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available at the end of the article across countries might pose governance, privacy, and data sovereignty issues. This
research presents a privacy-preserving model for predicting agricultural yields using
federated learning within an edge-fog-cloud integrated architecture. The experiments
have been performed on a European cereal production dataset for the period
1990-2022, using a time-aware forecasting scheme. Centralized, edge-only, federated,
and hybrid learning techniques have been systematically compared to examine the
influence of distributed optimization on forecasting performance. It can be seen

that central classical machine learning algorithms have yielded the best predictive
performance. Federated deep learning models, meanwhile, showed relatively poor
forecasting accuracy compared to their centralized counterparts under a non-IID
distribution of multi-country agricultural data. Edge-only learning, meanwhile,

has yielded comparatively low generalization capabilities due to the absence of
collaborative learning.
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1 Introduction

Agricultural yield prediction is an important aspect of food security, climate change, and
economic stability [1]. Precise yield prediction allows the government and the Depart-
ment of Agriculture to predict supply, trade, and climate change [2]. Using climate indi-
ces and agricultural production data, machine learning and deep learning algorithms
have been widely adopted for yield prediction [3]. However, most current forecasting
models use centralized data, meaning that agricultural and climate data from different
regions are stored in a single database. While using centralized data for model train-
ing is beneficial, it also raises significant concerns about data sovereignty, data privacy,
and cross-border regulatory issues [4]. In a multi-country environment, data collected
from the agricultural production sector may be treated as private due to economic and
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political factors. Therefore, unregulated data sharing across country borders may not be
feasible.

On the other hand, agricultural data sources are highly heterogeneous. The occur-
rence of climate change, extreme weather events, agricultural practices, and data report-
ing standards is quite diverse across the globe [5]. Such differences cause non-identically
distributed (non-IID) data patterns, making collaborative model training challenging.
The conventional centralized model architecture ignores such governance and distribu-
tion patterns [6].

Edge and fog computing models have recently emerged as attractive alternatives to
cloud-centric architectures. These models minimize latency, communication costs, and
cloud dependence [7]. At the same time, federated learning (FL) has been explored as
an innovative collaborative training approach for preserving data privacy [8]. FL enables
multiple parties to cooperatively train a global model by exchanging model parameters
instead of data [9]. However, there remain some research gaps in the growing body
of literature on federated learning in agriculture. First, most existing studies focus on
single-task learning, such as plant disease diagnosis, rather than large-scale yield pre-
diction. Second, there is a lack of studies that compare centralized, edge-only, and feder-
ated learning in a unified manner. Third, the relationship between the complexity of the
model architecture (classical machine learning, deep learning, and hybrid models) and
the performance of federated learning remains inadequately investigated.

To fill the mentioned research gaps, this paper proposes an Edge-Fog-Cloud frame-
work for multi-country agricultural yield forecasting. The proposed framework allows
for centralized, edge-only, and federated learning in a unified manner. Based on a multi-
decade European cereal yield dataset, we compare the performance of classical machine
learning, deep learning, and hybrid models in the mentioned learning settings. The con-
tributions of our work are threefold. First, we propose an Edge-Fog-Cloud architecture
suitable for cross-country agricultural intelligence systems. Secondly, we develop and
test a federated learning framework for multi-country yield prediction with strict tem-
poral partitioning. Thirdly, we conduct a comparative study of classical, deep, and hybrid
models to analyze the trade-offs between prediction accuracy, privacy protection, and
stability of distributed optimization. Unlike previous FL-based agricultural forecasting
studies, the proposed framework jointly evaluates centralized, edge-only, and federated
learning paradigms under identical temporal forecasting conditions while integrating
Edge-Fog-Cloud orchestration and hybrid temporal-structured feature learning. Our
experiments show that although centralized ensemble learning methods achieve the best
prediction accuracy, federated deep learning can approach centralized methods without
sharing raw data. Our results offer valuable lessons for building privacy-preserving agri-
cultural forecasting systems across multiple countries.

2 Related works

However, recent research tends to view smart agriculture through a distributed intel-
ligence lens rather than a strictly cloud-focused approach. Yu et al. [10] in their work
mention cloud-edge-device collaborative computing as a multi-layered paradigm, where
the device/edge layer performs local inference and the cloud performs the heavy lifting.
This clearly positions the paradigm within the context of addressing latency, bandwidth,
and reliability challenges in agricultural applications. To provide a different perspective
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on the above, a technical overview of smart agriculture enabled by edge computing, as
presented by Gong et al. [11], focuses on multi-layered architectures that leverage the
cloud's modeling capabilities and the edge layer's responsiveness and real-time process-
ing requirements.

However, a significant body of literature considers federated learning a viable solution
to address the limitations of data governance in agriculture, as participants may not be
willing to share data on agricultural production, yields, and management. Dembani et
al. [12] offer a general overview of data privacy in agriculture and federated learning,
including the different forms of federated learning and their applications in agriculture,
as well as the challenges associated with federated learning, which include data hetero-
geneity, communication complexity, and security. Similarly, Mohammed et al. [13] offer
an overview of federated learning and smart agriculture, including the role of privacy
and data heterogeneity.

From an architectural standpoint, Killeen et al. [14] present an 10T architecture for
smart farming that leverages federated learning with edge/cloud computing for agri-
cultural sensing and prediction applications, following the trend of distributed orches-
tration over cloud-centric FL. Yield prediction is arguably the most active field of FL
research in agriculture. An extensive review of federated learning for crop yield predic-
tion is offered by Hiremani et al. [15], which includes model families, data, metrics, and
the main implementation challenges of FL for this application (communication over-
head, non-IID data, interpretability).

In addition to these surveys, various research works have been conducted to propose
end-to-end FL-based yield prediction system frameworks and compare them with their
centralized counterparts. Dey et al. [16] proposed FLyer: A federated learning system
for crop yield prediction with a focus on Agriculture 5.0, incorporating edge computing,
FL-based parameter sharing, and engineering design to address latency/cost. Mukherjee
et al. [17] conducted a comparative analysis of centralized and federated learning-based
systems for crop yield prediction tasks using temporal neural networks such as LSTM/
GRU, which is directly related to our comparison framework of centralized versus feder-
ated learning-based systems. Nirosha and Vennila [18] proposed a federated system for
crop yield prediction using a combination of graph neural networks and recurrent neu-
ral networks, which represents a paradigm shift toward hybrid deep neural models for
FL to effectively learn representations from distributed data.

Aside from algorithmic studies, some studies focus on FL design aspects in systems,
particularly in the context of agriculture, which are critical to the overall results. In
the work of Cowlishaw et al. [19], the authors investigate the effect of different levels
of aggregation in FL (centralized and decentralized) and, using agricultural indicators
derived from remote sensing images, demonstrate the significant impact of aggregation
levels on overall results.

Recent studies have also explored federated and privacy-preserving intelligent sys-
tems in distributed cloud environments. Al-driven threat prediction models, malicious
user prediction frameworks, and secure workload estimation architectures have been
proposed to improve secure communication, adaptive orchestration, and distributed
resource management in heterogeneous cloud infrastructures [20—24]. These studies
further emphasize the growing importance of privacy-preserving collaborative intelli-
gence and federated optimization strategies in distributed computing environments.
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While yield prediction is one of the most popular FL prediction tasks, a substantial
part of the agricultural FL literature focuses on plant disease diagnosis, which raises pri-
vacy concerns due to the use of image and operational data at the farm level. In the paper
by Hari and Singh [25], the authors propose an adaptive federated deep learning method
for diagnosing plant leaf disease using an intelligent weight transfer concept. The focus
of the paper by Piccialli et al. [26] is the federated approach, AGRIFOLD, for the collab-
orative diagnosis and classification of plant leaf disease. The focus of the paper by Cris-
tea et al. [27] is a hybrid federated transfer learning method for diagnosing tomato leaf
disease, emphasizing its use without sharing the original data. The focus of the paper by
Choubey et al. [28] is a lightweight federated transfer learning method for leaf disease
diagnosis, emphasizing efficiency-driven design choices.

Recent federated learning studies have further explored privacy-preserving and het-
erogeneous learning scenarios in both medical imaging and smart agriculture applica-
tions. For instance, explainable federated deep learning frameworks integrated with
Grad-CAM mechanisms have demonstrated strong performance for decentralized brain
tumor classification under non-IID MRI data distributions [29]. Similarly, homomorphic
encryption-enhanced federated learning architectures have been proposed for secure
tomato leaf disease detection while protecting sensitive agricultural information against
inference and reconstruction attacks [30]. Furthermore, hybrid federated few-shot
learning frameworks combined with ensemble voting strategies have recently shown
promising classification performance for cauliflower leaf disease detection under hetero-
geneous agricultural environments with limited labeled data [31].

These disease-related works validate two points that are generally applicable to the
problem of yield prediction: (i) non-IID data is the norm, and (ii) there are benefits to
be had with aggregation methods and light/hybrid modeling, not necessarily through FL
itself.

From the literature, the key themes are edge/fog/cloud computing for reducing latency
and improving operational viability, and federated learning for addressing data gover-
nance challenges. Nonetheless, several studies either (a) concentrate on a specific task
type (notably disease detection) or (b) compare federated learning with a comprehensive
assessment of centralized, edge-only, and federated learning approaches within a con-
sistent forecasting framework. In light of these research challenges, our research makes
several key contributions: (1) provides a formal Edge-Fog-Cloud process for agricultural
forecasting, (2) compares centralized, edge-only, and federated learning approaches
under strict temporal partitioning, and (3) compares machine learning, deep learning,
and hybrid models on a multi-country European cereal dataset.

However, despite promising results from some federated learning approaches already
applied in agriculture and healthcare, several limitations remain worth considering. The
vast majority of related studies focus on image and disease classification rather than
on predicting agricultural yields over time under heterogeneous, multi-country condi-
tions. Moreover, many current studies operate within the framework of centralized opti-
mization or homogeneous client distributions, which are unrealistic in practice when
addressing the issue of decentralized agriculture. In addition, there is a lack of investiga-
tion into federated learning techniques for privacy preservation, temporal forecasting,
and heterogeneity in client distribution.
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Despite the promising results from previous federated learning research in agriculture
and other distributed artificial intelligence applications, the methodologies, privacy, and
heterogeneity of non-I1ID environments vary significantly across studies. Moreover, pre-
vious studies generally focus on image classification rather than long-term forecasting
of agricultural yields. To contextualize the contribution of the proposed study within
recent federated learning research, a comparative analysis of feature similarities between
the previous and proposed studies is presented in Table 1.

As shown in Table 1, most previous federated learning studies focus on classification
tasks under partially decentralized approaches. In contrast, the proposed study aims to
address the problem of agricultural yield forecasting across multiple countries within a
privacy-preserving framework in a hybrid Edge-Fog-Cloud system. Moreover, the pro-
posed study provides a comprehensive comparison of centralized, edge-only, and feder-
ated learning techniques, as well as classical machine learning, deep learning, and hybrid
model approaches, within a distributed optimization framework.

In this regard, it is important to note that the federated learning approaches for the
sequence-based DL-LSTM architecture were primarily used in the present study due to
their applicability to gradient-based optimization via FedAvg. Ensemble machine learn-
ing approaches, including Random Forest and XGBoost algorithms, were used as strong
centralized baselines for tabular forecast tasks; nevertheless, no federated approaches for
tree-based ensemble learning were tested in the present simulations. Thus, the empha-
sis was on the effect of federated distributed optimization on deep sequence forecasting
models.

Despite many recent federated learning research efforts, for example, FLyer, Mukher-
jee and Buyya, and Cowlishaw et al., there are still many key research gaps related to
the potential applicability of distributed learning in the context of agriculture. Current
research work mostly tends to concentrate on federated crop prediction or distributed
agricultural sensing independently, while not comparing various learning approaches,
including federated and conventional, based on the same time-based problem setting.
Another common drawback is that most research studies do not provide a detailed
analysis of model complexity across various model types, ranging from classic machine
learning to deep and hybrid architectures, in heterogeneous, multi-country, non-IID

Table 1 Comparative analysis of related federated learning studies

Study Application Learning paradigm Privacy-preserving Non-IID  Model Main
domain analysis  type limitation

Brain  Medical Federated Yes Partial CNN No temporal

tumor imaging forecasting

FL

study

HEFL  Agriculture Federated Yes Limited ~ CNN Image clas-

to- sification

mato only

study

Fed-  Agriculture Federated Partial Yes Hybrid Limited

FSL ensemble  temporal

study analysis

Pro-  Agricul- Federated Yes Yes Hybrid Moderate FL

posed tural yield Edge-Fog-Cloud DL-LSTM performance

study forecasting degradation




Utku et al. Discover Computing (2026) 29:359 Page 6 of 32

settings. Unlike previous work, our study adopts an integrated approach to federated
forecasting across edge, fog, and cloud.

For further clarification of the differences between the proposed framework's method-
ology and past federated agricultural learning research studies, a comparative analysis is
presented in Table 2.

As depicted in Table 2, past federated agricultural learning research has primarily
focused on federated prediction settings or distributed sensing tasks. However, the pro-
posed framework considers all three learning methods (centralized, edge-only, and fed-
erated) within a single unified Edge-Fog-Cloud paradigm, while also comparing classical
machine learning, deep learning, and hybrid approaches.

3 Material and method

This section introduces the materials, architectural design, and methodological frame-
work used in this study to design and evaluate a privacy-preserving agricultural yield
forecasting system. The proposed system combines multi-country cereal yield data and
climate indices in a distributed Edge-Fog-Cloud computing framework. A federated
learning framework is developed to facilitate collaborative model training without the
need to share raw data across country borders. To provide a comprehensive compari-
son of the proposed system, centralized, edge-only, and federated learning frameworks
are systematically compared using the same temporal evaluation framework. The meth-
odology framework comprises data preprocessing, sequence formation based on a fixed
multi-year time window, deep learning-based sequence modeling, federated aggregation
strategies, and multi-metric system performance evaluation. The aim of the method-
ology used is to evaluate whether distributed learning could achieve the same perfor-
mance as a central system in the context of multi-country agricultural yield forecasting
and data sovereignty.

3.1 Problem definition
The problem this research addresses is multi-country agricultural yield forecasting,
subject to data sovereignty and distributional heterogeneity constraints. The problem

Table 2 Comparative analysis of existing federated agricultural forecasting frameworks and the
proposed study

Study Dataset Task FL Edge/ Model Privacy Evaluation
architecture  Fog/ type mechanism setting
Cloud
support
[16] Agricul-  Crop Federated Partial DL Parameter Distributed
turalloT  prediction edge learning sharing simulation
datasets
[17] Crop Yield Federated No explicit LSTM/GRU  Parameter Centralized
yield prediction learning fog layer aggregation vs FL
datasets
[19] Remote  Agricultural Hierarchical FL  Partial ML/DL Aggregated Multi-level
sensing monitoring updates aggregation
agricul-
tural data
Pro-  European Multi- Edge-Fog- Full Classical Privacy-pre- Centralized
posed cereal country yield  Cloud FL ML+DL- serving param-  vs edge-only
study dataset  forecasting LSTM+Hy- eter sharing vs federated
brid under strict

temporal split
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is formulated as a distributed time-series regression problem, where each participating
country has its own historical agricultural and climate data. The data have a panel struc-
ture, with a spatial component representing countries and a temporal component span-
ning several decades. The response variable is annual agricultural yield, predicted using
a fixed-size sliding window of climate and agricultural features. In this research, a five-
year temporal context is used to account for the lagged effects of climate and temporal
dependencies in agricultural production dynamics.

In contrast to typical centralized learning scenarios, the raw data in this research can-
not be easily aggregated across countries due to regulatory, organizational, and gov-
ernance factors. This implies that the learning problem should be reformulated as a
distributed optimization problem, where each country trains a local model on its own
data while jointly constructing a global model. Only model parameters or updates are
communicated, while raw agricultural data are retained locally. This turns the agricul-
tural yield forecasting problem into a cross-silo federated learning problem, where each
country acts as a stable, sufficiently large client.

One of the defining features of this problem is that the data is not identically distrib-
uted. Crop vyields, climate variability, management practices, and extreme weather pat-
terns vary widely across countries. This results in variations in yield scales, statistical
distributions, noise levels, and climate-yield response functions. As such, the learning
framework must accommodate these two phenomena while ensuring stable convergence
during collaborative optimization.

In order to evaluate the effectiveness of distributed learning under these circum-
stances, the forecasting problem is evaluated using three different strategies, namely,
centralized learning, where all data from all countries is used to form one single data-
set; edge learning, where each country uses its own data to train its own model; and
federated learning, where collaborative learning occurs without access to raw data. The
research question is whether federated learning can achieve forecasting accuracy com-
parable to that of centralized learning.

The target, therefore, is not merely to minimize the prediction errors. Rather, the
problem at hand is to achieve a trade-off among accuracy, privacy preservation, scalabil-
ity, communication costs, and robustness to non-IID data distributions. The proposed
framework is expected to optimize these trade-offs within a real-world Edge-Fog-Cloud
computing paradigm for multi-country agricultural forecasting scenarios.

3.2 Dataset

In this research, a panel dataset is used that combines agricultural production data from
the World Bank’s Climate Change Information Portal (WB-CCKP) along with climate
indicators [32]. The dataset spans 1990 to 2022 and covers some European countries
and three important cereal crops: barley, wheat, and maize. The dataset has agricul-
tural indicators such as yield, harvest area, production quantity, climate indicators such
as temperature, precipitation, drought, extreme events, geographic indicators such as
country-level observations, and time indicators such as annual observations. The inde-
pendent variables comprise agricultural variables (YIELD, AREA, PRODUCTION), crop
variables, country variables, and several climatic variables derived from the WB-CCKP
data set, including precipitation, temperature, drought, heat stress, and extreme climate
variables. The target prediction variable corresponds to annual crop yield measured in
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kilograms per hectare (kg/ha). The final dataset contains approximately 3,200 observa-
tions and over 40 explanatory variables.

The federated learning experiment used 39 country-level clients from Europe, which
include Albania, Austria, Belgium, Bulgaria, Croatia, Cyprus, Czech Republic, Denmark,
Estonia, Finland, France, Germany, Greece, Hungary, Ireland, Italy, Latvia, Lithuania,
Luxembourg, Netherlands, Norway, Poland, Portugal, Romania, Serbia, Slovakia, Slove-
nia, Spain, Sweden, Switzerland, Tiirkiye, Ukraine, and other European countries pro-
ducing cereals that fulfill minimal temporal data requirements.

The total size of the dataset in terms of the number of rows (observations) and col-
umns (features) is shown in Fig. 1.

As shown in Fig. 1, the proposed system employs a hierarchical Edge-Fog-Cloud archi-
tecture that supports privacy-preserving distributed agricultural forecasting. In such a
model, each country participates in the forecast process as an independent edge client
and trains its own models using its agricultural and weather data. No data is uploaded;
only the model parameters are uploaded to the Fog layer. The Fog layer uses the FedAvg
approach for federated averaging and creation of the global model. The updated model
is downloaded back to each client for further training cycles. The distribution of records
across crop types is shown in Fig. 2.

Figure 2 shows that the number of records for Barley and Wheat is similar, while
Maize has a few fewer. The geographical distribution of the data across the countries is
shown in Fig. 3.

The dataset shows a good geographical distribution across European countries. It is
important to understand the distribution of the target variable (YIELD) before model-
ing. The distribution of the target variable is shown in Fig. 4 as a histogram.

The distribution has moderate right skewness, with most values between 2,000 and
6,000 units, while the highest values exceed 10,000 units. The distribution is not normal,
which warrants the use of non-linear models such as ensemble learning and deep neural
networks. Figure 5 below shows the mean annual yields for each crop type.

All three crops have a general increasing trend. This is an indication of technological
progress, better agricultural practices, and adjustment to climatic conditions. Figure 6
shows the mean yield over time for the top six countries with the most observations.

Dataset Size

3000 A

2500 A

2000 A

Count

1500 A

1000 A

500 A

0- T
rows cols

Fig. 1 Overview of dataset dimensions (rows and columns)
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Fig. 4 Distribution of annual crop yield values

The figure above shows variability among countries, which can be attributed to differ-
ences in responses to climatic conditions and agricultural management practices. Fig-
ure 7 shows the evolution of mean climate indices over time.

Some temperature and extreme event variables have shown an increasing trend over
time, likely due to increased climate variability during the study period. To analyze the
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Mean YIELD by Year (per ITEM)

80001 — Barley
——— Maize (corn)
—— Wheat
7000 A
S 6000 A
w
=
c
©
o
= 5000
4000
3000 -

1990 1995 2000 2005 2010 2015 2020
Year

Fig.5 Mean YIELD by year for Barley, Wheat, and Maize
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correlation between agricultural production and climate variables, a Pearson correlation

matrix was calculated.

From the heatmap, there are moderate correlations between yield and temperature
variables, high correlations between precipitation variables, and signs of multicollinear-
ity among various climate variables. The results provide a rationale for the application of
sophisticated machine learning and deep learning algorithms that can effectively model

high-dimensional correlated feature spaces (see Fig. 8).

Interpolation techniques were used to fill in missing data within the climatic and
agricultural indices based on temporal continuity and variable availability. For climatic
variables that exhibited temporal continuity, linear interpolation was applied for short

temporal gaps, while the remaining missing values were filled with the median statistics

of the respective training partitions.

Variables that could not be accessed prior to the prediction year were excluded from
the prediction process to avoid data leakage. Historical agricultural data, such as pro-

duction volume and harvested area, were used only for past years within the five-year

input period.

To facilitate reproducibility, a more thorough description of the agricultural forecast-
ing data utilized for this experiment is provided in Table 3. This includes information
on the time span, participating countries, crop categories, feature groups, preprocessing
techniques, and other parameters of our federated learning framework.

According to the description in Table 3, our federated dataset consists of heteroge-
neous, multi-country agricultural and climate data collected over several decades, under
non-IID assumptions. The incorporation of both climate-based temporal features and
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Table 3 Summary of the agricultural forecasting dataset used in this study

Attribute Description
Temporal coverage 1990-2022
Number of country-level clients 39

Crop categories
Prediction target
Target unit

Total observations
Number of explanatory variables
Climate variables
Agricultural variables
Data granularity
Missing-value handling
Normalization
Evaluation protocol
Training period
Validation period
Testing period
Federated partitioning

Barley, Wheat, Maize

Annual crop yield

kg/ha

~3200

>40

Temperature, precipitation, drought, heat stress, extreme events
Yield, harvest area, production quantity
Annual country-level observations
Interpolation +median imputation
Z-score standardization

Strict time-aware split

1990-2014

2015-2018

2019-2022

Country-based decentralized partitioning
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agricultural attributes facilitates the realistic evaluation of central, edge-based, and
federated forecasting algorithms. In addition, proper leakage-prevention methods and
time-based splits were used to conduct realistic, reproducible forecasting.

3.3 Proposed Edge-Fog-Cloud architecture

This section describes the proposed Edge-Fog-Cloud architecture for privacy-preserv-
ing, scalable, and latency-conscious agricultural yield forecasting across heterogeneous
country-level data distributions. The proposed architecture is capable of supporting
three different operational modes: centralized learning, edge-only learning, and feder-
ated learning, and is mainly designed to be optimal for federated learning, where the raw
data is kept local, and a global model is learned collaboratively.

The proposed Edge-Fog-Cloud architecture is depicted in Fig. 9. The proposed archi-
tecture is intended to support privacy-preserving collaborative learning across multiple
sovereign states. The architecture is also intended to ensure scalability, efficient com-
munication, and global lifecycle management of the model. It is worth noting that the
suggested Edge-Fog-Cloud learning system serves as a conceptual and simulated archi-
tecture intended to emulate decentralized agricultural federated learning systems rather
than a physically implemented real-world infrastructure.

As shown in Fig. 9, the proposed architecture comprises three layers. The Edge layer
supports local data processing and model training in each country. The Edge layer
ensures that raw agricultural and climate data are processed locally in each country. The
Fog layer supports federated learning rounds and model update aggregation using Fed-
erated Averaging (FedAvg). The Cloud layer supports global services such as model reg-
istration, experiment tracking and monitoring, and large-scale simulation.

3.3.1 Design objectives and rationale

Multi-country agricultural forecasting is challenged by three major issues: (i) the mas-
sive scale of spatiotemporal data, (ii) the strict constraint on data sharing across coun-
tries, and (iii) non-IID (non-identically distributed) data due to varying climate patterns,
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Fig. 9 The proposed Edge-Fog-Cloud architecture

agricultural practices, and reporting mechanisms. The centralized learning paradigm
is convenient for learning but requires transferring raw data to a centralized data cen-
ter, which is not privacy-friendly, scalable, or bandwidth-efficient. On the other hand,
edge-only learning is privacy-friendly but often suffers from data scarcity and limited
generalization.

The architecture allows for learning of models via unified optimization and retains
sensitive data on-device/local servers (Edge). The architecture reduces cloud depen-
dency and communication costs by introducing a Fog layer for data orchestration, col-
lection, and analysis close to the source. The Cloud layer is used to store model artifacts,
track experiments, and run computationally intensive tasks such as hyperparameter tun-

ing, large-scale testing, and digital twin simulation.

3.3.2 Layered architecture overview

The system is divided into three tiers. Edge Layer (Country Nodes): Local training and
inference on each country’s dataset. Fog Layer (Regional Aggregators/Orchestrators):
Training rounds, secure aggregation, and optional hierarchical federation. Cloud Layer
(Global Services): Model registry, monitoring, metadata catalog, and offline benchmark-

ing. Each tier is explained below.

3.3.3 Edge layer: country-level learning nodes

Each Edge node represents a sovereign entity (country, ministry, or agricultural agency)
that maintains historical agricultural and climate data. The edge node performs the fol-
lowing tasks.

Local Data Management and Feature Construction: The edge nodes process annual
data (1990-2022 in our work) to construct supervised learning examples based on a
fixed context window size. For a window size of 5 years, the training example is con-
structed as follows:

Input sequence:
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Xi s5i_1 € Rst (1)
Target:
y: € R(yieldatyeart) (2)

where ¢ denotes the country-level federated client, ¢ represents the target prediction
year, X; corresponds to the feature vector at year ¢, d is the feature dimension, and
Xi_s5:t—1 denotes the five-year temporal input sequence used for forecasting.

This transformation yields a country-specific training set:

D. = {(Xs,y) )Y 3)

Here, N. denotes the total number of supervised training samples available for coun-
try-level client c¢. To maintain numerical stability during neural training, the edge nodes
perform a feature normalization technique (z-score scaling). In the federated setup, nor-
malization parameters can be calculated on the training set and communicated as global
values or calculated locally with proper reporting in the threat model (see Section on
privacy assumptions).

Local Model Training:

At each federated round r, the edge node receives the current global model parameters
(") and performs local optimization for E epochs:

E
g = g(r) _ WZ VL(9; B..) (4)

e=1

where (") denotes the global model parameters at communication round r, 0£T+1) rep-
resents the locally updated model parameters of client c, B. . denotes the mini-batches
sampled from country-level client ¢ during local epoch e, and # is the learning rate. In
this research, the deep model is sequence-based (LSTM) to incorporate temporal depen-
dencies; further, a discrete embedding can represent crop type to facilitate parameter
sharing for different crops while maintaining their respective dynamics.

Privacy-Preserving Update Transmission: Rather than transmitting the actual data,
each edge node will transmit one of the following to the Fog layer. Model weights: gir v
or model deltas/gradients:

AGTTD — plr+) _ () (5)

where AH((;TH) represents the parameter update transmitted from client ¢ to the Fog
aggregation layer. Only parameter updates are transmitted, which reduces data exposure
and satisfies real-world governance requirements.

3.3.4 Fog layer: orchestration and aggregation

Fog Layer (Orchestration and Aggregation): The Fog layer is the control plane and aggre-
gation layer, hosting functionalities that are expensive or inefficient to execute at the
edge, but not required to be pushed all the way to the cloud. It supports two deploy-
ment modes. Single Fog aggregator: one orchestrator for all edge nodes. Hierarchical
federation: several regional Fog aggregators aggregate regionally, followed by global
aggregation in the cloud (optional extension). The Fog orchestrator triggers rounds
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r=1,2,..., R, selects a subset of clients S, C {1,...,C} based on availability, mini-
mum sample thresholds, and potential balancing constraints:

15, = max(1,1C - p)) ©)

where C denotes the set of all participating clients, S, represents the subset of selected
clients at communication round r, and p is the client participation ratio. This step is
essential under realistic edge constraints (intermittent connectivity, limited compute
windows).

Weighted Model Aggregation (FedAvg):

The Fog layer calculates the global model using the Federated Averaging (FedAvg) opti-
mization strategy proposed by McMahan et al. [33] after collecting parameter updates
from selected clients:

Ne

0(T+1) _ 9§T+1)

€S, kESr N 7
Here, n. denotes the number of local samples owned by client ¢, 49£T+1) represents the
locally updated client model parameters, and 6("*1) corresponds to the aggregated
global model parameters after federated averaging. This weighted average by sample
count ensures that clients with more data samples contribute more to the global update.

Robustness and stability controls: Convergence might become unstable with Non-IID
data distributions. The Fog layer can leverage stability controls like learning rate control
and early stopping triggers based on validation telemetry, Huber loss (robust to outliers)
for regression tasks with heavy-tailed targets, client selection (minimum sample thresh-
olds, update vector bounds), and aggregation clipping (optional), and the update magni-
tude to stabilize the global model. These controls prevent the risk of divergence due to
outlier clients or abrupt regime changes [34].

Optional secure aggregation: For enhanced privacy, the Fog layer can use secure
aggregation protocols such that client updates are never exposed in plaintext form to
the aggregator [35]. Although the present experimental setup is centered on functional
FedAvg, the design is amenable to secure aggregation modules (such as additive masking

approaches).

3.3.5 Cloud layer: global services and lifecycle management

The Cloud layer conceptually provides persistent services that support lifecycle manage-
ment, monitoring, simulation, and reproducible experimentation within the proposed
distributed learning framework [36]:

Model registry and versioning: All global models §(") are versioned with metadata that
includes training parameters, client participation, and validation scores [37]. This facili-
tates reproducible experiments, rollback to stable checkpoints, and strategic deployment
of model versions to edge nodes.

Monitoring, drift detection, and benchmarking: The cloud provides monitoring dash-
boards for validation RMSE/R? over rounds, country-level performance summaries, and
data drift indicators (e.g., distribution shifts in climate indices). Moreover, the cloud per-
forms offline benchmarking against centralized baselines and traditional ML models.
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Digital twin/simulation framework: For systematic analysis prior to deployment, the
cloud provides a simulation framework that can model client availability patterns, com-
munication delays, compute constraints, regional clustering strategies (hierarchical fog),
and non-IID intensity across countries [38]. This is an important part of analyzing the
trade-offs between accuracy, communication cost, privacy, and latency. In the current
study, these functionalities were evaluated through simulation-based federated orches-
tration rather than real-world physical infrastructure deployment.

3.3.6 End-to-end workflow

The end-to-end training/inference process follows these steps: Initialization
(Cloud — Fog): The global model is initialized and shared across the cloud and fog. Round
orchestration (Fog): For each round, a set of clients is chosen. Local training (Edge):
Each chosen country trains for E epochs on local data using window =5 sequences and
updates the weights. Aggregation (Fog): Updates are aggregated using FedAvg to com-
pute a new global model. Validation and logging (Fog — Cloud): Round-level validation
metrics (RMSE, MAE, R?) are recorded and plotted. Deployment (Cloud/Fog— Edge):
The new global model is deployed to the edge nodes for local inference and (optional)

personalization.

3.3.7 Computational and communication considerations

The design is optimized for efficiency: Edge compute: Local training is done using mini-
batch optimization with a small number of epochs, making it feasible on low-end hard-
ware. Communication: Only the model parameters are communicated. For a model
with P parameters, the communication complexity per round is O(P) per client, which
is much lower than communicating the raw multi-year time series data. Latency: The
Fog layer reduces latency compared to a cloud-only coordinator, enabling near-real-time
scheduling and early diagnosis.

The proposed Edge-Fog-Cloud architecture facilitates reliable agricultural forecasting
even under real-world constraints by integrating the following: Edge privacy and sover-
eignty (raw data never leaves the country), Fog-level federated orchestration (scalable
training and aggregation), Cloud-level lifecycle services and simulation (governance,
monitoring, reproducibility). The proposed architecture provides a practical foundation
for deploying cross-country agricultural intelligence systems that can sustain high per-
formance while simultaneously ensuring data confidentiality and reducing reliance on a
central system.

3.4 Federated Learning Framework
This section introduces the federated learning framework developed in the proposed
Edge-Fog-Cloud architecture. The framework aims to facilitate joint model training
across multiple countries while maintaining data sovereignty, privacy, and resilience
against non-IID data distributions.

3.4.1 Federated learning setting

In the proposed system, each participating country acts as a client in the federated learn-
ing system. Agricultural and climate data are kept locally in each country and are never
shared with remote servers. Rather than sharing the data, the countries engage in joint
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model training by exchanging only the model parameters. The federated learning setting
is particularly relevant to this research for the following reasons: regulatory and sover-
eignty issues that restrict cross-country data sharing; structural heterogeneity across
countries (non-IID data distributions); and differences in climate patterns, crops, and
production levels. The goal is to develop a global model that identifies common tempo-
ral and climatic patterns worldwide while preserving local data sovereignty.

3.4.2 Local data preparation and sequence formation

Each country prepares supervised learning datasets from annual data, using a fixed five-
year temporal window. For each prediction year, the model uses climate and agricultural
data from the preceding 5 years as input to predict the yield for the next year. This slid-
ing-window mechanism enables the model to learn about temporal relationships and the
lagged effects of climate on crop yields. Local feature normalization is used to maintain
numerical stability during neural network training. The normalization statistics can be
computed locally or globally depending on the deployment settings. The country-level
datasets vary in size based on the historical data available, leading to heterogeneous
client contributions to the federated learning process. Feature normalization was per-
formed using z-score standardization computed solely from the training partitions to
prevent temporal data leakage.

3.4.3 Global model architecture

The global model used in this research is a sequence learning model. A Long Short-Term
Memory (LSTM) is applied to model the temporal patterns in multi-year climate pat-
terns. The model can learn long-term dependencies between extreme weather events
and yield responses. To model multiple crop types in a single framework, crop labels can
be embedded in the feature space, allowing the model to share parameters across crops
while preserving crop-specific behavior. The final layer is a regression layer to predict
annual yield values. The model is structured to strike a balance between expressiveness
and communication efficiency, ensuring that parameter transmission between clients
and the aggregator is computationally tractable.

The detailed DL-LSTM architecture is defined as follows. The model consists of an
embedding layer, two stacked LSTM layers, and fully connected regression layers. Ini-
tially, the categorical crop type information was encoded as dense vector representations
by using an embedding layer with an embedding dimensionality of 16. The sequential
climate and agriculture data were processed by passing them through the two LSTM lay-
ers of size 128 and 64, respectively. A dropout rate of 0.2 was applied after each LSTM
layer to prevent overfitting.

After that, the final LSTM layer was passed through two fully connected dense layers
with sizes 64 and 32, respectively, using the ReLU activation function. Finally, the last
regression output layer used a linear activation function in order to generate crop yield
predictions. The model was trained using the Adam optimizer with a learning rate of
0.001 and a Huber loss function.

To achieve methodological transparency and reproducibility, the precise setup of the
proposed DL-LSTM architecture and training parameters is provided in Table 4. The
architecture design was chosen based on a trade-off among temporal representational
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capacity, communication efficiency, and convergence stability in federated learning
settings.

Hyperparameter tuning was performed through experimentation to ensure the model
converged stably without being overly complex or causing excessive communication
overhead when using federated optimization. In addition, the stacked LSTMs enable the
model to learn long-term dependencies, and dropout helps it generalize better across
non-IID distributions at the country level.

3.4.4 Federated training procedure

The federated training process involves an iterative communication process. At the
start of each communication round, the Fog layer broadcasts the current global model
to a chosen subset of participating countries. The selection of countries may be based
on availability, connectivity, and minimum data size requirements. Each chosen coun-
try carries out local training for a few epochs using mini-batch optimization. Once local
updates are complete, the countries send the updated model parameters back to the Fog
layer. The Fog layer combines received updates using a weighted averaging algorithm.
Countries with larger datasets get proportionally more representation in the global
update to ensure statistical fairness and stability. The updated global model is then sent
for the next communication round. This process continues until the convergence criteria
are satisfied or a fixed number of communication rounds are completed.

To enhance convergence stability and consistency, federated learning was imple-
mented by setting fixed communication and optimization hyperparameters across all
federated learning tasks. During training, each local client optimized their model over
E =5 local epochs before aggregating parameters through the central node. In each com-
munication round, a client participation ratio of p=0.8 was set, meaning that 80% of
clients at the country level participated in the aggregation process.

The federated optimization process ran for 100 communication rounds using the
Adam optimizer algorithm with an initial learning rate of 0.001. A stepwise learning
rate decay method was used during training, with the learning rate halved after every 25
communication rounds to facilitate convergence at the end of the training period.

To ensure robustness against outlier data and extreme climate variability, the Huber
loss function was used in the federated optimization process with a §=1.0 transition
parameter. Mini-batching with a batch size of 32 was performed in all local clients' opti-
mization processes.

Table 4 DL-LSTM hyperparameters

Hyperparameter Value
LSTM layers 2
Hidden units 128,64
Dropout 0.2
Dense layers 64,32
Embedding size 16
Activation Relu
Output activation Linear
Optimizer Adam
Learning rate 0.001
Loss function Huber

Batch size 32
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The detailed hyperparameters for federated optimization used throughout the distrib-
uted training process are summarized in Table 5.

Optimal hyperparameter values were chosen empirically through careful tuning to
achieve convergence stability and efficient communication, among other properties,
across heterogeneous multi-country farming data distributions. For example, partial cli-
ent participation and adaptive learning rates contributed to achieving federated conver-
gence stability.

3.4.5 Handling non-IID data

One of the most important issues in multi-country federated learning is data non-IID-
ness. Yield scales, climate variability, and the frequency of extreme events vary widely
across countries. To counter the effects of instability caused by non-IID data, the fol-
lowing techniques are employed: weighted aggregation based on local dataset sizes;
robust regression loss functions to make the model less sensitive to outliers; limited local
epochs to avoid overdrift in local models; and optional clipping of updates to stabilize
aggregation. These techniques help improve convergence stability and avoid divergence
caused by highly heterogeneous local updates.

3.4.6 Communication and efficiency considerations

The federated learning system is designed to optimize communication efficiency. Only
model parameters are communicated in each round, not the raw time series data.
This greatly reduces the communication bandwidth compared to centralized learning.
Because communication is usually the bottleneck in distributed learning, a trade-off is
made between the number of local training epochs and the number of communication
rounds to converge efficiently without incurring high transmission costs. Moreover, the
Edge-Fog-Cloud architecture helps reduce latency by enabling aggregation at the Fog
level, bypassing direct communication with the distant cloud server.

3.4.7 Centralized and edge baselines

To conduct a thorough comparison, the federated learning framework is evaluated
against a fully centralized training method, where all data are combined into a single
dataset, and an edge-only method, where each country trains its own separate model.
This allows evaluating the trade-offs among prediction accuracy, privacy protection,
and scalability. The federated learning framework presented in this work allows for
joint agricultural yield prediction across multiple sovereign states without exchanging
raw data. By leveraging local sequence modeling, weighted aggregation, and robustness,

Table 5 Federated learning hyperparameters

Hyperparameter Value

Local epochs £ 5

Client participation ratio p 0.8
Communication rounds 100

Optimizer Adam

Initial learning rate 0.001

Learning rate decay 0.5 every 25 rounds
Loss function Huber

Huber threshold 6 1.0

Batch size 32
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the framework enables scalable, privacy-conscious learning in heterogeneous, non-I1ID
environments.

3.4.8 Privacy assumptions and threat model

The proposed federated agricultural forecasting approach aims to minimize direct data
sharing among participants by enabling collaborative parameter tuning. In the proposed
system, data on agriculture and weather conditions will be locally maintained at edge
clients, while only parameter updates will be exchanged during the federation process.

Nevertheless, the proposed system does not guarantee security against sophisticated
federated learning attacks, including gradient inversion, model membership inference,
model reconstruction, and other attacks that exploit parameter updates. The present
work assumes an honest-but-curious federated learning setup in which participating cli-
ents and aggregation servers properly follow the training procedure but seek to derive
additional insights from parameter updates.

Federated learning experimentation is primarily focused on parameter sharing via
decentralized learning and on federated aggregation of updates using the FedAvg algo-
rithm. While methods such as secure aggregation, encryption for communication chan-
nels, and differential privacy are presented theoretically as part of the architecture, they
have not been experimented with in the simulated system.

Thus, claims of privacy protection within the developed architecture can only be inter-
preted as protection against direct data exposure. Further research could include experi-
menting with more rigorous privacy protection techniques, such as secure aggregation,
homomorphic encryption, and differential privacy.

3.5 Model architectures

This work assesses three types of predictive models in order to provide a thorough exam-
ination of the performance of centralized, edge-only, and federated learning approaches:
classical machine learning models, deep learning models, and hybrid models. The goal
is to compare models with varying representational capabilities and structural assump-
tions under the same temporal forecasting tasks.

The choice of classical machine learning models was made to provide strong, inter-
pretable baselines for regression tasks involving tabular, correlated climate variables.
Random Forest regression was chosen for its ensemble-based architecture, tolerance to
multicollinearity, and ability to capture non-linear interactions between features with-
out requiring extensive feature engineering [39]. Moreover, gradient-boosting-based
models, such as XGBoost, were used to capture complex non-linear relationships and
hierarchical feature interactions, which are particularly important in climate-yield rela-
tionships where interactions among temperature, precipitation, and extreme events are
not strictly linear.

For deep learning, a sequence-based LSTM architecture was used to capture the tem-
poral dependencies over multi-year climate windows. The LSTM network is intended to
capture the lagged climatic influences and the long-term temporal dependencies that are
not explicitly modeled in static machine learning models [40]. The network uses a fixed
five-year sliding window of input features to make a single continuous yield prediction
for the following year. This setup enables the network to learn dynamic representations
of climate variability and its temporal influence on crop yields.
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Data sets of agricultural yields typically include both long-term climatic tempo-
ral dependencies and robust statistical feature structures in their interdependencies.
Although long-short-term memory (LSTM) models in deep learning can be effective for
learning temporal patterns, they might be inefficient at modeling the structure of agri-
cultural statistical interdependencies. On the other hand, although machine learning
and dense learning can be very efficient at modeling structured interdependencies, they
might fail to effectively capture temporal sequence information.

To better explore the advantages of joint temporal and structured feature learning,
a hybrid model architecture was developed that integrates sequential modeling with
structured feature modeling. In the proposed framework, the temporal climate variable
sequence is first modeled through an LSTM network to obtain temporal embeddings.
The temporal sequences of climate variables, such as temperature, precipitation, and
humidity, as well as past yield sequences, were modeled using the DL-LSTM network
branch. At the same time, static or summary agronomic variables were modeled using
fully connected layers to capture interactions among cross-sectional features. Selected
agronomic and statistical indicators were forwarded to the structured dense learning
network branch. The outputs from the temporal and structured modeling branches are
concatenated and further processed with additional fully connected layers to produce
the final regression output. The overall structure of the proposed hybrid architecture is
illustrated in Fig. 10.

As illustrated in Fig. 10, the hybrid model architecture comprises two parallel
branches. The temporal branch receives five-year climatic sequential inputs and employs
an LSTM layer to learn dynamic temporal embeddings. Simultaneously, agronomic
structural features are fed into fully connected layers to learn cross-sectional interac-
tions. The learned embeddings from both branches are concatenated during the feature
fusion phase and then fed into further dense layers to produce the final yield prediction.
This allows the model to learn both temporal and structural feature relationships in a
unified regression framework.

This two-branch modeling approach enables the model to learn both long-term tem-
poral dependencies and high-order feature interactions that a sequential model alone
cannot model. In agricultural systems, crop yield is determined not only by tempo-
ral climate variability but also by structural factors such as crop type, harvest region,
and production scale. From a federated learning perspective, the hybrid model offers
another benefit. The temporal branch helps learn generalized climate-yield patterns,
and the structured branch helps learn country-specific patterns. This improves the
model's robustness to non-IID data by preventing overfitting to local temporal patterns.

Temporal Climate Data Static & Agronomic
(5-Year Window) Features

LSTM Branch —> Feature Fusion —» | Dense Network —»

Temporal Embeddings Structured Features

Output
Yield
Prediction

Fig. 10 Overall architecture of the proposed hybrid DL-LSTM and structured feature fusion framework
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Additionally, because the model is relatively low-complexity compared to a deep trans-
former, communication costs are reduced during federated learning. The hybrid model
serves as an intermediate between traditional machine learning and deep learning to
comprehensively analyze the effect of expressiveness on federated learning.

Each model was trained and tested on the same data split and evaluation criteria. In
the federated setup, the same architecture was cloned on each client, and only updates
were shared during aggregation. This ensured that any differences in performance across
the centralized, edge-only, and federated scenarios were due solely to the learning para-
digm and not to architectural differences. The addition of diverse model families enables
a thorough analysis of the impact of architectural complexity on data distribution con-
straints, communication, and privacy-preserving learning environments.

3.5.1 Hybrid feature fusion strategy
The proposed hybrid approach entails incorporating both temporal dependency model-
ing and structured statistical feature modeling within a common regression model. To
promote diversity in the model and ensure robust output, the input features were divided
into two distinct groups based on temporal and statistical characteristics, respectively.

Temporal input features, comprising sequential climate features, yield information
and indicators of extreme climate, were modeled using the LSTM branch to capture the
dynamics underlying the climate-yield association. Static agronomic features, including
crop descriptors, harvested areas, production volumes, and national statistics, were used
for statistical modeling in the structured, dense branch.

Let X, denote the sequential temporal input features and X, represent the struc-
tured statistical agricultural features. The temporal embedding generated by the LSTM
branch is formulated as:

hpr = LSTM(X 0q) (8)

The structured feature representation produced by the dense learning branch is defined
as:

hML = fDense (Xstat) (9)

The learned latent representations extracted from both branches are fused through fea-

ture concatenation:
hfusion = [hpr; hari) (10)
Finally, the fused representation is forwarded to the regression layer for yield estimation:
9= Whgusion +b (11)

Here, W and b represent the trainable regression coefficients. This hybridization
approach allows the model to learn both long-term temporal correlations and structured
agriculture relations simultaneously. To better explain the feature-splitting scheme used
in the hybrid architecture, the distribution of features across learning branches is illus-
trated in Table 6.

This suggested approach enables the LSTM branch to focus on dependency learn-
ing, while the dense branch can exploit complementary relationships within the
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Table 6 Feature partitioning strategy in the hybrid framework

Feature group Processing branch
Historical yield sequences LSTM branch
Temperature indices LSTM branch
Precipitation variables LSTM branch
Extreme climate indicators LSTM branch
Harvest area Dense branch
Production quantity Dense branch

Crop descriptors Dense branch
Country-level statistical summaries Dense branch

Table 7 Summary of mathematical symbols and variables used in the proposed framework

Symbol Description

KXi—s5it—-1 Multi-year temporal input sequence

Yt Annual crop yield target value at year t

D, Country-specific local dataset

o) Global model parameters at communication round r
gy) Local client model parameters

A agT) Client model update transmitted to Fog layer

Bee Mini-batch sampled from client ¢

n Learning rate

E Number of local training epochs

o] Client participation ratio

Sr Selected client subset at round r

N Number of samples owned by client ¢

Xseq Sequential temporal feature inputs

Xstat Structured statistical feature inputs

hpr Temporal embedding generated by LSTM branch
hyr Structured feature representation from dense branch
R fusion Concatenated hybrid feature representation

W, b Trainable regression parameters

Y Predicted crop yield value

agriculturally structured data. Such a design not only helps ensure regression stability
but also explains the superior performance of the hybrid system in agricultural data
environments.

The federated learning-based forecasting model comprises several mathematical equa-
tions that involve various optimization parameters for distributed learning, time-series
modeling, and data fusion. To clarify and make sense of the equations presented in the
paper, the major mathematical symbols and variables used in this research are tabulated
in Table 7.

Table 7 depicts the major mathematical symbols and variables utilized in the proposed
federated learning and hybrid forecasting framework.

3.6 Experimental setup

This section outlines the experimental setup used to test the proposed Edge-Fog-Cloud
federated learning framework. The experiments are designed to compare centralized,
Edge-only, and federated learning approaches on a common set of data splits and met-
rics. The data cover the period from 1990 to 2022 and are panel-structured. To prevent

any information leakage, a time-aware split was employed. For each country, the earliest
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years were used for training. The years 2015-2018 were reserved exclusively for valida-
tion and early stopping. The final years were set aside for testing, and these were used
exclusively for that purpose. This temporal split ensures that future crop yield predic-
tions are based solely on past knowledge, maintaining the realism of crop yield forecast-
ing. In the federated learning scenario, each country has its own local train-validation
split. The global model is tested on a separate aggregated test set. To test the efficacy of
the federated architecture, three learning paradigms were evaluated.

The experiments were performed in a simulation environment using the Python
framework, where the behaviors of decentralized client involvement, federated aggrega-
tion, and Edge-Fog-Cloud orchestration were simulated using various agricultural data-
sets. The experiment primarily focused on learning and optimization behaviors rather
than infrastructural benchmarking.

The period from 1990 to 2014 was designated as training data, 2015 to 2018 as valida-
tion and early stopping data, and 2019 to 2022 as test data in the experiment. This tem-
poral splitting technique was consistently used across all countries participating in the
experiment.

Centralized learning: Data from all countries were combined into a single dataset. A
global deep learning model was trained using mini-batch optimization. This setup is
used as the baseline because the model has access to all the raw data without any privacy
constraints.

Edge-only learning: Each country trained a local model on its own data. There was no
parameter sharing. This setup is the most privacy-friendly but does not allow knowledge
sharing across countries.

Federated learning: In the federated learning architecture, each country trained a local
model on its own data. Only model parameters were shared. The Fog layer aggregated
the client updates using weighted averaging. Multiple communication rounds were per-
formed until convergence. Client participation was managed through a participation
ratio to simulate a realistic distributed setting.

Although all three approaches—centralized, edge-only, and federated—were consid-
ered within the proposed methodology, not all model families have been tested under all
three paradigms. Resource limitations led to using the DL-LSTM family as the backbone
for all experiments in the federated and edge-only paradigms. The hybrid and classical
machine learning models have been tested in centralized experiments because of their
potential to account for the level of architectural expressiveness and model complexity
when full data is available.

A sequence-based deep learning architecture was employed in all deep learning exper-
iments. Input: 5-year sliding window of climate and agricultural variables. Core model:
Long Short-Term Memory (LSTM). Output: Single continuous yield prediction. The
LSTM layer is responsible for modeling the temporal dependencies and lagged climate
impacts on agricultural yields.

The training hyperparameters employed were Optimizer: Adam, Learning rate: fixed
small learning rate for stable convergence, Batch size: moderate mini-batch size, Number
of local epochs (federated): restricted to avoid client drift, Number of communication
rounds: multiple rounds until validation convergence, Loss function: robust regression
loss (Huber loss) to reduce the effect of outliers. Early stopping was employed based on
validation performance to prevent overfitting.
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The performance of the models was assessed using the following regression evaluation
metrics: Coefficient of Determination (R%), Mean Absolute Error (MAE), and Root Mean
Squared Error (RMSE). While R? indicates the amount of variation explained, MAE and
RMSE indicate the magnitude of errors, absolute and squared, respectively. Performance
is primarily reported on the aggregated global test dataset, while country-level valida-
tion statistics were monitored during federated optimization.

In federation experiments, only suitable clients with sufficient data were included. Cli-
ent selection was performed in each communication round. Aggregation took place at
the Fog layer. Validation performance was monitored in each round. The number of local
periods was limited to ensure stability in independent and non-identical distribution
environments. Weighted aggregation was used. A robust loss function was employed.
Optional update clipping was investigated. A total of 39 country-level clients satisfy-
ing the minimum historical data availability criteria participated in the federated learn-
ing experiments. Countries with insufficient temporal data to construct stable five-year
sequential windows were excluded from federated optimization experiments.

All experiments were performed using Python-based deep learning libraries. Tensor-
Flow/Keras for deep learning, Scikit-learn for machine learning, and a custom simu-
lation of the Edge-Fog-Cloud workflow for federated orchestration. For hardware, a
GPU-powered environment was used for centralized learning, and distributed simula-
tion was used for federated learning. Repeatability was ensured by using fixed random
seeds and the same preprocessing pipelines for all experimental settings. Experiments
were carried out using Python code that used the TensorFlow library on the MSI
GE62VR machine with an Intel Core i7 CPU, an NVIDIA GeForce GTX series graph-
ics card, and 32 GB of RAM. All experiments were initiated by specifying the same seed
value of 42 for reproducibility. Early stopping with a patience of 10 epochs was used
to prevent overfitting. The Adam optimizer was set to an initial learning rate of 0.001,
with the standard momentum parameters 3, =0.9 and B, =0.999. Therefore, system-level
deployment metrics such as communication latency, bandwidth utilization, aggregation
overhead, and client availability fluctuations were not experimentally benchmarked in
this study.

4 Results

This section describes the comparative assessment of centralized, federated, hybrid, and
traditional machine learning models for multi-country cereal yield prediction. The per-
formance of the models is measured using RMSE, MAE, and R? on the aggregated test
dataset (see Table 8).

From the analysis of the resulting data, several interesting observations can be made.
First, the edge-only DL-LSTM model performed poorly on predictive tasks, with the
highest error rates, an R? of 0.4315, an RMSE of 1685.42, and an MAE of 1248.77. The
above results clearly show that isolated country-level training is hampered by limited
data variability and the inability to generalize across the heterogeneity of climate-yield
distributions.

Second, the federated DL-LSTM model was significantly better at predicting, with an
R? of 0.5222 and an RMSE of 1530.21. These results show that collaboration in the learn-
ing process, when countries share parameters, enables the model to generalize climate-
yield correlations even without directly accessing agricultural data.
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Table 8 Summary of predictive performance

Learning paradigm Model RMSE MAE R?

Edge-Only DL-LST™M 1685.42 1248.77 04315
Federated DL-LSTM (FedAvg) 1530.2168 1123.5373 05222
Centralized DL-LSTM 1377.4485 1057.0931 0.6128
Centralized Hybrid (DL-Emb + ML) 1277.7145 959.7848 0.6668
Centralized Classic ML 814.5736 590.1532 0.8643

The third finding is that the centralized DL-LSTM model outperformed the two
decentralized approaches, with an R? value of 0.6128. Higher performance is anticipated
since the centralized approach directly accesses the whole set of multi-country data dur-
ing training.

Further improvement in performance was observed with the hybrid model, which
yielded an R? of 0.6668 and an RMSE of 1277.71. These results confirm that combining
time-series modeling and structured feature learning increases regression stability and
effectiveness.

Lastly, the highest performance levels were observed with the centralized Classical ML
model, with an R? of 0.8643, RMSE of 814.57, and MAE of 590.15. These results con-
firm the high applicability of ensembles-based machine learning algorithms for complex,
structured agricultural datasets.

Figure 11 shows the true vs. predicted scatter plots for edge-only, federated, central-
ized deep learning, hybrid, and classical machine learning models.

The classical ML model is closely clustered around the diagonal line, signifying a good
predictive fit. The hybrid model depicts better control over dispersion than the LSTM
model. The centralized LSTM model has high variance, especially in high-yielding
regimes.

The DL-LSTM algorithm that uses only the edge model shows the largest predic-
tion deviation and the least resemblance to the desired prediction curve because of the
isolated optimization process within each country and the lack of exposure to diverse
climate-yield relationships. On the other hand, the federated DL-LSTM model shows
significantly better clustering performance and lower prediction deviation due to param-
eter sharing across distributed country nodes.

To better understand the training dynamics of the federated learning framework, the
validation performance over the communication rounds is investigated. Figure 12 shows
the validation RMSE and R? values over the federated optimization process.

As evident from Fig. 12, the federated model converges steadily round by round. The
validation RMSE reduces steadily in the initial rounds, signifying efficient knowledge
distillation from the decentralized country-level clients. There is a swift convergence
in performance in the initial 40—60 rounds, followed by a gradual stabilization phase.
Unlike federated learning, the edge-only model allows for fully isolated optimizations
that are not reliant on any parameter-sharing or communication iterations. Conse-
quently, it is impossible to observe convergence in an edge-only environment.

To further explore the effect of heterogeneous, non-IID data distributions at the coun-
try level, an additional analysis of the countries' performance was conducted. The objec-
tive of this analysis is to examine the effects of varying historical sample sizes, climatic
variation, and local agriculture on the performance of the federated learning process.
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Fig. 13 Representative country-wise federated DL-LSTM forecasting performance under heterogeneous non-IiD
agricultural data distributions

Figure 13 shows the country-level performance for the federated DL-LSTM model in
selected European agricultural clients.

As shown in Fig. 13, the forecasting results from the federated forecasting approach
varied across several representative participants, depending on the amount of historical
data available, climate variability, and the spatial heterogeneity of agriculture within each
country. For example, countries with more observations showed better predictive con-
sistency than those with fewer observations or high climate variability.

Concurrently, the validation R? value steadily improves from around 0.65, indicating
that the model learns relevant global representations despite the non-IID country-level
data distribution. After the 100th round of communication, the incremental improve-
ments in performance become negligible, indicating convergence of the global model.
These results confirm that federated averaging successfully distills decentralized updates
into a unified global forecasting model. These results suggest that the proposed feder-
ated optimization framework maintains stable convergence behavior despite heteroge-
neous country-level data distributions.

5 Discussion
The results of this research offer several key takeaways regarding distributed agricultural
forecasting tasks under privacy and heterogeneity constraints. First, the effectiveness
of centralized classical machine learning models attests to the continued robustness of
ensemble-based tree models for structured and tabular agricultural data. The R? value
of 0.8643 indicates an efficient representation of non-linear relationships among climate
variables, agronomic factors, and agricultural yield, without the need for deep sequence
modeling. This aligns with previous studies showing that gradient-boosting-based mod-
els are generally superior to deep learning models for medium-sized tabular data.
Second, the performance difference between centralized deep learning models and
classical machine learning models highlights an important characteristic of the data. The
annual granularity and short five-year horizon make it difficult to leverage the benefits
of long-range sequence modeling. Although the LSTM model is successful at model-
ing temporal relationships, the benefit of doing so is not as high as that of tree-based
feature interaction models. This indicates that, for annual agricultural forecasting tasks,
feature interactions may play a more important role than long-term temporal memory.
These findings imply that the agricultural data used in this study exhibit strong statistical
dependencies that are better modeled by ensemble techniques than by sequential deep

learning methods alone.
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Third, the hybrid approach demonstrates that combining learned temporal embed-
dings with structured regression is more effective than deep learning alone. The combi-
nation of LSTM embeddings with non-linear regression improves stability and decreases
dispersion, especially for mid-to-high yield regimes. Nevertheless, the hybrid approach
fails to outperform the classical ML baseline, suggesting that the representational advan-
tages of deep embeddings do not entirely offset the statistical efficiency advantages of
ensemble methods in structured data problems.

Most significantly, the federated learning architecture demonstrates that moder-
ate predictive performance can be achieved compared with centralized deep learn-
ing. As observed, classical ML algorithms perform better than federated deep learning
approaches on an annual agricultural panel dataset, suggesting that the former is supe-
rior to the latter for this type of dataset. However, the main aim of the federated DL-
LSTM approach proposed herein is not only to attain high prediction accuracy but also
to explore privacy-preserving collaborative forecasting in decentralized agricultural
environments. Despite poor performance relative to the centralized deep learning model
(AR? = 0.09), the decrease in predictive power remained limited despite considerable
country-level data heterogeneity and stringent requirements for decentralized data.

Moreover, validation behavior at the country level varied across federated clients due
to differences in factors such as climatic variability, production scale, and historical data
availability. Countries with more consistent past agricultural output had lower local pre-
diction errors, while those with highly variable production levels had higher local pre-
diction errors in federated optimization.

The edge-only training approach highlighted the shortcomings of independent local
optimization in highly diverse agricultural settings. Due to independent training in each
nation with no parameter transfer, these models lacked generalization and adequate
training across broader climate-crop dynamics. The performance difference between
edge-only and federated learning systems demonstrates the advantages of collaborative
distributed optimization, even with raw agricultural data localized within nations.

The convergence curves also reveal the stable optimization of federated learning. The
rapid progress followed by slow convergence indicates that the global model is learn-
ing the climate-yield patterns common to all countries before learning the remaining
country-specific variations. The point of diminishing returns occurring at 100 commu-
nication rounds also reveals opportunities to optimize training cost through communi-
cation-efficient early-stopping methods.

From a systems perspective, the experiments above demonstrate the feasibility of the
proposed Edge-Fog-Cloud model. The Edge-Fog-Cloud model successfully balances
three conflicting demands of predictive accuracy, privacy preservation, and communica-
tion efficiency. While the classical machine learning approach offers the best predictive
accuracy, the federated learning approach can address multi-country collaboration chal-
lenges where direct data sharing is not feasible.

These results suggest that the decision between centralized and federated learning for
agricultural forecasting should not be based solely on predictive performance. Rather,
the system design should account for governance, scalability, and communication con-
straints. In practical cross-border agricultural intelligence systems, federated learning
provides a practical compromise between performance and sovereignty.
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6 Conclusion

This work introduced a privacy-preserving, scalable agricultural yield forecasting frame-
work based on an integrated Edge-Fog-Cloud architecture. The proposed framework
enables collaborative multi-country learning with strict data sovereignty, leveraging
federated learning techniques. We used a multi-decade European cereal dataset to sys-
tematically compare centralized, edge-only, and federated learning approaches with con-
sistent temporal evaluation conditions.

The experimental results show that classical ensemble machine learning approaches
achieve the best predictive performance in a centralized setup, underscoring the effec-
tiveness of classical machine learning for modeling structured tabular agricultural data.
Deep learning approaches with LSTM architectures offer useful temporal modeling
power but do not outperform classical approaches in annual-resolution panel data. The
hybrid model, combining temporal embeddings with structured regression, improves on
the deep learning model, highlighting the advantage of joint sequential and structural
modeling.

More importantly, the empirical results indicate a distinct performance ranking
among edge-only, federated, and centralized learning systems. Whereas the edge-only
system faced generalization problems due to local-only training, the federated learning
model achieved significant improvements in prediction accuracy through collaborative
parameter updates without sharing any agricultural data. Despite centralized learning
providing the best deep learning performance, the federated model proved effective in
predicting trends while safeguarding data privacy.

Despite the promising results, the proposed architecture still has some weaknesses.
Firstly, federated deep learning performed somewhat poorly in terms of prediction due
to the strong non-IID properties of multinational agricultural datasets. Secondly, the
yearly temporal frequency and the relatively short sequence length may hinder LSTMs'
ability to capture climate yield dependencies at a larger scale. Thirdly, federated learning
adds another layer of overhead due to communication costs and the increased complex-
ity of convergence associated with federated optimization. Additionally, this research
was conducted using a European cereal production data set, potentially limiting the gen-
eralizability of the framework when applied to other agricultural areas or climate data
sets with different frequencies. Lastly, personalization methods and adaptive aggrega-
tions are not yet integrated into this framework. In addition, the proposed framework
was evaluated in a simulation-based federated environment, without real deployment-
level benchmarking, to assess communication latency, aggregation overhead, bandwidth
consumption, and dynamic client availability. Moreover, the existing framework lacks
experimental validation of adversarial privacy attacks, including gradient inversion,
membership inference, and parameter update-based model reconstruction. Further-
more, the present study fails to experimentally explore the federated implementation of
ensemble machine learning algorithms, such as federated Random Forests and federated
gradient boosting.

Future research can address the shortcomings mentioned above by leveraging person-
alized federated learning approaches, adaptive client selection methods, efficient com-
munication aggregation processes, and transformer-based temporal models capable of
capturing long-range climate dependencies. Additional improvements can be achieved
by incorporating high-frequency climate and remote sensing data, and by adopting



Utku et al. Discover Computing (2026) 29:359 Page 31 of 32

hierarchical regional federated learning aggregation approaches. Future studies may
further extend the proposed framework toward real deployment-oriented Edge—Fog—
Cloud infrastructures involving communication-aware federated optimization, adaptive
client scheduling, latency analysis, and large-scale distributed orchestration benchmark-
ing. Further research might extend the suggested model by incorporating federated
tree-based ensemble learning, federated gradient boosting, and federated personalized
learning methods in a heterogeneous agricultural setting.
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