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Abstract—Federated learning (FL) has emerged as a transfor-
mative paradigm enabling collaborative machine learning without
centralizing data, preserving client privacy. This is particularly
relevant in the context of edge computing, where the proliferation
of Internet of Things devices has led to an explosion of data at
the network’s edge. These IoT devices, often battery-powered,
are limited by their energy capacities, which pose significant
challenges for the adoption of FL in such environments. In
this paper, we introduce BatteryFL, a novel framework that
coordinates battery-aware clients through FL to maximize their
contribution to the global model while ensuring a fair distribution
of energy consumption across the clients without compromising
accuracy. BatteryFL incorporates an innovative data collection
algorithm that prioritizes data diversity to minimize battery usage
and a sample relevance-based algorithm to select optimal data
for training. We also integrate a client selection strategy into
the framework to optimize training loss and fairness (based
on the battery energy of the clients) simultaneously. Along
with a theoretical analysis, we experimentally demonstrate that
BatteryFL significantly improves the energy efficiency of FL,
prolonging the data collection and the contributions of the clients.

Index Terms—Federated Learning, Energy Efficiency, Client
Selection, Performance Fairness.

I. INTRODUCTION

Federated Learning (FL) [1]] is a promising paradigm that
enables distributed clients to collaboratively train a single
model under the coordination of a central server. FL is
especially important in edge computing, where the proliferation
of IoT devices has shifted data processing to the network edge.
FL, despite the several benefits, such as scalability and data
privacy, typically assumes that every client has an external
power source and a fixed dataset. However, in real-world
scenarios, e.g., smart farming (illustrated in Fig. , ToT devices
such as robots, drones and sensors operate on finite-capacity
batteries and are actively involved in data collection [2].

In such dynamic contexts, the energy demands of intensive
FL training can rapidly deplete client batteries, leading to
dropouts and a decline in model performance [3]. Existing
research has explored minimizing training costs [4], yet
these approaches typically assume pre-collected datasets,
overlooking scenarios with ongoing energy-intensive data
collection [2]. The impact of the data collection phase on
performance metrics and client battery longevity remains
largely unexplored. Thus, comprehensive solutions are needed
to co-optimize model accuracy and energy efficiency via client
energy management and strategic scheduling, addressing the
full data lifecycle.

Fig. 1: Example scenario: Battery-constrained edge clients (drones, ground
robots) performing active data collection during FL.

Furthermore, client heterogeneity can significantly hamper
the performance of FL. systems, particularly when not ad-
equately addressed in the client selection process [5]. For
example, in highly distributed setups, strategically selecting
clients based on a balance between the utility of the dataset
(measured by increased training loss) and the training speed has
demonstrated significant convergence rate improvements [6].
Moreover, fairness objectives can also be pursued by simulta-
neously considering factors such as local loss, computational
capabilities, and resource demands during client selection [7].

Selecting which data clients use is also a critical yet
understudied aspect of efficient FL [8]. Using entire local
datasets is inefficient 9], can degrade performance [10], and
exacerbates the negative effects of statistical heterogeneity
on the global model [11]. Efficient data selection must be
lightweight and memory-efficient to suit clients’ limited
computational resources [12].

The interplay between energy constraints and client het-
erogeneity introduces further complexity. Clients with lower
battery levels might be unable to participate in training for the
same duration or with the same amount of data as their more
power-rich counterparts [[13]]. Specific solutions have been
proposed to account for this heterogeneity, such as introducing
normalization terms when aggregating the models, accounting
for the different number of training epochs performed by each
client [14]. However, these approaches often do not explicitly
consider energy expenditures associated with data acquisition.
This paper makes the following major contributions:

o We propose BatteryFL, a novel FL framework that
addresses battery constraints by optimizing data collection,
sample selection, and fair client selection for energy
equity and model quality.



« BatteryFL uses entropy-based data collection,prioritizing
diversity and saving energy, and relevance-based sample
selection for efficient training energy usage.

« A server-side iterative greedy algorithm selects clients,
co-optimizing fairness and training loss.

« BatteryFL, with theoretical guarantees, is validated on
benchmarks datasets, showing effective energy manage-
ment. Its client selection improves FL energy efficiency,
extending data collection and client participation.

II. PROPOSED BATTERYFL FRAMEWORK

This section introduces BatteryFL with formalization of
objectives, energy model, and algorithms for client selection.

A. Objective

Let C be the set of all clients. Each client ¢ € C has a local
dataset DZ, containing the samples collected until round ¢,
and a battery level b%. In BatteryFL, only a subset of clients
8t C C participate in any round ¢. Let S = [81,827 .. ,ST]
be the sequence of selected clients up to the round 7" > ¢. The
client selection process should maximize fairness w.r.t. battery
usage between clients while minimizing training loss. At any
round ¢, this process can be expressed as an optimization
problem:
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Eq. @) is the fairness objective derived from Jain’s fairness
index [15]] (JFI): (i) with maximum fairness when all clients
have the same battery level (JFI = 1), and (ii) minimum
fairness when one client has all the battery (JF'I = ﬁ). The
objective of Eq. (@), with £ the loss, refers to the training
loss improvement, defined as the difference between the loss
incurred by the global model 6! trained on the selected clients
and the loss of the global model #;_; trained in the previous
round. The minimization of f, corresponds to obtaining the
greatest possible reduction in training loss.

B. Energy Consumption Model

We introduce the energy consumption model employed in
BatteryFL (partially inspired by [16]). This model enables
estimation of the energy usage of each client, facilitating a
strategic allocation of the energy budget to various tasks. In
each FL round, to participate, clients expend energy to update
the local model and exchange model weights with the server.

Let the CPU frequency of client ¢ be q., then the power
consumed by the CPU of c is chf, where o. is a coefficient
that depends on the switched capacitance of the CPU. Further-
more, given a requirement of NP* CPU cycles to process
one sample, the CPU needs to be active for NP g. seconds
to process the sample. The energy expenditure to train the

model for one epoch on a single sample is obtained as the
product of power consumption and the time taken to process
the sample:

E}:Lpdate — nguacqz.

Next, the energy to upload the model, i.e., energy spent to
transmit the model from the client to the server, is given by

Eupload — Pcs
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chZ\”
B 10g2(1+p"0 2)

where p, is the transmission power of the client, h, is the
channel coefficient, B is the bandwidth, ng is the noise power,
and s is the size of the local model, in accordance with [17].
Furthermore, since clients only receive an updated model when
they are selected to participate and the downlink bandwidth is
usually much higher than the uplink, the energy consumption
to download the global model from the server is usually
negligible [18], [19] and hence only the upload energy is
considered. Client transmission power and CPU frequency
are assumed to be heterogeneous across clients but fixed per
client.

Algorithm 1 Client Behavior

Require: Initial battery b., diversity threshold §, number of
training samples n.
I: Dchnew — 050
2: 0 < initial model from the server
3: while b. > 0 do
4. - if client is selected to participate then

5 0 < updated model from the server

6: if D. = 0 or DIV(D,) < § or training converged
then

7: while b, > |D,,,| x Eurdate 4 pupload

and (DIV(D. U D,e) < 6
and |D,,¢,,| < n) or model converged) do

8: Dyews ¢ Dieyw U attempt_sample_collection()
9: b. < b.— collection energy
10: while b, > n x Eurdate | pupload
and training not converged do
11: D’ + sample_selection(D.., Dye, 1)
12: 0+ 60—-VLEO,D)
13: Update the reputation of the samples in D’
14 Do < 0
15: Upload 6
16: be + b, — Eupload

C. Battery-Aware Clients

In the BatteryFL framework, each client employs a battery-
aware algorithm, outlined in Algorithm [T} that manages its
energy consumption during the FL process to prolong lifetime.

The algorithm works as follows: Each client, equipped with
an initial battery level (b.) and an empty local dataset (D),
participates in the FL process as long as it has sufficient
energy. Upon selection, it receives the global model from the
server. Then, if the local dataset is insufficient, either because



it is lacking in terms of diversity, size, or if the model has
already converged for the available samples, the client attempts
to collect new samples. This energy-intensive process stops
once the diversity/size requirements are met or insufficient
energy remains for model training and uploading. After data
collection is over, the client selects a subset of samples for
training based on their relevance and trains the model on this
subset. This selection and training process iterates until the
model is convergent or the battery is depleted. At this point,
the client uploads the model to the server, and if there is still
energy left, the process is repeated. Training is stopped early
if the battery approaches depletion, ensuring that the client
can still upload the model to the server.

Clients repeatedly attempt data collection, consuming energy
for each attempt, then check the remaining battery level and
current state of its local dataset to decide whether to continue
collecting or start training. In BatteryFL, data collection stops
if the current dataset has a sufficient diversity of samples or
if the battery level cannot sustain further collection.

Let y be the set of all classes in the dataset, n,, the number
of samples of class y € y in the dataset, and n the total
number of samples to be used for training. The diversity is
given by the maximum achievable label entropy of a dataset
sampled from the local dataset, which can be expressed as

pIv(D)=ln 35 (3(2)+ ) s (422
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To train efficiently on growing local datasets while conserving
battery, our relevance-based sample selection prioritizes sam-
ples by their training loss [9]. This incurs minimal overhead,
as the loss is computed during standard training without
extra battery cost. The sample selection procedure, detailed
in Algorithm [2] works as follows: If the collected samples
are new (i.e., never used for training), they should be used
for training to assess their relevance. To achieve a balanced
representation of all the classes, some samples from the existing
local dataset are also selected if the new samples are not
class-balanced and enough battery for the additional samples
is available. ' We compute the selection probability of any
sample ¢ out of m samples using a softmax function with
a temperature parameter y as Pr(i) = e"i/7/ Z?Zl e/,
where, r; denotes the relevance of i** sample. ¥ — oo implies
uniform sample selection probability, while v — 0 implies
deterministic selection of the most relevant samples per class.

Once the samples are chosen, the client trains the model on
this subset for one epoch. During this process, the relevance
of each sample is updated using a convex combination of its
previous relevance and its importance in the current epoch,
governed by an update factor o. Unchosen samples receive
relevance updates to prevent obsolescence. Specifically, if the
relevance of a sample drops below a threshold p, it is updated
to a value that blends the threshold with its current relevance,
employing a forgetting factor 3. Clients repeat training on
new samples as long as the battery lasts.

D. Server-side Process

While clients prioritize efficient battery use to maximize
their contribution, the server focuses on client selection and
optimizing fairness and training loss (Eq. (I)). Performing
directly the loss objective in Eq. is non-trivial, requiring
the server to estimate the loss improvement with a set of clients.
An alternative and simpler approach involves maximizing the
sum of selected clients’ losses, estimated from the previous
round’s performance, formally expressed by:

/ 2. sE(DZ’IﬁZ’l)
f2(87t) - Zcic C(Dgflﬂt—l) : (5)

The denominator forces f5(S,¢) in the [0, 1] interval.

Algorithm 2 Sample Selection and Relevance Update

Require: Model 6, dataset D, new samples D,,.,,, update
factor «, forgetting factor 3, temperature -y, number of
samples n for training, relevance threshold p

1: Initialize all sample relevance to 0, {r; = 0},

2: for each training round at the client do

3 Pr(i)=e /00 eni/v

4 n/ < max(0,n — |Dypewl)

55 y={y|(z,y) € DUDypey}

6: s=10

7. for each class y € y do

8: Ny new = Occurrences of class y in Dy,cq,

9: Ny req = max(0, %‘ — Ny new)

10: i)« {i st (2;,9) € D}

11 Sy 4 [ny,req samples from i, with prob.oc Pr(i)]
12: s+ sUs,

132 D' =|[(z;,y) €D st i€s|UDpey

14: _for each batch B in D’ do

15: Train the model on B and compute the losses
16: for each i € B do

17: L; :£(9,xi,yi)/zj63 E(G,xj,yj)

18: ri=ar;+ (1 —a)L;

19: Update the model using the loss: § — VL(0, B)
20. foreachic D\ s do
21: if r; < p then
22: ri=Pu+ (1—78)r;

23: D+ DUDjey
2% Dypew <0

To turn the problem into a maximization problem, we use
Eq. (@) as the fairness objective instead of its opposite, Now,
the server objective becomes:

St = argénax (f1(S,1), f2(S,1))

Despite its simpler structure, studying this formulation remains
challenging due to the exponential number of potential client
subsets. An exhaustive search among all 2/°I possible subsets
becomes infeasible as the number of clients grows.

To identify the optimal set of clients in a given round,
we introduce a greedy algorithm through which the server
iteratively adds the client that improves the objectives at each



step while removing them from the pool of available clients.
Since there are two objectives, instead of a single best client,
this procedure yields a non-dominated set of clients. Thus, we
use the Chebyshev scalarization method to break ties between
clients in the non-dominated set. Given a set of selected clients
S, and a set of available clients S’ = C\ S, the greedy objective
for Chebyshev scalarization function is:

¢ = argmax (min (f1(SU{c} t), f5(SU{c},1))). (6)
ceS’
Once the scalarization function of Eq. (6) ceases to improve,
the algorithm stops and finalizes the client set.

The Chebyshev scalarization ensures that the solutions
obtained are at least weakly Pareto optimal [20]. Dominated
solutions are removed, yielding the Pareto set. Chebyshev
scalarization is employed for final solution selection, offering
(O(|C]) complexity, but potentially leading to suboptimality
compared to methods with O(|C|?)) complexity.

Since computing the exact solution is intractable, we
provide an analytical approach to estimate the optimality of
approximate solutions using a certified dominance bound [21].
We derive the expected value and variance of the fairness
and training loss objectives for use in the dominance bound
computation under the following assumptions: (a) Battery
levels and losses are uncorrelated within a single round;
(b) Battery levels of distinct clients are uncorrelated; (c) Client
battery levels before and after training are distributed as
~ N(up1,0}) and ~ N(pp2,02,), respectively. Client
heterogeneity is compatible with the normal distribution due
to the central limit theorem.

When computing the expected value and variance of an
objective, we consider a random selection of clients as a set
of clients S drawn with equal probability from any of the 2/°!
possible subsets of clients. Thus, each client ¢ has a probability
1

of being selected of Pr(c) = 3.

Theorem 1. The expected value of the fairness objective

obtained by randomly selecting a set of clients can be
approximated to

i =((CP(ady + i3 +2)°+
A1CNRy + 1232 + 2)(Clpnr + poz)*+
2(o%, +ofa) ) /21CI (i + i3y +2)°

The variance o3 of the fairness is upper bounded by:

4 —2
2 1Cl/, 2 2
(C((U§1+U§2)+(Mb1+uw)2)) ( 2 (k. + 5 + 2)) +
(S50 +02)+ (o1 +102)%) 1€l 2+ +1i3) )
(I%(F‘gl+”§2+2))4

Remark. As Theorem (I| overestimates the variance, its actual
value is lower than the bound, meaning that we obtain a
conservative estimate of the certified dominance bound.

Theorem 2. The expected value of f5(S) is po = 0.5, with a
oi i
4pgicl”

variance oo of % +

Proofs for Theorems [I] and 2] are omitted due to limited space.
These analytical bounds can be used by the server to assess
the quality of the solution and, if necessary, to refine it.

III. EXPERIMENTAL EVALUATION

To evaluate BatteryFL’s efficiency, we conducted simulations
on standard ML tasks (MNIST dataset [22]) and a real-world
agricultural application, the PlantVillage dataseﬂ, referred to as
Plant. The PlantVillage Dataset contains 50,000 color images
of plant leaves across 38 classes, resized to 128 x 128. We
simulate non-iid data distribution labels between clients with
a Dirichlet distribution, and each client, with a predetermined
initial battery level, participates in collaborative training until
battery depletion. We also report the following metrics: (i) Loss
probability: probability that the selected clients achieve a better
loss objective than a random selection of clients. (ii) Battery
probability: The probability that the selected clients achieve
a better fairness objective than a random selection of clients.
(i) Dominated probability: The lower bound probability that
the client selection is not dominated by any other solution.

a) Experimental Setup: We simulate BatteryFL using the
PyTorch library, experiments on MNIST and Plant datasets
used SGD optimizers (learning rates 0.01 and 0.001, respec-
tively). MNIST used a CNN with two convolutional layers and
three dense layers, while Plant used the VGG-16 model [23].
We used FedNova [[14] for aggregation, Table [l summarizes the
optimal hyperparameters for the experiments. Communication
and single-sample training energy estimates (Section are
detailed in Table [Il We tested multiple data collection costs to
simulate various scenarios (sensitivity analysis in section[[II-C).
If not specified otherwise, the collection cost corresponds to
training on 20 samples.

TABLE I: Experimental parameters

Hyperparameter ~ Value Parameter Value

Update factor (o)  0.25 CPU frequency(f;) U(1.5,2) GHz
Forgetting factor (3) 0.25  Switched Capacitance(o) 10-28 F
Smoothing factor () 1 CPU Cycles(C;) U[5,15] x 10*
Diversity threshold (d) 0.7 Bandwidth(B) 5 x 106 Hz
Minimum reputation (1) 0.5 Transmission Power(p;) 10 dBm/MHz
Training batch size 64 Channel Gain(h;) —60 dB

Training size 500 Noise Power(Ng) —104 dBm/10MHz

b) Baselines: We experimentally validate our proposed
client selection algorithm against EAFL [3], an energy-aware
framework aiming to optimize accuracy for FL clients with
energy constraints. Furthermore, we benchmark against an All
strategy that selects all clients with the remaining battery for
training. All strategies tested utilize the same client behavior
as in Algorithm |1} We further compare performance against
two genetic algorithm-based approaches as alternatives to our
approach: (i) NSGA-II [24]: A widely used multi-objective
optimization method employing Pareto dominance and a
solution population to iteratively refine a set of non-dominated
solutions. (ii) AGE-II [25]: An evolutionary algorithm for

Thttps://www.kaggle.com/datasets/abdallahalidev/plantvillage-dataset



multi-objective optimization, AGE-II utilizes approximation-
guided evolution to estimate the Pareto front’s geometry and
guide the search toward non-dominated solutions.

A. Impact of Battery-aware Client

As client behavior directly impacts client selection strategies,
we first assess the importance of the client-side BatteryFL com-
ponents: Algorithm [T]and [2] Table [II] presents the performance
of the system with and without these algorithms. Omitting both
algorithms simulates a standard FL setting in which clients
collect n samples, then train for 10 epochs per round until
battery depletion. Removing only Algorithm [I] leads clients to
attempting a new sample collection each round, even without
model convergence on the current data. These naive approaches
display significantly reduced system lifetimes and low model
accuracy (often predicting a single class). Hence, for a fair
comparison, these algorithms remain active in all subsequent
experiments, regardless of the client selection strategy.

TABLE II: Comparison of BatteryFL framework with naive client strategies.

Dataset BatteryFL | w/o Algorithm [1| [ w/o Algorithm [12]
Plant Test Acc (%) 90.90 6.08 6.08
Setup Lifetime 38 27 30
Test Acc (%) 93.63 9.82 9.82
MNIST Setup Lifetime 40 27 26

B. Trade-off of Objectives

First, we analyze the client selection process and the
corresponding dominance probability for the MNIST dataset;
the results obtained are shown in Fig. [2]

Initially, most clients are selected, prioritizing the loss
objective over the fairness objective. After the 10th round, the
focus starts shifting to the battery objective to extend the setup
lifetime, while maintaining a high loss objective. As the setup
lifetime reaches its end, the selection process is more stringent,
with fewer clients participating in each round. In rounds 20—
30, at most two clients per round participate, always ensuring
the highest possible fairness. Finally, as clients exhaust their
energy, the optimization focuses solely on the loss objective
until no client can participate. Analogous results are obtained
for the Plant dataset.

‘ = Dominated = = = Battery Loss

Training Rounds —
| _- |

Probability
o090
OhokS 00—

Training Rounds

Fig. 2: (Left) Selected clients (black) per round. (Right) Corresponding
selection dominance probability. Selection strategy shifts from prioritizing
loss to battery objective to extend system lifetime.

C. Analyzing Data Collection Cost

We analyze the effect of data collection cost on system
performance, focusing on global model accuracy, data volume,
and the number of achievable training rounds.

A single collection operation includes movement, sensor
activation, and sample analysis costs. Unlike training and

communication battery requirements, the collection cost is
not predefined due to its variability between application
scenarios. Instead, we define p as the ratio of the cost of
collecting a single sample and the cost of training on a
single sample. To simulate various scenarios, we vary g in
{10, 20, 50, 100, 1000}.
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Fig. 3: Setup Lifetime results for varied collection cost.

An interesting pattern can be seen in Fig. 3] where the
setup lifetime has a non-linear relationship with the collection
cost. Initially, the setup lifetime decreases with p, as more
and more energy is spent on data collection, leaving less
overall available energy. However, for higher collection costs,
the setup lifetime increases, as clients cannot collect many
samples, reducing training and leading to a longer lifetime.
The trend is consistent across all strategies, with our proposed
strategy achieving the longest setup lifetime. NSGA-II and
AGE-II show less consistent results, sometimes approaching
the performance of training with all clients, emphasizing the
effectiveness of BatteryFL. Note that NSGA-II and AGE-II
differ solely in their server-side implementation, using the
same client behavior as Algorithm [I]

D. Data Collection Probability

Energy-aware clients have a probabilistic chance of suc-
cessfully collecting data for each attempt. To gauge the
impact of this probability on BatteryFL, we varied it in the
[0.5,1.0] range with 0.1 increments. The uncertainty in the data
collection process influences client selection and overall system
performance. Fig. 4| shows the results for the Plant dataset.
Is is worth noting that reduced collection chances decrease
the global model’s performance. Indeed, across all scenarios
and datasets, our proposed strategy consistently achieves the
longest setup lifetime and high model performance.
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(a) Server Accuracy (b) Setup Lifetime

Fig. 4: Results for varied collection chance on the Plant dataset.

E. Data Diversity

The diversity of the collected dataset defined in Eq. is
a key factor in the energy consumption of the clients. Thus,
we analyze the impact of data diversity on the performance
of the BatteryFL framework by varying the entropy threshold
at which data collection stops. The Dirichlet distribution
parameter governs the data distribution among clients, with
higher values leading to greater diversity. We vary the diversity



threshold in the range {0.2,0.4,0.6,0.8} and the parameter ()
in the Dirichlet distribution in the range {0.05,0.1,0.5,1, 10}.
Fig. 3] shows the results of these experiments.
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Fig. 5: Results for varied non-IID levels (higher values of parameter D,
indicate greater data diversity among clients) and entropy thresholds for Plant
(a,c) and MNIST (b,d).

The results show a modest impact of the diversity threshold
on the performance of the BatteryFL framework, suggesting
that the dominant component of the data collection decision is
the convergence criterion. The label diversity of the clients has
a significant impact on the performance of the system, with
higher diversity leading to better performance. The increased
diversity allows clients to collect less data to meet the entropy
target, helping them invest more resources in training.

IV. CONCLUSION

Federated Learning offers a promising solution for training
machine learning models on edge devices, eliminating the need
to transmit data to a central server. However, optimizing the
energy consumption of these edge devices is crucial. We intro-
duce BatteryFL, an energy-efficient FL framework for battery-
powered devices. It enables client-side data optimization and
uses a server-side selection algorithm balancing loss and energy
fairness. Evaluations confirm high model performance, energy
fairness, and system longevity. BatteryFL facilitates sustainable
FL under energy constraints. Future work will explore higher
device heterogeneity and serverless frameworks where the
aggregator can be chosen from the participating clients.
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