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Abstract—In this paper, a communication efficient Federated
learning (FL) framework is proposed for Internet of things
networks. To reduce the FL transmission delay, a joint learning
and resource allocation problem is formulated via optimizing the
transmit power of each device, time allocation, and user selection.
To solve this problem, its objective function is first converted
into a tractable form. Next, a successive convex optimization
method is used to solve the simplified optimization problem. Two
simulations are conducted using the electromyographic signals
for finger movement detection, in which the results demonstrate
that the proposed FL framework with the personalized training
process is able to provide high performance in detecting single
and combined finger movements for distributed users. Specifical-
ly, over 98% overall test accuracy is achieved using the proposed
FL framework on two benchmark datasets, which surpasses the
conventional learning framework by 1.6% and 0.5% on average.

Index Terms—Federated learning, deep learning, Electromyo-
graphy (EMG) signals

I. INTRODUCTION

The accurate classification of finger movements based on
Electromyographic (EMG) signals plays an important role in
a number of industrial and healthcare applications in Internet
of things networks, such as movement intention detection
[1], grasp recognition [2], dexterous prostheses control [3],
etc. EMG signals are generally collected through wearable
skin sensors to record and evaluate the electrical activity of
muscle. As the data can be collected individually by users
in different places and at different times, it is in essence
a form of isolated data islands. Meanwhile, EMG signals
of different subjects vary greatly due to the difference of
muscle density, muscular habits, etc. For this type of highly
personalized data, the static learning framework struggles to
reach the demanding requirements of personalized healthcare
and privacy protection.
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To satisfy the requirements mentioned above, one can use
federated learning (FL) to train personalized local models
based on each user’s data. However, using conventional FL
methods that require each local device to share all parameters
of the local model with the server leads to several issues.
Firstly, conventional FL. methods perform poorly on the EMG
datasets as the data of various subjects have distinct probability
distributions. Secondly, classification models with a large
number of parameters will significantly increase the FL. model
parameter transmission and computational delay. In order to
solve these problems and keep the local models personalized,
a novel FL framework must be developed.

The authors in [4] designed a type of federated transfer
learning framework which combined FL and transfer learning.
The basic idea was to obtain the parameters of the cloud
model and perform transfer learning on the user side. More
specifically, all the convolutional blocks obtained from the
cloud model were kept frozen and only the parameters of the
fully connected layers were updated with a stochastic gradient
descent algorithm.

However, the designed FL in [4] requires pre-training of the
cloud model based on a large amount of user data. Therefore,
it is not cost-effective and feasible in many applications where
the data is insufficient for cloud model pre-training and when a
quick training process is desired in emergent situations. In light
of these issues, this paper designs an FL framework which
does not require the pre-training of the cloud model. Mean-
while, in the designed FL, each local model is trained using
its own data. The users and the cloud only need to exchange
the FL model parameters in high-level layers of deep learning
models. In addition, through properly optimizing the resource
allocation for wireless communication, the performance of the
FL framework can be further improved.

The rest of this paper is arranged as follows. Section II
illustrates the system model and problem formulation. The
algorithm design is shown in Section III. The application of
the proposed FL for finger movement detection is illustrated
in Section IV. Section V draws the conclusion.

II. SYSTEM MODEL AND PROBLEM FORMULATION

Consider a cellular network that consists of one base station
(BS), N access points (APs), and K users, as shown in Fig. 1.
Denote the sets of APs and users as NV = {1,--- , N} and
M ={1,--- ) M}, respectively. Every AP can serve as a relay
for some users. Denote J; as the specific set of users served
by AP i € N, and then |J,c\ Ji = M



User 2

Fig. 1: Illustration of the considered model for the FL frame-
work

A. Machine Learning Model

FL enables the BS and users to collaboratively learn a shared
model while keeping all the training data at the device of
each user. In an FL algorithm, each user will use its collected
training data to train an FL model. Hereinafter, the FL. model
that is trained on the device of each user (using the data
collected by the user itself) is called the local FL model.
The BS aims to integrate the local FL. models and generate a
shared FL model. This shared FL. model is used to improve
the local FL model of each user so as to enable the users to
collaboratively perform a learning task without sharing private
data. The FL. model, generated by the BS using the local FL
models of the users, refers to the global FL model. The uplink
from the users to the APs and from the APs to the BS are
used to transmit the parameters related to the local FL model
while the downlink is used to transmit the parameters related
to the global FL. model.

In our model, each user j collects a matrix X; =
[j1,...,®;K,] of input data, where K is the number of
the samples collected by each user j and each element x j, is
an input vector of the FL algorithm. The size of x;; depends
on the specific FL task. Let y;; be the output of x;;. The
output data vector for training the FL algorithm of user ¢ is
Y = [Yj1,---,Yjk,]. We define a vector w; to capture the
parameters related to the local FL model that is trained by
x; and y;. In particular, w; determines the local FL. model
of each user j. For example, in a linear regression learning
algorithm, :c;rkwj represents the predicted output and w;
determines the performance of the linear regression learning
algorithm. The training process of a FL algorithm is conducted
in a way to solve the following problem:
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all users, g is the global FL model and f (wj;, @k, y;x) is the
loss function.
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Fig. 2: Time sharing scheme during one transmission period.

To solve (1), the BS will transmit the parameters g of the
global FL model to the APs, which relay the global FL model
to its served users so that the users can train their local FL
models. Then, the users will transmit their trained local FL
models to the BS to update the global FL. model. The objective
of training an FL algorithm is to minimize the loss function
in (1). In FL, the update of each user j’s local FL. model
w; depends on the global model g while the update of the
global model g depends on all of the users’ local FL. models.
The update of the local FL. model w; is achieved through a
learning algorithm. For example, one can use gradient descent,
stochastic gradient descent, or randomized coordinate descent
to update the local FL. model. After receiving the results from
the served users in J;, the update of the FL. model at AP i is

given by
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At the BS, the update of the global model g is given by
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B. Transmission Model

As depicted in Fig. 2, the FL training procedure per learning
iteration contains [N + 3 steps. Since users are classified into
N groups, N steps are required for all users to transmit FL
model parameters to their served AP. In the uplink, one step
is needed for the APs to transmit model to the BS. In the
downlink, there are two steps: 1) the BS broadcasts the global
FL model to all APs, and 2) all APs relay the global FL. model
to all users. As a result, there is a total of N 4 3 steps. In the
uplink, the transmission time for users in J; is t;, Vi € N.
We assume that the decode-and-forward protocol is adopted
at each AP. Then, the amount of time ¢ ; is assigned to all
APs to transmit the decoded data from the served users. In the
downlink, the BS broadcasts the global FL model parameters
to all APs within time ¢x o, while all APs simultaneously
relay the global FL. model parameters to all users within time
tn+3. Obviously, to implement the FL algorithm, we have

N+3

St 4)
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where T' is the delay requirement.

1) Uplink transmission: During the uplink transmission
phase for users in J;, some of the users in J; are selected
to simultaneously transmit their local FL. models to AP i. Let
binary variable a; denote whether user j is selected to transmit
data, i.e., a; = 1 implies that user j is selected to transmit



data; otherwise a; = 0. Using the non-orthogonal multiple
access (NOMA) technigye, the received signal of AP ¢ is

Yi = Z hij\/pjazs; + i, &)
where Jy =0, J; :Jzﬁ;ﬂjL | - | is the cardinality of a set,
h;j is the channel between user j € J; and AP i, p; and s;
denote the transmit power and message of user j, respectively,
and n; represents the additive zero-mean Gaussian noise with
variance o2. Without loss of generality, the channels are sorted
as |hi,_,+n*> = --- > |his|*. Applying the successive
interference cancellation in NOMA [5], the achievable data
throughput for user j € J; in an uplink transmission period
is given by
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After all APs successfully decode messages from the served
users, all APs simultaneously transmit data to the BS using
the NOMA technique. Denote h; as the channel between AP
¢ and BS. These channels are also sorted in decreasing order,
ie., |h1|? > --- > |hn|? As a result, the achievable data
throughput of AP ¢ can be written as

rY = Bty log, <1 + [ la: > )
Ef\;zdd |hil?q + o
where ¢; is the transmission power of AP 7.
Due to the fact that only partial users are selected to transmit
local FL model parameters, the global FL. model in (3) can be
given by

M
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where © = [ay, -+ ,apr]T is the vector of the user selection

vector.

2) Downlink transmission: During time tyyo, the BS
broadcasts the global FLL model to all APs with maximum
transmit power (Qo. The downlink transmission rate of AP ¢
is 9

P = Bty o log, <1 + |}LZ(|72QO> . 9
During the last transmission time ¢, 3, all APs broadcast the
same global FL model to all users. To maximize the received
signal-to-noise ratio, each AP ¢ transmits with maximum
power (); and the downnlink transmission rate of user j € M,
is given by

N
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C. Problem Formulation

We formulate an optimization problem whose goal is to
minimize the loss function of an FL algorithm. This minimiza-
tion problem includes optimizing transmit power allocation as
well as resource allocation for each user. The minimization
problem can be given by
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where p = [p1,---,pul’s @ = [a,,an]" t =
[t1,--- ,tn4s]’, R; is the data size of local FL model w;
that user j has to upload within delay constraint 7', Ry is the
data size of the global FL model, and P; is the maximum
transmit power of user j.

]T

III. ALGORITHM DESIGN

Problem (11) is hard to solve due to the following two dif-
ficulties. The first difficulty is the complex objective function
and the second difficulty is the non-convexity as shown in
constraints (11b)-(11c). To handle the first difficulty of non-
convex objective function, we first approximate problem (11)
with the following problem by using [6, Theorem 1]:
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To handle the second difficulty of non-convex constraints
(12b)-(12c¢), we can utilise the difference of two convex func-
tions (DC) programming [7]. In particular, the non-convex rate
expressions in (12b) and (12c) can be expressed as a difference
of two concave functions. Through the first-order explanation,
the difference of two concave functions in (12b) and (12c) can
be approximated as a concave function, which indicates that
(12b) and (12c) can be approximated as convex constraints.
Through DC programming, problem (12) is transformed into
a convex function, which can be solved by using the standard
convex optimization method, such as dual method.

IV. APPLICATIONS OF THE DESIGNED FL FRAMEWORK
FOR FINGER MOVEMENT DETECTION

In this section, we apply the designed FL framework to the
classification of two EMG datasets.
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Fig. 4: The proposed federated learning process. Local models were trained using their

two of local models were jointly trained with the cloud.

As shown in Fig. 3 and Fig. 4, we first train local FL. models
using the personalized data of each user. Then, the parameters
of part one in local models (Fig. 3) remain frozen and the
parameters of part two is transmitted to the BS for aggregation
(Fig. 4).

Next, we will first introduce the data information in Section
IV-A. Then we will explain the proposed FL. model in Section
IV-B. Finally, the experimental results will be presented in
Section IV-C.

A. Data Information

The surface EMG signals used in this paper are from the
experiments in [8], [9]. Subjects aged between 20 and 35 years
old without neurological or muscle disorders were recruited
to execute the required order of the finger movements in the
experiments. The summary of data information is shown in
Table I. The datasets were collected respectively using two and
eight EMG channels and processed by the Bagnoli Desktop
EMG Systems from Delsys Inc. A 12-bit analog-to-digital
converter was applied with a sampling rate of 4000 Hz in
data collection [8]. More details of the datasets refer to [8],
[9].

These two datasets are considered in this paper as they
detected single and combined finger movements with a small
amount of electrodes, which leads to less intrusion, lower
computation load and more dexterous prosthesis design in
practical [10], [11].

own data, the parameters in the part

TABLE I: Data Information

Dataset Sampling rate Sampling time Electrodes Sample’s size Subjects Classes
Dataset 1 4000 Hz 20 seconds 8 80000 x 8 8 15
Dataset 2 4000 Hz 5 seconds 2 20000 x 2 10 10

As raw data tends to contain noise caused by muscle fatigue
or device shifts, data normalization was employed to rescale
the data. In implementation, the input signals of each subject
were rescaled to the range [0, 1] as follows:

Y — Ymin

YN = ———,
Ymax — Ymin

(13)

where y is the signal to be normalized, yy is the normalized
signal, Ymin and Ymax denote the minimum and maximum
elements in y, respectively.

B. Proposed Model

The proposed model is shown in Fig. 3. In the data
processing stage, raw EMG signals of each movement is of
size 20000 x 2 or 80000 x 8, we found that feeding the
classifier raw EMG signals would lead to lower classification
performance. To alleviate the difficulty of classification, we
process the inputs through the windowing approach [12], [13]
which uses a sliding window (size: 500 x 2) on the EMG
signals with an increment (10 for dataset 1, 50 for dataset 2)
to generate overlapping samples from the original samples. By



doing so, more samples with shorter length are obtained and
each newly generated sample contains part of information of
the original samples.

In the classification stage, a CNN having 20 layers is adopt-
ed for the classification of finger movements. As shown in Fig.
3, four convolutional blocks — consisting of a convolutional,
a batch normalization layer, a ReLU layer, and a MaxPooling
layer [14] — are established which are followed by two fully-
connected layers and a softmax layer. In the initial training
stage of each local model, Adam optimizer [15] is used as the
optimization algorithm, cross-entropy is the loss function and
epoch is set to 5.

As shown in Fig. 4, after the initial training of each local
model, the parameters of each model in high-level layers
could be transmitted to the cloud model and interacted with
the cloud model. Two scenarios are then considered: convex
loss function and non-convex problems in terms of the loss
function. As shown in Fig. 5, if the parameters before dense
layers are frozen and we only train the dense layers in the FL
framework, the loss function is convex since each device only
needs to update dense layers which have a linear activation
function. However, if more convolutional layers with non-
linear activation functions are involved in the FL training, the
convex property does not hold any more.

In order to observe the classification performance when
the convex condition is not satisfied, we also conducted a
comparative experiment. As shown in Fig. 5, in the convex
scenario, we only trained the dense layers in the FL frame-
work. The second case was to incorporate non-linear activation
functions and convolutional layers in the shared model, where
the objective function is non-convex.

To test the effectiveness of the proposed method, two
datasets introduced in Section IV-A were employed for the
classification of finger movements. As the number of APs
(N) and users (K) varied in different tasks, we assume that
there are two cases: N < K and N = K. The first case
happens when the data of several users are collected in an AP,
for instance, each AP is a hospital which collects data from
several patients. Dataset 1 is used for this purpose. We assume
that N = 3 and K = 8 in this case.

The second situation is that each user has an AP which is
able to collect and transmit data to the server. A real example
is that each subject has a sensor for data collection and a
device for model training and data transmission. Dataset 2 is
employed in the case where we assume that N = K = 10.
In the following sections, we will discuss the influence of
involving a different number of users in the FL framework.
The experiments in this paper were conducted using NVIDIA
P100 GPUs. The results of the above experiments are as
follows.

C. Results

1) N < K: In this case, we assume that 3 APs are used in
the data collection and transmission for 8 users. We also use
a conventional deep learning (DL) method for comparison.
The conventional DL method gathers data from all users in

advance and train the model off-line. The test data and hyper
parameters of the proposed model and the comparative method
are the same in all experiments.

The test results are shown in Table II, from which we can
see that the proposed FL method improves the classification
performance of EMG signals compared to the conventional
DL method. It is demonstrated in Table II that the proposed
method not only achieves higher overall accuracy, but also has
better performance in each AP.

TABLE II: Test accuracy of the proposed FL method and the
conventional deep learning (DL) method in the case N < K.
The number of users of AP 1, AP 2 and AP 3 are 3, 3, 2,
respectively.

Method Overall AP 1 AP 2 AP 3
Proposed FL method 0.983 0.978 0.978 1
Conventional DL method 0.967 0.956 0.978 0.967

2) N = K: In this case, we assume that the number of APs
and users is the same. Dataset 2 is used in this case. As there
are 10 users in this dataset, we have N = K = 10. The test
accuracy of each local model as well as the comparative results
with the conventional DL method are given in Table III. From
Tables II and III, it can be concluded that the proposed method
has superiority in improving classification performance due to
its personalized training process.

Also, three cases are considered in this scenario. That is, we
randomly selected 10 users, 8 users, and 6 users participating
in the proposed FL. The results in Fig. 6 demonstrate that when
10 users participated in the learning process, the overall test
accuracy was 98.5% at the 50-th iteration. When 8 users joined
the FL, the test accuracy was 81%. Meanwhile, if 6 users took
part in the training, the final test accuracy was 58%. It can be
seen that as the number of active users decreased, the overall
accuracy decreased. The statistical properties of the proposed
method can be found in Table IV, from where we can see that
the classes 2, 4, 6, 8, and 10 have good statistical properties
while other classes were less capable of being detected using
the proposed method.

3) Non-convex Scenario: As mentioned above, a non-
convex case was also considered in this paper because it is
important and common in practice. The corresponding results
are shown in Fig. 6. In the non-convex scenario, the global
model of 10 users reached 96% overall test accuracy, while
the models of 8 and 6 users demonstrated test accuracies of

TABLE 1IV: Statistical properties of the proposed method on
the 10-class finger movement detection.

) Classes| 1 5 3 4 5 6 7 8 9 10
Properties
Sensitivity 1 109 1 09 1 1 1 09 1
Specificity 099 1 1 1 099 1 099 1 099 1
Precision 095 1 1 1 090 1 091 1 095 1
F1 Score 098 1 095 1 090 1 095 1 092 1
MCC 097 1 094 1 089 1 095 1 092 1
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TABLE III: Test accuracy of the proposed FL method and the conventional deep learning method when N = K.

Method Overall User1 User2 User3 User4 User5 User6 User7 User8 User9 User 10
Proposed FL method 0.985 1 1 0.9 1 1 0.95 1 1 1 1
Conventional DL method 0.980 1 1 0.9 1 0.95 1 1 1 0.95 1
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Fig. 6: The test accuracy of the global model as the number
of users varies (10 users, 8 users and 6 users) in two scenarios
(convex and non-convex). The horizontal axis represents the
iterations and the vertical axis shows the test accuracy.

72% and 41%, respectively. The classification accuracy of FL
in the non-convex scenario is lower compared to the case in
which the convex condition is satisfied.

V. CONCLUSION

In this paper, we have proposed a communication efficient
FL framework for single and combined finger movement
detection. We have formulated a joint learning and resource
allocation problem to reduce the FL transmission delay via
optimizing transmit power of each device, time allocation,
and user selection. To solve the formulated problem, we
have converted it to a tractable expression. Then, we have
used a successive convex optimization method to solve the
simplified optimization problem. To verify the performance
of the proposed FL framework, two EMG datasets with re-
spectively 10 and 15 finger movements were employed in our
experiments. Simulation results demonstrate the effectiveness
of the proposed framework.
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