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EnFed: An Energy-Aware Federated Learning in
Resource Constrained Environments for Human

Activity Recognition
Anwesha Mukherjee and Rajkumar Buyya , Fellow, IEEE

Abstract—The human activity recognition (HAR) and recom-
mendation applications for mobile users require a privacy-aware
and accurate data analysis model with lower time and lower energy
consumption. The use of federated learning (FL) to develop a
privacy-aware HAR model is an emerging research topic. How-
ever, the participating mobile devices in the FL process may slow
down due to their limited computational resources, connectivity
interruption, and limited battery life. To address these challenges,
this paper proposes an energy-efficient FL method referred to as
EnFed, with a case study on HAR. In EnFed, a mobile device that
needs a model for an application requests its nearby devices with
respect to an incentive. The nearby devices, which agree to the
offered incentive, send their local model updates, i.e., updated local
model parameters for that application, to the requesting device. The
device, after receiving local model updates from the contributors,
aggregates them to build a global model and then fits the model
to its own dataset to build its own local model. The results show
that using EnFed a resource-limited device obtains an accurate
prediction model at lower time and lower energy consumption. The
experimental results show that EnFed achieves above 95% predic-
tion accuracy and outperforms the baselines. EnFed also reduces
the response time above 90% than the cloud-only framework. The
comparative study shows that EnFed outperforms the existing HAR
approaches.

Index Terms—Federated learning, training time, energy consu-
mption, response time, accuracy.

I. INTRODUCTION

F EDERATED learning (FL) has become an emerging topic
in data analytics with a focus on privacy preservation,

distributed learning, and collaborative training [1], [2]. With the
huge increase in smartphone usage and the growing popularity of
various activity monitoring and recognition applications, several
challenges are introduced, such as a huge overhead on the cloud,
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the requirement of high network bandwidth, and the limited
battery life of mobile devices. There are various applications
which collect user data, perform analysis, and give output based
on the predicted results. Human activity recognition (HAR) and
recommendation applications, such as healthcare applications,
activity monitoring applications, and dietary recommendation
apps, collect users’ personal data related to health, food habits,
and activities, which are confidential. In such a case, data
storage and analysis on the server may compromise the user’s
privacy. Furthermore, data transmission to the cloud increases
network traffic and cloud overhead, and requires seamless net-
work connectivity that may not always be available to mobile
users. Furthermore, a global model may not always provide
good results for personalized applications. FL can deal with
these issues by providing the facility of local data analysis
along with collaborative training so that finally each device can
have a personalized local model along with a global model [1],
[3]. However, centralized federated learning (CFL) also needs
good network connectivity for exchanging model updates, i.e.,
updated model parameters with the server that works as the
aggregator. In decentralized federated learning (DFL) [4], [5],
participating devices form a network among themselves and
perform a collaborative learning process to build a generalized
model.

In our paper, an energy-efficient FL approach is proposed
for resource-limited mobile devices with limited battery life to
obtain a model for an application.

A. Motivation and Contributions

Mobile users access various types of activity recognition and
recommendation applications. The use of centralized cloud-
based data analysis and storage compromises data privacy and
increases cloud overhead and response time. As users’ data
are highly sensitive and confidential, privacy-aware data anal-
ysis is vital in HAR. Furthermore, each device requires a per-
sonalized local model and a global model. FL has addressed
these issues by allowing the devices to analyze the data lo-
cally and build a global model through collaborative training
without sharing raw data. However, the mobile devices have
limited computational resources, limited battery life, and may
not have seamless network connectivity. Hence, they may not
be able to deliver the model updates on time, which affects
the entire FL process. Asynchronous FL [6] has allowed the
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aggregation after receiving model updates from a participating
device without waiting for all participating devices to finish
training. However, the devices may not always have sufficient
network connectivity to exchange model updates with the server
until a final global model is created. Though DFL [7] has allowed
the devices to collaborate among themselves either through a
mesh topology or a ring topology (peer-to-peer network) without
the coordination of a central server, all participating devices may
not have sufficient battery levels to finally complete the process.
Furthermore, the nearby devices may have updated models with
them. Hence, an energy-efficient FL approach is required for
the resource-constrained mobile devices with limited battery life
and limited connectivity. The objective of this work is to address
these challenges and propose an energy-efficient FL approach.
To achieve this, we make the following key contributions:
� An Energy-aware Federated Learning (EnFed) method is

proposed for developing a personalized local model for an
application meeting a desired accuracy level, at minimal
training time and minimal energy consumption of the mo-
bile device.

� EnFed allows individual model training with the support
from nearby devices with updated models for the same
application.

� In EnFed, a resource-constrained mobile device with lim-
ited battery life builds a personalized local model for an
application based on the cooperation of nearby devices with
respect to an incentive.

� EnFed maintains a trade-off between the accuracy level
and the training time along with energy consumption to
overcome the issue of limited battery life of mobile devices
without compromising the desired accuracy level. As the
underlying data analysis model, we use Long Short-Term
Memory (LSTM) networks and Multi-Layer Perceptrons
(MLP) in EnFed because LSTM is suitable for time series
data and sequential data, and MLPs can learn complex data
patterns.

� The performance of EnFed is compared with the CFL
and conventional DFL-based systems, and we observe that
a good prediction accuracy is achieved by EnFed using
LSTM and MLP at a lower training time and lower energy
consumption of the device.

The rest of the paper is organized as follows. Section II
presents the existing works on FL. Section III demonstrates
the proposed FL approach with a detailed discussion on time
consumption and energy consumption. Section IV presents the
performance of EnFed. Finally, Section V concludes the paper
with future research directions.

II. RELATED WORK

This section discusses the existing works on FL and HAR,
along with their limitations and how EnFed addresses them.

A. Existing Works on FL

FL has gained its popularity for privacy-aware data analysis
in various domains including Internet of Things (IoT), mobile

network, etc. Integrating the advantages of CFL and DFL archi-
tectures, a hybrid FL model was proposed in [8]. The model
was distributed based on the consensus distances and layer
sizes to enhance the training speed, reduce network bandwidth
pressure, and improve prediction accuracy [8]. In [9], an op-
portunistic FL approach was proposed for pervasive computing
applications. In [10], the authors demonstrated the use of FL
for resource-limited IoT devices. The use of FL with mobile
edge computing (MEC) was highlighted in [11]. The authors
did a thorough literature survey on the existing FL solutions for
MEC. In [12], the authors proposed an FL-based approach for
updating local models on mobile devices with the coordination
of the edge server. However, coordination with the server incurs
some communication overhead. For FL, not only computational
latency but also communication latency plays a vital role, which
was highlighted in [13]. With an objective of service delay
minimization, an FL approach was proposed for mobile de-
vices [13]. The authors discussed gradient quantization and
weight quantization to generate a delay-aware model. Along
with latency, energy is also an important parameter that needs to
be considered while developing an FL-based model for mobile
devices. In [14], the authors proposed an approach to maintain
a trade-off between the energy consumption for computation
and communication during FL. The authors discussed gradient
sparsification and quantization to reduce communication energy,
and weight quantization and model pruning to reduce comput-
ing energy. Although gradient sparsification and quantization,
weight quantization, and model pruning were adopted by some
existing works, there is a probability of reducing the overall
accuracy of the model. Based on crowdsourcing and game
theory, an approach was proposed for on-device FL in [15]. We
observe that most of the existing literature used CFL in their
approaches, where a central coordinator performs aggregation
and develops the global model. However, there is a probability
that the connectivity with the central server may not always
be available to the mobile device. Furthermore, the devices
may slow down during the FL process. Though asynchronous
FL [6] allows the aggregation after receiving model updates from
a participating client without waiting for all clients to finish
training, the devices may not always have sufficient network
connectivity to exchange model updates with the server until
a final global model is developed. Though DFL [7] has been
adopted to allow the devices to collaborate among themselves
without the coordination of a central server, the mobile devices
with poor battery levels may fail to complete the DFL process.
EnFed has addressed these issues by allowing a mobile device
with limited battery life to build a model for an application by
taking cooperation from nearby devices with updated models
with respect to an incentive.

B. Existing Works on HAR

The use of machine learning (ML) and deep learning (DL) on
activity recognition was explored in many research works. The
use of DL for activity recognition was discussed in [16]. The
use of personalized DL for HAR was studied in [17]. In [18],
various types of ML and DL algorithms were used for activity
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recognition in cyber-physical systems. The authors explored
the use of deep convolutional neural network (CNN) in [19]
for activity recognition. However, privacy protection is a vital
issue in HAR especially when cloud-based data analysis takes
place using ML or DL. Furthermore, response time and energy
efficiency are also significant along with prediction accuracy.
In [20], an accuracy and energy-aware activity recognition
model was proposed. In [21], a generic graph-based temporal
framework was discussed for HAR. To build an accurate HAR
model, the dataset needs sufficient number of samples for each
class. A dataset with class imbalance may not generate an ac-
curate model. In [22], a dual-ensemble class imbalance learning
strategy was proposed for activity recognition. To address data
privacy concerns and build an accurate model through collabo-
rative training, FL came. In [23], the authors explored the use
of FL for activity recognition. FL-based health recommendation
was explored in [24]. For location-based services, a geographical
point-of-interest (POI) recommendation strategy was proposed
in [25] based on FL. In [26], the authors proposed an FL-based
approach for recommendation generations using LSTM. For
context-aware recommendations with privacy protection, FL
was used in [27]. In [28], an FL-based approach was used
for activity monitoring. The authors proposed FedStack which
performed stack-based model predictions using FL [28]. In [29],
FL with LSTM and gated recurrent unit (GRU) was used for
activity recognition.

However, most of existing systems used CFL in their frame-
works, which need seamless network connectivity for exchang-
ing updates to finally build an optimized global model. Further-
more, the participating devices may slow down during the FL
process due to resource limitation, which is known as the strag-
gler effect [30]. The computational resource limitation, limited
battery life, and connectivity interruption create obstacles during
the generation of a global model through CFL or DFL when the
participating nodes are mobile devices. To provide a solution,
this paper proposes an FL model where a resource-constrained
device can obtain a model for an application based on the
cooperation of nearby devices. A comparison between the pro-
posed and existing FL-based recognition and recommendation
systems is presented in Table I. Most of the existing approaches
aimed to generate an accurate model but did not consider the
energy consumption, which is a critical issue for mobile devices.
Furthermore, only a few have measured the training time, which
is also an important aspect when developing a model. In our
work, a trade-off is maintained between the prediction accuracy
and training time along with energy consumption so that a model
with a desired accuracy level can be obtained at minimal time
and minimal energy consumption of the device.

III. ENFED:PROPOSED FL APPROACH

Mobile devices such as smartphones, laptops, tablets, have
limited battery life, and thus, energy consumption is a vital
issue. However, users prefer to access various types of activ-
ity monitoring and recognition applications using their mobile
devices. In addition, several applications require connectivity to
the server to update the respective models. However, seamless

TABLE I
COMPARISON OF ENFED WITH EXISTING FL-BASED RECOGNITION AND

RECOMMENDATION SYSTEMS

network connectivity is not always available, and the device
may not always have sufficient battery level to receive model
updates from the server to upgrade its own model. The device
also needs to install and update many applications. A situation
may arise when the current battery level of a mobile device
is below a minimum threshold value or connectivity to the
server is not available, but an updated application model is
required at that time. In the proposed FL approach, the device
requests cooperation from nearby devices to initialize or update
the application model, with respect to an incentive. Due to the
limited battery life of the mobile device, we have considered
both the accuracy level and the current battery level to decide
the number of rounds to update the model. The battery discharge
rate can be non-linear and depends on various factors. By the
minimum battery life we refer to the minimum charge required
to execute the respective application by the device. The battery
threshold will vary according to the type of application, device
configuration, bandwidth, etc. The mathematical notations used
in our approach are summarized in Table II.

Problem statement: Let a device M needs to initialize or
update the model of an application A, but it does not have
sufficient network connectivity and resources to participate in
a CFL process, and M does not have sufficient battery level
to undergo a DFL process by forming a collaborative network
with its nearby devices and exchanging model updates to build
a generalized model. M has to create a personalized model that
meets the desired accuracy level but at minimal training time and
minimal energy consumption, based on the cooperation from
nearby devices with updated models. The objective function of
the proposed problem is to minimize the training time and the
energy consumption of M to update the model for application
A, and achieve the desired accuracy level, which are represented
by (1), (2), and (3), as follows:

TMA
= min(T (MA)) (1)

where TMA
is the minimum training time of M to update

the model for application A. The training time complexity is
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TABLE II
MATHEMATICAL NOTATIONS USED IN ENFED

illustrated in Section III-A.

EMA
= min(E(MA)) (2)

where EMA
is the minimum energy consumption of M to

update the model for application A. The energy consumption
calculation is illustrated in Section III-B.

AccuracyMA
≥ AA (3)

where AccuracyMA
is the prediction accuracy of the model

achieved by M for application A. The accuracy of a model
is defined as ((TP + TN)/(TP + FP + TN + FN)), where
TP , TN , FP , FN , denotes true positives, true negatives, false
positives, and false negatives, respectively.

Proposed framework: To solve the stated problem, we use an
incentive-based handshaking mechanism to find nearby devices
that will help M by sharing their model updates to create its
personalized model. The steps of the proposed approach are
stated as follows:
� M sends a request to its nearby devices (Nd) for the
model update, i.e., updated model parameters of the ap-
plication A with respect to an incentive. The type of
incentive will depend on the participant. The incentive
can be monetary rewards or non-monetary such as, pro-
viding tokens for accessing any service. Different types of
incentive-based FL schemes exist based on game theory,
auction, contract and matching theory, etc. [31]. In our
work, we have considered contract theory-based incentive
mechanism [31]. The requesting device generates a con-
tract with the contributors, i.e., the nearby devices, which
agree with the incentive to share their model updates.
During handshaking, the contributors share their keys used

for encrypting model updates withM , because in EnFed we
use the Advanced Encryption Standard (AES)-128, which
is a symmetric cryptography approach.

� The devices selected based on the contract theory, send
their model updates to M . This is assumed that each
of the contributing devices has an updated model (using
CFL/DFL) for the application. During the transmission
of model updates, the model weights are encrypted using
AES-128 to prevent leakage of model updates. We use
AES-128 because it is a faster encryption algorithm with a
lower processing load.

� The model parameters M received first is used to create
the initial model after decryption.

� M continues to receive model updates from the contrib-
utors until the battery level (Bp) is below the threshold
(BminA

) or the number of contributors (Nc) reaches its
maximum value (Nmax).

� After receiving model updates from the contributors, M
decrypts them and performs aggregation to build a gener-
alized model.

� After aggregation, M fits the model with its own dataset
to build its personalized local model and calculates the
accuracy score.

� If the accuracy score is equal to or greater than the desired
accuracy score (AA),M closes the connections and sets the
updated model as the final model. Otherwise, M continues
to receive model updates from the contributors, and per-
forms aggregation to update its model until AA is reached
or Bp < BminA

or the maximum number of rounds (RA)
is reached.

The proposed FL-based model update method is stated in
Algorithm 1. The requesting device performs handshaking with
the nearby devices which agree to share model updates with
respect to an incentive. The devices which agree to support are
referred to as the contributors. The contributors share their keys
used for encrypting model updates with the requesting device.
After handshaking, the contributors send their updated model
parameters to the requesting device. The device initializes its
model based on the model parameters received from the first con-
tributor. The device continues to receive model updates from the
contributors until the battery level is below the threshold value
or the maximum number of contributors is reached. To check the
battery level, checkbatterylevel function of Algorithm 1 is used.
After receiving model updates from the contributors, it performs
aggregation using updateModel function of Algorithm 1, and
then fits to its training dataset to build its personalized local
model. Fig. 1 shows the pictorial representation of the proposed
approach. In the figure, M needs to update its model and M has
seven nearby devices. M sends requests to these seven devices.
Among them, five devices accept the request and send their
model updates toM . After receiving model updatesM develops
its model through aggregation and fitting with its own dataset.
This step is repeated until the desired accuracy level is reached,
or the battery level drops below the threshold, or the maximum
number of rounds is reached. As mobile devices are considered,
we assume that each device has at least one device available
nearby that can help the device to build its model. Though we
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Fig. 1. Requesting nearby devices and receiving model updates from the contributors in EnFed.

have considered mobile devices in this work, IoT devices can
also participate in the FL process.

A. Time Complexity

The time complexity and computational complexity of send-
ing requests and receiving responses (agree to cooperate or not)
to and from the nearby devices are O(β/ρ) and O(Nd · (β/ρ)),
respectively. The time complexity and computational complex-
ity of handshaking with contributors are O(Nc) and O(Nc), re-
spectively. The time complexity and computational complexity
of sharing the keys are O(sizekey/ρ) and O(Nc · (sizekey/ρ)),
respectively, where sizekey denotes the size of the key used for
the encryption and decryption of model updates. The time com-
plexity of model initialization is expressed as O(1). The space
complexity of model initialization is O(w), where w denotes
the model weights. The computational complexity of model
initialization is O(w). The time complexity of receiving model
updates from contributors is O(R · wj), where wj denotes the
model weights of contributor j. The computational complexity
of receiving model updates from contributors isO(R ·Nc · wj).
The time complexity and computational complexity of encrypt-
ing model weights are O(R · wj) and O(R ·Nc · wj), respec-
tively. The time complexity and computational complexity of
decrypting model weights are O(R · wj) and O(R ·Nc · wj),
respectively. The time complexity of aggregation is given as
O(R ·Nc · wj). The space complexity of aggregation is O(Nc ·
wj). The computational complexity of aggregation is given as
O(R ·Nc · wj). The time complexity of local training is given
as O(R · E · (|DA|/BA) · w). The space complexity of local
training is O((|DA|/BA) · w). The computational complexity
of local training is given as O(R · E · (|DA|/BA) · w).

The total time consumption for training is determined as:

Ttrain = Tdev + Thand + Tkey + Tinit + Tcom

+ Tenc + Tdec + Tagg + Tloc (4)

where Tdev = O(β/ρ), Thand = O(Nc), Tkey =
O(sizekey/ρ), Tinit = O(1), Tcom = O(R · wj), Tenc =
O(R · wj), Tdec = O(R · wj), Tagg = O(R ·Nc · w), and
Tloc = O(R · E · (|DA|/BA) · w).

To meet the objective function presented in (1), the minimum
value of R, E , and Nc, and the maximum value of BA, which
all together meet the condition AccuracyMA

≥ AA, should be
chosen.

B. Energy Consumption of User Device

The energy consumption is given as the sum of the energy
consumption of the mobile device for computation and commu-
nication, given as,

Etot = Ecomp + Ecomm (5)

where Ecomp and Ecomm denotes the energy consumption of
the requesting device for computation and communication, re-
spectively.

The energy consumption for computation includes energy
consumption of the device during model initialization, local
model training, aggregation of model updates, and encryption
and decryption of model updates. The communication energy
consumption contains energy consumption of the requesting
device for sending requests to nearby devices, handshaking with
the contributors which agree to support, receiving encryption
keys from the contributors, and receiving model updates from
them. The computational energy consumption of the device is
given as,

Ecomp = (Tinit · Eci) + ((Tenc + Tdec) · Ec) + (Tagg · Eca)

+ (Tloc · Ecl) (6)

where Eci , Ec, Eca , and Ecl presents the average power con-
sumption of the device per unit time during model initializa-
tion, encryption and decryption of model updates, aggregation
of model updates, and local model training, respectively. The
communication energy consumption of the device is given as,

Ecomm = ((Tdev + Thand) · Es)

+ ((Thand + Tkey + Tcom) · Er) (7)

whereEs andEr presents the average power consumption of the
device per unit time during transmission and reception modes,
respectively. Here, the energy consumption during the periods of
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Algorithm 1: Proposed FL Algorithm for Model Update.

finding nearby devices, handshaking, receiving encryption keys,
and receiving model updates, are considered.

To meet the objective function presented in (2), the following
condition is to be satisfied:

Etot = EMA
(8)

This condition will meet if the T = TMA
, where

T = Ttrain (9)

Here, the training time Ttrain includes the time consumptions in
finding nearby devices, handshaking, sharing encryption keys,
model initialization, encryption and decryption of model updates
during transmission, receiving updates from contributors, aggre-
gation, and fitting with own dataset. As the energy consumption
of the device at transmission, reception, and execution modes
are different, and the values vary depending on the device’s
state, configuration, number of present computations, etc., the
objective should be to minimize the time consumption, so that
the energy consumption can be minimized.

C. Convergence in EnFed

The objective of the learning approach is to minimize the
loss functions L1(wMA

) and L2(wMA
). L1(wMA

) denotes the
loss function for the aggregated model updates and L2(wMA

)
denotes the loss function for the local model update using own
dataset. However, to further discuss the convergence of EnFed,
first, we have to show that each contributor j has a local model
with minimal loss.

Local model at contributor j: A contributor j sends its local
model update to the requesting device if it has a local model with
minimal loss. If wq

jA
denotes the model weights for application

A at epoch q, then

wq+1
jA

= wq
jA

− ηj∇wq
jA

(10)

where 1 ≤ q ≤ Ej , ηj is the learning rate, and Ej denotes the
number of local epochs for a contributor j. The loss function
L(wjA) is given as:

L(wjA) = L(wq
jA
)− L(wq+1

jA
) (11)

L(wjA) will be minimum if the following condition is satisfied:

(L(wq
jA
)− L(wq+1

jA
)) → 0 (12)

The above condition will be satisfied when q = Ej . Therefore,

(L(wEj
jA
)− L(wEj+1

jA
)) → 0 (13)

Therefore, the loss function L(wjA) is minimum when q = Ej ,
given as, L(wjA) → 0 at q = Ej . At a round r the contributor j
sends its local model update with minimal loss to the requesting
device.

Aggregation: The requesting node aggregates the local model
updates received from the contributors at each round. The ag-
gregated model update at a round r is given as,

wr+1
MA

=
1

Nc

Nc∑

j=1

wr
jA

(14)

The loss function for the aggregated model updates,
L1(wMA

), is given as:

L1(wMA
) =

1

Nc

Nc∑

j=1

L(wjA) (15)

where wMA
denotes the aggregated model weights of the device

M for the application A, and Nc is the number of contributors.
From (13), we observe that the contributor j has its local

model with minimal loss when q = Ej . If a contributor j has a
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local model with minimal loss, then it sends its model update
to M . Hence, for the contributor j the following equation is
satisfied [7]:

lim
R→∞

1

R
R∑

r=1

E[‖∇L(wr
jA
)‖2] = 0 (16)

where R denotes the number of rounds.
As each contributor has its model with minimal loss, thus,

(L(wR−1
jA

)− L(wR
jA
)) approaches zero. This demonstrates that

the local model of j meets the convergence point. Hence, the
individual loss of each contributor is minimal, i.e., L(wjA) =
Lmin(wjA). Therefore,

L1(wMA
) =

1

Nc

Nc∑

j=1

Lmin(wjA) (17)

Hence, L1(wMA
) = Lmin(wMA

).
Local model at the requesting device: After aggregation, the

requesting device fits the aggregated model with own dataset. If
wq

MA
denotes the model weights for application A at epoch q,

then

wq+1
MA

= wq
MA

− η∇wq
MA

(18)

where 1 ≤ q ≤ E and η is the learning rate. The loss function
L2(wMA

) is given as:

L2(wMA
) = L(wq

MA
)− L(wq+1

MA
) (19)

L2(wMA
) will be minimum if the following condition is satis-

fied:

(L(wq
MA

)− L(wq+1
MA

)) → 0 (20)

If q = E , then

(L(wE
MA

)− L(wE+1
MA

)) → 0 (21)

Therefore, the loss function L2(wMA
) will be minimum when

q = E , given as, L2(wMA
) → 0 at q = E . Hence, after reaching

the number of epochs, the local model of the device meets the
convergence point.

D. Difference of EnFed From Opportunistic FL, Participatory
FL, and Asynchronous FL

In opportunistic federated learning (OFL) [9], (i) the devices
continuously look for nearby devices to obtain local model
updates of the neighbours, (ii) then use the received model up-
dates to continuously update its own model using local dataset.
The difference of EnFed from the OFL is that no incentive
is provided to the neighbours in OFL, whereas in EnFed the
supporting devices having trained models are offered incentive
to share their model updates with the requesting device, so
that it can build its local model based on the received updates
from the supporting devices. In participatory federated learning
(PFL) [32], a central server selects a subset of clients per FL
round, which send their local model updates to the central server
that aggregates the received updates to build a global model.
In asynchronous federated learning (AFL) [6], the devices with
heterogeneous computational ability train their local models and

Fig. 2. Implementation diagram of EnFed.

send their model updates to the central server independently
without waiting for others. The server performs buffered aggre-
gation or weighted averaging to build the global model. The
difference of EnFed from the PFL and AFL is that (i) in EnFed
no central server performs aggregation to build a global model,
(ii) each supporting node has a trained model and it sends the
local model updates to a resource-limited node that requests for
support to build its model with respect to an incentive. Hence,
we observe that EnFed is different from OFL, PFL, and AFL,
and unique, where (i) a resource-limited device with limited
battery life requests nearby devices to send their model updates
with respect to an incentive, (ii) the devices which agree to the
offered incentive help the device by sending their model updates,
(iii) the requesting device builds its local model by aggregating
the received updates, and then fitting with its own dataset.

IV. PERFORMANCE EVALUATION

To implement EnFed, Python 3.8.10 is used, and Tensorflow
is used for DL models. To connect the devices for transmitting
and receiving model updates, MLSocket is used. The imple-
mentation diagram is presented in Fig. 2. The experimental
setup is explained in Section IV-A. In EnFed, the supporting
devices have their local models and local datasets. The support-
ing devices send their model updates to the requesting device.
The requesting device receives model updates from them, and
develops its personalized model. For local data analysis, LSTM
and MLP are used in EnFed. GRU is also popular to model and
process sequential data. However, we prefer LSTM over GRU
because (i) LSTM features a separate cell state that enables to
keep significant information over longer time period, (ii) The
use of three gates (input, forget, and output) in LSTM provides
a fine-grained control over information flow that helps to outper-
form GRU on large-scale and complex problems, (iii) To deal
with intricate and long-term dependencies within sequences,
LSTM provides better performance especially for deep time-
series forecasting. CNN is also a popular data analysis algorithm
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TABLE III
THE VALUES OF THE PARAMETERS FOR MODEL CLASSIFICATION

especially for activity recognition. However, instead of using
CNN, we consider LSTM because (i) To capture long-term
dependencies with sequential data, LSTM performs better, (ii)
LSTM excels in processing time series data by maintaining a
memory of past inputs, (iii) LSTMs can handle input sequences
of varying lengths, (iv) By using three gates, LSTM can focus
on the most significant parts of a sequence, (v) LSTM can
better understand the overall context of a sequence. MLP is
also used in EnFed for local data analysis because MLP offers
benefits with structured data, lower computational resources,
reduced overfitting on small dataset, and can be faster due to
its reduced overhead associated with complex convolutional
layers. The values of the parameters used in classification using
LSTM and MLP are presented in Table III. We determine the
prediction accuracy for the proposed approach EnFed along with
training time and energy consumption. After that we compare
the performance of EnFed with conventional CFL and DFL-
based systems (as implemented in [7]) with respect to training
time and energy consumption to achieve the desired accuracy
level. For aggregation, federated averaging (FedAvg) is used
in the implementation of CFL and DFL. Finally, the accuracy
and response time in EnFed are compared to the conventional
cloud-only framework.

A. Experimental Setup

We have carried out experiments using resources accessible
from the Melbourne CLOUDS Lab. We have provisioned eight
(8) virtual machines (VMs) created over the Australia RONIN
cloud environment, which is hosted on Amazon AWS. Among
them, one is used as the requesting node, and five (5) VMs
are utilized as the supporting nodes. Each of the nodes has
4 GB memory. We have used the remaining two VMs each
having 4 GB memory and 2vCPUs, as follows: one is used as
the edge server, and the other one is used as the cloud server
instance. For performance analysis, we have used two different
datasets. The first dataset1 contains different types of physical
activities and the respective calories burned. In our experiment,
we categorize calories according to the range (< 0.5, 0.5−
1, 1.0− 2.0, 2.0− 3.0, > 3.0) for classification. The dataset1

is non-identically distributed among the requesting node and
five supporting nodes. The second dataset2 is a HAR dataset

1https://www.kaggle.com/datasets/aadhavvignesh/calories-burned-during-
exercise-and-activities

2https://www.kaggle.com/datasets/nurulaminchoudhury/harsense-datatset

that contains the movement data of twelve users. The movement
data was collected using accelerometer and gyroscope. Based on
the movement data, the activity of the user is predicted. For the
second dataset, six types of activities are considered: Running
(1), Walking (2), Sitting (3), Standing (4), Downstairs (5), and
Upstairs (6). The dataset2 is non-identically distributed among
the requesting node and five supporting nodes. The training time
is measured in seconds (s) and the energy consumption of the
device during the period is measured in Joule (J). The training
time and energy consumption of the device are measured using
(4) and (5), respectively. For securing the model updates during
transmission, we have used AES-128-based encryption. In the
designed framework, for communication among the devices,
Orthogonal Frequency Division Multiple Access (OFDMA) is
used.

B. Performance of EnFed Using LSTM

The desired accuracy level for the experiment is set to 0.95
and the battery threshold is considered 20%. As we have five
VMs in the experiment as the supporting nodes, the maximum
number of contributors is set to five. In this regard, we would
like to mention that as the requesting node is a mobile device,
the number of nearby devices will not be high. Furthermore, the
objective is to build a model with the desired accuracy level at a
minimal training time and minimal energy consumption of the
device, therefore, the maximum number of contributors will also
not be high.

For the first dataset, EnFed has achieved a prediction accuracy
of 96.7% for two, three, four, and five contributors, and the
precision, recall, and F1-score are above 0.9. The training time
for two, three, four, and five contributors are 7.61 s, 7.06 s,
7.65 s, and 8.43 s, respectively. Thus, the average training time
is 7.69 s. The energy consumption of the device for two, three,
four and five contributors are 38.05 J, 35.3 J, 38.25 J, and
42.15 J, respectively. The average energy consumption of the
device is 38.44 J. For the second dataset, EnFed has achieved
97.86%, 98.05%, 97.86%, and 98.12% accuracy for two, three,
four, and five contributors, respectively. We observe that for five
contributors, the highest accuracy of 98.12% (0.98) is achieved.
We also observe that the precision, recall, and F1-Score are
0.967. The respective confusion matrix is presented in Fig. 3.
The training time for two, three, four, and five contributors are
66.52 s, 44.22 s, 64.2 s, and 44.23 s, respectively. Thus, the
average training time is 54.8 s. The energy consumption of the
device for two, three, four, and five contributors are 332.6 J,
221.1 J, 321 J, and 221.15 J, respectively. Thus, the average
energy consumption of the device is 273.96 J. The prediction
accuracy, training time, and energy consumption in EnFed using
LSTM are presented in Figs. 4, 5, and 6, respectively. We observe
that the average prediction accuracy for the first and second
datasets are∼97% and∼98% respectively. The precision, recall,
and F1-Score, are also above 0.9 for all cases for the first dataset
and above 0.95 for all cases for the second dataset.

The local model loss in EnFed after model update using five
contributors is presented in Fig. 7. In EnFed, the number of
rounds is decided based on the desired accuracy level and the

Authorized licensed use limited to: University of Melbourne. Downloaded on June 19,2026 at 03:09:41 UTC from IEEE Xplore.  Restrictions apply. 

https://www.kaggle.com/datasets/aadhavvignesh/calories-burned-during-exercise-and-activities
https://www.kaggle.com/datasets/aadhavvignesh/calories-burned-during-exercise-and-activities
https://www.kaggle.com/datasets/nurulaminchoudhury/harsense-datatset


286 IEEE TRANSACTIONS ON SUSTAINABLE COMPUTING, VOL. 11, NO. 3, MAY/JUNE 2026

Fig. 3. Confusion matrix of EnFed for Second Dataset (Number of contribu-
tors: 05).

Fig. 4. Prediction accuracy in EnFed.

Fig. 5. Training time in EnFed.

battery level of the requesting device. However, a maximum
number of rounds (10) is also set to prevent the process from
going through an infinite number of iterations. In our experiment,
the desired accuracy level is achieved in the first, second, or third
round, for all the cases. As we observe from the figure, for both
the datasets the process converges when the loss is minimal.
We have also evaluated the performance of EnFed for another
activity recognition dataset.3 This dataset contains sensor values

3https://www.kaggle.com/datasets/uciml/human-activity-recognition-with-
smartphones

Fig. 6. Energy consumption of the device in EnFed.

TABLE IV
COMPARISON OF ACCURACY, TRAINING TIME, AND ENERGY CONSUMPTION IN

ENFED, DFL, AND CFL, USING LSTM

including accelerometer and gyroscope values, based on which
the user activity is predicted. The dataset contains data of 30
users, and there are six categories of activities: standing, sitting,
laying, walking, walking downstairs, and walking upstairs. For
this dataset, EnFed using LSTM has achieved prediction accu-
racy of >98%, with a precision, recall, and F1-score of above
0.98.

Comparison with DFL and CFL: The performance of En-
Fed in terms of prediction accuracy, training time, and en-
ergy consumption is compared with the conventional DFL and
CFL-based systems. In a conventional DFL framework, the
devices form a collaborative network and exchange model up-
dates among themselves until a desired generalized model is
developed. In a conventional CFL system, the devices exchange
their model updates with the server until a desired global model
is developed. The comparison of performance of EnFed, con-
ventional DFL, and CFL systems, are presented in Table IV. We
observe that EnFed has achieved the desired accuracy level at
much less training time and energy consumption compared to
the conventional DFL and CFL systems. The number of clients
is considered six in CFL. The number of nodes in conventional
DFL is considered three, four, five, and six. The average pre-
diction accuracy, training time, and energy consumption are
determined, and presented in Table IV. For DFL, both mesh and
ring topologies (peer-to-peer) are considered, and the average
values of the obtained results are presented in the table.
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Fig. 7. Local model loss in EnFed.

For the first dataset: (i) the average training time for DFL
is 18.73 s (the average training time for DFL with three, four,
five, and six devices are 18.15 s (mesh: 18.15 s, ring: 18.15 s),
13.5 s (mesh: 16.2 s, ring: 10.8 s), 20.52 s (mesh: 24.624 s, ring:
16.416 s), and 22.75 s (mesh: 27.3 s, ring: 18.2 s), respectively),
(ii) the accuracy level achieved by DFL in all four cases is
96.7%, i.e., ∼97%, (iii) the training time for CFL is 50.04 s, and
it has achieved an accuracy of 99.9%, (iv) the average energy
consumption of the device for DFL is 93.65 J (the average energy
consumption of the device for DFL with three, four, five, and six
devices are 90.75 J (mesh: 90.75 J, ring: 90.75 J), 67.5 J (mesh:
81 J, ring: 54 J), 102.6 J (mesh: 123.12 J, ring: 82.08 J), and
113.75 J (mesh: 136.5 J, ring: 91 J), respectively), and (v) the
energy consumption of the device for CFL is 250.2 J.

For the second dataset: (i) the average training time for
DFL is 67.74 s (the average training time for DFL with three,
four, five, and six devices are 70.14 s (mesh: 70.14 s, ring:
70.14 s), 61.8 s (mesh: 67.98 s, ring: 55.62 s), 66.76 s (mesh:
68.02 s, ring: 65.5 s), and 72.26 s (mesh: 79.49 s, ring: 65.03 s),
respectively), (ii) the prediction accuracy achieved by DFL is
∼98% (the accuracy level achieved by DFL with three, four,
five, and six devices are 97.98%, 98.12%, 97.98%, and 98.31%,
respectively), (iii) the training time for CFL is 75.33 s, and it
has achieved an accuracy of 98.39%, (iv) the average energy
consumption of the device for DFL is 338.7 J (the average energy
consumption of the device for DFL with three, four, five, and six
devices are 350.7 J (mesh: 350.7 J, ring: 350.7 J), 309 J (mesh:
339.9 J, ring: 278.1 J), 333.8 J (mesh: 340.1 J, ring: 327.5 J),
and 361.3 J (mesh: 397.45 J, ring: 325.15 J), respectively), and
(v) the energy consumption of the device for CFL is 376.65 J.

We observe that CFL has achieved the highest accuracy for
both datasets. However, the training time and energy consump-
tion of the device are much high, when CFL is used. In DFL,
the training time and energy consumption are lower than CFL.
Though we have considered both the ring and mesh topologies,
we observe that the training time and energy consumption are
much less in ring-based DFL than the mesh-based DFL, due to
lower communication overhead. We also observe that in EnFed,
the prediction accuracy is almost same as compared to both

mesh-based and ring-based DFL frameworks but with lower
training time and lower energy consumption. As we observe,
EnFed has achieved above 96% accuracy for both datasets.
The average training time in EnFed and DFL are presented in
Table IV. From the results we observe that using EnFed the
training time and energy consumption are reduced by approxi-
mately 59% and 19% than DFL for the first and second datasets,
respectively. We also observe that EnFed has reduced the training
time and energy consumption by approximately 85% and 27%
than CFL for the first and second datasets, respectively.

C. Performance of EnFed Using MLP

For further validation, we consider MLP also as an underlying
approach for data analysis, and in this case we consider five
contributors. We observe that for MLP, EnFed has achieved: (i)
a prediction accuracy of 96% for the first dataset and 98.05%
for the second dataset, (ii) the training time for the first and
second datasets are 4.28 s and 4.29 s respectively, and (iii) the
energy consumption for the first and second datasets are 21.4 J
and 21.45 J respectively. The precision, recall, and F1-Score, are
also above 0.9 for the first dataset and above 0.95 for the second
dataset. For another activity recognition dataset3, EnFed using
MLP has achieved >98% prediction accuracy, with a precision,
recall, and F1-score of above 0.98.

Comparison with DFL and CFL: The results of EnFed using
MLP are compared with the conventional DFL and CFL systems
in Table V. In the case of DFL using MLP, 96% accuracy is
achieved for the first dataset, the average training time is 9.66 s
(mesh: 11.59 s, ring: 7.73 s), and the energy consumption of
the device is 48.3 J (mesh: 57.95 J, ring: 38.65 J). For the
second dataset DFL has achieved 98.5% accuracy using MLP,
the training time is 15.67 s (mesh: 18.8 s, ring: 12.54 s), and the
energy consumption of the device is 78.35 J (mesh: 94 J, ring:
62.7 J). In case of CFL using MLP, for the first dataset 99.9%
accuracy is achieved, the training time is 51.5 s, and the energy
consumption of the device is 257.5 J. For the second dataset
CFL has achieved 98.5% accuracy using MLP, the training time
is 102.63 s, and the energy consumption of the device is 513.15 J.
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TABLE V
COMPARISON OF ACCURACY, TRAINING TIME, AND ENERGY CONSUMPTION IN

ENFED, DFL, AND CFL, USING MLP

As we observe, for MLP also EnFed has achieved above
95% accuracy but with lower training time and lower energy
consumption than CFL and DFL. Using EnFed, the training
time and energy consumption are reduced by approximately
92% for the first dataset and 96% for the second dataset, than
CFL. Compared to DFL, EnFed has approximately 56% and
73% lower training time and lower energy consumption, for the
first and second datasets, respectively.

D. Real Setup and Simulation Results

To depict a real scenario, we have performed an experimental
analysis using eight laptops, each with 8 GB RAM and 1 TB
HDD. Among these laptops, one is used as the requesting device,
and it selects a maximum of five contributors among seven other
laptops, and builds its model using the proposed approach. We
observe that for the first dataset: (i) the average training time is
10.55 s, the average energy consumption of the requesting device
is 52.75 J, and the average prediction accuracy is 97%, if LSTM
is used in EnFed, (ii) the average training time is approximately
4.3 s, energy consumption is 22 J, and prediction accuracy is
96%, if MLP is used in EnFed. For the second dataset: (i) the
average training time is 65.1 s, the average energy consumption
of the requesting device is 330 J, and the average prediction
accuracy is 98%, if LSTM is used in EnFed, (ii) the average
training time is 4.4 s, the average energy consumption of the
requesting device is 23 J, and the average prediction accuracy
is 98%, if MLP is used in EnFed. For further validation of
EnFed, we have performed a simulation also considering 100
nodes (each with maximum 15 nearby devices and maximum
10 contributors) based on the configuration of a mobile device
with an average power consumption of 5 watts per unit time. As
the requesting node is a mobile device, the maximum number
of nearby nodes is considered 15, and maximum number of
supporting nodes is considered 10 in simulation. We observe that
for the first dataset: (i) the average training time is approximately
12.5 s, energy consumption is 62 J, and prediction accuracy
is 97%, if LSTM is used in EnFed, (ii) the average training
time is approximately 4.5 s, energy consumption is 23 J, and
prediction accuracy is 96%, if MLP is used in EnFed. For the
second dataset: (i) the average training time is approximately
65 s, energy consumption is 330 J, and prediction accuracy is

TABLE VI
COMPARISON OF ENFED WITH EXISTING ACTIVITY RECOGNITION SYSTEMS

98%, if LSTM is used in EnFed, (ii) the average training time is
approximately 4.5 s, energy consumption is 23 J, and prediction
accuracy is 98%, if MLP is used in EnFed.

E. Comparison With Other Classifiers

We have also evaluated the performance of EnFed with two
well-known classifiers GRU and CNN. We observe that using
GRU and CNN approximately (i) 75% and 60% accuracy are
achieved for the first dataset, respectively, and (ii) 80% and
70% accuracy are achieved for the second and third datasets,
respectively. The achieved accuracy values are quite lower than
EnFed using LSTM and MLP. The more complex and special-
ized structure of LSTM and the use of three gates and a separate
cell state in LSTM, has provided better performance compared
to GRU and CNN. On the other hand, the ability of MLP to learn
complex patterns also helps it to outperform EnFed with GRU
and CNN.

F. Comparison With Existing Activity Recognition Models

In Table VI, we have compared the proposed approach with
the existing activity recognition approaches. Most of the existing
approaches mainly focused on prediction accuracy rather the
training time and energy consumption. However, in our system
we have considered these two metrics because for real-time
applications time and energy consumption are vital. As we
observe from Table VI, EnFed has achieved a high prediction
accuracy for the datasets, which we have considered in the
experiment. Furthermore, EnFed has determined the training
time and energy consumption, and we observe that the training
time and energy consumption of the device during the training
period are not very high. Furthermore, user data are not shared
and model weights are encrypted during the transmission of
model updates to protect data privacy. Thus, we can refer to
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TABLE VII
PREDICTION ACCURACY IN ENFED AND CLOUD-ONLY SYSTEM WITHOUT FL

Fig. 8. Response time in EnFed and cloud-only system using LSTM.

Fig. 9. Response time in EnFed and cloud-only system using MLP.

EnFed as a privacy-aware, energy-efficient, and fast activity
monitoring and recognition system.

G. Comparison With Cloud-Only Framework

Finally, we compare the response time and prediction accu-
racy of EnFed with the conventional cloud-only system without
FL, where the user sends the data to the cloud for analysis
and receives the result. We have conducted experiments using
the first and second datasets and measured average response
time and prediction accuracy. The average prediction accuracy
for LSTM and MLP for the cloud-only system without FL are
presented in Table VII in comparison to EnFed. The average
response time for EnFed and cloud-only system are presented in
Figs. 8 and 9. The average prediction accuracy for the first and
second datasets using LSTM are 97% and 98%, respectively, for
the cloud-only system without FL, and these values are the same

as the prediction accuracy of EnFed using LSTM. The average
prediction accuracy of the cloud-only system without FL for
the first and second datasets are 92% and 98%, respectively,
while using MLP. For the first dataset, EnFed has achieved
96% prediction accuracy, and for the second dataset EnFed has
a prediction accuracy of 98.05%, using MLP, which is better
than the cloud-only system. The response time for EnFed is
approximately 89% and 95% less than the cloud-only system for
the first and second datasets, respectively, while using LSTM.
The response time for EnFed is approximately 91% and 93%
less than the cloud-only system for the first and second datasets,
respectively, while using MLP. Hence, we observe that EnFed
outperforms the cloud-only system from the perspective of
response time and overall prediction accuracy.

We would like to mention that as the requesting device builds
its model based on the model parameters received from the
contributors, the trustworthiness and staleness of the models
are important. In EnFed, the contributors only send their model
updates with minimal loss. Hence, the model updates with
minimal loss are aggregated to build the requesting device’s
model. However, there is a probability of model drift if the
data distributions of the contributors’ hugely differ from that
of the requesting device. Further, the trustworthiness of the
contributors’ models is significant. Shannon’s entropy [33] can
be used to select only trustworthy and reliable clients with low
entropy and consistency. Furthermore, to address the staleness
issue, the requesting device can only select clients with the latest
updated model parameters so that an accurate and stable model
can be obtained.

V. CONCLUSIONS AND FUTURE WORK

Energy-efficient FL is a significant research area for sus-
tainable mobile computing. The resource limitation and limited
battery life of mobile devices are two important challenges for
active participation in the CFL and DFL processes. To address
these issues, we have proposed an energy-efficient FL approach
named EnFed with a case study on the human activity recog-
nition system. In the proposed approach, a device with poor
network connectivity requests nearby devices for a model of
an application with respect to an incentive. The nearby devices
having updated models for that application accept the request if
they agree to the offered incentive and send their model updates.
The requesting device initializes and updates its model after
receiving model updates from the contributors. The proposed
approach is applicable for a real-time environment where a
mobile device with limited battery life, limited computational
resources, and limited network connectivity requires an updated
model for an application. The performance of the proposed
approach is evaluated with respect to the prediction accuracy,
training time, energy consumption of the device, and response
time. The experimental results show that EnFed has achieved
above 95% accuracy for the considered datasets while using
LSTM and MLP. The experimental results also show that using
EnFed the training time and energy consumption are reduced by
approximately 59% and 19% than DFL for the first and second
datasets, respectively, using LSTM. The results also show that

Authorized licensed use limited to: University of Melbourne. Downloaded on June 19,2026 at 03:09:41 UTC from IEEE Xplore.  Restrictions apply. 



290 IEEE TRANSACTIONS ON SUSTAINABLE COMPUTING, VOL. 11, NO. 3, MAY/JUNE 2026

EnFed has reduced the training time and energy consumption by
approximately 85% and 27% compared to CFL for the first and
second datasets, respectively, using LSTM. From the results, we
also have observed that using EnFed with MLP, the training time
and energy consumption are reduced by approximately 92% for
the first dataset and 96% for the second dataset, compared to
CFL using MLP. The results also present that EnFed with MLP
has approximately 56% and 73% lower training time and energy
consumption for the first and second datasets, respectively, than
DFL using MLP. Finally, we conclude that EnFed maintains a
trade-off between the prediction accuracy and the training time
along with the energy consumption of the user device so that a
model with good prediction accuracy is obtained at a lower time
and lower energy consumption of the device.

EnFed provides a personalized model for a device in a
resource-constrained scenario by aggregating model updates
from nearby devices and fitting it with its own dataset. However,
the feature space of the nearby devices’ datasets may differ from
the feature space of the requesting device’s dataset, or the feature
space and the sample space both may differ for heterogeneous
contributors. In the future, we would like to extend the scope
of EnFed to address this challenge, along with the convergence
analysis of the same. We would also like to explore the use
of generative adversarial networks with FL to address the data
scarcity and class imbalance issues. In the future, we would
also like to use differential privacy mechanisms in EnFed for
lightweight privacy management. The use of Bayesian LSTM
in FL-based activity recognition is another future research di-
rection of EnFed.
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