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Abstract—Deep learning (DL) is currently considered one of
the most powerful tools for environmental monitoring. Many
environmental variables, such as air quality, climate, water, and
energy, are monitored using Internet of Things (IoT) technologies.
However, the DL-based environmental monitoring systems
heavily depend on the cloud, and hence they suffer from latency,
high energy consumption, and data privacy. This study proposes
DeepEdgeNet, a distributed DL and Machine Learning (ML)
framework for environmental monitoring systems based on edge
computing and federated learning. In DeepEdgeNet, the features
are extracted at the edge devices, and the model updates are
aggregated at the centralserver without sharing the sensitive data.
The proposed framework was evaluated on six IoT datasets
collected from various environmental monitoring systems, such as
air quality monitoring, household energy consumption, satellite-
based land-cover classification, climate and extreme weather
analysis, water quality assessment, and drought prediction.
Experimental results have shown that the proposed system
significantly improves the accuracy of the considered datasets,
which are 94.5% for the Air Quality dataset, 95.4% for the
EuroSAT dataset, and the mean absolute error (MAE) of time-
series datasets is reduced up to 0.28 for drought prediction.
Moreover, the proposed system has lower inference latency, up to
130 ms, and energy consumption compared with six state-of-the-
art models. Although the edge—cloud environment was simulated
using a unified experimental platform, the obtained results
demonstrate the effectiveness of DeepEdgeNet for scalable and
privacy-preserving loT-based environmental monitoring
applications. Hence, the proposed system is efficient and
applicable to IoT-based environmental monitoring systems.

Keywords—Internet of Things (IoT); edge computing; federated
learning; machine learning

I.  INTRODUCTION

The world and the population change through the Internet of
Things (IoT), which enhances the existing interaction with
nature and its administration. These include sensors, weather
stations, and monitoring systems that reveal real-time data
related to primary environmental issues. The use of such
technologies has increased concern for air pollution, flood
forecasting, water resources, and biodiversity conservation. For
instance, poisonous elements could be detected by air quality
sensors, and water level sensors help predict floods, thus
allowing authorities to act in disaster management quickly.
However, increasing IoT deployments also results in ginormous
data, so as to pose several challenges in processing data, energy

consumption, and user privacy [1]. The pivotal role of such IoT-
based systems in the facilitation of a few global sustainability
goals is illustrated in Fig. 1.
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Fig. 1. Key sustainability goals enabled by 10T systems.

Often, traditional ones rely on cloud processing, mostly as
centralized processing for data harvested from IoT devices.
However, despite having fit applications, the approach
eventually stumbles in delay and bounces back and forth
between the central servers. It seems like another good reason
why the energy consumption of centralised systems can be very
variable, and also the privacy issues related to sensitive data
such as industrial emissions or urban air quality measurements.
Centralised systems (e.g., using cloud servers) generally have
latency and therefore cannot be applicable to real-time
environmental monitoring systems such as flood monitoring
systems or also real time air pollution alert systems for busy
cities. Another key point is that in such environmental
monitoring applications, the centralised systems have high
bandwidth requirements. An illustration of the difference in
location where the data processing takes place between a cloud
computing system and an edge computing system is shown in
Fig. 2. In cloud computing, all processing in the data serverat
the central location (cloud) has to take placein advance to ensure
that the results come at a reasonable time, leading to a latency
period between datareception and whenany actions aretakenin
response to the environmental phenomena of interest. In
addition,alarge amount of bandwidth is required for thetransfer
oflarge amounts of data fromnumerous sensor nodes to a single
central location (cloud). On the other hand, in the case of edge
computing, the sensor node can start processing data
immediately, thus a lower latency period occurs, and an overall
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decrease in bandwidth consumption occurs due to data being
processed locally. So, the transition to sustainable applications
of IoT is another important transition from cloud computing to
edge computing systems.

This study presents DeepEdgeNet, a novel framework
dedicated to combining deep learning with edge computing to
improve the efficiency and effectiveness of environmental IoT
sensing applications. DeepEdgeNet processing stays along the
edge of IoT networks, systematically performing real-time data
analysis, thus making it less dependent on continuous
communication with centralized servers. These combined
qualities of latency and energy efficiency thus make ita suitable
system for resource-limited environments [3]. This framework
specificallycomprises advanced deep-learning technologies, for
example, Convolutional Neural Networks (CNNs), which work
over spatial patterns -specific areas with high pollutant
concentrations- and Temporal Fusion Transformers (TFTs),
which utilize effective time-series data for temperature changes
highlighted over weeks or even months. Finally, DeepEdgeNet
integrates federated learning in which models can train across
devices without raw data having an opportunity to get to a
common point in ensuring privacy and security.

The framework talks about other doctrinal environmental
threats such as projected air quality and its trends; the risk of
floods based on rainfall and water level data; and tracking
changes in biodiversity in protected areas. Notably,
DeepEdgeNet was tested against six popular IoT datasets
concerned with air quality, climate, and weather, along with
biodiversity and other urban manifestation indices. It has been
compared withperformance across six other leadingalgorithms,
including Spatio-Temporal Dynamic Graph Neural Networks
(ST-DGNN) and Multi-Scale Convolutional Neural Networks
(MSCNN). The evaluation considered prediction accuracy,
processing speed, energy efficiency, and error rates as
parameters for comparison.
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Fig.2. Comparison between traditional cloud computing and edge
computing.

This research work contributes in many ways: First, it
presents a highly scalable and energy-efficient framework that
IoT and edge computing can exploit to mitigate various
environmental issues. Second, this study shows the flexibility
and efficacy ofthe systemby testingit with various real datasets
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underreal-world scenarios. Third, itis shown that Deep EdgeNet
outperforms all other methods with respect to accuracy and
speed while consuming less energy. Deep EdgeNet also provides
a pragmatic solution to environmental monitoring by leveraging
existing loT infrastructures that are easily adaptable to rapidly
respond to challenges such as air pollution, floods, and
biodiversity loss. Overall, the DeepEdgeNet makes important
progress in environmental sensor networks based onIoT. Being
an advanced technology, it can be applied in the field of deep
learning and further research into processing power among
decentralized edge computingto providea versatile and efficient
approach to complex environmental systems management.

The rest of this study is organized as follows: Section I
provides a comprehensivereview of related work, highlighting
recent advancements in loT-based environmental monitoring
and the state-of-the-art algorithms used for comparison.
Section III introduces the proposed DeepEdgeNet framework,
detailing its system architecture, technical features, and
implementation. Section IV describes the six IoT datasets
utilized in the study and the evaluation metrics used to assess
performance. Section V presents the experimental setup.
Section VI shows the experimental results, including a detailed
comparisonof DeepEdgeNet with six state-of-the-art algorithms
across the datasets. Finally, Section VII concludes the study,
summarizes the key findings, and outlines future directions to
further enhance the capabilities of the framework.

II.  RELATED WORK

Several changes have occurred in terms of environment
monitoringand sustainability due to theadvancementofloT and
edge computing.

Growth of Papers Published in Green Science by Major Journals
(2010-2023)

Number of Papers Published

IEEE Springer Springer Nature @ Elsevier | MDPI

Fig.3. Growth of papers published in green science by major journals
(2010-2023).

Fig. 3 shows how research has grown in the field of green
science and sustainability, as proclaimed by the leading journals
like IEEE, Springer, Elsevier, MDPI, and Springer Nature. This
section synthesizes insights from important state-of-the-art
works in the context of their contribution towards loT, edge
computing, and machine learning techniques for environmental
monitoring and sustainability. Chen S. et. al. present loT-based
smart grids with edge computing for energy consumption
optimization in real-time. Distributed systems are significantly
shown to be speedier and more efficientin the workings of the
grid and lead to fewer carbon emissions [3]. Mobile edge
computing has also been investigated in another study related to
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IoT applications for showing the benefits ofreduced bandwidth
and latency usage, corresponding to the architecture of
DeepEdgeNet for on-the-fly environmental monitoring

purposes [2].

Omniawa et. al article was comprehensive and detailed in
surveying all the possible fog and edge computing frameworks
applied to IoT-based applications. It also discussed issues
affecting such frameworks, like scalability and privacy, and
proposed some hybrid architectures to mitigate those concerns
[4]. The same study depicts some evidence in favor of edge
computing and its usefulness in loT-based manufacturing,
reduced time delay, and efficient processing that are in line with
DeepEdgeNet targets for lowering latencies in environmental
monitoring [5].

Okot et. al. explore the potential of IoT in achieving
sustainability goals in Costa Rica by providing a conceptual
framework. The study highlights how IoT plays an important
role in achieving energy efficiency, environmental monitoring,
and resource management by addressing several scalability and
integration challenges. Costa Rica's promise of utilizing
renewable energy and conservation efforts gives it a strong case
for rolling out IoT ecosystems for sustainable practice
promotion [6]. Researching intelligent edge computing for
energy management in smart cities demonstrates how Al
algorithms can beadopted inpredicting energy consumptionand
optimized usage; it lists applicable combinations alongside
DeepEdgeNet capabilities, such as flooding prediction or air
quality monitoring [7]. Furthermore, an SDN-based edge for
IoT-enabled health care systems study underscores the critical
aspects of managing secure data and resource optimization,
mostly relevant to managing sensitive environmental data [8].

According to Ramadane et al., a new approach for assessing
the environmental effect of IoT objects has been developed
using graph-based machine leaming models. The research
represents [oT devices as graphs, thus simplifying traditional
resource-intensive Life Cycle Assessments (LCAs) to ensure
ecological sustainability with fast-growing IoT [9]. Regarding
the environment, different IoT frameworks have been used to
monitor air quality, biodiversity, and the sustainability of urban
areas. For example, real-time air quality assessment systems
with IoT use deep learning to precisely identify pollution trends
in terms of real-time monitoring of pollutants and their
forecasting [ 10]. Other works focus focused on IoT applications
towards biodiversity conservation as well as the need for
understanding spatio-temporal data to monitor the distribution
of'species[11]. About Narayana et al. [ 12] smart environmental
monitoring system built with a range of loT sensors (for
temperature, humidity, atmospheric pressure, and hazardous gas
activities) that keep checking conditions and trigger alerts in
case athresholdis exceeded. So this type ofreal-time [oT system
could mitigate risks and prevent disasters by reporting
environmental hazards to users.

Piramuthu S. investigates how loT technologies can support
environmental sustainability in agricultural supply chains. It
highlights IoT’s role in reducing food waste, optimizing
resource consumption, and enabling precision farming. From
“farm to fork,” IoT aids in monitoring crops, managing
resources, and improving supply chain efficiency to reduce
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environmental footprints [13]. Nirere et al. demonstrate the
establishment of a cost-effective, real-time IoT-based climate
prediction system deployed in the industrial economic zone of
Rwanda itself. The system uses integration of sensors such as
MQ-135 and DHT1 1 to monitor environmental parameters such
as CO2 levels, temperature, and humidity. The collected data is
processedusingMQTT and stored on MongoDB as well as used
in machine learning models for analysis and prediction. The
study evaluates different algorithms related to machinelearning,
which include Logistic Regression, Random Forest, Gradient
Boost, Decision Tree, K-Nearest Neighbor, and Multilayer
Perceptron. In accuracy, Random Forest surpassed the case with
99% training accuracy and 84% test accuracy. Results from the
study showed that the high levels of CO2 and increase in
temperature have manifested that, above these interventions, the
warming periods are going to dominate in the future. This
research opens several opportunities for IoT and machine
learning in making actionable insights toward climate change
mitigation and adaptation [14].

Federated Learning is supposed to be one of the techniques
that shows great promise in terms of privacy preservation and
scalability in applications within distributed IoT systems. For
instance, the work by [15] presented a framework that was an
edge-based FL adaptable framework on IoT contexts that could
well be used to allow millions of devices to come together and
be able to train their models without processing their raw data in
the cloud. The proposed program, using the edge nodes for
training and simply modular upgrades, reduced congestion on
the network and protected the user's privacy — basically, the
DeepEdgeNet building block. In addition, there are further
applications of FL in the Industrial IoT in terms of efficiency
increase, such as in the work by Hsu etal. [16], which utilizes a
federated learning scheme to sample data from [loT networks.
The procedure significantly reduces redundant transmissions
and, alongside a very small model accuracy reduction, provides
a considerable amount of energy savings. Hence, it shows how
connected leaming can increase battery life in sensors and also
scale to large deployments. These types of strategies, based on
FL, provethatatheoreticalunderstanding of distributed learning
inloT can practically benefit systems dueto datalocal retention,
a principle that DeepEdgeNet leverages for privacy and
scalability in environmental monitoring.

Qamar et al. emphasize the transformative potential ofIoT
in environmental research and resource management. It outlines
IoT's applications in real-time environmental monitoring, smart
agriculture, and water resource management, focusing on
efficiency, innovation, and sustainability. The study also
identifies challenges such as data privacy and implementation
costs [17]. Abd El-Mawia et al. critique the current limitations
of climate change mitigation strategies and propose IoT as a
transformative tool for adaptation. It focuses on Industrial IoT
(IIoT) as a future solution, emphasizing its role in monitoring
and reducing greenhouse gas emissions, enabling smart energy
systems, and fostering sustainable industrial practices [18].

The following six algorithms are used for the comparative
evaluation of DeepEdgeNet:

e Temporal Fusion Transformer (TFT), as it is built, is
focused on applying different time-series analyses to
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different types of time series. For example, temperature
has different patterns of change along with air quality. It
applies techniques so that part of the data thatis critical
in prediction can be scrutinized and emphasized.
Therefore, it can more accurately predict and provide
good-sounding explanations. Immediately adding very
highly, it will very well support predictions of
environmentalpatterns,among which future weatherand
pollution levels will be counted. Very relevantly
converted for IoT data. [19].

e Graph Neural Networks (GNNs) are trained on data
structured as a network or a graph, showing the extent of
pollution spreading across connected areas. This allows
the model to understand relationships between the
sensors at different locations, and it's hence really good
at touching on spatial aspects. Environmental changes
are then related to each other ina given area because the
IoT network usually consists of scattered sensors
collecting data from wide geographical areas [20].

e Federated Learning with Differential Privacy allows
devices to learn a common training set of a model
without sending sensitive data to a central place. Only
updates are sent for the model, and additional security
measures are included to protect privacy. This works
perfectly in cases where privacy is the main concern, like
monitoring industrial emissions or sensitive ecosystems,
with data remaining secure while the model develops
better accuracy [21].

e Multi-Scale Convolutional Neural Networks (MSCNN)
work at different levels of detail in data analysis, making
them useful in studying satellite images and large-scale
environmental patterns. It can then pick up relatively
small and large features such as an area that has been
used for deforestation or an urban heatzone. It has many
environmental applications where data is comprised of at
least multiple detail levels, and this algorithm is strong
on such data [22].

e DeepARis employed for forecasting based on temporal
data, such as predicting future rainfall or estimating the
level of air quality, and it would evaluate the confidence
level in its predictions so far, providing useful
information for decision-making. Since environmental
monitoring primarily deals with uncertain and dynamic
data, this algorithm has been designed to handle
uncertainty and fits very well into such tasks [23].

e Spatio-Temporal Dynamic Graph Neural Networks (ST-
DGNN) leverage both spatial and temporal analytical
techniques and thus focus on representing and modeling
aspects of changeovertimeandlocation. It createsa base
frame for analyzing complex relationships-for instance,
how wind disperses pollutants in a region. Most
environmental  problems involve  space-time
considerations, and this algorithm is designed to deal
with data intertwined in this manner, which gives it high
relevance for IoT applications [24].

The following six algorithms are chosen because they
address the key challenges associated with IoT-based
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environmental monitoring. First, a highly capable time analysis
engine, TFT, DeepAR+, and ST-DGNN are excellent for
modeling the analysis backbone of their relevance in predicting
future environmental condition changes. Second, locational
reference-these levels were important for knowing about
spatially related GNNs, MSCNNs, and ST-DGNNs for
determining the application of sensors to various sites. Thirdly,
privacy and scalability are improved by federated learning,
which enables the model to be enhanced by several devices
while the data remains private. Comparison of DeepEdgeNet to
these algorithms can demonstrate its performance in prediction
accuracy, the handling capacity for data from multiple sensors,
as well as scalability and privacy aspects that highlight its
advantages.

III.  RESEARCH METHODOLOGY

This section introduces the proposed DeepEdgeNet
framework. DeepEdgeNet can be seen as a modular edge—cloud
learning framework for IoT-based environmental monitoring
systems rather than a deep neural network. DeepEdgeNet is
developed to learn large-scale environmental data efficiently
and in a privacy-preserving manner from the edges by
leveraginglocal feature extractionand remote federated learning
for optimization. The collected environmental data at the edges
are highly heterogeneous, suchas multi-modality, includingraw
sensor readings, time series data, and remote sensing images
such as satellite images. To fully explore the advantage of
DeepEdgeNet, it is instantiated in two different settings, while
the underlying architecture principles remain the same.

A. System Overview and Data Flow

Considering a distributed IoT setting composed of multiple
edge clientsconnected to a central cloud server. Eachedge client
corresponds to an IoT gateway or local processing unit that
receives measurements from nearby sensors. Let K denote the
number of participating edge clients. Each client k €
{1, ..., K }Jmaintains its own local dataset D, and no raw data is
transmitted outside the client during training.

Data flows through the system in four main stages:
e local preprocessing at the edge,

e representation learning at the edge,

e prediction and coordination at the cloud,

e federated parameter aggregation.

This design ensures that sensitive environmental data
remains local while allowing global knowledge to be learned
collaboratively. Fig. 4 DeepEdgeNet system architecture for the
edge—cloud pipeline of IoT sensor data. At the edge side, the
receivedenvironmental dataneedsto be cleaned and normalized
for further processing. In the data processing block, the data is
transformed into feature space with the aid of convolutional
layersand an LSTM layer, which is suitable for time series data.
Finally, the output is sent to the cloud side for deep learning-
based inference and federated learning to extract the global
knowledge while keeping the sensitiveraw loT data safe at the
edge device.
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B. Input Representation and Preprocessing
DeepEdgeNet supports two input modalities.

For tabularand time-series datasets (e.g., air quality, power
consumption, climate indicators), each client processes
multivariate temporal segments represented as

X, € R4, (1)

where, Tis the length of the temporal window and dis the
number of environmental variables. Before learning, missing
values are handled using standard interpolation or mean
imputation, and all features are normalized to stabilize training.
Given a raw feature value x, normalization is performed as
x'==F, 2)

g

where, yand oare computed from the training portion of the
dataset.

For image-based datasets (e.g., EuroSAT), each input
sample is represented as an image tensor.

Ik € RHXWXC’ (3)

where, H and W denote spatial dimensions and c is the
number of channels. Images are resized and normalized
consistently across clients.

Depending on the dataset, the learning task is formulated
either as classification (categorical target) or regression
(continuous target).

C. Edge-Side Representation Learning

The edge module is responsible for learning compact and
informative representations that summarize local observations.
This module is denoted by f;dge(-), where ¢ represents its
trainable parameters.

1) DeepEdgeNet-TS: Time-Series and Tabular Variant. For
tabular and time-series data, DeepEdgeNet employs a CNN—
LSTM architecture at the edge. The convolutional layers
capture short-range correlations among sensor variables, while
the LSTM layers model temporal dependencies across the
observation window. The resulting representation is computed
as

7= f, % (X)) = LSTM(CNN(X,)), 7 € R™.  (4)

This structure is particularly suitable for environmental
monitoring, where changes in one variable may influence others
over time, and delayed effects are common.

2) DeepEdgeNet-IMG: Tmage Variant- For image-based
inputs, a lightweight convolutional backboneis used at the edge
to extract spatial features while keeping computational
requirements moderate. The extracted embedding is given by

7 = £, 5 (1), 2 € R™. (5)

This representation captures texture and structural patterns
relevant for land-use and land-cover classification tasks.
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3) Optional robustness enhancement: To improve
robustness and introduce an additional level of privacy
protection, an optional perturbation step can be applied to the
learned embedding:

7 =7 + €,€ ~ N(0,020). (6)

Here, o controls thenoise intensity. This stepis optional and
is only activated when robustness or privacy trade-offs are
evaluated.
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Fig. 4. DeepEdgeNet system architecture for [oT-based environmental
monitoring.

D. Cloud-Side Prediction Module

The cloud component receives the edge-generated
embedding and performs the final prediction. This module is
denoted by gy, (), with parameters 1. The predicted output is

computed as
e = Iy (Z)- (7)

For classificationtasks, the cloudmodel ends witha sofimax
layer, whereas for regression tasks, a linear output layer is used.
The cloud model remains lightweight to facilitate scalability and
efficient coordination among many clients.

E. Learning Objective

Each client optimizes a local loss function based on its task
type. For classification, the cross-entropy loss is defined as:

YE Aly=cllog(p), (8)

1

1Dkl £ (- y)eDy

CE _
Lk -
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where, C is the number of classes and p, is the predicted
probability for class c.

For regression tasks, the mean squared error is used:

MSE — 1 —9)2
Lk - |Dk| (',y)EDk (y y) . (9)
These losses guide the optimization of both edge and cloud
parameters during training.

F. Federated Learning and Model Aggregation

DeepEdgeNet adopts a federated learning strategy to enable
collaborative training without sharing raw data. Let 6 = {¢, Y}
denote the complete model parameters. At the training round ¢,
the cloud server distributes the current global model 8 to
selected clients. Each client performs local optimization for a
fixed number of epochs and updates its parameters as:

oD = g0 _yy, 1, (10)

where, nis the learning rate. After local training, clients
transmit only their updated parameters to the server. The server
computes the new global model using weighted averaging:

K
9(t+1)=zk_1%9£”1),n= k=1 (11)

where, n;, =| Dy, lis the number of samples at client k.

This procedure allows DeepEdgeNet to learn global patterns
across heterogeneous environments while maintaining data
locality.

G. Inference Mode

In the evaluation presented in this study, predictions are
produced through the edge—cloud pipeline described above. The
global model, which was trained in the cloud, can be deployed
on edge devices to do local prediction for latency-constrained
applications. DeepEdgeNet can support multiple possible
deployment scenarios, which are expected to happen in the loT
practice. Fig. 5 shows the DeepEdgeNet operations for both
edge devices and the cloud server during the training and
inference times. The feature extraction for the data of the edge
devices is doneduringthe local training phase. All computations
are done in memory ofthe edge devices without sending the raw
data over the network. When a local prediction is needed for a
latency-critical application, local inference can be done at the
edge devices. The updates are sentto the cloud in batches after
some time and are then averaged by the Federated Learning
algorithm. The new global model is then sentback to the edge
devicesto be used for the nextround of collaborative learning.

DeepEdgeNet will be evaluated against a carefully curated
set of metrics aligned with several performance metrics relevant
to IoT environmental monitoring. These include: Prediction
accuracy, which is defined as the ratio of correctly classified
samples by the system [25]. Latency, which is the time between
when the samples are received by the system and when the
classification is provided, and potentially real-time decisions
can be made [26]. Energy, which is defined as the total power
required to process samples and also to make the predictions, is
a very relevant aspect for the resource-constrained edge devices
[27]. Privacy loss, which ensures that privacy is maintained in
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the federated learning implementation. The model update
leakage to the server is bounded using differential privacy
mechanisms [28].
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Fig. 5. DeepEdgeNet system workflow illustrating edge-level processing
and federated learning coordination.

IV. EXPERIMENTAL SETUP

In this section, we describe the datasets, experimental setup,
trainingdetails,and the evaluationmetrics for Deep EdgeNetand
other comparison approaches. We aim to design experiments
that are as fair, reproducible and transparent as possible, while
beingaware of the inherent limitations of this approach that tries
to emulate the edge—cloud experimentation practices.

A. Datasets and Tasks

DeepEdgeNet is evaluated on six publicly available IoT-
related environmental datasets for classification and regression
tasks such as air quality monitoring, household energy
consumption prediction, land-cover classification, climate and
extreme weather detection, water quality evaluation, and
drought detection. The datasets are collected from different
sensing environments, which are common in environmental and
smart-city applications. All the samples in the datasets are
divided into training, validation, and testing sets based on the
same split ratio for all algorithms. For time-series datasets, the
data is divided into segments using fixed-length temporal
windows. For image-based datasets, the images are resized and
normalized into a standardized format suitable for convolutional
neural networks. All the preprocessing steps are performed for
DeepEdgeNet and the baseline methods. The detailed
information of the datasets is shown in Table 1.

The entire set of datasets allows a complete testbed at the
level of DeepEdgeNet for the different IoT applications of
environmental monitoring, urban computing, and resource
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management. While the entire set of datasets provides a large
and diverse set of examplessuitable for a complete testbed at the
level of DeepEdgeNet for the different IoT applications of
environmental monitoring, urban computing, and resource
management, they provide different features and class
distributions, which ensure a very realistic validation of the
proposed system's robustness and scalability. The detailed
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information of datasets is shown in Table I, while the class
distributions of the six datasets used in this study are illustrated
in Fig. 6. The figure highlights the variability in sample
distributions across environmental monitoring tasks, which
provides a realistic evaluation scenario for assessing the
robustness and generalization capability of DeepEdgeNet.

TABLEI. SUMMARY OF DATASETS USED FOR EVALUATING DEEPEDGENET
Dataset Name Repository Size No of Classes Class Labels Key Features
. . UCI Machine Leaming | ~9,500 Good, Moderate, Poor, Very Poor, CO, NO. SO. PMIO,
Air Quality Dataset [29] . 5 PM2.5, temperature,
Repository records Hazardous o
humidity
Individual Household | UCI Machine Leaming [ ~2,075,259 ngl}tmg,.Heatmg, Cooling, Ot}_ler Power consumption,
. 6 Residential, Commercial, . .
Power Dataset [30] Repository records . voltage, current, intensity
Industrial
Forest, Urban, Agriculture, Water .
EuroSAT Dataset [31] Kaggle 727’000 7 Bodies, Grassland, Wetlands, .64X64 RGB L
images images
Barren Land
Climate Change and Emergency Events | ~20,000 Hurricanes, Floods, Droughts, | Historical  records of
Extreme Weather 5 .
Database (EM-DAT) records Heatwaves, Wildfires extreme weather events
Dataset [32]
Water Potability Kagele ~3,200 5 Excellent, Good, Moderate, Poor, | pH, turbidity, dissolved
Dataset [33] &8 records Very Poor oxygen, conductivity
us . Drought ~15,000 No Drought, Moderate Drought, Precipitation, soil moisture,
Meteorological Dataset | Kaggle records 5 Severe Drought, Extreme temperature
[34] Drought, Exceptional Drought P

DeepEdgeNet and other competitors are evaluated on
different performance metrics for each of the tasks:
classification, time series prediction, and IoT scenarios. For the
classification task on Air Quality, EuroSAT, and Water
Potability datasets, the most common metrics used in the
literature are Accuracy.

Accuracy or accuracy of proportions is defined as:

Number of Correct Predictions

(12)

Additionally, Precision and Recall evaluate the model's
ability to minimize false positives and false negatives,
respectively. The F1-Score, defined as the harmonic mean of
Precision and Recall:

Accuracy =
Y Total Number of Predictions

F1—Score =2 - Precision-Recall (13)

Precision+Recall

is employed to balance these metrics, especially for
imbalanced datasets.

For time series forecasting, as in Climate Change and
Extreme Weather, US Drought, and Power Consumption data
sets, Mean Absolute Error (MAE) and Root Mean Square Error
(RMSE) have been considered for various metrics. MAE
quantifies the average absolute deviation:

1 A
MAE = ” 7l:l=1|yi —JVi | (14)
while RMSE penalizes larger errors more heavily:

RMSE = [~ nlyi =y (15)

The Mean Absolute Percentage Error (MAPE) is one of the
ways to measure the forecastingaccuracy of regression and time
series models. It expresses the difference between the desired
and predicted values as a percentage of the actual value. It
calculates using Eq. (16):

MAPE =1yn

n

x 100 (16)

%~y
i

where, y; is the actual value at instance i, y; is the predicted
value atinstance i , and n is the total number of observations.
ForloT-specific requirements, Latency is critical, measuring the
time taken to produce predictions. Latency can be expressed as:

Latency = Teng — Tseare (17)

where, Ty; 4 1sthe timethe inputisreceived,and T,,,; is the
time the prediction or output is delivered. Energy Efficiency,
fundamentallyusingloT edge devices, measuresenergy cost per
prediction or per unit data processed and is defined by the
following equation to calculate it:

Total Energy Consumed (Joules)

(18)

Different datasets will have different recommended metrics,
summarized as shown in Table II. Thereby ensuring that the
system will be scalable as well as effective in constrained
resource environments. With these evaluation parameters, all-
around proof of the capacity of DeepEdgeNet is furnished to
migrate any loT-based problem to another.

Energy Efficiency =

Number of Predictions
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Fig. 6.
TABLEII. SUMMARY OF RECOMMENDED METRICS FOR EACH DATASET
Dataset Recommended Metrics

Precision,  Recall,

Latency, Energy Efficiency

Accuracy, F1-Score,

Air Quality Dataset

Individual  Household

Power Dataset MAE, RMSE, Latency, Energy Efficiency

Accuracy, Precision, Recall, FI1-Score,

EuroSAT Dataset .
Latency, Energy Efficiency

Climate Change and | Accuracy,Precision, Recall, F1-Score, MAPE,

Extreme Weather Latency, Energy Efficiency

Water Potability Dataset Acc‘u-racy, Fl-Score,  Latency, Energy
Efficiency

UsS Drought | MAE, RMSE, MAPE, Latency, Energy

Meteorological Dataset Efficiency

B. Implementation Environment

All experiments in this study are done using Google Colab.
Although this is not a real physical edge computing platform, it
can be used for a controlled and reproducible comparison of
different edge-cloudleamingarchitectures. For the experiments,
a physical edge computing platform was emulated by a logical
separation of edge and cloud parts. Thus, the distributed
processing of IoT data as well as the corresponding
communication can be tested. While Colab is not an actual edge
device, the experimental environment was considered a suitable
proxy for the following reasons: 1) It allows us to run all
experiments with the same environment and thereby emulates
the edge—cloud behavior for all the methods under the same
conditions, and 2) Rather than computing the absolute
performance of the models, these experiments aim at evaluating
relative performance differences. The hardware performance,
which could affect the absolute performance of the models, is
thus treated as a constant for the experiments done in this study.

Household Power Dataset

Commercial

25.0%

Water Potability Dataset

Excellent
25.0%

Vol. 17, No. 5, 2026

EuroSAT Dataset

Wetlands

Barren Land
Grassland

‘ Water Bodies

Agriculture

Other Residential

Forest

Cooling
20.0%
Urban

US Drought Dataset

Poor Extreme

Exceptional

Moderate

25.0%

No Drought

Good Moderate

Class distributions for the six datasets used in the evaluation of DeepEdgeNet.

The edge and cloudpart ofthe DeepEdgeNet is implemented
in the same environment but runs logically as separate
distributed nodes. Communication between them is
implemented at the software level in order to have fine-grained
control over the training and inference times. Therefore, the
reported latency and energy efficiency values should be
interpreted as comparative indicators of system behavior rather
than exact hardware-level deployment measurements. Future
work will validate the framework on heterogeneous physical
edge devices to further assess real-world computational and
communication constraints.

C. Training Configuration

For these experiments, the same optimizer, learning rate,
batch size, and number of training epochs were used. Details
about the federated learning approach used are the following:
Synchronous training: In a synchronous distributed setting, a
fixed number of devices (in this case, edge clients) are selected
for each round of communication. These devices are trained
locallyon their respective datasets for a fixednumber of epochs,
which are then sent to the central node (the server) to be
aggregated. To avoid any potential sources of variation in the
resultsand to ensure that all experiments are as reproducible as
possible, all experiments were performed 5 times with the same
seed for all variables. The mean and standard deviation of
performance for 5 different runs to benchmark a model’s
reliability and generalization to both data and workloads. The
variations in results are relatively small; thus, the framework is
consistent and converging for all test cases.

D. Baseline Algorithms

DeepEdgeNet is compared against six state-of-the-art deep
learning models commonly used in environmental monitoring
and spatio-temporal analysis. Unlike existing research, this
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study presents a method that utilizes attention-based meta-
learning to address temporal forecasting challenges.
Experiments are conducted to demonstrate the robustness of the
proposed model and to verify the effectiveness of the approach
adopted. In order to compare with this approach, Baseline
Models: six models were chosen, which are CNN-LSTM, ST-
DGNN, GNN, MSCNN, DeepAR+, and Temporal Fusion
Transformer (TFT). And all the baseline models are
implemented based on open-source implementations or widely
used configurations for the target task for each dataset. In this
study, the baseline experiments are tested in the centralized
learning setting due to practical limitations. DeepEdgeNet is
tested in the more realistic and practical scenario of federated
edge—cloud computing. For reasons oftransparency and to avoid
bias in the evaluation, all models were tested on the same
hardware and software. In addition to the preprocessing, the
number of training steps, the optimizer for training, and the
partitioning of the data into a training set and a test set for the
baselines were all identical. The central implementations of the
baselines were chosen as a basis for comparison and not as a
surrogate for the federated scenario. An implementation of the
baseline models in a fully federated way is part of the future
work.

E. Evaluation Metrics

Model performance is assessed using standard evaluation
metrics appropriate for each task. For classification datasets,
accuracy, precision, recall, and F1-score are reported. For
regression datasets, mean absolute error (MAE) and root mean
squared error (RMSE) areused. In addition, latency and energy
efficiency metrics are reported to evaluate computational
efficiency.

Energy (efficiency) is normalized by the computational cost
of the model. So, one can compare different models (within a
fixed set of energy values) to see which one is more efficient for
both implementations. All experiments are performed in a
simulated edge-cloud environment. Thus, the computational
cost reported runtime (energy) is reported in seconds to process
one sample through the edge-cloud pipeline under fixed
execution, which can be used to compare the efficiency of
different models within a fixed set of energy values but the
values do not correspond to any physical energy consumption in
joules or watts. The execution conditions of all experiments are
identical: i.e., same datasets, same preprocessing, same model
training options, and same evaluation metrics.

V. ABLATION STUDY

To better understand the contribution of individual
components within DeepEdgeNet, an ablation study is
conducted. The goal of this analysisis to isolate the effects of
edge-level feature extraction, federated learning, and robustness
mechanisms on overall performance.

A. Ablation Configurations
Four DeepEdgeNet variants are evaluated:
1) Centralized model: A conventional CNN-LSTM model

trained on aggregated data without edge separation or federated
learning.

Vol. 17, No. 5, 2026

2) Edge-only model: Feature extraction is performed at the
edge, but model training remains centralized.

3) Federated-only model: Federated learning is applied
without explicit edge—cloud feature splitting.

4) Full DeepEdgeNet: The complete framework combining
edge-side representation learning and federated optimization.

All variants use identical network architectures and training
hyperparameters to ensure a controlled comparison.

B. Ablation Results and Discussion

To analyzethecontributionofedgeprocessingand federated
learningto the ablation results of DeepEdgeNet, we observe that
the sole utilization of edge processing or the sole utilization of
federated learning can only gain part of the performance
improvements achieved by DeepEdgeNet. As shown in
Table IV, the sole use of edge processingreduces the latency but
only brings a slightimprovement in classification accuracy. The
sole use of federated learning can bring data privacy, but at the
cost of increased communication overhead. The joint
optimization of representation learning at the edge and
collaborative learning at the cloud in DeepEdgeNet therefore
achieves the optimal trade-off between classification accuracy,
latency and energy efficiency. All the contributions in
DeepEdgeNet work together to achieve improvements and this
analysis confirms that DeepEdgeNetis a good proposal for the
distributed IoT scenarios where it is necessary to balance at the
same time efficiency, scalability and privacy.

VI. EXPERIMENTAL RESULTS

In this validation section, the performance of the proposed
DeepEdgeNet model is compared with six state-of-the-art
models, which are CNN-LSTM, ST-DGNN, GNN, MSCNN,
DeepAR+, and TFT. Also, the proposed DeepEdgeNet and the
compared models were applied to six loT-based datasets from
diverse sources: Air Quality, Individual Household Electric
Power Consumption, EuroSAT, Climate Change and Extreme
Weather, Water Potability, and US Drought Meteorological
Data. These datasets are commonly used in environmental
monitoring and decision-making applications, such as spatio-
temporal analysis, multi-class classification, and time-series
forecasting. For eachexperiment, the experiments have repeated
5 times for each dataset with the same randomseed. The mean
values of the accuracy metric and their corresponding standard
deviations are provided in the supplementary log files.

The  three criteria are: Accuracy of the
classification/performance of the various classifiers. Latency,
which is heavily conditioned by the computation architecture of
the device during the inference phase. Energy efficiency that, in
the context of edge computing, has to be intended as the
consumptionofthe resources used by thesystem. As latency and
energy efficiency are relative values measured under the same
conditions and the edge—cloud behavior is emulated in the
experimental platform, they allow for comparison among the
models regardless of the absolute values that can be obtained on
different hardware. The purpose of this section is to assess
DeepEdgeNet performance by comparing it with the
performanceoftheotherclassifiersin orderto verify that, thanks
to the proposed platform, accurate, reliable, and real-time
predictions can be obtained at the edge while ensuring high
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scalability and privacy-preserving capabilities due to the
federated learning approach. Rather than talking about the
comparison among the best classifiers, the purpose of this
section is to clarify how the gains given by the proposed
platform can be useful in the context of IoT monitoring
applications where itis of crucial importance to give timely alert
messages in time and to save as much as possible the energy
consumption.

All the above-mentioned algorithms can be applied to data
analysisin IoT. For instance, the CNN-LSTM and ST-DGNN
models canbe used to discover the underlying spatio-temporal
relationshipsin the data, while the GNN and MSCNN models
can be employed to analyze the complex spatial structures.
DeepAR+ and TFT are two of the most popular time-series
forecasting models. With large amounts of data and baseline
models, the experiments in this section serve as a reference
benchmark to evaluate the performance of DeepEdgeNet and
demonstrate its superiority in various IoT applications shown in
the following experiments. To further confirm the effectiveness
of DeepEdgeNet, an ablation study is conducted in Section VI
to evaluate the impact of each component (i.e., edge splitting,
federated learning, and robustness layer) in DeepEdgeNet.

TABLE III. COMPARISON OF DEEPEDGENET AND OTHER ALGORITHMS ON
THE AIR QUALITY DATASET
—_
_E 2 g X 2 > > O
= R o~ = o~ e S~ 2 = o £
= [ @2 o — o o @ -2
H 5 RS = @ S e £ s 5 2
0 =~ Q = ) N - = -
o0 [>] = 8 - 3 = g
= < = g | = - =

DeepEdgeNet | 94.5 93.8 94.2 94.0 150 0.85
CNN-LSTM 92.3 91.5 92.1 91.8 200 1.05
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Consumption datasets are reflected in Table IV, revealing the
further performance level ofthe task at forecasting power usage
accurately. The MAE and RMSE values of the proposed model
are 0.32 and 0.42, respectively, which are the lowest among all
scenarios, confirming the high quality and stability of short-term
forecasting of energy consumption behavior. Therefore, the
proposed model achieves short-term accurate energy
consumption behavior forecasting and thus is highly reliable for
real-time energy management of smart grid applications, while
saving lots of energy and reducing latency. The second best
model is ST-DGNN with slightly larger errors (MAE=0.33,
RMSE=0.43). Traditional time series prediction models like
DeepAR + and TFT are far away from the proposed model.
Moreover, the proposed model has one of the shortest latencies
(160 ms) and the lowest energy consumption (0.88 J) in all
experiments, which also confirms the effectiveness of the
proposed framework. In summary, the proposed framework not
only demonstrated the effectiveness of utilizing the unique
sequential characteristics of large-scale energy consumption
behavior data from smart homes but also achieved low
computational costs and resource consumption, which are very
important and valuable for many energy efficiency applications
implemented in resource-constrained devices such as smart
meters and home energy displays. In summary, although the
proposed model is not the fastest one, its MAE/RMSE values
are very low, indicating high accuracy in short-term energy
consumption behavior forecasting. In addition, competitive
models like TFT and DeepAR + have much larger errors and
energy consumption levels, so they are difficult to use in real
IoT systems.

TABLEIV. PERFORMANCE COMPARISON OF DEEPEDGENET AND OTHER
ALGORITHMS ON THE INDIVIDUAL HOUSEHOLD ELECTRIC POWER
CONSUMPTION DATASET

ST-DGNN 93.7 92.9 93.2 93.1 170 1.00
GNN 89.8 89.0 88.5 88.7 250 1.20 . Latency Energy
MSCNN 905 | 897 | 898 | 897 | 210 | L10 Algorithm MAE RMSE (ms) | Efficiency (J)
DeepAR+ 889 | 878 | 881 |80 |[230 | 1.15 DeepEdgeNet 0.32 0.42 160 0.88
TFT 91.6 90.8 91.2 91.0 190 1.00 CNN-LSTM 035 045 210 1.10
The evaluation of DeepEdgeNet vis-a-vis six other state-of- ST-DGNN 033 043 180 1.05
the-art methods used on the Air Quality dataset is given in GNN 0.40 0.50 260 125
Table III. DeepEdgeNet achievesthe highestaccuracy of 94.5%, MSCNN 0.38 0.48 220 120
whereas the second—best model, ST-DGNN, achieves an DeepART 036 046 240 115
accuracy of 93.7%, which is only 0.8% less than that of p— 032 o 200 03
DeepEdgeNet. This is 2.2% more than the third model, CNN- - i i
LSTM, which achieves an accuracy of 92.3%. DeepEdgeNet
captures the variability in the accuracy breakage of the temporal TABLE V. P‘ffggxﬁﬁg SS]\T’[;/;R]QE?{ES:PE&PTEA%S?ET AND OTHER
relations of air pollutants that are spatially correlated due to
changes in weather conditions or sensor drift. DeepEdgeNet e e - Q ) =
S . . 2 g S S S S £ =
provides a good trade-off of all the required metrics. It achieves = g T s g = %5
the least latency of 150 ms and the least energy consumption of B s = ?3 S g $5
0.85 J. From an application perspective, the latency reduction 2 g g & 5 E -
from 200 ms (of CNN-LSTM) to 150 ms (of DeepEdgeNet) will < A = - =
result in an efficient early warning system where alerts have to DeepEdgeNet | 95.4 94.7 95.0 94.9 140 0.75
be triggered at mu}tiple locations. Hence, ST-DQNN anq CNN— CNN-LSTM 92.0 913 915 | 914 200 0.95
LSTM are not sul‘Fable fqr edge-based air quality monitoring. ST-DGNN 920 | 932 935 | 934 170 | 085
DeepEdgeNet achieves high accuracy at a low computational NN " 507 508 1907 350 1o
cost, which s an essential requirement for loT-based air quality i i - - -
monitoring systems. MSCNN 92.8 92.1 923 922 210 1.00
The comparative results between DeepEdgeNet and other DeepAR %02 89.5 897 | 896 230 105
baseline models on the Individual Household Electric Power TFT 230 [923 |95 [924 | 190 | 090
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As compared with six other state-of-the-art algorithms listed
in Table V, the EuroSAT dataset deals mainly with land-use and
land-cover classification using satellite imagery. Out of all
models that were considered, DeepEdgeNet stands tallest with
an accuracy of 95.4%and an F1-score of 94.9%. The next best
model, ST-DGNN, lags over 1.5% behind in both metrics.
Improvements make clear that DeepEdgeNet excels at modeling
spatial patterns in high-dimensional image data, thanks to its
CNN-based edge architecture and federated training strategy.
Not only does DeepEdgeNet have the lowest latency at 140 ms,
but it also displays the highest energy efficiency at 0.75 J,
thereby proving its capability to enable classification of satellite
data in near-real-time while consuming minimal resources. In
Earth observation workflows, the combination of high F1-score
and lower latency can be beneficial for near-real-time mapping
and automated monitoring tasks (e.g., land-use updates, early
anomaly spotting, or rapid screening of large image batches).
While some other models like MSCNN and TFT perform well,
they are slightly costly in energy and would have higher
latencies, whichlimittheir effectiveness when placed at the edge
forlarge environments. These results confirm that Deep EdgeNet
is capable of producing the best state-of-the-art classification
accuracy for remote sensing tasks and that it can also provide
the necessary efficiency for continuous and sustainable Earth
observation with loT-based applications.

TABLE VI. PERFORMANCE COMPARISON OF DEEPEDGENET AND OTHER
ALGORITHMS ON THE CLIMATE CHANGE AND EXTREME WEATHER DATASET

£ Sl E | S|e| S| 8|t
50 S = 2 — < & =2 £
= < -9 ~ o s = =
-
DeepEdgeNet | 96.2 95.8 96.0 | 95.9 35 130 0.72

CNN-LSTM 94.5 94.0 943 | 94.1 42 180 | 0.90

ST-DGNN 95.2 94.7 95.0 | 94.8 39 150 0.80
GNN 90.0 89.5 89.8 | 89.6 6.5 230 1.05
MSCNN 91.3 90.8 91.0 | 90.9 5.8 200 0.95
DeepAR+ 92.8 92.3 925 | 924 4.5 210 1.00
TFT 94.0 93.5 93.7 | 93.6 4.0 160 0.85

The performance of DeepEdgeNet and other competitive
algorithms in the challenge of C Climate Change and Extreme
Weather is shown in Table VI. This challenge involves
classifying and forecasting several weather-related
environmental events. The overall performance of
DeepEdgeNet was the best, achieving 96.2% accuracy, a near-
perfect F1-score at 95.9%, and a MAPE at 3.5, thus indicating a
better prediction accuracy with very low error in the estimation
of climate trends. Such improvements matter more in the niche
domain where early accurate detection of extreme weather can
inform disaster preparedness or climatic interventions in
policies. With this, DeepEdgeNet is also the lowest in latency
(130 ms) and energy use (0.72 J), making it very well-suited for
real-time environmental monitoring in distributed sensor
networks. In operational settings, reducing MAPE and latency
together is valuable because it supports both timely forecasting
and stable decision-making, which are essential for risk-aware
monitoring pipelines. ST-DGNNand CNN-LSTM are in aclose
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performance range, but their computational needs disqualify
them as an option for scalable deployment at constrained IoT
infrastructures. Thus, the results indeed revealed how
DeepEdgeNet had the edge over the others as concerns high-
accuracy, low-latency, and energy-efficient predictions in
deeply complex and high-impact environmental monitoring
scenarios.

TABLE VII. PERFORMANCE COMPARISON OF DEEPEDGENET AND OTHER
ALGORITHMS ON THE WATER POTABILITY DATASET
Algorithm Act'l’;:; N Fl;f/j;"e L?:E?)cy Effilll:;f)): @
DeepEdgeNet 92.7 92.3 130 0.80

CNN-LSTM 89.5 89.1 170 1.00
ST-DGNN 90.8 90.4 150 0.90
GNN 87.0 86.5 220 1.10
MSCNN 88.5 88.1 180 1.05
DeepAR+ 88.0 87.6 200 1.00
TFT 89.8 894 160 0.95

To illustrate performance against standard baselines on the
Water Potability dataset, DeepEdgeNet was applied to classify
water samples as drinkable or not depending on physical and
chemical parameters. In Table VII, DeepEdgeNet gives the
highest accuracy and F1 score (92.7% and 92.3%, respectively),
by almost a 2% margin of the second best model, ST-DGNN.
DeepEdgeNet model can learn from tabular environmental data
very effectively, and can handle imbalanced and noisy data,
which are common characteristics in any water quality datasets.
It gives the least latency of 130 ms and also the least energy
consumption of 0.80 J. These results show that the proposed
DeepEdgeNet model is also robust to the noisy field data that
exists in water quality monitoring stations. Although the other
two models, CNN-LSTM and ST-DGNN, had comparable
performance metrics, they are less efficient than DeepEdgeNet.
Hence, DeepEdgeNet has the best trade-off between the
performance metrics and efficiency and can be used as a real-
time privacy-preserving water quality monitoring solution in
distributed IoT systems.

TABLE VIII. PERFORMANCE COMPARISON OF DEEPEDGENET AND OTHER
ALGORITHMS ON THE US DROUGHT METEOROLOGICAL DATASET
Algorithm MAE RMSE Lj:z:)cy Effi‘::;f’yy o
DeepEdgeNet 0.28 0.38 130 0.72
CNN-LSTM 032 0.42 180 0.90
ST-DGNN 030 0.40 150 0.80
GNN 038 0.48 240 1.10
MSCNN 035 045 200 0.95
DeepAR+ 034 0.44 210 1.00
TFT 031 041 170 0.85

Table VIII displays the performance of DeepEdgeNet and
benchmark algorithms againstthe US Drought Meteorological
Dataset, where the objective is to predict drought intensities
based on the meteorological features considered. Amongst all
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models tested, DeepEdgeNet has outclassed others in predictive
performance with the lowest values of MAE (0.28) and RMSE
(0.38). This currently shows that it provides more accurate and
stable estimates of drought features than all the other models
used for performing this task. Indeed, these types of
enhancements are especially favorable toward drought
prediction, in which even minor discrepancies could cause
significant changes in water resource planning and agricultural
decisions. DeepEdgeNet is not only predictively superior but
also fastest in responsetime (130ms) and highly energy efficient
(0.72 1)), thereby provingit fits for real-time deployment under
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climate-sensitive environments with IoT-based drought
monitoring networks. In practice, improved drought forecasting
accuracy can support earlier mitigation actions, such as
irrigation planning, risk-level alerts, and allocation of limited
water resources. With ST-DGNN and CNN-LSTM relatively
accurate, they are poorly suited for battery-limited applications
due to their high latencies and energy costs. Such findings
confirm the potential of DeepEdgeNet to absorb and analyze
time-series meteorological data, thus favoring proactive drought
risk mitigation strategies through fast and energy-aware
analytics.
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The comparative performance of DeepEdgeNet and six other algorithms (CNN-LSTM, ST-DGNN, GNN, MSCNN, DeepAR+, and TFT) across six

datasets: Air Quality, Individual Household Power, EuroSAT, Climate Change, Water Potability, and US Drought.

To verify that DeepEdgeNet’s gains are not the result of a
single design choice, an ablation study is conducted that isolates
the impact of 1) edge-side feature extraction, 2) federated
learning, and 3) the optional robustness layer. The results show
that edge-only settings primarily reduce latency but provide
limited improvements in predictive accuracy, whereas
federated-only settings improve privacy and generalization but
do not achieve the best efficiency profile. The complete
DeepEdgeNet configuration consistently yields the strongest
overall trade-off across accuracy/error metrics, latency, and
energy efficiency, confirming that the proposed framework
benefits from the interaction of its edge—cloud split and
collaborative federated optimization.

The radar chartsin Fig. 7 provide a comprehensive view of
the performance of DeepEdgeNet and six comparison
algorithms across diverse IoT datasets. For each chart, analyze
the performance ofthealgorithms as per the specified evaluation
metrics for a given data set. DeepEdgeNet is found to

outperform almost all comparison algorithms over the evaluated
metrics with significant but not limited focus on high accuracy
and efficient energy consumption, coupled with low-latency
metrics. [oT-based environmental modeling has attracted a lot
ofresearch interestin recent years because ofthe efficient usage
of resources available atthe edge of IoT systems and because of
the possibility of gaining real-time insights to complex
phenomena and the behavior of the environment. Modeling is
the backbone of IoT-based environmental modeling
Environmental models should provide the required information
on time while utilizing the resources available from the sensor
networks to the fullest extent possible. Therefore, the modeling
task must be able to learn spatial and temporal patterns
embedded in sensor data very quickly and in an efficient
manner. In this context, a novel edge-aware neural network
model, DeepEdgeNet, is proposed and evaluated for IoT-based
environmental modeling at the edge. Experiments are conducted
with four different sensor datasets (Air Quality and Individual
Household Power and US Drought for regression and EuroSAT
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for classification). The results show that DeepEdgeNet
significantly outperforms all other state-of-the-art models for all
the micro metrics like F1 score and precision for classification
tasks, as well as the smallest MAE and RMSE values for
regression tasks. In addition, the visual results validate the
suitability of DeepEdgeNet for IoT-based environmental
modeling. Fig. 7 is plotted by focusing on relative differences of
the values (excluding small variations) to confirm the adequacy
of DeepEdgeNet in terms of both accuracy and resource
efficiency. Fig. 8 and 9 confirm the winning position of
DeepEdgeNet against all the other five baseline algorithms in

Vol. 17, No. 5, 2026

both the Air Quality and EuroSAT datasets, achieving the
highest average scores for all the predictive metrics, including
accuracy, precision, recall, and F1 score. In addition,
DeepEdgeNet is also favorable in terms of low latency and
energy efficiency. Therefore, DeepEdgeNet s preferred for the
Air Quality data set because of its fast inference and lower
resource requirements, which is highly preferred in real-time
pollution alert systems, while DeepEdgeNet is preferred for the
EuroSAT data set because of its capacity to handle the high-
dimensional remote sensing data efficiently.
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This study briefly summarizes the contributions and
performance evaluation of DeepEdgeNet on several sensor and
imagery datasets. Preliminary experiments have demonstrated
the effectiveness of DeepEdgeNet in terms of the classification
accuracy for all datasets, while the margins differ significantly
fromeach other. Some possible new works should be considered
in the future to further improve the edge-cloud partitioning
strategy and the communication efficiency of federated learning
for IoT.

While our results suggest several opportunities for
improving the edge—cloud behavior, there are also a few
limitations that need to be addressed. Currently, all our
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Performance comparison of DeepEdgeNet and six baseline algorithms on the EuroSAT dataset.

experiments are based on simulation. The behavior of different
physical edge devices was emulated on a uniform hardware
platform. Thus, the latencies and the energy consumption of the
heterogeneous physical devices are not yet fully known. Also,
the baseline algorithms have been implemented and evaluated in
the centralized scenario, whereas a fully federated
implementation of all the comparison models is needed for a
complete comparison. Another limitation is that our experiments
are based on four different environmental monitoring datasets,
and that it will be necessary to validate the robustness of our
studies with respect to possible disturbances (such as noise and
communication faults) as well as hardware heterogeneity in

220|Page

www.ljacsa.thesai.org



(IJACSA) International Journal of Advanced Computer Science and Applications,

large-scale IoT systems, which havenot yet been investigated.
Future work will focus on validating the proposed framework
using real hardware platforms and more robust communication
protocols.

VIL

DeepEdgeNet: An Edge-Fed Deep Learning Framework
toward Smart [oT for Environmental Monitoring. Deep EdgeNet
is an edge-fed deep learning framework for enabling efficient,
scalable, and secure loT-based environmental monitoring
systems. The edge samples are processed via feature learning at
the edge side, while the concept of federated learning is
employed at the server side to minimize the dependence on the
costly data collection in the central side. The performance of
DeepEdgeNet is evaluated using six different datasets for
various applications, such as air quality and land-cover
classification, as well as energy consumption and drought
forecasting. The achieved results show that DeepEdgeNet
achieves higher accuracy, F1-score, MAE, and RMSE than
state-of-the-art deep learning architectures for classification and
regression tasks. In addition, the proposed framework provides
lower latency and energy consumption required for loT-based
environmental monitoring systems. Although the current
implementation of DeepEdgeNetis performed in the simulated
edge—cloud environment, the performance trends obtained in
this work confirm the applicability of DeepEdgeNet for real-
time environmental monitoring that needs immediate analysis
along with efficient resource utilization. In future work, we plan
to evaluate DeepEdgeNeton real hardware-based heterogeneous
edges. In addition to Google LeNet, we plan to add other
baseline models to federated learning. We also plan to
implement an adaptive communication mechanism to minimize
the overheads.

CONCLUSION
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