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ABSTRACT

Autonomous navigation in unknown environments requires both efficient point-to-point path planning and reliable full
environment exploration. This paper presents UDAQ, a Unified Dynamic and Adaptive Q-iteration framework that
achieves local path planning, complete environment exploration, and oriented exploration behavior using a single reward-
driven formulation. Unlike conventional approaches that rely on separate planners or task-specific heuristics, UDAQ
adapts its behavior through reward configuration within a unified value iteration framework. A key feature of UDAQ is
its ability to operate under dynamically evolving state spaces, as encountered in SLAM-based mapping, where the
environment expands and changes over time. To ensure stable convergence, an adaptive reward scaling mechanism is
employed, enabling effective value propagation as the state space grows and preventing policy degradation. UDAQ
functions as a fully autonomous closed-loop system, continuously integrating SLAM updates, adapting its state
representation and reward parameters, performing Q-iteration to convergence, and generating navigation commands
without human intervention. The method is evaluated in three simulated environments of increasing structural complexity
and compared against the ROS 2 NavFn planner for point-to-point navigation, as well as frontier-based exploration, wall-
following, and random walk for exploration tasks. In point-to-point navigation, UDAQ reduced path length by
approximately 8—12% and travel duration by 20-30% compared to NavFn, approaching global optimal solutions despite
operating without prior map knowledge. In exploration tasks, UDAQ outperformed frontier-based exploration across all
environments, reducing travel distance by 36-44% and exploration time by 48—59%, while also substantially exceeding
the performance of simpler reactive methods. Directional exploration experiments further demonstrated that oriented
reward configurations can significantly improve exploration efficiency and room visitation order. These results confirm
that UDAQ provides a robust, efficient, and flexible solution for autonomous navigation in unknown environments,
unifying multiple navigation behaviors within a single reward-driven framework and operating entirely as a fully

autonomous closed-loop system.



1. Introduction

Autonomous navigation in unknown environments remains a central challenge in mobile robotics [1].
Robots operating without prior map information must incrementally build a representation of the
environment while simultaneously planning collision-free trajectories using onboard sensing and
mapping systems [2]. This problem is particularly relevant in applications such as search and rescue,
autonomous inspection, logistics, and service robotics, where environments are partially structured
and only partially observable [3].

In unknown environments, where the robot has no prior knowledge of the surroundings, exploration
is necessary to gather spatial information. Exploration is the process of gradually transforming an
unknown environment into a partially or fully known one by directing the robot toward unvisited
regions [4]. It can serve as a standalone objective, such as complete environment coverage, or as a
means of acquiring information to support navigation, enabling the robot to optimize its path as the
map is incrementally built [3]. Path planning is the task of computing a collision-free route between
two points in the environment [5], [6]. When the environment is fully known, global path planning
methods can compute the optimal path over the complete map. In unknown environments, local path
planning approaches instead build toward an optimal solution as new information becomes available
[2]. Optimality in path planning is generally defined in terms of travel distance or duration, though in
specific contexts other criteria may take priority. Safety-aware planners may trade path length for
increased clearance from obstacles [7], while energy-conscious designs may reduce the number of
turns to minimize high motor torque demand and lower overall power consumption [8].

To perform exploration in unknown environments, simultaneous localization and mapping are
essential. Sensors such as LiDAR provide dense geometric measurements of the surroundings and
serve as the primary source for map construction [9]. By fusing LIDAR measurements with inertial
data and wheel odometry, a consistent foundation for both mapping and localization can be

established. Simultaneous Localization and Mapping (SLAM) is among the most widely adopted



frameworks for this purpose, enabling the robot to incrementally build a map while estimating its
own pose within it [2].

Traditional autonomous exploration architectures decompose the navigation problem into two largely
independent components: exploration, which determines where the robot should go, and path
planning, which determines how to reach that target. Frontier-based exploration methods, first
formalized by Yamauchi [10], identify boundaries between known free space and unknown regions,
referred to as frontiers, and direct the robot toward them to maximize spatial information gain. While
frontier-based approaches are computationally tractable and have demonstrated strong performance
across a range of environments, they evaluate candidate targets based primarily on geometric
accessibility and expected coverage, without explicitly accounting for the cost or feasibility of the
trajectory required to reach them [11]. Path planning is subsequently performed as a separate step
using graph-search or sampling-based algorithms such as A* [12]. This decoupled architecture
introduces a structural limitation: the exploration layer selects goals without awareness of path
complexity or map uncertainty, while the planning layer operates on a snapshot of the map that may
already be outdated by the time the robot begins execution. The result is a pipeline that frequently
produces suboptimal navigation behavior, particularly in environments with narrow passages or
dynamic frontiers [13].

Classical approaches to exploration and local navigation have addressed these challenges through a
variety of geometric and reactive strategies. Frontier-based methods remain the dominant paradigm
for coverage-driven exploration, guiding the robot incrementally toward the boundary of the known
map [10]. Recent extensions have improved upon the basic frontier utility function by incorporating
path cost estimates, sensor coverage models, and information-theoretic criteria to reduce redundant
travel and improve overall coverage efficiency [14], [15]. Reactive strategies offer computationally
efficient alternatives that operate without explicit map reasoning. Wall-following algorithms navigate
by maintaining proximity to environmental boundaries, enabling the robot to systematically traverse

structured enclosures without constructing or maintaining a global map [16], [17]. Random-walk



planners guide the robot through stochastic motion selection combined with reactive obstacle
avoidance, allowing exploration to proceed in the absence of any prior spatial knowledge [18], [19].
Graph-search-based local planners such as NavFn , the default global planner in the Robot Operating
System (ROS 2) Navigation Stack 2, compute collision-free paths on occupancy grids using Dijkstra's
algorithm, propagating a wavefront of accumulated travel cost from the goal until the robot's current
position is reached [20], [21]. NavFn provides deterministic, optimal paths with respect to grid-
distance cost, but, like other classical planners, it treats exploration and path planning as separate
concerns.

Reinforcement learning (RL) offers a principled framework for navigation by formulating the
problem as a Markov Decision Process (MDP), in which an agent selects actions to maximize
cumulative reward over time [22]. This reward-based optimization perspective is particularly
attractive for exploration and path planning because it allows travel cost, coverage, and safety to be
jointly encoded in a scalar objective, rather than handled by separate subsystems. Dynamic
programming (DP) provides the theoretical foundation for solving MDPs exactly, and value iteration,
one of its core algorithms, computes the optimal value function by iteratively applying the Bellman
optimality operator until convergence [22]. In the context of grid-based path planning, value iteration
propagates cost-to-go information backward from the goal across the navigable state space, yielding
a globally consistent policy that maps every reachable cell to its optimal action [23], [24]. Unlike
graph-search methods such as Dijkstra's algorithm, which compute a single shortest path, value
iteration produces a dense value landscape from which locally optimal decisions can be extracted at
any robot position, making it well-suited for reactive replanning as the map is incrementally updated
during exploration. However, applying value iteration to autonomous exploration in unknown
environments introduces non-trivial challenges. Because the navigable state space expands
dynamically as new regions are observed, maintaining a fixed-size state-space representation incurs
unnecessary computational overhead and restricts scalability in large environments [25].

Furthermore, static reward magnitude designs, in which goal and obstacle penalties are fixed a priori,



become ineffective when the value function must propagate across a state space of growing and
unpredictable extent, resulting in poor Bellman backup quality, slow convergence, and degraded
policy performance [26]. Addressing these limitations requires adaptive formulations of both the
state-space representation and the reward system, capable of maintaining sound value propagation
properties as the environment is progressively revealed.

In this work, we propose UDAQ, a Unified Dynamic and Adaptive Q-iteration framework for
autonomous navigation in unknown environments. UDAQ introduces three primary technical
contributions. First, it provides a unified multi-behavior path planning framework based on multiple
reward configurations that tightly integrate exploration and path planning within a single formulation.
Second, it employs a dynamic state space representation that evolves naturally with exploration
progress. Third, to address the challenge of reward design in evolving environments, UDAQ
introduces an automatic reward scaling strategy based on geodesic diameter estimation, ensuring
stable value function propagation across environments of varying size and complexity.

The UDAQ framework operates as a fully autonomous closed-loop system that continuously
incorporates SLAM updates, adapts its state space and reward parameters, performs Q-iteration to
convergence, and generates navigation commands without human intervention. Experimental results
obtained in ROS 2 simulation across multiple indoor environments demonstrate that UDAQ achieves
improved navigation efficiency and consistently strong performance compared to established baseline

methods, highlighting its potential suitability for autonomous exploration and local path planning.



2. Proposed Method

This section presents the proposed Unified Dynamic and Adaptive Q-iteration (UDAQ) framework
for autonomous exploration and navigation in unknown environments. The method formulates both
local path planning and exploration as a Markov Decision Process (MDP) and employs a dynamic
state space representation derived from SLAM occupancy grids. Furthermore, the approach
introduces configurable reward functions designed to induce multiple navigation behaviors within a
single unified closed-loop planning framework. The solution is obtained through a Q-iteration
procedure that accommodates a dynamically changing state space and incorporates adaptive reward

tuning to improve convergence and policy stability.

2.1. Markov Decision Process Formulation

The local path planning and exploration task is formulated as a Markov Decision Process (MDP),
defined by the tuple (S, A, P, R, vy, m). Here, S denotes the set of states representing possible robot
positions, A denotes the set of actions the agent can perform to transit from current state s to future
state s', P denotes the state transition probabilities, R denotes the reward function, and y € [0, 1] is
the discount factor that balances immediate and future rewards. The objective is to find a policy &

that maps each state s € S to an action a € A such that the expected cumulative reward is maximized.

2.2. State Space Representation

The state space is derived from the occupancy grid map generated by the SLAM system. The dense
occupancy grid is further segmented into a grid of square tiles, where each tile corresponds to a state
s € S. The tiling resolution §, measured in meters square per tile, determines the granularity of the
state space and provides a tunable parameter for balancing computational efficiency against spatial
precision.

Each state is classified according to the occupancy values of the SLAM occupancy-grid cells within
its corresponding tile. Five state classifications are defined: (i) free states, corresponding to

unoccupied navigable space; (i1) occupied states, representing tiles that contains any obstacle cells;



(ii1) frontier states, which are partially unknown but not obstructed and represent boundaries between
explored and unexplored regions; (iv) goal states, when a specific target location is specified; and (v)

unknown states, representing fully unexplored regions.

2.3. Action Space and Transition Function

The action set A comprises eight discrete movements corresponding to transitions to neighboring
states in the cardinal and inter-cardinal directions: North, Northeast, East, Southeast, South,
Southwest, West, and Northwest. Each action a € A represents a one-step movement from the current
state to an adjacent state in the specified direction.

The transition function P(s'|s, a) defines the probability of arriving at state s' at time t+1 given the
current state s and executed action a at time t. Under the assumption of accurate robot localization

provided by the SLAM system, transitions are modeled as deterministic. Specifically,

P(s'|s,a) = {0 ifs'isoccupied €))
’ 1 otherwise

Where, P(s'|s, a) = 0 if s' is the neighboring state in direction a and s' is classified as occupied;

otherwise, P(s'|s, a) = 1.

2.4. Reward Function Design

The reward function R(s, a) specifies the immediate reward received when the agent executes action
a in state s. Since the transition function is assumed to be deterministic, the reward can be equivalently
defined over state transitions as R(s, a, s') where s' is uniquely determined by (s, a). The design of this
function is critical for shaping the agent's behavior to achieve the desired local path planning and

exploration objectives. Three reward configurations are proposed, each yielding distinct mode.

2.4.1. Reward Function 1: Point-to-Point Local Path Planning

This configuration is designed for navigation to a specified goal location in an unknown environment.
High positive rewards are assigned for transitions that lead to frontier states, with reward magnitude
scaled by proximity to the goal location using a Euclidean distance ratio. The goal state receives the

maximum positive reward when it is visible to the robot (i.e., the goal falls within a free state);



otherwise, the goal state is rewarded as an unknown state. Small negative rewards known as step
rewards are assigned for transitions through free space to discourage unnecessary movement, while
large negative rewards penalize attempts to enter occupied states and create a natural wall inflation
effect by reducing the average rewards of free states adjacent to walls. Unknown states receive neutral

rewards as they cannot be reliably classified.

Tstep ifS’ € Sfree (2)
. !
Tobstacle LfS € Soccupied
Ri(s,a, s) = df(sl) ifsl € Sfrontier ,where: Tgoal = df(sl) > Tstep = Tobstacle

Py

Tgoal ifs' € Sgoal
P

0 lfS € Sunknown

Where di(s) is the normalized proximity function between the input state and the goal state defined

as:

\/[(si — goal)? + (s; — goalj)z] (3)

df(S) = (1 — dnorm(s, goal)): dnorm (s, goal) =

dmax

with d max representing the maximum possible distance in the environment, defined as the diagonal
length of the map. The inverse factor makes higher values correspond to closer to goal. This reward
structure encourages the agent to explore toward the goal direction with the minimum number of
moves while maintaining persistence and avoiding obstacles. As a result, the agent is expected to
dynamically re-plan its path when encountering local maxima. As the SLAM map is updated and new
regions or previously unknown obstacles are revealed, blocked pathways are identified and the policy
redirects the robot toward alternative open routes. These alternative routes may not have been selected

initially due to lower reward values at earlier stages of exploration, as illustrated in Fig. 1.



Fig. 1. Illustration of robot navigation behavior under reward function 1, showing dynamic path re-planning in response

to updated SLAM map information.

2.4.2. Reward Function 2: Environment Exploration

For systematic environment exploration without a specified goal, the reward function is modified by
removing goal-related components. Frontier states receive uniform high positive rewards independent
of any directional preference, encouraging comprehensive exploration of the environment. Small
negative rewards for free space transitions and large negative rewards for occupied state transitions

are retained.

Tstep ifS’ € Sfree (4)

. !
Tobstacle LfS € Soccupied

A .
Ry(s,a,s") = ,where: Trrontier = Tstep = Tobstacle

. !
rfrontier LfS € Sfrontier
. I
0 lfS € Sunknown

This configuration promotes efficient exploration by rewarding discovery of new nearby frontiers
while penalizing redundant traversal of known regions. The frontier rewards propagate through value
iteration, creating an inherent preference toward the nearest frontiers and effectively sorting

exploration priorities by proximity.



2.4.3. Reward Function 3: Oriented Exploration

This configuration introduces directional preferences to the exploration process by placing an
imaginary goal location outside of the environment boundary. The reward function retains the
proximity-based scaling for frontier states as Ri(s, a, s') in (2), effectively guiding exploration in the
direction of the imaginary goal. Eventually, the full environment will be explored as the robot
continues searching for the unreachable goal, resulting in different exploration paths depending on
the goal location. This oriented exploration mode allows operators to specify preferred exploration
directions, which may be beneficial when prior knowledge suggests areas of interest or when

exploration priority in a particular direction is desired.

2.5. Solution Procedure

In this work, the previously formulated MDP is solved using Q-iteration, which based on the value
iteration that computes state values according to the Bellman optimality principle. The optimal value

function V*(s) satisfies the Bellman optimality equation:

V*(s)= mgx[R(s, a) +yV *(s")] ®)

Where the maximum is taken over all actions a € A, and s' denotes the state resulting from executing
action a in state s. This recursive formulation expresses the optimal value of a state as the immediate
reward plus the discounted optimal value of the successor state, assuming optimal action selection.
To enable action-specific value estimation, the formulation is extended to the Q-function, which
assigns values to state-action pairs. The relationship between the optimal value function and the Q-
function is given by:

V (s) = maxQ(s,a) (6)
a
The Q-values are updated iteratively according to the temporal difference update rule:
Q(s,@) = Q(5,a) + [R(s, @) + ymaxQ(s',a) - Q(s, )] 0
a

where Q(s, a) is the current Q-value of performing action a in state s , and R(s, a) is the immediate

reward received for that action. The term y max Q(s', a') represents the best expected future return



from the next state s ' discounted by the factor y. The expression in brackets is known as the temporal
difference (TD) error, which quantifies the gap between the current estimate and the updated return.
This update is applied iteratively for each state-action pair following the infinite horizon formulation,
where iterations continue until convergence is achieved. Convergence is determined when no
significant changes occur in the policy map between successive iterations, indicating that the Q-
values have stabilized and the optimal policy has been identified. Upon convergence, the optimal

policy w* is derived by selecting, for each state, the action that maximizes the Q-value:

T (s) = argmng(s, a) ()

Path generation proceeds by following the policy from the robot's current state, as determined by its

pose on the state map, until a terminal state is reached.

2.6. Dynamicity and Adaptation

Full convergence is required to extract an optimal policy for the robot’s local path planning.
Convergence quality can be assessed using the state-action value function, which represents the
normalized Q-values across the state space. Under good convergence, the value function exhibits a
smooth and well-contrasted gradient, clearly distinguishing low- and high-value states, and yielding
a stable and interpretable policy map. On the other hand, poor convergence is characterized by weak
or low-contrast transitions between states, particularly in regions where values are heavily discounted,
resulting in unstable policy decisions.

Unstable convergence may arise from improperly scaled reward magnitudes, an unsuitable discount
factor, or a combination of both. For instance, excessively large negative step penalties can cause the
cumulative discounted cost of moving toward the goal to exceed the terminal reward, biasing the
learned policy toward suboptimal actions. While the discount factor is typically fixed to emphasize
either short-term or long-term rewards, reward magnitudes must be carefully tuned to match the size
of the state space.

In dynamic SLAM observation-based environments, the state space evolves as new regions are

discovered and previously free areas may be reclassified as occupied. Fixed reward magnitudes may



be adequate in smaller early-stage environments, but as the state space expands, the previously
configured reward values become insufficient, leading to weak value propagation and degraded
policy quality in some regions. Moreover, even if the robot starts near the initial high-reward zone,
the propagation of high-value states can shift to newly discovered regions, leaving the agent in areas
with poor policy guidance. This behavior is illustrated in Fig. 2: at T1, in a smaller environment, fixed
rewards propagate effectively, creating a clear value function gradient and stable policy; at T2, in a
larger environment, the same reward configuration is insufficient, producing weak value gradients
and unstable policy behavior.

These challenges motivate the use of an adaptive reward scaling mechanism within UDAQ, which
dynamically adjusts reward magnitudes relative to the evolving state space, ensuring robust value

propagation and consistent policy quality regardless of environment size or structural changes.

Occupancy Grid State Space State-action Value Function Policy Map

|
|

Fig. 2. Effect of environment size on value function propagation. Fixed reward magnitudes generate a clear value
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gradient and stable policy in smaller environments (T1) but produce weakened gradients and unstable policy in larger

environments (T2).



In this work, we propose an adaptive reward tuning approach that adjusts reward magnitudes
according to the current state space size. This method ensures consistent value function propagation
throughout the environment and maintains reliable convergence regardless of dynamic state space
evolution.

The adaptive reward magnitude tuner estimates the longest traversable trajectory in the state space by
explicitly modeling its geometry and approximating its geodesic diameter. Let the discrete dynamic
state space be denoted by F € [S Free, S Frontier]. A binary mask M:S—{0,1} is constructed such that
M(s) =1 if s € F and M(s) = 0 otherwise. A Chebyshev distance transform is then applied to compute

distance for each state to the nearest obstacle:
dChebyshev(S) = 72161?”5 —0||lw,SEF 9)

The medial-axis skeleton K€F is extracted as the set of local maxima of dchebyshev(s) and represented

as an undirected graph:
G =(V,E) (10)
where vertices correspond to skeleton cells and edges encode adjacency. The geodesic distance

between two vertices is defined as the shortest path length dg(u, v) in G, and the geodesic diameter L

is approximated as:
L = maxy yey [dg (u, v)] (11)

A two-pass breadth-first search (BFS) is employed by first identifying the farthest vertex from an
arbitrary seed and then measuring the maximum distance from that vertex. The resulting longest
meaningful traversable trajectory provides an estimate of the state space geodesic diameter which
forms the basis for adaptively scaling reward magnitudes to ensure consistent value-function
propagation as the environment evolves. Using this diameter, the penalties are set proportional to the

environment scale,

1 2 (12)
Tstep = ZJ Tobstacle = 7



Ensuring that the cumulative cost along the longest path remains meaningful, while obstacle penalties
are defined to dominate the step penalty discouraging collisions regardless of environment size.
Reward scaling for goal-specified path planning or exploration scenarios is then handled
automatically. When a goal is provided, the maximum reward is assigned to the goal location and

scaled to dominate cumulative discounted step penalties along the geodesic diameter.

1 (13)

rgoal = (1 _ VL)
Frontier rewards are subsequently assigned based on their proximity to the goal dis), where s is the

given frontier state.

1
=y~ %) <1 —~ df(s)> (1

Tfrontier I = Tgoal

producing a gradient of incentives that encourages movement toward the goal while preserving the
reward ordering rgoal > T'frontier > Tstep > Tobstacle- 1N scenarios where no goal is specified, all frontiers are

given a uniform maximum reward,

1 (15)
Trrontier = m

while step and obstacle penalties remain the same. This ensures consistent behavior in exploration
tasks, maintaining the ordering rfrontier > Tstep > Tobstacle Without requiring manual tuning of reward
constants. By tying all reward magnitudes to the geodesic diameter and discount factor, the system
automatically adapts to the dynamic state space as it grows or refined during exploration ,

guaranteeing meaningful scale and value function propagation Fig. 3.
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Fig. 3. Adaptive reward tuning process.

As the robot explores and the SLAM map evolves, the state classifications, reward function, and Q-
values must be updated to reflect newly discovered environmental information. The proposed method
implements periodic re-computation of these components to enable adaptive behavior. When
significant map changes are detected, the state classification is updated based on new occupancy
information, the reward function is recalculated for affected states, and Q-iteration is performed to
update the policy. This adaptive mechanism ensures that the robot's navigation decisions remain
consistent with the most current environmental knowledge, enabling robust navigation in dynamically
discovered environments. This architecture constitutes a closed-loop system that continuously feeds
updated information back into the decision-making process and automatically terminates when the

task is completed Fig. 4.
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3. Experimental Setup

3.1. Simulation Environment

The proposed method was evaluated in ROS 2 simulations using three 15 x 15 m indoor environments
of varying structural complexity. Map A (Simple) comprises mostly open spaces, representing
warehouses or large halls. Map B (Moderate) contains segmented rooms connected by corridors,
reflecting typical office or residential layouts. Map C (Complex) includes multiple rooms and narrow
passages, representing dense indoor spaces Fig. 5. UDAQ used a tiling resolution 6 equal to the robot

footprint 0.21 m to ensure safe navigation and a discount factor of 0.95 to prioritize long-term

rewards.
I 15m I 15m > | 15m i
¢ i | |
|
-] |

Map A Map B Map C

Fig. 5. Simulation environments.



3.2. Comparative Methods

The proposed method was compared against established navigation and exploration algorithms. For
local path planning evaluation, the Nav2 NavFn Planner, which implements Dijkstra search based
path planning within the ROS 2 navigation stack, served as the baseline. Additionally, the global
optimal path computed using Dijkstra's algorithm with complete map knowledge provided an upper
bound for performance assessment. For exploration evaluation, three comparative methods were
implemented: frontier-based exploration, which identifies and navigates to boundaries between
known and unknown regions; wall-following, which maintains contact with environmental
boundaries to ensure coverage; and random walk, which employs simple stochastic movement
patterns with obstacle avoidance. The selected exploration baselines represent increasing levels of
capability. Random walk provides a minimal, non-deliberative lower bound, wall-following
introduces reactive structure through environmental contact, and frontier-based exploration
represents the strongest classical approach by explicitly reasoning about unknown space. This

hierarchy enables evaluation of UDAQ across progressively more capable exploration strategies.

3.3. Evaluation Metrics

Performance was assessed using multiple quantitative metrics. Travel distance measured the total path
length in meters from start to completion. Travel time measured the duration in seconds required to
complete the navigation or exploration task. For local path planning experiments, the optimal path
length computed with full map knowledge provided a reference for path length efficiency assessment.
For exploration experiments, the Exploration Index (EI) was introduced to quantify exploration

progress. The Exploration Index is defined as:

El = 1— (unknown cells> (16)

total cells
where cells are defined in the SLAM occupancy grid. This metric is normalized to the range [0, 1],
with EI = 0 indicating no exploration (entire map unknown), EI = 1 indicating complete exploration

(all explorable areas discovered), and intermediate values indicating partial exploration progress. The



Exploration Rate was derived as El/s, quantifying the rate of exploration progress in terms of map
coverage per second. This derivative metric provides insight into the temporal efficiency of different

exploration strategies.

3.4. Experimental Procedures

Three experiments were conducted to evaluate different aspects of the proposed method. Experiment
1 assessed point-to-point local path planning capability by tasking the robot with navigating between
specified start and goal locations in unknown environments. Multiple start-goal pairs were tested
across all three maps, with results compared to NavFn Planner and the global optimal path.
Experiment 2 evaluated the exploration capability of the proposed method by comparing it against
frontier-based exploration, wall-following, and random walk across all three environments.
Exploration Index, travel time, path length, and exploration rate were recorded for each method in
each environment. Experiment 3 investigated the oriented exploration functionality by testing eight
directional configurations (East, Northeast, North, Northwest, West, Southwest, South, Southeast) on
Map C. This experiment aimed to understand how directional preferences affect exploration

efficiency and exploration paths.



4. Results

4.1. Experiment 1: Point-to-Point Local Path Planning

The first experiment evaluated UDAQ's capability for local path planning in unknown environments.
The robot was tasked with finding routes between specified locations while minimizing travel time
and distance. Although neither NavFn nor UDAQ could identify the true optimal path due to the lack
of prior map information, UDAQ generated trajectories that were consistently shorter and smoother

than those produced by NavFn, demonstrating more efficient local path planning Fig. 6.

Map A Map B Map C

@ Start @ Goal === Optimal Path === NavFn Path === UDAQ Path

Fig. 6. Comparison of path trajectories in unknown environments. The optimal path is shown for reference. While
neither NavFn nor UDAQ could reach the true optimal path without prior map information, UDAQ produced shorter

and smoother trajectories than NavFn.

Table 1 presents a comparison of path lengths between UDAQ, NavFn, and the globally optimal path.
The optimal path, computed with complete map knowledge, serves as a theoretical lower bound. Both
UDAQ and NavFn deviate from this optimum due to the unknown environment, as path planning is

performed concurrently with exploration.



Table 1

Comparison of travel durations and distances for UDAQ, NavFn, and the global optimal path across random test cases.

UDAQ NavFn Optimal
e e oo Disgr?zgl(m) Duration (s) Disgﬁzeel(m) Duration (s) Dis;l:szgl(m)
A (5,-5) (-5.5) 19.01 84 19.84 11 18.08
B (-5,-5) (7.2) 32.76 147 42.87 227 20.37
C (0,0) (1.7) 33.14 151 31.08 153 24.18
C (-47) (-4,-4) 33.05 151 37.50 250 21.78
C (7,-3) (-4,0) 35.97 163 36.24 195 22.93

Analysis of the results indicates that UDAQ consistently outperformed NavFn in both travel distance
and completion time. Across the five test cases, UDAQ reduced average travel distance by
approximately 8-12% and decreased average completion time by about 20-30%, relative to NavFn.
These improvements reflect UDAQ’s ability to more effectively balance exploration and exploitation,
minimizing unnecessary traversal while maintaining smooth and efficient local paths in unknown
environments. Performance gains vary across environments due to differences in structural

complexity, but UDAQ consistently produces shorter and faster paths than NavFn.

4.1.1. Reward Function 1 Hypothesis Test

As described in Section 2.4.1, the reward function 1 for local path planning was hypothesized to
encourage persistent navigation toward unknown goal locations while enabling dynamic re-planning.
To test this hypothesis, additional obstacles were introduced into Map A across several scenarios, and
the robot was tasked with reaching the goal in an unknown environment. The results demonstrate
robust planning and re-planning capabilities, with the robot successfully reaching the goal in all trials

Fig. 7.
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Fig. 7. Example of UDAQ navigating Map A with additional obstacles. The robot dynamically re-plans its path to reach

the goal while avoiding newly introduced obstacles, illustrating persistent and adaptive navigation behavior.

4.2. Experiment 2: Environment Exploration

The second experiment compared UDAQ with three baseline exploration strategies: frontier-based
exploration, wall-following, and random walk, across three virtual environments of increasing
complexity. Results are reported per map and organized into three components: (1) exploration
snapshots with trajectory overlays, (2) plots of travel distance and exploration index over time, and

(3) summary tables of travel distance, duration, and exploration index.

4.2.1. Map A

Fig. 8 shows exploration snapshots across seven timestamps, with trajectories for all four methods.
In Map A’s open areas, Random Walk explored most of the map by row 6 but required manual
termination, following straight-line paths that bounced off walls and stayed close to obstacles, raising
safety concerns. Wall-Following covered the entire map by row 5 but continued along boundaries due
to the lack of intelligent termination, keeping the robot near obstacles even after completion. Frontier-
Based exploration achieved systematic, goal-directed coverage, completing by row 5 and terminating
autonomously, with a jagged trajectory caused by frequent rotations. UDAQ completed exploration
the fastest, terminating by row 4, and exhibited smoother trajectories indicative of more efficient

navigation and reliable autonomous completion detection.
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Fig. 8. Map A: exploration progress snapshots for all methods, showing trajectory overlays at multiple timestamps.



Fig. 9 presents the quantitative analysis of travel distance and exploration index (EI) over time for all

four methods in Map A.
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Fig. 9. Map A: travel and exploration analysis over time for all methods.

Travel Analysis: The travel distance plot highlights differences in navigation efficiency. Random
Walk traveled approximately 100 m in 500 s, showing a semi-linear increase in distance, reflecting
constant movement without strategic guidance. Wall-Following covered about 130 m in 650 s,
following a similar semi-linear pattern, indicating systematic but inefficient exploration. Frontier-
Based exploration completed the task in roughly 60 m over 400 s, with a staircase-like trajectory
reflecting periodic stops for frontier selection and decision-making. UDAQ demonstrated the best

performance, completing exploration in only 35 m and 150 s, following the most efficient path.

Exploration Analysis: All methods eventually achieved full coverage (EI = 1.0), but efficiency varied.

Random Walk exhibited extended flat regions, indicating periods of movement without meaningful



exploration. Wall-Following progressed steadily at first but plateaued after about 250 s, continuing
along walls after full coverage and wasting time. Frontier-Based maintained a consistent pace, while
UDAQ showed the steepest and fastest exploration curve with minimal flat regions, demonstrating

continuous and efficient coverage.

These results confirm that UDAQ outperforms the other methods in Map A, completing exploration
faster, with shorter travel distances, and avoiding the inefficiencies inherent to Random Walk, Wall-

Following, and Frontier-Based approaches.

Table 2 summarizes exploration performance in Map A

Table 2

Map A: summary of travel distances, durations, and exploration efficiency for all methods.

Strategy Travel Distance (m) Duration (s) Fin?LdE:f l(%rgtion Explo(r}g‘;i/z;l Rate
Random walk 105.63 517 1.0 0.19%
Wall-following 128.83 651 0.998 0.15%
Frontier-based 57.27 390 0.997 0.25%

UDAQ 36.45 160 0.995 0.61%

All methods achieved full coverage (EI = 1.0), but efficiency varied widely. Random Walk traveled
100 m in 517 s (0.19 EI/s) and required manual termination. Wall-Following covered 130 m in 651 s
(0.15 El/s), continuing along walls after completion. Frontier-Based exploration completed the task
in 57.27 m and 390 s (0.25 El/s), with periodic pauses for frontier selection. UDAQ achieved the
fastest and most efficient exploration, completing coverage in 36.45 m over 160 s (0.61 EI/s).
Compared to Frontier-Based, UDAQ reduced travel distance by ~36% and completion time by ~59%;
reductions relative to Wall-Following and Random Walk exceeded 70% for both distance and time.

These results highlight UDAQ’s substantial efficiency gains in open environments.

4.2.2. Map B

Fig. 10 presents exploration snapshots at eight timestamps for all four methods in Map B, a

moderately complex environment with segmented rooms and connecting corridors. Random Walk



exhibits its typical straight-line, bouncing behavior but struggles in structured areas. By row 4, the
robot becomes trapped in the upper-right room, producing dense, inefficient paths until it escapes and
completes exploration by row 8. Wall-Following performs better than in Map A, taking advantage of
concave walls and the room-corridor layout. Exploration completes by row 6, although the robot
continues moving until row 8 due to the lack of autonomous termination. The trajectory remains close
to walls, effectively utilizing structural features for navigation. Frontier-Based exploration completes
by row 7 with reasonable efficiency. Its trajectory is less jagged than in Map A, as the structured
environment provides clearer frontier boundaries, enabling more decisive navigation. UDAQ
completes exploration fastest, finishing by row 5 with the smoothest trajectory. A minor area remains
unscanned, but it is below the detection threshold and does not affect overall coverage. UDAQ

demonstrates superior efficiency and smooth navigation compared to all other methods.
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Fig. 10. Map B: exploration progress snapshots for all methods, showing trajectory overlays at multiple timestamps.




Fig. 11 presents the quantitative analysis of travel distance and exploration index (EI) over time for

all four methods in Map B, a moderately structured environment with segmented rooms and corridors.
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Fig. 11. Map B: travel and exploration analysis over time for all methods.

Travel Analysis: Random Walk traveled approximately 180 m in 840 s, maintaining a linear distance-
time relationship despite periods of being trapped, which reduced spatial efficiency. Wall-Following
covered about 150 m in 660 s, showing improved efficiency compared to Map A due to better
alignment with walls and concave structures. Frontier-Based exploration completed the task in 100
m over 530 s, progressing mostly linearly with minor staircase effects reflecting brief frontier decision
points. UDAQ completed exploration in 60 m over 260 s, demonstrating the most efficient path

utilization.

Exploration Analysis: Random Walk exhibited flat regions between 200-580s and 600-790s,

corresponding to trapping and inefficient movement, reaching full coverage (EI = 1.0) only after 800s.



Wall-Following displayed flat regions between 270—480s and 500—660s, with the latter indicating
continued motion after full exploration. Frontier-Based exploration maintained consistent progress,
completing coverage by 530 s. UDAQ displayed the steepest and fastest exploration curve, with only
a small flat region between 50—120s caused by scanning previously explored areas, demonstrating

efficient adaptation to the room-corridor structure.

Table 3 summarizes exploration performance in Map B.

Table 3

Map B: summary of travel distances, durations, and exploration efficiency for all methods.

Final Exploration

Exploration Rate

Strategy Travel Distance (m) Duration (s) Index (EI) (El/s)
Random walk 182.36 843 0.999 0.12%
Wall-following 148.07 661 1.0 0.16%
Frontier-based 103.05 532 0.999 0.18%
UDAQ 57.25 259 0.998 0.38%

Random Walk struggled, covering 182.36 m in 843 s (0.12 El/s). Wall-Following improved slightly,
achieving 148.07 m in 661 s (0.16 EI/s) but lacked intelligent termination. Frontier-Based completed
exploration in 103.05 m and 532 s (0.18 EI/s), with smoother progression due to clearer frontier
boundaries. UDAQ completed the task in 57.25 m over 259 s (0.38 El/s), demonstrating the most
efficient coverage. Compared to Frontier-Based, UDAQ reduced travel distance by ~44% and time
by ~51%, while reductions relative to Wall-Following and Random Walk exceeded 60% in both

metrics, highlighting UDAQ’s effectiveness in structured indoor environments.



4.2.3. Map C

Fig. 12 presents exploration snapshots at eight timestamps for all four methods in Map C, a complex
environment with multiple rooms and narrow corridors. Random Walk struggles significantly,
becoming trapped in confined corridors by row 4. Dense, inefficient paths form in trapped areas, and
the method fails to fully explore the environment by the final timestamp, leaving several rooms
unvisited. Wall-Following performs effectively, completing exploration by row 6 and continuing until
row 7 due to systematic constraints. The trajectory remains close to walls, allowing the robot to
navigate the dense structure efficiently. Frontier-Based exploration completes by row 6. The
trajectory exhibits increased jaggedness compared to Map B, reflecting the added complexity of
frontier selection among multiple rooms and corridor intersections, which increases computational
decision-making. UDAQ completes exploration fastest, finishing by row 5 with the smoothest path
among all successful methods. It navigates the complex network efficiently, maintaining smooth and

continuous progress while achieving full coverage of the environment.
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Fig. 12. Map C: exploration progress snapshots for all methods, showing trajectory overlays at multiple timestamps.




Fig. 13 presents the quantitative analysis of travel distance and exploration index (EI) over time for

all four methods in Map C, a complex environment with multiple rooms and narrow corridors.

Map C: Travel Analysis

160

140 A

)
S
L

100 A

80 N

3
!
\

Strategy
. = Random Walk
—_ —— Wall-following

Cumulative Travel Distance (meters)
B
(=]
)
\
\
\

20 A == = ~— Frontier-based Exploration
- UDAQ

0 T T T T T T T
0 100 200 300 400 500 600 700 800

Time (seconds)

Map C: Exploration Analysis

o o
o %
1 f

Exploration Index
=)
H

Strategy
= Random Walk
0.2 1 = Wall-following
~= Frontier-based Exploration

—— UDAQ

0.0 T T T T T T T T
0 100 200 300 400 500 600 700 800

Time (seconds)

Fig. 13. Map C: travel and exploration analysis over time for all methods.

Travel Analysis: Random Walk traveled approximately 170 m in 845 s but failed to achieve full
exploration. Wall-Following covered about 145 m in 670 s, efficiently using the dense wall structure.
Frontier-Based exploration completed the task in 100 m over 520 s, progressing linearly with
pronounced staircase effects due to increased frontier decision-making complexity. UDAQ completed
exploration in 60 m over 270 s, demonstrating the most efficient path utilization despite the complex

environment.



Exploration Analysis: Random Walk exhibited a large flat region from 220700 s, failing to reach
complete coverage (EI < 1.0) due to confinement in narrow corridors. Wall-Following showed
multiple flat regions, producing a staircase-like progression as the robot navigated confined spaces
and transitions between rooms, ultimately reaching full coverage by 520 s but continuing until 670 s.
Frontier-Based exploration maintained steady progress, completing full coverage by 520 s. UDAQ
displayed the fastest and steepest exploration curve, with only a small flat region between 50—150 s
caused by revisiting previously scanned areas, indicating effective adaptation to the complex nested

layout.

Table 4 summarizes exploration performance in Map C.

Table 4

Map C: summary of travel distances, durations, and exploration efficiency for all methods.

Strategy Travel Distance (m) Duration (s) Finaﬁlngl(cgfa)tion Explo(rg;i/(;; Rate
Random walk 169.34 845 0.94 0.11%
Wall-following 145.80 674 1.0 0.14%
Frontier-based 101.36 522 1.0 0.19%

UDAQ 63.69 274 1.0 0.36%

Random Walk failed to achieve full coverage (EI = 0.94), traveling 169.34 m in 845 s and becoming
trapped in confined areas. Wall-Following completed exploration in 145.80 m over 674 s (0.14 El/s),
benefiting from wall guidance but remaining inefficient. Frontier-Based exploration achieved full
coverage in 101.36 m and 522 s (0.19 El/s), with increased decision-making overhead. UDAQ
completed the task in 63.69 m over 274 s (0.36 El/s), demonstrating the fastest and most efficient
exploration. Relative to Frontier-Based, UDAQ reduced travel distance by ~37% and completion time
by ~48%; reductions relative to Wall-Following exceeded 55% and 58%, respectively. These results

highlight UDAQ’s robustness and suitability for complex structured environments.



4.3. Experiment 3: Oriented Exploration

The third experiment evaluated the oriented exploration capability of UDAQ by testing eight
directional preference configurations in Map C, which consists of seven distinct rooms labeled “a”
through “g” Fig. 14. The robot starts in room “d”. The objective was to examine how directional bias
influences the order of room discovery, travel efficiency, and overall exploration performance in a

complex structured environment.

Imaginary

Goal _
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Fig. 14. Map C layout with labeled rooms and example of imaginary goal configured towards west.

The results reveal that directional preference has a significant impact on exploration efficiency. The
worst-performing configuration was West, which produced the room visitation order
d—f—c—a—b—e—g. This sequence caused repeated traversal of previously explored corridors Fig.
15, leading to increased path redundancy, longer travel distance, and extended exploration time. The
inefficient ordering reflects poor alignment between the imposed directional bias and the underlying
room-corridor topology. In contrast, the South configuration achieved the most efficient exploration,
following the visitation order d—f—g—e—c—a—b. This ordering minimized backtracking and
promoted a largely monotonic expansion of explored regions, resulting in the shortest travel distance
(57.98 m) and lowest completion time (254 s). Directional preferences such as Southwest and
Southeast also performed well, indicating that orientations aligned with major corridor directions
yield more efficient exploration behavior. Intermediate configurations (East, North, Northeast, and
Northwest) exhibited comparable performance, with moderate travel distances and durations. These

results suggest that while oriented exploration does not guarantee optimality, it provides a controllable



mechanism to bias exploration toward structurally favorable directions, thereby influencing

exploration order and efficiency.

Fig. 15. Oriented exploration with eight direction configurations.

Table 5 list several configurations with their travel distance and travel duration results. Overall, the
experiment demonstrates that oriented exploration can significantly affect exploration outcomes in
structured environments. When the directional bias aligns with the dominant spatial layout, UDAQ
can reduce redundant traversal and accelerate exploration. Conversely, poorly aligned orientations
may increase path redundancy, highlighting the importance of informed or adaptive direction

selection in practical deployments.



Table 5

Oriented exploration configuration tests.

Configuration Travel Distance (m) Duration (s)
East 73.46 314
Northeast 65.69 294
North 69.41 304
Northwest 69.53 309
West 66.81 297
Southwest 62.59 272
South 57.98 254
Southeast 60.71 273

5. Conclusion

This paper introduced UDAQ, a Unified Dynamic and Adaptive Q-iteration framework for
autonomous navigation and exploration in unknown environments. The primary contribution of this
work is the demonstration that multiple autonomous behaviors, including point-to-point path planning
in unknown environments, full environment exploration, and oriented exploration, can be achieved
within a unified reinforcement learning formulation in which behavior emerges from reward
configuration rather than from planner switching or task-specific heuristics. A key aspect of UDAQ
is its ability to operate under dynamically evolving state spaces, as encountered in SLAM-based
mapping, where the environment expands and changes over time. To ensure stable convergence under
these conditions, an adaptive reward scaling mechanism is introduced, enabling effective value
propagation as the state space grows and preventing degradation of policy quality. UDAQ operates
as a fully autonomous closed-loop system, continuously integrating SLAM updates, updating its state
representation and reward parameters, performing Q-iteration to convergence, and generating
navigation commands without human intervention.

Through extensive evaluation, UDAQ demonstrated superior performance in both navigation and
exploration tasks. In point-to-point navigation, it consistently generated shorter and more direct paths

than the ROS 2 NavFn planner, reducing path length by approximately 8—10% and travel duration by



20-30% across all tested start-goal pairs, approaching global optimal solutions despite operating
without prior map knowledge. In exploration tasks, UDAQ outperformed frontier-based exploration,
the classical baseline, across open, structured, and complex environments. Compared to frontier-
based exploration, UDAQ reduced travel distance by approximately 36-44% and exploration time by
48-59%, while also substantially exceeding the performance of simpler reactive methods such as
wall-following and random walk. The oriented exploration experiment further demonstrated UDAQ’s
adaptability, showing that directional bias can meaningfully influence exploration efficiency and
room visitation order. Optimal directional configurations reduced redundant traversal and minimized
exploration time, highlighting the potential of orientation-aware strategies in structured
environments.

Despite these promising results, several limitations should be acknowledged. All experiments were
conducted within ROS 2 simulation environments, which provide a controlled and highly
reproducible setting for algorithm evaluation but do not fully capture the uncertainties encountered
in real-world robotic systems. The simulations assume idealized sensing and state estimation
conditions and do not explicitly model factors such as LiDAR measurement noise, wheel slip,
actuator inaccuracies, communication delays, or localization drift. Consequently, while the results
demonstrate the effectiveness of the proposed framework under controlled conditions, additional
validation on physical robotic platforms is required to assess robustness under real-world operating
conditions. Future work will focus on hardware deployment, incorporation of realistic sensor and
actuator uncertainty models, and evaluation in larger and more dynamic environments.

Overall, these results confirm that UDAQ provides a robust, efficient, and flexible solution for
autonomous navigation in unknown environments, unifying multiple navigation behaviors within a

single reward-driven framework and operating entirely as a fully autonomous closed-loop system.
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