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Abstract—Decentralized Federated Learning removes the cen-
tral aggregation server from collaborative training, which is
crucial in clinical settings. Deploying it on battery-constrained
wearable sink nodes is limited, however, by the radio energy spent
broadcasting model parameters over low-bandwidth links. We
propose EA-DFL, an energy-aware decentralized federated learn-
ing algorithm built on probabilistic gossip. Each node adjusts its
broadcast probability from a localized urgency score combining
residual battery, local learning progress and topological node
density, throttling transmissions once the update is not worth
spending energy on. Coupling this rule with an energy model
covering computation and radio costs, we simulate EA-DFL on
three non-IID medical datasets against unthrottled, probabilistic
and periodic decentralized stochastic gradient descent. EA-DFL
reaches the reference accuracy levels of 80%, 85% and 90% used
for these tasks, cuts the mean reception burden on MIT-BIH from
432 to 193 messages per node, and is the only configuration in
which all nodes survive on UCI-HAR.

Index Terms—Decentralized federated learning, wearable de-
vices, energy efficiency, probabilistic gossip, WBAN, TinyML,
e-Health

I. INTRODUCTION

Wearable edge devices generate continuous physiological
data that machine learning can turn into predictive health-
care. Federated Learning trains such models without sending
sensitive patient records to the cloud, sharing only model
updates, but it depends on an aggregation server that is both a
single point of failure and a high-value target. Decentralized
Federated Learning (DFL) removes that orchestrator and lets
edge devices aggregate directly with their neighbors [1].
Although DFL may still be susceptible to attacks such as
gradient leakage and model inversion by neighbors, it provides
better privacy by eliminating the central server.

Ubiquitous monitoring requires pushing this intelligence
onto Wireless Body Area Networks (WBANs), where a sink
node such as a smartwatch aggregates the physiological data
gathered by sensors worn by one patient [2]. Sink nodes
carry small batteries while DFL mandates continuous model
broadcasting, and the resulting radio drain limits how long
decentralized algorithms can run. When a node depletes its
battery mid-training the topology fractures, survivor nodes lose

the skewed distributions of the dead nodes, and convergence
degrades.

Prior work has addressed this communication burden from
several directions. Roy et al. [3] introduced BrainTorrent, a
peer-to-peer architecture for medical DFL, and Zhu et al. [4]
studied DFL over device-to-device wireless links with schedul-
ing protocols that manage channel interference. Hegedűs et
al. [5] treated gossip learning through peer-to-peer random
walks as a scalable alternative to federated averaging. Oth-
ers shrink the payload rather than the schedule: Hu et al.
[6] proposed Combo, a segmented gossip scheme splitting
models into distributable fragments, and Koloskova et al. [7]
introduced Choco-SGD, which tolerates arbitrary compression
of the exchanged updates. Closest to our setting, Han et
al. [8] considered DFL on energy-harvesting devices. These
approaches either assume a stable energy supply or reduce how
much is sent; none conditions the decision to transmit on the
real-time hardware state of the node, in particular its residual
battery. EA-DFL addresses this gap with probabilistic gossip
driven by an urgency score over remaining energy, learning
progress and topological density, so each node decides locally
when a broadcast is worthwhile.

II. PROPOSED ALGORITHM: ENERGY-AWARE DFL

A. Preliminaries and Energy Constraints

We consider N wearable sink devices V = {1, . . . , N}
forming an undirected communication graph G = (V , E) under
a finite transmission range RTX . Device i holds a private
non-IID dataset Di of Di samples and a local empirical
loss fi(θ) = 1

Di

∑︁
ξ∈Di

l(θ; ξ). The network learns shared
parameters θ ∈ Rd minimizing the data-weighted global
objective

F (θ) =
1

D

N∑︂
i=1

Difi(θ), D =
N∑︂
i=1

Di. (1)

Under Decentralized Stochastic Gradient Descent (DSGD),
at round r node i aggregates the parameters of its active

979-8-3195-0167-7/26/$31.00 ©2026 IEEE  173



neighbors N r
i through a doubly stochastic matrix Wr and

applies a local gradient step,

θr+1
i =

∑︂
j∈N r

i

Wr
ijθ

r
j − η∇fi(θr

i ). (2)

Run continuously under a finite energy budget Emax, this
drains a wearable quickly. Computation costs Ecomp(M) =
M · EMAC for M being number of multiply-accumulate
operations [9], but the radio dominates: under the First-Order
Radio Model [10], sending k bits over distance d costs

ETX(k, d) = Eelec · k + ϵamp · k · d2, (3)

while reception costs ERX(k) = Eelec · k. A broadcast is
charged once per transmission event at the worst-case range
d = RTX , and ERX once per receiving neighbor, so at the
mean degrees of Table I a node spends more on reception
than on its own transmissions and dense nodes are reception-
limited. The challenge is to sparsify G enough for nodes to
survive without fracturing the network.

B. The EA-DFL Algorithm

Because each patient wears exactly one sink device, ev-
ery node represents both a wearable and its human subject.
Over a shared fixed topology, EA-DFL replaces continuous
broadcasting with a probabilistic gossip mechanism driven
by a localized urgency score. The protocol, formalized in
Algorithm 1, runs in three phases.

Phase 1 (Initialization). Nodes discover neighbors within
RTX ; reserves Ei = Emax and probabilities pi = 1.0 are set.

Phase 2 (Local training and urgency evaluation). Nodes
run local mini-batch gradient descent, then node i evaluates

ui = αÊi + β∆Li + γρi. (4)

Here Êi = Ei/Emax ∈ [0, 1] is normalized residual energy
and ρi = |Ni|/(N − 1) ∈ [0, 1] is node degree over
the maximum possible degree. The learning term ∆Li =

max(0, L
(t−1)
i − L

(t)
i ) is the drop between the losses of

the two most recent local mini-batch updates, read at the
communication step of the round. It is rectified, so a rising
loss counts as stagnation. If ui falls to or below a localized
threshold τi, the node decays pi.

Phase 3 (Probabilistic gossip and aggregation). Nodes
activate the radio with probability pi. When a broadcast be-
gins, ETX is deducted and neighbors aggregate the incoming
parameters. Following the shared-representation principle [11],
aggregation touches only the feature extraction layers, so
personalized classification heads stay strictly local, and ERX

is deducted correspondingly. A silent node conserves radio
energy and still progresses through its local gradients and
earlier aggregations.

Following the Multi-Factor Weighting Function proposed
for IoT [12], urgency is a linear sum, which keeps O(1)
complexity so constrained microcontrollers spend no energy
on non-linear functions. At initialization the node is at full

Algorithm 1 Energy-Aware DFL (EA-DFL)
Parameters: Nodes N , range RTX , epochs E, rate η, energy

Emax, costs EMAC , Eelec, ϵamp, weights α, β, γ, decay
rule, floor pmin, buffer b.

1: Initialize: node i: θi = [ωi;ϕi], Ei = Emax, pi = 1.0,
τi = α+ γρi − b.

2: while global convergence not met do
3: for each node i do
4: Compute ∇ωfi, ∇ϕfi; deduct Ecomp from Ei

5: end for
6: if epoch (mod E) == 0 then
7: for each node i do
8: ui ← αÊi + β∆Li + γρi
9: if ui ≤ τi then

10: decay pi, floored at pmin; τi ← ui − b
11: end if
12: Broadcast ωi to Ni w.p. pi; deduct ETX if sent
13: end for
14: for each node i do
15: ωi ←

∑︁
j∈Ni

Wijωj − η∇ωfi; ϕi ← ϕi −
η∇ϕfi

16: Deduct ERX from Ei // head ϕi stays local
17: end for
18: end if
19: end while

energy (Êi = 1.0) with no loss history, so ∆Li = 0 and the
baseline urgency and initial threshold are

Ubase = α+ γρi, τi = Ubase − b. (5)

We use α = 0.3, β = 0.3, γ = 0.4 and b = 0.03. Setting
α = β gives an even trade-off between survival and learning
utility, and against α = 0.3 the buffer b = 0.03 corresponds
to a 10% margin of battery capacity a stagnated node may
spend before throttling begins. On each decay the threshold is
re-anchored to τi ← ui−b, enforcing a monotonic step-down.
These values were fixed and not tuned; Section IV returns to
this.

Expanding the trigger ui ≤ τi gives αÊi + β∆Li + γρi ≤
α+ γρi − b, so that

0.3Êi + 0.3∆Li ≤ 0.27 ⇐⇒ Êi ≤ 0.90−∆Li. (6)

A stagnated node (∆Li ≈ 0) throttles at 90% battery, whereas
one still improving (∆Li = 0.05) may drain to 85% first, so
the threshold preserves the broadcasts of nodes that are still
learning.

Remark 1 (the density term is inert on a static graph).
Equation (6) follows by cancelling γρi from both sides, and
the cancellation recurs after every decay: with τi = u

(r)
i −

b. When ρi is time invariant, γ has no influence on when a
node throttles and only shifts the absolute level of ui and τi.
We therefore make no claim that γ protects bridge nodes or
prevents node death below. We retain it because it becomes
active once ρi changes between the round anchoring τi and
the round evaluating ui, as under a time-varying topology, and
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TABLE I
SIMULATION AND ENERGY MODEL PARAMETERS

Parameter PathMNIST MIT-BIH UCI-HAR
Learning rate 0.001 0.001 0.05
Accuracy target 80% 85% 90%
Decay rule Linear 0.2 Halving ×0.5 Linear 0.2
Floor pmin 0.25 0.125 0.1
Eval. interval 1 epoch 1 epoch 2 epochs
Classes 9 5 6
Train / test 89,996 / 7,180 80/20 (cap 12k) 80/20
Model Light CNN 1D CNN MLP
Parameters 106,064 23,653 80,582
Mean degree 9.4 9.2 9.6
Payload k (bits) 3.39 M 640 k 2.58 M
Eelec (nJ/bit) 50 500 50
ϵamp (pJ/bit/m2) 100 5000 100
EMAC (nJ/MAC) 0.15 1.5 0.15
MACs per sample 318,192 60,000 241,746
Random seed 43 45 42

a MIT-BIH payload set from a nominal 20,000-parameter model.

because a degree-scaled buffer b(ρi) would activate it on static
graphs. In other words, it would prove useful in future work
on dynamic topology.

III. PERFORMANCE EVALUATION

A. Experimental Setup

We evaluate EA-DFL on three datasets spanning differ-
ent modalities and non-IID skews: PathMNIST [13], colon
pathology images in 9 classes; MIT-BIH Arrhythmia [14],
electrocardiogram signals from wearable sensors; and UCI-
HAR [15], accelerometer and gyroscope signals over 6 daily
activities.

Every environment models 30 identical nodes deployed
uniformly in a 50×50 m area, linked within RTX = 20 m and
initialized to Emax = 300 J. Traditional DSGD, Probabilistic
DSGD (p = 0.5), Periodic DSGD (K ∈ {2, 3}) and EA-DFL
ran on the same random geometric graph per dataset, with the
same partition, the same optimizer (Adam, weight decay 10−4)
and the same shared-extractor and local-head split, so accuracy
differences are not attributable to personalization. PathMNIST
and MIT-BIH used a Dirichlet partition (α = 5.0); UCI-HAR
gave each node one human subject. Table I lists the remaining
parameters and the constants used in (3). Each configuration
was run once, from a single seed and one graph realization, so
differences of a few rounds should not be read as significant.
A node reaching zero energy is marked dead and permanently
excluded from transmitting, receiving and aggregating; the
graph is not re-planned, so the surviving topology can fracture.

B. Accuracy and Convergence

Mean accuracy is read together with milestone rounds, the
round at which a given percentage of nodes reaches target,
since a method can look stable on average while leaving part
of the network in local minima.

On PathMNIST, Traditional DSGD reaches the 95% mile-
stone in 63 rounds and EA-DFL in 75, while Probabilistic
DSGD (p = 0.5) stalls at the 90% milestone. Traditional
DSGD and EA-DFL hold accuracy standard deviation in a 1%

to 2% band, whereas the periodic methods oscillate between
4% and 10% late into training.

On MIT-BIH the 90% condition is met in 43 rounds by EA-
DFL, 46 by Probabilistic DSGD and 47 by Traditional DSGD.
These fall within four rounds of each other in a single run,
so we read them as comparable rather than as evidence that
EA-DFL converges faster; We can claim that throttling did not
slow convergence.

UCI-HAR is where the communication policy matters most.
Traditional DSGD plateaus near 85% and flattens as nodes
exhaust their batteries, freezing local accuracies, so it never
clears the 80% condition. Probabilistic DSGD reaches 90%
after 313 rounds and neither the 95% nor the 100% condition.
EA-DFL keeps the topology intact, reaches 80% in 104
rounds, and is the only configuration bringing 100% of the
network to target, in 191 rounds.

C. Energy and Network Lifespan

Traditional DSGD bounds expenditure from above (Fig. 1),
since every active node broadcasts its full payload at every
opportunity. On PathMNIST it consumes close to 130 J,
over 40% of capacity, in 60 rounds, much of it after local
models have stabilized; EA-DFL reaches the same milestone
on roughly 110 J by round 75.

On MIT-BIH, Traditional DSGD consumes over 200 J.
Rather than halving communication uniformly, EA-DFL trans-
mits freely during early feature exploration, so its curve
initially tracks above the static methods; as the local loss
decrease shrinks it steps the probabilities down and tapers off,
finishing on close to 100 J.

On UCI-HAR, baselines were run to 500 rounds to observe
longevity. Under Traditional DSGD the curve approaches the
300 J ceiling then flattens near round 200 because nodes are
dying: by round 500, 28 of 30 were depleted. The static
methods delay this, with 19 deaths for Probabilistic DSGD
and K = 2 and 5 for K = 3, and this fracturing coincides
with the accuracy plateau of Section III-B. Because Ê enters
the throttling condition, EA-DFL grows more conservative as
reserves fall and reaches 100% convergence on 145 J with no
node death in this run.

D. Communication Volume

Energy use is driven by the number of messages the radio
handles, and dense nodes are the most exposed. Converging
on PathMNIST required Traditional DSGD nodes to process a
mean of 592 incoming messages, which Periodic DSGD (K =
2) reduces to 357 at the cost of the instability noted above.
On MIT-BIH, EA-DFL reduces the mean reception burden to
193 messages against 432 for Traditional DSGD.

Both comparisons are taken at each method’s own milestone
round, which favours methods that stop earlier and should be
read with that caveat. For UCI-HAR, where several baselines
never converge, volumes are instead snapshotted at the com-
mon round 191: Traditional DSGD had forced 1,624 received
messages per node, static p = 0.5 and K = 2 roughly 900,
and EA-DFL 907. EA-DFL matched the static methods in
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(a) PathMNIST (b) MIT-BIH (c) UCI-HAR

Fig. 1. Mean energy consumed per communication round. Traditional DSGD drains the 300 J budget close to linearly and flattens on UCI-HAR as nodes
die; EA-DFL tapers once local losses plateau.

volume while being the configuration in which the network
reached target, which is consistent with, but not proof of, better
message selection; confirming it would require the ablation we
did not run.

IV. CONCLUSION, LIMITATIONS AND FUTURE WORK

We presented EA-DFL, an energy-aware decentralized fed-
erated learning algorithm that throttles gossip broadcasts using
a localized urgency score over residual battery, local learning
progress and topological density. Each node evaluates the score
from state it already holds, at O(1) cost and without any
coordinator, so the mechanism stays within reach of a wearable
microcontroller.

In simulation on three non-IID datasets, EA-DFL reached
the accuracy levels of 80%, 85% and 90% that was reported
for the activity recognition tasks [16] without slowing conver-
gence. On MIT-BIH it met the final milestone in 43 rounds,
comparable to the 46 and 47 of the static schemes, while
cutting the mean reception burden from 432 to 193 messages
per node. On UCI-HAR, where unthrottled broadcasting ex-
hausted 28 of 30 batteries and left the network short of target,
EA-DFL brought every node to target on 145 J without a
single node death. Conditioning the broadcast decision on
local hardware state therefore recovers much of the energy and
traffic saving of a static communication cut while avoiding the
loss of consensus it incurs.

These results carry clear limits. The evaluation is a sim-
ulation rather than a deployment, so the reported energy is
modelled rather than measured and the link layer is idealized,
leaving out the losses, contention and protocol overheads that
weigh on real BLE and WBAN budgets. Each configuration
was run once on a single static topology of homogeneous
devices, so the differences of a few rounds reported above are
indicative rather than significant. We report no ablation of the
urgency weights, and we do not compare against compression-
based decentralized methods [6], [7], which reduce how much
is sent rather than whether to send and are complementary to
EA-DFL.

Addressing these points is the subject of ongoing work,
which moves beyond the fixed urgency rule used here and
toward a less idealized network model.
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