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A B S T R A C T

In this paper, we propose a Machine Learning (ML) based approach to address Wireless Channel Estimation
(WCE) problem for 5G and beyond wireless networks. Accurate wireless channel estimation plays a crucial role
for provision of high quality of service to billions of wireless devices in current and future wireless networks.
Our proposed approach uses contemporary ML technique, Federated Learning (FL), in conjunction with the
Stochastic Gradient Descent (SGD) algorithm to optimise the WCE problem. Our proposed approach leverages
the local user wireless channel information to locally optimise the objective at users and then uses this locally
optimised information at the server to optimise the global objective function. The proposed approach is referred
to as joint Federated Server Learning and Federated Client Learning (j-FSL-FCL) in the paper. We formulate the
WCE problem with a novel loss function to be used for the optimisation problem. To evaluate the performance
of our proposed j-FSL-FCL approach (with and without SGD), we consider a Down Link (DL) wireless channel
model with Multiple-Input Multiple-Output (MIMO) setting that mimic closely to the wireless channel for 5G
and beyond wireless channel models. The performance measuring parameters for j-FSL-FCL are to minimise
the difference between actual and estimated wireless channel parameters (channel strength and direction).
We compare the results of our proposed approach with the other techniques in the literature based on Least
Squares (LS), Linear Regression (LR) and Mean Square Error (MSE). It is shown that the proposed algorithm
converges to the optimal solution quickly when used with SGD compared to other existing techniques. It is
also shown that the efficiency of the proposed approach for WCE problem is much higher compared to other
LS and MSE based techniques. Finally, we present some interesting futuristic applications of FL in the context
of 5G and beyond wireless networks.
1. Introduction

With the new era in wireless communication systems, the role of
ML techniques and their suitability for solving many complex prob-
lems related to wireless networks such as Wireless Channel Estimation
(WCE), is an emerging area of research. Advance user applications
such as 3-D gaming, Virtual Reality (VR), and Artificial Intelligence
(AI) based applications that require high bandwidth and very stringent
Quality of Service (QoS) requirements, can be made possible with
new wireless networks such as 5G and beyond that take advantage of
ML techniques in their design and implementations. These ML based
algorithms help to solve various functions in wireless networks such as
recognising objects, camera tracking, substantial computational power,
real-time feedback, and multiple cloud services. Moreover, the an-
ticipated user devices equipped with the latest technologies, use ML
algorithms at their end as well as on wireless network end and require
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large bandwidths, reduced latencies and anytime, anywhere connectiv-
ity which are basic promises of 5G and beyond wireless communication
systems [1].

For sixth generation (6G) wireless networks, ML and AI will be
integral parts of these networks. In 6G network design, traditional
and conventional methods of cellular design, hardware and software
components and communication over the air will be mostly replaced
with ML and AI based solutions [2]. There will be massive number
of new users (these users are also referred as devices or clients in the
literature) with cutting edge and innovative applications expecting high
QoS and seamless support from wireless networks. ML and ubiquitous
AI will then be great helping tools for wireless researchers to meet these
demands. There will be a huge usage of heterogeneous and distributed
communication (such as fog computing) both at device as well as at
network levels. Therefore, researchers have already started investigat-
ing ML based solutions for such complex and futuristic networks and
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Fig. 1. Interest over future ML and wireless communication systems.

their components [3]. This article, addresses one such problem of WCE
for these new networks using contemporary ML techniques.

One such contemporary ML technique which has already gained
a lot of attention and interest from wireless communication research
community to address various design problems for wireless networks,
is known as Federated Learning (FL). Some of the prominent reasons
for FL being considered in wireless network design, are its capabilities
of distributed computations, less and reduced collaborations from par-
ticipating users and preserving data and information security of users.
Fig. 1 shows Google trend of interests for 5G and 6G communication
networks and the use of FL and deep Reinforcement Learning (RL) for
the last five years. The 𝑥-axis in Fig. 1 represents number of years and
𝑦-axis in Fig. 1 represents average Google search interests relative to
the highest point on the chart for the worldwide and time. It should be
noted that a value of 100 on 𝑦-axis is the peak popularity for the term
and a value of 50 means that the term is half as popular. It is evidenced
from this figure, that since 2018 there is a huge interest of using FL
for the design of wireless communication systems. Therefore, our focus
in this article is to understand FL further in the context of wireless
communication systems and apply this technique to a particular WCE
research problem under 5G and beyond network settings.

Main contributions: The paper has following main contributions.

• Wireless channel estimation problem formulation for 5G and
beyond in the context of FL optimisation environment.

• Design and development of j-FSL-FCL algorithm 2 for WCE prob-
lem.

• A novel application of SGD in conjunction with j-FSL-FCL algo-
rithm to achieve the optimal solution for WCE problem.

• Experimental analysis of the proposed j-FSL-FCL algorithm on
WCE with and without SGD and its performance comparison with
the state-of-the-art algorithm in the literature [4].

1.1. Related work comparison

The focus of this article is to investigate the WCE problem for 5G
and beyond using contemporary ML techniques such as FL. The use of
ML techniques to address many wireless network problems has recently
gained a lot of attention, mainly due to the fact that ML techniques
will be a critical part of wireless networks for both users as well as
network operators. There has been a lot of recent research activities in
this domain. In the following, we review some of the key contributions
related to this work.

In [5], the authors proposed algorithms for distributed optimisation,
which they called federated optimisation. Motivated by the fact that
users do not need to send the data to a centralised server; instead, they
use their computational power to solve optimisation problems. The arti-
cle provided a fundamental framework for FL and tested their proposed
2

algorithms on public Google+ posts, where the authors analysed the
frequency of different features of these posts as key indicators.

The authors in [6], delineated that use of FL in edge intelligence
technique can reduce transmission volume for data and improve the
communication efficiency between end devices. The authors in [7] per-
formed signal recognition using federation learning, where their focus
is on elaborating the benefits of using federation in the future wireless
network system in terms of data privacy, data size, data security, and
high quality. The authors discussed signal modulations recognition’s
which was based on federation learning and concluded the results ob-
tained justify that an acceptable recognition rate is achievable through
FL while it satisfies the privacy and security issues as well.

The authors in [4], focused on using a deep learning algorithm for
channel estimation by considering time–frequency response as a 2D
image and indicated the estimation error for the proposed algorithm
shows better results as compared to other channel estimation tech-
niques. Further, the authors in [8–10] stated that FL is a decentralised
and distributed ML technique where multiple users take part in achiev-
ing an optimisation problem through a centralised server (commonly,
the server is also referred to as a base station (BS) or aggregator in this
literature).

Moreover, the authors in [10] stated that FL enables the smart
devices to work in collaboration to learn a prediction model where all
the training data resides on the user’s device itself. The authors further
mention that this concept is being tested on Gboard on Android OS,
where information is locally stored in the user’s phone and FL processes
history on the device. The authors provided a few algorithms that can
be used with FL to make the learning possible.

Paper Structure: The outline of the paper section-wise is given as
follows: In Section 2, we presented the background and motivation of
this work. We also discuss the importance of role of Federated learning
in future generation wireless communication systems. The Section 3
presents WCE problem in detail. Section 4 describes ML techniques
for WCE and presents various components of FL and how FL is im-
plemented for WCE research problem. Section 5 presents the system
model that we used in this research. This section also presents our
proposed j-FSL-FCL and j-FSL-FCL-SGD algorithms. Section 6 presents
experimental results and analysis of the results. Section 7 presents some
current and future applications of FL. Finally, Section 8 concludes the
paper and suggests some future extensions of this work.

2. Background and motivation

FL is known as a decentralised technique, however, an aggregator
receives and distributes the information of an overall optimisation
model to all participants to optimise it locally with their own data.
We call the learning at the BS as Federated Server side Learning (FSL)
and learning at users as Federated Client side Learning (FCL). One of
the key concepts of FL is that the participating users do not require to
share their data with the central BS, instead they only share the param-
eters of their locally optimised model. This process continues until an
overall optimised model is achieved at the aggregator and is considered
acceptable solution of a particular problem. We provide a detailed
introduction of various components of FL and their working principles
in Section 4.1. Further to this, in the following paragraphs, we elaborate
that why FL is best suitable ML technique for solving research problems
such as WCE and how it can be beneficial for accurately estimating
wireless channel for contemporary wireless networks.

Contrary to FL where learning can be done through FCL and re-
quired information is sent back to the aggregator, traditional and
conventional wireless channel estimation is done at the BS where all
users send their Channel State Information (CSI) to the BS as feedback
during uplink (UL) communication. This process is shown in Fig. 2.
This process requires a lot of bandwidth during UL communication, can
possibly out-date CSI when it reaches and is used at the BS for WCE.
Also, users need to share their information such as location, identity
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Fig. 2. Why WCE at the BS is required?
etc over the air which potentially can be interrupted by a malicious
user. This traditional WCE problem and the increasing requirement of
bandwidth in UL is shown by the following two scenarios in Fig. 2.

Scenario # 1: In this first scenario, consider a single BS equipped
with multiple antennas, transmits to a single user in DL. This user
receives the data and also measures its CSI which it then sends back to
the BS during UL communication. The BS then uses this CSI to estimate
wireless channel of this particular user for next transmission. In this
case, the user uses a certain amount of its UL bandwidth.

Scenario # 2: In this second scenario, again consider a single BS
equipped with multiple antennas, but transmitting to multiple users
simultaneously. The process of CSI and feedback is same as of scenario
(2), however, this time there are multiple users sending their CSI to
the BS during UL. In 5G and 6G wireless networks, where massive
amount of users will be active at all times, one can consider how huge
bandwidth will be required and used during UL communication. Also,
as the BS has to do WCE in this scenario, one can also think of the
required computational power that will be needed at the BS. Since, in
5G and beyond there will be either no cellular network design or very
small cells. Furthermore, BS, which will be called as Access Points (AP),
will have low computational powers as well. So handling such as large
amount of CSI will be a difficult task for APs.

Another motivation of this article is to overcome considerable band-
width requirement problem, along with reducing computational com-
plexity at BS and preserving the privacy and security of users. We
propose using FL technique in WCE where each user can estimate its
own wireless channel, using its own local data and only sends back
limited feedback of the locally optimised wireless channel to the BS.
The main contributions of this paper are that we formulate the WCE
problem within the FL context, define a new loss function based on
wireless channel parameters, and then use the joint FSL-FCL (j-FSL-
FCL) approach to perform WCE. We then use SGD to improve the WCE
optimisation further and propose a j-FSL-FCL technique with SGD (j-
FSL-FCL-SGD). Our results show that the proposed approach performs
3

quite well for the WCE problem in terms of reducing the estimation
error between actual and estimated channels when compared with
other similar approaches, e.g., in [4].

3. Wireless Channel Estimation (WCE) problem

Let us consider a typical wireless communication system as shown
in Fig. 3 where a BS, equipped with multiple transmit antennas 𝑁𝑡, is
communicating simultaneously with multiple users 𝑁𝑢. According to
the standard terminologies used in wireless communication literature,
we define downlink (DL) communication from BS to 𝑁𝑢 users and
uplink (UL) communication from 𝑁𝑢 users to the BS. We also consider,
that the BS receives each users’ wireless CSI from the users during UL
transmission.

Let us represent the signal transmitted by the BS as 𝐱 ∈ C𝑁𝑡×1.
This is the multiplexed signal which consists of all signals that the BS
wants to send to a set of users. The signal, received by each user is
represented as y ∈ C𝑁𝑟×1. The user, then, extracts its own signal from
the received signal. Wireless channel, over which the transmitted signal
𝐱 travels, is modelled and represented as H ∈ C𝑁𝑟×𝑁𝑡 . It is important
to note that the wireless channel data at each user represents only its
own wireless channel. This means that during training phase at each
user, training data (wireless channel) represents the distribution of the
local user data and not the overall distribution of all users. This wireless
channel governs the channel capacity and the signal accuracy.

We can write the signal received at the 𝑖th user y𝑖 as follows

y𝑖 = H𝐱 + n𝑖, (1)

where n ∈ C𝑁𝑟×1 is the Additive White Gaussian Noise (AWGN) at the
𝑖th user and 𝑖 = 1,… , 𝑁𝑢.

Channel State Information (CSI): We assume that the CSI consists of
full knowledge of the wireless channel H between transmitter and the
user. This full knowledge consists of the channel matrix H magnitude
represented by its Frobenius norm as ‖H‖ and the angle between the
𝐹
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Fig. 3. An example of a typical wireless communication system.
Fig. 4. A generic ML based WCE process at BS (Eq. (6)).

transmitter and the receiver represented as 𝜙. It is worth noting that in
multiple transmit antenna scenario, the channel angle 𝜙 is an average
of angles from all transmit antennas towards a particular user. Training
data both magnitude and angle at a specific 𝑖th user, only represents CSI
of that 𝑖th user and does not correlate with other users.

We can calculate the squared Frobenius norm of the channel matrix
H as [11]

‖H‖2𝐹 =
𝑁𝑟
∑

𝑖=1

𝑁𝑡
∑

𝑗=1
|ℎ𝑖𝑗 |

2. (2)

This squared frobenius norm of the channel matrix H can be inter-
preted as the total power gain of the channel.

The angle between two channel vectors h𝑖 and h𝑗 can be defined as
follows [12]

h𝑖.h𝑗 = ‖h𝑖‖‖h𝑗‖ cos(𝜙𝑖𝑗 ),

cos(𝜙𝑖𝑗 ) =
h𝑇𝑖 h𝑗

‖h𝑖‖‖h𝑗‖
. (3)

Furthermore, the angle 𝜙𝑖𝑗 can be written as

(𝜙𝑖𝑗 ) = cos−1
( h𝑇𝑖 h𝑗
‖h𝑖‖‖h𝑗‖

)

. (4)

In the case of multiple transmit antennas, the mean of the channel
angle from all transmit antennas, represented as �̂�, is considered as the
transmit angle for a particular user. For 𝑁𝑡 transmit antennas, the mean
transmit angle �̂� can be calculated as

�̂� = 1
𝑁𝑡

𝑁𝑡
∑

𝑖=1

(

𝜙𝑖

)

. (5)

In this paper, our research problem of WCE is to estimate the
channel strength given by Eq. (2) and the average channel angle given
4

by Eq. (5) and apply FL. In the following section, we describe the usage
of ML for wireless channel estimation research problem.

4. ML for wireless channel estimation

Machine Learning (ML) techniques are now being popularly used
in wireless channel estimation literature. Main reason for this is be-
cause ML techniques can train a model using historical data to predict
wireless channel for next time slot.

Let us assume, we have a ML model . We train this model with
the data set of channel matrix H that is collected over certain period of
time and contains two parameters of wireless channel namely, channel
gain ‖H‖ and channel mean angle �̂�. Let us represent the input and
output of the model  by  and  respectively. Then, we can write
this mathematically as

 ⟶  ⟶ , (6)

where input and output data sets  and  contain both training channel
gain, training angle and estimated output channel gain and estimated
output channel angle respectively represented in Fig. 4. The input
channel gain data set and the input mean angle data set are given as

𝑔𝑎𝑖𝑛 =
{

‖h𝑖‖
}𝑁𝑢

𝑖=1
, (7)

and

𝑎𝑛𝑔𝑙𝑒 =
{

�̂�𝑖

}𝑁𝑢

𝑖=1
. (8)

The advantage of using such a ML model for wireless channel
estimation is that it reduces the wireless channel feedback from users
during UL transmission. Furthermore, it also reduces the risk of security
and privacy of the wireless channel data that is sent to BS during UL
by each user.

There are many ML techniques such as supervised and un-supervised
learning, deep learning, neural network based learning and many more
that are being investigated by wireless communication research com-
munity for wireless channel estimation. Some of these techniques are
based on legacy ML concepts whereas others use more contemporary
methods. In the following, we describe a contemporary ML technique
for wireless channel estimation, known as Federated Learning (FL).

4.1. Federated learning (FL)

Federated learning (FL) is a distributed ML technique where mul-
tiple users perform learning locally without the need of sharing their
own data to each other or a centralised BS in order to optimise the
objective function [13,14]. This locally optimised objective function
and its parameters are then shared with a main BS that formulates a
global optimal model [15]. Due to these reasons that learning occurs
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Fig. 5. An overview of FL process with WCE application (j-FSL-FCL approach).
at the device level and devices do not need to share their local data
with each other or a centralised BS, we think that FL is best suitable
for wireless channel estimation problem.

The collaboration among multiple users in FL happens through
sharing the model parameters with a central main BS which then
communicates the model parameters with other participating users
in the system [16–18]. The FL process for a wireless communication
system is shown in Fig. 5. Given the purpose of this article is to review
key components of an FL process and then apply them to WCE problem,
we first review key components of a generic FL process. Following
components are key parts of any FL process.

1. Participating users: FL process needs a number of users dis-
tributed in a network to participate in the learning process
iteratively. These users train an ML model with the data that
is locally available on these devices. This data is not shared
with any other device or the main BS. Once the training of the
model is reached to a certain criterion, the parameters of the
trained model are then sent to the main BS. These participating
users keep training the model until a global optimisation goal is
achieved and the main BS communicates this with these users. In
this paper, learning at the clients is referred as Federated Client
Learning (FCL).

2. Main BS: In FL process, there is a main BS, also known as
aggregator/server, that collects the parameters of local models
from participating users. It then integrates this information into
the global model and decides whether an optimal solution is
achieved or not. There is no local data sharing between main
BS and participating users. The BS also decides which and how
many users need to participate in each iteration (epoch) of the
optimisation process. In this paper, learning at the main BS is
referred to as Federated Server Learning (FSL).

3. Global Optimisation Model: The global optimisation model is
defined at the main BS. It is optimised using the parameters
from the local optimisation models from the participating users.
The main BS optimises the global model iteratively seeking opti-
misation parameters from the participating users. In this paper,
we represent global optimisation model as 𝐺

𝑠 where subscript
𝑠 represents server/BS/aggregator and superscript 𝐺 represents
global.

4. Local Optimisation Model: Each participating user optimises an
objective model using its own data set for training purposes.
Sometimes this model is also referred to as a loss model since
the participating user tries to minimise a loss function. Once a
5

desired level of optimisation is achieved, the participating user
sends the parameters of this optimised model to the main BS.
These parameters are then used by the aggregator to optimise
the global optimisation model. In this paper, we represent local
optimisation model as 𝐿

𝑐 where subscript 𝑐 represents client
and superscript 𝐿 represents local.

5. Training Iterations: FL is an iterative process which means
it requires a number of iterations between main BS and the
participating users to optimise global optimisation model. Also,
the process requires a number of iterations at each of the par-
ticipating user to acquire local model optimisation. For 𝐺

𝑠
optimisation, main BS decides how many iterations (epochs) are
needed whereas for 𝐿

𝑐 each participating user decides locally
that how many iterations (epochs) are required to achieve the
required optimisation. In general, these epochs are large enough
so that reasonable optimisation is achieved for both global as
well as local optimisation models.

6. Objective Function: Similar to any other optimisation problem,
FL also optimises on an objective function through training the
global model using model parameters from the participating
users. We use 𝑓 (w) as the objective function which is based
on a function that measures loss between actual and estimated
parameters and is represented by 𝜉(.). The selection of loss
function depends on the problem being studied. For example, in
WCE problem, the measure of loss function will be the difference
between H and Ĥ. A summary of some common loss functions
used in various ML techniques is given in Table 1 with their
mathematical representation and usage in a specific ML model.

7. Learning Rate ‘𝜂’: In ML model there are two categories of
parameters which are used to minimise the loss i.e machine
learnable parameters and hyper-parameters. The key difference
between them is machine learning parameters are one where ML
algorithm performs estimation or learning on their own during
training phase. On other hand, hyper-parameters are one where
a specific values (single/multiple) is assigned to them, in order
to control the mechanism through which algorithm performs
learning. In addition, hyper-parameters are used to indicate how
large or small the algorithm updates are. For example, in our
proposed WCE problem the learning rate 𝜂 is fixed and used to
determine the loss for proposed FL model over parameter vector
w.

8. Optimisation Algorithms: Optimisation is a core function of any
ML technique [21] and same is true for FL as well. The main
task of FL is to optimise an objective function 𝑓 (𝑤) defined
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Table 1
Commonly used loss functions in FL.

Loss Function Description Role in ML model

Mean Square Error (MSE)

𝑀𝑆𝐸 = 1
𝑁𝑢

𝑁𝑢
∑

𝑖=1
(‖H𝑖 − Ĥ𝑖‖

2). (9)

Use to address regression problems and
determine loss in magnitude and not the
direction [19].

Mean Absolute Error/Mean Bias Error

𝑀𝐴𝐸 = 1
𝑁𝑢

𝑁𝑢
∑

𝑖=1
‖H𝑖 − Ĥ𝑖‖ . (10)

Use to evaluate, summarise and access the
quality of ML algorithm and also used to
analyse ML model w.r.t. bias, variance and
quality [19].

Federated Local Loss

min
w∈R

𝑓 (w) =
𝑁𝑢
∑

𝑖=1
((‖H‖2𝐹 )𝑖 , �̂�𝑖);w . (11)

Use to evaluate loss function at each users
on parameter vector w [20].
4
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t
t
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at the main BS using the combination of optimisation param-
eters {𝑤∗

𝑖 }
𝑁𝑢
𝑖=1 generated at the participating users. There are a

large number of optimisation algorithms available in literature,
e.g. [4,22,23] are few to name, which are used to minimise
loss functions defined for specific research problems in FL. Some
commonly used optimisation algorithms in FL are described
below:

(a) Gradient Descent Optimisation: Gradient descent (GD)
optimisation algorithm is an iterative optimisation algo-
rithm used in various optimisation problems. Main uses
of GD are in finding a local minimum value of a function
in a given scenario iteratively. With an increasing trend
of FL being used in WCE, many researchers used GD and
its variants for minimisation of loss function [24,25]. The
goal of GD optimisation at users is to find the coefficient
parameters for a function say 𝑓 (w), that minimises a
predefined loss function [26] as given below

𝑤∗ = 𝑓 (w) = 𝐸(𝑓 (w)), (12)

where 𝑓 (w) is the optimisation function based on a loss
function 𝜉(.), 𝐸 is the evaluation operation performed on
function 𝑓 , and 𝑤 is a set of coefficients and parameters
over which minimisation is performed where w is set zero
at the start of the algorithm.

(b) Stochastic Gradient Descent optimisation: This optimi-
sation techniques focus on reducing computation cost at
each iteration. The aim of SGD is to optimise the objec-
tive function 𝑓 (w) [22]. The objective function which is
defined as the average of loss 𝜉, where w in 𝑓 (w) is the
parameter that minimises 𝑓 (w).

𝑓 (𝑤) = 1
𝑛

𝑛
∑

𝑖=1
𝑓𝑖(w) (13)

𝑤2 ← 𝑤1 − 𝜂𝛥𝑓 (w), (14)

where 𝜂 is learning rate which is very important parame-
ter to determine the convergence rate in learning process
and 𝛿 is the gradient of function 𝑓 (w). The whole learning
process works in iteration where in Eq. (14), the value of
parameter vector w for next iteration is calculated using
previous value for parameter vector w.

(c) Adaptive Gradient Algorithm (Adagrad): It is an optimi-
sation algorithm in which learning rate in WCE adapts
itself to the individual features as per the selected data
set. It works on updater rule, were it modifies the learning
rate 𝜂 at each time step say 𝑡 for every parameter w based
on the previous gradients for parameter vector w [22].

𝑤𝑡 ← 𝑤𝑡−1 − �̂�𝛥𝑓𝑖(𝑤𝑡−1), (15)

�̂� = 𝜂0
( 𝜂0
√

𝑔𝑡 + 𝜖

)

, (16)

𝑔𝑡 =
𝑡

∑

(𝛥𝑓𝑖(𝑤𝑡−1))2 (17)
6

𝑖=1
where 𝑔𝑡 is summation of gradient square, 𝜖 is small
positive number in learning process so that divisibility
does not reach to zero, �̂� is value of learning rate in next
iteration and 𝜂0 is the learning rate when learning process
starts.

In the following Section 4.2, we present some interesting ways
to use FL in solving WCE research problem.

.2. Application of FL in WCE

Taxonomy: FL is an iterative process which is based on the concept
f multiple users taking part to optimise an objective function individ-
ally and then sharing the parameters of locally optimised objective
unction with a central server [16,27]. Initially, the model 0 is
rained using data set 𝐷 = {𝑑1 ∪ 𝑑2 ∪ ⋯ 𝑑𝐷} where 𝐷 devices are
aking part in this training process. After initialisation of model 0, the
terative training and updating process of the model  begins. During
he training process, the user 𝑑𝑖 of data 𝐷𝑖 does not expose its data
o other devices which is a key concept behind preserving the device
ata privacy in FL. Assuming, 𝐴𝑖, as accuracy of the model 𝑖 at 𝑖th
ser, which should be close to the accuracy of the initial model 0

represented as 𝐴0
and shared by the server with all users, we can

define the accuracy loss as

|𝐴𝑖, − 𝐴0
| < 𝜉𝑖 (18)

where 𝜉𝑖 is a measure of accuracy loss at the 𝑖th user using FL for its
model 𝑖 optimisation.

Problem Formulation: The learning problem here is to find the
optimum value w∗ of the vector w for the function 𝑓 (w) that gives the
best value of 𝑓 (w) [28]. Mathematically, we can write this problem as

w∗ 𝛥
= 𝑎𝑟𝑔𝑚𝑖𝑛 𝑓 (w)

where minimisation of 𝑓 (w) is performed as

minimise
w∈R

𝑓 (w) =
𝑁𝑢
∑

𝑖=1

(

(‖H‖2𝐹 )𝑖, �̂�𝑖

)

;w. (19)

The channel magnitude ‖H‖2𝐹 and channel angle �̂� are defined
in Eqs. (2),(5). However, due to intricacy of ML models, it is quite
difficult to find an exact closed optimal solution for this problem. Thus,
we aim to evaluate (19) using proposed FSL and FCL technique with
SGD descent optimisation which will satisfy the requirements of our
proposed system model.

Implementation of FL: Although, there is a massive amount of
research done in channel estimation using FL [29]. In addition, in
many recent articles [19,29–31], FL has been proposed to perform
distributive computations at clients and coordination at BS. This has
enabled the communication model system to have users data privacy.
We used a similar approach in our current work to perform FL based
learning in WCE as discussed below:

Goal: To improve wireless communication system with ML without

centralising data and with high privacy.
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Federated Computation: In federated computation, we aim that BS
ill coordinate with users participating in the communication process

o compute aggregations of data for users.
FL Learning: During this phase, the entire process for FL will take

lace, where federated computations will be performed at users and BS
ill used the computed information from users for global aggregation.

. System model

So far, we introduced the WCE and ML for wireless channel es-
imation. In the following section, we provide a detailed overview
f the proposed work, where Section 5.1, describes the proposed FL
oss function in WCE process. Moving forward, Section 5.2 discusses
ur proposition for FSL and FCL taxonomy with an example. Further,
ection 5.3 discusses SGD implementation on FCL and FSL taxonomy.

.1. Federated loss function

The previous work in FL indicated that the goal of FL is to minimise
he loss function [20,28,32]. To achieve this minimisation goal we
efine loss function 𝑓 (w) on parameter vector w ∈ C𝑁𝑢×1 for 𝑁𝑢 users.
ach user in learning process has full knowledge of its channel mag-
itude ‖H‖2𝐹 and channel angle �̂� angle. Also, for the ease of analysis,
e assume that each user has a single receive antenna, i.e. 𝑁𝑟 = 1.
his means that for 𝑁𝑢 users, channel matrix H has the dimensions as
∈ C𝑁𝑢×𝑁𝑡 . Further, in learning process each user evaluates its own

ocal federated loss model represented as 𝐿
1 ,

𝐿
2 ,… ..,𝐿

𝑁𝑢
where

𝐿
𝑁𝑢

on ’w’ as shown in the equation below

𝐿
𝑁𝑢

=
𝑁𝑢
∑

𝑖=1
argminw𝑓 (w) (20)

𝑤𝑁𝑢
is further calculated using equation below

(w) =
𝑁𝑢
∑

𝑖=1
𝑓 (|ĥ𝑖 − h𝑖)| (21)

here ĥ𝑖 is estimate channel and h𝑖 is the actual channel measured at
he users. The aim of the proposed approach is to minimise the loss
.e. the difference 𝜉 between ĥ𝑖 and h𝑖 such that 𝜉 → 0. This objective
an be defined as below

= |ĥ𝑖 − h𝑖| ≤ 0, (22)

Further, we used this proposed FL loss function and discussed the
axonomy of this loss function in the FSL and FCL proposition in the
ection below.

.2. FL working : j-FSL-FCL proposition

In order to apply FL in WCE, we considered a wireless FL-based
earning system where BS is connected to 𝑁𝑢 users via a wireless
etwork. The learning task is to train the global model parameters
cross users as illustrated in Fig. 5. The wireless channel in learning
rocess is modelled using the channel magnitude ‖H‖2𝐹 and channel
ngle �̂� angle as define in Eq. (2), (5) at BS. Further, the learning
erformed at BS is known as Federated Server Learning (FSL) referred
o as FSL Taxonomy . After learning at BS, the shared global model is
rained via federated computation at the users. This learning process at
sers is known as Federated Client Learning (FCL) which is referred as
CL Taxonomy . Therefore, the FSL and FCL taxonomy, when combined,
s referred to as the j-FSL-FCL approach. This j-FSL-FCL approach works
n iteration where each iteration is equipped with a learning process as
ummarised below :
FSL Taxonomy : The FSL approach at BS consist of

• Initialisation: Based upon the inputs i.e channel magnitude ‖H‖2𝐹
and channel angle �̂� angle at BS, the global federation learning

𝐺

7

model 1 is evaluated using Eq. (23).
• Training : The initialised model 𝐺
1 is distributed to 𝑁𝑢 users

where it is trained locally by each users.

FCL Taxonomy : The FCL approach at users consist of

• Generation: The users use 𝐺
1 to compute local federated loss

using Eq. (20) and produce local federated model 𝐿
𝐶 .

FSL Taxonomy

• Aggregation: The users sends 𝐿
𝐶 after been trained locally to

BS. The BS performs aggregation of all the local models trained
by users 𝑁𝑢 to produce new global model 𝐺

𝑆 .

Satisfaction: The process continues until a satisfactory result is
chieved.

In order to demonstrate the learning process discussed above, let us
onsider an example below: Let us suppose the entire learning process
or FSL and FCL has 1, 2, 3,… , 𝑁𝑢 users. Initially, let us consider the
ingle communication between user 1 and BS. The BS will perform
hannel estimation using Eq. (23) and generate a global model 𝐺

𝑆 at
BS, which will be sent to user’1’.

𝐺
1 = 𝐻 ∈ C𝑁𝑡𝑥𝑁𝑢 =

(

‖H‖2𝐹
)

1
∠
( 𝜙1
1

)

(23)

The user ’1’, uses 𝐺
1 to perform its own local channel estimation

using Eq. (24)

h1 = |h1|𝑒𝑗�̂�1 (24)

Once channel estimation is performed, loss function defined in
Eq. (20) is evaluated and the local model produced after evaluation
𝐿

𝐶 is send back to BS. The BS then aggregates all the information
from users = (1, 2,… , 𝑁𝑢) to achieve an overall optimised model using
Eq. (25).

𝐺
𝑆 =

𝑁𝑢
∑

𝑖=1
(𝐿

𝐶 )𝑖 , (25)

where 𝐺
𝑆 is the global model which is an aggregation of all local

models (𝐿
𝐶 ) for 𝑁𝑢 users.

Algorithm 1 Joint FSL and FCL (j-FSL-FCL) algorithm for WCE.
Data: Computing local federated loss and generating global model
Input Channel magnitude ||H||2𝐹 , Channel angle �̂�

for 𝑖 = 1, 2, 3, ..., 𝑁𝑢 do

FSL Routine

BS compute 𝐺
𝑖 using Eq. (23).

BS transmits 𝐺
𝑖 to 𝑁𝑢 users in learning process.

FCL Routine

For users 𝑖 ∈ 𝑁𝑢

if 𝑖 ≤ 𝑁𝑢 then

Each user computes local federated loss 𝐿
𝑖 using Eq. (20)

and transmits computed local federated loss 𝐿
𝑐 to BS for

aggregation

FSL Routine

The BS performs aggregation of received local federated loss
𝐺

𝑠 = 𝑠𝑢𝑚(𝐿
𝑐 )

end
else

end



Computer Networks 209 (2022) 108902J. Kaur and M.A. Khan
Fig. 6. Proposed federated learning process (j-FSL-FCL-SGD).
Table 2
Symbols and notations.

Notation Definition

𝑁𝑢 Number of devices/clients/users
𝐿

𝑐 Local loss model
𝐺

𝑠 Global loss model at server
𝑓 (w𝑐 ) Loss function at device/client/user
w𝑖 Parameter used to evaluate loss function
H; Ĥ Actual ; Estimated wireless channel
𝐿
𝑐 Local gradient at each device/client/user

𝐺
𝑆 Server side global gradient after SGD

𝜉(.) Measure of loss
̂

‖𝐿
𝐶‖ Client side model absolute mean value

𝜂 Learning rate
𝛥 Gradient of 𝐿

𝑐 and 𝐺
𝑆

5.3. Proposed Stochastic Gradient Descent (SGD) on FSL and FCL : j-FSL-
FCL-SGD

The family of Stochastic Gradient algorithms is a crucial source of
optimisation in ML [33] based techniques. Since the federated loss func-
tion in Eq. (20) is determined at local users 𝑁𝑢, there is no closed-form
representation of the loss optimisation problem. Therefore, to escape
‘bad’ local minima, saddle points, and have stochastic approximations
in computed FL loss, we used the SGD approach in FSL and FCL,
which is referred to as j-FSL-FCL-SGD. The proposed SGD approach
optimises the objective function(a.k.a, loss function) and improve the
convergence rate and communication efficiency. The FSL and FCL with
SGD is represented in Fig. 6 where users compute local gradient 𝑓 (𝐿𝐶 )
and server used this computed value to evaluate global gradient loss
𝑓 (𝐺𝑆 ). Using the notations refereed in the Table 2 for FSL-SGD and
FCL-SGD taxonomy, the process of SGD is discussed below:

FCL-SGD Taxonomy : The process starts at 𝑁𝑢 users compute where
each users compute performs the two operations as discussed below

• Initialisation: Each user compute its federated loss on parameter
vector w using Eq. (20).

• Training : Once the federated loss is evaluated, each user computes
local gradient loss [34] as defined in Eq. (26). Then process
of SGD begins where optimisation is performed on computed
gradient local loss which is evaluated using Eq. (27):

𝑓 (𝐿𝐶 ) =
1 ∗

𝑁𝑢
∑

𝑓 (𝐿
𝐶 )𝑖 (26)
8

𝑁𝑢 𝑖=1
𝑓 (𝐿𝐶 ) = 𝑓 (𝐿𝐶−1) − 𝜂𝛥𝑓 (𝐿𝐶−1) (27)

where 𝑓 (𝐿
𝐶 ) is the local loss model at users, 𝑓 (𝐿𝐶 ) is the gradient

loss at users, 𝜂 is learning rate with value 0.05 which is fixed in
our proposed work, 𝛥 is gradient of function 𝑓 (𝐿𝐶−1).

FSL-SGD Taxonomy : The FSL-SGD process starts where BS per-
forms the below operation

• Generation and Aggregation: Each users communicates with BS
to send the computed 𝑓 (𝐿𝐶 ) where BS performs the global ag-
gregation to produce gradient global model 𝑓 (𝐺𝑆 ) using equation
below

𝑓 (𝐺𝑆 ) =
𝑁𝑢
∑

𝑖=1

𝑓 (𝐿𝐶 )𝑖
𝑁𝑢

(28)

where 𝑓 (𝐺𝑆 ) is the global model at server, 𝑓 (𝐿𝐶 ) is the gradient
loss at users.

Satisfaction: The process continues until a satisfactory result is
achieved.

Based on j-FSL-FCL-SGD taxonomy with SGD optimisation as dis-
cussed above, we proposed a j-FSL-FCL-SGD algorithm 2. The algorithm
consists of the FCL-SGD routine and FSL-SGD routine with details of
each action performed within them.

In the following section, we discuss experimental analysis and re-
sults obtained using the proposed j-FSL-FCL and j-FSL-FCL-SGD algo-
rithms (Algorithms 1 and 2).

6. Experimental results and analysis

The crucial step in the analysis is to test the results of the proposed
FL loss function with the existing channel estimation techniques such
as MSE, LSE, and LR. In this section, we present experimental analysis
conducted to evaluate the performance of j-FSL-FCL and j-FSL-FCL-
SGD with their impact on loss functions and compare results with the
existing techniques. This section is structured as follows. Section 6.1
provides a description of data sets used for evaluating the performance
of our proposed approach. Section 6.2 provides a detailed overview
of conventional channel estimation techniques in WCE in conjunction
with the proposed FSL-FCL algorithm. We define the parameters to
characterise the WCE performance evaluation in Section 6.3. Finally,
Section 6.4 provides the numerical results and analysis.
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Algorithm 2 Joint FSL and FCL (j-FSL-FCL-SGD) algorithm with SGD.
Data: Computing gradient on local federated loss and generating global

gradient model
Input Local federated loss is evaluated using (20)

for 𝑖 = 1, 2, 3, ..., 𝑁𝑢 do

FCL-SGD Routine

For user 𝑖 ∈ 𝑁𝑢

if 𝑖 ≤ 𝑁𝑢 then

Each users computes local federated loss 𝐿
𝑖 using Eq. (20)

SGD is applied to local federated loss 𝐿
𝑖 computed in step 7

where each users than computes local gradient loss at each
users which is represented by (𝐿𝐶 ) using Eq. (26)

The users than perform SGD on locally computed gradient above
using Eq. (27)

The users transmit local gradient loss 𝑓 (𝐿𝐶 ) to BS for
aggregation

FSL-SGD Routine

The BS performs aggregation of received local gradient loss to
produce global model such that 𝐺𝑠 = 𝑠𝑢𝑚(𝐿𝑐 )

end
else 𝐿𝑐 = 𝐿𝑐

end

6.1. Data sets used in WCE

To evaluate the performance of our proposed j-FSL-FCL and j-FSL-
FCL-SGD, we considered two data sets, namely 𝐷1 (random data set)
and 𝐷2 (data set used in [4]). Main reasons why we used 𝐷2 as
ur reference are because of its characteristics to represent wireless
hannel model accurately. For example, data in 𝐷2 represents the time–
requency response of fast-fading wireless communication channels,
hich is a practical and realistic representation of wireless commu-
ication between users and BS under 5G. This data set is the closest
epresentation of the wireless channel system model used in this article.
urthermore, the data set used in D2 models wireless channel as an
deal and noisy wireless channels. The noisy wireless channel data is
epresented at the SNR values of 12 dB. Further explanation of data set
n D2 can be found at [4]. Moreover, the critical differences between 𝐷1
nd 𝐷2 are that 𝐷1 uses simple random channel estimation technique
SRE) to calculate actual channel H and estimated channel Ĥ whereas
n 𝐷2 authors used deep learning based channel estimation to evaluate
ctual channel H and estimated channel Ĥ. Further to test the results of
roposed algorithms 1 and 2 for data sets 𝐷1 and 𝐷2 in WCE, we used
hree channel estimation techniques as discussed below in Section 6.2.

.2. Channel estimation techniques in WCE using proposed FSL-FCL ap-
roach

In ML, the key goal is to find the model  for the data set that
inimises the loss 𝜉, which further indicates how the distribution

f parameters in the proposed model differs from empirical distri-
utions. In order to test the performance of our proposed approach
e define the loss function as 𝑓 (w,H, Ĥ) for each users (1, 2,… , 𝑁𝑢),
here actual channel H when evaluated over parameter vector w
ecomes

(

‖w‖H′
(𝑁𝑡×𝑁𝑢)

)

. To demonstrate this approach, we consider
he following channel estimation techniques:

• Linear Regression (LR): The LR is ML based channel estimation
9

technique which aims to find the best fit between dependent and
independent variable. Considering our WCE problem, we defined
LR based loss function as 𝑓 (w,H, Ĥ) which can be written as:

𝑓𝑁𝑢
(w,H, Ĥ) = 1

2
‖

‖

‖

‖

(

‖w‖H′
(𝑁𝑡×𝑁𝑢)

)

− Ĥ(𝑁𝑢)
‖

‖

‖

‖

2
(29)

where, 𝑓𝑁𝑢
(w,H, Ĥ) is LR based loss function for 𝑁𝑢 users, H is

actual channel and Ĥ is the estimated channel.
• Mean Square Error (MSE): The MSE is defined as average square

distance between actual and estimated values [12]. Considering
H as actual channel and Ĥ as the estimated channel we define
MSE based loss function as 𝑓 (w,H, Ĥ) which can be written as:

𝑓𝑁𝑢
(w,H, Ĥ) =

‖

‖

‖

‖

Ĥ(𝑁𝑢) −
(

‖w‖H′
(𝑁𝑡×𝑁𝑢)

)

‖

‖

‖

‖

(30)

where, 𝑓𝑁𝑢
(w,H, Ĥ) is MSE based loss function for 𝑁𝑢 users, H is

actual channel and Ĥ is the estimated channel.
• Least Square Error (LSE): The aim of LS estimator is to min-

imise the square distance between actual and estimated signal.
Similarly, considering H as actual channel and Ĥ as the estimated
channel we defined LSE based loss function as 𝑓 (w,H, Ĥ) which
is written as:

𝑓𝑁𝑢
(w,H, Ĥ) =

{

∥

[

Ĥ(𝑁𝑢) ×
|

|

|

|w ∥ H′
(𝑁𝑡×𝑁𝑢)

]

×

[

(

‖w‖H(𝑁𝑡×𝑁𝑢)

)

×
(

‖w‖H′
(𝑁𝑡×𝑁𝑢)

)

]−1

∥

}
(31)

where, 𝑓𝑁𝑢
(w,H, Ĥ) is LSE based loss function for 𝑁𝑢 users, H is

actual channel and Ĥ is the estimated channel.
• Proposed FL Loss: We have discussed the proposed FL Loss in

Section 5.1. We used the same concept where we considered FL
loss as function 𝑓 (w,H, Ĥ) which is evaluated over w, where H is
the actual channel and Ĥ is the estimated channel (20), (21).

It is worth noting from the results of loss functions discussed above
n Fig. 7 the followings.

• The error values of loss functions are spread through the epochs in
random data set with j-FSL-FCL approach represented in Figs. 7(a),
7(b). However, drop is observed in these error values when data
set used by [4] is used.

• In Figs. 7(c), 7(d), it is analysed that there is massive drop in error
values for loss functions in (j-FSL-FCL-SGD) approach and more
consistent drop is seen when data set used by [4] is used.

.3. Parameters to characterise the WCE performance

In order to evaluate the performance of our proposed work we use
he following performance indicators.

• In Table 3 we used global loss at BS as the performance indicator
where we compared the results of this global loss for different loss
functions demonstrated in Section 6.2, before and after applying
the SGD algorithm 2.

• In Table 4, we used the mean of local estimation error at the
user as the performance indicator where we compared the results
of this local estimation error for different loss functions demon-
strated in Section 6.2, before and after applying SGD algorithm
2.

• In Figs. 8 and 9, we used global loss at BS and local estimation
error at user as performance indicators. Please note: we evaluated
the results for 100 epochs. The aim here is to reduce the local
estimation error at the user and bring it close to the global loss
value at BS so as to improve the wireless communication system.

Further details of these indicators along with results comparisons is
iscussed in section below.
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Table 3
Global loss model (|𝐺

𝑆 |) before and after SGD.

Data set Global Loss Model |𝐺
𝑆 | Before SGD After SGD

Random data set

Federated Loss Model 2.0487 0.0191
Mean Square Error Model 13.4057 0.1247
Global Least Square Error Model 0.7372 0.0069
Global Linear Regression Model 6.7028 0.0623

Data set used in [4]

Global Federated Loss Model 0.2774 0.0026
Global Mean Square Error Model 0.5088 0.0047
Global Least Square Error Model 3.4811 0.0324
Global Linear Regression Model 0.2544 0.0024
Table 4
Mean of client loss model

(

𝐿
𝐶

)

before and after SGD.

Data set Local Client Loss Model |̂𝐿
𝐶 | Before SGD After SGD

Random data set

Federated Loss Function Error Value 2.05 0.30
Mean Square Error Value 18.23 2.20
Least Square Error Value 0.81 0.22
Linear Regression Error Value 9.11 1.10

Data set used in [4]

Federated Loss Function Value 0.32 0.06
Mean Square Error Value 1.07 0.14
Least Square Error Value 7.76 1.17
Linear Regression Error Value 0.53 0.07
Fig. 7. Loss function comparisons before and after SGD — random data set and data set used by [4].
6.4. Numerical simulations

This section provides a tabular and graphical representation of our
proposed model and its comparison with MSE, LSE, and LR. This section
also focuses on numerical analysis, which is categorised as below:

1. Global loss model
(

|𝐺
𝑆 |
)

at BS before and after SGD: The Table 3

presents the estimated values of global model
(

|𝐺
𝑆 |
)

at BS
evaluated using algorithms 1 and 2 on random data set and data
set used in [4]. It is observed that in the random data set, the
proposed global FL loss model has a minimum value of ‘0.0191’
after SGD algorithm 2 is applied, as compared to LS, MSE, and LR
error model. In addition, this concludes that the proposed j-FSL-
FCL-SGD model performs more accurately in terms of estimation
error.
Furthermore, it is also observed that in the data set used by [4],
the global loss value at BS for proposed global FL loss model
is ‘0.0191’ which is quite close to the global LR loss model
10
with value ‘0.0623’. However, while comparing the results from
Figs. 8(a), (d), 9(a), (d), it is delineated that the local FL loss
values evaluated at users approaches close to evaluated global
model

(

𝐺
𝑆

)

in the proposed FL loss model as compared to LR
loss model.

2. Local Loss Model at Clients: The Table 4 presents the mean of local
loss model

(

𝐿
𝐶

)

evaluated using algorithms 1 and 2 on random
data set and data set used in [4]. The following observations
are noted . In random data set, the proposed local FL loss has
minimum mean value ‘0.30’ after SGD algorithm 2 is applied .
However, when data set used by [4] is used the minimum mean
value decreases from ‘0.30’ to ‘0.06’. It is also observed that the
proposed FL local loss model has minimum mean of 𝐿

𝐶 ’ value
‘0.06’ on data set using by [4].

3. Global Model and Local Loss ‘𝐺
𝑆 & 𝐿

𝐶 ’ : The Figs. 8 and 9 rep-
resents the 𝐺

𝑆 with local loss 𝐿
𝐶 evaluated for 𝑁𝑢 no of users

using proposed FL, LR, MSE and LR. It is observed that values
of FL loss for 𝑁 users as shown in Figs. 8(a), 9(a) approaches
𝑢
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Fig. 8. Global model vs loss function comparisons on global model before and after SGD — random data set.
Fig. 9. Global model vs loss function comparisons on global model before and after SGD: data Set from [4].
close to global model 𝐺
𝑆 . In addition, more accurate results are

noted in Fig. 9(a) when j-FCL-FSL-SGD approach is used on data
set used by [4]. This further, meet our goal defined in equation
(22).
11
4. Loss functions comparison: The Fig. 7 represent the loss func-
tions against epochs. It is observed that all the loss functions
approach zero with an increase in epochs. Moreover, when SGD
is applied to loss functions, the values of FL Loss, MSE, LR,
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and LSE approach to zero. Also, when comparing individual
inclination for LR, MSE, LE and FL Loss, it is observed that loss
values approach to zero more consistently when j-FSL-FCL-SGD
approach is applied on these functions using data set used by [4].

7. FL applications

This section provides some recent FL applications used in various
sectors. We emphasise here that FL has several advantages when used
in different scenarios with different sectors. These different sectors also
have different requirements for the application of FL. It should be noted
that there is no single general format of FL that can cater requirements
of all these sectors. However, the application of FL in these different
sectors show its potential to be used in variety of applications. In the
following, we highlight the use of FL and its advantages in different
sectors.

7.1. FL in healthcare

FL is transforming healthcare sector in a massive way when used
in processing big data generated by the healthcare sector. The author
in [35] suggested that in April 2020, the huge upsurge in patients
numbers filled massively the New York emergency rooms that doctors
across various specialisations needed to jump in to help out. This
further increased the demand of short term technology such as N95
masks. However, author mentioned that longer term technology such
as ML algorithms can benefit the doctors for treating patients. These
algorithm can be advantageous to doctors in various ways, including
scanning of MRI images for brain cancer, CT scans for abnormalities
which could indicate coronavirus. This indicates the future in ML
algorithms where in article [35], global head of medical AI at NEVADA
mentioned that ‘‘That’s the model that could be trained".

7.2. FL in transportation

With the FL capability of preserving data privacy and security, it
has many applications in transport industry. Vehicles can share some
of their information as per their need without revealing the secured
information with other vehicles [30,36]. FL also can be used for pre-
dicting traffic flows without revealing the identities and locations of
vehicles. Users inside vehicles can also take advantage of FL to obtain
their required information without actually sharing their personal data
with roadside units or with other vehicles.

7.3. FL in smart manufacturing

As the future trends is inclining towards the smart manufacturing,
the author [37] devised the ML techniques are widely been used
across industry process for improving the efficiency and effectiveness
of industrial processes. However, the question related to privacy and
security of sensitive data for industries and manufacturing companies
is still hot topic of research in future. The authors in [5] showed that
FL can be efficiently used to overcome the problems related to data
privacy.

7.4. FL and IoT devices

The current and future IoT devices such as various home and
industrial sensors, wearable devices, home and office appliances, au-
tonomous vehicles and many smart devices are equipped with numer-
ous sensors which are used for collecting and adapting to incoming
data. This can be viewed in the context of various examples such
as sensors need to collect and transmit the data securely with the
privacy preserving and autonomous vehicles need information about
pedestrian behaviour or traffic construction to operate safely on the
roads. Designing models for these IoT devices might be difficult using
12
traditional methods in these scenarios. However, with the help of FL
methods, independent and automatic models can be developed that
fulfil the requirements of these IoT devices to operate securely and
efficiently.

8. Conclusions and future work

This article proposed a joint FSL-FCL algorithm to address WCE
problem in 5G and beyond wireless communication systems. We dis-
cussed the use of generic ML based techniques for wireless channel
estimation. We proposed a new FL based loss function which is used at
the users side using SGD to minimise the error between the actual and
the estimated channel parameters. We, then evaluated the proposed
loss function using j-FSL-FCL as elaborated in 1. Then, we used SGD
to minimise the loss as elaborated in the algorithm 2. It was analysed
that the learning rate, 𝜂, plays a crucial role in the whole WCE problem
using FL. In this current work, we used a fixed value of learning rate 𝜂
for the proof of concept. It was found that the proposed FL loss function
and FL global model showed more consistent and accurate results when
compared with the other channel estimation techniques such as MSE,
LS, and LR.

In our future work, we aim to analyse the learning rate 𝜂 further and
perform a deep analysis to explore its effects on the learning processes
at the user’s side. In addition, more work is needed to understand the
aggregation process at the BS in WCE. Since future BS will need to
combine all responses and will need to use a common wireless channel
model. So the key concern will be how this combination of users can
be done at BS. Moreover, how BS jointly optimise the estimation of
wireless channel based on signals received from users is also the key
area that needs to be investigated further.
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