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Abstract—Efficient unmanned aerial vehicle (UAV)-based crop
monitoring requires disease-relevant observations within a lim-
ited flight budget. This paper presents a task-oriented informative
path planning (IPP) framework for motion-efficient disease
source localization in partially observable agricultural environ-
ments. A voxelwise Bayesian belief represents the latent disease
field, while a twin delayed deep deterministic policy gradient
(TD3) policy generates continuous sensing actions from the UAV
pose, local crop descriptors, row-alignment information, and
spectral disease cues. The reward combines posterior covariance-
trace reduction, local disease evidence, and translational motion
cost, and the accumulated belief supports source estimation.
The method was compared with coverage path planning, three
adaptive IPP methods, and privileged oracle References under
a common protocol. Across three fixed-hotspot layouts and
one random-hotspot condition, each evaluated over 20 trials,
it achieved 90-100% localization success and mean localization
errors of 3.80-4.73 m. Motion cost was reduced by 41.9-65.5%
relative to coverage planning and by 20.9-65.8% relative to the
adaptive baseline with the highest average localization success.
Sensitivity and ablation studies examined voxel resolution, prior
initialization, and framework components. Field-derived LiDAR
and spectral maps further assessed trajectory-level applicability
to measured agricultural data.

Note to Practitioners—This work addresses UAV-based crop
monitoring tasks in which disease-related evidence must be
acquired under a limited flight budget. Conventional coverage
planning systematically surveys the field but may require unnec-
essary traversal when the operational objective is to identify a
disease-relevant region rather than to reconstruct the entire field.
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The proposed method combines a Bayesian spatial belief with a
continuous TD3 policy that selects sensing motions according
to domain-aware agricultural features and translational motion
cost. In simulation, the method maintained high disease source
localization success while providing a favorable overall tradeoff
between localization reliability and traversal cost relative to CPP
and the evaluated adaptive IPP methods. The field-data evalua-
tion applies the planners to maps constructed from actual LiDAR
and RGN measurements and is intended to assess trajectory-level
applicability rather than biologically verified disease diagnosis.
Physical UAV deployment will additionally require sensor calibra-
tion, onboard computation, localization under canopy-induced
disturbances, and independently confirmed disease ground truth.

Index Terms—Aerial monitoring, informative path planning,
precision agriculture, remote sensing, source localization.

I. INTRODUCTION

RECISION agriculture aims to enhance productivity and

sustainability by enabling data-driven crop management
based on fine-grained environmental observations [1]. Accu-
rate monitoring of crop health and disease distribution is
necessary for timely interventions and efficient resource uti-
lization. Recent advances in sensing technology, including
remote sensing and artificial intelligence, have enabled large-
scale data collection for agricultural monitoring.

In agricultural monitoring, a critical task is collect-
ing comprehensive, high-quality environmental information.
Unmanned aerial vehicles (UAVs) have emerged as a promis-
ing platform for monitoring due to their flexibility and ability
to cover large areas rapidly [2], [3]. However, agricultural
environments are complex and only partially observable, as
they are characterized by dense crop canopies, unstructured
terrain, and dynamic environmental conditions (Fig. 1). These
factors make the efficient collection of informative data using
conventional exploration strategies challenging.

Most existing UAV-based exploration approaches employ
coverage path planning (CPP) or predefined trajectories to
cover the environment uniformly. Although effective for
geometric coverage, these methods do not consider the infor-
mativeness of observations. Consequently, they often waste
resources on low-value regions, failing to prioritize areas that
offer critical information (e.g., disease hotspots). Resource-
efficient decision-making has also been investigated in hetero-
geneous multirobot systems through deadline-constrained task
assignment and precedence-constrained vehicle routing [4],
[5]. However, these studies primarily focus on task allocation
and path coordination rather than the active selection of
informative sensing actions [6], [7]. This gap is particularly
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Large-scale agricultural environment

Fig. 1.

Large-scale agricultural environments with heterogeneous disease
distributions and complex, dense crop canopies.

relevant in agricultural environments, where spatially hetero-
geneous and clustered phenomena require information-driven
exploration strategies.

To address these limitations, this study considers infor-
mative path planning (IPP) as a trajectory-level mechanism
for acquiring the spatial evidence required for disease source
localization. The mission-level objective is to identify the
disease source location with limited traversal under a finite
mission budget, whereas posterior uncertainty reduction serves
as the information-theoretic criterion used to evaluate locally
acquired observations. This distinction is important because
exhaustive reconstruction of the entire disease field is not
required once sufficient evidence has been accumulated for
source localization.

The proposed framework reformulates the trajectory-level
IPP objective as a sequential decision-making problem and
uses TD3 to generate continuous sensing actions. A voxel-
wise Bayesian belief represents the latent disease field, while
local crop geometry, crop-row orientation, and disease-related
spectral observations constitute the policy state. The policy
is trained using a motion-normalized uncertainty-reduction
reward, while the accumulated Bayesian belief is used to esti-
mate the disease source location. Accordingly, the formulation
separates three functional roles: disease source localization
defines the mission-level endpoint, posterior uncertainty reduc-
tion provides the information-acquisition criterion during
policy learning, and locally observable agricultural features
constitute the actor state for continuous action selection. The
main contributions of this study are summarized as follows:

1) We formulate UAV-based crop monitoring as IPP, distin-
guishing disease source localization as the mission-level
objective from posterior uncertainty reduction as the
trajectory-level sensing criterion.

2) We develop a DRL-based local policy that approximates
IPP by maximizing information gain under motion cost
constraints.

3) We incorporate row-structural directional guidance into
the local state representation to provide structured pro-
gression cues and reduce dependence on purely myopic
local observations.

4) We integrate a voxelwise Bayesian belief that represents
the latent disease field in an interpretable spatial form
and supports final disease source localization.
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5) We demonstrate in simulation that the proposed frame-
work achieves reliable disease source localization with
reduced traversal relative to the evaluated baselines,
and further assess its trajectory-level applicability using
field-derived LiDAR and RGN measurements.

The remainder of this paper is organized as follows.
Section II reviews the related work, and Section III describes
the problem. Next, Section IV details the proposed informative
monitoring system, and Section V discusses the experimental
setup. Then, Section VI provides the experimental results,
and Section VII discusses the study limitations. Finally,
Section VIII presents the conclusion.

II. RELATED WORK
A. Aerial Agricultural Monitoring

UAVs have emerged as a primary platform for large-scale
agricultural monitoring, enabling high-resolution, temporally
consistent observations over extensive agricultural fields [8],
[9]. Recent studies have continued to improve sensing relia-
bility via better spectral calibration and domain-robust disease
recognition. For example, recent studies have demonstrated
that deep learning-based computer vision methods that apply
RGB, multispectral, and hyperspectral imaging enable accu-
rate, online plant disease detection without manual feature
engineering [10]. These studies underscore the increasing
maturity of UAV-based sensing in agriculture.

However, these studies have focused on sensing robustness,
calibration, and recognition performance after data collection,
rather than the active selection of informative viewpoints
during data acquisition. These approaches improve inference
from UAV data but do not address where the UAV should
next sense, given spatial heterogeneity, occlusion, and a limited
flight budget. This limitation is crucial in agricultural disease
monitoring, where symptoms are commonly clustered and
only partially visible in dense crop canopies. These observa-
tions motivate a perception- and information-aware exploration
framework.

B. Classical Informative Path Planning Approaches

IPP seeks to maximize information gain under sensing
and motion constraints [11]. Early approaches formulate IPP
using information-theoretic criteria (e.g., mutual information
and entropy reduction) and are often modeled with Gaus-
sian processes (GP) [12], [13]. These problems are generally
NP-hard but exhibit submodular properties, enabling efficient
approximation algorithms with theoretical guarantees [14].
Nonmyopic, active-learning, sparse-optimization, and scalable
mapping formulations have subsequently been developed to
improve planning quality and computational tractability [15],
[16], [17], [18]. These methods are primarily evaluated accord-
ing to map uncertainty, reconstruction error, or information
accumulated within a prescribed mission budget.

A related line of research uses informative sensing for
active source identification, source seeking, or localization
of high-interest regions. One study [19] formulates model-
based active source identification by selecting sensing actions
according to information associated with unknown source
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parameters. Another study [20] investigates information-based
source seeking to improve source-estimation convergence,
while a related approach [21] considers information-guided
maximum seek-and-sample in partially observable continuous
environments. These formulations couple the sensing objective
directly to source-related quantities or to the location of an
unknown field maximum.

A more closely related formulation [22] uses a Gaussian-
process field representation and optimizes a modified mutual-
information criterion that also favors measurements in regions
with high field magnitude. Source parameters are then esti-
mated from the acquired measurements. This method is
model-based rather than policy-learning-based, but it provides
a relevant example of combining field-level information acqui-
sition with source-directed exploitation. Unlike approaches
that define sensing utility directly over source-related quan-
tities, the present study maintains and refines a spatial disease
belief from which the disease source is subsequently inferred.
Accordingly, disease source localization is defined as the
mission-level objective, whereas motion-normalized posterior
uncertainty reduction serves as the trajectory-level sensing
criterion.

C. Learning-Based Informative Path Planning Approaches

Learning-based adaptive IPP transfers part of the com-
putational burden from online trajectory search to offline
policy training. Riickin et al. [23] combine Monte Carlo
tree search with an offline-trained policy-value network for
adaptive information gathering, with performance evaluated
primarily through map uncertainty and reconstruction quality.
Vashisth et al. [24] construct dynamic local graphs in initially
unknown three-dimensional environments and train a policy
that balances environmental exploration with the exploitation
of discovered targets of interest. More recent work has investi-
gated policy transfer across different map representations and
incremental sampling-based replanning [25], [26].

These approaches span a continuum from map-centric
uncertainty reduction to target-aware exploration-exploitation.
[23] is primarily directed toward informative map recon-
struction, [24] incorporates target discovery into adaptive
exploration, and [22] combines field estimation with source-
directed sensing. The proposed method is positioned at the
task-oriented end of this continuum: disease source local-
ization defines mission completion, while motion-normalized
posterior uncertainty reduction guides the acquisition of
source-relevant evidence. The comparative evaluation there-
fore focuses on localization reliability and the traversal
required to achieve it, rather than claiming uniformly superior
global field reconstruction.

ITI. PROBLEM DESCRIPTION
A. Partial Observability in Field-Scale Sensing

This study considers UAV-based informative exploration
for monitoring plant diseases in an unknown agricultural
environment. The principal mathematical symbols used in
the problem formulation and the proposed framework are
summarized in Table 1. Disease severity varies spatially across
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TABLE I
PRINCIPAL MATHEMATICAL NOTATION

Symbol  Definition

F Continuous agricultural monitoring domain
H(z) Latent disease field at location x

% Discretized voxel set

Pt UAV pose at time ¢

ot UAV observation at time ¢

St Policy state

at Continuous UAV action

qt Local crop observation descriptors

&t Domain-aware feature vector

Pt Estimated dominant crop-row orientation
Tt Row-alignment feature

hi Local disease-hotspot feature

e Posterior mean of the latent disease field
P;r Posterior covariance

bt (vs) Disease probability at voxel v;

Uy Aggregate posterior uncertainty

(on Observation history up to time ¢

© UAV trajectory

C(p) Cumulative motion cost

¢ Estimated disease source location

T Maximum mission horizon

B Maximum motion budget

individual plants within the structured crop-row layout. Due
to the limited sensing range and occlusions, the UAV acquires
only partial observations at each time step, preventing a full
reconstruction of the environment.

The spatial domain is defined as F C R3, and a latent
disease field is defined as follows:

H:F >R, (D

where H(x) denotes the disease severity at location x € F. At
time step ¢, the UAV with pose p, acquires an observation:

o =h(p)+e, &~NO, 2)

where h(p;) represents the observation obtained by fusing four-
dimensional (4D) LiDAR and red-green-NIR (RGN) camera
data. This observation provides cropwise spectral information
to estimate disease-related features (e.g., vegetation indices).

O, =1{09,01,...,0;}. 3)

This sequence represents all measurements available to the
UAV for decision-making under partial observability.

B. Task Objective and Information Criterion

The task objective is to obtain a reliable disease source esti-
mate while limiting the traversal required during monitoring.
Because the unknown source location cannot be used directly
for online action selection, this task objective is supported by
a trajectory-level informative sensing criterion. Specifically,
posterior uncertainty reduction is balanced against traversal
cost under a finite motion budget. Accordingly, the following
resource-constrained IPP objective formalizes the trajectory-
level tradeoff between information acquisition and traversal
cost:

¢* = arg max 1) s.t. C(p) < B, 4)

g C(p)
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where ¢ = (po, p1,..., pr) denotes the UAV trajectory. The
mission horizon T quantifies the total number of decision steps
during a single exploration episode. In addition, ® represents
the feasible trajectory set, Z(y) indicates the cumulative infor-
mation gain, and C(yp) denotes the total traversal cost.

The cumulative information gain is defined as follows:

T-1

T(p) = Z [te(P) - e(P) D], (5)

t=0

where P," denotes the posterior covariance at time 7. The trace
operator offers a scalar measure of uncertainty. It should be
noted that Z(y) is evaluated from the maintained posterior
belief, whereas the incremental reduction at each step is gener-
ated only by measurements acquired within the current sensing
footprint. Therefore, the objective does not assume global
observation of the field; rather, aggregate belief uncertainty
is progressively reduced through spatially localized sensing
actions. The traversal cost is defined as follows:

T-1

Clp) =) clar), (©)

t=0
where c(a,) represents the incremental traversal cost associated
with action a,, penalizing large displacements and encourag-
ing motion-efficient trajectories. Direct optimization of (4) is
computationally intractable in continuous control spaces. This
motivates a sequential decision-making formulation.

C. Online Decision-Making in Continuous Control Space

Solving the trajectory optimization problem in (4) is
computationally intractable for continuous state and action
spaces. The UAV operates in an online setting in which each
action must be selected without prior knowledge of future
observations.

Formally, the UAV must select an action a, at each time
step based on the current state s;, without solving the global
optimization problem:

a; = n(sy), @)

where 7 : § — A indicates the policy mapping from states
to actions. Accordingly, the following sequential learning
objective is adopted:

T-1

7* = argmax E |:Z Y'r(s, ap, s,+1):| , (8)

/g
t=0

where the cumulative stepwise reward provides a sequen-

tial learning objective motivated by the trajectory-level

information-motion tradeoff in (4).

IV. INFORMATIVE MONITORING SYSTEM
A. System Framework

This paper proposes a DRL-based approximation framework
that addresses the intractable trajectory-level optimization in
(4) through a sequential decision-making formulation. The
proposed informative monitoring system (Algorithm 1) is
designed to support task-oriented informative exploration and
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Algorithm 1 Informative Exploration Algorithm for Monitor-
ing System

1: Input: Initial UAV pose py, horizon T, policy m,
2: Output: Replay buffer D and trajectory ¢

3: for each training episode do

4 Initialize ¢ < pg

5 fort=0t0o 7T -1do

6: Acquire partial observations

7 o < h(p) + &

8 Domain-aware feature extraction

9 Estimate the row direction ¢,

10: T « cos(; — ';Zt)

11: Compute normalized difference vegetation index for
crops k € NV;

12: h = 3 Y ien (1 - N®)y

13: State construction

14: & (1, hy)

15: g — {(dx, dy}", ONE,

16: st —Ape, g1, &1}

17: Select an informative action using the policy

18: a; « my(s;) + €, €~N(@O,0)

19: Environment transition

20: pit1 < f(pray)

21: Update the Bayesian belief

22: K, « P H](H,P;H + R,

23: Myyy < o+ Ki(or — Hipy)

24: Pl « (I-KH)P}

25: Reward

26: ¢ — |lpr1 — pill2

27: ¢ « max(c;, &)

28: I, « u(P) — (P )

29: J, — [L( Zf:] ]].d’(k)

30: r; = clip (I’(l?—w, Frmins F'max

31: Construct the next state s,4|

32: Store transition (s;, ay, 1y, Si41) in D

33: Pt < Dr+1

34: Create the probability map

35: for each v; € V, do

36: b 1(v) — o(p1(v)

37: end for

38: 4  argmax,,ey by (v)

39: @ < (@, Prv1)

40: end for

41: end for

42: return: D, ¢

disease source localization in agricultural environments. As
illustrated in Fig. 2, the overall architecture comprises two
closely coupled components: (i) an informative exploration
training module and (ii) a feedback-loop execution module.
Within this architecture, the Bayesian estimator and the TD3
actor play distinct roles: posterior uncertainty provides the
information signal used during policy learning, whereas the
actor generates continuous sensing actions from the compact
local state.
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Fig. 2. Proposed system framework for informative exploration in agricultural environments. The UAV acquires partial observations and updates a probabilistic
belief map of the underlying spatial distribution (e.g., disease intensity). A learning-based policy is trained with a task-oriented stepwise reward based on
posterior uncertainty reduction, disease-related evidence, and motion cost, and generates continuous sensing actions from the local state.

During training, the UAV interacts with the environment to
learn an information-driven exploration policy. At each time
step, the UAV collects partial LIDAR-RGN observations and
updates the belief about the latent disease field, as described
in Section III-A. The dominant crop-row orientation is esti-
mated from local LiDAR measurements and, although inferred
locally, represents the principal progression direction of the
surrounding field, thereby providing row-structural directional
guidance. The acquired observations are processed using a
feature extraction module to generate domain-aware features
and local descriptors. These features are combined with the
UAV pose to construct a compact state representation, serving
as the input to the policy. The policy is trained via DRL to
maximize the discounted cumulative stepwise reward defined
in Section IV-D. This reward serves as a task-oriented sequen-
tial surrogate motivated by the information-motion objective
in (4). State transitions are stored in a replay buffer and used
for iterative TD3 updates.

After training, the learned policy is deployed in a closed-
loop execution framework. At each time step, the UAV
acquires new observations and constructs the state using the
same feature extraction process. The policy maps the current
state to an action, which is executed to update the pose of the
UAV. This process forms a feedback loop in which new obser-
vations update the local state features used for action selection
while simultaneously refining the Bayesian belief used for
uncertainty estimation and source localization. The probability

map is updated based on the Bayesian belief, supplying a
spatial representation of disease likelihood. This representation
is progressively refined during exploration, enabling disease
source estimation from the accumulated Bayesian belief.

B. State Space

At each discrete time step ¢, with a given state s € S, the
agent selects actions a € A according to its policy 7 : S — A,
receiving a reward r and the new state of the environment 5.
In actor-critic methods, the policy (the actor) can be updated
using the deterministic policy gradient algorithm [27]. The
problem is formulated as a Markov decision process, where
the state at time step ¢ is defined as follows:

s =1{pnqné&}), s €S. 9)

The posterior mean g, and covariance P;” are not included

explicitly in the actor state s;. Posterior uncertainty affects pol-

icy learning through the uncertainty-reduction reward, while

the Bayesian belief is updated in parallel during execution for

uncertainty estimation and final disease source localization.
The UAV state is defined as follows:

Pr = (xt’yt’ 215 Wz), (10)

which represents the UAV position and heading. The local
observation feature is defined as follows:

K
0= [, a, )"

(an
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where dxﬁk) and dygk) denote relative positions, and {’gk) repre-

sents the disease level of nearby crops. K denotes the number
of neighboring crops included in the local observation. The
domain knowledge vector is defined as follows:

ft = (Tta ht)’

where 7, represents the row alignment, and /i, denotes the
disease hotspot feature. The row-alignment feature 7, repre-
sents the dominant crop-row direction, whereas the relative
crop descriptors g; encode the local spatial arrangement and
disease levels of surrounding plants. The hotspot feature h;
complements this structural representation by summarizing
local disease-related spectral evidence. Together, these features
provide the policy with crop-structural and task-relevant guid-
ance without requiring a predefined row map.
The row alignment feature is defined as follows:

7, = cos(y; — lﬁt)7

where {, is estimated from local LiDAR measurements. The
normalized difference vegetation index (NDVI) for crop k is
computed as follows:

12)

13)

(k) (k)
aNR — @
Nz(k) — NIR R

- k k ’
onf + ay) + €

(14)

where af\',?R and 'y’ denote the NIR- and red-band reflectances
of crop k, respectively, and € > O prevents division by zero.
The hotspot feature is defined as follows:

hy = ﬁZ(l—Nﬁ“),

keN;

15)
where A represents the set of crops in the sensing region.

C. Action Space

The UAV operates in a continuous control space, and the
action at time step ¢ is computed as follows:

ar = (Ax;, Ay, Az, AYy), (16)

where Ax,, Ay, and Az, denote the incremental move-
ments along each axis. This continuous formulation enables
fine-grained control and adaptive trajectory generation. The
corresponding motion cost is defined as follows:

c(ay) = ||pig1 = pilla- (17)

D. Reward Function

Directly optimizing the trajectory-level objective in (4) is
computationally intractable in continuous domains. We there-
fore define the following task-oriented stepwise reward for
TD3 training:

(AP (1 4 1d)
rp=clip | ———=——, "min> max | »

Ct

(18)

where Atr(P) denotes the reduction in posterior covariance
trace at time step f, A controls the weighting of local
disease-related evidence, and rp;, and ry. are the lower
and upper reward bounds, respectively. Accordingly, (18)
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Algorithm 2 TD3-Based Training Algorithm for Informative
Exploration Policy

1: Input: Replay buffer D, actor ny, critics Qy,, Qp,
2: Initialize: Target networks 7y, OQp:, Qg

3: for each training iteration do

4: Sample minibatch (s, a;, 11, $;41) ~ D

5: Compute the target action:

a,, < clip (my (s41) + &)
6: Compute the target value:

Ve & 11+ ymin Qo (141,474 1)
i=1,

7: Update the critic network by minimizing:
L6) < E[(Qe(si,a) = y)*], i €(l1,2)
8: Update the actor network by minimizing:
L(¢) < —E[Qy, (51, m4(51))]
9: Soft-update the actor and critic target networks
10: end for

serves as a sequential surrogate motivated by the trajectory-
level information-motion objective in (4), rather than as an
exact mathematical decomposition of that objective. The local
disease density is defined as

1 K
d, = f;]ld;k),

where the term Z,le 1,0 aggregates disease indicators in
the local neighborhood. The effective motion cost is lower-
bounded as

19)

¢; = max (c(a), &) , (20)

where & > 0 is a small positive constant. The lower
bound prevents excessively large reward values for near-zero
displacement, while reward clipping limits extreme reward
magnitudes and critic targets during TD3 training. Under the
constant-speed setting, incremental displacement is propor-
tional to travel time and is therefore used as a surrogate for
traversal effort rather than as a direct energy model.

E. Exploration Policy

The control policy is a deterministic mapping a, = my(s,),
where 74 is parameterized by ¢ (Algorithm 2). The policy is
trained to maximize the expected cumulative reward:

T-1

* t
Ty = arg rrilgx]E E v,
=0

21

where y denotes the discount factor. The actor is there-
fore trained to maximize the discounted cumulative stepwise
reward defined in (18).

The critic networks are trained by minimizing the Bellman
error:

L) = E[(Qq, (51, ar) — y)*], (22)
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where the target value is

Y =1t +')’Lr,£11ig Qa;(Sz+1,a;+1)- (23)

The actor is updated using the deterministic policy gradient:

L(¢) = —E[Qp, (51, my(s0))]- (24)

Moreover, the learned policy is executed in a closed-loop
manner:

Sep1 = (s, ), (25)

where the next state is obtained from new observations o, =
h(p,) and updated domain knowledge. This structure allows
continuous adaptation to the environment during exploration.

F. Probability Map

For a spatially consistent representation of the disease
likelihood, the proposed framework maintains a voxelwise
probability map coupled with the Bayesian belief about the
latent disease field. Unlike the state representation, where
the cropwise NDVI is employed as a local spectral feature,
the probability map applies the same NDVI quantity as an
observation for a voxelwise belief update. This representation
links belief estimation to the uncertainty-based training signal
and the final source-estimation process.

Let the discretized spatial domain be defined as the follow-
ing voxel set:

V={v,va..,vn), v €R. (26)

Each voxel v; is associated with a latent disease score, whose
belief is characterized by a Gaussian posterior distribution with
mean u,(v;) and covariance P;r . The initial belief is represented
by a Gaussian prior characterized by the mean y, and covari-
ance Par , which denote the initial disease estimate and its
associated uncertainty, respectively. Using 4D LiDAR-based
measurements, individual plants are segmented as geometric
entities P;. For each reconstructed plant, the cropwise NDVI
N,(J) defined in (14) is applied as a plant-level phenotyping
observation. Each reconstructed plant P; is associated with a
subset of voxels:

Vj cV. (27)

For each voxel v; € V;, the observation is computed as follows:
o,(v)=1-N". (28)

The posterior belief is updated using the following obser-
vation model:

(29)
(30)

Hipy = 1+ Kt(Ot - Htﬂ[)»
Pl =U-KH)P},

where H; denotes the observation model that maps the latent
voxel field to the currently observed measurement space. The
observation uncertainty is represented by the covariance R,
and the gain is calculated as

K, = P/H] (H,PTH] +R)™ . 31)

The gain K; determines the relative contribution of the current
observation and the prior belief according to their respective
uncertainties.
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The voxelwise probability map is calculated as a normalized
transformation of the posterior mean:

b(vi) = o(u,(vi)) ,

where o(-) represents a monotonic squashing function map-
ping the latent disease score to [0, 1]. The uncertainty of
the belief is quantified using the trace of the covariance, as
follows:

(32)

U, = te(P;), (33)

where a larger trace indicates greater aggregate epistemic
uncertainty over the voxelized disease field. The information
gain at time step ¢ is computed as follows:

Atr(P) = te(P]) — (P, ), (34)

which is consistent with the reward in (18). Although U,
represents aggregate uncertainty over the maintained belief,
its stepwise reduction is induced by measurements acquired
within the current sensing region. Thus, new information
enters the Bayesian belief through spatially localized obser-
vations rather than through global observation of the entire
field.

Due to the limited sensing range, the voxelwise probability
map is updated only within the current sensing region V;, C V:

o (10)), vieV,

biy1(vi) = _ (35)
e bi(v), otherwise.
At mission termination, the disease source is estimated as
{ = argmax br(vy), (36)

vieY

where £ denotes the estimated disease source location obtained
from the accumulated Bayesian belief. The corresponding
ground-truth source location ¢ is used only for evaluating
localization performance.

V. EXPERIMENTAL SETUP
A. Environments

The simulation experiments were conducted in a Unity-
based agricultural environment covering a 50 x 50m area.
The UAV operated at a fixed altitude of 3 m. The environment
contained row-structured soybean plants and spatially hetero-
geneous disease distributions generated using the dispersion
model described in Section V-C. The simulated sensing suite
modeled a Unitree L2 4D LiDAR and a MAPIR Survey3 RGN
camera to provide crop-geometry and spectral observations,
respectively.

The simulation evaluation comprised three fixed-hotspot
layouts and one random-hotspot condition. The fixed lay-
outs enabled repeatable comparisons under different source
arrangements, whereas the random-hotspot condition assessed
planner behavior under varying hotspot configurations. Each
planning method was evaluated over 20 independent trials per
condition.

A separate trajectory-level evaluation was conducted using
georeferenced LiDAR and RGN measurements acquired with
an F660 UAV platform (Fig. 3) in three representative
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Fig. 3. Hardware setup of the UAV-based informative monitoring system.

soybean-field environments (Fig. 4). Each corresponding field-
derived map covered a 50 x 50 m area, and the measurements
were acquired at a nominal altitude of 3m. The sensor
data were collected during field flights, whereas the planners
were evaluated offline using the resulting georeferenced maps.
At each planning step, only the measurements within the
current sensing region were made available to the planner;
the complete map was not provided as an observation. Each
planner was evaluated over 20 trials on each field-derived
sensor map. The full NDVI map was not exposed to the
planner and was used only after each trial to define an
offline spectral proxy reference and visualize the resulting
trajectory. Accordingly, this experiment assesses trajectory-
level applicability to measured agricultural data rather than
biological validation of disease source localization or physical
UAV flight performance.

B. Compared Methods

The comparative evaluation includes CPP, Brouwer et al.
[22], Riickin et al. [23], Vashisth et al. [24], and the proposed
method. CPP follows a fixed-altitude lawnmower trajectory
composed of parallel sweep lines. Brouwer et al. select
sensing motions using an exploration-exploitation tradeoff
that balances field exploration and source-directed behavior.
Riickin et al. use tree search guided by a learned policy
and value representation for informative action selection.
Vashisth et al. construct local graph representations online and
perform learned adaptive replanning. These adapted compar-
isons are not intended to reproduce the original benchmark
results of the respective methods. Instead, they evaluate their
defining planning mechanisms under a common downstream
disease source localization task. The three literature-based
IPP methods were directly implemented in the same Unity
environment. Interface-level adaptations were made only to
apply the common sensing model, feasible motion space, mis-
sion budget, and disease source evaluation procedure, while
retaining the defining planning mechanism of each method.

An oracle reference is additionally reported for interpreting
motion efficiency. For the single-hotspot condition, the oracle
follows the shortest path from the initial UAV position to the
ground-truth hotspot center. For the multi-hotspot conditions,
the oracle follows the exact minimum-length open traveling-
salesperson path through all ground-truth hotspot centers

18895

without returning to the initial position. Because the oracle
has privileged access to the ground-truth hotspot locations, it
is used only as a reference and is not considered an executable
planner.

All executable planners were evaluated using the same field
configuration, initial UAV pose, sensing footprint, observation
data, translational and rotational action limits, mission horizon,
and source-estimation procedure. Importantly, ground-truth
hotspot locations were not used for online action selection. An
evaluation episode was terminated when the predefined online
hotspot-detection condition was satisfied using only informa-
tion available to the planner, or when the maximum mission
horizon T was reached. After termination, the estimated
source locations were compared offline with the ground-truth
hotspot locations to calculate the task-level localization metrics
described in Section V-E.

C. Wind-Driven Disease Dispersion Model

To generate realistic disease distributions, this work employs
a wind-driven dispersion model based on the Monin-Obukhov
similarity theory [28]. The vertical wind profile is modeled as

follows:
* —-d
u(z) = “ In (Z ) s
K 20

where u* denotes the friction velocity representing the shear
stress between the ground and atmosphere, x represents the
von Karman constant (typically ~ 0.4), z indicates the height
above ground level, d measures the zero-plane displacement
height, and zp denotes the surface roughness length.

Disease propagation is modeled using a source term
that captures the interaction between airflow and pathogen
transport:

(37)

Sk = pCaaR)(Bplul® = Balul), (38)

where p denotes the air density, C, is the drag coefficient,
a(z) represents the vegetation density, k denotes the turbulent
kinetic energy, and §, and B, are the turbulence-production
and dissipation coefficients, respectively.

D. Model Parameters

The exploration policy was trained using the twin delayed
deep deterministic policy gradient (TD3) algorithm. Table II
summarizes the critical training hyperparameters. The local-
ization tolerance used to calculate SR was set to 6 = 5 m.
The weighting parameter A controls the additional emphasis
assigned to local disease density in the motion-normalized
reward and was set to 4 = 0.3.

E. Performance Metrics

The framework’s performance was evaluated using quanti-
tative metrics derived from the formulations in Sections III
and IV. The primary evaluation focuses on localization
success, localization error, and motion cost. Uncertainty reduc-
tion, coverage, and redundancy are additionally reported as
diagnostic measures of exploration behavior.
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Fig. 4.
(b) Environment 2, and (c) Environment 3.

TABLE I
TD3 TRAINING AND IMPLEMENTATION PARAMETERS

Value

Grid resolution 50 x 50 cells
Voxel size Im

Parameter

Maximum training episode length 700 steps
Maximum evaluation episode length 1,000 steps
Total training timesteps 500,000
Learning rate 1x 104

Batch size 256

Replay buffer size 200,000

Action noise Gaussian (u = 0, 0 = 0.1)
Discount factor 0.99

Actor hidden layers 2

Critic hidden layers 2

Actor hidden-layer units 400, 300

Critic hidden-layer units 400, 300 (each Q-network)
Hidden activation ReLU

Actor output activation Tanh

Optimizer Adam

Target update coefficient 7 0.005

Policy update delay

2
Target policy noise N(0,0.22); clipped to [—0.5,0.5]

Disease-belief prior mean i 0.5 per cell
Initial disease-belief covariance PO7L 0.2 per cell
Motion-cost lower bound e. 10—3
Reward clipping range (T'min, "max) (—5,5)

Steps: The number of policy decisions executed before
satisfying an online termination condition or reaching the
maximum mission horizon.

Uncertainty Reduction (UR): The cumulative information
acquired during an episode is quantified from the reduction
in the posterior covariance trace. This metric represents the
aggregate change in the maintained disease belief resulting
from sequential, spatially localized observations. A larger
value indicates greater overall posterior uncertainty reduction
over the observed trajectory.

Coverage Area (CA): The extent of exploration was quan-
tified using the ratio of visited spatial units to the total number
of units. This metric is reported as the spatial coverage ratio,
indicating how broadly each method explores the environment.

Localization Error and Success Rate (LE, SR): LE
is averaged over all evaluated trials, including unsuccessful
trials, whereas SR represents the proportion of trials satisfy-
ing the corresponding localization criterion. Disease source
localization performance was evaluated using the Euclidean
distance between the estimated source ¢ and the corresponding
reference source ¢. For the single-hotspot condition, a trial was
counted as successful when the hotspot-detection condition
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Representative soybean-field environments in which the georeferenced LiDAR and RGN measurements were acquired: (a) Environment I,

was satisfied and the estimated source was located within
the localization tolerance ¢ of the reference hotspot. For the
multi-hotspot conditions, a trial was counted as successful only
when the detection and localization conditions were satisfied
for every reference hotspot during the same mission. SR is
the percentage of evaluated trials satisfying the corresponding
success criterion. Each individual simulation condition was
evaluated over 20 independent trials.

Redundancy (RED): To measure the exploration ineffi-
ciency, this study evaluates the ratio of revisited spatial units
to the total number of visited units. This variable is reported
as the redundancy ratio, capturing unnecessary repeated obser-
vations during exploration.

Motion Cost (MC): The total traversal effort was measured
as the cumulative motion cost, reflecting the overall resource
consumption during exploration.

For the field-derived maps, localization-related quantities
are reported as proxy metrics. The reference location was
determined offline from the minimum-NDVI region of the
complete map. LE and SR therefore measure the agreement
between a trajectory-derived estimate and this offline spectral
reference; they do not represent biologically verified disease
source accuracy.

VI. EXPERIMENTAL RESULTS

The evaluation addresses three questions: (1) whether the
proposed method achieves reliable disease source localization
under the prescribed mission budget, (2) how much traversal is
required to achieve this task relative to the compared planners,
and (3) how the resulting uncertainty reduction, coverage,
and redundancy patterns differ across planning strategies.
The latter quantities are treated as diagnostic measures of
exploration behavior rather than as the primary task-success
criteria.

A. Sensitivity Analysis

1) Voxel Resolution: Table III summarizes the results
obtained using voxel sizes of 1, 2, and 5 m under the same
training budget and evaluation protocol. For the proposed
method, the 1 m configuration achieved a localization success
rate of 95%, a localization error of 4.33+0.48 m, and a motion
cost of 112.244-31.47. Increasing the voxel size to 2 m reduced
the success rate to 80% and increased the localization error
to 7.58 & 2.12 m. The 5 m configuration also achieved an
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TABLE III
SENSITIVITY TO VOXEL RESOLUTION
Voxel size (m) Method Steps (1) UR(% @M ___CA® @M __RED % @ ____MC m 1) LEm @ SR % M

Oracle 1499217 850+ 151 1628259 95.03£0.11  61.02£8.07 0.00 £ 0.00 100

CPP 640.0£28.4  38.88+10.08 60.99+9.53  95.57+0.31  228.34+34.45  4.08+2.58 90

| Vashisth et al. [24] 5104 +£115.7  26.88+4.13  4555+7.35 9527+0.58  191.59+33.22  5.96+£1.32 80
Riickin et al. [23]  999.0 £ 0.0 0.00+£0.00  949£337  99.47+0.08 157.98£102.07 38.13 £22.03 0

Brouwer etal. [22] 3435+ 1181  16.75+£2.65  30.79+4.91 9456059 134.28+£43.54  7.47+1.10 60

Proposed 248.9+£76.1  6.34+125  16.97+1.65 96.19+0.52 112.24+31.47 4.33+0.48 95

Oracle 143.7£155  7.60£042 1487 £099 9527 £0.25  5882L507 0.00 £ 0.00 100

CPP 560.1+155.8 29.46+11.13 51.51+14.65 95.39+0.03  212.86+57.72  3.13+0.38 100

) Vashisth et al. [24]  656.3+£94.3  36.06+3.64  58.10£4.60 95.36+0.28  273.22+38.91  4.35+0.36 80
Riickin et al. [23]  999.0 £ 0.0 0.00+£0.00  511£000  99.63+£0.00  266.10+£3.87  43.27+14.20 0

Brouwer et al. [22] 406.6 +143.8  18.27+£4.04  34.19+7.51 9530047 157.82+52.85  5.01+0.60 70

Proposed 407.0+£115.1  3.62+1.16 1672+ 1.17  97.18+0.45 135.55+33.68  7.58+£2.12 80

Oracle 2166 £110.8  7.04E£283  1596+242 9556072  85.90£41.22  0.00=£0.00 100

CPP 5752+ 167.6  31.52+13.10 51.81+14.48 9579+0.24  219.93+63.03  3.94+0.69 80

5 Vashisth et al. [24] ~ 736.0£169.8  41.05+8.06 63.91£10.22 9548+0.32  308.48+£70.48  5.84+0.64 50
Riickin et al. 23] 999.0 £ 0.0 000+£0.00  7.29+£0.22  99.67+0.01  220.52+£16.30  39.89 £ 23.77 0

Brouwer et al. [22]  508.7 £247.8  20.13+£553 38.43+11.57 9553+£0.77  196.45+9245  4.55+0.31 60

Proposed 418.3+£745  4.00+204  16.79+£1.19 97.26+0.64 11278+ 1.55  9.51+3.14 80

(1) and (}) indicate whether higher or lower values are better, respectively.
Results are aggregated over the three fixed-hotspot scenarios, each evaluated over 20 independent trials, and are reported as the mean =+ standard deviation
of the three scenario-level means.

TABLE IV

SENSITIVITY TO BAYESIAN PRIOR INITIALIZATION

Prior condition  Prior mean  Prior variance  Successful trials Localization step Delay from flat MC' at localization
Flat 0.5 0.20 20/20 150.5 [148.8, 152.0] Reference 69.155 [68.410, 69.485]
Pessimistic 0.1 0.20 20/20 159.5 [159.0, 161.2]  +9.5 [8.0, 13.0]  72.959 [72.830, 73.547]
Optimistic 0.9 0.20 0/20 N/R N/R -
Overconfident 0.9 0.02 0/20 N/R N/R -

Values for localization step, delay from the flat prior, and M C at localization are reported as median [25th percentile, 75th percentile] over 20 paired

evaluation seeds.

N/R: localization criterion not reached within the 1,000 step evaluation horizon.

80% success rate but produced a larger localization error of
9.51 £3.14 m.

Motion cost did not vary monotonically with voxel size.
However, the localization results consistently favored the 1 m
representation. Coarser discretization assigns spatially distinct
spectral observations to the same cell, reducing the spatial
resolution available for source estimation. Based on its higher
localization success and lower localization error, the 1 m voxel
size was retained for the remaining experiments.

2) Bayesian Prior Initialization: The prior-initialization
sensitivity was evaluated using spatially uniform priors. The
same initial mean was assigned to every voxel, and the initial
covariance was diagonal with an identical per-voxel variance.
The localization step denotes the first step at which the
localization criterion defined in Section V-E was satisfied. The
delay from the flat prior was calculated using paired trials, and
MC at localization denotes the cumulative motion cost at the
corresponding localization step.

The influence of prior initialization was evaluated using
four spatially uniform conditions. The flat prior used an initial
mean of 0.5 and a per-voxel variance of 0.20. The pessimistic
prior used a mean of 0.1 and a variance of 0.20, whereas the
optimistic and overconfident priors used a mean of 0.9 with
variances of 0.20 and 0.02, respectively. The same trained TD3
policy and 20 paired evaluation seeds were used under all four
conditions.

As shown in Table IV, the flat and pessimistic pri-
ors satisfied the localization criterion in all 20 trials. The
median localization step increased from 150.5 under the
flat prior to 159.5 under the pessimistic prior, correspond-
ing to a median delay of 9.5 steps. The associated median
motion cost increased from 69.155 to 72.959. In contrast,
neither the optimistic nor the overconfident prior satis-
fied the localization criterion within the 1,000-step horizon.
These results indicate that the Bayesian estimate recov-
ered consistently from flat and conservative initialization but
remained sensitive to a uniformly optimistic initial mean.
The flat prior was therefore retained for the main exper-
iments, which assume that no historical disease map is
available.

B. Quantitative Comparison in Simulation

Fig. 5 and Table V compare the oracle reference, CPP,
Vashisth et al., Riickin et al., Brouwer et al., and the pro-
posed method. Because the compared planners were originally
designed with different information-acquisition objectives,
the results are interpreted jointly in terms of localization
success, localization error, motion cost, and exploration
behavior.

Across the four simulation conditions, the proposed
method achieved localization success rates of 100%, 90%,
95%, and 100%, with corresponding localization errors of
4.45, 473, 3.80, and 4.28 m. It was the only executable
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Environment 1

Environment 2

Environment 3

Fig. 5.
(c) Environment 3. The first column shows the simulated disease distribution, and the remaining columns show the oracle reference, CPP, Vashisth et al.,
Riickin et al., Brouwer et al., and the proposed method. The black circle and square denote the initial and terminal UAV positions, respectively; the white
stars denote the ground-truth hotspot centers. The solid line represents the UAV trajectory, and the background color indicates the NDVI distribution.
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Qualitative comparison of exploration trajectories in the three fixed-hotspot simulation layouts: (a) Environment 1, (b) Environment 2, and

Scenario Method Steps (1) UR (%) (1) CA (%) (D) RED (%) (1) MC (m) (}) LE (m) () SR (%) (1)

Oracle 150.4 £ 4.9 8.68 +0.22 16.55 +0.11 94.95 +0.18 61.16 £+ 3.64 0.00 = 0.00 100

CPP 644.8 +4.9 43.71 +0.15 65.39 £ 0.17 95.40 + 0.03 244.38 £+ 3.47 4.73 £ 0.05 100

Fixed hotspot 1 Vashisth et al. [24] 251.7 + 142.1 16.12 +7.25 27.80 £11.75 94.49 + 0.46 106.76 + 60.63 5.01 +1.17 85
Riickin et al. [23] 999.0 + 0.0 0.00 £ 0.00 5.92 +0.23 99.56 + 0.04 54.72 + 9.66 60.89 + 2.06 0

Brouwer et al. [22] 240.6 £ 15.3 13.80 + 1.68 25.67 £ 2.02 94.85 £ 0.22 94.93 £ 6.35 6.36 +1.73 40

Proposed 171.2+ 8.0 8.43+0.12 16.46 + 0.26 95.59 £ 0.18 84.43 + 5.52 4.45 + 0.48 100

Oracle 171.3+5.9 9.92+0.35 18.72 £ 0.51 94.99 +£0.13 69.02 £ 3.37 0.00 &+ 0.00 100

CPP 665.7 + 8.7 45.64 + 0.60 67.53 £0.66 95.39 + 0.03 251.84 +£4.29 1.244+0.54 100

Fixed hotspot 2 Vashisth et al. [24] 538.6 + 313.5 30.78 £ 14.49 49.51 £ 21.09 95.05 £ 0.80 226.13 £+ 129.33 7.10+7.14 80
Riickin et al. [23] 999.0 + 0.0 0.00 £ 0.00 9.93 + 2.80 99.43 +0.14 160.40 + 116.72 36.58 + 12.01 0

Brouwer et al. [22] 317.6 £176.5 17.55 + 7.82 31.24 £12.40 94.94 + 0.54 126.86 + 68.97 7.49 +11.90 90

Proposed 323.2 + 258.8 9.33 + 0.69 18.82 +1.90 96.46 + 1.08 146.40 + 105.82 4.73 + 5.68 90

Oracle 128.0 £ 4.9 6.91 + 0.30 13.56 + 0.38 95.15+0.17 52.88 + 3.16 0.00 £+ 0.00 100

CPP 609.5 £+ 293.4 27.29 £5.97 50.06 + 13.35 95.93 £0.75 188.79 + 48.83 6.27 £ 6.78 65

Fixed hotspot 3 Vashisth et al. [24] 383.2 +288.4 22.56 + 14.60 37.07 £ 21.61 94.83 £0.71 159.86 + 119.41 4.52 +2.78 95
Riickin et al. [23] 999.0 + 0.0 0.00 £ 0.00 12.62 +2.24 99.41 £ 0.11 258.81 £ 75.65 16.91 +1.87 0

Brouwer et al. [22] 472.4 £397.2 18.91 £+ 10.50 35.46 £ 20.79 93.88 £ 5.86 181.06 + 144.58 8.55 +10.71 60

Proposed 252.2 +193.2 7.20 +0.31 15.64 + 1.36 96.51 + 0.96 105.90 + 62.39 3.80 £+ 2.69 95

Oracle 80.4 +42.5 4.38 +1.88 8.74 +3.84 85.22 +29.21 34.40 £ 17.75 0.00 + 0.00 100

CPP 280.3 + 208.6 16.75 +13.35 28.67 £20.61 85.59 £+ 29.29 108.90 + 78.88 4.64 £+ 0.80 85

Random hotspot Vashisth et al. [24] 662.7 £ 397.9 8.76 + 5.62 29.15 +£13.82 87.70 £+ 30.01 142.76 + 72.94 21.01 £ 21.21 40
Riickin et al. [23] 849.6 + 364.9 0.23 +0.58 5.23 +1.21 88.74 + 30.62 50.72 + 22.37 35.13 + 16.47 10

Brouwer et al. [22] 557.7 + 439.1 3.27+2.44 19.85 £ 11.73 87.00 £ 29.90 96.52 + 65.82 19.21 +19.44 50

Proposed 105.0 + 58.0 4.75 £ 2.06 9.62 +4.45 85.84 +29.43 48.84 + 26.60 4.28 + 0.54 100

(1) and (}) indicate whether higher or lower values are better, respectively.
Values are reported as mean + standard deviation over 20 independent trials.

planner that maintained at least 90% localization success
in every condition. Averaged across the four conditions,
the proposed method achieved a localization success rate
of 96.25%, compared with 87.5% for CPP, 75.0% for

Vashisth et al.,, 60.0% for Brouwer et al., and 2.5% for
Riickin et al.

The proposed method also achieved the lowest average
motion cost among the executable planners. Its motion costs
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TABLE VI

ABLATION STUDY ON CRUCIAL COMPONENTS OF THE PROPOSED FRAMEWORK
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Scenario Method Steps (1) UR (%) ™ CA (%) ™ RED (%) () MC (m) () LEm ) SR (%) M

w/o Bayesian _ 859.85 £ 286.88  0.00 £0.00 19.83 £1.98  98.23 £ 0.85 214.70 £ 77.44 _ 70.00 £ 0.00 0
Fixed hotspot 1 /0 Domain 999.00 & 0.00 4344038  11.914+0.61 99.45 + 0.03 84.92 £ 15.41 70.00 % 0.00 0
wlo Reward 999.00 + 0.00 2.02+0.30  4.25+0.44 99.37+0.46  106.67+£110.56  68.95+3.24 0

Proposed 171.20£8.02 8.43+0.12 1646+0.26 95.59+0.18 84.43+552  4.45+0.48 100
w/o Bayesian 999.00 £ 0.00 0.00£0.00 2092L507 98.04L047 240.17 £62.02 _ 48.79 £ 0.00 0
Fixed hotspot 2 /0 Domain 999.00 £ 0.00 4154043  11.70 £ 0.67 99.46 + 0.03 75.87+13.50  48.79 £ 0.00 0
wlo Reward 999.00 + 0.00 254+0.37  547+1.29 99.70 £ 0.11 85.45+45.04  27.80 £2.11 0

Proposed 323.15+258.84 9332069 1882+190 96.46+1.08 146.40+105.82 4.73+5.68 90
w/o Bayesian 999.00 & 0.00 000 £000 18.14L204 98.13L056 198.88 £ 65.96  42.60 £ 0.00 0
Fixed hotspot 3 /0 Domain 999.00 = 0.00 426+044  11.85+0.66 99.45+0.03  80.31+13.76  42.60 + 0.00 0
w/o Reward 999.00 + 0.00 3.36+2.17  6.44+2.23 99.67 +0.12 99.38 = 66.66 20.78 + 3.05 0

Proposed 252241932 7.202+031 1564+1.36 96.51+0.96 105.90£62.39  3.80 + 2.69 95
wlo Bayesian _ 341.50 £ 348.21  0.00 £0.00 11.89 £527 9751 £1.18 0413 £73.03 42.18 £ 15.53 0
Random hotspor "0 Domain 999.00 = 0.00 4144044  11.59+0.63 99.47 +0.03 77.25+14.88  42.18 +15.53 0
: w/o Reward  453.10 £ 423.65  3.07+1.65  6.65 & 3.28 88.45 & 30.28 57.58 £34.09  22.12 4 25.23 65

Proposed 105.00 £ 58.04 4.75+2.06 9.62+445 858412943 48.84+26.60 4.28+0.54 100

(1) and ({) indicate whether higher or lower values are better, respectively.

of 84.43, 146.40, 105.90, and 48.84 represent reductions of
65.5%, 41.9%, 43.9%, and 55.2%, respectively, relative to
CPP. Compared with Vashisth et al., the proposed method
matched or exceeded its localization success in every condition
while reducing motion cost by 20.9-65.8%. The correspond-
ing oracle-normalized motion-cost ratios were 1.38, 2.12,
2.00, and 1.42, indicating the additional traversal required to
infer source locations that were unknown to the executable
planners.

CPP achieved the largest uncertainty reduction and coverage
because it systematically observed a broad portion of the
field. It achieved 100% localization success in the first two
fixed layouts but required motion costs of 244.38 and 251.84.
Its success rate decreased to 65% in the third fixed layout
and 85% in the random-hotspot condition. Vashisth et al.
achieved success rates of 40-95% but generally required longer
and more variable trajectories than the proposed method.
Brouwer et al. achieved 90% success in the second fixed
layout, where its mean motion cost was lower than that of the
proposed method, but its success rates were limited to 40-60%
in the remaining conditions. Riickin et al. frequently reached
the maximum mission horizon without successful localization.
Its relatively low motion cost in some conditions therefore
reflects limited trajectory progression rather than efficient task
completion.

The trajectories in Fig. 5 are consistent with the quanti-
tative results. CPP follows systematic sweep paths, whereas
Brouwer et al. and Vashisth et al. produce longer or more
variable trajectories depending on the source arrangement.
Riickin et al. remain concentrated near the initial region in sev-
eral trials. The low localization success of Riickin et al. in the
present evaluation should not be interpreted as a contradiction
of its original informative-mapping performance. The method
was originally designed for a different information-acquisition
objective, and under the common disease source localization
interface its policy-value search did not consistently produce
source-directed progression in the evaluated layouts. The pro-
posed method generates comparatively compact trajectories
directed toward disease-relevant regions while maintaining
consistent localization performance.

C. Ablation Study

Table VI evaluates the effects of removing the Bayesian
belief component, domain-aware features, and the proposed
information-motion reward. The reported terminal localization
errors for unsuccessful trials indicate the final estimate at
mission termination and should be interpreted together with
SR.

Removing the Bayesian component resulted in zero local-
ization success in all four conditions. In this variant, posterior
belief updates are disabled, so the terminal source estimate
is no longer informed by the accumulated Bayesian belief
used in the complete framework. Consequently, the zero-
success result is expected under the current task definition and
should not be interpreted as isolated evidence that posterior
uncertainty directly improves the actor’s online path-selection
decisions.

Removing the domain-aware features also resulted in zero
success across all conditions. These variants generally reached
the maximum mission horizon while exploring only a limited
portion of the environment. The result indicates that row
alignment, local crop geometry, and disease-related spectral
cues provide information that cannot be replaced by the UAV
pose alone.

Removing the information-motion reward resulted in zero
success in all three fixed-hotspot layouts and 65% success in
the random-hotspot condition. Thus, partial exploration can
emerge without the complete reward in some randomized
trials, but it does not provide consistent localization across
the evaluated source arrangements. In comparison, the full
framework achieved 90-100% success in all conditions. These
results are therefore interpreted as system-level component-
removal analyses rather than as isolated causal assessments of
each component.

D. Quantitative Comparison in Field Evaluation

The planning methods were additionally evaluated using
georeferenced LiDAR and RGN measurements acquired in
three agricultural environments. At each decision step, a
planner accessed only the measurements within its current
sensing region. The complete NDVI map was used only after
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Fig. 6. Trajectory-level comparison on three field-derived agricultural sensor maps: (a) Environment 1, (b) Environment 2, and (c) Environment 3. The first
column shows the corresponding field image, and the remaining columns show the privileged reference path, CPP, Vashisth et al., Riickin et al., Brouwer et al.,
and the proposed method. The black circle and square denote the initial and terminal UAV positions, respectively. The white star denotes the offline spectral
proxy reference obtained from the complete NDVI map and does not represent biologically verified disease ground truth. The background color indicates the
field-derived NDVI distribution.

TABLE VII

TRAJECTORY-LEVEL EVALUATION ON FIELD-DERIVED SENSOR MAPS

Environment Method Steps (1) CA (%) (T) RED (%) (1) MC (m) (J) LE (m) (}) SR (%) (1)
Oracle 443.6 = 5.4 13.61 £0.00 98.61 +0.02 45.4+1.0 0.003 £ 0.000 100
CPP 999.0 £ 0.0 67.78 £0.00  96.93 £ 0.00 240.3£0.0 3.301 £ 0.000 0
1 Vashisth et al. [24] 955.2 £196.1 73.85£4.47  96.251+0.20 384.9£8.9 3.132 + 1.666 10
Riickin et al. [23] 999.0 £ 0.0 5.72 £0.00 99.53 £ 0.00 46.1+3.4 37.608 £ 0.000 0
Brouwer et al. [22] 999.0 £ 0.0 57.90 £2.77 97.14+£0.12 4154+ 4.8 6.467 + 1.466 0
Proposed 939.0 £ 0.0 16.51 £0.26  99.24 £0.01 204.5+2.1 0.777 £ 0.018 80
Oracle 226.7+ 6.6 7.61+0.00 98.49 + 0.05 249+1.3 0.009 £ 0.000 100
CPP 999.0 £ 0.0 67.78 £0.00  96.93 £ 0.00 240.3£0.0 1.390 £ 0.000 0
5 Vashisth et al. [24] 938.8 £185.5 77.80£3.89 96.08 +0.24 402.2+21.3 3.549 +2.431 20
Riickin et al. [23] 999.0 £ 0.0 5.88 £0.22 99.52 £ 0.01 46.6 £2.9 17.711 £ 0.088 0
Brouwer et al. [22] 891.3 £ 221.2 58.75+£2.12  97.10£0.08 411.6 £9.1 3.718 + 3.449 30
Proposed 392.9+145.5 8.70+0.36 98.93 £ 0.17 82.1+63.3 0.522 + 0.186 75
Oracle 479.1+4.8 14.67£0.00 98.61 +£0.01 48.24+0.9 0.019 £+ 0.000 100
CPP 380.0 +0.0 40.61 £0.00  95.15+0.00 140.3 £0.0 0.225 + 0.000 100
3 Vashisth et al. [24] 919.9 +243.6 71.84£4.12 96.38 £0.22 370.8 £ 14.1 3.300 £ 2.469 15
Riickin et al. [23] 999.0 £ 0.0 5.90 £0.26 99.52 £ 0.02 46.3 £4.8 41.695 £ 0.162 0
Brouwer et al. [22] 999.0 £ 0.0 58.52+£2.02 97.09£0.08 338.2£10.1 4.121 +£2.142 10
Proposed 803.4 +14.0 16.40£0.10 99.06 £0.01 153.9+17.9 0.470+0.012 80

(1) and ({) indicate whether higher or lower values are better, respectively.

each trial to define an offline spectral reference and to visualize
the resulting trajectory.

As reported in Fig. 6 and Table VII, the proposed method
achieved reference-based success rates of 80%, 75%, and
80% in Environments 1-3, respectively. The corresponding
distances to the offline spectral reference were 0.777, 0.522,

and 0.470 m. In Environments 1 and 2, the proposed method
reduced motion cost relative to CPP by 14.9% and 65.8%,
respectively. In Environment 3, CPP achieved a lower motion
cost and a 100% reference-based success rate, whereas the
proposed method achieved 80% success with a motion cost
approximately 9.7% higher than that of CPP.
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The adaptive IPP baselines exhibited greater trajectory
variability and lower reference-based success across the three
field-derived maps. Vashisth et al. achieved reference-based
success rates of 10%, 20%, and 15%, whereas Brouwer et al.
achieved 0%, 30%, and 10%. Riickin et al. did not satisfy
the reference-based success criterion in any of the three
environments. The proposed method therefore provided the
most consistent agreement with the offline spectral reference
among the adaptive planners, although it did not outperform
CPP in every individual environment.

These results show that the state construction and action-
selection procedures can generate task-directed trajectories
when simulated observations are replaced by field-derived
measurements. Because the reference was obtained from the
complete NDVI map rather than from independently verified
disease ground truth, the reported distances and success rates
evaluate trajectory-level agreement with a spectral reference.
They do not establish biological disease source localization
accuracy, physical-flight robustness, or onboard computational
performance.

VII. DISCUSSION
A. Exploration Performance

The results distinguish broad field reconstruction from
task-oriented disease source localization. CPP achieved the
largest aggregate uncertainty reduction because it systemat-
ically observed a large portion of the field. The proposed
method did not maximize global belief reduction; instead,
it maintained localization success rates of 90-100% while
reducing motion cost by 41.9-65.5% relative to CPP. Its
principal advantage is therefore the reduction in traversal
required for reliable source localization rather than uniformly
superior reconstruction of the complete disease field.

Among the adaptive planners, the proposed method
achieved the highest average localization success and the
lowest average motion cost. It matched or exceeded the success
rate of Vashisth et al. in every condition and reduced the
corresponding motion cost by 20.9-65.8%. Nevertheless, it did
not dominate every individual metric: Brouwer et al. required
less motion in the second fixed layout, and CPP achieved
a lower localization error in some conditions. The oracle-
normalized ratios of 1.38-2.12 indicate the additional traversal
required when the source locations are initially unknown.
The proposed method also did not consistently minimize
redundancy, suggesting that repeated local observations may
contribute to belief refinement around disease-relevant regions
but can also introduce unnecessary traversal. Revisit-aware
regularization or short-horizon path refinement may reduce
this behavior.

B. Model Simplification

The voxel-resolution analysis showed that the 1 m repre-
sentation provided the highest localization success and the
lowest localization error for the proposed method. The 2
and 5 m configurations both achieved 80% success, but their
localization errors increased to 7.58 and 9.51 m, respectively.
The prior-initialization analysis further showed that the flat
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and pessimistic priors satisfied the localization criterion in all
20 trials, although the pessimistic prior introduced a median
delay of 9.5 steps. In contrast, neither the optimistic nor the
overconfident prior satisfied the criterion within the evaluation
horizon. These results identify spatial discretization and uni-
formly optimistic initialization as important factors affecting
source estimation.

The current framework uses a linear-Gaussian belief and
a stepwise reward to obtain a computationally tractable
approximation of trajectory-level planning. The Gaussian
representation may not fully capture multimodal disease dis-
tributions, and the linear observation model may not describe
nonlinear effects caused by canopy occlusion, illumination
variation, or nonuniform reflectance. In addition, maximizing
the discounted cumulative reward encourages motion-efficient
sensing but does not guarantee global trajectory optimality.
More expressive belief models, prior tempering, adaptive
covariance inflation, and local trajectory refinement may be
investigated to address these limitations.

C. Field Deployment Considerations

The field-derived sensor-map experiments replaced sim-
ulated observations with georeferenced LiDAR and RGN
measurements. The proposed method achieved reference-based
success rates of 80%, 75%, and 80%, with final estimates
located 0.777, 0.522, and 0.470 m from the corresponding
offline spectral references. It reduced motion cost relative to
CPP in two environments, whereas CPP achieved lower motion
cost and higher reference-based success in the third environ-
ment. These results show that the proposed state representation
and action-selection procedure can generate task-directed tra-
jectories from measured agricultural data, but they do not
establish superiority under every field configuration.

Several challenges must be addressed for field deploy-
ment. The simulated environment assumes a controlled disease
distribution, whereas real agricultural fields display more com-
plex, stochastic spatial dynamics influenced by environmental
factors (e.g., wind, humidity, and plant growth conditions).
Physical deployment must additionally account for UAV local-
ization error, vehicle dynamics, time-varying illumination,
sensor synchronization, wind disturbances, canopy occlusion,
and onboard computation time. Future work should therefore
evaluate the complete sensing, belief-update, and planning
pipeline on a physical UAV using calibrated sensors and bio-
logically confirmed reference locations. Subsequent extensions
may consider cross-field policy adaptation, robust prior han-
dling, and resource-aware cooperative UAV-UGV monitoring.

VIII. CONCLUSION

This paper presented a task-oriented IPP framework for
motion-efficient UAV-based disease source localization. The
framework combines a voxelwise Bayesian disease belief,
crop-structural and disease-related state features, and a contin-
uous TD3 policy trained using posterior uncertainty reduction
normalized by translational motion cost. In this formulation,
posterior uncertainty reduction serves as the trajectory-level
sensing criterion, whereas disease source localization is the
mission-level objective inferred from the accumulated belief.
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Across three fixed-hotspot layouts and one random-hotspot
condition, the proposed method achieved localization success
rates of 90-100% and mean localization errors of 3.80-4.73 m.
Relative to CPP, it reduced motion cost by 41.9-65.5%.
Compared with Vashisth et al., which achieved the highest
average localization success among the adaptive baselines,
the proposed method matched or exceeded its success rate
in every condition while reducing motion cost by 20.9-65.8%.
Its motion cost was 1.38-2.12 times that of the corresponding
oracle reference, indicating the additional traversal required to
infer initially unknown source locations.

The 1 m voxel representation achieved the highest local-
ization success and the lowest localization error among the
evaluated resolutions. The flat and pessimistic priors both
achieved successful localization in all 20 trials, although the
pessimistic prior introduced a median delay of 9.5 steps.
In contrast, the optimistic and overconfident priors did not
satisfy the localization criterion within the 1,000-step horizon,
identifying a limitation under globally optimistic initializa-
tion. The ablation results further characterized the roles of
the Bayesian belief, domain-aware state representation, and
information-motion reward within the complete localization
pipeline.

The evaluation on three field-derived maps constructed
from LiDAR and RGN measurements further examined the
applicability of the planning framework to measured agri-
cultural data. Because the field reference was obtained from
the complete NDVI map rather than from independently
confirmed disease ground truth, this evaluation represents
trajectory-level applicability rather than biological disease
validation or physical-flight verification. Future work will
focus on physical UAV experiments with calibrated sens-
ing, biologically confirmed references, and measured onboard
computation time. Meta-learning-based policy adaptation
[29], robust prior-handling mechanisms, and resource-aware
cooperative UAV-UGV monitoring [30], [31] will also be
investigated.
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