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Abstract: The rapid growth in satellite and aerial remote sens-
ing platforms has created a growing need for distributed remote
sensing scene classification. Conventional centralized scene
classification methods, which involve transmitting remote sens-
ing data to a ground station for processing, encounter limita-
tions in both transmission efficiency and data privacy. Feder-
ated learning (FL) has emerged as a promising approach by
enabling terminals to collaboratively train models without
exchanging raw data. However, the non-independent and identi-
cally distributed (Non-IID) nature of remote sensing data signifi-
cantly impedes FL performance. To address these challenges, a
federated framework with feature distillation (FD) (FedFD) is pro-
posed for FL-based remote sensing scene classification. Specifi-
cally, FedFD facilitates collaborative training by aggregating
model parameters from multiple terminals to the cloud, thereby
optimizing a global model. To further alleviate the impact of Non-
IID data, an innovative partial feature-sharing strategy based on
FD is designed, which divides features into globally shared
essential features and locally maintained supplementary fea-
tures. Moreover, to cope with object and scene scale variation,
the squeeze and excitation module and the pyramid pooling
module are incorporated into the scene classification network to
enhance multiscale feature extraction. Extensive experiments on
the Northwestern Polytechical University Remote Sensing Image
Scene Classification 45 (NWPU-RESISC45) dataset and Univer-
sity of California, Merced Land Use (UC-Merced) dataset, under
varying numbers of terminals and Non-IID levels, validate the
effectiveness and scalability of FedFD, and demonstrate its
superior performance in FL-based remote sensing scene classifi-
cation.
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1. Introduction

Remote sensing (RS) scene classification (SC), as a tech-
nique for analyzing semantic content and target proper-
ties to categorize RS images into appropriate scene cate-
gories, has broad applications in earth observation,
including environmental monitoring, urban management,
and disaster assessment [1-4]. Recent advancements in
geoscience and earth observation technologies have led to
substantial improvements in RS SC. The rapid increase of
satellite and aerial platforms leads to an exponential
growth of RS data, creating an urgent demand for accu-
rate and efficient interpretation methods.

Deep learning (DL) is widely recognized as an effec-
tive method for RS SC due to its remarkable feature
extraction capability [5]. However, most existing me-
thods [1-10] typically rely on centralized architectures, in
which RS data from terminals is downloaded to a ground
station for processing, and the model is trained on the col-
lected data. Such centralized training introduces several
limitations. Firstly, transferring massive RS data from
satellite platforms to the ground station is inefficient due
to limited communication bandwidth [11]. Secondly,
satellite-to-ground communication links commonly suf-
fer from latency, complicating real-time RS data process-
ing [12]. Additionally, transmitting raw RS data raises
privacy concerns [13], as RS data frequently contains
sensitive geographic and infrastructural information,
potentially violating privacy regulations such as the gen-
eral data protection regulation (GDPR) [14].

To cope with these problems, federated learning (FL)
has emerged as a promising paradigm for distributed
training of RS SC. It is a privacy-preserving paradigm
that enables multiple terminals to collaboratively train a
model by exchanging model parameters instead of raw
data [15]. In the FL-based setup, each terminal performs
local training and uploads model parameters to the cloud
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for global model updating, thus avoiding raw RS data
transmission. Recently, FL has gained increasing atten-
tion in RS, with applications such as object extraction and
landslide detection [16,17]. Despite these advancements,
the application of FL to RS SC remains largely underex-
plored, leaving a research gap in its potential use.

In addition, DL methods are typically based on the
assumption that training data are independent and identi-
cally distributed (IID), which is essential for ensuring
model convergence and generalization [18,19]. However,
this assumption is often violated in RS due to imba-
lanced label distributions, varying data quantities, and
domain shifts induced by geographic and imaging diver-
sity across terminals [20,21]. These characteristics result
in inherently non-independent and identically distributed
(Non-IID) RS data across terminals. Such data hetero-
geneity poses significant challenges to FL, as local model
updates may deviate from the global optimum, hindering
both convergence and generalization [22-25]. Moreover,
the lack of access to raw data during model aggregation
further exacerbates these issues, ultimately degrading
global model performance [26].

To address Non-IID challenges, prior work has ex-
plored various approaches, including the formulation of
learning objectives [22,23] and the design of aggregation
strategies [24,25]. For instance, Li et al. [23] introduced a
proximal term to prevent local updates from diverging
significantly from the global model, thereby stabilizing
the training process. Wang et al. [25] normalized client
updates to reduce variations in local updates, thereby
improving convergence under heterogeneous data distri-
butions. Nevertheless, these approaches still exhibit limi-
tations in scalability and sensitivity to severe data hetero-
geneity, motivating further research. More recently, inter-
terminal information sharing has emerged as a simple yet
effective approach, as it improves model consistency
while mitigating data heterogeneity without exposing raw
data [27].

Inspired by this, a federated framework with feature
distillation (FedFD) is proposed for FL-based RS SC.
The training process comprises four stages: feature distil-
lation (FD), feature sharing, local training, and model
updating. To address Non-IID issues, FedFD adopts a
partial feature-sharing (PFS) strategy based on FD.
Specifically, the extracted features are divided into two
categories: essential features, which significantly con-
tribute to model performance, and supplementary fea-
tures with limited performance impact. Essential features
are globally shared across terminals, while supplemen-
tary features are retained locally. This strategy facilitates

collaborative training on both locally retained and glob-
ally shared data. Furthermore, to effectively handle the
multiscale features present in RS images, caused by dif-
ferences in imaging distance and intrinsic properties of
objects and scenes, the squeeze and excitation module
(SEM) and pyramid pooling module (PPM) are inte-
grated into the SC network. This effectively extracts mul-
tiscale features, further enhancing classification perfor-
mance. Extensive experiments on Northwestern Poly-
techical University Remote Sensing Image Scene Classi-
fication 45 (NWPU-RESISC45) and University of Cali-
fornia, Merced Land Use (UC-Merced) datasets under
varying terminal numbers and Non-IID levels validate the
effectiveness and scalability of FedFD, demonstrating its
superior performance in FL-based RS SC.

To sum up, the main contributions of this paper are
summarized as follows:

(i) FedFD, a distributed RS SC framework, is pro-
posed to enable collaborative training by aggregating
model parameters from terminals to the cloud without
sharing raw data, optimizing an effective global model.

(i) A PFS strategy based on FD is designed to miti-
gate Non-IID issues, where each terminal extracts essen-
tial features for global sharing and retains supplementary
features locally, thus reducing data heterogeneity and
facilitating collaborative training.

(iii)) The SEM and PPM are incorporated into the SC
network to address scale variations in RS images, thereby
improving multiscale feature extraction.

The remainder of this paper is structured as follows.
Section 2 reviews related work. Section 3 presents the
FedFD framework in detail. Section 4 describes the
datasets and experimental settings, and provides exten-
sive comparative and ablation analyses. Section 5 con-
cludes the paper.

2. Related work
2.1 RS SC with DL

As a fundamental yet challenging task, SC aims to extract
high-level semantic information from RS images to cate-
gorize them into corresponding scene types, supporting
applications like land monitoring and urban planning
[28-31]. Recent advances in DL have significantly
enhanced SC performance. For instance, Hu et al. [32]
employed pre-trained convolutional neural networks
(CNNps) as feature extractors for SC tasks. Wang et al. [6]
enhanced SC performance by proposing the attention
recurrent convolutional network (ARCNet), which incor-
porates attention mechanisms.

Despite these achievements, scale variation remains a
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critical challenge in RS SC. Objects and scenes in RS
images often appear at different spatial scales due to
varying imaging distances and intrinsic scene properties.
Although various approaches such as skip connections
[9], adaptive receptive fields [10], and deep layer aggre-
gation [33] have been proposed, existing methods are still
insufficient for effective multiscale representation. For
example, although deeper CNNs can extract high-level
semantic features, they may lose part of the fine-grained
details during hierarchical abstraction, which challenges
accurate multiscale representation.

Moreover, most existing DL-based SC methods [1-10]
typically rely on centralized architectures, which require
the transmission of RS data to a ground station for pro-
cessing and training, as illustrated in Fig. 1(a). This cen-
tralized paradigm faces several limitations, including high
transmission costs due to limited bandwidth [11], latency
in satellite-to-ground communication [12], and privacy
risks arising from the exposure of sensitive geographic
data [13,14]. With the proliferation of satellite and aerial
platforms, the volume of RS data continues to grow expo-
nentially, further intensifying the need for distributed and
efficient SC methods.
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Fig. 1  Comparison between conventional centralized and FL-
based distributed RS SC methods

2.2 FL

FL has emerged as an effective approach for distributed
DL, enabling collaborative model training across multi-
ple terminals without sharing raw data [15]. As illus-
trated in Fig. 1(b), a typical FL system consists of a cloud
server and N terminals. The training process generally
follows three iterative steps: (i) the cloud server initia-
lizes and distributes a global model to all participating
terminals; (ii) each terminal trains the model locally and
sends the updated model parameters to the cloud server;
(iii) the cloud server aggregates the parameters and
broadcasts the updated global model back to all terminals.
This process repeats until the global model converges or
the maximum number of iterations is reached [34].

Depending on how data is distributed across the sam-
ple and feature spaces, FL can be categorized into three
types: horizontal FL (HFL), vertical FL (VFL), and feder-
ated transfer learning (FTL) [13]. HFL applies when dis-
tributed datasets share similar feature spaces but minimal
sample overlap. VFL suits scenarios with substantial
sample overlap, yet different feature spaces. FTL ad-
dresses cases with minimal overlap in both sample and
feature spaces by transferring knowledge from a source to
a target domain. Among these categories, HFL has
received the most practical attention, as it aligns with
common FL scenarios where terminals share similar fea-
ture spaces while holding different local datasets. There-
fore, most foundational FL algorithms have been deve-
loped within the HFL paradigm.

Building on the HFL paradigm, a range of representa-
tive algorithms have been developed to enhance the effec-
tiveness and generalization of FL. Among them, fede-
rated averaging (FedAvg) [15] remains one of the most
foundational and widely adopted FL algorithms, leverag-
ing average aggregation of local model parameters to
achieve a balance between scalability and performance.
To address the Non-IID challenge, FedProx [23] intro-
duces a proximal term to reduce update divergence across
terminals, while federated normalized averaging (Fed-
Nova) [25] normalizes local updates to improve global
convergence under heterogeneous data distributions.
Beyond algorithmic advancements, FL has also found
broad applications in healthcare [35], finance [36], com-
munication systems [37,38], autonomous driving [39],
and more recently in RS, where its potential is beginning
to be recognized.

2.3 FL applications in RS

With the rapid deployment of satellite and aerial plat-
forms, distributed RS interpretation has emerged as a
promising paradigm, driving growing interest in FL for
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RS. Several recent studies have investigated its feasibi-
lity and effectiveness in this domain. For instance, Wang
et al. [11] proposed a distributed collaborative method
(DCM), which integrates a sample proximity network and
a grouped-concatenation module to enhance cross-termi-
nal feature fusion for RS image classification under a
cloud-terminal collaborative setting. To support personal-
ized adaptation, Li et al. [12] introduced multiply person-
alized collaborative learning (MPCL), a framework that
allows participants to train models tailored to their local
RS tasks, including classification and segmentation with
synthetic aperture radar (SAR), hyperspectral, and opti-
cal data. Zhang et al. [16] developed a federated learning
scheme with prototype matching (FedPM), a scheme
designed to address label scarcity and representation con-
sistency in object extraction from very-high-resolution
RS images. Tang et al. [17] further proposed federated
learning-based landslide detection (FedLD), a HFL
framework for collaborative landslide detection across
regional institutions.

These studies demonstrate the potential of FL for vari-
ous RS applications such as multiparty personalized
learning, object extraction, and landslide detection. How-
ever, their problem formulations differ fundamentally
from federated RS SC, which is the focus of this paper.
More specifically, they do not explicitly address feature-
level privacy preservation or feature alignment for multi-
class scene-level representation learning.

Despite these efforts, the application of FL to RS SC
remains relatively limited, revealing a research gap that
deserves further exploration. Moreover, the inherent he-
terogeneity of Non-IID RS data poses significant chal-
lenges to effective FL training [16,40,41], hindering both
convergence and generalization in distributed RS sys-
tems [26]. Fig. 2 visualizes Non-IID data distributions
generated via latent Dirichlet allocation (LDA) under dif-
ferent @ values. Each subplot shows the sample distribu-
tion across terminals, where the x-axis indicates the num-
ber of samples, the y-axis denotes terminal IDs, and co-
lors represent different classes. As @ decreases, the distri-
bution becomes increasingly skewed, with @ — 0 indicat-
ing the most imbalanced case. In contrast, larger « va-
lues yield more uniform distributions, approaching the
IID condition as a — co. Aggregating models trained
under these skewed conditions, without access to raw
data, amplifies local biases and significantly degrades
overall performance. Thus, it is of significance to develop
scalable and effective methods for FL-based Non-IID RS
SC.
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Fig. 2 Visualization of Non-IID data distribution across terminals
via LDA for different o values

3. Methodology
3.1 Problem statement

FedFD adopts a terminal-cloud architecture, enabling
multiple terminals to train a global model collaboratively
in a distributed manner. Specifically, the framework con-
sists of K terminals, denoted as C = {C,,C,,---,Ck}, and
a cloud server S. Each terminal C, maintains a local
dataset D,, represented as

Dy ={(xi,yi) [i=1,2,--- |D[} (D

where |D;| denotes the size of the local dataset, x;; is the
input data, and y;; is the corresponding label. The global
dataset across all terminals is defined as D = {D,,D,,--,
Dy}.

The global objective of FedFD is to minimize the
weighted sum of local objectives from all participating
terminals:

min L(0) = )\ axLi(6y) @

k=1

where @ represents the global model parameters, L.(0,)
denotes the local objective function of terminal C;, and
w; 1s the corresponding aggregation weight, defined as

1Dyl

2
>
k=1

The local objective function for terminal C, over its
data distribution P, is defined as

Wy =

3)

L(6,) = E(x,y)~Pk I(O;x,y) “

where [(-) denotes the cross-entropy loss function:

N
1©;x,y) = = > yjn3, (5)
j=1
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with y; representing the true label and J; the predicted
probability for class j. Here, N is the number of classes,
and (x,y) is a data pair sampled from P;.

In each communication round ¢, each terminal C;
updates its local model @) by minimizing the local loss
Li(©}). The updated local models from all terminals
{@:}K, are then transmitted to the cloud server, which
aggregates them with a predefined aggregation mecha-
nism M(-) to update the global model:

0" = MO (6)

The global model @' is subsequently broadcast to all

terminals for the next round. This process repeats until
the maximum number of communication rounds is
reached.

3.2 Overview of the FedFD framework

FedFD leverages an innovative PFS strategy inspired by
the information bottleneck (IB) to address Non-IID chal-
lenges in FL-based RS SC, selectively sharing essential
information across terminals while retaining supplemen-
tary information locally. As shown in Fig. 3, the FedFD
framework operates in four main steps: FD, feature shar-
ing, local training, and model updating.

Shared-feature
aggregation

//‘f Terminal 1

/’f Terminal 2

Global
shared
data

(D: Feature distillation; @) Feature sharing; (3): Local training; @: Model updating.
Fig. 3 Illustration of the proposed FedFD framework for FL-based Non-IID RS SC

To begin with, each terminal C, performs FD to extract
essential x., and supplementary x, features from its
input x. Subsequently, the essential features x. are
transmitted to the cloud server S, where they are aggre-
gated into a global shared dataset D, and distributed to all
terminals. Each terminal then performs local training
using both its local dataset D, and the shared dataset D,,
and uploads its updated model @; to the cloud serve S.
The server aggregates the received local models via an
aggregation mechanism M(-), such as weighted averag-
ing in FedAvg, to update the global model @', which is
then broadcast to all terminals. The local training and
model updating steps are repeated for 7 communication
rounds. Detailed implementation is provided in Algo-
rithm 1.

Algorithm 1 FedFD Framework for FL-based Non-IID
RS SC

Input Communication rounds 7', local datasets {D}5 ,,

aggregation mechanism M(-)

Output Global model parameters O

1: Initialization: The cloud server S initializes the global
model parameters ©° and distributes them to all termi-
nals

: # FD pre-training

: Each terminal performs FD

: # Feature sharing based on the distilled features

: The cloud server S aggregates essential features
{Xessi i, to construct the global shared dataset D

wn A W N

6: The cloud server S distributes D, to all terminals C
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7: for each communication round = 1,2,---,T do:

8: # Local training

9: for each terminal C, do:

10: Train the local model using both the local dataset

D, and the global shared dataset D,

11: Update local parameters @, using SGD

12:  end for

13:  # Model updating

14: The cloud server S aggregates local model parame-
ters {6}, and updates the global model using (6)

15: The cloud server S distributes the updated global
model @' to all terminals C

16: end for

17: Return Optimized global model parameters ©

It should be noted that the FD step illustrated in Fig. 3
is implemented as a federated pre-training stage rather
than being repeated in every main communication round.
After this pre-training stage converges, the resulting
global FD model is fixed and subsequently used to extract
essential features and construct the shared dataset D,.
The following T communication rounds in Algorithm 1
then perform the main federated optimization for SC
using D, and D;, without further updating the FD mo-
dule. This design ensures that the FD stage provides a
unified, privacy-preserving feature space to facilitate Non-
IID feature alignment across terminals.

3.3 PFS strategy

3.3.1 Theoretical basis

To mitigate Non-IID issues, FedFD introduces a PFS
strategy that employs FD to extract and selectively trans-
mit the most informative features from input data. The IB
principle provides an information-theoretic foundation for
FD, aiming to extract a compact latent representation Z
of input X that preserves crucial information for predict-
ing the output label Y, while minimizing redundant infor-
mation. The IB objective is formally defined as

L =I(X; Y|Z)
st I(X;Z2) < Ig (7

where I(-) denotes mutual information, and Iz is a prede-
fined constant that limits the information content of Z,
thereby enforcing the extraction of compact yet informa-
tive features.

3.3.2 Definitions of feature partitioning

Based on the IB principle, FedFD decomposes the input
data x € R? into two disjoint feature components: essen-
tial features x., € R? and supplementary features Xop €

RY, such that x = x+x,,. To mitigate Non-IIDness,
only the essential features x., capturing minimal yet suf-
ficient information necessary for effective generalization,
are shared among terminals. The supplementary features
Xqp, containing almost all original information but pri-
marily redundant or less relevant to performance, are
retained locally at each terminal.

To support this decomposition, a valid feature parti-
tion strategy is formally defined. Specifically, given a
variable X, a valid partition divides it into two disjoint
components, X; and X,, such that the following condi-
tions hold: (i) H(X;,X,|X)=0; (i) HX|X;,X,)=0;
(iil) 1(X;;X,) = 0, where H(-) denotes entropy.

Building upon this, let X = X + X,,, be a valid parti-
tion. The component X, is defined as essential features
if it satisfies I(X;Y | X.s) =0, indicating that X.; cap-
tures all information in X relevant to predicting the label
Y. Consequently, the remaining component Xj,, is termed
supplementary features.

3.3.3 Objective of FD

With these definitions established, the theoretical objec-
tive of FD from the IB perspective is formally presented
as follows:

mzin 1(X;Y)2)

where Z represents the extracted essential features, and
X —Z represents the supplementary features retained
locally, and Iy, is a constant. In (8), the X — Z should rep-
resent data mostly conditioned on essential features Z,
while the Z should contain necessary information about
the label Y. Consequently, learning with this objective
can divide data features into essential features and sup-
plementary features, achieving feature partitioning.

To make FD tractable, an objective equal to the origi-
nal objective in (8) is derived for terminal C, as follows:

min —E,.p, 10g p(ylz(x:6)
st Iz 0P <A ©

where 6 denotes the parameters used to generate the
essential features z(-;0), (x,y) is the input-label pair from
the data distribution P,, p(y|) is the predicted probabi-
lity for label y, and 1> 0 stands for a constant. Specifi-
cally, the learned essential features z(-;6) are designed to
predict the label y with minimal /,-norm.

3.3.4 FD via competition mechanism

However, (9) does not explicitly ensure that the supple-
mentary features x —z(x;60) remain close to the original



JIN Jing et al.: Federated feature distillation for Non-IID remote sensing scene classification 731

input features x. Therefore, a competition mechanism is
introduced explicitly designed to maintain similarity
between supplementary and original features in the fea-
ture space. Specifically, the supplementary features are
explicitly modeled as g(x;0), while the essential features
are implicitly defined as z(x;6) = x — g(x;6). This leads to
the following formulation:

mgin —Ey-p, log p(ylx — g(x:0))
st llx—gx;0)|h < A (10)

Consequently, the essential features maintain predic-
tive capabilities for the label, while the supplementary
features closely approximate the original input data.

3.3.5 VAE-based implementation of FD

To practically implement this competition mechanism, a
variational autoencoder (VAE) is adopted, parameterized
by 6, to explicitly model and reconstruct supplementary
features g(x;6). Fig. 4 illustrates the VAE-based FD
workflow within FedFD.

1—->‘——>1 — B

Encoder Latent Decoder

Input space

features

Fig. 4 Illustration of the VAE-based FD workflow within FedFD

Supplementary Essential
features features

The adopted VAE comprises an encoder-decoder struc-
ture: the encoder compresses the input data x into a latent
representation, and the decoder reconstructs supplemen-
tary features g(x;0) based on this representation. The
essential features are then computed as z(x;6) = x-—
g(x;0). Simultaneously, a local classifier f(-;w;), para-
meterized by wy, is trained for each terminal C, to pre-
dict the label based on the essential features. The objec-
tive for FD is consequently formalized as

rglwin = Eeyyr I(f(2(x:60);w),y)
s.t.lz(x; 0|5 < A (11)

where [(-) represents the cross-entropy loss, and A is a
tunable hyperparameter.

Based on (11), FD can be realized by decomposing the
input data into supplementary features g(x;6), locally
retained, and essential features z(x;6) = x — g(x;0), glob-
ally shared among terminals for collaborative training.
The complete FD process is summarized in Algorithm 2.

Algorithm 2 FD pre-training in the FedFD framework

Note: This FD pre-training stage is executed once before

the main 7 communication rounds in Algorithm 1.

Input Number of FD communication rounds R, local

FD epochs E, local datasets {D;};_,, aggregation mecha-

nism M(-)

Output Updated global model parameters @F

1: Initialization Each terminal receives the global model
parameters @° from the server S as initialized in Algo-
rithm 1.

: for each FD communication round r = 1,2,--- ,R do:

# Global model synchronization
The cloud server S sends @" to all terminals C
# Local FD (Executed in parallel)
for each terminal C, do:
# Perform local FD training
for each local FD epoch ¢ = 1,2,--- , E do:
0,"' «— SGD Update local model using stochas-
tic gradient descent with (11)
10: end for
11: Each terminal C; sends @;' to the cloud server S
12:  end for
13:  # Model aggregation at the cloud server

14:  Update global model:
@rH(—M({@,:H },1::1)

R A A

15: end for
16: Return Optimized global model parameters OF

3.4 SC network architecture

In FL-based RS SC, Non-IID data distributions exacer-
bate the difficulty of multi-scale feature extraction, as
heterogeneous terminals may capture scenes with varied
spatial resolutions, viewing angles, and contextual depen-
dencies. To address these challenges, the proposed SC
network adopts residual network (ResNet)-10 as its back-
bone, augmented with the SEM and the PPM. Subsection
3.4.1 outlines the overall network architecture, while
Subsections 3.4.2 and 3.4.3 describe SEM and PPM in
detail.

3.4.1 Network architecture overview

Fig. 5 illustrates the overall architecture of the proposed
SC network within the FedFD framework, which is uni-
formly deployed across all terminals C and the cloud
server S, where ResNet-10 serves as the backbone, aug-
mented with the SEM and PPM. The network adopts
ResNet-10 as its backbone, comprising sequentially
stacked basic convolutional blocks designed to progres-
sively extract hierarchical spatial and semantic features.
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Fig. 5 Architecture of the SC network in the FedFD framework

Specifically, each basic convolutional block consists of
two consecutive convolutional layers. The first convolu-
tional layer is followed by a batch normalization (BN)
and a rectified linear unit (ReLU) activation function,
while the second convolutional layer is followed by a BN
and a SEM, which adaptively recalibrates channel-wise
feature responses. A residual connection is additionally
incorporated within each block to enhance feature reuse
and facilitate stable gradient propagation during training.

Formally, the computations within the /th convolu-
tional block are performed in two steps. First, an interme-
diate feature map X  is computed as

conv

X%, =BN(W s (BN(W]"+ X")))

conv

(12)

where X® € RV denotes the input feature map of the
I[th convolutional block with C channels and spatial
dimensions HxW; W and W’ represent the learnable
weights associated with the first and second convolu-
tional layers, respectively; = denotes the convolution
operation; and o (-) represents the ReLU activation func-
tion.

Next, by integrating the SEM and residual connection,

the final output of the /th block is given by
X" = o (SEM(X0, )+ X"). (13)

Following the stacked convolutional blocks, the PPM
aggregates both local and global contextual information

conv

across multiple receptive field scales, enhancing the abi-
lity of the SC network to understand complex multiscale
scene features. Detailed descriptions of the SEM and
PPM are provided in Subsections 3.4.2 and 3.4.3, respec-
tively. Subsequently, an average pooling (AP) layer
aggregates spatial information by computing the mean
across all spatial locations:

H
XAP = %VZZX“

1

(14

w
=l j=

where H and W denote the height and width of the fea-
ture map.

Finally, the aggregated feature vector is passed through
a fully connected (FC) layer, followed by a softmax func-
tion, to produce the predicted probability distribution
over N scene categories:

P = SOftmaX(WFCXAP + b[:c) (15)

where Wie € R¥C and by € RY denote learnable weights
and biases of the FC layer, respectively.

342 SEM

To enhance the discriminative capability of learned fea-
tures, a SEM is integrated after the second convolutional
layer and its subsequent BN layer within each convolu-
tional block. By explicitly modeling inter-channel depen-
dencies, the SEM enables the network to selectively
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emphasize informative features while suppressing redun-
dant ones, thereby effectively supporting multiscale rep-
resentation learning for RS SC. Fig. 5 illustrates the
schematic structure of the SEM, which consists of three
sequential steps: squeeze, excitation, and scale.

Given an input feature map X € RV where C, H,
and W represent the number of channels, height, and
width, respectively, the SEM recalibrates channel-wise
features through the following operations. First, the
squeeze step applies AP, as defined in (14), indepen-
dently across each channel, producing a compact global
descriptor X, € R that summarizes channel-level
spatial information:

X, = ﬁZZx, (16)

i Jj=1

H W
—1 j=

Next, the excitation step explicitly models inter-chan-
nel dependencies using two FC layers implemented as

1x 1 convolutions with a bottleneck structure:
ch = 5(W20—(W1 qu)) (17)

where W, e R7*¢ and W, € R®% are learnable weight
matrices of the convolutional layers, r is the reduction
ratio controlling the dimensionality of the bottleneck, and
o(-) and () denote ReLU and sigmoid activation func-
tions, respectively. The resulting attention weights vector
X,. € R captures the significance of each channel for
the given feature representation.

Finally, during the scale step, the original feature map
X is recalibrated by performing channel-wise multiplica-
tion between X and the attention weights vector X,,:

XSEM :XQXEX (18)

where © denotes element-wise multiplication applied
independently for each channel, and Xggy is the recali-
brated feature map after adaptive channel-wise weighting.

343 PPM

To effectively handle multiscale features inherent in RS

SC tasks, we integrate the PPM, inspired by the pyramid
scene parsing network (PSPNet) [42]. As illustrated in
Fig. 5, the PPM is positioned after the final convolu-
tional block to aggregate spatial context information
across multiple scales, thus capturing diverse scene char-
acteristics.

Given an input feature map X € RV  the PPM
applies AP at four spatial scales S ={1x1,2%x2,3x3,
66}, producing pooled feature maps X\, € R™#xV:
that effectively represent multiscale spatial features. Each
pooled feature map is further refined via a 1 x 1 convolu-
tional layer, BN, and a ReLU activation:

XY =0 (BN(W® X)) (19)

where X® represents learnable convolutional weights at
scale s, and o(-) denotes the ReLU activation. These
refined feature maps are subsequently bilinearly upsam-
pled to match the original spatial dimensions H X W.

The original input feature map X is then concatenated
along the channel dimension with all upsampled multi-
scale feature maps {X“},, yielding the final output of
the PPM:

Xpew = Concat(X, X | s € S) (20)

where Concat(-) denotes channel-wise concatenation.
This integration strategy effectively combines fine-
grained local information from X with coarse-to-fine
contextual features from the multiscale branches, signifi-
cantly enhancing the comprehensive representation of
spatial dependencies and improving multiscale scene
understanding.

4. Experiments and discussions
4.1 Dataset

The proposed FedFD framework is evaluated on two
widely adopted RS SC datasets: UC-Merced [43] and
NWPU-RESISC45 [44], which exhibit different scene
characteristics. Details of these datasets are summarized
in Table 1.

Table 1 Details of UC-Merced and NWPU-RESISC45 RS SC datasets

Number of images

Dataset Source per class Number of classes Spatial resolution/m Image size Training/Test ratio
UC-Merced USGS National Map 100 21 0.3 256x256  50% / 50%, 80% / 20%
NWPU-RESISC45 Google Earth 700 45 0.2~30 256x256  10%/90%, 20% / 80%
4.1.1 UC-Merced logical Survey (USGS) National Map, featuring 21 scene

The UC-Merced dataset [43] is extensively used for eva-
luating RS SC methodologies due to its diverse cate-
gories and high-resolution imagery. It comprises 2100
aerial orthoimages collected from the United States Geo-

classes. Each class contains 100 samples, and each image
is cropped to a uniform size of 256x256 pixels with a
spatial resolution of 0.3 m.

The dataset spans diverse urban and suburban regions
across the United States, including cities such as Birm-
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ingham, Boston, and Los Angeles. Scene categories cover
various land-use types, including agricultural, residential,

Agricultural Airplane

R 1™

Forest

Freeway

River

Overpass Parking lot

Runway

industrial, and recreational areas. Fig. 6 presents two rep-
resentative images from each category.

X

Tennis court

Sparse residential

Fig. 6 Sample images from the UC-Merced dataset, illustrating two examples from each of the 21 scene categories

4.1.2 NWPU-RESISC45

The NWPU-RESISC45 dataset [44], developed by North-
western Polytechnical University, is among the largest
publicly available benchmarks for RS SC tasks. It con-
tains 31500 images grouped into 45 scene categories,
each category containing 700 images of size 256%256
pixels. Spatial resolution ranges from 0.2 m to 30 m.

The images are collected from Google Earth, covering
over 100 countries across diverse geographic and eco-
nomic regions, including developing, transitional, and

Meadow

Parking lot

Sea ice

A - 7
Commercial area Dense residential

Medium residential Mobile home park

Thermal power station

developed areas. Representative scene categories encom-
pass natural landscapes, residential zones, transportation
infrastructure, and industrial regions. Additionally,
NWPU-RESISC45 features significant variations in
weather conditions, seasonal changes, and spatial resolu-
tions, presenting notable challenges due to high intra-
class diversity, inter-class similarity, and multiscale rep-
resentations. This complexity makes it a valuable bench-
mark for assessing the robustness and generalization
capability of RS SC methods. Fig. 7 illustrates sample
images from different categories within the dataset.

Chaparral

Forest

|"

Industrial area Intersection

Palace

Mountain Overpass

Runway

Tennis court

Wetland

Fig. 7 Sample images from the NWPU-RESISC45 dataset, illustrating two examples from each of the 45 scene categories
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4.2 Experimental settings

4.2.1 Dataset distribution

Following the approach in [25,45,46], LDA is utilized to
simulate Non-IID data distributions, a widely adopted
method for partitioning datasets among terminals in a sta-
tistically controlled manner.

LDA is a probabilistic method that assigns terminal-
specific class distributions based on the Dirichlet distribu-
tion [47]. Given a dataset with N classes, the distribution
for each terminal C, is sampled as

P, ~ Dir(a) @1)

where P, represents the class distribution for terminal C;,
Dir(-) represents Dirichlet distribution, and @ >0 is a
concentration parameter controlling the Non-IID degree.
Fig. 2 illustrates the effect of LDA sampling with vary-
ing @. As « decreases, the resulting data distribution
becomes increasingly imbalanced. Conversely, larger va-
lues of @ produce a more uniform distribution across ter-
minals, approximating an IID scenario as @ — co. To
evaluate the effectiveness of the proposed FedFD, we
apply LDA-based partitioning to the UC-Merced and
NWPU-RESISC45 datasets with @ =0.1, 0.5, and 1.0,
representing different levels of class imbalance under va-
rious scenarios.

4.2.2 Implementation details

The FedFD framework is implemented using PyTorch,
and all experiments are executed on a single NVIDIA
A800 GPU. The FL system is configured with five termi-
nals. During the FD pre-training stage, each terminal per-
forms one local epoch across 15 FD communication
rounds, and the VAE employed is trained with a batch
size of 64. After this stage, the FD module is frozen and
only used to generate the shared feature dataset for subse-
quent federated training. For the SC network, ResNet-10
is employed as the backbone architecture, which consists
of four convolutional blocks with channel dimensions of
{32,64,128,256}. The SC network training also utilizes a
batch size of 64, with initial learning rates set to 2x 107
for the NWPU-RESISC45 dataset and 1x 107> for the
UC-Merced dataset.

FedFD is designed as a plug-in approach, enabling
seamless integration with various existing FL algorithms

Table 2 OA comparison of FedFD-integrated and vanilla methods on

levels

via different aggregation mechanisms M(-). To compre-
hensively assess its effectiveness, FedFD is integrated
with three representative FL methods, including FedAvg
[15], FedProx [23], and FedNova [25], across various
configurations and Non-1ID levels.

4.3 Evaluation metrics

To quantitatively assess the performance of the proposed
FedFD, two widely recognized metrics, overall accuracy
(OA) and the confusion matrix (CM), are adopted. These
metrics provide comprehensive insights into both overall
performance and per-class classification details.

43.1 OA

The OA is defined as the ratio between the number of
correctly classified samples and the total number of sam-
ples in the dataset. Higher OA values indicate better over-
all classification performance across all classes.

432 CM

The CM is a two dimensional representation of per-class
classification performance. In the matrix, rows represent
the ground-truth class labels, while columns correspond
to the predicted class labels. Each matrix cell indicates
the proportion of samples from the true class (row) pre-
dicted as the corresponding class (column), normalized
for consistency. Diagonal cells represent the per-class
accuracies, reflecting the proportion of correctly classi-
fied samples within each class. A color bar alongside the
matrix visually conveys these proportions, with darker
colors indicating higher values.

4.4 SC experimental results

The performance of the proposed FedFD framework is eval-
uated by integrating it with three representative baseline FL
methods. For each method, the OA of its original (vanilla)
version and the FedFD-integrated variant under varying
training ratios and Non-IID conditions are compared.

4.4.1 UC-Merced dataset

Table 2 presents the OA comparison between FedFD-
integrated methods and their vanilla counterparts on the
UC-Merced dataset. Experiments are conducted under
two training ratios (50% and 80%) with varying Non-11D
levels controlled by the parameter «.

the UC-Merced dataset under varying training ratios and Non-1ID
%

Training ratio = 50%

Training ratio = 80%

Method
a=0.1 a=0.5 a=1.0 a=0.1 a=0.5 a=1.0
FedAvg (vanilla) [15] 77.045 81.606 85.371 78.571 86.190 87.619
FedProx (vanilla) [23] 78.658 82.280 83.478 80.609 86.575 87.781
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Continued
Training ratio = 50% Training ratio = 80%
Method

a=0.1 a=0.5 a=1.0 a=0.1 a=0.5 a=10

FedNova (vanilla) [25] 79.305 82.582 84.668 84.013 86.667 90.476
FedFD+FedAvg 83.619 (6.5741)  86.762(5.1567)  89.764 (4.3941) 85.938 (7.3661)  92.976 (6.7861)  94.976 (7.3571)
FedFD+FedProx 83.376 (4.7181)  88.750(6.4707)  89.359 (5.8811) 87.235 (6.6261)  91.850(5.2751)  95.652 (7.8717)
FedFD+FedNova 82.211(2.9061)  87.848(5.2667)  89.840 (5.1721) 87.143 (3.1301)  92.115(5.4491)  95.238 (4.7627)

(1) Training ratio=50%. FedFD consistently delivers
substantial OA improvements at the 50% training ratio. In
the most imbalanced scenario (a =0.1), FedAvg inte-
grated with FedFD achieves an accuracy of 83.619%, sur-
passing vanilla FedAvg (77.045%) by 6.574%. Similar
improvements are observed for FedProx and FedNova,
with accuracy increases of 4.718% and 2.906%, respec-
tively.

As the imbalance moderates (a =0.5), FedFD conti-
nues to exhibit strong performance gains: FedProx inte-
grated with FedFD reaches an accuracy of 88.750%,
improving vanilla FedProx by 6.470%, and FedAvg inte-
grated with FedFD reaches 86.762%, improving vanilla
FedAvg by 5.156%. Even in the least imbalanced sce-
nario (a = 1.0), FedFD remains effective, with FedProx
integrated with FedFD achieving an accuracy of
89.359%, outperforming its vanilla version by 5.881%.

(i1) Training ratio=80%. When increasing the training
ratio to 80%, FedFD maintains its superiority across vary-
ing Non-IID levels. In the highly imbalanced scenario

(¢=0.1), FedAvg integrated with FedFD achieves
85.938%, which is a 7.366% improvement over vanilla
FedAvg (78.571%). Similarly, FedProx and FedNova
integrated with FedFD attain accuracies of 87.235% and
87.143%, improving their vanilla counterparts by 6.626%
and 3.130%, respectively. At moderate imbalance
(e =0.5), FedAvg integrated with FedFD further ele-
vates accuracy to 92.976%, representing a notable
improvement of 6.786%, while FedNova integrated with
FedFD reaches 92.115%, improving vanilla FedNova by
5.449%. In the least imbalanced setting (a = 1.0), Fed-
Prox integrated with FedFD achieves 95.652%, surpass-
ing vanilla FedProx (87.781%) by a remarkable 7.871%.

4.4.2 NWPU-RESISC45 dataset

Table 3 reports the OA results for FedFD-integrated
methods and their corresponding vanilla baselines on the
NWPU-RESISC45 dataset. Evaluations are conducted
under two training ratios, 10% and 20%, with varying
Non-IID levels.

Table 3 OA comparison of FedFD-integrated and vanilla methods on the NWPU-RESISC45 dataset under varying training ratios and Non-

1ID levels %
Training ratio = 10% Training ratio = 20%
Method a=0.1 a=0.5 a=1.0 a=0.1 a=0.5 a=1.0
FedAvg (vanilla) [15] 62.891 67.068 69.278 74.516 79.600 80.087
FedProx (vanilla) [23] 65.241 69.379 70.643 72.101 80.047 80.852
FedNova (vanilla) [25] 65.054 69.691 70.826 74.282 78.363 80.306
FedFD+FedAvg 70.261(7.3701) 75.216(8.1481) 76.658(7.3801) 76.568(2.0531) 84.829(5.2301) 85.202(5.1151)
FedFD+FedProx 70.230(4.9891) 76.795(7.4151) 77.731(7.0871) 76.898(4.7971) 84.927(4.8811) 84.935(4.0831)
FedFD+FedNova 71.243(6.1891) 76.952(7.2611) 77.580(6.7551) 76.312(2.0301) 84.724(6.3611) 85.448(5.1421)

(1) Training ratio=10%. At a training ratio of 10%,
FedFD integration consistently yields significant OA
improvements. With the highest class imbalance
(=0.1), FedAvg integrated with FedFD achieves
70.261%, outperforming its vanilla version by 7.370%.
Similar performance gains are noted for FedProx and
FedNova, with improvements of 4.989% and 6.189%,
respectively. As the Non-IID level decreases (a =0.5),
FedFD remains highly effective: FedAvg integrated with
FedFD improves by 8.148%, achieving an OA of

75.216%, while FedProx integrated with FedFD reaches
76.795%, improving baseline FedProx by 7.415%. Under
milder imbalance (a =1.0), FedAvg integrated with
FedFD achieves an OA of 76.658%, representing a
7.380% improvement over the vanilla FedAvg.

(i1) Training ratio=20%. At an increased training ratio
of 20%, FedFD integration continues to deliver notice-
able OA improvements, albeit slightly smaller. Under
severe imbalance (a =0.1), FedAvg integrated with
FedFD achieves 76.568%, a modest gain of 2.053%,
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while FedProx and FedNova integrated with FedFD
achieve accuracies of 76.898% and 76.312%, improving
their vanilla baselines by 4.797% and 2.030%, respec-
tively. As the data distribution becomes less imbalanced
(¢ =0.5), FedAvg integrated with FedFD achieves
84.829%, an increase of 5.230%, and FedNova inte-
grated with FedFD reaches 84.724%, improving by
6.361%. At a=1.0, FedNova integrated with FedFD
achieves 85.448%, showing a 5.142% improvement over

the vanilla baseline.

OA/%

OA/%

OA/%

OA/%

737

4.5 Scalability with increasing terminal numbers

This subsection evaluates the scalability of the proposed
FedFD by varying the number of terminals and compares
its performance with the vanilla FedAvg baseline. As
shown in Fig. 8, the OA of FedFD-integrated methods
and the baseline are presented across different numbers of
terminals (K) and Non-IID levels. Lines in different co-
lors represent different methods, as indicated in the leg-
end. Specifically, the left, middle, and right colums corre-
spord to a=1, a=0.5, and a=1.0, respectively.
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Fig. 8 Scalability comparison of the proposed FedFD and baseline method on two datasets under various Non-1ID levels with varying termi-

nal numbers K

4.5.1

Fig. 8(a) and Fig. 8(b) illustrate that FedFD consistently

UC-Merced dataset

outperforms the baseline across all evaluated terminal

numbers and training ratios. Specifically, Fig. 8(a) shows
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that under severe data imbalance (a =0.1) with a 50%
training ratio, FedFD achieves notable improvements in
OA compared to the baseline method. For instance,
FedAvg integrated with FedFD attains a 7.123% accu-
racy improvement at K =20, while FedProx and Fed-
Nova integrated with FedFD achieve gains of 7.148% and
5.752%, respectively. At a higher training ratio of 80%,
as shown in Fig. 8(b), FedFD further enhances its perfor-
mance advantage. At @ =0.1 and K =20, FedProx inte-
grated with FedFD achieves a substantial accuracy
improvement of 9.037%. Additionally, at a =1.0 and
K =20, FedNova integrated with FedFD attains an accu-
racy of 95.212%, representing an 8.219% improvement
over the baseline.

Furthermore, FedFD demonstrates greater stability in
OA performance as the number of terminals increases.
For example, at @ =0.1 and a 50% training ratio, as
shown in Fig. 8(a), FedAvg integrated with FedFD shows
only a slight OA decrease from 83.619% at K =5 to
83.151% at K =20, corresponding to a reduction of
0.468%. The baseline shows a more pronounced decline,
with OA decreasing from 77.045% to 76.028%, repre-
senting a reduction of 1.017%.

4.5.2 NWPU-RESISC45 dataset

Similar to the UC-Merced dataset, FedFD also demon-
strates advantages across all training ratios and terminal
numbers, which is shown in Fig. 8(c) and Fig. 8(d). In
particular, the performance improvements are more pro-
nounced under challenging conditions with lower train-
ing ratios and higher Non-IID degrees. As shown in
Fig. 8(c), at a 10% training ratio and a =0.1, FedFD
yields substantial improvements at K =20, with FedAvg,
FedProx, and FedNova integrated with FedFD surpass-
ing the baseline by 12.725%, 12.798%, and 13.752%,
respectively. As the number of terminals increases, the
performance gain becomes more pronounced. For
instance, as illustrated in Fig. 8(d), at a 20% training ratio
and @ =0.1, the OA improvements for FedAvg with
FedFD at K =5, 10, 15, 20 are 2.053%, 5.269%, 8.020%,
and 8.598%, respectively.

Moreover, FedFD also exhibits superior stability as the
terminal number increases. While FedFD shows a slight
decline in OA, the drop is considerably smaller than that
of the baseline. For example, as illustrated in Fig. 8(c), at
a 10% training ratio and a =0.1, the OA of FedNova
with FedFD decreases slightly from 71.243% at K =5 to
69.044% at K =20, resulting in a drop of 2.199%. In
contrast, the baseline OA drops from 62.891% to
55.312%, with a reduction of 7.579%.

4.6 Ablation study for the SEM and PPM

The SEM and PPM are incorporated into the SC network
to effectively address scale variations in RS images and
enhance multiscale feature extraction capabilities. Speci-
fically, the SEM models inter-channel dependencies to
emphasize informative features and suppress redundant
ones, thereby improving feature discrimination and multi-
scale representation. Meanwhile, the PPM aggregates
contextual information at multiple spatial scales via pyra-
mid pooling, enhancing the capability of the SC network
to recognize objects and scenes with diverse scales.

To evaluate the individual and combined contributions
of SEM and PPM, we conduct ablation experiments on
the UC-Merced and NWPU-RESISC45 datasets with dif-
ferent training ratios under three Non-IID levels. The
experimental results are summarized in Table 4—Table 6,
corresponding to @ = 0.1, 0.5, and 1.0 respectively.

Table 4 Ablation experiments of the SEM and PPM in the SC net-

work on two datasets (K=5, a =0.1) %
Configuration UC-Merced NWPU-RESISC45
SEM PPM 50% 80% 10% 20%
- - 73.046  80.238 62.483 72.089
- V 76.227  83.066 63.559 73.926
J - 71714 82.619 64.657 72.545
J V 83.619  85.938 70.261 76.568

Table 5 Ablation experiments of the SEM and PPM in the SC net-

work on two datasets (K =5, @ = 0.5) %
Configuration UC-Merced NWPU-RESISC45
SEM PPM 50% 80% 10% 20%
- - 80.194  83.061 71.139 78.764
- v 84.767  85.967 72.373 81.609
\ - 82.525  84.143 71.823 80.962
v v 86.762 92976 75.216 84.829

It is observed that each module individually con-
tributes to OA improvements, while the combination con-
sistently delivers the best performance. As shown in
Table 4, under severe data imbalance with & = 0.1, com-
bining SEM and PPM increases the OA on UC-Merced
from 73.046% to 83.619% when 50% of the training data
is used. Similarly, on NWPU-RESISC45 with a 10%
training ratio, OA improves from 62.483% to 70.261%.

This trend persists under the moderate Non-1ID level,
as presented in Table 5. On UC-Merced, the OA rises
from 83.061% to 92.976% with 80% training data, and on
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NWPU-RESISC45, from 71.139% to 75.216% with 10%
training data. At the mildest Non-IID level, as shown in
Table 6, the combination of SEM and PPM continues to
provide performance gains. Specifically, the OA on UC-
Merced increases from 86.761% to 89.764% with 50% of
the training data, while on NWPU-RESISC45, it rises
from 81.156% to 85.202% using 20% of the data. These
consistent improvements across various experimental set-
tings confirm the effectiveness of SEM and PPM in
enhancing multiscale feature extraction in RS SC.

Table 6 Ablation experiments of the SEM and PPM in the SC net-

work on two datasets (K =5, = 1.0) %
Configuration UC-Merced NWPU-RESISC45
SEM PPM 50% 80% 10% 20%
- - 86.761  91.051 74.562 81.156
- y 87.142  92.839 75.045 82.505
\/ - 88.855  91.904 75.554 82.979
\/ y 89.764  94.976 76.658 85.202

To further interpret the differences between the two
modules, we analyze their performance variations across
different Non-IID levels as follows. In Tables 4—6, the
PPM achieves stronger robustness under highly Non-IID
settings (smaller @) by aggregating multi-scale global
context to alleviate cross-terminal feature inconsistency.
In contrast, as « increases and data distributions become
more uniform, the SEM demonstrates superior perfor-
mance by refining local feature representations and
improving fine-grained scene discrimination.

4.7 Visual analysis

In distributed FL systems, each terminal observes its pri-
vate and Non-IID data slices. For RS SC tasks, such Non-
[IDness amplifies the existing multiscale challenge, as
identical scene categories can appear at vastly different
spatial scales across terminals, while distinct categories
might share similar local features. Consequently, misclas-
sifications typically occur when scale variations intersect
with cross-terminal data biases.

To comprehensively evaluate the performance and
interpretability of the proposed FedFD framework, two
levels of visualization analysis are performed. First, CMs
are presented to illustrate the overall classification perfor-
mance of FedFD under representative settings of k=5 and
a =0.5. Then, feature heatmaps of the SEM and PPM
modules are visualized to reveal their respective atten-
tion patterns, providing insights into how these modules
contribute to the network. The CMs for the 21-class UC-

Merced dataset are shown in Fig. 9, and those for the
NWPU-RESISC45 dataset are presented in Fig. 10. The

SEM and PPM heatmap visualizations are provided in

Fig. 11.
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Fig. 9 CMs of classification results achieved by FedAvg inte-

grated with FedFD on the UC-Merced dataset (K =5, @ = 0.5)
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Fig. 10 CMs of classification results achieved by FedAvg inte-
grated with FedFD on the NWPU-RESISC45 dataset (K =5,
a=0.5)
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(a) Feature heatmap of the SEM  (b) Feature heatmap of the PPM
Fig. 11 Grad-CAM visualizations of the SEM and PPM modules
on a representative harbor sample from the UC-Merced dataset

4.7.1 UC-Merced dataset

Fig. 9(a) reveals clear diagonal dominance, indicating
accurate classification for most scenes. Nevertheless, a
few visually similar classes such as “medium residential”
and “dense residential” show slight confusion, visible as
lighter off-diagonal entries.

With the training ratio increased to 80%, as presented
in Fig. 9(b), these confusions diminish significantly, and
the diagonal intensifies noticeably. This improvement
shows that additional training data helps FedFD better
resolve subtle inter-class ambiguities, particularly those
arising from multiscale features.

4.7.2 NWPU-RESISC45 dataset

Fig. 10 illustrates similar observations for NWPU-
RESISC45. When each terminal utilizes only 10% of
available data, as depicted in Fig. 10(a), most categories
remain distinguishable, but sporadic confusion still
presents, especially between visually related classes such
as “river” versus “lake” and various residential sub-types.
These misclassifications primarily occur at the intersec-

tion of significant scale variations and inter-terminal data
biases.

Upon increasing the training ratio to 20%, shown in
Fig. 10(b), diagonal intensities clearly strengthen and off-
diagonal confusions are largely reduced. This demon-
strates that FedFD can effectively leverage the richer,
though still Non-IID, training data to enhance the consis-
tency of multiscale feature representations across dis-
tributed terminals.

4.7.3 Visualization of SEM and PPM modules

To further illustrate the interpretability of the network,
Fig. 11 presents the Grad-CAM feature heatmaps of the
SEM and PPM modules using a representative harbor
sample from the UC-Merced dataset. The SEM heatmap
concentrates along fine-grained structures such as boat
hull edges and masts, indicating that channel-wise recali-
bration enhances locally discriminative details. The PPM
heatmap exhibits broader activations across boat clusters
and water, capturing the global layout. These comple-
mentary attention patterns demonstrate that the SEM
refines local cues, while the PPM supplies global context,
jointly enhancing the model’s scene understanding.

5. Conclusions

This paper proposed FedFD, a novel federated frame-
work with FD for FL-based Non-IID RS SC. FedFD
enables collaborative training by aggregating model
parameters from distributed terminals without transmit-
ting raw RS data. To address Non-IIDness, the PFS stra-
tegy that globally distills and shares essential features
while retaining locally specific information is introduced.
Moreover, the integration of the SEM and PPM enhances
the capability of the SC network to effectively capture
multiscale scene features. Extensive experiments con-
ducted on the UC-Merced and NWPU-RESISC45
datasets under various Non-IID degrees demonstrate that
FedFD achieves superior classification accuracy and scal-
ability compared to baseline methods. While FedFD
effectively mitigates data Non-IIDness and multiscale
variations, residual misclassifications remain among
scene categories that exhibit highly similar spatial fea-
tures across scales. Future research could explore adap-
tive feature-sharing strategies and dynamic aggregation
methods to further enhance the discriminative capability
of FedFD under severe heterogeneity. In addition, system-
level optimization for practical deployment, such as adap-
tive model partitioning and efficiency balancing across
heterogeneous terminals and cloud servers, will be fur-
ther investigated in future work.
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