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INTRODUCTION

ABSTRACT

The internet of things (loT) is also using sensor networks that are in-
creasingly becoming wireless as well as incorporating edge computing
to achieve distributed inference instead of processing the data through
a centralised cloud computing service. While, the traditional federated
learning (FL) models are not specifically optimised to operate within en-
ergy constraints characteristic of battery-operated sensor nodes, which
results in untimely depletion of nodes and network saturation. This pa-
per: this paper suggests a federated learning model that is energy- aware
on edge-intelligent WSNs that optimises computation and communica-
tion overhead on joint distribution training. A mathematical model of
energy consumption is formulated that models node-based computation
and transmission costs and re-formulates the global learning optimization
with hard constraints on the available energy. The adaptive mechanism
of participation is proposed, where only those nodes that have enough re-
sidual energy and good channel conditions are eligible in contributing to
every training round. Moreover, update schemes that are communication
efficient are incorporated to minimise further the transmission overhead.
Large-scale simulations show that the suggested framework might save
as much as 28 % of the total energy usage as compared to typical FL with
equivalent inference competence. The methodology also increases the
network life by more than 35 % and convergence speed in non-homoge-
neous node environments. The above findings suggest that sustainable
edge intelligence in costly wireless sensor networks needs an energy-con-
scious federated optimization.
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These features are becoming imperative in the use
of environmental monitoring, precision agriculture,

WSNs has changed the traditional infrastructures that
were invariably passive sensory to be considered as
intelligent distributed systems that can undertake
localised data processing and inference in real-time
[4], [8]. Combining edge intelligence enables sensor
nodes and gateway to perform machine learning
operations close to the source of data, cutting down on
latency, and decreasing bandwidth requirements and
making autonomous decisions and normal decisions.!" &
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industrial process control and smart infrastructure
management. Nonetheless, implementing the learning
mechanisms in WSNs poses a great challenge because
sensor nodes have very low resource constraints. The
most limiting factor in large scale WSN deployments
has been energy availability. The battery capacity of
most sensor nodes is limited or they use intermittent
energy sources such as solar, wind and thermal energy,
thus making sustainable operation a major design
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goal. In a distributed learning environment, repetitive
local training and exchange of model parameters
through iteration substantially raises the cost of
computations and a exchange of model parameters.
A significant part of the overall energy consumption,
in particular, is covered by wireless transmission.
Unless properly optimised, distributed inference
well will speed-up node depletion, sensing coverage
and overall network lifetime will still be shortened.
Federated learning (FL) has become an encouraging
concept of distributed model training without any
centralised data aggregation.? FL helps decrease the
availability of raw information, as one or two of them
end up in just a single place on it, and small pieces
of the model can be shared in their place, thereby
lowering privacy risks and eliminating the overload
of data transmission.> * However, traditional FL
algorithms are most likely to be trained on mobile-
based applications or edge-cloud systems where the
issue of energy is relatively medium.!"” These models
tend to presuppose equal participation put by clients,
synchronous communication cycles, and unrestricted
iterative training models.> ¢ These assumptions
contribute to poor use of energy, irregular levels of
node usage and poor performance of the network in the
long-term when applied directly to battery-powered
WSN settings. Even though several previous studies
have already analysed energy-efficient communication
protocols in WSNs and communication-compression
techniques in federated learning,® 7 there is little
literature that explicitly analyses the federated
optimization mechanism as requiring explicit energy
modelling. Current methods usually optimise both
learning performance and network energy consumption
separatelyandnotasclosely coupleddesigncriteria.l’- "
Such a disconnection forms a research gap toward
effective provision of sustainable edge intelligence
functions within feasible sensor network conditions.
To handle this shortcoming, this paper proposes
an energy conscious federated machine learning
architecture, which is specifically optimised towards
the edge-based WSNs. An exhaustive node model
energy consumption is developed to collectively
define both the computing and transmission costs
when federated training is involved. Reformulation
of global optimization objective is done to include
explicit energy limits guaranteeing high energy
participation among the nodes in the communication
rounds in a sustainable and balanced way. On this
formulation, a mechanism of adaptive client selection

is proposed that uses the residual energised states
and communication environments in dynamically
controlling participation, hence balancing inference
accuracy and network persistence.l'® 21 The proposed
framework is also justified using scalable simulations
involving better convergence rates, drastic decreases
in total energy usage, and drastic duration of network
lifetime compared to the traditional federated learning
schemes. The proposed scheme provides a sustainable
channel towards the implementation of intelligent
analytics in large-scale wireless sensor network by
closely integrating distributed learning optimization
with network design taking into consideration energy
consumption.

ReLATED WORK

Federated learning has become a popular distributed
learning paradigm to be applied in Internet of
Things (loT)-based and edge computing settings.!" &
FL ensures that privacy risks are minimised through
collaborative optimization of models, without
communication smoothness where data is aggregated
inacentral location.® °? More recent work has discussed
lightweight federated design to edge and asynchronous
aggregation to reduce straggler effects and to
have communication efficient update mechanisms
including gradient sparsification and quantization.
26,71 FL is used in loT-based systems in the contexts
of smart healthcare monitoring, fault diagnosis
in industries, and sensorimotor environments.['?
Although these solutions have been made, the vast
majority of federated system models are developed
on the basis of relatively constant computational
and energy capabilities, which frequently fails to
reflect the hard battery constraints of wireless sensor
networks.> " Simultaneously with the advances in
distributed learning, a large amount of research has
been performed to develop energy-efficient WSNs
procedures. Classical strategies are aimed at reducing
the radio transmission costs by using clustering
mechanisms, duty-cycling schemes, adaptive power
control of transmission, and energy-conscious routing
methods. Certain protocols like LEACH and its
derivatives add hierarchical communication in order
to balance the load between the nodes, whereas cross-
layer optimization approaches seek to coordinate
between medium access and routing choices. Though
they are viable to minimise communication overhead,
these techniques only emphasise on sensing and data
forwarding capabilities, but not on iterative learning
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workloads, which also add new computational and
synchronisation requirements.

Unexpectedly, the inference mechanisms to be
distributed have been also explored to minimise de-
pendency on centralised processing in sensor net-
works.[* 8 Strategies are in-network aggregation, con-
sensus based estimation, distributed detection and
collaborative filtering model. More recently, edge-as-
sisted inference models have been used to execute
local models, which run on the gateway nodes, or
cluster heads to minimise the latency and backhaul
traffic.[" 2 Nevertheless, most of these mechanisms
are concerned with the inference once the training
of the model is over, without considering the energy
implications of distributed training itself. Thus, the
training step, and especially, in the case of federated
optimization, is not optimised sufficiently in terms of
energy sustainability.l® 71 A number of recent papers
are trying to integrate energy-awareness into federat-
ed learning, which includes client selection heuristics,
communication compression, or responsive training
frequency.l'> 21 Although these techniques partially
decrease overhead, they may be based on simplified
models related to the overhead like constant energy
levels, equal capacities of nodes, or failure of de-
tailed computation-communication interactions.l> '
Additionally, energy optimization is often considered
as a secondary constraint other than an objective part
of global learning. 3 Such discontinuity in treatment
does not enable the scalability of federated learning
and its long-term viability in densely deployed WSN

settings. In general, the current body of literature
shows significant advancement in federated optimi-
zation, energy-efficient networking on a case-by-case
basis, but an overview system that strictly combines
node-level energy modelling, constrained federated
optimization, and adaptive participation control has
not been studied yet. This lack of an such integrated
approach denotes a faulty gap in facilitating sustain-
able edge wisdom to battery-powered remote wireless
sensor networks. This void is filled with the current
work creating a mathematically justified energy-con-
scious federated learning model, which explicitly cer-
tifies the distributed inference performance with the
optimization of network lifespan.

METHODOLOGY

System Model and Energy Formulation

The proposed wireless sensor network model, based
on edge-intelligence is shown in Figure 1, which is a
hierarchical three-layer structure that comprised of
distributed sensor nodes, a cluster head (gateway)
and an edge server that is the global aggregator.

Sensor nodes at the most basic level (i.e., the bottom)
store local datasets , local model parameters , and
finite residual energy . The nodes also do a local
training on their local dataset and send the model
updates (not the raw data) on a periodic basis. The
middle layer will consist of a cluster head which will
organise the communication as well as implement an
energy conscious participation policy. In every round
of communication, the gateway cheques the residual
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Figure 1: Edge-Intelligent WSN Architecture
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energy of the communicating nodes and only allows
training under the condition . Only selected updates
are sent to the edge server where global aggregation
is done. The global model is then communicated to
capable nodes, in a form of aggregation bringing
the communication of federated learning back to its
source. As Figure 1 illustrates, the energy-conscious
client filter is directly incorporated into the update
stream and allows one to sustainably perform
distributed inference with limited power budgets. In
order to be able to quantitatively model the resource
consumption, the total energy used by node in one
round of federated learning is modelled as the
aggregate of components of computation, transmission
and reception energy consumptions. Total energy
consumption is given as

E;=E""" + E¥ + ET*__ (1)

Where E/°"", Ef*. and E/* denote computation,
transmission and reception energy respectively. Local
training would consume a amount of computation
energy and is dependent on the features of a processor

and workload complexity and is modelled as.
M = xCiff

in which, k is the effective switched capacitance
coefficient, Cis the number of CPU cycles to do local
model updates, and f_is the operating frequency of
node i. The energy spent in uploading local model
changes to the gateway is as shown by

5,
EF=p, .=
i tx R,

In which represents the transmission power,
represents the size of the implemented model
parameters, and represents the available data
rate. The combination of these formulations has
the benefit of modelling the interaction between
computation and communication overhead during
federated learning iterations, which is realistic given
operational limitations in wireless sensor networks. In
global federated learning, the challenge of reducing
the cumulative loss among distributed nodes without
disproportionately compensating any individual is the
global federated learning objective that needs to be
reduced. The opposite end is optimised as follows:

minF(w) = L, X F(w). @
w n

refers to the local loss of node , is the local samples,
is the total number of nodes, which is optimised by
computing: In order to ensure sustainable operation
of the network, the goal in Equation (2) is redefined
with clear energy limitation. The energy optimization
problem is outlined as an energy-conscious problem.

minF(w) s.t E; > Eg, (3)
w

is the specified minimum energy necessary to join.
The nodes with energy smaller than this value are
not involved in the current training round and this
will allow network connectivity to be maintained by
avoiding early depletion. The designed framework
makes the provision of the constraint as part of the
federated learning process by providing a principled
balance between the accuracy of distributed inference
and long-term network sustainability.

Federated Learning Framework Proposal.

This paper makes a suggestion of an Energy-Aware
Federated Learning (EA-FL) framework that aims to
maintain distributed inference within WSNs, shared by
controlling participation and communication overhead.
The eligibility score assigned to a node at the start of
a round is the amount of residual energy available at
node iii, calculated by local battery reading or energy
harvesting state, and allows the node to participate
in completing local training and transmitting updates
without exceeding the constraint on the amount
of energy that node can consume in a given round
as indicated in Equation (3). Along with energy, the
network also includes channel-aware scheduling that
takes the link quality indicators (e.g., SNR, RSSI,
or achievable rate when reducing retransmissions
and eliminating the use of nodes with bad uplink
conditions which can generate excessive transmission
energy. The general formulation of EA-FL, on these
two factors, is a probability of participation model
which tend to choose nodes of larger residual energy,
and better channel condition, whereas, low-energy, or
weak-link nodes are deferred or disqualified to avoid
premature network fragmentation. This probabilistic
sampling is used in order to prevent repeated sampling
of the similar superior nodes, and thus, balance
learning progress and equity and lifetime. Generally,
to minimise further the communication energy, EA-FL
incorporates mechanisms of communication reduction
into the update pipeline. To begin with, gradient
sparsification benefits by only transmitting top- most
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important elements of the gradient or model deltas,
which drastically reduces the amount of payload in
the transmission energy model. Second, quantization
codes updates sent by compressing them (e.g. 8-bit or
stochastic quantization) but maintaining convergence
stability, and again save on communication cost. Third,
periodical aggregation also minimises the number
of uplink transmissions per local epoch by enabling
the aggregation of many local epochs beforehand or
by aggregating only after every T rounds, thereby
reducing the overall number of communication rounds
and achieving additional lifetime enhancement.
These processes are implemented either in isolation
or together based on constraints of a system in
a way that energy savings are not attained at an
unacceptable cost to inferences. The overall training
process can be summed up with the help of the
Algorithm 1 due to the description of the EA-FL model
of energy assessment, adaptive customer selection,
and compressed transmission of local updates,
weighted global aggregate, and update in the residual
energy.

Algorithm 1: Energy-Aware Federated

Learning (EA-FL)

Input: Number of rounds T, node set N, energy

threshold E,, local epochs E, learning rate n,

compression settings (sparsity k, quantization bits b),

aggregation period T

Output: Trained global model w,

1. Initialize global T, model at edge server

2. forround todow,

3. Edge server broadcasts current global model w,_,t
to gateway and nodes

4. Energy evaluation: each node i € N estimates
residual energy and link quality (e.g., rate

5. Client filtering: gateway forms eligible set
S={ieN| E>E"}

6. Channel-aware scheduling: compute a selection
score q, (t) using energy and channel quality

7. Participation sampling: select Kc<S according to
q, (t) (probabilistic or top-mmm)

8. Local update: each selected node i€k, performs
local training for E epochs w{ —nVF;(we_q)

9. Compression: each node applies sparsification +
quantization to the update ja{=wf —w,_;

10. Selected nodes upload compressed updates A to
gateway (and gateway forwards to edge server)

11. Periodic aggregation: if T = 0 then
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12. Edge server performs weighted aggregation

Wy & We g t Eie%tﬁﬁs

13. else set w,«w,

14. Energy update: each node updates residual
energy E;(t+1) « E;(t) — (E{"™ + E¥ + ET¥)

15. end for

16. Return

Complexity Scalability Analysis.

The communication and computational expenses
of the suggested Energy-Aware Federated Learning
(EA-FL) architecture also have a direct effect on
the applicability of the framework to large-scale
application in wireless sensor networks. The given
part of the research examines the complexity aspect
and scalability of the framework when the node
density is growing and the energy limitations are
different. The complexity of the communication per
federated learning round mainly relies on the number
of participating nodes and the size of model updates
that are being presented. Let denote the total
amount of nodes and S denote the mean size of model
parameters or gradients sent. In the extreme situation
of every node involving itself in a particular round, the
uplink communication complexity can be defined as

O(N-S)

Nevertheless, using the suggested energy-conscious
client selection mechanism, only a subgroup
K.EN takes part in each round, literally lowering
the essential communicate cost O(|K, [-S), thus
diminishing the prevailing communication energy
aspect, which is expressed in Equation (1). In its turn,
the proposed framework displays sub-linear practical
communication development compared to the total
node count under the condition of participation
filtering. The complexity of computation is the result
of the number of local training epochs and batch
operations performed on each node. Where E is the
number of local epochs and B is the mean size of the
batch or data processing factor of each local epoch.
The general computational work per round of all the
participating nodes is approximately.

O(N-E-B)

Just as is the case with communication cost,
effective computational burden is depowered to
O(IK, [-E-B)when there is participation restriction

5]
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using energy. This sort of scaling reduces the energy
depletion that is uniform and allocates dynamically
the training weight in the network. There is a basic
compromise between energy conservation and model
accuracy. Convergence acceleration of increasing
local epochs E would minimise the number of
communication rounds and but consequently consume
more computation energy E©™. In contrast to this,
aggressive participation filtering will reduce aggregate
energy consumption but can effectively reduce
convergence as results of smaller model diversity in
aggregation. The offered EA-FL framework stabilises
this trade-off and provides the outcomes of the
dynamical regulation of the participation likelihood
and the frequency of aggregation depending on the
conditions of residual energy. Another very important
consideration is scalability to higher node density. In
the traditional federated learning system, the number
of nodes is added at a cost in terms of communication
overhead and synchronisation complexity. Instead, the
proposed energy-worthy participation framework will
guarantee that just a limited fraction of nodes will
participate in a specific round to avoid congestion of
uplink, and preserves a stable convergence pattern.
The adaptive client selection which defines how
packet switching is allowed reduces the number of
active packets as network size increases, and as such,
causes the framework to be able to grow to dense
WSN implementations without a linear increase in
power consumption. E_th is a crucial parameter of
network behaviour that can be used in controlling
the network. Stepping the threshold to a higher point
results in a more rigorous participation requirement,
which maintains a long-term existence of the network
but could be slowing learning? Reduced threshold
enhances the speed of training at short-term duration
but is prone to fast depletion of energy and uneven
node fatigue. Thus, threshold tuning allows system
designers to choose a compromise between data
convergence speed and operation life depending
on the needs of the application. Through theory, it
can be estimated that network lifetime will be the
trainings rounds that an essential portion of the
nodes will reduce and hit the energy threshold. Since
the suggested architectural design selectively does
not incur low-energy nodes and allows compressing
the size of updates, the amount of decrease in
energy per round has been reduced in comparison
to traditional federated learning. This regulated
energy usage translates to a longer operational life

and a better survivability to node failures especially
in nonhomogeneous energy settings. Generally, the
analysis of complexity shows that the version of
the EA-FL framework proposed is easily scalable to
the network size while having a principled trade-off
between distributed inference accuracy and reliance
on sustainable energy consumption.

EXPERIMENTAL SETUP

The suggested Energy-Aware Federated Learning (EA-
FL) scheme is tested in terms of complex simulations
aimed at representing the real-life situation of a
wireless sensor network. The network topology will
be a random distribution of sensor nodes distributed
on a rectangular area of a fixed extent on a square.
The quantity of nodes will be 50 to 200 to evaluate
the scalability with an ever-thickening network. It
presupposes the hierarchical topology, which requires
sensor nodes to be connected to a cluster head or a
gateway that transmits selected updates to an edge
server that will divide them throughout the whole
world. Starting values of the heterogeneous energy
levels of all nodes are set in order to replicate realistic
deployment conditions. In distributed training
evaluation, a evaluated designated conduction
classification dataset is divided to nodes to emulate
non-independent and non-identically distributed (non-
1ID) local data situations. The nodes form a local subset
D, of the whole dataset, and data heterogeneity is
produced by giving the nodes biassed distributions of
the classes. This arrangement corresponds to realistic
conditions of sensing in which observations are not
identical at spatially distributed sensors. The learning
model used is a lightweight neural network that could
be executed to run on edges and the hyperparameters
applied in all the comparative methods are equal to
maintain fairness. A distance-dependent path loss
formulation in the wireless linkage of sensor nodes
and the gateway are modelled with additive white
Gaussian noise. The attainable transmission rate
for each node is calculated around the signal-noise
ratio(SNR), and the channel conditions of different
nodes are dissimilar to approach heterogeneous
communication situations. The channel modelling
directly affects the use of transmission energy as in the
definition of Equation (1), in which the communication
overhead can be realistically assessed. Parameters
used to set the energy are picked to represent the
typical sensor hardware; low-power hardware. The
preliminary energy of the battery is allocated within
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a set club to represent variability in the devices. The
transmission power , processor frequency , switched
capacitance coefficient , and update size Si are set
to more specifications of the typical embedded
devices. The energy model created in Section 3.1
is used to compute the energy consumed in a single
training round by and multi-way Faraday machine,
computation energy and communication energy.
To control the participation of the nodes within
the proposed framework, an energy threshold is
established. In order to test the usefulness of EA-FL,
there is a baseline carried out in two methods. The first
baseline is centralised learning, where all the local
data are sent to a central server and trained, which
is communication-intensive and model training is not
distributed. The second baseline involves the normal
federated learning that does not use energy conscious
client selection or communication compression. The
methods are tested using the same network conditions
and training parameters, and the performance should
be measured by the results in terms of recognition
accuracy, total power consumption, convergence time,
and network life in terms of communication rounds.
This experimental framework allows conducting a
thorough evaluation of the learning performance as
well as energy sustainability in terms of network size.

PeERFORMANCE EVALUATION AND RESULTS.

This part discusses and assesses the suggested
Energy-Aware Federated Learning (EA-FL) framework
with regards to convergence performance, energy
efficiency, scalability, and network lifetime. Table 1
summarised simulation and system configuration in
which all experiments were done. They are compared

with centralised learning and the conventional
federated learning in the same training environment
to make it fair. The simulation parameters in Table
1 indicate realistic parameters of a wireless sensor
network, such as heterogeneous deployment of nodes,
transmission power limitation, processor specification,
and an explicit participation energy cut-off threshold.
The network size will range between 50 nodes and 200
nodes to cheque the scalability and 100 initial nodes
to analyse lifetime to ensure consistency across the
performance comparisons.

Figure 2 gives the convergence behaviour of the
three approaches and the figure plots the test accuracy
with respect to the number of the communication
rounds. As seen in Figure 2, centralised learning has
the quickest convergence rate and the greatest final
accuracy since there is complete data aggregation
without distributed constraints. Ordinary federated
learning has slightly slow convergence yet consistent
performance round to round. There is a slightly
slower initial convergence rate of the proposed EA-FL
framework because of an energy-wise client filtering,
though; it reaches a similar final accuracy in the end.

The last accuracy values provided in Table 2 affirm
this assertion because EA-FL reported 90.3% accuracy
as opposed to the 90.5% accuracy reported by standard
federated learning and 92.4% accuracy reported by
centralised learning. The reduced performance drop
points to the fact that energy consciousness behaviour
does not adversely affect the quality of inferences.

Figure 3 shows energy scalability with node
density where total energy consumption is a graph of
sensor node versus the many sensor nodes. The highest
rate of growth in energy in centralised learning as
indicated in Figure 3 is because of communication

Table 1: Simulation and System Parameters

Parameter Value Description
Number of Sensor Nodes 50-200 Scalability analysis
Initial Nodes (Lifetime Test) | 100 For Figure 4
Deployment Area 500 m x 500 m Random node placement
Local Epochs (E) 5 Per round
Batch Size (B) 32 Local training
Learning Rate 0.01 SGD optimizer
Transmission Power (Ptx) 50 mW Radio model
CPU Frequency (fi) 1 GHz Node processor
Energy Threshold (Eth) 0.4J Participation constraint
Aggregation Period (t) 1 round Unless stated
Update Compression Top-k sparsification + 8-bit quantization | EA-FL only

Journal of Wireless Sensor Networks and lIoT | Jul - Dec 2026
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Table 2: Overall Performance Comparison

Total Energy @100 Nodes
Method Final Accuracy (%) W) Network Lifetime (Rounds)
Centralized 92.4 5.8 78
Standard FL 90.5 4.1 92
Proposed EA-FL 90.3 2.9 >100

90 4

854

Test Accuracy (%)

~
o
L

65 /i —8— Centralized Learning
—m- Standard FL
—&- Proposed EA-FL

60

T T T T T T T T T
0 10 20 30 40 50 60 70 80 20 100
Communication Rounds

Fig.2: Convergence Performance: Test Accuracy versus
Communication Rounds

overheads. Standard federated learning saves on
the total amount of energy used since there is no
transmission of raw data but the energy cost of the
process is still proportional to the number of nodes
since every node is involved in every round. On the
contrary, the offered EA-FL model can save a great
amount of energy in every network with a different
number of clients, with the help of adaptive selection
of clients and compression of communications. Table
2 presents the energy consumption at 100 nodes as
consistent with Figure 3 (EA-FL uses 2.9 J of energy
versus 4.1 J of energy used in the standard federated
learning and 5.8 J of energy used in the centralised
learning). Competence of the suggested computation-
communication coupling plan that was presented in
Section 3 is justified by this decrease.

The applied effect of less energy usage can also be
seen in terms of network lifetime, which was analysed
in the Figure 4, where the number of active nodes
was plotted against the communication rounds. When
centralised learning is applied as shown in Figure 4;
the node will be emptied very fast because of large
transmission overhead thus collapsing the network at
an early stage. Normal federated learning enhances
lifetime with a moderate degree of efficiency by

11

—8— Centralized Learning
104 -m- Standard FL
—& - Proposed EA-FL

Total Energy Consumption (J)

50 100 150 200
Number of Sensor Nodes

Fig. 3: Scalability Analysis: Total Energy Consumption
versus Number of Sensor Nodes

removing the centralised transfer of data, yet, it
suffers progressive node fatigue. The suggested EA-
FL model has much more at-work nodes during the
training, which prolongs the operational time to over
100 communication rounds. This trend is supported by
the lifetime values, as summarised in Table 2 and it is
clear that the network functionality of EA-FL continues
past 100 rounds, compared to centralised learning
that fails past 78 rounds, and federated learning (with
standard) that fails past 92 rounds.

100

S
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Fig. 4:Network Lifetime Evaluation: Active Nodes versus
Communication Rounds
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In general, the findings in Figures 2-4 and Tables
1-2 all prove the argument that the proposed EA-FL
framework leads to the balanced trade-off in the
context of enhancing learning performance and energy
sustainability. This framework keeps the accuracy of
the competitive convergence constant, but minimises
overall energy usage and network lifetime, which
makes its use appropriate in far-scale edge-intelligent
wireless sensor networks.

Discussion

It can be seen in the results of the experiment that
thereis aninherent trade-off in energy efficiency versus
model accuracy in federated learning under energy
constraints. Figure 2 demonstrates that the suggested
EA-FL scheme has a slightly slower convergence at the
first stages than a conventional federated learning
because of the selective participation of nodes
and compression of communications. Nonetheless,
the ultimate accuracy difference is a minor one,
which means that there is no significant inference
deterioration caused by the energy-sensitive filtering.
This is due to the trade-off that limiting participation
will mean that there will be less diversity in the
models during the initial rounds, but the same limit
will ensure that it does not waste any energy. Their
findings indicate that selective energy thresholds
have the potential to maintain the stability of long-
term learning, and reduce the total amount of
energy used as it has been observed in figure 3. The
other consideration will be robustness under non-
homogeneous node conditions. Practical wireless
sensor networks have nodes which vary in residual
energy, processing power and quality of channel. The
adaptive mechanism of participation delivered in EA-
FL, selectively chooses the nodes dynamically in terms
of available energy and communication conditions, and
hence avoiding uniform energy depletion. In contrast
to the conventional federated learning, where in
some cases, the selection of high-capability nodes
can occur repeatedly, making it faster, the framework
proposed makes the workload of the network more
balanced. This fact is indicated by the depleting curve
of nodes in Figure 4 using a gradual node depletion
pattern whereby EA-FL maintains more active nodes
as well as a larger number of communication rounds.
Resilience of the network is boosted by the capacity to
embrace heterogeneity and minimises the chances of
untimely fragmentation. With regards to deployment,
the framework can be used with hierarchical WSN
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architecture, which already uses cluster heads or
gateways. The extra computational cost of computing
power in energy monitoring and client condition is very
low by comparison with local model training costs.
Besides, gradient sparsification and quantization
combined enable the minimization of transmission
payload size without hardware specifics. The
suggested method is viable because these attributes
allow it to be implemented on resource-limited
embedded systems that are frequently utilised by loT
and environmental sensing purposes. Nevertheless,
meticulous parameter consideration, such as the
energy threshold and aggregation rate is a balancing
factor between convergence rate and network
lifetime in practise. As much as it has its strength, it
has a number of limitations. First, the present analysis
takes place in a simulation setting and it lacks the real-
life elements of accidental interference, hardware
malfunction or variable variable of dynamic energy
harvesting. Second, the energy model is based on
simplified processor and transmission characteristics
which might be differing between hardware platforms.
Third, although compression of communication is
efficient, it may lead to convergence instability
of very non-lID data distributions that are overly
sparsified. Lastly, there is no reference to the security
and adversarial robustness issues and they will have to
be examined in upcoming research. On the whole, as
it has been pointed out, a way out of the need to incur
high energy usage is to directly implement energy-
aware systems in federated optimization so as to offer
a viable solution in the context of sustainable edge
intelligence in the wireless sensor network, and in fact
illustrate a way ahead to further implementation and
experimentation.

CONCLUSION

The present paper outlined an energy-conscious
federated learning system suitable to federated edge-
intelligent wireless sensor networks with severe power
consumption requirements. A hierarchical system
architecture that merged sensor nodes, gateway-
based client selection, and edge-level aggregation
was created so as to realise sustainable distributed
inference. An extensive node average power model
representing the computation and communication cost
was designed and the federated optimization problem
modified to have explicit energy constraints. Out of
this formulation, adaptive client selection strategy
along with reduces the communication had been

9]
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added to strike a balance between model accuracy and
long-term viability of the network. The experimental
findings showed that the framework presented attains
the performance of a competitive convergence with a
major impact on a decrease in energy consumption.
The proposed approach achieved about 29 % of energy
savings at 100 nodes in comparison to standard
federated learning with almost the same final
accuracy. Also, analysis of network lifetime revealed
that the energy-conscious strategy allows the network
to operate longer than 100 communication rounds,
compared to centralised learning as well as more
traditional federated strategies. These findings affirm
the fact that it is possible to enforce the concept of
energy-awareness directly into the optimization loop
of the federation based on distributed learning in
order to achieve viable trade-off associated with the
distributed learning performance and the sustainable
functioning of the network. Future research agenda is
to incorporate secure federated learning machinery to
counter the adversarial attacks and privacy weakness
in resource limited settings. Practical validation
Independent embedded sensor Hardware validation
is required on the embedded sensor platforms to
further ensure that the computation is feasible, and
energy modeling correct under realistic deployment
requirements. Also, the framework should be expanded
to include multi-hop wireless sensor network topology
with dynamic routing and cooperative aggregation as
a valuable direction in enhancing the scalability and
resilience of large scale implementations. The general
impact of this work is that it provides a principled
and scalable contribution to sustainable edge
intelligence of energy constrained wireless sensors
networks.
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