steps (144.3). That is
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about 2.0 fewer steps than alpha_0.5 (1.37%) and 1.6
fewer than alpha_0.2 (1.10%). Against the heuristics
the gap is much wider (32.7% vs. random_frontier,
33.6% vs. nearest_frontier). In plain terms: the
policy tends to pick slightly smarter, lower-detour
frontiers throughout an episode rather than relying on
an early burst of easy gains.

Return. Average return for model is 518.8, essen-
tially tied with alpha_0.5 (515.6; +0.62%) and below
alpha_0.2 (534.9; 3.01%). Taken together with the
lower step count, this yields the strongest Return/Dec
in Table 5.1: each decision tends to buy a bit more
useful progress.

Coverage distributions. On randomized episodes,
the time to reach 98% normalized coverage is not only
lower on average but also better distributed. The CDFs
in Figure 5.3a are visibly left-shifted for model: the
median sits around ~ 116 steps (vs. ~ 119 for a=1.0),
whereas nearest-/random-frontier cluster around ~
145. The steeper rise in the upper quantiles means
fewer runs get stuck cleaning up the last pockets of
unknown space.

Figure 5.3b tells a consistent story. At 50% coverage,
large-a variants move out quickly (early expansion),
and model is slightly behind them but already ahead
of a=1.0. By 90% the margins are small; by 98% model
has the lowest median. Importantly, the interquartile
width is similar to fixed-a baselines, so the gain does
not come with extra variability.

Path and per-decision utility. Secondary metrics in
Table 5.1 shows some other advantages of model. Path
length stays competitive, while Entropy gain/Step and
Return/Decision are highest for model.

If mission time or compute is tight, a policy that reaches
high coverage with fewer, more effective decisions is
often preferable.

Decision effort vs. progress. High-a baselines use
the fewest decision steps (e.g., alpha_3.0: 25.05+2.72)
yet still need more overall steps to finish. Model sits
in the middle on decision count (28.00 + 3.79) but
converts those decisions into faster late-stage coverage
and better per-decision payoff—consistent with the
adaptive risk schedule reported in §5.3.1.
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Mode Return (u+0) Steps (u+0) DecSteps (u+0) Path (m) Ent/Step (raw) Return/Dec
model 518.8+177.4 144.3+19.92] 28.00+3.794 75.68 +11.44 46.187 18.537
alpha_0.2 534.9 £199.0T 1459 +22.11  33.69+4.363 75.15+12.77| 1 45.54 15.88
alpha_0.5 515.6 £200.7 146.3+£22.00  31.39 +3.640 75.96 +12.83 45.38 16.43
alpha_0.8 503.3+163.6 146.7+17.94  29.14 +4.059 76.66 +10.22 45.59 17.27
alpha_1.0 439.6 £175.7 151.5+18.65  26.78 +3.740 80.17 +10.62 44.14 16.42
alpha_2.0 387.3+1914 157.0+20.01 25.57 +3.095 83.81 +11.31 42.43 15.15
alpha_3.0 388.5+188.1 156.8+19.05 25.05+2.723]  83.99 +£10.83 42.37 15.51
alpha_5.0 376.1+193.3 158.1+20.68  25.30 +2.988 84.66 +11.74 42.07 14.87
nearest_frontier  191.0 £267.6 177.9+27.04  25.97 +2.675 95.99 + 15.60 37.39 7.35
random_alpha  459.4+1934 150.1+20.81  28.00 +3.180 79.10 £11.86 44.23 16.41
random_frontier 206.2+302.8 177.0+30.86 26.14 +2.617 95.43 +£17.95 37.56 7.89

Table 5.1: Compact comparison with highlighted bests. Bold+T =max (Return, H/DecStep, Return/Decsteps); Bold+] = min (Steps,

DecSteps, Path).

CDF — Time to reach normalized coverage thresholds (lower is better)
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Figure 5.4: Overall results on 500 episodes per method: summary table and distributional analyses.



5.3.1. Adaptive Risk (Alpha) Scheduling

In this experiment, we validate the ability of our
learned exploration policy to adapt the risk parameter
a over the course of each episode. We analyzed the
distribution of a values chosen by the DON agent at
different stages of exploration (by segmenting each
episode into coverage intervals).

Figure 5.5 reports, for the learned policy, the per—step-
bin composition of the risk action, using 10-step bins
(1-10, 11-20, ..., 161-170). Each bar sums to 1 and
shows the proportion of conservative (a = 0.2, blue)
versus aggressive (@ =5, orange) choices within that
bin. Let py(a) denote the fraction of steps in bin b on
which action @ was selected. Three phase-like regimes
emerge:

Early stage (1-40 steps): open fast with higher risk.
The conservative share starts low and rises from ~0.38
(1-10) to ~0.50 (31-40). The policy thus mixes in more
aggressive moves at the beginning, which is consistent
with “opening up” the visible space quickly when
frontiers are dense and obstacles are less constraining.

Middle stage (40-120 steps): predominantly conser-
vative. From 41-50 to around 71-80 the conservative
proportion increases and peaks at ~0.68—-0.70, then
remains high (~0.60—0.63) through 101-110. This pat-
tern indicates that once the map is partially explored
and path costs start to dominate, the policy prefers
nearer and more reliable frontiers, reducing detours
and failed attempts.

Late stage (120-160+ steps): balanced again, slight
re-increase of risk. After the peak, the conservative
share gradually declines to ~0.52—0.56 around 131-
150, followed by a mild rebound (~0.55-0.57) at 151-
160. In practice, the tail of an episode often contains
small occluded pockets or narrow passages; a modest
increase in aggressive moves can help “break through”
these residual bottlenecks. The final bin (161-170)
exhibits a similar level, but note that few episodes
reach this length (smaller sample size; interpret with
caution).

Overall, the policy exhibits an adaptive risk schedule:
aggressive actions are used to rapidly expand the
visible region at the beginning; conservative actions
dominate once feasibility and path length become
critical; toward the end, the policy returns to a more
balanced mix to resolve remaining hard-to-reach areas.
This phase-like behavior aligns with the planner-in-
the-loop design, where the utility of risk depends on
the geometry (frontier density, occlusions) and on the
evolving path-cost landscape.

Improvement to be made (i) Because the statistic
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Figure 5.5: Alpha composition per 10-step bin for the learned
policy.

is computed per step within each bin, longer epis-
odes contribute more counts; an episode-weighted
variant—first averaging within episode then across
episodes—would remove this bias. (ii) Tail bins have
fewer samples; adding bin-wise confidence intervals
(e.g., Wilson intervals for py(a)) or a logistic regres-
sion of Pr(a=5 | step) can quantitatively confirm the
early-mid-late trend.

5.3.2. Ablation Study

Figure 5.6 plots the smoothed number of steps per
episode (lower is better) over training for four config-
urations.

To isolate the effects of the network head, replay
sampling, and reward shaping, four configurations
are evaluated under the same environment, action
set (discrete a), planner (A*), visibility model, and
training schedule:

* Dueling + PER - coverage: Dueling DON head
(V /A decomposition with aggregation) and Prior-
itized Experience Replay (PER) enabled; reward is
coverage-shaped.

® Dueling + PER - shannon: Same as above except
the reward uses Shannon-entropy reduction instead
of coverage-shaped.

* OnlyPER - coverage: Standard (non-dueling) DQN
with PER enabled; coverage-shaped reward.

* Only Dueling - coverage: Dueling head with uni-
form replay (PER disabled); coverage-shaped re-
ward.

All other hyperparameters are identical (optimizer,
y, target update, e-schedule, batch size, seeds), so
differences can be attributed to the toggles above.
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Figure 5.6: Ablation study: different reward mode, and different
DQN componet

Ranking and convergence. All methods improve
from ~ 165 steps at initialization, but they converge to
distinct plateaus:

¢ Dueling + PER, coverage-shaped reward (blue)
is consistently best, stabilizing around ~ 137
steps by ~2500 episodes.

Dueling + PER, Shannon reward (orange) con-
verges to ~ 141 steps.

Only PER (no Dueling), coverage reward (green)
plateaus at ~ 141.7 steps.

Only Dueling (no PER), coverage reward (red)
is worst among the four, at = 147.79 steps and
shows a slight late-stage drift.

The blue curve separates from the others after ~600-
800 episodes and maintains a steady advantage beyond
~2000.

Quantitative gaps (late training). Relative to the best
of the non-blue baselines, the blue configuration saves
~5-8 steps (=3-5%) and ~8-10 steps (=5-7%) over the
red curve. These differences remain stable in the final
training window.

Dueling separates state value V(s) from advantages
A(s, a), reducing value-estimation variance when ac-
tion advantages are small or fluctuate due to feasibility
checks, which improves sample efficiency. PER (prior-
itized replay) concentrates updates on large-ID-error
transitions (e.g., around A* feasibility changes or risk
switches), accelerating learning on the most inform-
ative experiences. Coverage-shaped reward aligns
the learning signal with the operational objective of
“fewer steps to explore,” providing denser and more
directional gradients than a Shannon-only objective.
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6 Discussion

This study shows that learning a risk attitude within
a classical frontier pipeline yields a faster explorer.
Relative to strong fixed-a baselines, the learned policy
achieves lower average steps with small but consistent
margins, and exhibits a left-shifted distribution for
late-stage coverage (e.g., median time-to-98% ~ 116
vs. @=1.0 = 119; cf. Figure 5.3a). Per-decision utility
is higher (top Ent/Step and Return/Dec in Table 5.1),
indicating that each decision tends to contribute more
informative progress, especially near the “long tail” of
residual pockets.

Behavioral Entropy modulates frontier utilities via the
Prelec weighting, where smaller o emphasizes mid-
probability regions (beneficial for local clean-up) and
larger & emphasizes high-probability mass (beneficial
for outward expansion). The learned policy effectively
schedules a across the episode—initially favoring ex-
pansion, then shifting to clean-up—thereby avoiding
stalls observed in fixed-a regimes. Because motion is
delegated to A, the network focuses on “which frontier
class” rather than “how to traverse,” reducing search
burden while maintaining planner compatibility.

For missions with tight time or compute budgets (e.g.,
indoor mapping or valet-parking garage exploration),
faster attainment of high coverage thresholds (95-98%)
is operationally valuable. The learned policy provides
such late-stage advantages while keeping path length
competitive. When the mission objective is strictly
path-minimal exploration, fixed low a remains a com-
petitive baseline; however, in scenarios prioritizing
timely clearance of residual unknowns, the adaptive
policy is preferable.

6.1. Limitation

Although the model has been proven as a relatively
more effective method for indoor exploration. There
are also some shortbacks for either models or for
experiments.

Slow computation thelearned policy exhibits higher
per-step latency than the heuristic because their com-
putational forms differ fundamentally. The heuristic
evaluates a closed-form score over M frontier candid-
ates and selects the best, with cost O(M log M) and
M < HW (map size HxW). By contrast, the policy per-
forms a full convolutional forward pass over the grid
each decision, with complexity ., O(H,W, C}“C?utk?),
plus encoding and tensor I/0O.

Experiment strong related to initial condition

When the episode starts from a side room (left panel
of Fig. 5.7), the policy expands outward with fewer
revisits, producing a compact trajectory and higher
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Figure 5.7: Return variance caused purely by start pose. Left: starting in a side room encourages radial expansion with few revisits. Right:
starting on a shared corridor triggers repeated hallway transits between disjoint frontier pockets, wasting steps and rewards.

return. When the episode starts on a shared corridor
(right panel), successive replans to reach frontiers loc-
ated on both sides of the hallway induce repeated
back-and-forth transits along the same corridor. These
revisitations consume steps without proportional in-
formation gain, lowering the dense shaping reward
and the final return. This sensitivity demonstrates that
identical policies on the same map can yield markedly
different returns solely due to the initial location.

6.2. Future work

Three immediate avenues follow from the above. (1)
Risk control: extend to continuous & and learn a sched-
uler conditioned on uncertainty maps; connect BE to
risk-sensitive RL (e.g., CVaR) for policies with explicit
tail guarantees. (2) Dynamic environments: integrate
short-horizon predictive occupancy (doors/agents) so
that a selection accounts for motion and re-occlusion.
(3) Deployment: validate on real robots and automotive-
like platforms (garage exploration for parking), meas-
uring mission-time, energy, and compute budgets
end-to-end.

7 Conclusion

This thesis presented a reinforcement-learning-driven
framework for autonomous exploration that integrates
Behavioral Entropy (BE) into a planner-in-the-loop
decision process. By treating the BE risk parameter a
as a learnable discrete action rather than a fixed hyper-
parameter, the system adapts its exploration attitude
between risk-seeking and risk-averse modes according
to the evolving map state. The learned policy com-
bines the advantages of information-theoretic frontier

evaluation and deep Q-learning, yielding a robust,
planner-compatible agent capable of balancing inform-
ation gain against motion effort.

Experiments on synthetic indoor layouts demonstrated
that the proposed model achieves faster coverage and a
smoother late-stage convergence compared with strong
baselines using fixed-a heuristics or classical Shannon
utilities. The analysis of action usage revealed an inter-
pretable three-phase risk schedule—aggressive early
expansion, conservative mid-stage cleanup, and select-
ive late-stage exploration—consistent with human-like
risk adaptation and confirming the utility of behavioral
entropy for representing exploration attitude.

Nevertheless, the framework remains limited by its
computational cost per decision and sensitivity to ini-
tial conditions. Future work could focus on real-world
deployment using GPU-accelerated or incremental
map encoders, multi-robot coordination, and exten-
sion to 3-D or semantic mapping. Incorporating uncer-
tainty in localization and online map updates within
the learning loop would further enhance robustness.
Overall, the results support the thesis hypothesis that
adaptive risk-aware exploration, learned through rein-
forcement learning, can outperform fixed-parameter
strategies while retaining the transparency and safety
of classical frontier planning.
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