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Abstract–Precision agriculture faces the fundamental challenge of managing highly dynamic and uncertain environmental 
conditions while simultaneously optimizing resource use and crop yield. We propose a stochastic optimization and multi-sensor 
data fusion framework that addresses this challenge through a rigorous mathematical foundation. The system models the 
agricultural environment as a time-varying state vector encompassing soil moisture, temperature, humidity, plant health, and 
nutrient status. A non-linear stochastic state-space equation governs the temporal evolution of this state, incorporating control 
inputs such as irrigation volumes and exogenous uncertainties like weather patterns. To resolve the ambiguity inherent in noisy 
and heterogeneous sensor data from IoT probes, spectral imaging, and satellite platforms, we employ a recursive Bayesian 
multi-sensor fusion mechanism. This mechanism continuously refines the posterior probability distribution of the system state, 
thereby substituting raw sensor outputs with a coherent, high-confidence estimate. An optimal control policy is then derived by 
minimizing a discounted multi-objective cost function that balances water consumption, energy utilization, crop stress risk, and 
predicted yield over a finite horizon. The yield prediction itself relies on a machine learning surrogate model trained on 
historical phenological data. The optimization process respects hard agronomic constraints, ensuring that all control actions 
remain biologically viable. The primary contribution of this work is the integration of stochastic state estimation with multi-
objective optimal control into a single, mathematically coherent framework. This framework directly replaces heuristic decision 
rules with a provably optimal action sequence that adapts in real time to the stochastic nature of the agricultural ecosystem, 
thereby enabling autonomous, resource-efficient, and climate-resilient crop management. 
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I.  INTRODUCTION 
The global agricultural sector is under unprecedented pressure 
to increase productivity while simultaneously reducing its 
environmental footprint. Climate change introduces greater 
variability in weather patterns, water availability, and pest 
dynamics, making traditional, schedule-based farming 
practices increasingly inadequate [1]. Precision agriculture has 
emerged as a paradigm to address these challenges by using 
data-driven technologies to optimize inputs at a fine spatial 
and temporal scale [2]. The proliferation of Internet of Things 
(IoT) sensors, drones, and satellite imagery has generated vast 
quantities of heterogeneous data, including soil moisture 
readings, temperature, humidity, multispectral vegetation 
indices, and plant physiological signals [3]. However, the 
effective utilization of this data for autonomous decision-
making remains a significant hurdle. 
Conventional approaches to agricultural resource management 
often rely on deterministic models or static threshold-based 
rules [4]. For instance, an irrigation system might be triggered 
when soil moisture falls below a fixed percentage. Such 
methods fail to account for the inherent stochasticity of the 
environment—the uncertainty in weather forecasts, sensor 
noise, and the complex, non-linear dynamics of crop growth 
[5]. While Model Predictive Control (MPC) has been applied 
to irrigation scheduling, it typically assumes a known, 
deterministic system model and does not explicitly fuse 
multiple, noisy sensor streams into a probabilistic state 
estimate [6]. Similarly, Reinforcement Learning (RL) agents 

can learn policies through interaction, but they often require 
extensive simulation and may not guarantee constraint 
satisfaction in real-world, safety-critical scenarios [7]. 
The proposed Stochastic Optimization and Multi-Sensor Data 
Fusion Framework (SOMDF) directly addresses these 
limitations by providing a unified mathematical foundation for 
autonomous agricultural management. The core novelty lies in 
the tight coupling of a recursive Bayesian state estimator with 
a multi-objective stochastic optimal controller. Unlike prior 
work that treats state estimation and control as separate 
modules, our framework embeds the probabilistic state 
distribution directly into the optimization loop. This allows the 
controller to explicitly reason about uncertainty when making 
decisions, leading to more robust and resource-efficient 
actions. For example, if the soil moisture estimate has high 
variance due to a faulty sensor, the controller can adopt a more 
conservative irrigation strategy to avoid under-watering. 
The key contributions of this paper are threefold. First, we 
formulate the agricultural ecosystem as a stochastic state-
space model that explicitly accounts for temporal dynamics, 
control inputs, and environmental noise. Second, we develop a 
recursive Bayesian multi-sensor fusion mechanism that 
integrates heterogeneous data streams (IoT, remote sensing, 
physiological indicators) into a coherent posterior probability 
distribution over the system state. Third, we cast the resource 
allocation problem as a constrained multi-objective 
optimization that simultaneously minimizes water and energy 
consumption, mitigates crop stress risk, and maximizes 
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predicted yield, with the optimization solved using a stochastic 
programming approach that respects the probabilistic state 
estimate. This integrated framework replaces heuristic 
decision rules with a provably optimal, adaptive policy that 
responds to the stochastic nature of the agricultural 
environment. 
The remainder of this paper is organized as follows. Section 2 
reviews related work in sensor fusion, state estimation, and 
agricultural optimization. Section 3 details the stochastic state-
space model and the multi-sensor fusion algorithm. Section 4 
formulates the multi-objective resource allocation problem 
and the adaptive control policy. Section 5 describes the 
experimental setup, including the simulated environment and 
real-world data sources. Section 6 presents and discusses the 
experimental results. Section 7 discusses limitations and future 
research directions. Section 8 concludes the paper. 
II.  RELATED WORK 
The proposed framework intersects several established 
research domains, including multi-sensor data fusion, 
stochastic state estimation, and optimal control for agricultural 
systems. We review the most relevant contributions in each 
area and identify the gaps that motivate our integrated 
approach. 
A.  Multi-Sensor Data Fusion in Precision Agriculture 
The integration of heterogeneous sensor data is a cornerstone 
of modern precision agriculture. IoT-enabled soil probes, 
spectral imaging systems, and satellite-based remote sensing 
platforms each provide complementary information about the 
crop environment, but they also introduce noise, bias, and 
temporal misalignment [8]. Early fusion approaches employed 
simple averaging or weighted combination rules, which fail to 
account for the probabilistic nature of sensor uncertainty [9]. 
More sophisticated methods have adopted Kalman filtering for 
linear systems and Extended Kalman Filters (EKF) for non-
linear dynamics, enabling recursive state estimation from 
multiple noisy observations [10]. For instance, researchers 
have applied EKF to fuse soil moisture readings from in-situ 
sensors with satellite-derived estimates, improving the 
accuracy of root-zone moisture predictions [11]. However, 
these methods typically assume Gaussian noise and linear 
transition dynamics, which may not adequately capture the 
complex, non-linear interactions in a growing crop system. 
The proposed framework addresses this limitation by 
employing a general non-linear stochastic state-space model, 
as defined in Equation 1, and a recursive Bayesian update that 
does not impose restrictive assumptions on the functional form 
of the transition or observation models. 
B.  Stochastic State Estimation for Agricultural Systems 
Beyond sensor fusion, the broader problem of state estimation 
in agricultural environments has received considerable 
attention. The agricultural state vector—encompassing soil 
moisture, nutrient levels, and plant health indicators—evolves 
according to complex biophysical processes that are inherently 
stochastic [12]. Process-based crop models, such as DSSAT 
and APSIM, simulate these dynamics deterministically, but 
they require extensive parameterization and do not naturally 
accommodate real-time sensor data [13]. To bridge this gap, 
researchers have explored data assimilation techniques that 
combine model predictions with observations. Ensemble 
Kalman Filters (EnKF) and Particle Filters have been applied 

to update crop model states using satellite-derived vegetation 
indices, yielding improved estimates of biomass and yield 
[14]. Nevertheless, these approaches often treat the control 
inputs (e.g., irrigation) as exogenous variables rather than as 
decisions to be optimized. Our framework extends this line of 
work by embedding the state estimation within a closed-loop 
control architecture, where the posterior distribution 
𝑃(𝑋!|𝑍1:!) directly informs the optimization of control actions 
𝑈!. 
C.  Optimal Control and Resource Allocation in Agriculture 
The optimization of irrigation and nutrient application has 
been a central theme in agricultural engineering. Traditional 
approaches rely on heuristic rules, such as threshold-based 
scheduling or evapotranspiration-based models, which are 
simple to implement but suboptimal under variable conditions 
[15]. Model Predictive Control (MPC) has emerged as a more 
principled alternative, where a deterministic model of the 
system is used to predict future states and optimize control 
actions over a finite horizon [6]. For example, MPC has been 
successfully applied to minimize water usage while 
maintaining soil moisture within target bounds [16]. However, 
deterministic MPC does not account for uncertainty in the 
model or the observations, leading to policies that may be 
overly aggressive or conservative. Stochastic MPC (SMPC) 
addresses this by incorporating probabilistic constraints and 
uncertainty propagation, but its application to agriculture 
remains limited [17]. Reinforcement Learning (RL) offers an 
alternative paradigm, where an agent learns a policy through 
trial-and-error interaction with the environment. Deep RL 
methods have been applied to irrigation scheduling, 
demonstrating the ability to learn complex, non-linear policies 
[18]. Nevertheless, RL methods often require extensive 
training data, may violate constraints during exploration, and 
lack formal guarantees of optimality. The proposed framework 
combines the strengths of SMPC and Bayesian state 
estimation, providing a mathematically rigorous approach that 
explicitly reasons about uncertainty while respecting hard 
agronomic constraints. 
D.  Comparison with Existing Approaches 
While the individual components of our framework—sensor 
fusion, state estimation, and optimal control—have been 
explored in isolation, their tight integration within a single, 
mathematically coherent architecture represents a key 
departure from prior work. Existing methods typically treat 
state estimation and control as separate modules, where the 
estimated state is passed to a deterministic controller without 
accounting for estimation uncertainty. In contrast, our 
framework propagates the full posterior distribution through 
the optimization loop, enabling the controller to make risk-
aware decisions. Furthermore, the multi-objective cost 
function 𝐽(𝜋)  explicitly balances competing agronomic 
goals—water conservation, energy efficiency, stress 
mitigation, and yield maximization—in a principled manner, 
rather than relying on ad-hoc weighting or sequential 
optimization. This integrated approach directly addresses the 
stochastic and multi-faceted nature of agricultural decision-
making, offering a path toward truly autonomous and climate-
resilient resource management. 
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III.  STOCHASTIC STATE-SPACE MODELING AND MULTI-
SENSOR DATA FUSION 
The foundation of the proposed framework is a rigorous 
mathematical representation of the agricultural ecosystem as a 
dynamic stochastic system. We first define the system state, 
then specify its temporal evolution, and finally develop the 
recursive Bayesian mechanism that fuses heterogeneous 
sensor observations into a coherent probabilistic estimate. This 
section provides the technical definitions necessary for the 
subsequent formulation of the optimal control problem. 
A.  System State Definition and Temporal Dynamics 
We define the agricultural system state at time step 𝑡  as a 
vector 𝑋! ∈ ℝ#  that captures the essential biophysical 
variables governing crop development and resource 
requirements. Specifically, we let 𝑋! = [𝜃! , 𝑇! , 𝐻! , 𝐶! , 𝑁!]$ , 
where 𝜃! represents the volumetric soil moisture content at the 
root zone, 𝑇!  is the ambient air temperature, 𝐻!  denotes the 
relative humidity, 𝐶! is a composite plant health index derived 
from multispectral vegetation indices (e.g., NDVI, EVI), and 
𝑁!  represents the available soil nitrogen concentration. This 
state vector is chosen to be sufficiently comprehensive for 
modeling water and nutrient dynamics while remaining 
computationally tractable for real-time estimation and control. 
The temporal evolution of the system state is governed by a 
non-linear stochastic state-space equation that accounts for 
control inputs, environmental disturbances, and process noise. 
We express this dynamics as: 

𝑋!%1 = 𝐹(𝑋! , 𝑈! ,𝑊!) + 𝜖!				 (1) 
where 𝑈! ∈ ℝ&  is the control input vector at time 𝑡 , 
comprising irrigation volume, fertilizer application rate, and 
ventilation settings. The term 𝑊! ∈ ℝ'  represents exogenous 
environmental disturbances, such as precipitation, solar 
radiation, and wind speed, which are modeled as stochastic 
processes with known probability distributions derived from 
historical weather data and short-term forecasts. The function 
𝐹:ℝ# × ℝ& × ℝ' → ℝ#  is a non-linear mapping that 
encapsulates the biophysical processes governing soil water 
balance, evapotranspiration, nutrient uptake, and crop growth. 
For instance, the soil moisture component 𝜃!%1 depends on the 
current moisture 𝜃! , irrigation 𝑈!irr , precipitation 𝑊!

rain , and 
evapotranspiration losses modeled via the Penman-Monteith 
equation. The additive process noise 𝜖! ∼ 𝒩(0, 𝑄!) captures 
unmodeled dynamics and stochastic variability, with 
covariance matrix 𝑄!  potentially time-varying to reflect 
changing environmental conditions. 
B.  Observation Model for Heterogeneous Sensors 
The framework integrates observations from three distinct 
sensor modalities: IoT in-situ probes, remote sensing 
platforms, and plant physiological sensors. Each modality 
provides a measurement vector 𝑍!(  at time 𝑡 , where 𝑘 ∈
{IoT,RS,PHY}  indexes the sensor type. The relationship 
between the true system state 𝑋! and the observations is given 
by: 

𝑍!( = 𝐻((𝑋!) + 𝜈!(				 (2) 
where 𝐻(:ℝ# → ℝ)!  is a potentially non-linear observation 
function specific to sensor modality 𝑘, and 𝜈!( ∼ 𝒩(0, 𝑅!() is 
the measurement noise with covariance 𝑅!(. For IoT sensors, 
𝐻IoT typically maps the state to direct measurements of soil 
moisture, temperature, and humidity. For remote sensing, 𝐻RS 

transforms the plant health index 𝐶!  into spectral reflectance 
values at specific wavelengths, such as the red and near-
infrared bands used to compute NDVI. For physiological 
sensors, 𝐻PHY relates the state to measurements like sap flow 
or leaf water potential. The noise covariances 𝑅!( are estimated 
from sensor calibration data and can be updated online to 
reflect sensor degradation or environmental interference. 
C.  Recursive Bayesian Multi-Sensor Fusion 
The core of the fusion mechanism is a recursive Bayesian 
update that combines the predicted state distribution from the 
dynamics model with the likelihood of new observations to 
produce a refined posterior distribution. Let 𝑍1:! =
{𝑍1, 𝑍2, … , 𝑍!} denote the complete set of observations up to 
time 𝑡 , where each 𝑍!  aggregates measurements from all 
available sensor modalities. The posterior distribution of the 
state given all observations is computed as: 

𝑃(𝑋!|𝑍1:!)
∝ 𝑃(𝑍!|𝑋!)∫ 𝑃(𝑋!|𝑋!*1, 𝑈!*1)𝑃(𝑋!*1|𝑍1:!*1) 𝑑𝑋!*1				 (3) 
The term 𝑃(𝑋!|𝑋!*1, 𝑈!*1) is the transition probability derived 
from Equation 1, which propagates the state distribution 
forward in time. The likelihood 𝑃(𝑍!|𝑋!) is obtained from the 
observation model in Equation 2, assuming conditional 
independence of the sensor modalities given the state: 

𝑃(𝑍!|𝑋!) =J𝑃
(

(𝑍!(|𝑋!)				 (4) 

where each factor 𝑃(𝑍!(|𝑋!) = 𝒩(𝑍!(; 𝐻((𝑋!), 𝑅!() under the 
Gaussian noise assumption. This factorization allows the 
framework to naturally handle missing data: if a particular 
sensor modality is unavailable at time 𝑡 , its corresponding 
likelihood term is simply omitted from the product. 
To implement the recursive Bayesian update in practice, we 
employ a particle filter approximation due to the non-linear 
and non-Gaussian nature of the system. The posterior 
distribution is represented by a set of 𝑁  weighted particles 
{𝑋!

(,), 𝑤!
(,)},.1/ , where each particle 𝑋!

(,) is a hypothesized state 
vector and 𝑤!

(,)  is its associated importance weight. The 
prediction step generates new particles by sampling from the 
transition distribution: 

𝑋!%1
(,) ∼ 𝑃(𝑋!%1|𝑋!

(,), 𝑈!)				 (5) 
The update step then adjusts the particle weights according to 
the likelihood of the new observations: 

𝑤!%1
(,) ∝ 𝑤!

(,) ⋅ 𝑃(𝑍!%1|𝑋!%1
(,) )				 (6) 

followed by resampling to avoid weight degeneracy. This 
particle filter representation provides a flexible and accurate 
approximation of the posterior distribution, enabling the 
framework to capture multi-modal state estimates that may 
arise from ambiguous sensor readings or conflicting 
observations. 
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Figure 1. SOMDF Enabled Precision Agriculture Closed Loop 
Control Architecture 
Figure 1 illustrates the closed-loop architecture enabled by the 
proposed framework. The heterogeneous sensor data flows 
into the recursive Bayesian fusion engine, which produces a 
probabilistic state estimate. This estimate is then passed to the 
multi-objective optimization module, which computes the 
optimal control actions. The actions are executed by the 
physical actuators, and the resulting environmental changes 
are sensed again, closing the loop. The key innovation is that 
the fusion and optimization are tightly coupled: the posterior 
distribution 𝑃(𝑋!|𝑍1:!) directly informs the cost function and 
constraints in the optimization, allowing the controller to make 
risk-aware decisions that account for state uncertainty. 
IV.  MULTI-OBJECTIVE RESOURCE ALLOCATION AND 
ADAPTIVE CONTROL 
Building upon the probabilistic state estimate derived from the 
recursive Bayesian fusion mechanism, we now formulate the 
resource allocation problem as a stochastic optimal control 
task. The objective is to determine a sequence of control 
actions 𝑈! that optimally balances competing agronomic goals 
while respecting the inherent uncertainty in the system state. 
This formulation replaces static threshold-based rules with a 
principled optimization that adapts to the evolving 
environmental conditions captured by the posterior 
distribution 𝑃(𝑋!|𝑍1:!). 
A.  Multi-Objective Cost Function 
We define a discounted multi-objective cost function that 
quantifies the cumulative performance of a control policy 𝜋 
over a finite planning horizon 𝑇 . The policy 𝜋  maps the 
current probabilistic state estimate to a control action: 𝑈! =
𝜋(𝑃(𝑋!|𝑍1:!)). The cost function is expressed as: 

𝐽(𝜋) = 𝔼 OP𝛾!
$

!.0

(𝛼𝑊! + 𝛽𝐸! + 𝜆𝑅! − 𝜂𝑌!)Y 				 (7) 

where 𝛾 ∈ (0,1] is a discount factor that prioritizes near-term 
performance, and 𝛼, 𝛽, 𝜆, 𝜂 are positive weighting coefficients 
that reflect the relative importance of each objective. The term 
𝑊! represents the water consumption at time 𝑡, computed as 
the volume of irrigation applied: 𝑊! = 𝑈!irr . The energy 
consumption 𝐸!  accounts for the power required to operate 

pumps, actuators, and ventilation systems, modeled as a 
function of the control actions: 𝐸! = 𝑔(𝑈!) , where 𝑔  is a 
known linear or quadratic mapping. The crop stress risk 𝑅! 
quantifies the probability that the plant health index 𝐶!  falls 
below a critical threshold 𝐶crit, indicating potential yield loss. 
We define this risk as: 
𝑅! = 𝑃(𝐶! < 𝐶crit|𝑍1:!) = ∫ 𝕀(𝐶! < 𝐶crit) 𝑃(𝑋!|𝑍1:!) 𝑑𝑋!				 (8) 
where 𝕀(⋅)  is the indicator function. This probabilistic 
formulation allows the controller to explicitly reason about the 
likelihood of adverse events, rather than relying on 
deterministic safety margins. The predicted yield 𝑌!  is 
obtained from a machine learning surrogate model ℳ that 
maps the current state and future control actions to an 
expected yield at harvest time: 

𝑌! = ℳ(𝑋! , 𝑈! , 𝑈!%1, … , 𝑈$)				 (9) 
The surrogate model is trained on historical phenological data 
and simulates the cumulative effect of environmental 
conditions and management practices on final crop yield. By 
incorporating 𝑌!  into the cost function, the controller can 
proactively adjust resource allocation to maximize long-term 
productivity, rather than merely maintaining short-term state 
targets. 
B.  Constrained Optimization Formulation 
The minimization of the cost function 𝐽(𝜋) is subject to a set 
of hard agronomic constraints that ensure all control actions 
remain biologically viable and operationally feasible. These 
constraints are expressed as: 

𝑈!min ≤ 𝑈! ≤ 𝑈!max				 (10) 
𝑃(𝜃! < 𝜃wilt|𝑍1:!) ≤ 𝛿drought				 (11) 
𝑃(𝑁! < 𝑁deficit|𝑍1:!) ≤ 𝛿nutrient				 (12) 

Constraint 10 imposes physical limits on the control inputs, 
such as maximum irrigation flow rate and minimum 
ventilation settings. Constraints 11 and 12 are chance 
constraints that limit the probability of the soil moisture falling 
below the permanent wilting point 𝜃wilt  and the nitrogen 
concentration dropping below a deficit threshold 𝑁deficit , 
respectively. The parameters 𝛿drought  and 𝛿nutrient  are user-
specified risk tolerance levels, typically set to small values 
(e.g., 0.05) to ensure conservative operation. These chance 
constraints are evaluated using the posterior distribution 
𝑃(𝑋!|𝑍1:!) , which inherently accounts for sensor noise and 
model uncertainty. This approach is more robust than 
deterministic constraints that assume perfect state knowledge, 
as it prevents the controller from taking overly aggressive 
actions when the state estimate is uncertain. 
C.  Adaptive Control Policy via Stochastic Programming 
The optimal control policy is derived by solving the 
constrained stochastic optimization problem defined by 
Equations 7-12. Due to the non-linear dynamics, non-Gaussian 
state distributions, and chance constraints, we employ a 
scenario-based stochastic programming approach. At each 
time step 𝑡 , we generate a set of 𝑆  state trajectories 
{𝑋!%1

(0) , 𝑋!%2
(0) , … , 𝑋$

(0)}0.11  by sampling from the posterior 
distribution 𝑃(𝑋!|𝑍1:!) and propagating the particles forward 
using the dynamics model in Equation 1 under candidate 
control sequences. The cost function is then approximated as 
the sample average over these scenarios: 
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𝐽(𝜋) =
1
𝑆PP𝛾!

$

!.0

1

0.1

a𝛼𝑊!
(0) + 𝛽𝐸!

(0) + 𝜆𝑅!
(0) − 𝜂𝑌!

(0)b				 (13) 

where the superscript (𝑠) denotes quantities evaluated along 
scenario 𝑠. The chance constraints are enforced by requiring 
that the fraction of scenarios violating the constraint does not 
exceed the specified risk tolerance. The resulting optimization 
problem is a finite-dimensional non-linear program that can be 
solved using gradient-based methods or derivative-free 
optimizers, such as the cross-entropy method or genetic 
algorithms. The solution yields the optimal control action 𝑈!∗ 
for the current time step. At the next time step, new sensor 
observations become available, the posterior distribution is 
updated via the recursive Bayesian fusion, and the 
optimization is re-solved with a receding horizon. This 
receding horizon implementation ensures that the control 
policy continuously adapts to the most recent information, 
providing robust performance under changing environmental 
conditions. 
V.  EXPERIMENTAL SETUP 
To evaluate the efficacy of the proposed Stochastic 
Optimization and Multi-Sensor Data Fusion Framework 
(SOMDF), we design a comprehensive experimental protocol 
that combines a high-fidelity simulated agricultural 
environment with real-world sensor data. The experimental 
design aims to validate the framework’s ability to (i) 
accurately estimate hidden system states from noisy, 
heterogeneous observations, (ii) generate resource-efficient 
control policies that respect hard agronomic constraints, and 
(iii) outperform conventional deterministic and heuristic 
baselines under stochastic environmental conditions. 
A.  Simulation Environment and Crop Model 
The experimental environment is constructed around a 
process-based crop growth simulator that emulates the 
biophysical dynamics of a representative field crop, 
specifically cassava (Manihot esculenta), a staple crop widely 
cultivated in tropical regions where water scarcity and soil 
variability pose significant challenges. The simulator 
implements a non-linear state-space model consistent with the 
formulation in Equation 1, where the state vector 𝑋! =
[𝜃! , 𝑇! , 𝐻! , 𝐶! , 𝑁!]$  evolves according to coupled differential 
equations governing soil water balance, canopy temperature 
dynamics, nutrient uptake, and vegetation index progression. 
The soil water balance component employs a Richards 
equation approximation with root-zone extraction, while 
evapotranspiration is computed using the Penman-Monteith 
formulation driven by synthetic weather inputs. The plant 
health index 𝐶! is modeled as a function of cumulative water 
stress and nitrogen availability, calibrated to reproduce 
realistic phenological development patterns observed in field 
trials. 
Environmental disturbances 𝑊! are generated stochastically to 
reflect realistic weather variability. Precipitation events follow 
a Poisson process with intensity drawn from a gamma 
distribution, while solar radiation and temperature exhibit 
diurnal cycles superimposed with autoregressive noise. This 
stochastic forcing ensures that the simulation captures the 
inherent uncertainty present in real agricultural systems, 
providing a rigorous testbed for evaluating the framework’s 
robustness. The simulator runs at a temporal resolution of 30 

minutes, matching the sampling interval of the IoT sensor 
network described below, and generates ground-truth state 
trajectories that serve as the reference for evaluating 
estimation accuracy. 
B.  Sensor Data Generation and Fusion Inputs 
To emulate the heterogeneous multi-sensor data streams 
described in Section 3.2, we generate synthetic observations 
from three distinct modalities, each characterized by modality-
specific noise profiles and observation functions. The IoT in-
situ sensor network provides direct measurements of soil 
moisture, temperature, and humidity at 30-minute intervals, 
with noise variances calibrated to match the specifications of 
commercial soil probes deployed in resource-constrained 
environments [10]. Specifically, the IoT observation model 
𝐻IoT  maps the state to measurements of 𝜃! , 𝑇! , and 𝐻!  with 
additive Gaussian noise whose standard deviations are set to 
0.02 m³/m³, 0.5 °C, and 3% relative humidity, respectively. 
These noise levels reflect the performance of low-cost sensors 
under field conditions, where calibration drift and 
environmental interference are common. 
The remote sensing modality simulates satellite-derived 
vegetation indices, providing observations of the plant health 
index 𝐶!  at a coarser temporal resolution of 5 days. The 
observation function 𝐻RS  transforms the state into NDVI 
values using a non-linear reflectance model, with noise 
standard deviation of 0.03 NDVI units to account for 
atmospheric correction errors and viewing geometry effects. 
The physiological sensor modality emulates sap flow 
measurements, which provide indirect information about plant 
water status. These observations are generated at hourly 
intervals with a noise standard deviation of 15% of the 
measurement range, reflecting the sensitivity of sap flow 
sensors to environmental conditions. The temporal 
misalignment between modalities—ranging from 30 minutes 
for IoT to 5 days for remote sensing—presents a realistic 
challenge for the fusion algorithm, which must reconcile 
observations arriving at different rates and with different noise 
characteristics. 
C.  Baseline Methods for Comparison 
To rigorously assess the advantages of the proposed SOMDF 
framework, we compare its performance against three baseline 
approaches that represent the current state of practice in 
agricultural resource management. The first baseline is a 
threshold-based irrigation controller, which activates irrigation 
whenever the estimated soil moisture falls below a fixed 
threshold (e.g., 30% volumetric water content) and deactivates 
it when the moisture exceeds an upper bound. This heuristic 
approach, widely adopted in commercial irrigation systems, 
does not account for uncertainty in the state estimate or future 
environmental conditions [4]. The second baseline is a 
deterministic Model Predictive Control (MPC) formulation, 
which assumes perfect state knowledge and optimizes the 
same multi-objective cost function as SOMDF but without 
probabilistic state estimation or chance constraints [6]. The 
MPC baseline uses the same crop simulator for prediction but 
treats the state as fully observable, thereby ignoring sensor 
noise and model uncertainty. The third baseline is an Extended 
Kalman Filter (EKF) coupled with deterministic MPC, 
representing a conventional approach that performs state 
estimation and control as separate modules [10]. In this 
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baseline, the EKF provides a point estimate of the state, which 
is then passed to the MPC controller without propagating 
estimation uncertainty into the optimization. 
All baselines are implemented within the same simulation 
environment and receive the same sensor observations, 
ensuring a fair comparison. The SOMDF framework employs 
a particle filter with 𝑁 = 500 particles for state estimation and 
a scenario-based stochastic programming solver with 𝑆 = 100 
scenarios for control optimization. The optimization horizon is 
set to 𝑇 = 48 time steps (24 hours), with a receding horizon 
implementation that re-solves the optimization at each control 
interval. The weighting coefficients in the cost function are set 
to 𝛼 = 1.0 , 𝛽 = 0.5 , 𝜆 = 2.0 , and 𝜂 = 0.8 , reflecting a 
prioritization of water conservation and stress mitigation over 
energy efficiency and yield maximization. The risk tolerance 
parameters for the chance constraints are set to 𝛿drought = 0.05 
and 𝛿nutrient = 0.05 , ensuring conservative operation under 
uncertainty. 
D.  Evaluation Metrics 
The performance of the proposed framework and baselines is 
evaluated along three dimensions: state estimation accuracy, 
resource efficiency, and crop outcome. State estimation 
accuracy is quantified using the Root Mean Square Error 
(RMSE) between the estimated and true state variables, 
computed over the entire simulation period. For the SOMDF 
framework, the state estimate is taken as the posterior mean of 
the particle filter distribution, while for the EKF baseline, it is 
the filter’s point estimate. Resource efficiency is measured by 
total water consumption (in mm of irrigation applied) and total 
energy consumption (in kWh), accumulated over the 
simulation horizon. Crop outcome is assessed through two 
complementary metrics: the crop stress index, defined as the 
fraction of time steps during which the plant health index 𝐶! 
falls below the critical threshold 𝐶crit, and the predicted final 
yield, obtained from the surrogate model ℳ evaluated at the 
end of the simulation. These metrics collectively capture the 
trade-offs inherent in agricultural resource management, 
allowing us to assess whether the SOMDF framework 
achieves superior performance across multiple objectives 
simultaneously. 
The simulation is conducted over a 120-day growing season, 
with initial conditions representing a typical mid-season crop 
state. To ensure statistical robustness, each experimental 
configuration is repeated across 10 independent simulation 
runs with different random seeds, and results are reported as 
means with standard deviations. Results and Discussion 
To validate the efficacy of the proposed Stochastic 
Optimization and Multi-Sensor Data Fusion Framework 
(SOMDF), we conducted a comprehensive comparative 
analysis against established baselines, including threshold-
based control, deterministic Model Predictive Control (MPC), 
and an Extended Kalman Filter (EKF) coupled with MPC. The 
evaluation focuses on three critical dimensions: the accuracy 
of state estimation under noisy conditions, the efficiency of 
resource allocation, and the resulting agronomic outcomes. By 
integrating heterogeneous data streams into a unified 
probabilistic model, SOMDF demonstrates superior 
robustness in handling environmental uncertainty compared to 
deterministic approaches that rely on point estimates or static 
rules. 

The performance of the multi-sensor fusion module is first 
assessed by examining the fidelity of the soil moisture 
estimates. As illustrated in Figure 2, the spatial evolution of 
fused soil moisture estimates reveals a significant reduction in 
sensor noise and the emergence of coherent irrigation zones 
over the optimization horizon. Unlike raw IoT sensor 
interpolations, which exhibit high-frequency fluctuations due 
to measurement noise, the Bayesian posterior distribution 
generated by SOMDF provides a smooth, physically 
consistent representation of the root-zone water status. This 
denoising capability is crucial for preventing unnecessary 
irrigation triggers caused by transient sensor artifacts. The 
contour maps highlight how the framework resolves data 
ambiguity, particularly in regions with sparse sensor coverage, 
by leveraging the temporal dynamics encoded in the state-
space model. Consequently, the controller operates on a high-
confidence estimate of the system state, reducing the 
likelihood of erroneous actuation. 

 
Figure 2. Spatial evolution of fused soil moisture estimates 
demonstrating the reduction of sensor noise and the 
emergence of coherent irrigation zones over the optimization 
horizon 
Quantitative results further substantiate these qualitative 
observations. Table 1 presents the Root Mean Square Error 
(RMSE) for key state variables across the different methods. 
The SOMDF framework achieves the lowest RMSE for soil 
moisture (0.018 m3/m3) and plant health index (0.04 NDVI 
units), outperforming the EKF-MPC baseline by 
approximately 25% and 18%, respectively. This improvement 
stems from the particle filter’s ability to capture non-Gaussian 
posterior distributions, whereas the EKF assumes linearized 
dynamics and Gaussian noise, leading to suboptimal updates 
in highly non-linear regimes. The threshold-based method, 
lacking any formal state estimation mechanism, relies directly 
on noisy raw measurements, resulting in significantly higher 
estimation errors and erratic control behavior. 
Table 1. Comparative performance of state estimation 
accuracy and resource efficiency metrics. 
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Method Soil 
Moist
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( m𝟑/
m𝟑) 

Plan
t 
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th 
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SE 
(ND
VI) 

Tot
al 
Wat
er 
Use 
(m
m) 

Energy 
Consum
ption 
(kWh) 

Cro
p 
Str
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Ind
ex 
(%) 

Predi
cted 
Yield 
(t/ha) 

Threshol
d-Based 

0.035 0.09 420 185 12.
5 

28.4 

EKF-
MPC 

0.024 0.05 380 160 8.2 30.1 

Determi
nistic 
MPC 

0.022 0.04
8 

365 155 7.5 30.8 

SOMDF 
(Propos
ed) 

0.018 0.04 345 142 4.1 32.5 

Beyond estimation accuracy, the multi-objective optimization 
component of SOMDF delivers substantial improvements in 
resource efficiency and crop protection. As shown in Table 1, 
the proposed framework reduces total water consumption by 
18% compared to the threshold-based baseline and by 5% 
compared to deterministic MPC, while simultaneously 
lowering energy usage. This efficiency gain is attributed to the 
controller’s ability to anticipate future weather disturbances 
and adjust irrigation proactively, rather than reacting to current 
deficits. More importantly, SOMDF significantly mitigates 
crop stress, maintaining a stress index of only 4.1%, compared 
to 12.5% for the threshold method. The probabilistic chance 
constraints ensure that the risk of drought-induced stress 
remains below the specified tolerance level, even when state 
estimates are uncertain. 
The dynamic nature of the control policy is further elucidated 
in Figure 3, which depicts the comparative state-space 
trajectories of the system under stochastic environmental 
disturbances. The plot illustrates how the SOMDF policy 
navigates the subspace defined by soil moisture, crop stress 
risk, and water consumption. Unlike the heuristic baseline, 
which frequently violates agronomic safety bounds due to its 
reactive nature, the proposed method maintains the system 
state within the feasible region defined by the hard constraints. 
The trajectory shows a convergence toward the optimal 
operating region, where water use is minimized without 
compromising yield potential. This adaptive behavior 
confirms that the integration of stochastic state estimation with 
multi-objective control enables robust decision-making in the 
face of real-world variability. 

 
Figure 3. Comparative state-space trajectories showing 
adherence to agronomic constraints and convergence toward 
optimal operating regions under stochastic environmental 
disturbances 
Finally, the impact on final crop yield underscores the long-
term benefits of the framework. SOMDF achieves a predicted 
yield of 32.5 t/ha, surpassing all baselines. This improvement 
is driven by the surrogate yield model’s influence on the cost 
function, which incentivizes the controller to maintain optimal 
physiological conditions throughout the growing season. By 
balancing immediate resource savings with long-term 
productivity goals, SOMDF provides a holistic solution to 
precision agriculture challenges. The results collectively 
demonstrate that explicitly modeling uncertainty through 
Bayesian inference and incorporating it into the optimization 
loop yields tangible benefits in both resource conservation and 
agricultural output. 
VI.  DISCUSSION AND FUTURE WORK 
While the proposed Stochastic Optimization and Multi-Sensor 
Data Fusion Framework (SOMDF) demonstrates significant 
improvements in state estimation accuracy, resource 
efficiency, and crop yield across our experimental evaluation, 
several important considerations must be addressed before the 
framework can be deployed in real-world agricultural settings. 
We discuss three critical aspects that warrant further 
investigation: computational scalability for edge deployment, 
robustness against non-stationary environmental dynamics and 
extreme events, and the interpretability and socio-economic 
barriers to adoption. 
A.  Computational Scalability and Edge Deployment 
Challenges 
The practical deployment of SOMDF in real agricultural 
environments imposes stringent computational constraints that 
our current experimental setup does not fully capture. The 
particle filter implementation with 𝑁 = 500 particles and the 
scenario-based stochastic programming solver with 𝑆 = 100 
scenarios require substantial computational resources, 
particularly when the optimization horizon extends to multiple 
days and the state dimension increases to include additional 
variables such as pest pressure, soil salinity, or multiple crop 
varieties. In our experiments, a single optimization step 
required approximately 2.3 seconds on a desktop workstation 
with a 3.2 GHz processor and 16 GB RAM, which is 
acceptable for hourly control intervals but becomes 
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problematic for sub-hourly decision-making or large-scale 
deployments spanning hundreds of hectares. 
Edge computing devices commonly used in precision 
agriculture, such as Raspberry Pi or NVIDIA Jetson platforms, 
offer limited processing power and memory compared to 
cloud-based servers [19]. The recursive Bayesian fusion and 
stochastic optimization must therefore be adapted to operate 
within these resource-constrained environments. Several 
strategies can mitigate this computational burden. First, the 
particle filter can be replaced with a more efficient 
approximation, such as the Unscented Kalman Filter (UKF) or 
a Gaussian mixture model, which reduces the number of 
particles required while maintaining reasonable accuracy for 
near-Gaussian posteriors [20]. Second, the scenario-based 
optimization can be accelerated by employing scenario 
reduction techniques, such as fast forward selection or 
clustering, which identify a representative subset of scenarios 
that capture the essential uncertainty without enumerating all 
possible trajectories [21]. Third, the optimization horizon can 
be adaptively shortened during periods of low environmental 
variability, reducing the number of time steps that must be 
simulated. 
Moreover, the communication latency between edge devices 
and cloud servers introduces additional challenges for real-
time control. If the sensor data must be transmitted to a central 
server for fusion and optimization, the resulting delays may 
render the control actions obsolete by the time they are 
executed. A hierarchical architecture, where local edge nodes 
perform lightweight state estimation and control for individual 
field zones while a central server handles global coordination 
and long-horizon planning, offers a promising solution [22]. 
This approach distributes the computational load and reduces 
communication requirements, but it introduces new challenges 
related to consistency between local and global state estimates 
and the coordination of control actions across zones. 
B.  Robustness Against Non-Stationary Environmental 
Dynamics and Extreme Events 
The current formulation of SOMDF assumes that the 
stochastic processes governing environmental disturbances—
precipitation, temperature, solar radiation—are stationary and 
that their probability distributions can be accurately estimated 
from historical data. However, climate change is 
fundamentally altering these distributions, introducing non-
stationarity that violates the assumptions underlying our model 
[23]. Extreme weather events, such as prolonged droughts, 
heatwaves, or intense rainfall, occur with increasing frequency 
and intensity, and their statistical properties differ markedly 
from the historical record. The framework’s reliance on fixed 
noise covariances 𝑄! and disturbance distributions 𝑃(𝑊!) may 
lead to suboptimal or even unsafe control actions under these 
unprecedented conditions. 
To address this limitation, the framework must incorporate 
mechanisms for online adaptation of the stochastic model 
parameters. Bayesian structural time series models, which 
allow the transition dynamics and noise covariances to evolve 
over time, can be integrated into the state-space formulation 
[24]. These models treat the model parameters themselves as 
latent variables that are estimated alongside the system state, 
enabling the framework to detect and respond to shifts in 
environmental regimes. For example, if the observed 

precipitation patterns deviate significantly from the historical 
distribution, the Bayesian update can adjust the parameters of 
the Poisson process governing rainfall events, thereby 
improving the accuracy of future predictions. 
Furthermore, the chance constraints in Equations 11 and 12 
are designed to limit the probability of adverse events under 
the assumption that the underlying distributions are known. In 
the presence of non-stationarity, the true probability of 
constraint violation may exceed the specified tolerance 𝛿 , 
leading to unacceptable risks. Robust optimization techniques, 
such as distributionally robust chance constraints, can provide 
guarantees that hold over a family of possible distributions 
rather than a single estimated distribution [25]. These methods 
replace the exact probability distribution with an ambiguity 
set—a collection of distributions that are consistent with the 
observed data—and enforce constraints for the worst-case 
distribution within this set. While distributionally robust 
formulations are computationally more demanding, they offer 
stronger guarantees against model misspecification and 
extreme events. 
Another critical aspect is the framework’s response to 
catastrophic events, such as flash floods or pest outbreaks, 
which are not captured by the current state-space model. The 
state vector 𝑋!  does not include variables representing pest 
pressure, disease incidence, or soil erosion, all of which can 
have devastating effects on crop yield. Extending the state 
space to include these factors would require additional sensor 
modalities and observation models, as well as a more 
comprehensive understanding of the underlying biophysical 
processes. However, the curse of dimensionality poses a 
significant challenge: as the state dimension increases, the 
number of particles required for accurate estimation grows 
exponentially, and the optimization problem becomes 
increasingly complex. Sparse sensing and dimensionality 
reduction techniques, such as principal component analysis or 
autoencoders, can help manage this complexity by identifying 
the most informative latent variables [26]. 
C.  Interpretability, Trust, and Socio-Economic Barriers to 
Adoption 
Despite the technical merits of SOMDF, its adoption in real-
world agricultural settings faces significant barriers related to 
interpretability, trust, and socio-economic factors. Farmers and 
agricultural advisors are accustomed to heuristic decision rules 
that are transparent and easy to understand, such as “irrigate 
when soil moisture drops below 30%.” The proposed 
framework, with its recursive Bayesian updates, particle 
filters, and stochastic optimization, operates as a black box 
that provides little insight into why a particular control action 
was chosen. This lack of interpretability undermines trust, 
particularly when the system recommends actions that deviate 
from established practices or when unexpected outcomes 
occur [27]. 
To build trust and facilitate adoption, the framework must be 
augmented with explainability mechanisms that translate the 
probabilistic state estimates and optimization results into 
actionable insights. For example, the system could generate 
natural language explanations that highlight the key factors 
driving a decision: “Irrigation is recommended because the 
soil moisture estimate has a 70% probability of falling below 
the wilting point within the next 12 hours, and the weather 
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forecast indicates no precipitation in the next 3 days.” 
Visualizations of the posterior distribution, such as confidence 
intervals for key state variables or risk heatmaps, can also help 
users understand the uncertainty underlying the 
recommendations [28]. Furthermore, the framework should 
allow users to override the automated decisions when they 
have domain-specific knowledge that is not captured by the 
model, such as local soil heterogeneity or upcoming field 
operations. 
Socio-economic barriers also play a crucial role in 
determining the feasibility of deploying SOMDF in resource-
constrained agricultural settings. The framework requires a 
sophisticated sensor network, including IoT probes, spectral 
imaging systems, and potentially satellite data subscriptions, 
which entail significant upfront capital investment. 
Smallholder farmers, who constitute a large proportion of the 
global agricultural workforce, may lack the financial resources 
to acquire and maintain such infrastructure [29]. Moreover, 
the computational requirements for running the fusion and 
optimization algorithms may necessitate cloud computing 
services, which incur recurring costs and depend on reliable 
internet connectivity—a luxury that is not universally 
available in rural areas of developing countries. 
To address these barriers, future work should explore cost-
effective alternatives that reduce the sensor and computational 
requirements without sacrificing the core benefits of the 
framework. For instance, the multi-sensor fusion module can 
be adapted to work with a minimal sensor suite, such as a 
single soil moisture probe and publicly available weather data, 
while still providing probabilistic state estimates that 
outperform deterministic methods. The optimization module 
can be pre-computed for a range of typical scenarios and 
stored as a lookup table, eliminating the need for real-time 
optimization on the edge device. Additionally, the framework 
can be integrated with existing agricultural extension services, 
where a central server performs the computations for multiple 
farms and disseminates recommendations via low-bandwidth 
channels such as SMS or voice messages [30]. 
Finally, the validation of SOMDF in real-world field trials is 
an essential step toward demonstrating its practical utility. Our 
current evaluation relies on a simulated environment that, 
while realistic, cannot capture all the complexities and 
surprises of actual agricultural systems. Field trials should be 
conducted across diverse agro-ecological zones, crop types, 
and management practices to assess the framework’s 
robustness and generalizability. These trials should also 
involve end-users—farmers and agricultural advisors—to 
evaluate the usability, trustworthiness, and socio-economic 
impact of the system. Only through such comprehensive 
validation can we determine whether the theoretical 
advantages of SOMDF translate into tangible benefits for 
sustainable and climate-resilient agriculture. 
VII.  CONCLUSION 
This paper has presented a stochastic optimization and multi-
sensor data fusion framework (SOMDF) for autonomous 
precision agriculture that addresses the fundamental challenge 
of managing highly dynamic and uncertain environmental 
conditions. The framework integrates a recursive Bayesian 
multi-sensor fusion mechanism with a multi-objective 
stochastic optimal controller within a unified mathematical 

architecture. By modeling the agricultural ecosystem as a non-
linear stochastic state-space system and fusing heterogeneous 
sensor data from IoT probes, spectral imaging, and satellite 
platforms into a coherent posterior probability distribution, 
SOMDF enables the controller to explicitly reason about 
uncertainty when making resource allocation decisions. 
The experimental evaluation, conducted using a high-fidelity 
process-based crop simulator with realistic sensor noise 
profiles and stochastic weather disturbances, demonstrates that 
SOMDF achieves significant improvements over conventional 
approaches. Compared to threshold-based control, 
deterministic MPC, and EKF-MPC baselines, the proposed 
framework reduces water consumption by up to 18%, lowers 
energy usage by 23%, and decreases crop stress incidence by 
68%, while simultaneously increasing predicted yield by 14%. 
These gains are attributable to the tight coupling of 
probabilistic state estimation with multi-objective 
optimization, which allows the controller to anticipate future 
environmental conditions and make risk-aware decisions that 
respect hard agronomic constraints. 
The primary contribution of this work is the demonstration 
that explicitly modeling and propagating uncertainty through 
the control loop yields tangible benefits in both resource 
efficiency and agricultural productivity. By replacing heuristic 
decision rules with a provably optimal action sequence that 
adapts in real time to the stochastic nature of the agricultural 
ecosystem, SOMDF provides a mathematically rigorous 
foundation for autonomous, resource-efficient, and climate-
resilient crop management. The framework represents a 
significant step toward realizing the full potential of precision 
agriculture in an era of increasing environmental variability 
and resource constraints. 
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