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Highlights

What are the main findings?
• A novel cross-attention policy architecture fusing global map features with variable-length frontier

features outperforms classical heuristics, yielding better efficiency in low, medium, and high density
scenarios.

• The ablation study confirms the cross-attention module as the key contributor, yielding a stronger
final policy with smoother convergence and lower variance than a concatenation-based baseline.

What are the implications of the main findings?
• Zero-shot sim-to-real transfer on a Bitcraze Crazyflie with minimal sensing demonstrates practical

applicability for cost-effective search and rescue in unstructured environments.
• The architecture supports variable-sized occupancy grids without retraining, enabling scalable

deployment across scenarios of different spatial scales in aerial robotics.

Abstract

In recent years, reinforcement learning (RL) has been applied to frontier-based exploration to enhance
the robot’s decision-making policy and improve exploration performance. In this work, we address
this scenario with the aim of pushing forward the finding of the optimal frontier selection policy
in unknown, unstructured environments with RL deployed for a minimal sensing drone setup. We
propose a novel policy architecture, featuring an attention module that uses the global map features
captured by a convolutional neural network together with local frontier features in the form of scalar
values, trained end-to-end with a scoring network using the Proximal Policy Optimization algorithm
over a 2D randomized unstructured environment. Our approach demonstrates a notable improvement
in exploration efficiency as it surpasses purely heuristic-based frontier selection strategies used as
baselines for other RL methods, achieving shorter paths than Nearest Frontier, Hybrid Approach, and
TARE local horizon, as well as one-shot sim-to-real policy deployment.

Keywords: reinforcement learning; zero-shot transfer; cross-attention; aerial robots; exploration

1. Introduction
Frontier-based exploration has become a foundational strategy for autonomous mapping of

unknown environments since Yamauchi’s seminal work introduced the concept in 1997 [1]. In a
2D occupancy grid map, frontiers are defined as the boundaries between explored free space and
unexplored regions. By moving to frontier cells in a 2D occupancy grid, a robot can systematically
cover the environment, adding new sensor information and pushing back the “known/unknown”
boundary until no frontier remains. This approach has been widely adopted in robotic exploration due
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to its simplicity and its capability to yield complete environment coverage [2–4]. However, classical
frontier-based methods typically rely on hand-crafted heuristics (e.g., choosing the nearest or largest
frontier), which may not yield optimal long-term exploration efficiency in more complex environments.
This limitation has motivated research into more effective decision-making strategies for exploration.

Figure 1. Frontier selection for efficient exploration of unstructured environments. Our policy employs an
attention module that uses the global map features captured by a convolutional neural network and the local
frontier features in the form of scalar values. Then, a scoring network chooses the next frontier to explore.

In recent years, reinforcement learning (RL) has been applied to frontier-based exploration to
enhance the robot’s decision-making policy and improve exploration performance [5]. By formulating
exploration as a sequential decision problem, RL enables an agent to learn deciding which frontiers
to select or which navigation actions to take in order to maximize mapping efficiency or information
gain over time. The growing interest in RL-driven exploration is underscored by recent surveys [6,7],
which conclude that learning-based strategies can adapt to complex 2D environments and effectively
balance exploration-exploitation trade-offs. By building on the frontier paradigm with deep learned
policies, these approaches enable autonomous robots to explore more intelligently, improving map
coverage and efficiency in challenging scenarios.

In this work, we address this scenario with the aim of pushing forward the finding of the optimal
exploration policy with RL by improving purely heuristic-based exploration strategies and existing RL
methods. Even though the whole approach and pipeline are platform agnostic, our motivation is also
driven by our goal of integrating these techniques into the aerial robotics domain, more specifically,
minimal sensing equipped drones, to provide a better and more cost-effective solution for search and
rescue in unstructured environment applications like forests, jungles, or even disaster zones. Thus, the
research question for this work is: Can we improve state-of-the-art heuristic frontier-based methods
with the latest RL approaches?

To answer this question, we integrate Arias-Perez et al. [8] exploration pipeline, which, in turn,
is based on Aerostack2’s [9] aerial framework, replacing its frontier explorer with a novel policy
architecture approach. The main contributions of our RL-driven exploration approach are summarized
as follows:

1. The proposed policy consists of a true variable frontier selector policy which also accepts a
variable observation state processed by a scorer network [10], together with a Cross-Attention
encoder module [11].

2. We provide a comparison with the different heuristic methods that the most recent RL frontier-
based exploration approaches use as baselines, such as Nearest Frontier [1], Hybrid Approach
(nearest and information gain [12]), and TARE Local [14].

3. Finally, to demonstrate the system works, we zero-shot transfer the policy to a real scenario,
achieving consistent behavior, integrated in a real ROS2 [13] aerial framework.

2. Related Work
In autonomous exploration, frontier-based methods have long served as a fundamental strategy

for mapping unknown environments, a concept first introduced by Yamauchi [1] where frontiers
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are defined as the boundaries between known free space and unexplored regions. Building on this
pioneering work, Burgard et al. [15] extended the concept to multi-robot systems by incorporating
utility and cost functions that coordinate exploration efficiently, ensuring that robots spread out over
distinct frontiers to maximize coverage. González Baños would the introduce a ray casting non-discrete
version of this information gain approach later in [16]. In an effort to overcome the limitations of
exhaustive scanning in classical methods, Umari and Mukhopadhyay [17] proposed a hybrid approach
that combines rapidly-exploring random trees (RRTs) with frontier detection, allowing for rapid
generation and selection of candidate frontiers based on a utility heuristic balancing information gain
and travel cost. Further refinement was achieved by Deng et al. [18] who introduced a differentiable
formulation of the frontier information gain metric, enabling the use of gradient-based optimization
to continuously improve exploration trajectories. Complementarily, Sun et al. [19] addressed the
challenge of unreachable frontiers by integrating reachability analysis into the exploration process,
thereby filtering out non-viable candidates and ensuring more robust navigation in 2D environments.
More recently, Zhang et al. [20] advanced the state-of-the-art with a two-level approach that not
only accelerates frontier detection through sampling but also incorporates an advanced viewpoint
heuristic to optimize target selection, significantly enhancing mapping efficiency. Together, these
studies represent a progressive evolution from simple, greedy frontier selection to sophisticated
techniques used in real-world 2D mapping tasks.

Existing reinforcement learning (RL) approaches for frontier selection have significantly advanced
autonomous exploration beyond classical heuristics [6]. Fan et al. [21] use an edge detection algorithm
to find potential frontier candidates from the occupancy grid map. Then, 16 candidate points are
randomly chosen from the detected edges. Once selected, these points get sorted clockwise. This
ordered list, in the form of information gain and spatial features, is then mapped directly to the
fixed-size output layer of the actor network. In B. Yu et al. [22]’s framework, frontiers are encoded as
fixed channels in the frontier map—specifically, the action space is defined as 4 channels corresponding
to potential frontier cells. The policy outputs a vector over these channels, using invalid action
masking in case the number of frontiers generated is less than 4. These approaches assume a fixed,
discrete action space of frontier choices, which means the agent can only pick from a predetermined
number of frontier candidates at each decision step, an oversimplification due to the loss of granularity
given that an ideal frontier generation module takes into consideration the length of the boundary
between known and unknown space to generate a variable number of frontiers as the robot maps
its environment. G. Iyer et al. [23] formulate frontier selection with continuous control, having the
agent predict a continuous-valued goal location for the next frontier. A hybrid heuristic-RL approach
is presented by Niroui’s work [24], in which instead of outputting a fixed vector of probabilities, the
actor produces a learned weight that feeds into a cost function combining normalized distance and
information gain for each candidate, and the frontier with the lowest cost is chosen. In Cao et al.
work [25] candidate frontiers are represented as nodes in an augmented collision-free graph built over
the free area. The attention-based policy network with a pointer mechanism in its decoder dynamically
computes weights over the variable set of neighboring nodes. While these approaches demonstrate
the feasibility of RL-driven exploration, they do not fully capture the dynamic nature of the frontier
set; the policy either operates on a constant-sized action set or must rely on auxiliary mechanisms to
cope with varying frontier availability.

Introducing recent RL works that deal with the ability of dealing with the variable nature of
frontier generation, Liu et al. [26] approach consists of applying rule-based imitation learning to then
introduce a reinforcement learning training with the Soft-Actor-Critic (SAC) method, using a scoring
network to get the output. Wang et al. [27] propose a CNN to capture both local frontier features
and global features, where both inputs are fixed; if the global map is larger than the CNN input, they
resize it to a lower resolution. After that, they perform sequential scoring (i.e., an iterative sequential
process that scores each output individually using the scoring network), similar to a scoring network
but without the ability of parallelizing due to sequential candidate scoring.
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These works leave room for improvement. While they capture the true variability of frontiers
through the scoring network output, they rely on additional mechanisms that greatly influence the
resulting behavior. Techniques such as imitation learning introduce a significant initial bias depending
on the imitated policy, whereas graph structures, combined with the constraint of selecting only local
neighbors as navigation nodes, lead to a loss of granularity. Additionally, the use of padded visual
feature maps to capture local frontier features to match the same shape results in a loss of resolution as
the map size increases. None of these approaches introduce techniques beyond a CNN architecture or
a scoring network.

3. Exploration Robotics Framework
Before going further into the main contributions of this article, we aim to provide details on how

the reinforcement learning environment, together with the policy is integrated in a real aerial robotics
framework. As mentioned before, we integrate our RL environment into Arias-Perez et al. [8] minimal
sensing ROS 2-based exploration framework, which is at the same time based on Aerostack2 [9]. The
frontier allocator heuristic from the original architecture is replaced with an RL environment, which
contains observation and action handler modules as ROS 2 nodes, along with the proposed novel
policy.

Depending on wether the policy is being trained or tested in a real environment, the data source
differs. When training we use Gazebo Simulator as Figure 2(a) depicts. The agent simulated in the
Gazebo simulator utilizes readings from a 360° planar LiDAR sensor to create a scan message, which is
collected by the mapping subsystem and encoded as a grid map. There is no control loop enabled,
control is replaced for a teleport to speed up training.

When testing in a real environment, simulated agent is substituted for a real nano-drone, as Figure
2(b) indicates. Instead of having a 360° planar LiDAR, the drone is equiped with a 4 beam rangefinder
sensor. When it reaches a certain position, a 90° spin in place with this rangefinder sensor produces the
same result as the simulated 360° LiDAR sensor. Control is back enabled, allowing the drone to reach
the desired position with a PID based controller. Ground truth estimation information is replaced for a
Motion Capture System.

This modular design ensures that the observation space remains invariant to the actual sensor
modality: regardless of whether the scan originates from a simulated 360° LiDAR or a physical 4-beam
rangefinder performing a 90° rotation, the resulting occupancy grid fed to the policy is structurally
identical, which is the key enabler for the zero-shot sim-to-real transfer demonstrated in Section 5.7.

From the map structure, the set of available frontiers is calculated. The observation handler uses
the map, the list of frontiers, and the agent’s position to create the observation state, which is consumed
by the policy to calculate the selected frontier (action). Once the policy has decided the next point to
explore, the planning subsystem executes the planner algorithm to obtain a path to reach the frontier,
which is used to compute the reward function. Finally, for training in simulation we set the new pose
automatically in Gazebo to teleport the agent to the desired position to improve training speed. For
the real experiments, the agent would use a PID controller to move into the desired frontier position.

Given that the sensor collects only 2D information about the environment, the map is encoded as
an occupancy grid. Within the planning components, the frontier allocator node returns a set of spatial
2D points within the grid. Both the map and the set of frontier points serve for the RL environment
observation purposes.
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(a) Simulation setup. Gazebo provides the source of data. There is no controller, Gazebo
sets the pose whenever there is a requested desired pose.

(b) Real setup. The drone provides the lidar data. MoCap system provides ground truth
estimation data. Whenever a desired position is given back by the RL environment, the
controller sends control commands to the drone.

Figure 2. Exploration framework overview. Boxes represent each framework component, compose of one or
more ROS 2 nodes. Solid arrows stand for communication interfaces such as ROS 2 topics or services. The agent
generate a scan message, which is then passed to the Mapping component. Within these Mapping components, a
scan-to-grid map node generates the grid map which is then passed via topic to a map server node. This grid map
structure is used by the observation handler of the RL environment, together with the last mapping component
which is the frontier generator node. The state estimator node receives the ground truth to provide the agent
position to the environment. This position, together with the map and frontiers are used to build the observation
state. Within the Planning components, the path planner node generates a path once the policy has chosen the
next frontier point to explore. This path is used to calculate the reward once it is returned to the environment. The
desired pose is passed to the controller or gazebo, and the whole process is repeated.

4. Reinforcement Learning Based Exploration Approach
Our approach introduces an attention module that uses the global map features captured by a

CNN, along with local frontier features in the form of scalar values, trained end-to-end with a scoring
network using Proximal Policy Optimization (PPO) [28] from Stable Baselines 3 [29]. This section
includes the explanation of how the observation and action spaces are defined, together with the policy
architecture details, which include architecture design and decisions, policy parameters and working
mechanisms.

4.1. Observation and Action Spaces

We divide our observation space into two components. First, a grid map encodes the global map
in a 5-channel binary tensor. Figure 3 depicts how these five channels are encoded, gathering free
space, frontier centroids, and the agent’s position information. This structured representation enables
convolutional models to effectively extract relevant features for navigation and exploration. To further
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guide the agent toward informative regions, frontier cells and the agent’s position are smoothed using
Gaussian kernels, producing soft gradients that facilitate exploration behavior.

Figure 3. Grid Map with an integrated map representation with discrete semantic values: free, occupied, unknown,
frontier, agent position, transformed into a 5-channel binary encoded tensor. Each channel corresponds to one
semantic class, where cells belonging to a given class are marked as 1 in the respective channel and 0 elsewhere.

Second, a variable-length list of frontiers that includes a fixed-size vector with each frontier’s
features. As the number of frontiers keeps changing as the agent explores, the size of the list of frontier
feature vectors also changes. Each frontier is represented by a feature vector of five normalized scalar
values. Given an agent position (xa, ya), frontier position (x f , y f ), and grid size S, the frontier features
exploited are described in vector 1. x f

S
,

y f

S
,

√
(x f − xa)2 + (y f − ya)2

√
2 S

,
xa

S
,

ya

S

, (1)

where the Euclidean distance between the agent and a frontier is normalized by
√

2S, the maxi-
mum distance in a square grid.

As per action space, the policy outputs an index pointing to the chosen frontier within the input
vector. The shortest path to reach the selected frontier is then fed to the reward function, which will be
discussed later.

4.2. Policy Architecture

In this work, we utilize an actor-critic architecture with several scenario-specific improvements.
Figure 4 depicts a simplification of the overall architecture. To describe the architecture, we decompose
it into three functional blocks: the context-augmented observation module (CAOM), the actor head,
and the critic head. Note that while the CAOM is structurally common to both the actor and the
critic, there are also some shared-weight configuration-specific components within the CAOM that
use identical parameters across both pathways, rather than merely mirroring the same topology with
independent weights.

We combine the features extracted from the global map extracted from a CNN together with
hand-crafted scalar vectors of the features of each frontier point. We propose using an attention module
that leverages global map embeddings to query the candidate frontier points by projecting them into
key and value embeddings, generating an aggregated representation that reflects the information
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of the candidates most relevant to the overall environment. This aggregated representation is then
processed by the actor and the critic to produce its respective outputs.

Figure 4. Overall policy architecture. The three functional blocks will be explained further away in the article,
these are: context-augmented observation module, common structure for both the actor and the critic, and the
actor and the critic themselves.

By subsequently adding (via a residual connection) the original candidate embeddings to this
attention output, we enrich each frontier feature with contextual cues without discarding the original
local information. This fusion combines the strengths of both representations: it preserves the inherent
details of each candidate while integrating a global perspective that can highlight important inter-
candidate relationships. The residual connection ensures that the information derived from the local
candidate features is maintained alongside the aggregated context-aware adjustments.

4.3. Context-Augmented Observation Module

Within our crafted architecture, the map feature extractor (CNN) and the map encoder are shared
between the actor and the critic. The intuition is that the CNN and map encoder extract a general
spatial understanding of the environment, which is useful for both the actor and the critic equally. The
candidate-specific processing via the attention mechanism is where the actor and critic diverge: the
actor needs to score candidates relative to each other (which one to pick), while the critic needs to
aggregate them into a single state value. These are different enough tasks to justify separate weights.

Sharing the CNN and map encoder between both pathways also provides a regularization effect:
during PPO updates, gradients from both the actor and critic losses jointly update the shared spatial
feature extractor, acting as a multi-task learning signal that encourages richer map representations and
prevents overfitting to either objective alone. This design keeps the shared CAOM at roughly 4.08M
parameters (see Table 1), avoiding the near-doubling that fully independent feature extractors would
require.

The embedding dimension is set to n = 64 throughout the architecture. For the frontier embedding
network, we use a single linear layer (5 → 64) with ReLU activation, since the frontier features in
Equation 1 are already hand-crafted and normalized, the representational heavy lifting is delegated to
the cross-attention module.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 28 April 2026 doi:10.20944/preprints202604.1959.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202604.1959.v1
http://creativecommons.org/licenses/by/4.0/


8 of 20

Figure 5. Context-Augmented Observation Module overview. In the same timestep, a preprocessed 5 channel
matrix, which represent the global map, and a vector of scalar features for each of m frontiers act as the input
for the policy. The 5 channel matrix gets processed by a map feature extractor (CNN) that returns the features
which are then projected into the embedding space by an MLP. CNN feature extractor and map encoder is shared
between the critic and the actor. These embeddings serves as the query for the attention module. Each vector
of scalar frontier features gets also projected into embedding vectors of size n. This batch of features serves as
the key and value input for the attention module. The attention output embedding gets added to every frontier
embedding.

Table 1. Detailed network architecture. Layers marked with † are shared between actor and critic. The CNN input
is a 5 × 200 × 200 binary tensor. Each frontier is represented by a 5-dimensional scalar feature vector. m denotes
the variable number of frontiers.

Component Layer Input Shape Output Shape Parameters

Map Feature Extractor (CNN)†

Conv2d (8 × 8, stride 4) + ReLU 5 × 200 × 200 32 × 49 × 49 10,272
Conv2d (4 × 4, stride 2) + ReLU 32 × 49 × 49 64 × 23 × 23 32,832
Conv2d (3 × 3, stride 2) + ReLU 64 × 23 × 23 128 × 11 × 11 73,856
Flatten 128 × 11 × 11 15,488 0
Linear + ReLU 15,488 256 3,965,184

Map Encoder†

Linear + ReLU 256 64 16,448

Frontier Embedding Network (shared encoder)
Flatten (Identity) 5 5 0
Linear + ReLU 5 64 384

Actor Cross-Attention
MultiheadAttention (4 heads) Q: 1 × 64, K/V: m × 64 1 × 64 16,640
Residual addition m × 64 m × 64 0

Scoring Network
Linear + ReLU 64 64 4,160
Linear (score) 64 1 65
Softmax + Multinomial sampling m index j 0

Critic Cross-Attention
MultiheadAttention (4 heads) Q: 1 × 64, K/V: m × 64 1 × 64 16,640
Residual addition m × 64 m × 64 0

Critic Head
Mean pooling m × 64 64 0
Linear + ReLU 64 64 4,160

Continued on next page
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Component Layer Input Shape Output Shape Parameters

Linear (value) 64 1 65

Total trainable parameters ∼4.14M

4.3.1. Actor

To select the next frontier point, we then use a scoring network. This design, depicted in Figure 6,
treats the number of frontiers dimension as a batch input to the network, resulting in order-covariant
outputs capable of handling varying frontiers. We then pass the head scores through a stochastic
categorical distribution, thus, we turn the scorer output logits into probabilities using a softmax layer
and then draw one sample from the multinomial distribution defined by those probabilities. The
maximum value index is likely to be chosen and returned by the policy. In the end, the policy decides
which frontier point to explore next by scoring each candidate based on both its features and the global
map representation.

Figure 6. The aggregated embeddings gets processed by a simple 64x64 Relu MLP. The scoring network’s output
results in a single logit per batch (frontier), which are then turned into probabilities. An index is produced as a
result of performing multinomial sampling from this probabilities vector.

4.3.2. Critic

To produce an estimated value, we use average mean pooling to average across all N frontier
candidates, collapsing them into a single vector, so the critic is answering how good the overall state is,
considering all frontiers together and not how good each individual frontier is. The critic estimates
V(s), and PPO computes the advantage as A = R + γV(s′)− V(s). That advantage is then used to
weight the policy gradient for whichever action the actor sampled. The critic never needs to know
which specific frontier was picked.

Figure 7. The aggregated embeddings gets mean pooled. The resultant vector is processed by a simple MLP
which then goes through a linear network in order to produce a single value.

5. Experimental Results
In this section, we evaluate the performance of our proposed policy architecture within the

exploration framework described in Section 4. Our goal is to demonstrate the efficiency of our method
in reducing the total path length over the course of exploration compared to classical heuristic methods
that serve as adapted learning-based baselines.

5.1. Training Setup

Our policy was trained using the PPO algorithm over a series of episodes in a simulated 2D
unstructured environment. The agent receives observations in the form of a 200x200 pixel occupancy
grid and frontier scalar features, as detailed in Equation 1. In the subsequent section, a comprehensive
explanation of the reward mechanism’s design is provided. Here, an episode refers to the entire
exploration process. An episode concludes when the robot’s frontier generator no longer provides
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frontiers given the provided map. A step refers to the process of getting the policy output as the next
frontier to explore, generating the path to the chosen frontier, and navigating to that point. To train our
policy, we conducted training over 200k steps, which lasted about 8 hours to finish training using an i7
13620H paired with a NVIDIA RTX 4060. Additional training hyper-parameters are found in Section
5.3.

Reward configuration: The reward mechanism is crucial, as it directly influences both the training
efficiency and the overall effectiveness of deep reinforcement learning. To ensure that the rewards are
not overly sparse, a reward is given after each exploration step. Specifically, the reward is defined
as the negative value of the path length traversed by the robot during that step, as expressed in the
following formula:

ri = −li/
√

2S, (2)

where ri denotes the reward received and li represents the distance traveled by the robot at the i-th
exploration step. li is normalized by the maximum possible straight distance (diagonal)

√
2S in the

squared grid.
Simulated environment: The simulation environment is executed using Gazebo simulator. We

used a randomized unstructured 20x20 meter 2D map designed to mimic a forest-like unstructured
environment with parameters such as varying numbers of obstacles, minimum separation between
obstacles, and locations, as shown in Figure 8. These maps were randomly generated to evaluate the
generalization capabilities of the proposed policy. In order to randomize the scenario during execution,
we use a Gazebo service-to-service bridge to move, remove, and add obstacles within a range. We also
ensure that the initial agent position is within a safety obstacle distance.

(a) Low (b) Medium (c) High

Figure 8. Different examples of unstructured scenario complexity. (a) is considered a low-density scenario with 20
obstacles. (b) is considered a medium-density scenario with 40 obstacles. (c) is considered a high-density scenario
with a maximum of 80 obstacles.

5.2. Training Parameters

We have performed training with multiple combinations of hyper-parameters. The ones that
worked best for us are in Table 2.
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Table 2. Training hyper-parameters.

Parameter Value

Learning rate 0.0003
Rollout steps (n_steps) 512
Batch size 64
Number of epochs 5
Discount factor (γ) 0.99
GAE lambda 0.95
Clip range 0.2
Clip range VF None
Normalize advantage True
Entropy coefficient 0.0
Value function coefficient 0.5
Max gradient norm 0.5

5.3. Final Training Metrics

During training, the reward evolution is given by the following Figure 9(a). The loss of the policy
network (actor) during training is given in Figure 9(b); lastly, the loss of the value network (critic) is
given in Figure 9(c).

(a) Reward.

(b) Train Loss.

(c) Value Loss.

Figure 9. Training evolution results.
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5.4. Policy Evaluation

Let F denote the set of candidate frontier points, probot ∈ R3 the current position of the robot,
and p f ∈ R3 the position of a candidate frontier f ∈ F . We compare the exploration efficiency of our
proposed policy against the following baseline methods:

• Random Sample: The next frontier is drawn uniformly at random from the frontier set:

f ∗ = UniformRandom(F ) (3)

where f ∗ is the selected frontier.
• Nearest Frontier: A greedy strategy that selects the frontier closest to the robot in Euclidean

distance:
f ∗ = arg min

f∈F

∥∥∥probot − p f

∥∥∥
2

(4)

where ∥·∥2 denotes the L2 (Euclidean) norm. [1].
• Information Gain: For each candidate frontier, the information gain is estimated as the number

of unknown cells that would become visible from that frontier:

IG( f ) =
∣∣∣{c ∈ Cunknown

∣∣∣ ∥∥∥c − p f

∥∥∥ ≤ rs ∧ visible(c, p f )
}∣∣∣ (5)

f ∗ = arg max
f∈F

IG( f ) (6)

where Cunknown is the set of grid cells whose occupancy state is unknown, c ∈ R3 is the position
of a grid cell, rs > 0 is the maximum sensor range, and visible(c, p f ) ∈ {true, false} is a predicate
that evaluates to true if and only if cell c lies within the sensor’s field of view from p f with an
unoccluded line of sight [15].

• Hybrid Approach: A multi-objective strategy that combines distance cost and information gain
through a weighted score [12]:

f ∗ = arg max
f∈F

α
IG( f )
IGmax

− (1 − α)
d
(

probot, p f

)
dmax

 (7)

where α ∈ [0, 1] is a tunable weight that trades off exploration reward against travel cost, IGmax =

max f∈F IG( f ) is the maximum information gain over all current frontiers (used for normalization),

d(probot, p f ) =
∥∥∥probot − p f

∥∥∥
2

is the Euclidean distance from the robot to the frontier, and

dmax = max f∈F d(probot, p f ) is the maximum such distance (used for normalization). Three
weight configurations are evaluated: α ∈ {0.25, 0.50, 0.75}.

• TARE Local: The local planner from the TARE framework [14] scores candidate sensor view-
points by how much new surface area they would reveal, selects a compact subset via a greedy-
randomized procedure, and returns the first waypoint of the resulting route as the next frontier.

score(v) =
∣∣∣{s ∈ S local

unseen

∣∣∣ visible(s, v)
}∣∣∣ (8)

V∗ = GRASP
(
{vi}Nv

i=1, score
)

(9)

τ∗ = TSP(V∗), f ∗ = τ∗
1 (10)

where v ∈ R3 is a candidate sensor viewpoint sampled within the local planning window, Nv

is the total number of sampled viewpoints, S local
unseen is the set of unseen surface elements within

the high-resolution local map centered on the robot, s is an individual surface element in that
set, visible(s, v) is a predicate that is true when surface element s is observable from viewpoint v,
GRASP(·) denotes the Greedy Randomized Adaptive Search Procedure that selects a compact
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subset V∗ ⊆ {vi} of high-scoring viewpoints, TSP(V∗) computes a short visitation tour τ∗

through the selected viewpoints that respects robot motion constraints, and τ∗
1 is the first stop on

that tour, which is returned as the next frontier f ∗.

Evaluation metric. Our primary goal is to develop a policy suitable for deployment on an aerial
robot, where minimizing the total path length is essential to reduce exploration time and extend mission
duration, both critical factors for autonomous operation. To evaluate the efficiency of exploration,
we measure the average total path length required to fully explore each scenario, providing a direct
measure of the policy’s spatial efficiency, along with the deviation to assess consistency.

5.5. Simulation Results and Analysis

We compared our approach to baselines, evaluating each method over 100 episodes across 100
different maps for each density scenario. As shown in Figure 10, our trained policy outperforms all
heuristics across all different density maps, achieving shorter paths and faster exploration times.

(a) Distance to explore the full map for the low density scenario. Standard deviation is shown in
shadow.

(b) Mean path length with standard deviation for the three scenarios.

Figure 10. Path length and area coverage comparison over 100 episodes (lower is better).

Table 3 summarizes the numerical comparison. Compared to the best-performing heuristic in
unstructured environments, we perform 13.1% better in low-density scenarios, 4.4% better in mid-
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density scenarios, and 10.6% better in high-density scenarios. Results also show a better standard
deviation than all heuristic methods, demonstrating better consistency over the randomly generated
scenarios at each obstacle density.

Our method generalizes well across different environments: in all three test scenarios, it con-
sistently outperforms existing baseline strategies in terms of both mean and standard deviation in
path length minimization. We also conclude that our method does not fall short when increasing the
number of obstacles, obtaining similar results for the three scenarios.

Table 3. Exploration performance results. Mean path length and standard deviation across three scenarios are in
meters.

20 Obstacles 40 Obstacles 80 Obstacles

Method Mean Path Length Std. Dev. Mean Path Length Std. Dev. Mean Path Length Std. Dev.

Random 311.32 ± 35.92 311.83 ± 48.10 320.51 ± 44.33
Information Gain 211.58 ± 25.47 214.98 ± 24.68 210.27 ± 38.34
Nearest Frontier 128.33 ± 11.32 123.14 ± 12.41 131.63 ± 9.97
Hybrid 75-25 157.19 ± 15.92 154.02 ± 12.76 165.12 ± 12.62
Hybrid 50-50 148.86 ± 13.07 147.83 ± 14.80 147.45 ± 14.83
Hybrid 25-75 137.85 ± 11.90 139.77 ± 11.48 142.05 ± 14.82
TARE Local 134.99 ± 11.13 133.30 ± 9.84 135.29 ± 14.66
Ours 113.42 ± 8.74 117.98 ± 6.98 119.02 ± 6.44

To provide qualitative insight into the behavior of our policy, we include top-view visualizations
of representative exploration trajectories in each test scenario in Figure 11. These plots illustrate the
paths followed by the agent during the exploration process in each density map, together with the paths
followed by the best heuristic method for these unstructured scenarios in our tests, Nearest Frontier. Our
method achieves visually shorter paths with close to no overlap in comparison with the less efficient
paths achieved by the Nearest Frontier heuristic, which are longer and overlap in several cases.

(a) Ours low density (b) Ours medium density (c) Ours high density

(d) Nearest low density (e) Nearest medium density (f) Nearest high density

Figure 11. Visual comparison between our method and the best heuristic method for unstructured environments
(Nearest) for each type of density map.
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5.6. Ablation Study

To evaluate the contribution of the cross-attention module within our policy architecture, we
conducted an ablation study comparing the full model against a baseline variant without the attention
mechanism. In the ablated version, for the non-attentive model, the global map features and local
frontier features are concatenated directly before being passed to the scoring network, effectively
removing the selective feature interaction enabled by attention. This comparison isolates the impact of
the attention module on the model’s ability to prioritize informative frontiers and adapt to varying
spatial configurations.

Table 4. Key metrics demonstrating Attention vs. no Attention

Metric No Attention Attention

Reward Peak (ep_rew_mean) −5.1341 −4.2172
Reward Std (last 25% of training) 0.1180 0.0291
Std Norm Last 25% of Train Loss (normalized) 0.0987 0.00693
Std Norm Last 25% of Value Loss (normalized) 0.00667 0.00089
Residual Std of Normalized Train Loss (w=10) 0.1011 0.0190
Mean Abs Diff of Normalized Train Loss 0.0958 0.0116

(a) Policy loss with attention

(b) Policy loss with no attention

Figure 12. Policy losses: attention vs. no attention.

(a) Value network loss with attention

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 28 April 2026 doi:10.20944/preprints202604.1959.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202604.1959.v1
http://creativecommons.org/licenses/by/4.0/


16 of 20

(b) Value network loss with no attention

Figure 13. Value network losses: attention vs. no attention.

Given these ablation metrics, we can conclude that our approach helps achieving:

• Higher peak reward: The Attention model achieves a peak episode return of −4.2172, compared
to −5.1341 without attention, indicating a stronger final policy.

• More stable rewards: Attention reduces the standard deviation of episode returns in the final
quarter of training from 0.1180 to 0.0291, showing smoother and more reliable performance
improvements.

• Smoother loss convergence: When normalized to [0, 1], the last-quarter standard deviation of
train loss drops from 0.0987 to 0.00693, and of value loss from 0.00667 to 0.00089, confirming that
Attention yields much steadier optimization in the later stages.

• Lower high-frequency noise: The residual std around a rolling-mean baseline (window = 10) of
normalized train loss falls from 0.1011 to 0.0190, and the mean absolute step-to-step change from
0.0958 to 0.0116, further underscoring cleaner gradient updates with Attention.

5.7. Real Flight Experiments

Our framework is easily transferable to a real environment as it uses the Arias-Perez [8] ROS 2
setup, replacing only the frontier decider for our policy network. The framework is already validated
in real experiments in the previously mentioned work, which concluded that the real sensor data
highly correlates with the simulated sensor data used in this study. Besides the ablation study of the
attention module provided in Section 5.6, we one-shot transfer the policy into a real scenario and
perform real experiments with the entire minimal sensing hardware and framework pipeline.

In order to validate our policy in a real world scenario, we performed several runs in a manually
crafted scenario. The setup for our real scenario is a 5x5 meter arena, as depicted in Figure 14(c), with
5 to 6 randomly placed poles. The drone initial position is randomized between runs. Localization
is provided by an Optitrack motion capture system. The drone used is a Bitcraze Crazyflie, depicted
in Figure 14(a), equipped with the minimal sensing setup as in [8]. It consists of a four point LiDAR
sensor pointing front, back, left, and right directions relative to the drone’s frame in order to build a
map around it (see Figure 14(b)). Contrary to simulation training, where we use 360º lidar to train
without any control loop, drone control is back enabled in the real setup, and the drone performs a
90 deg rotations when reaching every frontier in order to map around it. Estimation data is obtained
through a 16 camera MoCap Optitrack Array.
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(a) Bitcraze Crazyflie equipped with
multi-ranger deck.

(b) Occupancy grid gener-
ated with visible frontiers
during real experiments.

(c) One of the real scenario setups
used.

Figure 14. Main equipment used for the real experiments.

We provide the same top-view style of the performed real experiments in the Figure 15. Figures
15(a), 15(b), 15(c), 15(d) are done within the same scenario layout, differing from each other in the
starting point. Figures 15(e) and 15(f) are done in different scenarios. Results obtained in layout B are
inconclusive due to the lack of possible choices (frontiers) in certain points of the exploration as the
frontier generator was only giving one single choice, so the policy was forced to select that one single
frontier.

(a) Scenario A1 (b) Scenario A2

(c) Scenario A3 (d) Scenario A4

(e) Scenario B

(f) Scenario C

Figure 15. Top-view of the followed paths during the real experiments (blue lines), with the real obstacle
distribution (black dots).

These experiments demonstrate three key contributions.

1. Our policy achieves zero-shot sim to real transfer by using the same laser generated occupancy
grid map, together with the frontier scalar features.

2. We demonstrate that even though the policy has been trained with a 200x200 map generated
from a 400 squared meter simulated scenario, we are able to upscale the 50x50 map generated
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from a 25 squared meter real scenario, giving the policy the flexibility to use state matrices of
different sizes.

3. Our policy performs with consistent behavior in minimizing the distance per percentage of area
explored for which it was trained.

6. Conclusion
In this work, we present a novel policy architecture for autonomous frontier-based exploration

that introduces a cross-attention module to fuse global map features extracted by a CNN with local
frontier features represented as scalar values. Unlike prior RL-based exploration methods that rely
on fixed-size action spaces, imitation learning priors, or padded visual feature maps, our approach
operates as a true variable frontier selector through a scoring network combined with cross-attention,
trained end-to-end with PPO. The residual connection preserves original local frontier information
while enriching each candidate with global contextual cues. Simulation experiments across three
obstacle density levels demonstrate that our method consistently outperforms all evaluated heuristic
baselines, achieving reductions in mean path length of 13.1%, 4.4%, and 10.6% relative to the best-
performing heuristic in low, medium, and high density scenarios respectively, with lower standard
deviation across all cases. The ablation study confirms the attention module’s contribution, yielding
a stronger final policy with substantially smoother convergence. Furthermore, zero-shot sim-to-real
transfer on a Bitcraze Crazyflie with minimal sensing validates the approach’s practical applicability,
demonstrating flexibility across different input resolutions without retraining.

Limitations and future work. Despite the observed performance gains, our approach presents
several limitations. First, the reward function can be further improved to address suboptimal behaviors.
Future work will investigate reward shaping strategies that encourage early coverage and promote
a more uniform exploration rate across available frontiers. Second, the method currently requires
explicit frontier extraction and hand-crafted feature computation, which introduces an additional
processing step and limits end-to-end learning. Integrating frontier detection and representation learn-
ing directly into the policy architecture is a promising direction to enhance scalability and autonomy.
Finally, although we use PPO for training, recent advances such as Generalized Reinforcement Policy
Optimization (GRPO) [30] may yield better sample efficiency and training stability and are worth
exploring in future iterations of this work.
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Abbreviations
The following abbreviations are used in this manuscript:

RL: Reinforcement Learning

PID: Proportional Integral Derivative

MLP: Multilayer Perceptron

CNN: Convolutional Neural Network

PPO: Proximal Policy Optimization
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