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ABSTRACT

In emergency response scenarios, rapid acquisition of critical
disaster information supports effective decision-making. Tra-
ditional geometric coverage-based path planning often strug-
gles to balance efficiency and information value. To address
this, we propose a Disaster-Aware Informative Path Plan-
ning (DAIPP) method, which integrates a Siamese UNet-
based building damage recognition model and formulates a
novel information value function that considers recognition
results, model uncertainty, and flight cost. We design an im-
proved Frontier-based path planning algorithm, named the
Selective Frontier Algorithm (SFA), which enhances the se-
lection of candidate points to achieve the prioritized explo-
ration of critical regions. To validate its effectiveness, the
proposed method is compared with coverage path planning,
random planning, and Monte Carlo tree search (MCTS). Ex-
periments on the xView2 dataset demonstrate that the pro-
posed method outperforms baselines in terms of information
coverage, semantic target hit rate, and weighted information
coverage, providing strong support for efficient disaster per-
ception in emergency response.

Index Terms— Aerial Robotics, Informative Path Plan-
ning, Learning and Adaptive Systems

1. INTRODUCTION

The intensification of climate change and rapid urbanization
has led to increasingly frequent natural disasters, posing se-
rious threats to human lives and property. Due to the un-
certainty of post-disaster environments and the time-critical
nature of rescue operations, rapidly acquiring accurate high-
value disaster area information has become essential. High-
value disaster information refers to critical data such as dam-
aged infrastructure, priority rescue areas, and regions with a
high likelihood of secondary disasters. Traditional ground-
based data collection methods are often constrained by ter-
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rain accessibility and communication limitations, resulting in
low efficiency and limited coverage. In contrast, due to their
high mobility and rapid deployment, unmanned aerial vehi-
cles (UAVs) are regarded as an indispensable option to sup-
port emergency response [1, 2], including tasks such as gen-
erating real-time maps [3] and assisting communications [4].

When UAVs are deployed for emergency response oper-
ations, practical constraints, such as limited operational time
and complex environmental conditions, often preclude com-
plete sensing of the entire area. Consequently, it is critical to
develop a resource-efficient path planning strategy that max-
imizes the acquisition of high-value information from criti-
cal zones. Currently, most disaster sensing methods still pas-
sively perform data acquisition, such as employing coverage
path planning (CPP) [5, 6, 7]. Although effective for static
scenarios, the CPP does not capture the information value of
regions (e.g., areas prioritized for rescue, regions with a high
likelihood of disaster occurrence) and lacks adaptability to
dynamic disaster conditions. Informative path planning (IPP),
which aims to maximize information gain, provides an effec-
tive solution. However, most IPP methods [8] highly depend
on the accuracy of the prior model. If the real environment di-
verges from the model’s predictions, which is very common
in reality, the robot may end up collecting data along a sub-
optimal or even entirely ineffective path, failing to adapt to
newly acquired information.

With the increasing complexity of tasks, researchers have
proposed adaptive informative path planning (AIPP) [9],
which is capable of dynamically adjusting paths based on
real-time sensing data to actively and efficiently acquire
high-value information in complex environments. For ex-
ample, some studies focus on target navigation in unknown
environments [10], while others address environmental mon-
itoring [11, 12], image collection for model training [13, 14],
and environmental information gathering [15, 16]. How-
ever, existing AIPP methods are not fully aligned with the
requirements of emergency disaster response, as they rarely
incorporate disaster-specific factors. The problem addressed
in this work is to design a UAV path planning strategy that
prioritizes the exploration of disaster-critical regions, thereby
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enabling the rapid and efficient acquisition of actionable in-
formation to support time-sensitive rescue decision-making.

To address the core challenge of emergency response in
acquiring high-value information with limited resources, we
propose a disaster-aware informative path planning (DAIPP)
method. As illustrated in Fig. 1, the framework integrates
a Siamese UNet-based building damage recognition model
with uncertainty evaluation to construct multi-layer informa-
tion maps, and incorporates a selective frontier-based explo-
ration strategy with a task-oriented information value function
to guide the UAV in efficient and adaptive path planning. The
contributions of this work are summarized as follows:

• We propose a disaster-aware informative path plan-
ning (DAIPP) framework to explore the high-value
information in emergency response scenarios, estab-
lishing a perception–mapping–decision loop to prior-
itize disaster-critical regions and optimize UAV path
planning;

• We design a dynamic multi-layer information map that
combines building damage classification with uncer-
tainty modeling for continuous decision-making;

• We formulate a task-oriented information value func-
tion integrating damage level, uncertainty, redundancy,
and flight cost, coupled with the selective-frontier algo-
rithm (SFA) for adaptive path planning.

2. RELATED WORK

2.1. Informative Path Planning

In traditional path planning tasks, the optimization objectives
are typically shortest distance, minimal energy consumption,
or maximum coverage. However, in information-gathering
missions, particularly in post-disaster emergency response
scenarios, the goal is no longer merely to cover all regions,
but rather to acquire as much valuable information as possible
within a limited time.

The core idea of IPP is that, at each decision point, the
agent must select the path that maximizes information gain
while accounting for traversal cost. With advances in robotics
and the growing demand for adaptability, adaptive informa-
tive path planning (AIPP) has been developed on top of IPP.
As described in [12], the general paradigm is formulated as
follows:

ψ∗ = argmax
ψ∈Ψ

I(ψ), s.t., C(ψ) ≤ B, (1)

where the observation position of the agent is defined as pi ∈
R3, and Ψ denotes the set of all feasible positions. The ob-
jective is to maximize the information value I : Ψ → R≥0

along the path ψ = (p1, · · · , pP ) ∈ Ψ. The total budget B
can represent flight time, energy consumption, or other task

constraints, while the cost function C : Ψ → R≥0 measures
the traversal cost of path ψ, i.e.,

C(ψ) =

P−1∑
i=1

c(pi, pi+1). (2)

The choice of information metric is essential to AIPP.
Existing studies have designed information value functions
from different perspectives, including semantic class uncer-
tainty with prediction probability [10], covariance differences
from Kalman filtering combined with deep reinforcement
learning [11], uncertainty reduction with multi-agent rein-
forcement learning [12], semantic segmentation uncertainty
with data novelty [13], and Gaussian process-based metrics
solved via approximate dynamic programming [15]. These
approaches provide a solid theoretical foundation for in-
telligent information acquisition by UAVs in post-disaster
response scenarios.

2.2. Uncertainty Estimation

Traditional path planning algorithms (e.g., A⋆, Dijkstra, and
RRT) assume deterministic environments, yet real-world op-
erations are inherently affected by uncertainties in perception,
motion, and dynamic environments. Ignoring such uncer-
tainties may lead to theoretically optimal but practically haz-
ardous paths. Thus, uncertainty estimation becomes essen-
tial to derive robust and reliable paths that explicitly account
for probabilistic risks. Estimating such uncertainty has been
widely studied and plays a crucial role in path planning for in-
formation acquisition in unknown environments. Uncertainty
estimation for deep learning models used in active exploration
can be broadly categorized into two types: Bayesian neural
networks [17] and ensembles [18].

Bayesian methods often employ the Monte Carlo dropout
(MC dropout), performing multiple stochastic forward passes
on a single model to approximate the posterior distribution.
Ensemble methods, on the other hand, train multiple mod-
els and measure uncertainty based on their prediction vari-
ance. As reported in [19], Bayesian approaches generally
incur higher computational costs due to repeated sampling,
whereas ensemble methods offer a simpler and more efficient
alternative.

In this work, motivated by the demand for the acquisition
of high-value disaster information under constrained flight re-
sources in emergency response scenarios, we employ a build-
ing damage classification model consisting of multiple het-
erogeneous networks. Under this design, the ensemble ap-
proach is more suitable for uncertainty estimation.

3. METHODOLOGY

As shown in Fig. 1, the overall framework of the proposed
DAIPP consists of three main modules: disaster-aware in-

5885



Image Preprocess Online Inference

III. Disaster-Aware Informative Path Planning

UAV

 Information 
Scoring

 Generate 
Candidate Set

 Selecting

Pose 
and 

budget

Next Pose
Post-Disaster

Pre-Disaster
Semantic

Label
Model 

Uncertainty

I. Image Preprocessing and Disaster Detection

Image Capture

II. Multi-layer Map Construction

Uncertainty 
Map

Damage
Level
Map

Exploration
Count
MapUpdate Map States

Fig. 1: Framework of the proposed DAIPP. The UAV first performs image preprocessing and online inference at the image
processing and disaster detection module 3.1, generating semantic labels and model uncertainty estimates based on its current
observations. The acquired information is then mapped into a three-layer representation 3.2. After the map is updated, it is
utilized by the disaster-aware informative path planning module 3.3.

formative path planning for disaster perception, image pre-
processing and detection of the disaster, and multilayer map
construction. This method guides UAVs to prioritize explo-
ration of areas with high uncertainty, obtain semantic and un-
certainty information in real time, and dynamically update the
global disaster map.

3.1. Image Preprocessing and Disaster Detection

This module simulates the acquisition of remote sensing im-
agery by UAVs during flight, maps them to the global map
coordinate system, and then performs semantic reasoning on
the remote sensing images collected within the UAV’s cur-
rent field of view to output the damage level of buildings and
uncertainty estimates of the model.

In order to accurately project image information onto the
map coordinate system, the system calculates the ground pro-
jection range using a geometric model based on the current
flight altitude, camera field of view (FOV) parameters, and
UAV attitude. It then converts this into a map grid index us-
ing ground resolution (GSD) to achieve precise alignment of
the image with the map.

3.2. Multi-layer Map Construction

This module is used to record various types of information
during the UAV’s exploration process, providing spatial dis-
tribution references for the path planning module. We design
three types of maps to optimize the UAV’s exploration effi-
ciency and accuracy.

We perform discretization of the task area into a two-
dimensional regular grid G → RW×L, and construct the fol-
lowing three types of information layers for each grid: Dam-
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Fig. 2: Architecture of the image inference model. The
Siamese UNet structure is used to locate buildings and clas-
sify damage levels, allowing the use of a variety of main-
stream image classification networks as encoders, such as
ResNet, DenseNet, DPN, etc.

age level map GS :→ {0, 1, · · · ,K − 1}W×L, uncertainty
map GU :→ [0, 1]W×L, and exploration count map GE :→
NW×L. When the UAV captures an image Zt at position
pt ∈ R3, the online inference module outputs the building
damage level label map Yt and the corresponding model un-
certainty score map Ut. These images are mapped to the
world coordinate system via a projection transformation, and
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then mapped to the map grid Gm,n, updating the correspond-
ing map layer at that location.

Damage Level Map: Using a grid-based approach, the
damage level classification results for each area are recorded
to visually reflect the disaster risks present in that area. Based
on this, it is assumed that disaster risks are positively corre-
lated with damage levels, meaning that areas with more severe
damage have higher “exploration value.” The update method
involves directly writing the category labels obtained through
online inference for the corresponding image areas into GS ,
overwriting previous records to ensure that the map always
contains the latest damage assessment information.

Uncertainty Map: The uncertainty map GU records the
model’s prediction uncertainty for each grid cell. Regions
with higher uncertainty indicate insufficient model confidence
and are therefore prioritized for further exploration. To es-
timate the uncertainty map GU , during each perception, K
sub-models with different network structures and initializa-
tion parameters independently predict the images captured by
the UAV. The prediction results Pk(x, y) of these models at
each grid (x, y) are treated as a set of samples, and their pre-
diction standard deviation is used as the uncertainty score for
that position, i.e.,

U(x, y) =

√√√√ 1

K

K∑
k=1

(
Pk(x, y)− P̄ (x, y)

)2
, (3)

where Pk(x, y) denotes the predicted probability of the dam-
age class produced by the k-th model, and

P̄ (x, y) =
1

K

K∑
k=1

Pk(x, y)

Exploration Count Map: The exploration count map GE
counts the times each grid cell has been explored by UAVs,
serving as an indicator for assessing exploration redundancy.
This map is used to penalize redundant exploration of the
same location and encourage the UAV to focus on unexplored
regions. Each time an area (x, y) is observed by a UAV, the
exploration frequency is increased by one, updated as

µtE(x, y) = µt−1
E (x, y) + 1. (5)

3.3. Disaster-Aware Informative Path Planning

This module serves as the core component of the proposed
framework. Its task is to generate a set of candidate obser-
vation locations based on the current multi-layer information
map, calculate the scores of all candidate points based on in-
formation value modeling, and select the next exploration tar-
get position with the maximum information value.

3.3.1. Algorithm Pipeline

In the actual implementation process, the multi-layer map in-
formation is first updated based on the current observation
position of the UAV. Then, a combination of candidate points
is obtained using a candidate point screening strategy. All
candidate points are traversed, and their information value is
calculated sequentially to obtain a score for each candidate
point. The point with the highest score is recorded as the cur-
rent optimal target position until the area is fully explored or
the set criteria are met. If all candidate points have a score of
0 (i.e., the entire area has been explored, or the model has not
predicted any damaged areas), a point is randomly selected
from the candidate points for flight to ensure the exploration
task does not stall. To further ensure flight safety, the planner
adds a secondary verification step before final confirmation of
the target point.

3.3.2. Information Gain Modeling

We propose an information value function that integrates
building damage severity information, model uncertainty
scores, exploration redundancy penalties, and path costs to
evaluate the “value” of each candidate observation point in
path planning, thereby guiding UAVs to perform efficient
information collection.

The information value function I(x, y) is defined as,
I(x, y) = λ1 ·D(x, y) + λ2 · U(x, y)

− λ3 · E(x, y)− λ4 · C(x, y)
(6)

where D(x, y) represents the damage level label of build-
ings in GS ; U(x, y) comes from the uncertainty map GU ,
indicating the model’s prediction confidence for the current
UAV observation area; E(x, y) comes from the exploration
count map GE , indicating the number of times the area has
been observed. Increasing the exploration count as a penalty
term helps avoid redundant exploration, while setting an addi-
tional base reward for unobserved areas encourages the UAV
to prioritize exploring unobserved regions. C(x, y) represents
the path flight cost from the current position, encouraging the
planning module to prioritize points with lower costs; λi are
the weighting coefficients for each metric, used to adjust the
importance of different factors in information assessment.

3.3.3. Candidate Point Selection Strategy

The Frontier algorithm [20] is a classical autonomous ex-
ploration method commonly used for robots or UAVs in un-
known environments. Its core idea is to generate candidate
target points at the interface between known and unknown re-
gions (i.e., the frontier areas) to guide the agent continuously
toward unexplored spaces. Compared with traditional global
planning methods, this strategy offers strong real-time perfor-
mance and scalability. However, the traditional Frontier algo-
rithm has notable limitations: its path planning relies solely
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on grid occupancy information and selects the nearest reach-
able frontier point as the target among all detected frontiers.
This approach lacks task-driven behavior, often results in in-
effective or redundant exploration, and cannot meet the high-
value information acquisition requirements of emergency res-
cue tasks. Some methods have improved this limitation. For
example, [21] integrates object detection with Kalman filter-
ing, constructing a semantically enhanced Frontier structure
to introduce target location estimates into Frontier data, guid-
ing UAVs to prioritize areas with potential targets.

To achieve path selection guided by information acqui-
sition efficiency, this work builds upon the traditional Fron-
tier candidate point generation by incorporating multi-layer
map information and an information value function I(x, y) to
quantitatively evaluate potential information gain in frontier
areas.

In this work, Frontier points are defined as contour points
at the edges of the currently known map area. Each grid cell
µx,yE in the exploration map GE :→ NW×L is categorized as
follows:

LabelµE(x,y) =

{
Known, µE(x, y) > 0

Unknown, µE(x, y) = 0
(7)

Each observation position (x, y) has four neighboring
cells (up, down, left, right) denoted as N (x, y). The candi-
date point set F is defined as:

F = {(x, y) ∈ Known | ∃(x′, y′) ∈ N (x, y),

(x′, y′) ∈ Unknown}
(8)

Candidate points are sampled from all contour points in
Known according to a step size δ to obtain the candidate set:

Fcandidate = {(xk, yk) ∈ F | k ≡ 0 (mod δ)} (9)
To prevent the UAV from flying outside map boundaries

or revisiting areas, constraints are added during candidate
point selection: the candidate point must be within the map
G, its distance dp(x, y) to the current UAV position must ex-
ceed a minimum threshold dmin, and its flight cost Cp(x, y)
must be less than the total flight budgetB. The resulting valid
candidate set is:

Fvalid = {(x, y) ∈ Fcandidate | (x, y) ∈ G,
dp(x, y) > dmin,

Cp(x, y) < B}
(10)

4. EXPERIMENT

To validate the effectiveness of the UAV information collec-
tion path planning method proposed in this work, we con-
ducted simulation experiments based on the remote sensing
public dataset xView21 to quantitatively evaluate and visu-

1https://xview2.org/

(a) Pre-disaster (b) Post-disaster (c) Overlay

Fig. 3: This example shows images of the SoCal region be-
fore and after the fire. The sample consists of two images
taken from the same location before the fire 3a and after the
fire 3b. In 3c, red represents damaged buildings, orange rep-
resents severely damaged buildings, blue indicates buildings
with minor damage (not included in the example), and green
indicates undamaged buildings.

ally analyze the path planning performance and information
acquisition efficiency of the system. This section mainly in-
cludes experimental settings, evaluation index descriptions,
and path planning performance comparisons.

4.1. Dataset Description

The xView2 dataset provides a large number of pre- and post-
disaster remote sensing image pairs, accompanied by build-
ing contour and damage level labels, making it suitable for
post-disaster assessment and path simulation tasks. Consider-
ing the continuity and coverage requirements of path planning
systems, we select city-level scenes from the dataset as test ar-
eas to ensure that the image content has characteristics such
as uneven building density and varying degrees of damage.

The dataset example is shown in Fig. 3. Each sample in
the dataset consists of a pair of pre-disaster and post-disaster
images, forming a dual-temporal image pair. The image res-
olution is 0.3 meters/pixel, with high image quality and clear
object boundaries, making it suitable for downstream tasks
such as building identification and damage assessment. Each
image is accompanied by vector boundaries of buildings and
damage severity labels for each building. The severity lev-
els are as follows: 0 represents non-building areas, 1 repre-
sents non-damaged building areas, 2 represents minor dam-
aged building areas, 3 represents major damaged building ar-
eas, and 4 represents completely destroyed building areas.

4.2. Evaluation Metrics

The existing path planning algorithm evaluation metrics for
UAV emergency information collection tasks have certain
limitations. Therefore, we design a two-dimensional eval-
uation framework that includes value-aware coverage and
semantic hierarchical response.

Weighted Information Coverage Rate:This metric is
used to measure the coverage of all information-rich areas
(i.e., building areas) in post-disaster scenarios by UAVs with
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limited exploration attempts or flight budgets. By assigning
different weights to buildings with different damage levels,
it reflects whether path planning effectively guides UAVs to
focus on information-rich areas, which is the core evaluation
dimension of this work. When ωc(x, y) ≡ 1, it degenerates
into a traditional coverage metric.

Let the total information value area in the entire map be
Itotal, the weighted value area actually covered by the UAV
during exploration be Iobtained, the pixel point within the
building area be (x, y), its semantic damage level be c(x, y),
and the semantic weight ωc(x,y) corresponding to each level.
the number of UAV explorations is H(x, y), then the infor-
mation coverage rate is defined as:

WICR =
Iobtained
Itotal

× 100%

=

∑
(x,y)∈B ωc(x,y) ·min(1, H(x, y))∑

(x,y)∈B ωc(x,y)

(11)

Semantic Target Hit Rate:This indicator is used to mea-
sure whether the UAV has successfully explored a specific se-
mantic target area. Combined with the semantic damage level
of buildings, it assesses whether path planning can prioritize
high-priority areas. The calculation formula is as follows:

STHRc =
Bcobtained
Bctotal

× 100%, c ∈ {1, 2, 3, 4} (12)

WhereBctotal denotes the total number of pixels for build-
ings with semantic category c, and Bcobtained denotes the
number of pixels successfully explored in buildings with
semantic category c.

4.3. Performance Analysis of Path Planning Strategies

We use the example in Fig. 3 for experiments, comparing
five path - planning algorithms with distinct mechanisms: the
proposed method (AIPP Frontier), driven by multi - layer
maps and information value functions to integrate semantic
and value - based guidance; the MCTS algorithm, which
leverages Monte Carlo tree search, treating information value
functions as simulated rewards to select paths by simulating
multiple routes and picking the highest - expected - reward
direction (with step and node expansion constraints); the
Traditional Frontier, a simpler approach relying solely on
boundary point distance for selection, lacking semantic or
value - driven logic; Coverage Path Planning (CPP), which
enforces full environmental coverage via geometric patterns
like zigzags; and the Random algorithm, which haphazardly
chooses feasible directions at each step with no deliberate
decision framework.

The information value of a task is directly proportional to
the damage level of a building. In UAV path planning, high-
priority collection of areas with high information value should
be reflected in prioritizing the collection of buildings with
higher damage levels. We set the flight cost to 5000 units. As
shown in Fig. 4a, the path planned by the AIPP Frontier algo-

(a) AIPP Frontier (b) MCTS

(c) Traditional Frontier (d) CPP

(e) Random

Fig. 4: Path planning results for five algorithms under a flight
budget of 5,000 units. Opaque areas represent regions that the
UAV has not explored, while completely clear areas represent
regions that the UAV has explored more than twice (in this
work, the UAV is assumed to sense in the center of the region,
so there will be overlap in the field of view).

rithm proposed in this work primarily surrounds the building
areas in the scene, while the areas in the lower left and lower
right of the figure that do not contain buildings are not se-
lected for observation, thereby avoiding the consumption of
flight resources. MCTS, as an intelligent search algorithm
4b, although it possesses certain global search capabilities, its
performance is inferior to that of AIPP Frontier. As shown in
Fig. 4c, the traditional Frontier algorithm does not prioritize
buildings with high damage levels, failing to achieve intelli-
gent information collection. The CPP algorithm, as shown in
Fig. 4d, simply performs information collection in the scene
using geometric search methods. The Random algorithm, as
shown in Fig. 4e, also lacks the ability to identify high-value
information areas.

In order to further analyze the performance of the five al-
gorithms, we use the traditional information collection evalu-
ation index of information coverage, combined with the two
indicators designed in 4.2, to comprehensively analyze the
five algorithms.

Based on the experimental results shown in Fig. 5:
Fig. 5a, which illustrates how information coverage varies
with flight budget, the five algorithms exhibit significant dif-
ferences: The AIPP Frontier algorithm designed in this work
performs optimally, achieving a final information coverage
rate of 92%, and demonstrates the highest efficiency under
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(a) Coverage Rate (b) WICR

Fig. 5: Coverage and information coverage results for the five
algorithms. The steeper the curve, the better the performance.
The AIPP Frontier algorithm (blue) designed in this work per-
forms best, enabling priority sensing of high-value areas with
limited resources.

limited flight budgets (reaching 80% coverage at an 8,000
budget), enabling rapid collection of most information; The
traditional Frontier algorithm follows next, with lower initial
efficiency compared to the proposed method and ultimately
achieving only 85% information coverage, reflecting the in-
herent drawback of traditional methods prone to local optima.
The remaining three algorithms lag significantly behind the
proposed method.

As shown in Fig. 5b, the AIPP Frontier algorithm pro-
posed in this work significantly outperforms the other four
strategies in terms of weighted information coverage. Com-
pared to the traditional Frontier method, the method proposed
in this work exhibits a faster growth curve when the flight
budget is less than 5,000, indicating that it can efficiently cap-
ture high-value areas in the early stages. As the budget in-
creases, the algorithm’s weighted coverage continues to rise
steadily and reaches saturation at approximately 12,500 bud-
get, with the optimal value approaching 95%. This result in-
dicates that in resource-constrained real-world tasks, the pro-
posed Frontier algorithm can achieve maximum information
gain at a limited exploration cost.

From the results shown in Fig. 6, the proposed AIPP Fron-
tier algorithm shows significantly better performance in terms
of the semantic hit rate at different levels of building damage
compared to the other four strategies. Compared to the tradi-
tional Frontier method, in high-value areas such as severely
damaged and destroyed buildings, the AIPP Frontier algo-
rithm exhibits a steeper growth curve even before the flight
budget reaches 7500. This indicates that, at an early stage,
it can more efficiently focus on high-value, heavily damaged
areas and prioritize the acquisition of critical information. As
the flight budget increases, the semantic hit rate of the AIPP
Frontier algorithm in regions of serious damage continues
to increase steadily. In severely damaged regions, the hit
rate rapidly reaches 100% when the budget approaches 7500;
in the destroyed regions, the hit rate also climbs quickly to
nearly 100% at around the same budget and then remains sta-
ble.

(a) No Building (b) No Damaged

(c) Major Damaged (d) Destroyed

Fig. 6: The hit rates of the five algorithms in different cate-
gories of areas (the data used does not include Minor Dam-
aged areas). The steeper the curve, the better the hit rate of
the algorithm in that category of area.

5. CONCLUSIONS

This work investigates UAV path planning for intelligent
information collection in emergency rescue scenarios. We
propose a perception-driven system within the Informative
Path Planning (IPP) framework, which integrates semantic
understanding, uncertainty modeling, multi-layer mapping,
and frontier-based strategies to prioritize high-value regions.
Experimental results on the xView2 dataset demonstrate im-
proved information coverage and reduced redundancy, with
visualizations highlighting effective focus on disaster-critical
areas. Nevertheless, challenges remain in generalization,
mapping errors, local optimality, and manual design of infor-
mation value functions. Moreover, the current evaluation is
conducted in simulation based on public datasets, and sys-
tematic validation in real-world disaster environments has
not yet been performed. Future work will explore domain
adaptation, visual SLAM, global optimization, and policy
learning, alongside real-world UAV deployment for practical
validation.
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