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Abstract—Statistical heterogeneity and non-independent and
identically distributed (non-IID) data remain major challenges in
federated learning, particularly for agricultural terrain mapping
where geographically distributed sensing devices collect highly di-
verse remote sensing data. To address these challenges, this paper
proposes an Adaptive Local Aggregation (ALA)-based personal-
ized federated learning framework that improves client-specific
model initialization while preserving the standard federated
learning communication and global aggregation protocol. Rather
than directly replacing local models with the received global
model, the proposed framework adaptively initializes selected
higher-layer parameters using learnable client-specific aggrega-
tion weights, thereby balancing globally shared knowledge with
local personalization prior to client-side training. The proposed
framework is evaluated on four agricultural remote sensing
datasets, namely AgriFieldNet, BigEarthNet v1, BigEarthNet
v2, and CropHarvest, together with three benchmark image
classification datasets, MNIST, CIFAR-10, and CIFAR-100, under
heterogeneous federated learning settings. Experimental results
demonstrate consistent improvements in global classification
accuracy and convergence behaviour compared with state-of-
the-art federated learning methods, highlighting the effectiveness
of the proposed framework for privacy-preserving agricultural
terrain mapping under heterogeneous client data distributions.

Index Terms—Precision Agriculture, Federated Learning, Ma-
chine Learning, Internet of Things, Unmanned Aerial Vehicles,
Image Processing

I. INTRODUCTION

Gricultural terrain mapping and land use classification
(ATMLUQC) is popularly used for resource management,
disaster management and yield management among others.
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ATMLUC plays a vital role in ensuring global food security
and the economy. Successful crop production is heavily reliant
on environmental factors such as weather conditions, soil
quality, and water availability. Monitoring these factors with
accuracy and efficiency is critical to optimize crop yields and
minimize resource wastage. Internet of Things (IoT), similar
to other applications such as forest fire detection [1], [2],
multimedia data processing [3], anomaly detection [4] and
traffic networks [5], plays a crucial role in gathering task
relevant-real time data [6]. The introduction of unmanned
aerial vehicles (UAVs), has significantly enhanced data ac-
quisition capabilities, enabling higher resolution monitoring
of agricultural fields and the collection of more detailed
information than ever before. Exploiting the advantages of
UAV imagery, ATMLUC is being widely used for crop yield
detection [7], flood detection [8], animal tracking [9], etc. For
example, object tracking through aerial video classification is
crucial for enabling UAV intelligence. Greater mobility and
bigger coverage are two benefits of aerial surveillance over
applications using stationary cameras, but it also has draw-
backs including low resolutions and changeable backgrounds.
As a result, a lot of emphasis has been paid to creating
techniques for spotting moving objects in aerial footage. The
three main categories of moving object identification methods
are temporal-based, spatial-based, and combination approach.
Since motion cues provide the most reliable information for
detecting moving objects in video, most proposed methods
rely on temporal information, including frame difference [10],
[11], optical flow [12], [13] and background subtraction [14],
[15]. Some researchers have also proposed using multi-motion
layer analysis for detecting moving objects in aerial video from
an airborne platform, or exploiting long-term motion patterns
to detect moving vehicles [16].

Accuracy in such applications is highly desired and is an
important aspect for achieving the results. Existing methods
are dominantly led by Convolutional Neural Networks (CNN)
and have shown promising results. The general idea is to
transmit all the UAV samples to a central processing unit for
training and use learning models for accurate classification
and mapping of the land. Despite the significant advantages,
the FL architecture for ATMLUC faces several practical chal-
lenges. For instance, UAVs are prone to technical failures and
are susceptible to adverse weather conditions, harsh terrain,
and frequently changing environmental conditions. This often
results in low-quality images and missing or corrupted data,
thereby degrading the overall model training and prediction
performance. Furthermore, low-quality images may lead to
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class imbalance, biased model updates, and overfitting at both
the local and global levels [17]. It is important to note that sta-
tistical heterogeneity in Federated Learning (FL) architectures
significantly limits the ability of the global model to generalize
across diverse clients [18]. In agricultural terrain mapping,
this challenge becomes even more pronounced because UAVs
operating in different geographical locations naturally observe
different crop types, soil characteristics, illumination condi-
tions, and environmental variations. Consequently, the data
available at individual clients are highly non-independent and
non-identically distributed (non-IID), resulting in inconsistent
local updates, client drift, slower convergence, and degraded
global model performance.

Although conventional FL. approaches effectively preserve
data privacy by avoiding centralized data collection, they often
rely on uniform model initialization and global aggregation
strategies that do not adequately account for statistical hetero-
geneity across clients [19]. Consequently, directly replacing
local models with the received global model may weaken
client-specific representations and limit personalization under
highly heterogeneous data distributions. There is therefore a
need for a personalized federated learning framework that
adaptively balances global knowledge with client-specific rep-
resentations while preserving the standard federated learn-
ing communication protocol. This work is therefore aimed
at developing a personalized FL framework for agricultural
terrain mapping to address statistical heterogeneity arising
from geographically distributed non-IID data. The proposed
Adaptive Local Aggregation (ALA)-based client initialization
strategy adaptively initializes selected higher-layer parameters
by combining the received global model with the previously
trained local model using learnable client-specific aggregation
weights. Consequently, the proposed framework improves con-
vergence behaviour and client personalization while preserving
the privacy-preserving nature and communication efficiency of
conventional federated learning. The major contributions of
this work are summarized as follows:

1) A personalized FL framework is developed for agricul-
tural terrain mapping to address statistical heterogeneity
and client drift arising from geographically distributed
non-IID data while preserving the standard FL. commu-
nication protocol.

2) An ALA-based client initialization strategy is incorpo-
rated into the FL framework, whereby selected higher-
layer parameters are adaptively initialized through learn-
able client-specific aggregation weights prior to local
training. Unlike approaches that modify the server-side
aggregation process, the proposed framework performs
personalization entirely on the client side while remain-
ing compatible with conventional FedAvg-style global
aggregation.

3) The proposed framework is extensively evaluated
on benchmark image classification datasets (MNIST,
CIFAR-10, and CIFAR-100) as well as agricultural
remote sensing datasets (AgriFieldNet, BigEarthNet v1,
BigEarthNet v2, and CropHarvest) under heterogeneous
FL settings, demonstrating improved global classifica-

tion performance together with stable convergence and
scalability compared with representative FL baselines.

The remainder of the paper is organized as follows. Sec-
tion II presents the problem description, followed by the sys-
tem model and the proposed method in Section III. Section IV
describes the datasets, experimental setup, and comparative
performance evaluation under different scenarios. Finally, Sec-
tion V concludes the paper.

II. PROBLEM DESCRIPTION

Federated architectures for mapping and classification of
agricultural lands, face some major challenges such as techni-
cal failures of UAVs, adverse weather conditions, harsh terrain
and frequently changing environmental conditions. In such a
scenario, the captured images are often of low quality and it
leads to potential class imbalance and introduction of bias and
overfitting at the local and the global level. Additionally, sta-
tistical heterogeneity in federated architectures is constrained
by the global model’s capacity to generalize across diverse
clients. In applications such as agricultural terrain mapping,
the models performance is further depreciated because of
unique variability in data distribution among clients and biased
updates. Real-world data distributions are often plagued by
non-independent and non-IID characters across different types
of devices. In real-world scenarios, data distributions vary
significantly among clients, making a one-size-fits-all global
model less effective. The FL architecture allows global models
to be trained in collaboration with numerous clients while
maintaining local data. However, the conventional federated
optimization techniques like FedAvg, aggregate the model
discriminately over all clients without considering the different
data distributions and capacities between clients. This causes
bad convergence and performance due to variations in local
updates.

III. PROPOSED METHODOLOGY

This section presents the proposed ALA-based FL frame-
work. The proposed framework is designed to improve model
personalization under heterogeneous (non-I1ID) client data
distributions while preserving effective global model conver-
gence. Each client trains a local four-layer CNN using its
private dataset, whereas the ALA module adaptively initializes
selected layers of the local model by combining the received
global model with the previously learned local model before
local optimization.

A. System Architecture

Consider a FL system consisting of /N distributed clients,
where client ¢ possesses a private local dataset D;. During
the FL process, the local datasets remain entirely on their
respective devices and are never shared with the central
server. Instead, only model parameters are exchanged during
communication rounds to preserve data privacy. Let K 2 denote
the global model maintained by the server at communication
round ¢, and let K} denote the local model maintained by
client . Throughout all experiments, every client employs the
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Fig. 1. Federated Agricultural Terrain Mapping Architecture

same four-layer CNN architecture, while the proposed ALA
mechanism operates directly on the trainable parameters of
these local models. The Fig. 1 shows the proposed federated
architecture for terrain mapping. Since client datasets follow
heterogeneous and non-IID distributions, directly replacing a
locally trained model with the received global model may over-
write client-specific knowledge accumulated during previous
communication rounds. Consequently, the proposed frame-
work performs adaptive parameter initialization before local
training so that globally shared representations are retained
while preserving locally discriminative features.

B. Proposed Framework

The overall workflow of the proposed framework is illus-
trated in Fig. 2. At the beginning of each communication
round, the central server selects a subset of participating
clients and broadcasts the current global model K;. Instead
of directly replacing the local model with the received global
model, each participating client performs ALA to initialize
its model before local optimization. The lower layers of the
local CNN are directly initialized using the corresponding
parameters of the received global model, enabling all clients to
share common low-level feature representations. In contrast,
the higher layers are adaptively initialized through learnable
aggregation weights that balance information from both the
previously learned local model and the received global model.
This adaptive initialization preserves client-specific knowledge
while simultaneously benefiting from globally learned repre-
sentations.

After initialization, each client independently performs local
training using its private dataset. The updated local models are
then transmitted to the server, where standard sample-size-
weighted federated aggregation is performed to generate the
global model for the next communication round. Since ALA
is executed entirely at the client side before local optimization,
the proposed framework preserves the conventional federated

communication protocol without requiring any exchange of
raw training data or additional server-side optimization pro-
cedures. Directly initializing local models using the received
global parameters may degrade personalized representations
under heterogeneous data distributions. The proposed ALA
mechanism addresses this limitation by adaptively combining
higher-layer parameters from the global and local models
while preserving globally shared representations within the
lower layers. Consequently, the proposed framework achieves
an improved balance between client personalization and global
model convergence without increasing communication com-
plexity.

C. Adaptive Local Aggregation

The proposed ALA mechanism performs client-specific
model initialization before each round of local training. In-
stead of directly adopting the received global model, ALA
adaptively combines the global and previously learned local
parameters, thereby preserving personalized representations
while benefiting from globally learned knowledge.

Let K tl and K , denote the parameters of layer [ in the
local and global models at communication round ¢, respec-
tively. The CNN layers are divided into two subsets, namely
the lower layers L;,, and the higher layers Lp;q5. Since the
lower layers primarily learn generic feature representations,
they are initialized directly from the received global model
according to

Kl « KL, 1€ Ligw. (1)

The higher layers contain more task- and client-specific rep-
resentations. Therefore, they are adaptively initialized through
learnable element-wise aggregation weights wy, yielding

f{f,l =K, +wo (K, -K},), L€ Lhign, (2)
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where © denotes element-wise multiplication. During the
first communication round, the aggregation weights are ini-
tialized to one so that the higher-layer parameters initially
coincide with the received global model. In subsequent com-
munication rounds, the aggregation weights are reused and
refined using the client’s locally available training data.

Before local optimization begins, a randomly sampled sub-
set of the client’s training data is used to learn the aggregation
weights. During this initialization stage, only the aggregation
weights associated with the selected higher layers are updated,
whereas the lower layers remain fixed. Given the local loss
function L;(-), the aggregation weights are updated according
to

Wy —w—7n (vf(szi © (Ké)g - Kit,l)) ) 3)

where 7 denotes the aggregation-weight learning rate. To
maintain numerical stability and ensure a valid interpolation
between local and global parameters, the aggregation weights
are constrained to the interval [0, 1] according to

w; + min (1, max (0,w;)) . @

After the aggregation weights converge, the initialized
higher-layer parameters obtained from Eq. (2) are combined
with the globally initialized lower layers to construct the per-
sonalized client model used for local training. Since the entire
ALA procedure is executed locally, no additional communi-
cation with the server is required. Furthermore, only model
parameters are exchanged during the FL process, thereby
preserving client data privacy.

D. Local Training and Global Aggregation

Following ALA, each selected client trains its personalized
four-layer CNN using its private local dataset. Local optimiza-
tion is performed independently by each client using mini-
batch optimization without exchanging raw training samples.
The local model update is formulated as:

Kﬁl = argn}l{inLi(Ki;Di), ®)

where L;(-) denotes the local loss function computed over
the private dataset D, of client 7. After local optimization,
only the updated model parameters are transmitted to the
central server. Upon receiving the updated client models,
the server constructs the global model through sample-size-
weighted federated aggregation according to

D;
Dl g, (©6)

Kt-‘rl —
! ieCy Zject 1Dl

where C; denotes the set of participating clients during
communication round ¢, and |D;| represents the number of
training samples available at client 7. The aggregated global
model is subsequently broadcast to the participating clients at
the beginning of the next communication round.

The proposed ALA framework is specifically designed to
improve personalization under heterogeneous (non-IID) client

Algorithm 1 Adaptive Local Aggregation-Based Federated
Learning

Require: Number of clients IV, local datasets {D;} ;, com-
munication rounds 7', aggregation-weight learning rate 7,
selected higher-layer index set Lpigh.

Ensure: Final global model K.

1: Initialize the global CNN model K.

2: for t =0 to T do
3: Select participating clients C;.
4: Broadcast the global model K; to all selected clients.
5: for all i € C; in parallel do
6: Initialize lower-layer parameters using the received
global model.
7: Sample a subset of local training data for ALA
initialization.
Initialize or reuse aggregation weights wj.
: Update aggregation weights using Eq. (3).
10 Clip aggregation weights using Eq. (4).
11: Construct the personalized client model using
Eq. (2).
12: Train the initialized local model according to
Eq. (9).
13: Upload the updated model parameters K f“ to the
server.
14: end for

15: Aggregate all received client models using Eq. (6).
16: end for
17: return final global model K.

data distributions while preserving strong global model conver-
gence. Since the adaptive aggregation process is performed en-
tirely on each client using locally available data, no additional
communication overhead is introduced beyond the standard
FL protocol. It should be noted that the proposed framework
is not intended to address adversarial client behavior. The
present work focuses on mitigating statistical heterogeneity
through adaptive layer-wise initialization rather than detecting
malicious model updates or performing robust aggregation.
The proposed framework preserves data privacy through the
standard FL paradigm, in which raw client data remain on local
devices and only model parameters are exchanged with the
central server. The present work does not incorporate a formal
Differential Privacy (DP) mechanism, such as gradient pertur-
bation, privacy accounting, or explicit (e,d) guarantees. The
proposed framework employs standard sample-size-weighted
global aggregation following the conventional FL protocol.
FedAvg and FedProx are included in this work as represen-
tative baseline methods for experimental comparison and are
not integrated into the proposed optimization framework.

IV. EXPERIMENTS AND RESULTS
A. Dataset Description
1) AgriFieldNet [20]: The AgriFieldNet India dataset com-
prises Sentinel-2 multispectral images with a spatial resolution

of 10 meters. The images were collected in the year 2021 —
2022, from the regions in Uttar Pradesh, Bihar, Odisha, and
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Fig. 2. Proposed ALA based Federated Learning Framework

Rajasthan. The images are of 256 x 256 pixels and correspond
to 13 crop types (e.g., wheat, rice, mustard, sugarcane).

2) BigEarthNet vl [21]: The BigEarthNet vl is a large-
scale remote sensing dataset. The dataset has 590326
Sentinel — 2 image patches, each of 120 x 120 pixels with
geographically diverse regions spread across 10 European
countries. Each image is annotated with multi-label land
cover classes derived from the CORINE Land Cover (CLC)
database. The dataset contains 12 spectral bands (excluding
the 10" band).

3) BigEarthNet v2 [22]: BigEarthNet v2 is a large-scale
benchmark designed for remote sensing image analysis using
paired Sentinel-1 and Sentinel-2 observations. The dataset
contains 549,488 co-registered image patch pairs collected
from 115 Sentinel-2 tiles acquired between June 2017 and
May 2018 across ten European countries, namely Austria,
Belgium, Finland, Ireland, Kosovo, Lithuania, Luxembourg,
Portugal, Serbia, and Switzerland. Each image patch is accom-
panied by a pixel-level reference map together with multiple
land-cover annotations derived from the 2018 CORINE Land
Cover database, making the dataset well suited for multi-label
land-cover classification tasks.

4) CropHarvest [23]: CropHarvest is an open-access
benchmark developed for agricultural remote sensing appli-
cations by integrating multiple agricultural land-use datasets
with satellite observations. The dataset comprises 95, 186 sam-
ples, including 33,205 (35%) instances with multi-class crop
labels, while the remaining samples are annotated using binary
crop/non-crop labels. Approximately 70,213 (74%) samples
are linked with complementary remote sensing and environ-
mental information obtained from Sentinel-1, Sentinel-2,
the SRTM Digital Elevation Model, and FRA5 climato-
logical data, providing a comprehensive resource for crop
monitoring and classification studies.

5) MNIST [24]: The MNIST dataset is one of the most
widely adopted benchmarks for handwritten digit recognition.

It consists of 60,000 training images and 10, 000 testing im-
ages representing the digits 0-9. The dataset was derived from
the NIST handwritten digit collections and contains grayscale
images that have been size-normalized and centred within a
fixed 20 x 20 pixel region while preserving their original aspect
ratios. Owing to its simplicity and standardized evaluation
protocol, MNIST is frequently employed for benchmarking
image classification algorithms.

6) CIFAR-10 [25] and CIFAR-100 [26]: The CIFAR-10
and CIFAR-100 datasets are standard benchmarks for image
classification and visual recognition tasks. Both datasets con-
tain 60, 000 colour images of size 32 x 32 pixels, divided into
50,000 training images and 10,000 testing images. CIFAR-
10 categorizes the images into ten mutually exclusive object
classes, whereas CIFAR-100 extends the problem to 100 fine-
grained classes organised into 20 superclasses, with 600 im-
ages available for each class. The substantially larger number
of categories and finer semantic distinctions make CIFAR-100
considerably more challenging than CIFAR-10 and therefore
useful for evaluating federated learning algorithms under in-
creased classification complexity.

7) Federated Client Partitioning: To evaluate the proposed
framework under realistic FL conditions, all datasets were
partitioned among 50 simulated clients. For the benchmark
datasets (MNIST, CIFAR-10, and CIFAR-100), heterogeneous
client data distributions were generated using both the patho-
logical partitioning strategy and the Dirichlet-based partition-
ing strategy described in Section IV-B. In the pathological
setting, each client was assigned samples from a limited subset
of classes, whereas in the practical heterogeneous setting,
client data distributions were generated using a Dirichlet
distribution with concentration parameter 5 = 0.1.

For the agricultural datasets (AgriFieldNet, BigEarthNet
v1, BigEarthNet v2, and CropHarvest), the available training
samples were partitioned among the same 50 simulated clients
using the Dirichlet-based heterogeneous partitioning strategy
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with 8 = 0.1. Each training sample was assigned exclusively
to a single client without overlap, while the corresponding
test sets were retained for global model evaluation. Employing
a common partitioning strategy across all datasets ensures a
consistent and fair evaluation of the proposed ALA framework
and the competing FL methods under heterogeneous client
data distributions.

The selected agricultural datasets are representative of mod-
ern Earth observation applications based on Sentinel imagery
and provide a diverse range of crop monitoring and land-cover
classification tasks. In practical deployments, Sentinel-derived
remote sensing data are typically generated across geograph-
ically distributed locations where centralized data collection
may be restricted by data ownership, communication con-
straints, or privacy considerations. Consequently, FL provides
a suitable distributed learning paradigm for these applications
by enabling collaborative model training without requiring
the transfer of raw satellite imagery. The proposed ALA
framework is therefore evaluated on representative Sentinel-
based datasets to demonstrate its effectiveness under realistic
heterogeneous FL environments.

B. Simulation Setup

Simulations were performed on PyTorch version 1.10 as
the primary framework. The experiments were conducted on a
machine with NVIDIA GTX 1080 Ti GPU, an Intel :7-9700K
CPU, and 32 GB of RAM, ensuring efficient computation and
memory management. The software stack comprised Ubuntu
20.04 as the operating system, CUDA 11.1 for GPU accelera-
tion, and cuDNN 8.0 for optimized deep learning operations.

All experiments, including the benchmark datasets (MNIST,
CIFAR-10, and CIFAR-100) and the agricultural datasets
(AgriFieldNet, BigEarthNet v1, BigEarthNet v2, and CropHar-
vest), were conducted using the same 4-layer CNN backbone.
The proposed ALA framework operates on the trainable pa-
rameters of this network and is independent of the specific
dataset being considered. Simulations were performed with
a local learning rate of 0.005 for the 4-layer CNN (0.1 for
MNIST following FedAvg). In line with FedAvg, the batch
size was set to 32, the hybrid regularization strength was fixed
at 0.5, and each selected client performed 5 local training
epochs during every communication round. To achieve em-
pirical convergence, all experiments were conducted over 500
communication rounds with 50 participating clients. Table IV
summarizes the simulation parameters. Individual analyses of
the proposed method on the selected datasets are first pre-
sented, followed by a comprehensive comparison with state-
of-the-art FL methods, including FedAvg [27], FedProx [28],
Per-FedAvg [29], FedAvg-C, FedProx-C, FedALA [30], Fed-
Fomo [31], and PartialFed [32].

The selected baseline methods represent widely adopted
FL approaches encompassing standard federated optimiza-
tion (FedAvg), optimization under statistical heterogeneity
(FedProx), PFL (Per-FedAvg, FedALA, and FedFomo), and
communication-efficient model updating (PartialFed). These
methods were selected because they are well-established
benchmarks for evaluating personalization and heterogeneous

client learning. Although several recent aggregation strategies
specifically designed for highly heterogeneous or similarity-
based client aggregation have subsequently been proposed,
incorporating a broader comparison with these methods is
beyond the scope of the present study and will be considered
in future work.

TABLE 1
PARAMETERS FOR SIMULATION SETUP

Parameter Value

Learning Rate 0.01

Local Training Epochs 5

Batch Size 32

Number of Clients 50

Hybrid Regularization Strength () 0.5

Communication Rounds 500

C. Model Accuracy and Loss

The performance of the proposed federated architecture
is evaluated using the overall test accuracy and training
loss on AgriFieldNet (Fig. 3a), BigEarthNet v1 (Fig. 3b),
BigEarthNet v2 (Fig. 3c), and CropHarvest (Fig. 3d) datasets.
A comparative analysis with representative state-of-the-art
methods is presented in Table II. Although BigEarthNet and
CropHarvest are commonly evaluated using additional multi-
label performance measures such as precision, recall, FI-
score, and mean Average Precision (mAP), the present work
primarily investigates the effectiveness of the proposed FL
framework under heterogeneous client distributions. Therefore,
a unified evaluation based on overall test accuracy is adopted
across all datasets to ensure a consistent comparison among
the competing FL. methods.

The proposed framework demonstrates rapid convergence
and consistently achieves higher test accuracy than the com-
pared FL methods across all agricultural datasets. These ob-
servations indicate that the adaptive layer-wise initialization
effectively improves the learning process under heterogeneous
client distributions while maintaining stable convergence be-
haviour. The results further show that the proposed framework
consistently improves performance over the training process
across datasets with varying levels of image diversity and
complexity, demonstrating its robustness and scalability in
federated agricultural learning scenarios. While the benchmark
datasets (MNIST, CIFAR-10, and CIFAR-100) are included
to facilitate comparison with established FL baselines under
controlled heterogeneous settings, the proposed framework is
additionally validated on four representative agricultural re-
mote sensing datasets, namely AgriFieldNet, BigEarthNet v1,
BigEarthNet v2, and CropHarvest. These datasets encompass
diverse crop monitoring and land-cover classification tasks
derived from Sentinel imagery, thereby demonstrating the ap-
plicability of the proposed framework to practical agricultural
terrain mapping scenarios.

D. Performance Comparison and Analysis

1) Heterogeneous Setting: To evaluate the proposed frame-
work under varying degrees of statistical heterogeneity,
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Fig. 3. Agricultural Image Datasets: Client Accuracy/Loss with Iterations: (a) AgriFieldNet, (b) CropHarvest, (c) BigEarthNet (V1) and (d) BigEarthNet (V2)

TABLE 11 TABLE 111
AGRICULTURAL DATASETS: COMPARATIVE GLOBAL CLASSIFICATION NON-AGRICULTURAL DATASETS: TEST ACCURACY (%) IN DIFFERENT
ACCURACY (%) SETTINGS
Method AgriFieldNet | CropHarvest | BigEarthNet (V1) | BigEarthNet (V2) Pathological Heter Practical Heterogeneous
FedAvg 92.00+0.35 94.00-£0.30 96.50+0.20 94.50+0.18 Method MNIST CIFAR-10 | CIFAR-100 | CIFAR-10 | CIFAR-100
FedProx 93.0040.30 | 95.0040.24 97.2040.16 96.2040.14 FedAvg 97.9340.05 | 55.09+0.83 | 25.98+0.16 | 59.164+0.47 | 31.89+0.47
Proposed Algorithm | 94.50+0.24 | 96.50+0.18 98.20+0.12 99.00+0.10 FedProx 98.0140.55 | 56.04+0.75 | 25.9440.40 | 59.214£0.40 | 31.99+0.41
FedAvg-C 99.79+0.00 | 92.13+0.03 | 66.1740.03 | 90.34+0.01 | 51.80+0.02
FedProx-C 99.80+0.04 | 92.124+0.03 | 66.0740.08 | 90.3340.01 | 51.84+0.07
Per-FedAvg 99.6340.02 | 89.63+0.23 | 56.8040.26 | 87.74:0.19 | 44.28+0.33
. . . FedFomo 99.83+0.00 | 91.85+0.02 | 62.4940.22 | 88.060.02 | 45.39+0.45
two Wldely adppted heterogeneous settings were considered. PartialFed 99.86+£0.01 | 89.60+0.13 | 61.3940.12 | 87.38+0.08 | 48.81£0.20
The first setting, referred to as the Pathological Hetero- FedALA 99.88:0.01 | 92.440.02 | 67.83£0.06 | 90.67£0.03 | 55.92:0.03
Proposed Algorithm ~ 99.10+0.01 | 93.93+0.02 | 71.08-£0.03 | 95.25+0.01 | 56.37+0.00

geneous Setting, assigns 2/2/10 classes to each client for
the MNIST/CIFAR-10/CIFAR-100 datasets, respectively, from
a total of 10/10/100 classes, resulting in highly non-IID
local data distributions. The second setting is the Practical
Heterogeneous Setting, which follows a Dirichlet distribu-
tion, denoted by Dir(3), where the degree of heterogeneity
is inversely proportional to the concentration parameter (.
Specifically, smaller values of /3 correspond to increasingly
heterogeneous client data distributions. Unless otherwise spec-
ified, 3 is set to 0.1. The Dirichlet distribution is defined as

K
r(Zi:I 1) K Bio1 7
—— || =
[L= T(8) 5

Table III presents the test accuracies achieved by the com-
peting FL methods under both the pathological and prac-
tical heterogeneous settings. Under the pathological setting,
FedALA achieves the highest accuracy on MNIST, whereas
the proposed ALA framework consistently outperforms all
competing methods on the more challenging CIFAR-10 and
CIFAR-100 datasets. Similarly, under the practical heteroge-
neous setting, the proposed framework achieves the highest
test accuracy across both benchmark datasets. These results
demonstrate that the proposed ALA-based adaptive layer-
wise initialization effectively preserves client-specific repre-
sentations while maintaining strong global model conver-

P(X17X2a"'aXK;ﬁ) =

gence under heterogeneous data distributions. Consequently,
the proposed framework achieves an effective balance between
personalization and global model performance without modi-
fying the standard federated optimization protocol. Figure 4a
further illustrates the comparative performance of the proposed
method against the considered state-of-the-art FL approaches.

2) Heterogeneity: To study the effectiveness of the pro-
posed algorithm with varying degree of heterogeneity, we vary
the 8 in Dir(5). The Table IV, shows the performance of
existing FL methods, under varying degrees of heterogeneity
and scalability with different numbers of clients. The perfor-
mance is validated to verify the applicability of the proposed
method, across MNIST and CIFAR-100 datasets. The pro-
vided results highlight the performance of the FL methods,
specifically FedALA in comparison to the proposed method.
The performance of the proposed algorithm is reported to be
optimal as it is observed that the accuracy decreases with
increasing heterogeneity. The accuracy is reported at 74.24%
and 71.20% for Dir(0.01) and Dir(0.5), respectively, on the
MNIST dataset. By incorporating ALA, the proposed model
ensures a more balanced and representative global model
update. This approach addresses the challenges posed by
data heterogeneity and enhances the personalization of client
models, leading to improved overall performance and stability
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Fig. 4. Non-Agricultural Datasets: Performance Comparison

TABLE IV
NON-AGRICULTURAL DATASETS: TEST ACCURACY (%) WITH VARYING
HETEROGENEITY AND SCALABILITY

Heterogeneity Scalability

Dataset MNIST CIFAR-100
Method Dir(0.01) Dir(0.5) Client 50 Client 100
FedAvg 15.70£0.46 | 21.14+0.47 | 31.90+£0.27 | 31.95+0.37
FedProx 15.66+0.36 | 21.22+0.47 | 31.94+0.30 | 31.97+0.24
FedAvg-C 49.884+0.11 | 16.21£0.05 | 49.82+0.11 | 47.9040.12
FedProx-C 49.8440.02 | 16.36+0.19 | 49.79£0.14 | 48.024+0.02
Per-FedAvg 39.3940.30 | 16.36+0.13 | 44.31£0.20 | 36.07+£0.24
FedFomo 46.36+0.54 | 11.59+0.11 | 42.56£0.33 | 38.9140.08
PartialFed 49.384+0.02 | 24.20+0.10 | 48.95+0.07 | 39.3140.01
FedALA 55.75+0.02 | 27.85+0.06 | 55.61£0.02 | 54.68+0.57
Proposed Algorithm | 74.24+0.01 | 71.20+0.13 | 68.25+0.03 | 66.07-0.00

in the FL environment.

3) Scalability: In terms of scalability, only a modest re-
duction in accuracy is observed as the number of partici-
pating clients increases from 50 to 100, demonstrating that
the proposed framework maintains stable performance under
larger-scale FL settings. As reported in Table IV, the proposed
method consistently outperforms the competing approaches
while exhibiting only a limited degradation in accuracy as
the number of participating clients increases. The ALA-based
adaptive initialization enables each client to effectively pre-
serve personalized representations while remaining aligned
with the global model, thereby improving robustness under
increasing system scale.

The proposed ALA framework is intended to improve
personalization under heterogeneous client data distributions
while preserving strong global model performance. Accord-
ingly, the experimental evaluation in this work primarily
focuses on the global test accuracy, which provides a con-
sistent basis for comparison with existing FL approaches.
The observed improvements across multiple agricultural and
benchmark datasets indicate that the adaptive layer-wise ini-
tialization enhances personalization without adversely affect-
ing the overall global model convergence.

The scalability evaluation presented in this work is lim-
ited to FL environments comprising up to 100 participating
clients. Although the proposed ALA framework performs all
adaptive initialization locally and preserves the standard client-
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(b) Computation Overhead Analysis

TABLE V
OVERHEAD ANALYSIS
Computation Communication
Overhead Overhead
Methods | Total Time Time per Parameter
Comm. Round per iteration
FedAvg [27] 365 min 1.59 min 2% 0O
FedProx [28] 325 min 1.99 min 2% 0
FedAvg-C [30] 607 min 24.28 min 2% 0
FedProx-C [30] 711 min 28.44 min 2% O
Per-FedAvg [29] 121 min 3.56 min 2% 0
FedFomo [31] 193 min 2.72 min 1+M)*6
PartialFed [32] 693 min 2.13 min 2% 0
FedALA [30] 7+116 min 1.93 min 2% 0
Proposed Method 165 min 2.01 min 2% ©

server communication protocol without introducing additional
communication rounds, further experimental validation on
substantially larger federated deployments involving hundreds
or thousands of clients would provide a more comprehensive
assessment of scalability.

4) Computation and Communication Overhead: The com-
putational overhead of the proposed framework arises primar-
ily from the client-side ALA initialization performed before
local model training. Since the aggregation weights are learned
only for the selected higher layers using a subset of the
local training data, the additional computational cost remains
modest. Table V reports the total computation time and the
average computation time per communication round for all
compared methods. The proposed framework requires only a
small increase in computation time compared with FedAvg
while providing improved performance under heterogeneous
client data distributions. Figure 4b further illustrates the com-
putation overhead of the considered FL methods.

Communication overhead is defined as the amount of model
parameters exchanged between each participating client and
the central server during a communication round. Since the
proposed ALA mechanism performs adaptive layer-wise ini-
tialization entirely on the client side before local training, it
does not introduce any additional communication beyond the
standard FL protocol. Consequently, each client uploads one
local model and downloads one global model during every
communication round. Table V summarizes the communica-
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tion overhead of the compared methods, where © denotes the
number of model parameters and M represents the number of
downloaded client models.

V. CONCLUSION

FL applications of agricultural terrain mapping are con-
strained by the unique variability in data distribution among
clients and biased updates. Data distributions vary significantly
among clients, making a one-size-fits-all global model less
effective. This work presents a FL. framework for agricultural
terrain mapping. The idea is to distribute the preprocessed
client data in the form of private datasets to different clients.
Personalized variants are created by the clients and are trained
locally through a combination of FedAvg and FedProx aggre-
gation. By assessing these deviations, clients can dynamically
adjust the influence of their updates, ensuring that the global
model remains on a convergent path while personalized mod-
els continue to adapt to local data characteristics. The proposed
method is able to reconcile discrepancies between local and
global models, applied for image mapping of agricultural
lands. Results are validated on 7 publicly available datasets
(4 agricultural image datasets and 3 general image datasets),
where the performance is validated with existing methods. The
proposed method is able to outperform the existing models
on diverse parameters and settings, with the proposed method
reaching the accuracy of 99.05% on agricultural datasets
and 97.25% on non-agricultural datasets. From a practical
deployment perspective, agricultural IoT and UAV-assisted
monitoring systems often operate under constrained commu-
nication bandwidth, intermittent network connectivity, limited
onboard computational resources, and highly heterogeneous
data collected across different geographical regions and crop
types. Since the proposed ALA framework performs adaptive
initialization locally while preserving the standard FL com-
munication protocol, it is well suited to such distributed envi-
ronments without requiring the exchange of raw sensing data
or additional communication rounds. Nevertheless, practical
deployment in large-scale agricultural systems would require
further investigation of issues such as device heterogeneity,
asynchronous client participation, communication reliability,
and energy-efficient operation. These aspects constitute im-
portant directions for future research. Furthermore, Integrating
formal DP mechanisms with the proposed ALA framework
and incorporating Byzantine-resilient aggregation strategies
and adversarial client detection may also be considered in
future.
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