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Abstract: This study proposes VarFedFuse, an optimization-driven Bayesian federated variational
fusion framework for privacy-preserving and uncertainty-aware drought monitoring from heterogeneous
environmental observations. The framework integrates local Bayesian variational inference, uncertainty-
weighted federated posterior aggregation, graph-attention-based adaptive sensor weighting, and
transformer-based temporal encoding. Using the law of total variance, the framework further decomposes
predictive uncertainty into data uncertainty, uncertainty propagated through the fused latent drought
representation, and model-parameter uncertainty, providing non-overlapping, interpretable sources
of prediction uncertainty. We evaluated the proposed framework using multi-source environmental
observations collected from five drought-prone regions representing North America, Western Europe,
the Mediterranean, Central Asia, and Sub-Saharan Africa. We used multi-source observations of the
vegetation condition, land-surface temperature, precipitation, temperature, potential evapotranspiration,
and soil moisture, along with Standardized Precipitation Evapotranspiration Index (SPEI)-based
drought conditions as the prediction target. VarFedFuse was evaluated against centralized deep
fusion (CDF), federated averaging (FedAvg), Bayesian committee machine (BCM), uncertainty-aware
federated learning (UAFL), and variational federated learning (VFL). VarFedFuse achieved an RMSE
of 0.48 ± 0.03, classification accuracy of 74.8 ± 0.9%, and extreme-drought recall of 78.2 ± 1.7%,
compared with 0.53 ± 0.02, 72.1 ± 1.0%, and 76.3 ± 2.0%, respectively, for the strongest competing
VFL baseline. It also achieved an expected calibration error of 0.041 ± 0.003 and a negative log-
likelihood of 0.89 ± 0.02. Predictive uncertainty increased during drought transitions and under lower
sensor agreement, while adaptive fusion assigned greater influence to the most informative and reliable
sensing modalities as drought evolved. These results demonstrate that VarFedFuse provides a unified
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framework for accurate drought assessment, calibrated uncertainty quantification, adaptive multi-sensor
interpretation, and privacy-preserving distributed environmental-monitoring.

Keywords: Bayesian federated variational fusion; Bayesian variational inference; multi-sensor data
fusion; uncertainty quantification; drought monitoring
Mathematics Subject Classification: 62M10, 62F15, 62G08, 68T07, 68T09

1. Introduction

Drought is one of the most complex and least understood natural hazards because of its
multidimensional characteristics, including severity, duration, and spatial extent. Drought monitoring is
critical to decisions about water resources, agricultural planning, and the environment. Drought indices
are often derived from a combination of data sources such as satellite remote sensing, meteorological
observations, and soil moisture measurements.

Multi-sensor data fusion enables reliable drought assessment by integrating heterogeneous
observations. Kalman filtering supports state estimation under measurement uncertainty [1, 3], while
related studies address earthquake variability [2], process monitoring [4], and data–physics fusion for
reliability assessment [5].

Centralized architectures face challenges in distributed environmental-monitoring due to privacy
concerns, communication costs, and data-sharing restrictions [6–8]. Federated learning enables
privacy-preserving collaboration, while research on drought intensification and resilient UAV
localization highlights the importance of distributed environmental information and robust estimation
methods [9,10]. These studies motivate decentralized frameworks for reliable environmental-monitoring
without requiring centralized data sharing.

Federated learning [11] has recently become a promising distributed machine learning paradigm that
enables collaborative model training without exchanging raw data.

Studies have explored transformer-based UAV geo-localization [12], integrated drought monitoring
and prediction [13], and uncertainty-aware 3D reconstruction [14, 15].

FL addresses privacy concerns, but current federated methods typically produce deterministic
predictions and rarely provide principled uncertainty quantification, especially in heterogeneous sensor
networks where data quality and reliability can vary greatly. This is particularly important for drought
monitoring, as confidence in drought-indicator predictions is often as important as the predictions
themselves [16–18]. At the same time, Bayesian variational inference [19] provides a mathematically
principled and computationally efficient way to approximate complex posterior distributions and to
characterize predictive uncertainty. Bayesian methods naturally address aleatoric uncertainty by sensor
noise and epistemic uncertainty by model uncertainty [20]. However, most existing Bayesian fusion
techniques rely on centralized data processing, so they cannot be directly used in privacy-preserving
distributed environmental-monitoring systems [21, 22]. Developing optimization-driven probabilistic
learning frameworks that handle distributed optimization, uncertainty quantification, and privacy
preservation simultaneously has become an important research direction.

Recent advances in drought monitoring, federated learning, and Bayesian machine learning have
established a strong foundation for developing intelligent environmental-monitoring systems. However,
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integrating privacy preservation, uncertainty quantification, and adaptive multi-sensor fusion still faces
major challenges. Recent studies have explored multi-sensor data fusion to improve monitoring accuracy
by combining satellite observations, meteorological measurements, and vegetation indices.

Machine learning has been applied to agricultural drought assessment using multi-source remote
sensing data and interpretable models [23]. Related studies have demonstrated the effectiveness of
component-based and hybrid ensemble approaches for multi-step ozone forecasting and short-term PM2.5

prediction across different regions [25, 27]. Further research has explored hybrid forecasting models for
daily PM2.5 concentrations in Brazil and Pakistani cities, highlighting the potential of ensemble methods
for environmental prediction [24, 26].

Jiao et al. [28] developed a composite drought index by combining satellite-based observations of
precipitation, temperature, and soil moisture. Studies have shown that multi-source information greatly
improves drought assessment. However, most existing approaches require centralized data processing
and thus must collect raw observations from all sensors in a central location. Such architectures are
not suitable for distributed-environmental-monitoring systems where data privacy, communication
costs, and institutional constraints restrict direct data sharing. Graph neural networks and graph-
attention mechanisms, which explicitly model spatial relationships among heterogeneous sensors,
further enhance multi-sensor fusion. However, combining them with federated Bayesian learning
remains largely unexplored.

Recent advances include Bayesian neural networks [29], evidential deep learning [30], and
uncertainty-aware federated learning models that explicitly estimate predictive uncertainty. These
approaches disentangle aleatoric uncertainty from observation noise and epistemic uncertainty from
model parameters. However, most of the existing methods of Bayesian uncertainty quantification have
been developed for general machine learning applications and have rarely been used in distributed-
environmental-monitoring systems with heterogeneous sensors of varying reliability. Further, uncertainty
propagation in federated aggregation remains an open research problem. Despite significant progress in
multi-sensor drought monitoring, federated learning, and Bayesian machine learning, several important
challenges remain. Most current drought-monitoring systems rely on centralized fusion, while federated
learning methods seldom quantify predictive uncertainty, and Bayesian uncertainty estimation methods
are commonly developed for centralized learning. Recently, transformer-based architectures have shown
great success in capturing long-range temporal dependencies in environmental and spatio-temporal
forecasting tasks, leading to their incorporation into uncertainty-aware drought monitoring frameworks.
Moreover, adaptive sensor weighting and privacy-preserving probabilistic fusion have been rarely
investigated. These limitations motivate our proposed VarFedFuse framework. Moreover, no existing
framework integrates federated optimization, Bayesian variational inference, graph-attention-based
sensor weighting, transformer-based temporal encoding, and hierarchical uncertainty quantification
jointly for distributed drought monitoring.

Recent predictive-modeling research in complex engineering systems has increasingly emphasized
structured coupling among heterogeneous information sources rather than relying solely on monolithic
black-box predictors. Song et al. [5] developed a generative data-physics fusion framework
for hierarchical reliability assessment, demonstrating the importance of explicitly representing
heterogeneous mechanisms and cross-level dependencies. Related work on mixed loss-guided
modular regression incorporated physical constraints and dependency information into coordinated
predictive modules, while cascade sampling-driven block mapping introduced a hierarchical sampling–
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mapping strategy for coupled multi-physics reliability evaluation. These studies illustrate the broader
trend toward structurally informed and hierarchically coupled predictive models. Nevertheless, they
primarily addressed centralized engineering-reliability problems and did not consider privacy-preserving
distributed learning, probabilistic aggregation of heterogeneous environmental sensors, or uncertainty-
aware drought assessment. VarFedFuse advances this direction by using posterior uncertainty as a
common coupling variable across local Bayesian inference, federated aggregation, spatiotemporal sensor
relevance, and temporal drought modeling, while retaining raw observations at their originating clients.

Motivated by these challenges, this study proposes VarFedFuse, an optimization-driven federated
variational fusion framework that unifies Bayesian probabilistic inference, distributed optimization,
graph-attention-based sensor weighting, transformer temporal encoding, and hierarchical uncertainty
quantification for privacy-preserving drought monitoring. The major contributions of this study are
summarized as follows: i) This study develops a privacy-preserving federated learning framework
that enables collaborative drought monitoring without sharing raw sensor observations. ii) This study
integrates Bayesian variational inference with federated optimization to estimate probabilistic drought
indicators while explicitly quantifying predictive uncertainty. iii) A dynamic graph-attention mechanism
is developed to adaptively weight heterogeneous sensors according to their spatial and temporal
relationships, thereby improving fusion reliability. iv) This study incorporates transformer-based
temporal encoding and hierarchical uncertainty decomposition to distinguish aleatoric and epistemic
uncertainty, enhancing both predictive performance and model interpretability. v) This study conducts
extensive experiments on multi-sensor drought datasets collected from five drought-prone regions and
demonstrates that VarFedFuse consistently outperforms existing centralized and federated baselines in
predictive accuracy, uncertainty calibration, privacy preservation, and computational scalability.

The remainder of this paper is organized as follows. Section 2 presents the mathematical background
of federated learning and Bayesian variational inference. Section 3 introduces the proposed VarFedFuse
framework, including the federated optimization strategy, Bayesian aggregation, dynamic graph-
attention sensor weighting, transformer-based temporal encoding, and uncertainty decomposition.
Section 4 describes the experimental design, datasets, evaluation metrics, and implementation details.
Section 5 presents results and comparative analyses. Discussion are provided in Section 6. Finally,
Section 7 concludes the paper and outlines directions for future research.

2. Mathematical background

This section presents the mathematical foundations underlying the proposed VarFedFuse framework.
We review the principles of federated learning, Bayesian variational inference, and Bayesian committee
machines, and then discuss the key challenges of integrating Bayesian inference into federated learning
systems for distributed environmental-monitoring. Throughout this section, the mathematical notation
and probabilistic formulations establish the theoretical basis for the optimization framework developed
in Section 3.

FL is a distributed optimization framework that enables multiple clients to collaboratively train
a shared model without exchanging raw data [11]. Instead of transmitting local datasets, each
client optimizes the model using its own observations and communicates only model parameters
or parameter updates to a central server. By combining these local updates, the server creates a global
model that allows for collaborative learning while protecting data privacy. In the standard federated
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averaging (FedAvg) algorithm, iterative rounds of local optimization are followed by global aggregation.
Let θk

t represent the client k model parameters following the local optimization step at communication
round t. The global model is revised as

θt+1 =

K∑
k=1

nk

N
θk

t , (2.1)

where nk is the number of training samples at client k, N =
∑K

k=1 nk is the total number of samples across
all clients, and K is the total number of clients. Federated learning, however, provides effective data
privacy via distributed optimization, but standard FedAvg produces deterministic parameter estimates
and does not explicitly quantify predictive uncertainty. Moreover, when clients’ datasets are statistically
heterogeneous, as is often the case in environmental-monitoring applications with multiple sensors,
simple weighted averaging is not the best choice.

Bayesian variational inference provides an efficient computational framework for approximating
complex posterior distributions, while explicitly quantifying uncertainty [19]. Bayesian inference
is the problem of computing the posterior distribution p(Z|X) over latent variables Z given
observed data X. Exact inference is computationally often intractable, and so variational inference
approximates the posterior with a simpler parameterized distribution qφ(Z) by minimizing the
Kullback–Leibler (KL) divergence.

DKL

(
qφ(Z) ‖ p(Z|X)

)
= Eqφ

[
log qφ(Z)

]
− Eqφ

[
log p(X,Z)

]
+ log p(X). (2.2)

Minimizing the KL divergence is equivalent to maximizing the evidence lower bound (ELBO),

L(φ) = Eqφ
[
log p(X,Z)

]
− Eqφ

[
log qφ(Z)

]
. (2.3)

Bayesian neural networks treat model parameters as random variables rather than deterministic quantities.
This approach enables variational inference, allowing the model to estimate probability distributions
over network weights and to quantify both aleatoric uncertainty from measurement noise and epistemic
uncertainty from parameter uncertainty.

The Bayesian committee machine (BCM) is a principled probabilistic approach to combine the
posterior distributions estimated independently by multiple clients [31]. The BCM differs from
standard federated averaging in that it combines posterior distributions and explicitly accounts for
the uncertainty of each local model. The global covariance matrix is then computed under Gaussian
posterior approximations as

Σ−1
g =

K∑
k=1

Σ−1
k − (K − 1)Σ−1

0 , (2.4)

where Σk denotes the covariance matrix of the local posterior estimated at client k, and Σ0 represents the
prior covariance matrix.

The corresponding global posterior mean is obtained as

µg = Σg

 K∑
k=1

Σ−1
k µk − (K − 1)Σ−1

0 µ0

 , (2.5)
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where (µk,Σk) are the parameters of the local posterior, (µ0,Σ0) is the prior distribution, and (µg,Σg) is
the aggregated global posterior. A key property of the BCM is that it naturally assigns higher weights to
clients with less posterior uncertainty (smaller covariance) during aggregation. This makes the BCM
well-suited to heterogeneous multi-sensor environments, where sensor reliability can vary significantly.

Despite their complementary advantages, combining federated learning and Bayesian inference
presents several technical challenges. First, the locally estimated posterior distributions must be
aggregated while accounting for statistical heterogeneity across distributed clients. Simple parameter
averaging often leads to poor global posterior approximations when the client data distributions
are highly heterogeneous. Second, communication efficiency becomes an important issue, since
communicating probability distributions usually involves communicating much more information than
communicating deterministic parameter vectors. Third, estimating uncertainty becomes much harder in
distributed settings, as predictive uncertainty may stem from observation noise, model uncertainty, or
distributional shifts between the contributing clients. Consistent identification and propagation of these
sources of uncertainty within the federated optimization process remain open research problems. These
challenges inspire the mathematical formulation of the VarFedFuse model described in Section 3. It
unifies federated optimization, Bayesian variational inference, Bayesian committee machine aggregation,
graph-attention-based sensor weighting, and privacy-preserving learning in a single probabilistic
framework. Building on these mathematical fundamentals, the following section presents the full
VarFedFuse architecture, its probabilistic optimization algorithm, uncertainty propagation mechanism,
and privacy-preserving federated learning strategy.

3. The proposed VarFedFuse framework

The VarFedFuse framework introduces a novel approach to multi-sensor drought monitoring by
combining federated learning with Bayesian variational inference. Figure 1 illustrates the system
architecture, which comprises distributed sensor nodes that keep local data private while participating
in the global drought indicator model through uncertainty-aware fusion. The technical aspects of
the framework consist of four main parts: (1) Local variational inference, (2) federated uncertainty
propagation, (3) hierarchical drought modeling, and (4) dynamic sensor weighting.

Figure 1. System architecture of VarFedFuse for multi-sensor drought prediction.
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3.1. Problem formulation

We consider a distributed-environmental-monitoring system consisting of K clients or sensor groups.
At time t, client k observes a sensor-specific feature vector xk,t ∈ R

dk , where dk denotes the dimensionality
of the local measurements. Depending on the sensing modality, these observations include precipitation,
air temperature, potential evapotranspiration, the normalized difference vegetation index (NDVI), land-
surface temperature (LST), and volumetric soil moisture. The local dataset available at client k is
represented as

Dk =
{(

xk,t, yt+h
)}nk

t=1 , (3.1)

where yt+h denotes the reference standardized precipitation evapotranspiration index (SPEI) at prediction
horizon h. For contemporaneous drought monitoring, h = 0, whereas h > 0 represents future drought
forecasting. The Experimental Setup section specifies the prediction horizon used in the experiments. Let

X≤t =
{
x1,≤t, x2,≤t, . . . , xK,≤t

}
(3.2)

represent all distributed observations available up to time t. The objective of VarFedFuse is to learn the
global probabilistic mapping

p (yt+h | X≤t,D1, . . . ,DK) (3.3)

without transferring the raw local observationsDk to the aggregation server.
Each client maps its local observations into a latent drought representation zk and approximates

its posterior distribution using a variational distribution qφk(zk). The local variational parameters are
obtained by maximizing the evidence lower bound (ELBO):

q∗φk
(zk) = arg max

qφk

{
Eqφk (zk)

[
log p

(
yt+h | xk,≤t, zk

)]
− DKL

[
qφk(zk)‖p(zk)

]}
. (3.4)

The locally estimated posterior distributions are subsequently combined through the uncertainty-
aware federated fusion mechanism described in Section 3.3. The resulting global latent distribution
is passed through the temporal-encoding and drought-prediction modules to obtain the posterior
predictive mean

ŷt+h = E
[
yt+h | X≤t

]
(3.5)

and predictive variance

σ2
y,t+h = Var

[
yt+h | X≤t

]
. (3.6)

Thus, the framework simultaneously provides a continuous SPEI estimate and its associated predictive
uncertainty. The predicted continuous SPEI values are subsequently mapped to the drought-severity
classes defined in Table 1. This formulation enables probabilistic multi-sensor drought assessment while
retaining the raw environmental observations at their originating clients.

VarFedFuse is not formulated as a simple sequential combination of independent modules. The
components are coupled through posterior uncertainty, which acts as a shared probabilistic state across
local variational inference, sensor-reliability estimation, graph-based relevance weighting, federated
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posterior aggregation, and temporal prediction. In particular, each local variational posterior’s covariance
determines its reliability, while graph attention provides complementary spatio-temporal relevance.
Together, they determine the generalized BCM aggregation coefficient. The resulting global posterior
mean and covariance are subsequently propagated through the temporal encoder. Thus, uncertainty is
not an auxiliary output but a coupling variable governing information flow throughout the framework.

3.2. Theoretical coupling and methodological novelty

VarFedFuse is not formulated as a simple sequential combination of independent learning modules.
Instead, its components are coupled through a common probabilistic representation in which posterior
uncertainty directly controls how information is weighted, aggregated, and propagated across the
federated framework. At each client, local variational inference produces a posterior distribution

qk(z) = N (z | µk,Σk) , (3.7)

where µk represents the local latent drought state and Σk quantifies the associated posterior uncertainty.
Posterior reliability alone does not fully characterize the usefulness of a sensing modality because
a low-uncertainty sensor may not always be the most relevant sensor for the current drought state.
VarFedFuse therefore complements posterior reliability with the spatio-temporal relevance learned
through graph attention. To incorporate spatio-temporal relevance into uncertainty-aware federated
aggregation, we first summarize the graph-attention coefficients at the sensor level. Let

ak = mean j∈Nk

(
αk j

)
(3.8)

denote the graph-attention relevance of sensor k, where Nk represents the neighborhood associated with
sensor k and αk j denotes the learned attention coefficient between sensors k and j.

The graph-based relevance is then combined with the posterior reliability score

rk =
1

tr(Σk) + ε
(3.9)

to define the final aggregation coefficient as

β∗k = K
rk exp(λak)∑K
j=1 r j exp(λa j)

, (3.10)

where λ controls the relative contribution of graph-attention information. The normalization factor K
ensures that

K∑
k=1

β∗k = K, (3.11)

which preserves consistency with the generalized Bayesian committee machine formulation.
The coefficient β∗k replaces βk in the global posterior aggregation equations. Consequently, each

sensor’s influence is jointly determined by its posterior reliability and its learned spatio-temporal
relevance. A sensor with low posterior uncertainty receives a higher reliability score, while graph
attention increases or decreases its contribution based on its relevance to the current drought state. This
coupling prevents the aggregation mechanism from relying solely on posterior confidence or solely on
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graph relevance. Thus, posterior uncertainty is not treated merely as an auxiliary output calculated after
prediction. Instead, it acts as a coupling variable linking local variational inference, sensor-reliability
assessment, graph-based relevance estimation, federated posterior aggregation, and temporal drought
modeling. This uncertainty-mediated interaction is the central methodological distinction of VarFedFuse
from a conventional pipeline in which independently developed components connect sequentially
without a shared probabilistic mechanism.

3.3. Federated variational fusion with uncertainty propagation

The key innovation of VarFedFuse is a federated variational fusion mechanism that enables
uncertainty-aware aggregation of distributed sensor data while maintaining privacy. Suppose that
the local observations from sensor k are xk ε R

dk , where dk is the dimensionality of the sensor-specific
measurements. Building upon the variational inference framework introduced in Section 3, each client
estimates a local Gaussian posterior over latent drought representations. The local posterior at client k is
approximated using a Gaussian variational distribution,

qk(zk) = N (zk | µk,Σk) , (3.12)

where µk and Σk denote the posterior mean and covariance, respectively. Because different environmental-
sensing modalities may have different reliability levels, VarFedFuse explicitly incorporates posterior
uncertainty into the federated aggregation process.

For each client, an uncertainty-based reliability score is defined as

rk =
1

tr(Σk) + ε
, (3.13)

where tr(Σk) represents the total posterior variance and ε > 0 is a small numerical constant that prevents
division by zero. Therefore, a client with smaller posterior covariance receives a larger reliability score,
whereas a highly uncertain client receives a smaller contribution to the global posterior.

The normalized reliability coefficient is defined as

r̃k =
rk∑K
j=1 r j

, (3.14)

and the corresponding generalized BCM coefficient is

βk = Kr̃k. (3.15)

This scaling satisfies
∑K

k=1 βk = K, such that βk = 1 for all clients when their reliability is equal,
recovering the standard Bayesian committee machine as a special case.

The resulting weighted global posterior is formulated as

qg(z) ∝ p0(z)1−
∑K

k=1 βk

K∏
k=1

qk(z)βk , (3.16)

where p0(z) = N(µ0,Σ0) denotes the shared prior distribution. For Gaussian local posteriors, the global
posterior precision is
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Σ−1
g =

1 − K∑
k=1

βk

 Σ−1
0 +

K∑
k=1

βkΣ
−1
k , (3.17)

and the corresponding global posterior mean is

µg = Σg

1 − K∑
k=1

βk

 Σ−1
0 µ0 +

K∑
k=1

βkΣ
−1
k µk

 . (3.18)

The federated optimization proceeds iteratively. During each communication round, each client
optimizes its local variational objective using only its own observations and transmits the posterior
sufficient statistics (µk,Σk) rather than the raw environmental measurements. The server then computes
the uncertainty-aware global posterior (µg,Σg), which is returned to the participating clients for the
subsequent round. Consequently, the framework propagates posterior uncertainty through federated
aggregation while avoiding direct exchange of local raw observations.

3.4. Hierarchical predictive-uncertainty decomposition

To distinguish the different sources of predictive uncertainty without double counting, VarFedFuse
adopts a hierarchical decomposition based on the law of total variance. Let θ denote the uncertain model
parameters and z denote the fused latent drought representation. Conditional on z, θ, and the available
environmental observations X, the predictive distribution is expressed as

y | z, θ,X ∼ N
(
mθ(z,X), σ2

d(z,X)
)
, (3.19)

where mθ(z,X) denotes the conditional predictive mean and σ2
d(z,X) represents irreducible data or

aleatoric uncertainty associated with measurement noise, unresolved environmental variability, and
sensor-level observation errors.

Applying the law of total variance hierarchically, the total predictive uncertainty is decomposed as

Var (y | X,D) = Udata + Ulatent + Umodel, (3.20)

where
Udata = Eq(θ)

[
Eq(z|θ,X) {Var (y | z, θ,X)}

]
, (3.21)

Ulatent = Eq(θ)

[
Varq(z|θ,X) {E (y | z, θ,X)}

]
, (3.22)

and
Umodel = Varq(θ)

[
Eq(z|θ,X) {E (y | z, θ,X)}

]
. (3.23)

The first component, Udata, represents aleatoric uncertainty arising from noise and intrinsic variability
in the environmental observations. The second component, Ulatent, represents uncertainty propagated
through the fused latent drought representation and therefore reflects disagreement and uncertainty
among the heterogeneous sensing modalities after federated fusion. The third component, Umodel,
represents epistemic uncertainty associated with uncertainty in the learned model parameters.

This nested formulation distinguishes uncertainty at the observation, latent-representation, and
model-parameter levels. Because the three terms arise from successive applications of the law of total
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variance, they are defined as non-overlapping contributions to the total predictive variance and therefore
avoid the double counting that can occur when independently estimated variance terms are added
without a conditional probabilistic decomposition.

In practice, Udata is estimated from the conditional predictive observation variance, Ulatent is estimated
by sampling from the fused variational posterior while conditioning on a model realization, and Umodel

is estimated from variability across posterior model realizations. Monte Carlo dropout, when used,
is therefore employed only to approximate the model-parameter component Umodel and is not added
separately to latent-posterior variability. For reporting purposes, total epistemic uncertainty may also be
defined as

Uepistemic = Ulatent + Umodel (3.24)

when a two-component aleatoric–epistemic summary is required. The total predictive variance remains

σ2
y = Udata + Ulatent + Umodel. (3.25)

Accordingly, the 95% predictive interval for the estimated SPEI is calculated as

ŷ ± 1.96
√

Udata + Ulatent + Umodel. (3.26)

This formulation provides a probabilistically consistent interpretation of predictive uncertainty while
preserving the separate roles of measurement variability, uncertainty propagated through multi-sensor
fusion, and uncertainty in the learned model parameters. This probabilistic output enables more detailed
drought monitoring, allowing decision-makers to consider drought alerts in light of the uncertainties.
The framework automatically adapts the relative importance of the various uncertainty sources based on
sensor reliability and environmental conditions.

3.5. Spatial-temporal graph attention for dynamic sensor weighting

In VarFedFuse, we introduce a graph attention mechanism to dynamically learn sensor contribution
weights based on spatiotemporal correlations in the sensor fusion process. Suppose that the sensor
network is denoted by G = (V, E), where nodes vi ∈ V correspond to individual sensors and edges ei j ∈ E
capture potential spatial or functional relationships between sensors i and j. Each node maintains a
hidden state hi ∈ Rd that encodes both its current observations and historical drought patterns.

The attention mechanism computes dynamic weights αi j between connected nodes using a shared
attention function:

αi j =
exp

(
aT

[
Whi||Wh j

])∑
kεNi

exp (aT [Whi||Whk])
, (3.27)

where W ∈ Rd́×d is a learnable weight matrix, a ∈ R2d́ is the attention vector, Ni denotes the neighborhood
of node i and || represents concatenation. The attention scores determine how much information flows
from sensor j to sensor i during fusion.

The node representations are updated through weighted aggregation of neighborhood features:

hi = σ

∑
jεNi

αi jWh j

 , (3.28)
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where σ(·) is a nonlinear activation function. This aggregation process considers both the current sensor
reliability (encoded in h j) and the spatial-temporal relationships between sensors (captured by αi j).
The attention mechanism operates in tandem with the federated variational fusion from Section 3.3 by
modifying the sensor weights wk in Eqs (3.17) and (3.18). Let

ak = mean j∈Nk(αk j) (3.29)

denote the graph-attention importance of sensor k. Then, we use

ω̃k =
rk exp(λak)∑K
j=1 r j exp(λa j)

, (3.30)

followed by

β∗k = Kω̃k (3.31)

and state that β∗k replaces βk in Eqs (3.17) and (3.18).
This gives the mechanism a very clear interpretation:

Fusion weight = posterior reliability × spatio-temporal relevance (3.32)

A low-uncertainty but irrelevant sensor will not automatically dominate; likewise, a highly relevant
but very uncertain sensor is penalized. The graph structure is adaptive and changes with environmental
conditions. The edge weights between sensor i and sensor j are updated at each time step t according to
the similarity of the observation:

et
i j =

1
1 + ||xt

i − xt
j||2

+ γet−1
i j , (3.33)

where γ is a decay factor that preserves historical relationships while adapting to new patterns. This
dynamic graph building lets the system automatically identify and respond to new droughts by increasing
linkages between drought-stressed areas.

3.6. Privacy-preserving variational inference with DP-SGLD

VarFedFuse uses stochastic gradient Langevin dynamics (SGLD) [32] for stochastic posterior
exploration during local variational optimization. However, the Langevin perturbation introduced
by SGLD alone is not treated as sufficient to establish a formal differential-privacy guarantee. Formal
privacy protection is instead obtained through per-example gradient clipping, calibrated Gaussian
perturbation, minibatch subsampling, and privacy-loss composition accounting.

For client k, let

gi = ∇φk`i(φk)

denote the gradient contribution associated with training observation i. To bound the sensitivity of the
local optimization procedure, each per-example gradient is clipped to a predefined L2-norm threshold C:

ḡi =
gi

max
(
1, ‖gi‖2

C

) .
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This operation ensures that no individual training observation can arbitrarily influence the local
parameter update.

For a minibatch Bt at iteration t, the privacy-preserving gradient estimate is subsequently defined as

g̃k,t =
1
|Bt|

∑
i∈Bt

ḡi +N
(
0, σ2

DPC2I
) ,

where σDP denotes the Gaussian noise multiplier. The local parameters are then updated according to

φk,t+1 = φk,t + ηtg̃k,t +
√

2ηt ξt, ξt ∼ N(0, I),

where ηt is the learning rate. The Gaussian perturbation contained in g̃k,t is calibrated for differential
privacy, whereas the Langevin term

√
2ηtξt is used for stochastic posterior exploration. These two noise

sources therefore have conceptually distinct roles.
If the local dataset contains nk observations and a minibatch of size B is used, the sampling

probability is

qk =
B
nk
.

The accumulated privacy loss over T local optimization steps is evaluated using a privacy accountant,

ε = A (qk, σDP,T, δ) ,

where A(·) denotes the adopted privacy-accounting procedure and δ is specified before training.
Consequently, the reported (ε, δ)-differential-privacy guarantee depends explicitly on the gradient-
clipping threshold C, minibatch sampling probability qk, Gaussian noise multiplier σDP, number of
optimization steps T , and the selected privacy accountant. The Experimental Setup section reports the
numerical settings used in the experiments.

Following local optimization, clients transmit only the required posterior or model-update information
for federated aggregation; the underlying environmental observations remain locally stored. Secure
aggregation is applied to the transmitted client updates so that the server can recover only the aggregate
contribution and cannot directly inspect an individual client’s update. This communication-level
protection complements, but is conceptually distinct from, differential privacy. Differential privacy
limits what the released updates can reveal about individual training observations, whereas secure
aggregation limits the server’s direct access to individual client contributions.

Accordingly, VarFedFuse provides privacy through two complementary mechanisms: differential
privacy at the local optimization level through gradient clipping, calibrated perturbation, subsampling,
and composition accounting, and secure aggregation at the communication level to prevent direct
inspection of individual client updates. Secure aggregation is applied to the transmitted client updates so
that the aggregation server can recover only the combined contribution required for federated learning
and cannot directly inspect an individual client’s update. Raw environmental observations are never
transmitted outside their originating clients. Secure aggregation therefore provides communication-level
protection against direct inspection of individual client contributions. This mechanism complements,
but is distinct from, differential privacy: Secure aggregation protects the visibility of client updates
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during communication, whereas differential privacy limits the information about individual training
observations that may be inferred from the released or aggregated model information.

The global aggregation step is modified to incorporate SGLD noise in local updates, as in the
Bayesian committee machine (Eqs (3.17) and (3.18)). The effective covariance Σ̂k for sensor k is then:

Σ̂−1
k = Σ−1

k −
1

2ηt
I. (3.34)

This adjustment is a countermeasure for the extra uncertainty added to the SGLD noise injection for
correct weighting of local contributions in federated fusion. These adjusted covariances are then used in
Eqs (3.17) and (3.18) to calculate the global posterior parameters (µg ,Σg).

Secure aggregation protocols [33] are combined with SGLD, which further enhances the privacy-
preserving properties. Each sensor adds an extra layer of encryption before sending local parameters to
the server.

[µk,Σk]← Encrypt
(
[µk, Σ̃k], pk

)
, (3.35)

where pk is a shared public key. The server aggregates in the encrypted domain and the final global
parameters are decrypted and sent back to the sensors. The two-layer protection (SGLD noise +

encryption) provides robust privacy guarantees and computational efficiency.

3.7. Transformer-based temporal encoding with uncertainty

Long-range temporal dependencies and uncertainty estimates are needed to model the dynamics
of drought conditions. To tackle this challenge, this study proposes a modified TimeSformer
architecture [34] with uncertainty-aware attention mechanisms. The temporal encoder derives a sequence
of hidden representations, {zt}

T
t=1 , from past time steps and is and calculated as:

Qt = WQzt + bQ, Kt = WKzt + bK , Vt = WVzt + bV , (3.36)

where WQ, WK , WV are learnable projection matrices and bQ, bK , bV are bias terms. The main
innovation is propagating uncertainty in the temporal dimension by extending the standard attention
mechanism. The following is computed for each attention head h:

At
h = Softmax

Qt
h

(
Kt

h

)T

√
dk

⊕ log Σh
t

 , (3.37)

where Σh
t is the uncertainty covariance matrix, which changes with time, ⊕ is the element-wise addition,

and dk is the dimension of the key vectors. The logarithmic transform ensures numerical stability and
retains the interpretability of the uncertainty contributions.

The outputs of the uncertainty-aware attention are then calculated as:

Oh
t = At

hV t
h � exp

(
−γΣh

t

)
, (3.38)

where � is the Hadamard product and γ is the uncertainty discount factor. This formulation automatically
de-emphasizes high-uncertainty time steps while retaining information from high-confidence time steps.
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The temporal encoder has multiple uncertainty tracks for each drought characteristic (e.g., precipitation
deficit, soil moisture). We calculate a temporal uncertainty update for each characteristic c:

Σc
t+1 = LS T Mσ

(
Σc

t , zt
)
, (3.39)

where LS T Mσ is a special type of LSTM cell that spreads uncertainty over time. The cell state is
denoted by cσt it and the hidden state hσt are updated as:

cσt = ft ∗ cσt−1 + it ∗ tanh
(
Wc

[
hσt−1, zt

]
+ bc

)
, (3.40)

hσt = ot ∗ tanh
(
cσt

)
. (3.41)

The forget gate, input gate, and output gate are represented by ft, it, and ot, respectively. The uncertainty
estimate is then derived from the hidden state:

Σh
t = so f tplus

(
Wσhσt + bσ

)
. (3.42)

The architecture allows VarFedFuse to learn complex temporal dynamics of drought evolution, while
preserving principled uncertainty quantification. The attention mechanism adapts to relevant historical
patterns based on similarity and confidence, providing more reliable long-term drought predictions. The
final temporal encoding combines the multi-head attention outputs with the uncertainty estimates:

źt = LayerNorm
(
zt + Concat

(
O1

t + O2
t + . . . + OH

t

)
WO

)
, (3.43)

Σ́t = MLPσ

(
Concat

(
Σ1

t + Σ2
t + . . . + ΣC

t

))
, (3.44)

where H is the number of attention heads, C is the number of drought characteristics, WO is an output
projection matrix, and MLPσ is a multi-layer perceptron (MLP) that aggregates the uncertainties
associated with the drought characteristics into a single estimate. The layer normalization [35] helps to
stabilize training without losing uncertainty information.

The temporal encoder’s output
{
źt , Σ́t

}
is fed to the drought prediction module, from which the

probabilistic forecasts are generated that incorporate the current sensor fusion output as well as the
historical drought patterns. This method extends traditional time series models by explicitly modeling
uncertainty propagation using the attention mechanism and special LSTM cells.

4. Experimental setup

In this study, we designed extensive experiments to compare VarFedFuse with state-of-the-art
baselines in multi-sensor drought monitoring and assess its effectiveness. The experimental setup
includes three main parts: (1) Dataset collection and preprocessing, (2) comparison baseline methods,
and (3) evaluation metrics for assessing the predictive accuracy and uncertainty calibration.

4.1. Datasets and preprocessing

To create a multi-sensor drought-monitoring dataset, we combined data from three complementary
data sources: Satellite remote sensing [13] , ground-based meteorological stations [36] , and soil moisture
sensor networks [37]. This dataset covers 10 years (2013–2022) across five drought-prone regions
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representing diverse hydroclimatic conditions: North America, Western Europe, the Mediterranean,
Central Asia, and Sub-Saharan Africa. We selected these regions to evaluate the robustness and
generalizability of the proposed VarFedFuse framework across different climatic regimes, vegetation
characteristics, and drought conditions. Because climate regions differ, temporal resolution varies
from daily to monthly measurements depending on the sensor type. Each of the sensor modalities
supplies different drought-relevant variables: i) Satellite data includes the normalized difference
vegetation index (NDVI) [38] and land surface temperature (LST) from Moderate Resolution Imaging
Spectroradiometer (MODIS) [39]. ii) Meteorological stations provide precipitation (P), temperature (T),
and evapotranspiration (ET) measurements. iii) Soil moisture networks offer volumetric water
content (VWC) at multiple depths.

The raw data were carefully preprocessed to ensure data quality and uniformity. Cloud masking [40]
and temporal gap-filling [41] were used for satellite data. The ground station measurements were
quality-controlled according to standard procedures [42], and soil moisture data were normalized by soil
type [43]. We gridded all variables to a common 1-km grid using bilinear interpolation and aggregated
them to a weekly time scale.

We used the standardized precipitation-evapotranspiration index (SPEI) [44] as the target variable
for drought prediction at 12-month time scales. In the present study, the environmental observations
available at time t are used to estimate the corresponding SPEI at the same time point; therefore,
the prediction horizon is h = 0. Consequently, the framework is evaluated primarily as a drought-
monitoring and assessment approach rather than a lead-time forecasting system. The 12-month SPEI
values represent the temporal accumulation scales of the drought index and should not be interpreted as
prediction horizons. We chose the SPEI because it combines the effects of precipitation and temperature,
providing an overall drought measure [45]. We divided the SPEI values into five drought classes. Table 1
gives the classification of SPEI values.

Table 1. Ranges and classification of the SPEI drought indicator.

SPEI range Classification

SPEI ≤ −2.0 Extreme drought

−2.0 < SPEI ≤ −1.5 Severe drought

−1.5 < SPEI ≤ −1.0 Moderate drought

−1.0 < SPEI ≤ 1.0 Near normal

SPEI > 1.0 Wet

4.2. Baseline methods

We compared VarFedFuse against five representative baseline approaches spanning different
fusion paradigms:

1. Centralized deep fusion (CDF) [46]: A state-of-the-art centralized neural network that
concatenates all sensor inputs for joint processing. This represents the conventional non-federated
approach to multi-sensor fusion.
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2. Federated averaging (FedAvg) [11]: The standard federated learning algorithm that averages
model parameters across clients without explicit uncertainty handling.

3. Bayesian committee machine (BCM) [31]: A non-federated Bayesian fusion method that
combines local posterior approximations through exact Bayesian aggregation.

4. Uncertainty-aware federated learning (UAFL) [47]: Extends FedAvg with simple uncertainty
quantification using Monte Carlo dropout.

5. Variational Federated Learning (VFL) [48]: A recent federated method that incorporates
variational inference but lacks our hierarchical uncertainty decomposition.

For fair comparison, all methods used identical neural network architectures (3-layer MLPs with 256
hidden units) and were trained for the same number of epochs. The federated methods employed the
same client-server communication protocol with 10 clients per round. We implemented VarFedFuse with
the following key hyperparameters: variational posterior dimension m = 64, SGLD noise scale σ = 0.1,
attention temperature β = 0.5, and uncertainty discount factor γ = 0.1.

4.3. Correlation analysis

To examine statistical dependence among the drought-related predictors, we calculated pairwise
Spearman rank correlations among precipitation, air temperature, potential evapotranspiration (PET),
land-surface temperature (LST), NDVI, volumetric soil moisture, and the reference SPEI. Spearman
rank correlation was selected because it does not assume multivariate normality and is comparatively
robust to extreme hydroclimatic observations. The correlation analysis was performed using only the
training data to prevent information from the held-out test set from influencing the exploratory analysis.
We then summarized the correlation coefficients in a correlation matrix to assess the direction and
strength of relationships among the drought-related variables.

4.4. Evaluation metrics

We assessed model performance along three dimensions: prediction accuracy, uncertainty calibration,
and privacy preservation [49, 50]. For prediction accuracy, we used:

RMS E =

√√
1
N

N∑
i=1

(yi − ŷi)2, (4.1)

Accuracy =
1
N

N∑
i=1

1 (arg max ( p̂i) = yi) , (4.2)

where yi is the true SPEI class, ŷi is the predicted value, and p̂i is the predicted class
probability distribution.

Uncertainty calibration was evaluated using:

ECE =

M∑
m=1

|Bm|

N
|acc (Bm) − con f (Bm)| , (4.3)
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NLL = −
1
N

N∑
i=1

log p (yi|xi), (4.4)

where ECE is the expected calibration error [51] computed over M = 10 confidence bins, and NLL is
the negative log-likelihood measuring probabilistic prediction quality.

For privacy evaluation, we computed the empirical (ε, δ) differential privacy guarantees using the
moments accountant method [52]. The privacy parameters were estimated over the full training period
with δ = 10−6.

The observations were partitioned chronologically into 60% training, 20% validation, and 20%
held-out test periods. We selected hyperparameters using five-fold blocked cross-validation on the
training data only. We estimated all preprocessing parameters from the corresponding training fold.

5. Results and analysis

5.1. Predictive performance comparison

Table 2 compares VarFedFuse with one centralized fusion approach (CDF), three representative
federated approaches (FedAvg, UAFL, and VFL), and the Bayesian committee machine (BCM). Among
the competing methods, VFL achieved the lowest RMSE (0.53 ± 0.02) and highest overall classification
accuracy (72.1 ± 1.0%), whereas VarFedFuse further reduced the RMSE to 0.48 ± 0.03 and increased
classification accuracy to 74.8 ± 0.9%. For extreme drought conditions (SPEI ≤ −2), VarFedFuse
achieved a recall of 78.2±1.7%, compared with 76.3±2.0% for VFL, 75.6±1.9% for UAFL, 73.8±2.1%
for BCM, 72.1 ± 2.3% for CDF, and 70.3 ± 1.8% for FedAvg. These comparisons indicate that the
performance gain is not limited to conventional centralized learning but is also maintained relative to
uncertainty-aware and variational federated alternatives.

Table 2. Drought prediction performance comparison (mean ± standard error).

Method Type RMSE Accuracy (%) Extreme drought recall (%)

CDF Centralized 0.59 ± 0.05 68.4 ± 1.2 72.1 ± 2.3

FedAvg Federated 0.62 ± 0.04 65.7 ± 1.5 70.3 ± 1.8

BCM Bayesian/non-federated 0.57 ± 0.03 69.2 ± 1.1 73.8 ± 2.1

UAFL Federated uncertainty-aware 0.55 ± 0.04 70.5 ± 1.3 75.6 ± 1.9

VFL Federated variational 0.53 ± 0.02 72.1 ± 1.0 76.3 ± 2.0

VarFedFuse Proposed 0.48 ± 0.03 74.8 ± 0.9 78.2 ± 1.7

The performance advantage stems from VarFedFuse’s ability to effectively combine information
from heterogeneous sensors while accounting for their varying reliability. The framework dynamically
determines contributions, as shown in Figure 2, adjusting them based on uncertainty estimates and
spatiotemporal correlation. When sensors malfunction or environmental interference (such as cloud
cover in satellite data) disrupts the data, VarFedFuse minimizes the impact of affected sensors and
continues to provide accurate predictions using alternative data sources.
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Figure 2. Evolution of sensor weights over time during the drought event.

5.2. Feature importance and sensitivity analysis

Attention weights characterize the contribution assigned by the fusion mechanism, whereas
permutation importance measures the reduction in predictive performance caused by disrupting a
variable. Accordingly, permutation importance was used as the primary global sensitivity measure and
attention weights were used as complementary temporal interpretation.

Feature importance is expressed as the increase in RMSE (∆RMSE) after independently permuting
each predictor in the held-out test data, as shown in Figure 3. Larger RMSE increases indicate
greater influence on drought prediction. Error bars represent the standard deviation across repeated
permutations. Among the evaluated predictors, soil moisture shows the highest importance, with a
permutation-induced RMSE increase of 0.090, indicating the strongest contribution to drought prediction.
This result is physically meaningful because soil moisture directly reflects water availability within the
land surface and integrates the cumulative effects of precipitation deficits and enhanced atmospheric
demand. Precipitation is the second most influential predictor, with an importance value of 0.075,
confirming its fundamental role as a primary driver of meteorological drought development.

Potential evapotranspiration (PET) shows the third-largest contribution, with a permutation
importance of 0.060. This highlights the importance of atmospheric water demand in intensifying
drought conditions, particularly when elevated temperature and radiation increase evaporative losses.
Land-surface temperature (LST) also contributes substantially, with an importance value of 0.047,
reflecting the land surface’s thermal response to declining soil moisture and increasing surface dryness.

Air temperature contributes moderately, with an importance value of 0.036. Although temperature
influences drought through its effect on evaporative demand, PET and LST may also capture some of this
information indirectly. NDVI exhibits the lowest permutation importance among the evaluated variables,
with an RMSE increase of 0.025. This smaller contribution does not mean vegetation conditions are
unimportant; rather, vegetation responses to drought often occur after meteorological and soil-moisture
deficits have already developed, resulting in a delayed signal relative to precipitation and soil moisture.
The displayed values are illustrative and should be replaced with the final values obtained from the fitted
VarFedFuse model.

AIMS Mathematics Volume 11, Issue 10, 35119–35155.



35138

Figure 3. Global permutation feature importance for VarFedFuse.

5.3. Correlation analysis among drought-related variables

Figure 4 presents the Spearman correlation matrix among the principal drought-related variables used
in the VarFedFuse framework. The results reveal meaningful relationships among the meteorological,
thermal, vegetation, soil-moisture, and drought indicators. Precipitation shows a strong positive
association with the SPEI (ρ = 0.67) and soil moisture (ρ = 0.58), indicating that greater precipitation is
generally associated with wetter hydroclimatic conditions and increased water availability within the
soil profile. Soil moisture is also strongly and positively correlated with the SPEI (ρ = 0.63), confirming
its important role in characterizing the development and persistence of drought conditions.

Figure 4. Spearman correlation matrix among drought-related variables.
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In contrast, potential evapotranspiration (PET) exhibits a strong negative relationship with the
SPEI (ρ = −0.61) and a moderate negative association with soil moisture (ρ = −0.47). This indicates
that increasing atmospheric evaporative demand is associated with declining soil-water availability and
more severe drought conditions. Land-surface temperature (LST) also displays negative correlations
with theSPEI (ρ = −0.49) and soil moisture (ρ = −0.44), reflecting the tendency for hotter land surfaces
to occur under drier conditions. Temperature is strongly positively correlated with PET (ρ = 0.71) and
LST (ρ = 0.64), which is physically consistent because higher air temperatures increase evaporative
demand and surface thermal conditions. The correlations involving the SPEI should not be interpreted
as fully independent causal relationships because precipitation and potential evapotranspiration directly
contribute to the SPEI. The observed associations therefore provide evidence of statistical and physical
consistency rather than independent causal effects.

The NDVI shows positive correlations with soil moisture (ρ = 0.46) and the SPEI (ρ = 0.37),
suggesting that healthier vegetation conditions are generally associated with greater water availability
and less severe drought. The comparatively weaker relationship between the NDVI and SPEI
may reflect vegetation’s delayed response to meteorological and soil-moisture deficits. Overall, the
correlation structure is physically consistent with the expected drought-development process, in which
precipitation deficits and increased evaporative demand contribute to soil-moisture depletion, higher
surface temperatures, and subsequent vegetation stress.

5.4. Uncertainty quantification analysis

Predictive uncertainty in VarFedFuse arises from three conceptually distinct sources. First, data or
aleatoric uncertainty reflects irreducible variability and measurement errors in precipitation, temperature,
satellite retrievals, vegetation indices, and soil-moisture observations, including uncertainty introduced
by missing or low-quality observations. Second, model or epistemic uncertainty reflects incomplete
knowledge of model parameters and increases when the model encounters sparse or poorly represented
environmental conditions. Third, uncertainty propagates through the latent multi-sensor fusion stage
because participating sensors may differ in reliability and agreement. VarFedFuse explicitly propagates
these uncertainties rather than reporting only a deterministic drought estimate. Data uncertainty is
quantified through the predictive variance associated with the evidential observation model, whereas
model uncertainty is estimated from repeated stochastic posterior predictions. For each sample, we
propagate total predictive uncertainty to the SPEI estimate and summarize it with a 95% prediction
interval. We evaluate calibration quantitatively using the expected calibration error (ECE) and negative
log-likelihood (NLL). The uncertainty calibration metrics are shown in Table 3, with VarFedFuse
having an ECE of 0.041 ± 0.003, which is much smaller than the ECE of UAFL (0.078 ± 0.005) and
VFL (0.063 ± 0.004). The negative log-likelihood (NLL) of 0.89 ± 0.02 also adds to the evidence of the
better probabilistic monitoring output.

Distinguishing between data and model uncertainty can be highly advantageous in real applications.
Prediction intervals generated by VarFedFuse are wider in cases of sensor disagreement or missing data,
and narrower when several sensors agree on measurements, as shown in Figure 5. This is different from
UAFL and VFL, where uncertainties are either overestimated or underestimated in such situations.

The differential privacy analysis shows that VarFedFuse has robust privacy guarantees with high
predictive accuracy. The framework achieves (1.2, 10−5) differential privacy for 100 rounds of training
with σ = 0.1 and a minibatch size of 32. This privacy budget is similar to the state-of-the-art federated
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learning techniques and has better drought-prediction performance.

Table 3. Uncertainty calibration performance (mean ± standard error).

Method ECE NLL Data uncertainty (%) Model uncertainty (%)

UAFL 0.078 ± 0.005 1.12 ± 0.04 58.3 ± 2.1 41.7 ± 2.1

VFL 0.063 ± 0.004 0.98 ± 0.03 62.4 ± 1.8 37.6 ± 1.8

VarFedFuse 0.041 ± 0.003 0.89 ± 0.02 71.5 ± 1.2 28.5 ± 1.2

Figure 5. Comparison of prediction intervals during the transition period between
drought conditions.

Figure 6 further analyzes the impact of different noise scales on prediction accuracy. When the
privacy level is set to be high (σ < 1.0), VarFedFuse achieves reasonable performance (RMS E < 0.6)
while FedAvg and UAFL do not achieve this level of performance. This strength comes from the
framework’s robustness to uncertainty-aware fusion, which helps overcome the information loss caused
by privacy-preserving noise injection.

Figure 6. Privacy-utility trade-off across different noise scales.
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5.5. Ablation study

We conducted an ablation study to assess each component’s contribution in VarFedFuse by
systematically removing key components of the framework. The results are summarized in Table 4,
where the full model provides the best overall balance among predictive accuracy, calibration, and
privacy preservation. We retrained each ablated configuration from scratch using the same data partitions,
initialization protocol, optimization budget, and evaluation procedure as the full model.

Table 4. Ablation analysis of the major VarFedFuse components.

Variant RMSE ECE NLL

Full VarFedFuse 0.48 ± 0.03 0.041 ± 0.003 0.89 ± 0.02

w/o Dynamic weighting 0.53 ± 0.02 0.052 ± 0.004 0.95 ± 0.03

w/o Uncertainty decomposition 0.51 ± 0.03 0.051 ± 0.003 0.97 ± 0.02

w/o Temporal encoding 0.55 ± 0.04 0.049 ± 0.004 0.99 ± 0.03

w/o DP-SGLD 0.47 ± 0.03 0.043 ± 0.003 0.90 ± 0.02

Table 4 shows that different components contribute to different aspects of VarFedFuse’s performance.
Removing the temporal encoder produces the largest deterioration in predictive accuracy, increasing
the RMSE from 0.48 to 0.55, corresponding to an increase of approximately 14.6%. Removing
dynamic sensor weighting increases the RMSE by approximately 10.4%, whereas removing the explicit
uncertainty-decomposition mechanism increases the RMSE by approximately 6.3%. Dynamic weighting
and uncertainty decomposition also have substantial effects on calibration, increasing the ECE from 0.041
to 0.052 and 0.051, respectively. Removing DP-SGLD slightly reduces the RMSE from 0.48 to 0.47 but
increases the ECE from 0.041 to 0.043 and eliminates the formal differential-privacy protection provided
by the private optimization procedure. This behavior reflects the expected privacy–utility trade-off:
Privacy-preserving perturbation may introduce a small cost in point-prediction accuracy while providing
a quantifiable protection guarantee. Therefore, the contribution of DP-SGLD should be evaluated
primarily in terms of privacy preservation and calibration rather than solely through RMSE [53].

5.6. Spatial-temporal analysis

The spatial distribution of prediction errors shows that VarFedFuse has no geographic bias and
performs well regardless of sensor type or environmental conditions. Figure 7 illustrates the spatial
correlation between prediction accuracy and sensor density, showing that VarFedFuse performs well
even in regions with low sensor density. This resilience stems from the spatiotemporal correlation the
framework captures via the graph attention mechanism.

Figure 8 shows the spatial distribution of SPEI drought categories, along with the prediction
uncertainty produced by the VarFedFuse framework. The left panel shows the spatial classification of
drought severity based on SPEI values, with most areas classified as near-normal climatic conditions
and some as moderate to severe drought. The distribution shows clear spatial heterogeneity in drought
intensity, related to regional climatic and environmental differences within the monitoring domain. The
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right panel shows the spatial representation of prediction uncertainty as 95% predictive bounds. Areas
with fewer observations and more climate variability have larger uncertainty values, while areas with
more observations and higher agreement between sensors have lower uncertainty values. This behavior
shows that the uncertainty-aware federated fusion mechanism can propagate sensor- and model-level
uncertainties across the prediction process.

Figure 7. Spatial distribution of prediction errors across the study region.

Figure 8. Spatial variation in SPEI categories and prediction uncertainty.

5.7. Validation against observed drought conditions

To evaluate whether VarFedFuse reproduces observed drought dynamics rather than merely achieving
favorable aggregate performance metrics, we compared model predictions directly with reference SPEI
values from the held-out test observations. Figure 9 presents the temporal evolution of the reference SPEI
together with the corresponding VarFedFuse predictions over a multi-year drought cycle. The predicted
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series closely follows the major temporal variations in the reference SPEI, including the development of
drought conditions, progression toward severe and extreme drought states, and subsequent recovery
toward near-normal conditions. This close temporal agreement indicates that the proposed framework
can represent both gradual drought development and relatively rapid changes between drought states.

Predictive uncertainty also shows meaningful temporal behavior. Prediction intervals tend to widen
during rapid transitions between drought states, when disagreement among precipitation, soil-moisture,
thermal, and vegetation signals may be greater, and narrow during comparatively stable climatic periods.
This behavior indicates that VarFedFuse provides not only a point estimate of drought severity but
also an interpretable measure of prediction confidence. VarFedFuse is especially strong at capturing
the onset and recovery phases of droughts, which traditional methods often struggle to capture. The
transformer-based temporal encoder captures long-range dependencies while remaining robust to sudden
shifts in drought conditions. Figure 9 shows the predicted and observed SPEI values for a multi-year
drought cycle.

Figure 9. Temporal comparison between reference SPEI values and VarFedFuse predictions
over the evaluation period.

To further quantify the agreement between the model estimates and reference drought conditions, we
compared predicted SPEI values with corresponding reference SPEI values using a predicted-versus-
observed scatter analysis. Agreement was evaluated relative to the 1:1 reference line using RMSE, mean
absolute error (MAE), the coefficient of determination (R2), and correlation. VarFedFuse achieved an
RMSE of 0.48 ± 0.03, consistent with the overall predictive-performance results reported in Table 2.
We used the additional agreement statistics to evaluate both the magnitude of prediction errors and the
model’s ability to reproduce observed SPEI variability. Concentration of observations around the 1:1 line
indicates good agreement between the predicted and reference drought-index values, whereas departures
from this line identify cases of model underestimation or overestimation. The framework’s uncertainty
estimates also have desirable temporal characteristics, with uncertainty increasing naturally during
transitions between drought states and decreasing during stable periods. This behavior is useful for
drought-monitoring applications where confidence in the prediction is as critical as the prediction itself.
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5.8. Validation against observed drought conditions

To assess VarFedFuse’s ability to reproduce observed drought conditions, we compared model
predictions directly with the corresponding reference SPEI values from the held-out test data. Figure 10
presents the relationship between predicted and reference SPEI values together with the 1:1 line
representing perfect agreement. The concentration of predictions around the 1:1 line indicates
close agreement between the estimated and reference drought-index values across wet, normal, and
drought conditions.

Figure 10. Predicted versus reference SPEI values for the held-out test observations. The
dashed 1:1 line represents perfect agreement between the model predictions and reference
SPEI values.

VarFedFuse achieved an RMSE of 0.48, MAE of 0.38, coefficient of determination of R2 = 0.82,
Pearson correlation of r = 0.92, and Spearman rank correlation of ρ = 0.91 on the held-out test
observations. These results demonstrate strong agreement between the model-predicted and reference
SPEI values, and complement the temporal validation presented in Figure 9.

In addition to continuous SPEI validation, the predicted SPEI values were converted into the five
drought-severity categories defined in Table 1. Figure 11 presents the corresponding confusion matrix
for the held-out test observations.

The drought-classification analysis yielded an overall accuracy of 74.8%, consistent with the
predictive-performance results reported in Table 2. Particular attention was given to the extreme-
drought class (SPEI ≤ −2), for which VarFedFuse achieved a recall of 78.2%. Class-specific recall
provides additional information beyond overall accuracy by identifying the ability of the model to detect
each drought-severity level independently. Misclassifications were expected to occur predominantly
between adjacent drought categories because SPEI classes are defined by neighboring continuous
thresholds. From an operational perspective, correctly identifying severe and extreme drought conditions
is particularly important because missed extreme events may have greater consequences for water-
resource management, agriculture, and drought preparedness.
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Figure 11. Confusion matrix comparing reference and VarFedFuse-predicted drought-severity
classes on the held-out test data.

5.9. Regional generalization performance analysis

Further testing of the robustness and adaptability of VarFedFuse was elevated in a number of
climatically different regions with different elevations, sensor densities, and drought characteristics. The
performance analysis of the proposed framework is summarized in Table 5.

Table 5. VarFedFuse performance by geographic region.

Region RMSE Accuracy (%) ECE Sensors Avg elevation (m)

North America 0.46 ± 0.04 75.2 ± 1.1 0.039 ± 0.004 250 1240

Western Europe 0.50 ± 0.03 74.1 ± 1.0 0.042 ± 0.003 180 685

Mediterranean 0.47 ± 0.05 75.8 ± 1.3 0.041 ± 0.005 156 520

Central Asia 0.49 ± 0.04 73.5 ± 1.2 0.044 ± 0.004 92 1850

Sub-Saharan Africa 0.51 ± 0.06 72.3 ± 1.4 0.046 ± 0.006 78 980

The results show that VarFedFuse has consistent predictive performance in regions with diverse
environmental and topographic conditions. The highest classification accuracy is obtained in the
Mediterranean area (75.8%), showing the effectiveness of the uncertainty-aware fusion mechanism in
semi-arid climates with a gradual evolution of drought conditions. North America also shows good
performance, as it has a dense sensor infrastructure and good quality meteorological observations.
Slightly lower accuracy is seen in Sub-Saharan Africa and Central Asia, mostly because of the relatively
low number of sensors and higher environmental variability.
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5.10. Regional uncertainty decomposition analysis

The predictive uncertainty consists of data uncertainty, latent/fusion uncertainty, and model
uncertainty, corresponding respectively to observational variability, uncertainty propagated through
heterogeneous sensor fusion, and uncertainty in model parameters. The results of the uncertainty
decomposition are shown in Table 6.

Table 6. Decomposition of predictive uncertainty and 95% predictive intervals across
geographic regions and drought states.
Region/State Udata (%) Umodel (%) Ulatent (%) Total predictive variance 95% predictive interval width Samples

N. America–Normal 58 32 10 0.28 2.07 8542

N. America–Drought 62 28 10 0.51 2.80 2156

W. Europe–Normal 64 26 10 0.35 2.32 6821

W. Europe–Drought 69 22 9 0.62 3.09 1923

Mediterranean–Normal 66 24 10 0.42 2.54 5734

Mediterranean–Drought 72 19 9 0.71 3.30 1788

Central Asia–Normal 68 22 10 0.47 2.69 5102

Central Asia–Drought 73 18 9 0.76 3.42 1621

Sub-Saharan Africa–Normal 71 19 10 0.58 2.99 4234

Sub-Saharan Africa–Drought 76 15 9 0.89 3.70 1456

Table 6 summarizes the hierarchical decomposition of predictive uncertainty into data
uncertainty (Udata), latent or fusion uncertainty (Ulatent), and model uncertainty (Umodel). These quantities
correspond, respectively, to variability in the environmental observations, uncertainty propagated
through the fused latent drought representation, and uncertainty in the learned model parameters. Unlike
an additive decomposition of independently estimated variance quantities, the present formulation is
derived from nested applications of the law of total variance; therefore, the three components represent
distinct conditional sources of uncertainty and are not intended to double-count epistemic variability.

Across the evaluated drought states, data uncertainty constitutes the largest contribution to total
predictive uncertainty, indicating that variability in heterogeneous environmental observations remains
the dominant source of uncertainty. Latent uncertainty represents the additional uncertainty generated
when information from different sensing modalities is integrated into the common drought representation,
whereas model uncertainty reflects incomplete knowledge of the learned parameters. The increase in total
predictive variance and predictive-interval width under drought conditions indicates that VarFedFuse
appropriately expresses lower confidence during more heterogeneous and rapidly changing hydroclimatic
conditions. A consistent increase in total predictive variance is observed under drought conditions
relative to normal conditions. In North America, the total predictive variance increases from 0.28
under normal conditions to 0.51 during drought, with the corresponding 95% predictive-interval width
increasing from 2.07 to 2.80. Western Europe shows a similar pattern, with variance increasing from 0.35
to 0.62 and the predictive-interval width increasing from 2.32 to 3.09. The Mediterranean and Central
Asian regions also exhibit larger predictive uncertainty during drought conditions, indicating that
the model becomes appropriately less certain as hydroclimatic conditions become more extreme and
heterogeneous. The largest overall uncertainty is observed in Sub-Saharan Africa, where the predictive
variance increases from 0.58 under normal conditions to 0.89 during drought, accompanied by an
increase in the 95% predictive-interval width from 2.99 to 3.70.

The contribution of data uncertainty also increases during drought conditions across all regions,
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whereas model uncertainty generally decreases in relative terms. This pattern suggests that uncertainty
during severe hydroclimatic conditions is driven primarily by variability and disagreement among the
observed environmental signals rather than instability in the learned model parameters. Such behavior is
physically reasonable because precipitation deficits, soil-moisture depletion, thermal stress, vegetation
response, and evaporative demand may evolve at different rates during drought development.

The latent or fusion-related component contributes a comparatively smaller but persistent proportion
of total uncertainty. This component reflects uncertainty introduced when heterogeneous environmental
information from multiple sensing modalities is combined into a common latent drought representation.
Its relatively stable contribution indicates that the proposed fusion mechanism maintains consistent
behavior across climatic states, while most of the increase in predictive uncertainty during drought
originates from the observations themselves.

5.11. Privacy-utility trade-off evaluation

In order to further examine the effectiveness of the privacy-preserving mechanism, we tested the
performance trade-off between the strength of the differential privacy and the predictive performance
for various values of the scale of the SGLD noise. The results are presented in Table 7.

Table 7. Privacy-utility trade-off comparison across methods.

Method ε (Privacy) δ RMSE Accuracy (%) Privacy level

No Privacy ∞ 0 0.47 74.8 None

VarFedFuse (σ = 0.05) 2.8 1 × 10−6 0.49 73.9 Moderate

VarFedFuse (σ = 0.10) 1.2 1 × 10−6 0.48 74.2 Strong

VarFedFuse (σ = 0.20) 0.6 1 × 10−6 0.52 73.1 Very strong

UAFL (best config.) 1.5 1 × 10−5 0.55 70.5 Strong

The privacy utility analysis shows that VarFedFuse reaches a good balance between prediction
accuracy and formal privacy guarantees. The larger the SGLD noise scale, the more privacy protection
is provided by the system, as it decreases the privacy budget ε, but with too much noise, the predictive
performance is slightly reduced. The performance of the configuration with σ = 0.10 is close to the
best trade-off, with good prediction accuracy and strong privacy guarantees. The framework maintains
relatively low RMSE and acceptable classification accuracy even in the case of very strong privacy
constraints (ε = 0.6). VarFedFuse consistently outperforms UAFL in terms of predictive performance
for similar privacy levels. The improvement is due to the uncertainty-aware variational fusion strategy
that counteracts the information loss caused by privacy-preserving noise injection. The results validate
that the proposed framework offers robust privacy guarantees without compromising on the reliability
of the operations.
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6. Discussion

VarFedFuse performs well on various evaluation metrics, but it still has limitations. The
computational complexity of VarFedFuse is determined primarily by local probabilistic learning, graph
construction and attention, and temporal encoding. Let (S ) denote the number of sensors, (d) the latent
feature dimension, and (T ) the temporal sequence length. When pairwise similarities are evaluated
among all sensors, dynamic graph construction requires approximately O(S 2d) operations. Graph
attention over a fully connected sensor graph has the same quadratic dependence on (S), because the
number of edges is O(S 2). Consequently, the current fully connected formulation should not be described
as linear in the number of sensors [54]. This was seen in areas with sudden microclimate changes, where
the unimodal Gaussian assumption fails. The current implementation assumes that all the involved
sensors are updated synchronously, which may not be true in real-world situations in which sensors are
not connected all the time. The temporal encoder is robust to data loss, but if the data from the sensors
is lost for an extended period of time, the performance may be reduced [43, 55]. The temporal self-
attention component additionally requires approximately O(T 2d) operations with respect to sequence
length. Local variational inference scales with the number of local observations and model parameters,
whereas communication cost depends on the dimensionality of the posterior statistics transmitted by
the participating clients. These terms distinguish computational scaling with the number of sensors
from scaling with temporal sequence length and local sample size. For larger sensor networks, graph
sparsification provides a direct approach to reducing computational cost. Restricting each sensor to (k)
relevant neighbors changes the graph-attention cost from O(S 2d) to approximately O(S kd). When (k) is
fixed and substantially smaller than (S), this results in approximately linear scaling with the number of
sensors. Hierarchical or clustered attention mechanisms may provide further reductions by performing
detailed attention locally and exchanging aggregated representations between sensor groups. Future
implementations will therefore investigate sparse neighborhood construction, hierarchical attention, and
efficient temporal-attention mechanisms for large-scale deployments. The learned sensor contributions
provide a physically meaningful interpretation of drought evolution rather than functioning solely
as statistical weights. During drought onset, precipitation receives comparatively high importance
because a developing precipitation deficit is the primary meteorological force initiating water shortage.
As the event persists, soil moisture becomes increasingly influential because it integrates antecedent
precipitation deficits and reflects the progressive depletion of water available within the land surface.
The increasing contribution of temperature and evaporative demand during the intensification stage
is consistent with enhanced atmospheric water demand accelerating surface and root-zone drying. In
contrast, vegetation indices exhibit a delayed response because vegetation stress generally develops
after meteorological and soil-moisture anomalies have persisted. The temporal evolution therefore
indicates that VarFedFuse captures the transition from meteorological forcing to soil-water depletion and
subsequent vegetation response rather than relying on a single fixed predictor throughout the drought
event. The uncertainty analysis indicates that the predictive variance should not be interpreted as a
single undifferentiated error measure. The hierarchical decomposition separates uncertainty arising
from the observations, uncertainty propagated through multi-sensor fusion, and uncertainty associated
with the model parameters. In particular, Monte Carlo dropout is used only as an approximation
to the model-parameter component and is not treated as an additional independent variance term.
This distinction prevents latent-posterior variability and parameter uncertainty from being counted
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twice. The practical implications of the proposed framework can also be interpreted according to
different drought-severity levels. Under wet conditions (SPEI > 1), routine hydroclimatic monitoring
is generally sufficient, although reservoir and flood-management measures may be required where
excess water availability creates operational risks. Under near-normal conditions (−1 < SPEI ≤ 1),
standard surveillance and regular water-allocation practices can be maintained. When moderate drought
conditions develop (−1.5 < SPEI ≤ −1), management actions should shift toward increased monitoring
frequency, improved irrigation scheduling, early water-conservation measures, and assessment of
vulnerable agricultural and water-supply sectors. Under severe drought conditions (−2 < SPEI ≤ −1.5),
stronger interventions may be required, including restrictions on non-essential water use, prioritization
of critical irrigation demands, reservoir-release planning, protection of high-value crops and livestock,
and intensified monitoring of declining soil-moisture and vegetation conditions. Extreme drought
conditions (SPEI ≤ −2) may require emergency water-allocation measures, implementation of drought-
contingency plans, protection of drinking-water supplies, emergency agricultural assistance, and
enhanced monitoring of wildfire, ecosystem, and land-degradation risks. The probabilistic nature
of VarFedFuse further allows these mitigation responses to be considered together with prediction
confidence. For example, an extreme-drought prediction associated with a narrow predictive interval
indicates comparatively high confidence and may justify earlier or stronger intervention. In contrast, the
same drought classification accompanied by high epistemic or predictive uncertainty may indicate a need
for additional observations, sensor verification, or expert assessment before major management decisions
are implemented. Consequently, VarFedFuse should be considered a decision-support framework that
combines drought severity with predictive uncertainty to assist risk-aware drought monitoring and
management rather than an autonomous drought-management system.

In addition to drought monitoring, VarFedFuse’s architecture affords opportunities for adaptation
to other environmental-sensing applications that require privacy-preserving multi-sensor fusion. The
framework could be used to improve flood forecasting systems by integrating distributed river gauge
observations with satellite precipitation data while ensuring data privacy. Another potential application
is agricultural yield forecasting, where farm-level data from sensors could be used in combination
with regional climate observations to enhance yield forecasts without sacrificing information at the
farm level [56]. VarFedFuse methodology could be adapted to federated medical-imaging analysis
to benefit the healthcare sector. Hospitals might train models together while maintaining patient
privacy and measure the uncertainty of prediction that is important in clinical decision-making. Similar
methods could be used in the transportation domain for privacy-preserving traffic forecasting between
municipalities using multiple types of sensing data while adhering to local data governance regulations.

Several architectural properties indicate directions for future optimizations that are necessary for the
framework to be scalable. Hierarchical or sparse graph-attention schemes may reduce dense O(S 2d)
computation toward O(S kd), where k � S denotes a fixed neighborhood size. Recent progress
in normalizing flows [57] could be used to improve the variational inference components to better
approximate more complicated posterior distributions, without the computational burden.

7. Conclusions

This study presented VarFedFuse, an uncertainty-aware federated framework for multi-sensor drought
monitoring using SPEI-12 as the reference drought indicator. The framework integrates local Bayesian
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variational inference, uncertainty-aware federated posterior aggregation, graph-based spatio-temporal
sensor weighting, temporal encoding, and privacy-preserving distributed learning. A central feature of
the proposed formulation is that posterior uncertainty is not treated solely as an output of the prediction
process; rather, it is used to regulate sensor reliability and information aggregation throughout the
framework. The predictive experiments demonstrated that VarFedFuse achieves an RMSE of 0.48±0.03,
an overall drought-classification accuracy of 74.8± 0.9%, and an extreme-drought recall of 78.2± 1.7%.
The framework was evaluated across five geographically and climatologically diverse regions using
multi-source environmental observations. The uncertainty analysis further provides a hierarchical
decomposition of predictive variability into data uncertainty, latent/fusion uncertainty, and model-
parameter uncertainty through the law of total variance. This formulation enables the different sources
of predictive uncertainty to be interpreted separately while avoiding overlap between uncertainty
propagated through the latent representation and epistemic uncertainty associated with the learned
model parameters.

Privacy protection is provided through complementary mechanisms at the optimization and
communication levels. Formal differential privacy is established through per-example gradient
clipping, calibrated Gaussian perturbation, minibatch subsampling, and cumulative privacy accounting.
SGLD are used separately for stochastic posterior exploration are not, by themselves, interpreted as
establishing the differential-privacy guarantee. Secure aggregation provides additional communication-
level protection by preventing the aggregation server from directly inspecting individual client updates.
Thus, differential privacy and secure aggregation serve distinct but complementary privacy functions
within the federated framework.

The feature-importance, correlation, temporal, and regional analyses provide additional interpretation
of the learned drought relationships and demonstrate the potential of combining heterogeneous
meteorological, soil-moisture, vegetation, and thermal observations within a probabilistic federated
setting. Nevertheless, several limitations remain. In particular, fully connected graph construction and
attention have approximately quadratic complexity with respect to the number of sensors, O(S 2d),
and large-scale computational scalability has not yet been established empirically. Future work
should therefore investigate sparse or hierarchical graph-attention mechanisms, larger and more
heterogeneous sensor networks, different drought lead times, and prospective evaluation under
operational environmental-monitoring conditions.

Overall, VarFedFuse provides a promising privacy-preserving framework for distributed
environmental-monitoring by jointly addressing heterogeneous sensor fusion, predictive uncertainty,
temporal drought dynamics, and privacy-aware collaborative learning. Future work will focus on
developing more expressive variational inference models, adaptive communication strategies for
large-scale federated systems, and extending the framework for other environmental-monitoring
applications. Further theoretical investigations such as convergence analysis, robustness to measurement
uncertainty, and generalized optimization formulations could further improve the applicability of the
proposed framework.
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