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Abstract—Traditional real-time edge tasks, such as monitoring
and control, often rely on centralized processing, which intro-
duces single points of failure, high communication costs, and
delays, particularly in latency-critical environments. Federated
Learning (FL) offers a distributed alternative by enabling collab-
orative model development without the need to upload local data,
thereby reducing the communication overhead and enhancing
privacy. However, the limited computational resources of edge
devices constrain their ability to store extensive data and run
complex deep learning models. To address these challenges, we
propose a novel hybrid framework that integrates FL to optimize
real-time task execution and decision making. Our architecture
consists of three layers: edge devices, regional edge servers
(RES), and cloud servers (CS). The RESs, in collaboration with
CS, train high-capacity models for themselves and lightweight
models for edge deployment, enabling efficient initial data anal-
ysis on the edge. To address the sub-optimal performance of
lightweight models in complex scenarios, we introduce a semantic
offloading mechanism based on uncertainty estimation. When
the uncertainty of the model exceeds a predefined threshold, the
data are dynamically offloaded to the RES, and high capacity
models enhance decision making for these complex cases. This
collaborative strategy ensures that most data are processed locally
with minimal latency, whereas complex or ambiguous instances
benefit from the RES’s superior computational capabilities. Ex-
perimental results demonstrate the effectiveness of the proposed
method, achieving task execution accuracy improvements of
2.59% to 5.68% over using only lightweight models, closely
matching centralized computing systems. Additionally, the pro-
posed method realizes bandwidth savings of 58.73% to 86.86%
compared to relying solely on sophisticated RES models across
diverse scenarios.

Index Terms—Federated Learning, Hybrid Framework, Se-
mantic Offloading, Edge Devices, Distributed Systems.

I. INTRODUCTION

In Industry 4.0, the demand for efficient real-time smart
task execution systems—such as monitoring and decision-
making—has surged across sectors like transportation, agri-
culture, healthcare, and infrastructure [1]. By utilizing sophis-
ticated deep learning models [2], these systems enhance safety,
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optimize performance, and enable proactive maintenance. Tra-
ditionally, they rely on centralized or cloud-based processing
[3], where data from edge devices is sent to a central unit for
analysis [4]. However, training these models requires transfer-
ring large volumes of data, leading to challenges in managing
vast real-time data streams at a single point, ensuring data
privacy, and incurring high communication costs. Additionally,
centralized architectures are prone to single points of failure,
which can result in privacy breaches, service unavailability,
and data transmission delays that compromise system respon-
siveness in large-scale environments [3]–[6].

Federated Learning (FL) [7]–[11] addresses some of these
challenges by enabling shared model training across decen-
tralized edge devices without uploading raw data [12], [13].
This distributed approach eliminates single points of failure,
reduces communication overhead by transmitting only model
updates, and lowers latency through local processing. Addi-
tionally, FL simplifies data management and enhances privacy
by keeping data local, making it ideal for real-time task
execution systems handling sensitive or large-scale data.

However, despite its advantages, implementing FL in edge
systems presents significant challenges. Edge devices—such
as smartphones, IoT sensors, and Unmanned Aerial Vehicles
(UAVs)—are typically resource-constrained [14], possessing
limited computational power, storage capacity, and energy
resources [1], [15], [16]. These limitations prevent them
from storing extensive datasets and running the sophisticated
deep learning models required for complex data analysis and
real-time task execution, including monitoring, identification,
decision-making, and control [1], [16]. At the same time,
as previously discussed, relying solely on centralized models
introduces issues such as increased latency, higher bandwidth
consumption, and potential single points of failure due to
the need to transmit large volumes of data to central servers
[3]–[5]. Therefore, there is a pressing need for architectures
that can balance the computational demands and performance
requirements of real-time task execution with the inherent
constraints of edge devices while also minimizing latency and
bandwidth usage.

To address these challenges, we propose a novel hybrid
framework that leverages both edge computing and centralized
processing in a FL setup. The framework includes a semantic
offloading mechanism that decides whether data should be
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uploaded for further analysis or processed locally. This deci-
sion is based on the semantic complexity or uncertainty of the
data samples, optimizing real-time task execution by balancing
computational demands and performance. This architecture is
structured into three distinct layers: Edge Devices, Regional
Edge Servers (RES), and Cloud Servers. In this system,
edge devices collect data and perform initial inference using
a lightweight deep learning model suited to their limited
resources. When the model’s output indicates high complexity
reflected by elevated entropy, the semantic offloading mecha-
nism enables the edge device to transmit the data to the RES
for more advanced analysis using a sophisticated deep learning
model. The RES collaborates with other RESs and the central
cloud server within the FL system to train these models. Once
training is complete, the lightweight model is deployed to the
edge devices for efficient inference.

In various applications, such as healthcare [17], [18] and
intelligent transportation system (ITS) [19], [20], data is
provided directly to RESs like hospitals [17] or road side
units (RSUs). Securing data at the RES level is essential as
it ensures that sensitive raw data remains localized, thereby
reducing the risk of data breaches, enhancing privacy, and
ensuring compliance with data protection regulations. During
inference, edge devices utilize the lightweight model for
rapid processing, while the RES employs the high-complexity
model for more advanced analysis when necessary. This
hybrid approach effectively balances computational demands,
minimizes latency and bandwidth usage, and leverages the
strengths of both edge and centralized systems to enhance the
overall scalability, reliability, and responsiveness of real-time
task execution. The following are the key contributions:

• We propose a novel hybrid framework with a semantic
offloading mechanism that optimizes real-time task exe-
cution in edge computing environments by integrating FL
with a three-layer architecture consisting of edge devices,
RESs, and cloud servers.

• The proposed framework utilizes FL to collaboratively
train resource-efficient models tailored to the computa-
tional capabilities of each layer. Lightweight models are
deployed on edge devices to handle essential tasks with
minimal overhead, while more sophisticated models are
deployed on RESs, which have greater computational
resources.

• We introduce a semantic offloading strategy based on
uncertainty estimation. This mechanism assesses the com-
plexity of data samples by estimating the model’s entropy
and determines when to offload data from edge devices
to regional servers, enhancing decision-making.

• Extensive experiments demonstrate the effectiveness of
our hybrid FL framework. Our approach increases task
execution accuracy by 2.59% to 5.68% compared to
processing solely on edge devices, closely matching
the performance of high-capacity models. Additionally,
it achieves bandwidth savings of 58.73% to 86.86%
compared to exclusively using sophisticated RES layer
models across diverse scenarios.

Figure 1: System Model for A Federated Learning Framework
for Optimizing Edge Computing with Semantic Offloading.

II. SYSTEM MODEL AND PROBLEM DESCRIPTION

For the purposes of this study, we specifically considered
High Altitude Platforms (HAPs) as the RES and Unmanned
Aerial Vehicles (UAVs) as the edge devices. However, the
framework is generalizable to other scenarios, such as hospi-
tals functioning as RESs with smartphones as edge devices in
healthcare, or RSUs as RESs with Connected and Autonomous
Vehicles (CAVs) as edge devices in intelligent transportation
systems. This adaptability makes the framework highly ap-
plicable to various distributed environments, supporting real-
time monitoring and intelligent decision-making across diverse
domains. In the following subsections, we outline the system
model used in this study, provide an overview of FL, describe
the inference phase, and explain the semantic offloading con-
ditions.

A. System Model

Considering a central server (CS) coordinates a network
of H HAPs, represented by the set H = {h1, h2, . . . , hH},
as shown in Fig. 1. Each HAP hi ∈ H supervises a group
of Unmanned Aerial Vehicles (UAVs), denoted by the set
Uhi

= {ui1, ui2, . . . , uiUi
}, where Ui is the number of

UAVs operating under HAP hi. The UAVs are tasked with
monitoring designated areas and executing a specific task
represented as T . Given the inherent resource limitations
of UAVs, including restricted computational power, storage
capacity, and energy availability, each UAV ui,j ∈ Uhi

is
equipped with a lightweight deep learning model, denoted
by Mlight

ui,j , to efficiently perform the task T . The UAVs may
encounter complex or ambiguous data samples xij ∈ X for
which Mlight

ui,j lacks sufficient confidence to make accurate
predictions. In such cases, the UAV ui,j requires offloading
the uncertain sample xij to its supervising HAP hi for more
robust processing. Each HAP hi is equipped with a more
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Figure 2: Model Architectures for the HAPs (ConvNext-B) and UAVs (ConvNextV2-Atto) and Offloading strategy.

powerful deep learning model, Mstrong
hi

, capable of handling
these offloaded samples and providing more accurate and re-
liable results. To effectively train both the lightweight models
on UAVs and the stronger models on HAPs, we utilized a
FL framework. Within this framework, each HAP hi ∈ H
aggregates data from its associated UAVs to construct a
local dataset Dhi =

{(
xk
ij , y

k
ij

)}|Dhi
|

k=1
, where |Dhi | represents

the number of data points collected by HAP hi. Here, xk
ij

denotes the k-th data sample collected by UAV uij , and ykij
corresponds to the target output associated with xk

ij , depending
on the specific task T . For instance, for classification tasks,
ykij ∈ {1, 2, . . . , C}, where ykij represents a class label. For
object detection tasks, ykij = {(cn, bn)}Nn=1, where cn denotes
the class label and bn = (x, y, w, h) specifies the bounding
box coordinates for each detected object in the sample. In this
study, we considered the task T involves the classification
of insect pests based on visual data captured by the UAVs.
Therefore, xk

ij ∈ X denotes an input image within the set
X = {x1,x2, . . . ,xN}, where each image xn ∈ X has di-
mensions (C,H,W ), representing the color channels, height,
and width, respectively. Consequently, ykij ∈ {1, 2, . . . , C},
where each label ykij ∈ Y indicates the specific species of
insect pest present in image xk

ij , with Y representing the
set of all possible labels. This FL-based approach facilitates
collaborative model training while preserving data privacy at
HAP level and minimizing communication overhead between
UAVs and HAPs.

B. Federated Learning Framework
The objective is to coordinate collaboration between the

HAPs and the CS to collectively train two shared global
models: a lightweight model for UAVs and a stronger model
for HAPs. We denote these models as F light(Wlight

g ;x) and
F strong(Wstrong

g ;x), where Wlight
g and Wstrong

g represent the
global model parameters for the lightweight and stronger mod-
els, respectively. Since both models follow the same training
methodology, we will refer to their global model parameters
collectively as Wg in this section for simplicity. The local
empirical risk (loss function) at HAP hi is defined as [21],
[22]:

Lhi(Wi) =
1

|Dhi
|

|Dhi
|∑

k=1

L
(
F(Wi;x

k
ij), ykij

)
, (1)

where Wi are the local model parameters at HAP hi, and L
denotes the loss function. For classification tasks, we use the
cross-entropy loss:

L
(
F(Wi;x

k
ij), yk

ij

)
= −

C∑
z=1

1(yk
ij=z) log pz

(
xk
ij ; Wi

)
, (2)

where pz
(
xk
ij ; Wi

)
is the predicted probability of class z for

input xk
ij computed by the model F(Wi;x

k
ij), and 1(yk

ij=z) is
the indicator function that equals 1 if ykij = z and 0 otherwise.

After local training, each HAP hi updates its local model pa-
rameters Wi by minimizing the local empirical risk Lhi

(Wi).
The updated local model parameters are then sent to the
central server. The central server aggregates these local updates
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to form the new global model parameters Wg using the
Federated Averaging algorithm:

Wg =
H∑
i=1

|Dhi
|∑H

j=1 |Dhj
|
Wi, (3)

where H is the total number of HAPs. This aggregated global
model Wg encapsulates the collective knowledge from all
HAPs without requiring access to their raw data, thereby
preserving data privacy at the local level. Upon completing
the training of both models, the lightweight model is deployed
to each UAV, while the more robust model is deployed to the
HAPs.
C. Inference Phase, Semantic Offloading and Communication
Model

During the inference phase, each UAV uij utilizes its
lightweight model Mlight

uij for rapid and resource-efficient pro-
cessing of the tasks T . However, when the model’s decision
for a sample xij is low it needs to offload the sample xij to
the HAP hi. This offloading can be represented as an binary
decision as follows:

δij(xij) =

1, if ConfMlight
uij

(xij) < τ,

0, if ConfMlight
uij

(xij) ≥ τ,
(4)

Where δij(xij) represents the offloading binary decision
variable and τ represent a threshold value. δij(xij) = 1
indicates that the sample xij is offloaded to the HAP hi for
processing, while δij(xij) = 0 means the sample is processed
locally by the UAV uij . For transmitting the samples from
UAV ui to HAP hj , we considered the following communi-
cation model based on Line-of-Sight (LoS) transmission. The
Free-Space Path Loss (FSPL) in a LoS environment is given
by:

PLLoS(d, f) = 20 log10

(
4πdf

c

)
(5)

where d is the distance between UAV ui and HAP hj (in
meters), f is the carrier frequency of the communication signal
(in Hertz), c is the speed of light in vacuum. The distance
d between the UAV and HAP can be calculated using the
Euclidean distance in three-dimensional space:

d =
√
(xui − xhj )

2 + (yui − yhj )
2 + (hui − hhj )

2 (6)

where (xui
, yui

, hui
) are the coordinates of UAV ui,

(xhj , yhj , hhj ) are the coordinates of HAP hj . The Signal-
to-Noise Ratio (SNR) for the communication link is defined
as:

SNRLoS =
Ptx

N0 ·B
· 10−

PLLoS(d,f)

10 (7)

where Ptx is the transmission power of UAV ui, N0 is the noise
power spectral density, B is the bandwidth of the communica-
tion channel. The HAP hi processes the offloaded sample xij

using its stronger model Mstrong
hi

, providing enhanced accuracy
for these uncertain cases. The overarching goal of the hybrid
architecture is to achieve a balance between maintaining high
performance and maximizing operational efficiency.

III. SOLUTION APPROACH

To achieve the overall objective of the study, we aim to
ensure that both the lightweight models deployed on UAVs
(Mlight

uij ) and the stronger models on HAPs (Mstrong
hi

) are robust
and effective for the task T .

A. Model Architectures
1) Stronger Model on HAPs: For the HAPs, we employ

the ConvNeXt-B model [23], a convolutional neural net-
work architecture pretrained on the ImageNet-22K dataset.
ConvNeXt-B is suitable for handling complex and high-
resolution images due to its deep architecture and large ca-
pacity. For the HAPs, we employ the ConvNeXt-B model
[23] pretrained on the ImageNet-22K dataset. ConvNeXt-B is
well-suited for handling complex and high-resolution images
due to its deep architecture and high capacity. Recent studies
have shown that ConvNeXt models perform effectively in FL
settings [9]. The ConvNeXt-B block is defined as:

Y = X+ F(X) (8)

F(X) = Cv1×1 (GELU (Cv1×1 (LN (DC7×7(X))))) (9)

Here, DC7×7 denotes a depthwise convolution with a 7 × 7
kernel, LN is layer normalization, Cv1×1 is a pointwise
convolution, and GELU is the Gaussian Error Linear Unit
activation function. Y is the output feature map with a residual
connection to X.

2) Lightweight Model on UAVs: For the UAVs, we uti-
lize the ConvNeXtV2-Atto model [24], a lightweight vari-
ant designed for resource-constrained environments. The
ConvNeXtV2-Atto block is defined as:

Y = X+ F ′(X) (10)

F ′(X) = Cv1×1 (GELU (Cv1×1 (LN (GRN (DCk×k(X)))))) (11)

Here, k is the kernel size optimized for efficiency, DCk×k

denotes a depthwise convolution with a k × k kernel, and
GRN represents the Gated Residual Network module. Both
the architectures are shown in Fig. 2.

B. Semantic Offloading Mechanism Based on Uncertainty

To determine whether a data sample xk
ij should be processed

locally on the UAV or offloaded to the HAP, we implement an
offloading mechanism that evaluates the semantic complexity
of the sample using uncertainty estimation with the model
Mlight

uij . Specifically, the entropy of the model’s output proba-
bility distribution is used as a measure of uncertainty because
it effectively quantifies the unpredictability in the model’s
predictions. A higher entropy indicates greater uncertainty,
suggesting that the sample has higher semantic complexity
and may benefit from being offloaded to the HAP for more
accurate processing. Conversely, lower entropy reflects higher
confidence, allowing the UAV to handle the processing locally
efficiently.
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Figure 3: Training Dataset Distribution.

1) Entropy Calculation: For a given input xk
ij , the

lightweight model produces a probability distribution over the
C classes:

pk
ij = F light(Wlight

g ;xk
ij) = [p1, p2, . . . , pC ], (12)

where pc is the predicted probability for class c. The entropy
H(pk

ij) of this distribution is calculated as:

H(pk
ij) = −

C∑
c=1

pc log pc. (13)

2) Offloading Decision: The UAV uij decides to offload the
sample xk

ij to its supervising HAP hi if the entropy exceeds
a predefined threshold τ . The offloading decision δij(x

k
ij) is

defined as:

δij(x
k
ij) =

{
1, if H(pk

ij) > τ,

0, otherwise,
(14)

where δij(x
k
ij) = 1 indicates that the sample is offloaded to

the HAP, and δij(x
k
ij) = 0 means the sample is processed

locally by the UAV.
IV. EXPERIMENTAL SETTINGS

A. Dataset

For this study, we utilize the IP-102 dataset [25], a compre-
hensive pest detection dataset specifically designed for insect
pest classification.The dataset is composed of 102 distinct
classes and a total of 75,222 images. It is divided into
training, validation, and testing sets with a split ratio of 6:1:3,
respectively. This extensive and well-balanced dataset provides
a comprehensive foundation for training and evaluating our
FL models in diverse scenarios. Fig. 3 shows the training data
distribution for different.

B. Federated Learning Settings

We conduct our FL experiments using a total of four clients,
each representing a distinct HAP in the network. To simulate
realistic data distributions, we consider both independent and
identically distributed (IID) and Non-IID settings.

• IID Setting: In the IID scenario, the data is evenly and
randomly distributed among the four clients, ensuring that
each client has a similar representation of all pest classes.

• Non-IID Setting: To emulate more challenging and real-
istic conditions, we implement Non-IID data distributions
using the Dirichlet distribution with concentration param-
eters α set to 0.3, 0.5, and 0.7. The Dirichlet distribution

controls the degree of data heterogeneity across clients,
where lower values of α result in more skewed and
uneven class distributions among clients.

All models are trained with a learning rate of 0.001, optimized
using the SGD optimizer. Training is conducted over 20 com-
munication rounds which local model updates are aggregated
at the central server using the FedAvg algorithm.

V. RESULTS AND DISCUSSION

Fig. 4 presents the testing convergence curves with re-
spect to communication rounds for different settings. Specif-
ically, Fig. 4(a) displays the curve for the IID setting, while
Figs. 4(b), (c), and (d) correspond to Dirichlet distributions
with parameters α = 0.3, α = 0.5, and α = 0.7, re-
spectively. The results indicate that the ConvNext-B model
consistently outperforms the smaller ConvNextv2-Atto model
across all scenarios. This consistent performance gap between
the lightweight and stronger models highlights the limitations
of lightweight models which will be deployed on UAVs
due to their constrained computational resources. Semantic
offloading can significantly mitigate this performance gap by
leveraging the computational capabilities of HAPs to handle
more complex tasks. Furthermore, the FL system significantly
surpasses the performance of individual client models for both
the lightweight and strong models. This demonstrates that FL
can effectively boost model performance while maintaining
data privacy and accommodating resource limitations.

Table I provides a comprehensive performance comparison
between UAV and HAP models under both IID and non-
IID scenarios, with varying distribution parameters (α) and
offloading thresholds (τ ). The semantic offloading mechanism
consistently enhances the overall classification accuracy across
all settings. In the IID scenario with τ = 0.3, the overall
accuracy improves from the UAV model’s 67.29% to 72.40%,
indicating a 5.11% enhancement. This improvement highlights
the effectiveness of offloading semantically complex samples
to the HAPs, which possess stronger computational capa-
bilities. However, as the threshold τ increases, the overall
accuracy gradually decreases due to fewer samples being
offloaded, thereby reducing the benefits derived from HAP
processing. For instance, at τ = 0.9, the overall accuracy in
the IID case drops to 69.88%, with an offloading percentage
of only 11.19%. This trend underscores the trade-off between

The 27th International Conference on Advanced Communications Technology (ICACT2025) 146

ISBN: 979-11-88428-13-7 Copyright 2025. Global IT Research Institute (GIRI). All right reserved.



Figure 4: Testing performance convergence curve for different scenarios.

TABLE I: Comparison of UAV and HAP Models in IID and Non-IID Scenarios with Various Beta and Threshold Values

Case alpha(α)
Thr. (τ )

Value

Basic Accuracy After Offloading Off.
(Per.)HAP Model UAV Model Overall

Accuracy
Improvement

Over UAV
Model Accuracy After Offloading
UAV Model HAP Model

IID N/A

0.3

72.97% 67.29%

72.40% +5.11% 82.48% 50.11% 31.14%
0.5 71.73% +4.44% 79.00% 48.95% 24.19%
0.7 70.66% +3.37% 75.68% 46.08% 16.96%
0.9 69.88% +2.59% 73.11% 44.27% 11.19%

NONIID

0.3

0.3

68.63% 63.01%

68.69% +5.68% 82.66% 50.05% 42.85%
0.5 68.27% +5.26% 78.70% 48.47% 34.48%
0.7 67.56% +4.55% 75.06% 46.02% 25.82%
0.9 66.56% +3.55% 71.64% 43.53% 18.06%

0.5

0.3

69.93% 64.25%

69.90% +5.65% 81.88% 50.57% 38.28%
0.5 69.42% +5.17% 78.42% 48.74% 30.33%
0.7 68.31% +4.06% 74.61% 45.75% 21.82%
0.9 67.22% +2.97% 71.33% 42.93% 14.47%

0.7

0.3

68.84% 63.17%

68.67% +5.50% 81.28% 49.28% 39.39%
0.5 68.16% +4.99% 77.66% 47.33% 31.31%
0.7 67.04% +3.87% 73.64% 44.42% 22.59%
0.9 66.05% +2.88% 70.26% 42.54% 15.20%

maintaining high accuracy and minimizing communication
overhead, emphasizing the need for an optimal threshold
selection.

In non-IID scenarios, varying the α values of the Dirichlet
distribution simulates different degrees of data heterogeneity
among clients. The results demonstrate that the proposed
framework maintains robustness against data heterogeneity, as
the overall accuracy remains relatively stable across different
α values. For example, with α = 0.3 and τ = 0.3, the overall
accuracy reaches 68.69%, showing a 5.68% improvement
over the UAV model. Similar improvements are observed for

α = 0.5 and α = 0.7, indicating that the semantic offloading
mechanism effectively compensates for data heterogeneity by
allowing HAPs to handle more complex and diverse samples.

Additionally, the UAV models exhibit higher accuracy on
the non-offloaded samples, suggesting confident local predic-
tions, while the HAP models effectively manage the more un-
certain and complex samples despite their inherent complexity.
This division of labor ensures that UAVs operate efficiently
without overburdening their limited computational resources.

Table I also highlights the offloading percentages across
different scenarios. As the threshold τ increases, the percent-
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Figure 5: Bandwidth Saving Percentage Compared to Central-
ized Computing Systems for different Scenarios.

age of samples offloaded to HAPs decreases, which aligns
with the observed reduction in accuracy improvements. This
relationship emphasizes the critical balance between offloading
enough samples to enhance accuracy and minimizing the
communication overhead to conserve bandwidth.

Fig. 5 depicts the percentage of bandwidth saved (%)
compared to centralized systems for both IID and NONIID
data distributions with varying α parameters. From the fig,
we can see that as τ increases, more samples are processed
locally, resulting in higher bandwidth savings. Specifically, in
the IID scenario, bandwidth savings grow from 65.49% at
τ = 0.3 to 86.86% at τ = 0.9. For NONIID distributions,
the savings also increase with higher τ values: from 55.04%
to 80.22% when α = 0.3, from 59.49% to 83.84% when
α = 0.5, and from 58.73% to 84.06% when α = 0.7. These
results demonstrate that higher entropy thresholds consistently
lead to greater bandwidth savings across all data distributions.
Additionally, as the α value increases, indicating a reduction in
the degree of non-IIDness, the bandwidth savings in NONIID
scenarios approach those of the IID case. This highlights that
less severe non-IID data distributions benefit more from the
semantic offloading mechanism, enhancing overall bandwidth
efficiency.

Overall, the experimental results confirm that the semantic
offloading mechanism enhances classification performance by
intelligently allocating uncertain samples to more capable
HAPs. Adjusting the threshold τ allows for a balance be-
tween accuracy and resource utilization. Additionally, the
federated learning framework demonstrates robustness against
data heterogeneity, maintaining consistent performance across
different α values in Non-IID settings.

VI. CONCLUSION

In this paper, we proposed a novel hybrid federated learning
framework to optimize real-time task execution and decision-
making processes in edge computing environments. Our archi-
tecture consists of three layers: Edge Devices, Regional Edge

Servers (RES), and Cloud Servers. By training both a high-
capacity model and a lightweight model within the federated
learning system, we effectively addressed the limitations of
edge devices’ computational resources. The lightweight mod-
els deployed on the edge devices enable rapid and resource-
efficient initial data analysis. When the model’s confidence
is low, data is dynamically offloaded to the RES, where the
high-capacity models provide enhanced decision-making for
uncertain cases. Our dual-model approach ensures that most
data is processed locally with minimal latency, while com-
plex or ambiguous instances benefit from the RES’s superior
computational capabilities. This strategy effectively balances
response speed, communication costs, and data management.
The experimental results demonstrated significant improve-
ments in classification accuracy and system performance under
both IID and Non-IID data distributions. By leveraging the
strengths of both lightweight and high-capacity models, our
framework addresses the critical challenges in real-time edge
computing applications, paving the way for more efficient
and scalable systems. Looking ahead, we plan to integrate
knowledge distillation and semantic communication to further
enhance the framework’s efficiency and scalability. Addition-
ally, extending its application to diverse scenarios, such as
smart healthcare and autonomous transportation, will validate
its adaptability and robustness in real-world environments.
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