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Abstract

Energy consumption remains one of the main challenges in mobile telecommunica-
tions industry making it vital to design reliable power management systems for radio base
stations. An increased automation enabled by artificial intelligence allows to collect data
from access nodes and build power consumption forecasting models for radio base stations
that enhance efficiency of energy operations. In a conventional way, the data from many
radio base stations will be stored in a cloud-based system, and a corresponding statisti-
cal or machine learning model will be built using all available data. This is a centralized
learning approach. Another approach is localized learning where a local model for each
radio base station is trained using only the data available to it. This approach can be con-
sidered a fully private setting where the data is kept at its source. While each of those
approaches have advantages and disadvantages, an alternative is federated learning. Fed-
erated learning is a machine learning paradigm that allows to build a single model trained
on distributed datasets without the need to collect and store these datasets in a single place.
Federated learning allows to preserve data sensitivity and privacy that is violated in cen-
tralized learning and leverage larger amounts of data in comparison to localized learning.
The purpose of this study is to explore the application of federated learning for power
consumption forecasting in a large number of radio base stations. The results demonstrate
that despite the presence of outlying and non-iid radio base stations, a convolutional neural
network model implemented in the federated learning scenario performs better than the
same model implemented in the localized learning scenario and worse when compared to
the same model in the centralized learning scenario according to root mean squared er-
ror evaluation metric. However, the presence of outlying and non-iid radio base stations
still makes it challenging for the federated model to reach the performance of the central-
ized model. As the study shows, it is very important to have a good understanding of the
impact of the hyperparameters on the federated training process to ensure a model con-
vergence. The choice of these hyperparameters is not only user driven but also depends
on the amount of available computational resources and the desirable accuracy of the final
model.



Acknowledgments

I would like to express my gratitude to the admissions staff at Linköping University for giv-
ing me a chance to study a master’s program in Sweden. I am thankful to my university
supervisor Filip Ekström Kelvinius for very insightful discussions in the course of this thesis.
Furthermore, I am grateful to my opponent, Jaskirat Marar, and examiner, Annika Tillander,
for their feedbacks that helped me a lot in improving the quality of this thesis. Finally, I want
to thank Ericsson’s AI Research team in Luleå, in particular, Markus Andersson J for giving
me a chance to write this thesis in his team and my supervisor, Agustín Valencia, for a great
support and assistance in the project.

iv



Contents

Abstract iii

Acknowledgments iv

Contents v

List of Figures vii

List of Tables ix

Acronyms 1

1 Introduction 2
1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.2 Objective . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

2 Theory 5
2.1 Neural Networks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

2.1.1 Neural Network Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
2.1.2 Neural Network Training . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
2.1.3 Convolutional Neural Network . . . . . . . . . . . . . . . . . . . . . . . . 11
2.1.4 Recurrent Neural Network . . . . . . . . . . . . . . . . . . . . . . . . . . 12

2.2 Federated Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
2.2.1 Federated Training Process . . . . . . . . . . . . . . . . . . . . . . . . . . 14
2.2.2 Non-IID Data in Federated Learning . . . . . . . . . . . . . . . . . . . . . 16

3 Related Work 17
3.1 Power Consumption Models for Base Stations . . . . . . . . . . . . . . . . . . . 17
3.2 Federated Learning for Traffic Forecasting . . . . . . . . . . . . . . . . . . . . . . 17
3.3 Federated Learning for Load Forecasting in Other Domains and Non-IID Data 18
3.4 Neural Networks for Time Series Forecasting . . . . . . . . . . . . . . . . . . . . 19

4 Data 21
4.1 Data Description . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21
4.2 Missing Data Imputation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22
4.3 Correlation Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22
4.4 Data Standardization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
4.5 Data Windowing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
4.6 Non-IID Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

5 Methodology 26
5.1 Data Preparation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26
5.2 Forecasting Task . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26
5.3 Modelling . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

v



5.3.1 Seasonal Naive Baseline . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27
5.3.2 CNN . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28
5.3.3 LSTM . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

5.4 Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30
5.4.1 Evaluation Metric . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30
5.4.2 Evaluation Scenarios . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30
5.4.3 Neural Network Uncertainty . . . . . . . . . . . . . . . . . . . . . . . . . 32

6 Results and Discussion 34
6.1 Performance Analysis of Neural Networks . . . . . . . . . . . . . . . . . . . . . 34
6.2 CNN in Centralized and Localized Learning . . . . . . . . . . . . . . . . . . . . 36
6.3 Hyperparameter Tuning in Federated Learning . . . . . . . . . . . . . . . . . . . 38
6.4 Comparison of Centralized, Localized and Federated Learning . . . . . . . . . . 41

7 Conclusion 43
7.1 Answers to Research Questions . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43
7.2 Limitations and Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44
7.3 Ethical Considerations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

Bibliography 46

vi



List of Figures

1.1 Different learning scenarios can be used for building a power consumption fore-
casting model. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

2.1 ReLU activation function. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
2.2 An example of a dense hidden layer with 7 hidden units and input sequence

length = 9. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
2.3 Training and validation errors during training of a neural network. A dashed

line indicates the smallest validation error and iteration number at which model
parameters are saved. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

2.4 An example of a convolutional hidden layer with filter size = 3 and input sequence
length = 9. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

2.5 An example of a recurrent hidden layer with input sequence length = 9. . . . . . . 12
2.6 An example of a recurrent hidden layer with LSTM cells. . . . . . . . . . . . . . . . 13

4.1 Examples of time series for one of the RBSs available for this study. On the left
is an example of time series for the target variable, PSU Load. On the right is an
example of time series for one of the traffic features. . . . . . . . . . . . . . . . . . . 21

4.2 Examples of two different RBSs where linear interpolation is applied for missing
data imputation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

4.3 Seasonal differencing impact on the target variable PSU Load. . . . . . . . . . . . . 24
4.4 Correlation analysis results for a subset of RBSs. Traffic features are denoted by

the following principle: "T#" - traffic feature number, "DL" - downlink, "UL" - uplink. 24
4.5 Examples of different RBSs which are iid and non-iid. . . . . . . . . . . . . . . . . . 25

5.1 24 autocorrelated lags are observed for two randomly chosen RBSs demonstrating
that PSU Load time series has a daily seasonality. . . . . . . . . . . . . . . . . . . . . 27

5.2 Examples of seasonal naive baseline predictions for two different RBSs. . . . . . . . 28
5.3 A neural network model with CNN architecture. . . . . . . . . . . . . . . . . . . . . 29
5.4 A neural network model with LSTM architecture. . . . . . . . . . . . . . . . . . . . 29
5.5 Localized Training. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30
5.6 Centralized Learning. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31
5.7 Federated Learning. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

6.1 Comparison of CNN, LSTM and Baseline model performances without traffic fea-
tures in localized and centralized learning scenarios. . . . . . . . . . . . . . . . . . . 35

6.2 Prediction window examples from two different RBSs where LSTM performs bet-
ter than CNN without traffic features in the localized learning scenario. . . . . . . 35

6.3 Prediction window examples from two different RBSs where CNN performs better
than LSTM without traffic features in the localized learning scenario. . . . . . . . . 36

6.4 Comparison of CNN, LSTM and Baseline model performances with traffic features
in localized and centralized learning scenarios. . . . . . . . . . . . . . . . . . . . . . 36

vii



6.5 PSU Load time series from two different RBSs demonstrating a shift in data distri-
bution where CNN cannot outperform a seasonal naive baseline in the localized
learning scenario. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

6.6 Prediction improvement for the same RBS in localized and centralized learning
scenarios. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

6.7 PSU Load time series from two different RBSs demonstrating a shift in data dis-
tribution where CNN cannot outperform a seasonal naive baseline in centralized
learning scenario. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

6.8 The impact of different NSC values on the federated training process for NLE = 5
and NLE = 10. In both cases, NCR = 20. . . . . . . . . . . . . . . . . . . . . . . . . . 39

6.9 The impact of NCR = 40 on the federated training process with NLE = 5. . . . . . . 40
6.10 The impact of different NLE values on the federated training process with NSC =

20. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41
6.11 A model performance comparison in centralized, localized and federated learning

scenarios. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

viii



List of Tables

6.1 Validation errors corresponding to the training processes illustrated in Figure 6.8b
between 8th and 12th communication rounds. The values shaded in a gray color
indicate the smallest errors across all NSC values. . . . . . . . . . . . . . . . . . . . 41

ix



Acronyms

AAU active antenna unit

ACF autocorrelation function

AI artificial intelligence

BS base station

CNN convolutional neural network

IEC International Electrotechnical Commission

IID independent and identically distributed

HFL horizontal federated learning

LSTM long short-term memory

LTE long-term evolution

MAE mean absolute error

ML machine learning

MLP multilayer perceptron

MSE mean squared error

NCR number of communication rounds

NLE number of local training epochs

NSC number of sampled clients

NR new radio

PSU power supply unit

RAN radio access network

ReLU rectified linear unit

RBS radio base station

RMSE root mean squared error

RNN recurrent neural network

TCN temporal convolutional network

VFL vertical federated learning

1



1 Introduction

As the spread of 5G cellular networks continues, energy consumption remains one of the
main challenges in the mobile telecommunications industry. The recent study from Ericsson
Research [15] demonstrates that cellular networks are responsible for about 0.2% of the global
carbon emissions, and about 0.6% of global electricity use. According to the same study, it is
expected that the demand on cellular networks will only continue to grow. It is also argued
[15] that the rising number of subscriptions and traffic growth has a smaller contribution to
increased energy consumption. The deployment of new frequency bands and network equip-
ment reflected in increasing population coverage are listed among the major contributors.

In the cellular networks developed by the long-term evolution (LTE) standards, base sta-
tions (BSs) dominated the energy consumption of the radio access network (RAN) comprising
around 80 percent of the RAN electricity use [2]. While the development of 5G New Radio
(NR) standard was expected to lower energy consumption of BSs, there are challenges that
are yet to be addressed.

Different approaches can be deployed to navigate the mobile telecommunications indus-
try in an energy efficient way. Among the proposed ones such as effective modernization
of existing networks and holistic view to meeting business and sustainability targets [15],
there is also an opportunity to leverage the power of artificial intelligence (AI) and machine
learning (ML) for energy optimization.

As defined by the International Electrotechnical Commission (IEC) [10] , smart grid is an
electrical grid built on standardized software and hardware that ensures seamless integra-
tion and interoperability of energy resources using different automated functions. One of
these functions includes the ability to self-heal by using real-time information from sensors
detecting and responding to system failures. This allows the grid to automatically avoid or
mitigate the impact of power outages, power quality problems and service disruptions. In
[13], Eleftheriadis et al. discuss the benefits of combining AI and 5G service-based archi-
tecture for a better performance in smart grid operation and on-demand balancing services
for utilities. Increased automation allows mobile networks to collect data from access nodes
and provide real-time performance measurements that enhance efficiency of energy opera-
tions. It is also important to consider communication and latency issues when integrating
AI/ML functionalities. Eleftheriadis et al. argue that local learning of data and mitigation
of mobile network assets in clusters that rely on centralized learning should be prioritized
to ensure low latency towards power grids. This can allow to build communication efficient
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1.1. Motivation

power forecasting models for radio base stations (RBSs) that help to generate power grid pat-
terns contributing to more reliable power management of smart grids. An example use case
of power consumption forecasting models is demonstrated by Valencia et al. in [55]. It is
demonstrated how predictions made by a power forecasting model allow to create a better
maintenance schedule and preserve operational continuity. In this thesis work, a power fore-
casting model for RBSs is also under the consideration. However, the focus is on the impact
of different learning scenarios on the generalization performance of the forecasting model.

1.1 Motivation

To build a power consumption forecasting model for several RBSs, the logged data from the
same RBSs needs to be collected. In the conventional way, the data from many different RBSs
will be stored in a cloud-based system, and a corresponding statistical or machine learning
model will be built using all available data. This is a centralized learning approach illustrated
in Figure 1.1b. Among several disadvantages of this approach can be an increasing commu-
nication overhead when large amounts of data are transferred between client nodes (RBSs)
and a central node (cloud-based system). In addition to that, privacy issues may arise if sen-
sitive data from many different sources is stored in a single space that is not controlled by
the data owners. One of the alternatives to the centralized learning is localized learning. As
illustrated in Figure 1.1a, in localized learning, the local model for each client node is trained
using only the data available to it. This approach can be considered a fully private setting
where the data is kept at its source. It is expected to reduce communication overheads and
handle privacy issues that arise in centralized learning. However, the local models trained in
that way may have unique characteristics that do not generalize well to other client nodes.
Furthermore, client nodes need sufficient computational resources to train predictive models.
These resources may be limited on some client nodes depending on the hardware availability.
Another alternative to centralized and localized learning scenarios is federated learning.

(a) Localized Learning.

(b) Centralized Learning. (c) Federated Learning

Figure 1.1: Different learning scenarios can be used for building a power consumption fore-
casting model.

McMahan et al. [36] describe federated learning as a technique that "allows users to col-
lectively reap the benefits of shared models from rich data, without the need to centrally store it". In
federated learning, as illustrated in Figure 1.1c, each local node (client) performs a local train-
ing on its private data and shares only the model parameters with the central node (server).

3



1.2. Objective

The server aggregates local model parameters using an aggregation function and updates
its global model parameters. The updated parameters are then shared with all participating
clients. The key advantage is that only local model parameters and not the data itself are
shared which allows to preserve privacy and sensitivity. Consequently, communication over-
head decreases since only the model parameters are shared with the server. Moreover, the
model trained in federated learning can generalize better than the locally trained models [6]
if datasets from different clients do not suffer from a statistical heterogeneity [36] [62] [27] as
described in section 2.2.2.

When looking into the studies of federated learning in mobile telecommunications indus-
try, there is an ongoing research with the primary focus on radio traffic prediction. Nan et al.
[38] utilize a clustering methodology to place BSs with large commonality into similar regions
and run a suitable federated aggregation algorithm for several regional models. Phyu et al.
[44] propose a federated learning framework that allows to predict traffic at each of BSs that
are distributed across different 4G network slices. Here, the network slicing assumes that re-
sources of a given BS are allocated on the application basis. Thus, a performance and resource
handling of a given base station are monitored under four (as the number of applications) dis-
tinct processes. Finally, a very extensive study is implemented in [42] to compare different
deep learning architectures and federated aggregation functions for traffic forecasting of BSs.

As it can be seen the majority of the mentioned studies focus on the traffic forecasting.
Valencia et al. [55] in their study demonstrate that traffic metrics are highly correlated with
power consumption of RBSs, however, the topic of federated learning for power consump-
tion forecasting in RBSs is yet to be explored. Thus, the focus of this thesis work is on the
evaluation of federated learning for power consumption forecasting in RBSs.

1.2 Objective

The objective of this thesis work is to explore the application of federated learning for power
consumption forecasting in RBSs. In particular, this study focuses on a large number of RBSs
and whether federated learning can help to discover potential correlations between RBSs
that can improve generalization performance. To sum up, the following research questions
are answered in this study:

• Which modelling scenario (centralized or localized) results in a better generalization
performance for power consumption forecasting in RBSs?

• Is it possible to implement a power consumption forecasting model for RBSs in the fed-
erated learning scenario that has a better or a comparable generalization performance
to the models trained in centralized and localized scenarios?

4



2 Theory

This chapter provides a theoretical background for the parametric model implemented in
this thesis work and federated learning, a machine learning paradigm in which the described
parametric model is trained. In the first part of the chapter, a neural network model, its
training mechanism and architectures suitable for time series forecasting are discussed. The
second part of the chapter focuses on federated learning, in particular, federated training
algorithm, and one of the major challenges of federated model training, non-iid data, is also
discussed.

2.1 Neural Networks

2.1.1 Neural Network Model

Neural network is a nonlinear parametric model. It means that this model can capture a non-
linear relationship between input and output by learning a parameterizable function of the
following form

ŷ = fθ(X), (2.1)

where θ are a set of learnable model parameters, X is an input feature vector and ŷ is a
prediction made by the model.

To understand a neural network, one can start with a simple linear regression model. A
prediction ŷ made by linear regression is written as (p.39, [33])

ŷ = w0x0 + w1x1 + ... + wpxp + b, (2.2)

where W = [w0, w1, ..., wp] is denoted as a vector of model parameters, b as an offset term
and X = [x0, x1, ..., xp]T as a p - dimensional input feature vector. Nonlinear relationship
between X and ŷ can be obtained by placing the input vector X into the activation function g
and written in the following form

ŷ = g(w0x0 + w1x1 + ... + wpxp + b), (2.3)

or in the vectorized form as
ŷ = g(WX + b). (2.4)

5



2.1. Neural Networks

Figure 2.1: ReLU activation function.

The default activation function recommended (p.175, [20]) for use with feedforward neural
networks is the rectified linear activation function also known as ReLU. Nonlinear transfor-
mation is obtained when applying this function to the linear form described in equation 2.2.
As it can be seen from Figure 2.1, it is a piecewise linear function with two linear pieces.
Since ReLU is nearly linear, it preserves many of the properties that make linear models easy
to optimize with gradient based methods. ReLU activation function of an arbitrary variable
z is generally written in the following form

g(z) = max(0, z) =

#

0 if z ă 0

z otherwise
(2.5)

In equation 2.4, X belongs to the input layer and ŷ belongs to the output layer. Adding a hidden
layer between input and output layers can help a neural network to capture more complex
relationships between input and output. A hidden layer usually consists of hidden units. In a
neural network with a single hidden layer, the task of each hidden unit is to receive the input
from the input layer, apply a nonlinear activation function and produce the output for the
output layer. Mathematically, this operation has the form similar to equation 2.3, also known
as a generalized linear regression model (p.58–59, [33])

qk = g(wk0x0 + wk1x1 + ... + wkpxp + bk) for k = 1, ..., U, (2.6)

where qk is denoted as kth hidden unit of a hidden layer with U hidden units. Each of the
hidden units has a functional form similar to equation 2.6, however, each of those functions
is parameterized by a set of different parameters Wk = [wk0, wk1, ..., wkp]. Given that there
are U hidden units tqku

U
k=0 in a single hidden layer, they act as a vector of new inputs q =

[q0, q1, ..., qU ] into the output layer. Mathematically, this is written in the following form

ŷ = w0q0 + w1q1 + ... + wUqU + b. (2.7)

Equation 2.7 represents a more flexible neural network model with a single hidden layer that
consists of U hidden units or U generalized linear regression models. Adding more hidden

6



2.1. Neural Networks

layers l P t1, ..., Lu increases model flexibility, and can be written in the following form

q(1) = g(W(1)X + b(1)),

q(2) = g(W(2)q(1) + b(2)),

...

q(L´1) = g(W(L´1)q(L´2) + b(L´1)),

ŷ = W(L)q(L´1) + b(L),

(2.8)

where every lth layer consists of Ul hidden units q(l) = [q(l)1 , ..., q(l)Ul
]. This also means that the

number of hidden units can vary across hidden layers. Finally, each layer l is parameterized
with the weight matrix W(l) and the offset vector b(l). The offset terms in the offset vector
behave as thresholds for activation of hidden units in a neural network. These are a set of
learnable parameters that make a neural network a nonlinear parametric model.

Figure 2.2: An example of a dense hidden layer with 7 hidden units and input sequence
length = 9.

The type of a neural network model described in this section is also known as a multilayer
perceptron (MLP) [48]. MLP architecture typically consists of an input layer, hidden layers and
an output layer. Hidden layers in MLP are also called dense layers owing to the density of
connections between hidden units. Figure 2.2 illustrates an example of a dense hidden layer.
For a simplicity of demonstration, connections to the offset vector b(1) are not illustrated.

2.1.2 Neural Network Training

In the section 2.1.1, it was demonstrated that a neural network is a parametric model with the
model parameters consisting of the weight matrix W and the offset vector b. In the following
sections, all model parameters are denoted as θ and written in the following form

θ = [W(1) b(1) ... W(L) b(L)]. (2.9)

To learn θ, the optimization problem of the following form must be solved (p.141 [33])

θ̂ = arg min
θ

J(θ) where J(θ) =
1
n

n
ÿ

i=1

L(xi, yi, θ) (2.10)

where J(θ) is a cost function, and L(xi, yi, θ) is a parameterized loss over a given data point
(xi, yi).

2.1.2.1 Maximum Likelihood Estimation and Loss Function

A loss function selection is a design choice and different loss functions result into different
solutions θ̂. It can also be selected from a statistical perspective. The method of maximum
likelihood (p.476, [57]) helps to provide a formal connection between a loss function and
probabilistic assumptions on a random noise of data (p.43, [33]). Assume a dataset D =
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2.1. Neural Networks

txi, yiu
n
i=0 where for a single data point (xi, yi) the relationship between input xi and output

yi is modelled as
yi = fθ(xi) + ε, (2.11)

where ε is a random noise drawn from some known distribution. The goal of the maximum
likelihood estimation is to identify the parameters θ that maximize the likelihood of observing
yi given xi. This is formally written as

θ̂ = arg max
θ

p(y|X; θ), (2.12)

where y = tyiu
n
i=0 are all outputs, X = txiu

n
i=0 are corresponding inputs and p(y|X; θ) is a

probability density function showing how likely it is to observe y given X and parameters θ.
A common assumption is that the noise terms ε are independent and normally distributed

ε „ N (0, σ2
ε ). (2.13)

This implies that observed data points are independent. Thus, the likelihood p(y|X; θ) is
factorized as

p(y|X; θ) =
n

ź

i=1

p(yi|xi, θ). (2.14)

Working with a product of conditional probabilities can be inconvenient due to computa-
tional reasons such as numerical underflow (p.132 [20]). Thus, the product of conditional
probabilities is transformed into the sum of logarithms of conditional probabilities, and the
following form is obtained

log p(y|X; θ) =
n

ÿ

i=1

log p(yi|xi, θ). (2.15)

Note that since the logarithm is monotonically increasing function, maximizing the likelihood
from equation 2.14 will yield the same solution θ̂ as maximizing the log-likelihood from equa-
tion 2.15. Assuming that ε is normally distributed, the probability density function of yi given
xi is written as

p(yi|xi, θ) =
1

a

2πσ2
ε

exp(´
(yi ´ fθ(xi))

2

2σ2
ε

). (2.16)

After inserting equation 2.16 into equation 2.15, the log-likelihood is written in the following
form

log p(y|X; θ) = ´
n
2

log(πσ2
ε )´

1
2σ2

ε

n
ÿ

i=1

(yi ´ fθ(xi))
2. (2.17)

Since it is conventional to define the optimization problems as minimization problems, the
likelihood maximization problem is transformed into the negative log-likelihood minimiza-
tion problem

θ̂ = arg min
θ

´ log p(y|X; θ). (2.18)

When removing the terms and the factors independent of θ from equation 2.17 and placing
this equation into equation 2.18, the cost function for estimating the optimal parameters θ̂ is
obtained

θ̂ = arg min
θ

n
ÿ

i=1

(yi ´ fθ(xi))
2 (2.19)

Equation 2.19 represents a cost function with a squared error loss (yi ´ fθ(xi))
2 over a data

point (xi, yi) and when multiplied by the factor 1
n , the least squares loss also known as mean

squared error (MSE) is obtained which is a commonly used loss function in linear regression.
The optimization problem defined in equation 2.10 is now updated by equation 2.19

θ̂ = arg min
θ

J(θ) where J(θ) =
1
n

n
ÿ

i=1

(yi ´ fθ(xi))
2 (2.20)
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2.1.2.2 Optimization with Gradient Descent

The optimization problem defined in equation 2.20 cannot be solved in the closed form for
a general neural network, thus, a numerical optimization approach should be applied. In
neural networks, gradient based optimization algorithms are usually applied, and the opti-
mization problem is solved in an iterative manner. The general procedure is the following:

1. Initialize model parameters θt at timestep t = 0.

2. After each round of iteration t update parameters θt+1 = θt ´ γ∇θ J(θt).

3. Terminate optimization when a given convergence criterion is fulfilled and take θt, pa-
rameters obtained at iteration t, as θ̂.

Gradient descent is an optimization algorithm for finding a local minimum of a given
differentiable function. The term gradient describes the direction of steepest ascent and is
represented by the vector of partial derivatives with respect to the given cost function J(θ).
The vector of derivatives with respect to parameters is denoted as ∇θ J(θ), and negating this
vector ´∇θ J(θ) allows it to describe the direction of steepest descent in which the value
of the cost function J(θ) decreases. This means that taking a small step in the direction of
the negative gradient reduces the value of the cost function and is written as the following
inequality (p.117, [33])

J(θ ´ γ∇θ J(θ)) ď J(θ), (2.21)

where γ is a learning rate parameter that determines the size of the gradient step at each
iteration. The selection of the learning rate γ can also be a part of the optimization problem.
Line search is a univariate optimization problem that can be used to find the optimal value of
the learning rate. However, conducting line search at each iteration t can be computationally
expensive. Alternatively, the choice of the learning rate can be also left to the user(p.55, [29]).
In this study, the decision is also to leave the learning rate as a user defined hyperparameter.
At each round of iteration t, parameters θt are updated so that J(θt+1) ď J(θt)

θt+1 = θt ´ γ∇θ J(θt). (2.22)

In neural networks, the cost functions usually belong to the class of non-convex objective
cost functions. Non-convex functions are functions that have many local minima (p.284, [20]).
The gradient descent algorithm cannot always find the global minimum in non-convex prob-
lems; instead, it arrives at one of the local minima or saddle points. In non-convex problems,
the choice of an appropriate learning rate and initialization of model parameters become vi-
tal. In addition, it can be required to run the algorithm several times to arrive at the local
minimum that is closest to the global minimum.

When computing the gradient of the cost function described in equation 2.20, the sum of
losses across all data points must be calculated

∇θ J(θ) =
1
n

n
ÿ

i=1

∇θ(yi ´ fθ(xi))
2. (2.23)

For large datasets, this can result in significant computational costs (p. 124, [33]). An alterna-
tive to that can be taking a random sample of nb data points, also known as mini-batches, and
computing the gradient with respect to the sum of losses across a given mini-batch. Then,
equation 2.23 can be rewritten in the following form

∇θ J(θ) =
1
nb

nb
ÿ

i=1

∇θ(yi ´ fθ(xi))
2. (2.24)

When working with mini-batches rather than whole training datasets, it is important to en-
sure that a given mini-batch is representative of the whole training dataset. One way of en-
suring that can be randomly shuffling the training dataset and dividing it into mini-batches
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2.1. Neural Networks

in an ordered manner (p.125, [33]). This type of gradient descent algorithm working with
mini-batches is called stochastic gradient descent.

The problem with stochastic gradient descent is that it does not converge with a constant
learning rate γ (p.126, [33]). Each gradient calculated from a given mini-batch is an estimate
of a true gradient, and this estimate can suffer from a random noise that comes with ran-
dom sampling. Thus, the gradient descent will continue to wander randomly (p.126, [33])
instead of converging to the local minima. In recent years, several enhancements of gradient
descent [12], [28], [22] were proposed to solve the problem of the fixed learning rate with the
automatic adaptation.

Figure 2.3: Training and validation errors during training of a neural network. A dashed line
indicates the smallest validation error and iteration number at which model parameters are
saved.

2.1.2.3 Backpropagation

At each iteration of the gradient descent algorithm, it is required to calculate the gradient,
the vector of derivatives of the cost function with respect to all the parameters. Backprop-
agation [49] is an algorithm utilized during the training of neural networks that allows to
effectively calculate the gradient. It mainly consists of two steps, the forward propagation
and backward propagation. In the forward propagation, the values of all hidden units in each
of the hidden layers and the value of cost function are calculated. In the backward propaga-
tion, the gradients with respect to hidden units of all hidden layers and model parameters
are calculated. The derivatives of the cost function with respect to hidden units and model
parameters are calculated in the recursive manner, using the chain rule of calculus (p.116, [1]).

Finally, the training process of a neural network model is summarized in the following
way:

1. Initiate parameters θ0.

2. Implement forward propagation computing q, ŷ and J(θ).

3. Implement backward propagation computing gradient ∇θ J(θ).

4. Update parameters θ.

5. Iterate steps 2 - 4 until convergence.

10
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In step 5, it is mentioned that steps 2 - 4 are iterated until a convergence criteria is fulfilled.
In this study, early stopping strategy (p.246, [20]) is used to ensure model convergence. When
training a neural network, it can be observed that a training error decreases over time while
a validation error reaches its minimum and then starts to increase again. A typical exam-
ple of such a behavior is demonstrated on Figure 2.3. Early stopping allows to terminate a
training process if a validation error does not decrease for a successive number of iterations
and save model parameters that correspond to the smallest validation error as optimal model
parameters.

2.1.3 Convolutional Neural Network

Convolutional neural network (CNN) is a type of a neural network with a convolutional hidden
layer [17] instead of or in addition to dense layers. CNN is a model suitable for working with
data that follows a grid-like topology (p.330, [20]). Time series and image data are typical
examples of data with a grid-like structure. Time series can thought of as a one-dimensional
grid with regular time intervals while an image can be thought of as a two-dimensional grid
of pixels.

A convolutional layer of CNN relies on the mathematical operation called convolution
(p.330, [20]). Convolution operation allows to leverage a spatial structure of the data inherent
to time series and image data. In one-dimensional data such as time series, the concept of
spatial structure can be translated to the adjacency of points in one dimensional continuous
coordinate. To put it differently, it is logical to assume that the observations closer in time are
more related to each other that observations further apart. Mathematically, the convolution
operation can be written in the following form

zi =
k

ÿ

j=1

xi+j´1aj, (2.25)

where a = [a1, ..., ak] is a vector of weights of the convolutional filter, xi+j´1 is an element
of the input sequence and zi is the ith value of some hidden unit vector before applying any
nonlinear transformation. A vector of weights a is also a set of parameters and is learned
during the training process. Equation 2.25 essentially means that a filter of fixed size k slides
over a raw input sequence of data points and generates a different representation of an input.
The result is passed further through a nonlinear activation function g (such as ReLU described
in chapter 2.1.1) to model nonlinear relations between input and output. There are three

Figure 2.4: An example of a convolutional hidden layer with filter size = 3 and input sequence
length = 9.

concepts that differentiate a convolutional layer from a dense layer (p.335, [20]):

1. Parameter sharing. In a convolutional layer, each subset of X is multiplied by the same
filter weights a and passed through an activation function g to generate a vector of hid-
den unit values q. This is different from a dense layer where the whole input sequence
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X would be multiplied by a different weight matrix Wkl (kth hidden unit of lth layer) to
obtain a value of each hidden unit in a dense layer as described in chapter 2.1.2. As a
result, a smaller amount of parameters is learned during the training of a convolutional
layer making it computationally more efficient than a dense layer.

2. Sparse interactions. As it can be seen from Figure 2.4, every hidden unit in a convo-
lutional layer depends on the small region of input sequence. In contrast, each hidden
unit of a dense layer depends on the whole input sequence. This is also referred to as
sparcity. Sparcity allows a convolutional filter to learn different local patterns in data
diminishing an impact of a noise and leveraging a spatial structure of the data.

3. Equivariance to translation. The property of equivariance to translation results from
sparse interactions and parameter sharing. In the context of time series, equivariance
means that if an event is moved later in time in the input, a similar representation of it
will appear in the output, just later in time (p.339, [20]).

Figure 2.5: An example of a recurrent hidden layer with input sequence length = 9.

2.1.4 Recurrent Neural Network

Recurrent neural network (RNN) is a type of a neural network with a recurrent hidden layer.
RNN is a model suitable for working with sequential data such as time series or text. Thus,
the input X needs to be represented as a sequence of T values and denoted as X = txtu

T
t=1

where each xt represents an input value at the tth timestep and depends on the values from
previous t´ 1 timesteps. Figure 2.5 illustrates Elman network [14] that is one of the widely
used types of RNN. Mathematically, it is represented in the following form

h1 = g(Whx1 + Uhh0 + bh),

h2 = g(Whx2 + Uhh1 + bh),

...

hT = g(WhxT + UhhT´1 + bh),

ŷ = g(WyhT + by).

(2.26)

Equation 2.26 demonstrates that for any timestep t, xt is taken as an input element, and ht,
a hidden activation vector with values of hidden units also known as a hidden state, is calcu-
lated. When xt+1, the next element of the sequence is processed, ht+1 is calculated using the
input xt+1 and ht that contains the values from the hidden states of the previous timesteps. As
a result, each ht includes information from the previous hidden states ht´1 to h0. This depen-
dence on the hidden states from the previous timesteps allows RNN to learn the sequential
relationship between the elements at different timesteps. From equation 2.26, it can also be
observed that the model parameters Wh and Uh are shared across all timesteps. Similar to
CNN, this is a parameter sharing property that makes it possible to apply RNN to sequences
of different lengths and, more importantly, learn similar patterns at different timesteps (p.373,
[20]).
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2.1.4.1 Long Short-Term Memory Cell

One of the problems with RNN is that it is unable to capture long-term dependencies due to
the problem of vanishing gradients [41]. The gradient of RNN is calculated using backprop-
agation through time [59], and when the number of layers (or a sequence length) increases,
gradient updates become exponentially smaller what makes it difficult for a neural network
to learn long-term dependencies in the sequence. A proposed improvement called long short-
term memory (LSTM) cell [23] has shown useful in solving the problem of vanishing gradients
in RNN.

(a) A recurrent hidden layer with LSTM cells.

(b) A closer look at LSTM cell [40].

Figure 2.6: An example of a recurrent hidden layer with LSTM cells.

An LSTM cell [23] can be viewed as an enhancement to the architecture of RNN. Figure
2.6b demonstrates the architecture of an LSTM cell. At a given timstep t, there are two out-
puts: a hidden state ht and a cell state ct both of which contain information from the current
and previous timesteps in the sequence. An LSTM cell relies on the gating mechanism to de-
cide how to update ht´1 and ct´1 values from a previous timestep before outputting ht and
ct to the next timestep in the sequence. Thus, an LSTM cell is designed with three gates:

• Forget gate uses σ(¨) sigmoid function of ht´1 and xt to decide which information to forget
from ct´1.

• Update gate uses σ(¨) sigmoid function of ht´1 and xt to decide which values to update
in ct´1 and tanh(¨) function of ht´1 and xt to calculate new candidate values ĉt.

• Output gate uses tanh(¨) to put values of ct between ´1 and 1 and σ(¨) function of ht´1
and xt to decide which information from ct to output as ht
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These operations are represented in the form of mathematical expressions as

Γ f = σ(W f [ht´1, xt] + b f )

Γu = σ(Wu[ht´1, xt] + bu)

ĉt = tanh(Wc[ht´1, xt] + bc)

ct = Γu ¨ ĉt + Γ f ¨ ct´1

Γo = σ(Wo[ht´1, xt] + bo)

ht = Γo ¨ tanh ct

(2.27)

where ĉt denotes candidate values for updating cell state ct´1, and Γ f , Γu, Γo are forget, up-
date and output gates respectively. All equations are parameterized with corresponding pa-
rameters W and b that are learned during the training process.

The key part of the above equations that allows to solve vanishing gradients problem is
derivative Bct

Bct´1
. When solving it, it can be seen that there is no exponential weight accumu-

lation (that is present in RNN) meaning that there is at least one way where the gradient does
not vanish.

2.2 Federated Learning

Federated learning is a machine learning paradigm that allows to build a single model trained
on several datasets that are distributed across different places. It was introduced by McMa-
han et al. [36] as a way of leveraging a large amount of data stored in different mobile devices
without the need to store this data in a single place. As it is with all machine learning mod-
els, in federated learning, there is also an optimization problem that needs to be solved. In
section 2.1.2, the optimization problem for training a neural network model was written in
the following form

θ̂ = arg min
θ

J(θ) where J(θ) =
1
n

n
ÿ

i=1

(yi ´ fθ(xi))
2 (2.28)

To solve the optimization problem in federated learning, equation 2.28 is rewritten in the
following form

θ̂ = arg min
θ

J(θ) where J(θ) =
K

ÿ

k=1

nk
n

Jk(θ) and Jk =
1
nk

ÿ

iPDk

(yi ´ fθ(xi))
2 (2.29)

where Dk is the set of indexes of data points that belongs to the kth data source and nk = |Dk|.
In equation 2.29, the optimization problem is still the same as in equation 2.28, however, the
datasets are distributed across k different data sources.

2.2.1 Federated Training Process

In the federated training process, there are usually two participating entities: clients and
server. Clients can be viewed as separate data sources. Model is trained locally at each of
the clients (a local training) using global parameters received from the server. After termi-
nation of the local training, each of the clients shares its model parameters with the server.
The server receives local model parameters from the clients, performs aggregation of those
parameters, updates global model parameters with aggregated ones and sends them back to
the clients. This process continues iteratively until some convergence criteria is met.

At the tth communication round, the federated training process can be described in the
following way:
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1. The server randomly samples St, a fixed number of clients.

2. The server sends global model parameters Wt to St sampled clients.

3. Each of the sampled Clients Ck P St starts a local training on its dataset Dk using re-
ceived global model parameters Wt.

4. After a local training, each of the sampled clients St sends their own parameters Wk
t to

the server.

5. The server aggregates model parameters
ř

kPSt
|Dk|

n Wk
t and sends them as updated

global parameters Wt+1 to a new set of sampled Clients for the next communication
round.

The above steps are formally represented in Algorithm 1 that was originally proposed by
McMahan et al. [36]. The aggregation principle described in step 5 is also known as Federated
Averaging (FedAvg) algorithm [36].

Aggregation of the local model parameters is one of the most important steps of the fed-
erated training process. FedAvg performs aggregation by computing the weighted average
ř

kPSt
|Dk|

n Wk
t of the local model parameters received from the clients. As it was demonstrated

by McMahan et al., a naive parameter averaging achieved significantly lower loss on a given
training dataset than the best model achieved by independently training on one of the smaller
datasets. In recent years, alternative aggregation functions [32] [47] [58] emerged to handle
system and statistical data heterogeneities. While some of them proven to be effective under
different settings, a statistical heterogeneity, commonly appearing in the form of non-iid data,
still remains one of the major challenges [27] [62] in FL.

Algorithm 1: Federated Averaging (FedAvg) Algorithm
Input : Local datasets Dk, Strategy: C clients, T communication rounds, E local

training epochs, aggregation function
Output: WT global model parameters after the Tth communication round

1 Server:
2 Initialize W0
3 for each communication round t = 1, 2, ..., T do
4 Sample St, a set of clients, out of C clients
5 n :=

ř

kPSt
|Dk|

6 for each client k P St in parallel do
7 Send global model parameters Wt to client Ck

8 Wk
t := Client(k, Wt)

9 endfor

10 Wt+1 =
ř

kPSt
|Dk|

n Wk
t

11 endfor
12 return WT
13 Client:
14 Wk

t = Wt
15 for each local epoch e = 1, 2, ..., E do
16 for each batch b P Dk do
17 Wk

t := Wk
t ´ γ∇J(Wk

t ; b)
18 endfor
19 endfor
20 return Wk

t

Yang et al. [60] differentiate two types of federated learning: horizontal and vertical. In
horizontal federated learning (HFL), clients have different data points but share the same
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feature space. HFL is formally represented in the following way

Xi = Xj, Ii ‰ Ij, f or @Di, Dj and i ‰ j, (2.30)

where X denotes a feature space, Di and Dj denote data held by clients i and j, I denotes
sample id space. Vertical federated learning (VFL) refers to a scenario where clients share
the same data points but with different feature spaces. VFL is formally represented in the
following way

Xi ‰ Xj, Ii = Ij, f or @Di, Dj, and i ‰ j, (2.31)

In this thesis work, HFL is selected as a modelling scenario because the same feature space
(see section 4.1) is available across all RBSs, however, the time series describing those features
are different meaning that each RBS has different data points.

2.2.2 Non-IID Data in Federated Learning

Kairouz et al. [27] provide a taxonomy of non-iid data regimes that are commonly encoun-
tered when datasets are distributed across several clients. The taxonomy is demonstrated for
datasets designed as a supervised machine learning task with features x and target variable
y. They mention two levels of statistical sampling that are involved in federated learning.
The first one is related to sampling a set of clients from all available clients k „ C. For the
tth communication round, this set of sampled clients was referred to as St in the previous
section. The second round of sampling is related to drawing an example (x, y) from a distri-
bution of a given client Pi(x, y). In federated learning, the typical cases of non-iid data are
when distributions Pi(x, y) and Pj(x, y) are different between clients i and j present in a set of
sampled clients St.

P(x, y) can be rewritten using conditional and marginal probabilities (p.52, [57])

P(x, y) = P(x|y)P(y) = P(y|x)P(x) (2.32)

The following are listed by Kairouz et al. [27] as the common ways in which data deviates
from being identically distributed, that is Pi(x, y) ‰ Pj(x, y) for different clients i and j:

• Feature distribution skew (covariate shift). Marginal distributions P(x) may vary across
different Clients i and j, that is Pi(x) ‰ Pj(x).

• Target variable distribution skew (prior probability shift). Marginal distributions P(y) may
vary across different clients i and j, that is Pi(y) ‰ Pj(y).

• Different features, same target variable (concept drift). Conditional distributions P(x|y) may
vary across different clients i and j, that is Pi(x|y) ‰ Pj(x|y).

• Different target variables, same features (concept shift). Conditional distributions P(y|x)
may vary across different clients i and j, that is Pi(y|x) ‰ Pj(y|x).

• Quantity skew. Different clients can hold different amounts of data, that is |Di| ‰ |Dj|

In addition to above-mentioned non-iid data regimes, Zhu et al. mention [62] temporal
skew as a type of non-iid data regime. Temporal skew is usually encountered when working
with spatio-temporal and time series data. For time series data, this implies that Pi(x, y|t)
(where t is time index) on the Client i is changing over time. In [42], Vasileios et al. demon-
strate how the distribution of daily traffic changes over time following different patterns.
Zhu et al. also mention that data collected by clients during different periods of time can also
result in temporal skew.
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3 Related Work

This chapter provides a literature review of studies that were found to be relevant to this
thesis work and serve as a reference point. In particular, the studies covering the following
topics are reviewed: power consumption models for BSs, federated traffic forecasting models
and forecasting models from other domains and neural networks for federated time series
forecasting.

3.1 Power Consumption Models for Base Stations

Throughout the years, analytical power models were implemented to track power consump-
tion of BSs [3, 11, 31]. Arnold et al. [3] focus on BS components, in particular, power amplifier
and cooling equipment to develop power models for BSs. It is important to note that their
model is concurrent which means that both static and dynamic power consumption param-
eters of the BS are considered. Debaillie et al. [11] also build a power model by modelling
hardware components of BSs and demonstrating how to utilize traffic load to design power
savings over different sleep modes. Li et al. [31] utilize historical wireless traffic data in addi-
tion to the data from hardware components. While the majority of listed studies mainly focus
on analytical power models of BSs, one of the recent studies [45] demonstrates that such an-
alytical models can be also coupled with machine learning driven approaches. Specifically,
Piovesan et al. [45] reveal how artificial neural networks can be utilized to build a model for
5G active antenna units (AAUs), the most power consuming components of BSs.

In [31] and [37], it is argued that wireless traffic forecasting data can be utilized to build
load forecasting model for BSs. Indeed, Valencia et al. [55] build a model that utilizes traffic
metrics as explanatory features to forecast energy consumption of power supply units (PSUs)
in RBSs. In their study, Prophet, a generalized additive model, is used to forecast power
consumption in RBSs. This is one of the few studies where a power model mainly utilizes PSU
load utilization as an autoregressive feature and dynamic behavior of radio traffic together
with climate related features instead of relying on the power usage of hardware components.

3.2 Federated Learning for Traffic Forecasting

As it was revealed in the previous section 3.1, the recent studies [55] demonstrate that a
power consumption model can be built utilizing available dynamic power consumption data
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and traffic features as explanatory variables. When looking at the implementations of the fed-
erated learning in telecommunication industry, most of the works focus on federated learning
for traffic forecasting. Thus, this literature review is followed by going through those studies.

In recent years, federated learning was widely implemented for traffic prediction in mo-
bile telecommunications industry. Vasileios et al. [42] conduct an extensive study on fed-
erated learning for 5G BS traffic forecasting. In their study, they test and compare different
types of neural network models and aggregation functions used in federated learning. They
also try to address the problem of working with non-iid data at different client nodes. Model
comparison in their study reveals that LSTM and GRU types of neural networks outperform
the rest of the models such as CNN, MLP and RNN in federated and localized learning sce-
narios. GRU [9] refers to gated recurrent unit that is a less parameterized and a simpler type of
RNN than LSTM. When comparing different learning scenarios among themselves, Vasileios
et al. reveal that the generalization performance of localized learning is followed by cen-
tralized learning and federated learning respectively. However, they also show that local
fine-tuning, that is training a learned federated model further on the local data without pa-
rameter sharing, results in a better generalization performance than localized and centralized
approaches. Some of the limitations of their study can be that the models are designed for a
single step forecasting horizon, and that the number of BSs under the study is limited to three
which is not a statistically representative sample.

Nan et al. [38] propose a regional-union based federated learning (FedRU) for wireless
traffic prediction in 5G network. In their study, the central node trains the shared model
according to the regional model, and each region trains its own regional model. Eventually,
the shared model captures global user and regional data characteristics. Thus, the predictions
become affected by the performance of the region division algorithm. The region division
algorithm relies on the estimation of correlation between BSs with similar wireless traffic
data changes. This also implies that one should already have access to the data from different
BSs to make a proper regional division. As in [42], Nan et al. also refer to data heterogeneity
as one of the challenges in improving framework performance.

Phyu et al. [44] propose a federated learning framework that addresses traffic forecast-
ing problem in a sliced network architecture. The main goal is to predict traffic at each BS
distributed across different network slices. The network slices are shown in the form of BS
resources allocated on the application basis. Consequently, each BS operates under four dis-
tinct processes corresponding to the number of applications.

3.3 Federated Learning for Load Forecasting in Other Domains and
Non-IID Data

Residential energy forecasting is one of the other domains where federated learning is ap-
plied. Petrangeli et al. [43] evaluate federated learning for power consumption forecasting
in residential communities. They demonstrate that the performance of LSTM networks in
centralized learning is better than in the localized learning scenario attributing this to the fact
that data partitioning in federated learning has an adverse impact. Furthermore, they study
the impact of communication overhead when implementing a federated learning model. It is
demonstrated that the communication overhead in the federated scenario is actually higher
that in the centralized scenario, and that is supported by the arguments that in centralized
scenario all the data is transmitted to the server once, while in the federated scenario, the
model parameters are transmitted from each client to the server at each round of parameter
update. Nevertheless, it is argued that the overall data transmitted in the network is low, and
it can be supported by any wide area network technology.

In contrast with [43], Fekri et al. in their study [16] propose a federated learning approach
that can outperform models in localized and centralized scenarios. The model is an LSTM
network implemented with two different aggregation functions (FedAvg and FedSGD) and
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both are demonstrated to achieve a higher accuracy for a single step hourly and a multi step
24 hour predictions. The results are even more interesting considering that different energy
consumption profiles are present in the data which means that it is non-iid.

To tackle the problem of non-iid data across different clients, several clustering approaches
are proposed. The idea behind these approaches is to allow several global models on the
server side instead of having a single global model. In that way, each of the global mod-
els clusters local clients with similar data distributions into a single space. Briggs et al. [6]
propose a clustered variant of federated learning for short-term residential load forecasting
using an LSTM network. They apply hierarchical clustering after each communication round
taking as an input local parameter updates from all clients. Thus, clients producing sim-
ilar updates are clustered together, and further federated training proceeds separately for
each cluster. Results show that this approach has a better performance than federated learn-
ing without clustering and can also outperform the centralized learning scenario. However,
their approach still has a worse performance when compared with results from the localized
learning scenario. Nevertheless, they demonstrate that if federated learning with or without
hierarchical clustering is utilized as a pretraining task and followed by further fine-tuning on
the local clients, the performance can be improved and result in highly specialized models
that outperform even localized learning scenarios.

3.4 Neural Networks for Time Series Forecasting

In the original paper [36], McMahan et al. focus on non-convex cost functions of neural
networks when demonstrating federated averaging (FedAvg) algorithm for the first time.
Although it is argued that any algorithm with finite-sum parametric learning objective can
be utilized, this part of literature review focuses on neural network models which, as it was
demonstrated in sections 3.2 and 3.3, were proven to be effective in federated learning for
time series forecasting.

One of the largest studies on application of neural networks for federated time series fore-
casting was done by Vasileios et al. in [42]. They try five different neural network architec-
tures: MLP, RNN, LSTM, GRU and CNN. The models are compared in centralized, localized
and federated learning scenarios. Since two evaluation metrics, mean absolute error (MAE)
and root mean squared error (RMSE), are utilized, results can also change accordingly. LSTM
and GRU are the top performing models in individual setting. Mixed results are obtained in
centralized learning where LSTM and GRU perform the best regarding MAE, GRU and CNN
regarding RMSE and MLP and CNN regarding NRMSE( normalized RMSE). The robustness
of the models with regards to the random initialization of parameters is also evaluated. LSTM
and GRU outperform other models while CNN suffers the most from the random initializa-
tion of parameters. Finally, LSTM and GRU are the top performing models in federated
settings. Authors also compare communication costs on server and client sides associated
with above listed models in federated learning. Among LSTM and GRU that are top per-
forming ones according to evaluation metrics, GRU is more computationally efficient. This is
mainly attributed to the fact that GRU is less parameterized than LSTM. The computational
efficiency is presented by the minimum required transmissions of local model parameters to
generate a global model.

Although outside of federated learning, there are other extensive studies of neural net-
works for time series forecasting [30] [8]. In [30], Lara-Benítez et al. conduct a comprehensive
analysis of seven types of neural network architectures in terms of accuracy and computa-
tional efficiency. Results demonstrate that, although an LSTM network outperforms the rest
in terms of accuracy of the forecasts, CNN achieves a comparable performance and, at the
same time, is more computationally efficient than an LSTM network due to a smaller number
of model parameters. The forecasting horizons are of variable lengths but all of the models
are trained and tested for multi step predictions. Another extensive study by Chandra et

19



3.4. Neural Networks for Time Series Forecasting

al. [8] makes a similar comparison demonstrating that an LSTM network outperforms other
models on the given datasets. However, this study do not provide any information on the
computational efficiency of implemented models.
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4 Data

This chapter provides an overview of the data that is used in this thesis work and all the re-
quired preprocessing steps. In particular, the following are included: a general description of
data, missing data imputation, correlation analysis, data standardization and data window-
ing.

4.1 Data Description

Data is in a time series format and consists of a target variable, Power Supply Unit (PSU)
Load, and features describing traffic characteristics. PSU Load defined in percentage unit %
measures an average of power loads for every PSU in RBS. Traffic features are included in
this study to test their impact as exogenous variables on the target variable. They describe
traffic characteristics in two directions: uplink and downlink [53]. These directions estimate
data transmission from RBSs to a user equipment (downlink) and from a user equipment to
RBSs (uplink). In total, 100 RBSs are available for this study. Each of these RBSs has 1824
data points of hourly power consumption measurements, PSU load, which corresponds to
two and a half month data. Figure 4.1 demonstrates time series for the target variable, PSU
Load, and one of the traffic features for one of the RBSs available for this study.

(a) Target variable (b) One of the traffic features

Figure 4.1: Examples of time series for one of the RBSs available for this study. On the left
is an example of time series for the target variable, PSU Load. On the right is an example of
time series for one of the traffic features.
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4.2. Missing Data Imputation

Figure 4.2: Examples of two different RBSs where linear interpolation is applied for missing
data imputation.

4.2 Missing Data Imputation

The target variable and traffic features have a certain amount of missing data. When ana-
lyzing the target variable, this corresponds to maximum 0.4% (or 7 out 1824 data points) in
a given RBS which can be considered a relatively small value in the context of the problem.
Similar amount of missing data is observed for the traffic features. Thus, given such a small
amount of missing data, the decision is to use a linear interpolation method [35] for missing
data imputation.

In a linear interpolation, a single missing point y1 located between equally distanced two
points y0 and y2 is calculated in the following form

y1 =
y2 ´ y0

2
+ y0. (4.1)

To generalize equation 4.1 for n missing points in a row, the difference between known points
is divided by n and a previous point is added

y1 =
yn ´ y0

n
+ y0. (4.2)

The problem with this approach is that initial and final value in a sequence cannot be inter-
polated. Thus, the approach is to fill the first and the last values of the sequence with the next
and the previous values respectively.

Figure 4.2 demonstrates examples of two different RBSs where missing values of the target
variable, PSU Load, are imputed using linear interpolation method.

4.3 Correlation Analysis

Correlation analysis is implemented to understand which of the available traffic features are
correlated with power consumption and can be utilized in the forecasting model. As it was
stated in section 4.1, the target variable and traffic features are time-dependent which means
that it is important to account for spurious correlations [61]. Spurious correlation describes a
relationship in which two variables appear to be associated with each other but not causally
related due to the presence of the third variable. In the context of time series, this means that
y is dependent on x, however, both y and x are only dependent on a time factor. When a vari-
able yt at some timestep t is correlated with itself at n previous timesteps tyt´1, yt´2, ..., yt´nu

also known as lags, this behavior is known as autocorrelation. To diminish the impact of au-
tocorrelation in the target variable and traffic features, seasonal differencing also known as
deseasonalisation is applied. The operation is implemented in the following way (p.28, [7])

∇dyt = yt ´ yt´d, (4.3)
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where ∇d is a lag - d differencing operator and yt is the value of a time series at the tth

timestep. Analysis of autocorrelation function (ACF) plots can help to detect seasonality in
data and determine if seasonal differencing diminishes the impact of autocorrelations.

Figure 4.3 demonstrates the impact of seasonal differencing with lag - d = 24. It can be
observed that the impact of autocorrelation in a given time series was significantly reduced.
In a similar way, seasonal differencing with lag - d = 24 is applied to the traffic features.

Spearman’s rank correlation coefficient is selected to estimate a correlation between the tar-
get variable and the traffic features. The choice of Spearman’s rank correlation coefficient
is motivated by the fact that it is less sensitive to outliers and accounts for monotonic rela-
tionship between variables [46]. This is important in the context of this study considering
that there are outliers present in some of the time series. Spearman’s rank correlation coeffi-
cient is defined as Pearson’s correlation coefficient between R(x) and R(y) which are ranked
representations of x and y variables . Mathematically, this correlation is estimated using the
following formula

rs = ρR(x),R(y) =
cov(R(x), R(y))

σR(x)σR(y)
, (4.4)

where ρR(x),R(y) is Pearson’s correlation coefficient, cov(R(x), R(y)) is a covariance between
ranked variables and σR(x), σR(y) are standard deviations of ranked variables.

After estimating rs between the target variable, PSU Load, and 26 traffic features in all
RBSs, it can be observed from Figure 4.4 that only a group of traffic features that described
traffic in downlink direction (T1_DL, T6_DL, T12_DL, T21_DL, T23_DL) are correlated with
the target variable. This means that in total 5 different traffic features are utilized for further
evaluation in this study.

4.4 Data Standardization

As mentioned in chapter 2, a neural network model is implemented in this study as a power
consumption forecasting model. Early [50] [52] and more recent [39][51] studies of neural net-
works demonstrated that a performance improvement could be achieved when working with
normalized or standardized data. In the context of the studied problem, data standardization
makes sense due to substantial differences between the magnitude of the target variable and
the traffic features. For example, when analyzing the values of the target variable and traffic
features, it can be observed that, on average, traffic features are of a magnitude 105 larger
than the target variable. Since the target variable itself is also considered to be an autoregres-
sive feature, its predictive impact can be significantly diminished due to a relatively smaller
magnitude in comparison to the traffic features. In addition, having the features and the tar-
get variable on a similar order of magnitude implies that the values of parameter θ should
not be significantly different from each other meaning that gradient updates will behave sim-
ilarly, as a result, facilitating optimization and improving the training process [5] [25]. For
xi P txun

i=1, data standardization refers to centering each data point xi by subtracting x, a
mean of all data points, from it and scaling an obtained value by dividing by σx, a standard
deviation of all data points. Mathematically, this is written in the following form

xst
i =

xi ´ x
σx

, (4.5)

where xst
i is a standardized form of xi P txun

i=1.

4.5 Data Windowing

When working with time series data in neural network models such as CNN and LSTM,
data should be introduced to the model in the form that is suitable for a supervised machine
learning task. One way of doing that is transforming a single time series into many data
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(a) Before differencing

(b) After differencing

Figure 4.3: Seasonal differencing impact on the target variable PSU Load.

Figure 4.4: Correlation analysis results for a subset of RBSs. Traffic features are denoted by
the following principle: "T#" - traffic feature number, "DL" - downlink, "UL" - uplink.
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windows of predefined length (p.428, [26]). Data windowing refers to the process of splitting
a single time series into many windows of length h + T, where h next timesteps are predicted
conditional on the previous T timesteps. After data windowing, equation 2.2 obtains the
following form

ŷt+1, ŷt+2, ..., ŷt+h = fθ(yt, yt´1, ..., yt´T). (4.6)

From equation 4.6, the goal is to predict next h timesteps, also known as forecasting horizon
of length h, given a sequence of T previous timesteps. When adding k-dimensional feature
vector, equation 4.6 takes the following form

ŷt+1, ŷt+2, ..., ŷt+h = fθ([yt, yt´1, ..., yt´T ],

[x0
t , x0

t´1, ..., x0
t´T ], [x

1
t , x1

t´1, ..., x1
t´T ], ..., [xk

t , xk
t´1, ..., xk

t´T ]).
(4.7)

From a supervised machine learning perspective, each data window can be considered a
sample data point where features are T previous timesteps of an autoregressive PSU Load
variable and k-dimensional vector describing traffic characteristics, and a target is a sequence
of h next timesteps of PSU Load variable.

4.6 Non-IID Data

As introduced in section 2.2.2, one of the open challenges for federated learning is the pres-
ence of non-iid data. As it can be observed from Figure 4.5, some of the RBSs are following
similar distributions while others are not. In this study, the approach is to include all 100
RBSs into the model training process and evaluate the impact of non-iid RBSs based on the
performances of localized, centralized and federated models.

(a) IID RBSs

(b) Non-IID RBSs

Figure 4.5: Examples of different RBSs which are iid and non-iid.
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5 Methodology

The following chapter describes the methods and the evaluation scenarios implemented in
this thesis work, which are based on the theoretical background that was introduced in chap-
ter 2.

5.1 Data Preparation

As mentioned in section 4.1, 100 RBSs are available for modelling in this study. For each
RBS, there is one target variable y and six features X = ty, x(1), x(2), x(3), x(4), x(5)u where
subscripts for x(n) denote nth traffic feature. Due to an autoregressive nature, the target
variable y is also included in the feature set X. Although the correlation between the tar-
get variable and the traffic features was demonstrated in section 4.3, model comparison is
done without traffic features as purely autoregressive, X = tyu, and with traffic features,
X = ty, x(1), x(2), x(3), x(4), x(5)u, to demonstrate the impact on the generalization perfor-
mance.

Initially, data is split into training, validation and test sets by proportions of 80%, 10%,10%
respectively. Then, data is standardized as per section 4.4, and data windowing is applied to
each of the sets to transform time series into data windows. The number of data windows
per a set equals to 1412, 135 and 136 for training, validation and test sets respectively.

5.2 Forecasting Task

In this thesis work, the forecasting task is to predict power consumption, PSU Load, of RBSs.
Models are designed and evaluated separately for a forecasting horizon h = 24 given the
input of 24 previous timesteps. Thus, the goal is to predict

tŷut+h
t+1 = f (X = tyuT=t

t=t´23) where h = 24. (5.1)

As mentioned in section 5.1, modelling is also implemented with traffic features included

tŷut+h
t+1 = f (X = ty, x(1), x(2), x(3), x(4), x(5)uT=t

t=t´23) where h = 24, (5.2)

and a comparative analysis is conducted.
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5.3. Modelling

5.3 Modelling

It was demonstrated in section 3.4, that LSTM is a typical choice of architecture when working
with a neural network model for time series forecasting. However, an overview of several
studies in section 3.4 also demonstrates that CNN can be a competitive choice of architecture
since it is also suitable for time series data. In this study, an experimental comparison of both
LSTM and CNN is conducted to demonstrate which architecture choice results in a better
generalization performance for PSU Load forecasting in RBSs. The performances of these
models are compared with the performance of a persistence model also known as a seasonal
naive baseline that is described in the following section.

Figure 5.1: 24 autocorrelated lags are observed for two randomly chosen RBSs demonstrating
that PSU Load time series has a daily seasonality.

5.3.1 Seasonal Naive Baseline

Seasonal naive model serves as a baseline model for a comparative analysis of model per-
formances. This baseline is suitable for this study because PSU Load time series data has a
seasonal pattern, as demonstrated in section 4.3. The working principle of this baseline is to
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set each forecasted value of the next hour to be equal to the value at the same hour from the
previous day considering that there is a daily seasonality (p.58, [24]). Mathematically, this is
represented in the following form

ŷt+1 = yt+1´s , (5.3)

where ŷt+1 is a prediction for (t + 1)th timestep and yt+1´s is a value of (t + 1´ s)th timestep
with a period equal to s = 24. As it can be seen from Figure 5.1, the choice of s = 24
is validated by observations of 24 autocorrelated lags in time series of different RBSs that
describe the target variable, PSU Load. Thus, predictions can be made for any future timestep
h within defined period s in the following form

ŷt+h = yt+h´s , (5.4)

where a prediction is made for (t + h)th future timestep.

Figure 5.2: Examples of seasonal naive baseline predictions for two different RBSs.

Figure 5.2 demonstrates examples of seasonal naive baseline prediction windows for two
different RBSs. It can be seen that the output predictions repeat input predictions as defined
in equation 5.4, which is why this model is called a naive baseline.

5.3.2 CNN

CNN is one of the two types of neural network models implemented in this study. Theoretical
background for CNN was provided in section 2.1.3, and this section describes the architecture
of the implemented model.

As it can be seen from Figure 5.3, CNN architecture implemented in this study includes
one convolutional hidden layer. This layer implements convolution operation described in

28



5.3. Modelling

Figure 5.3: A neural network model with CNN architecture.

section 2.1.3 by processing a raw input of tyt´23, yt´22, ..., ytu with filter size equal to 15 and
generating 64 convolved representations tq f

10, q f
9 , ..., q f

1u
F=64
f=1 also known as channels. These

channels are then flattened into one-dimensional vector, which is considered a new represen-
tation of input generated by a convolutional layer, and passed through a dense layer. Finally,
a dense layer produces an output of h next timesteps tŷt+1, ŷt+2, ..., ŷt+hu.

5.3.3 LSTM

LSTM is the second type of neural network models implemented in this study. Similar to
CNN, theoretical background for LSTM can be found in sections 2.1.4 and 2.1.4.1, while this
section describes the architecture of the implemented model.

As it can be seen from Figure 5.4, a neural network with LSTM architecture consists of a
recurrent hidden layer with LSTM cells. As described in section 2.1.4.1, a recurrent hidden
layer sequentially processes a raw input tyt´23, yt´22, ..., ytu generating corresponding vectors
of hidden tHk

t´23, Hk
t´22, ..., Hk

t u and cell states tCk
t´23, Ck

t´22, ..., Ck
t u. Each of these vectors

consists of k = 64 hidden units. After processing the last element of input sequence, a vector
of hidden units Hk

t is considered a new representation of input. This new representation is
passed through a dense layer. A dense layer processes a new representation of input and
produces an output of h next timesteps tŷt+1, ŷt+2, ..., ŷt+hu.

Figure 5.4: A neural network model with LSTM architecture.
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5.4 Evaluation

5.4.1 Evaluation Metric

Root mean squared error (RMSE) is selected as a measure of differences between true y and
predicted ŷ values. This evaluation metric represents how far predictions fall from expected
values using the Euclidean distance. This evaluation metric is an appropriate choice in the
context of the forecasting problem in this study considering that a neural network was trained
using MSE as a loss function. Mathematically, this metric is estimated using the following
formula

RMSE =

g

f

f

e

1
h

n+h
ÿ

t=n+1

(yt ´ ŷt)2 (5.5)

where yt is an element of a true sequence tyt+1, yt+2, ..., yt+hu, and ŷt is an element of pre-
dicted sequence tŷt+1, ŷt+2, ..., ŷt+hu. A use of RMSE instead of MSE as a performance evalu-
ation metric is also motivated by its interpretability. RMSE reports an error in the same units
as the target variable which make it easier to understand.

5.4.2 Evaluation Scenarios

Two types of neural networks, CNN and LSTM, and a seasonal naive baseline are initially
compared to each other with and without traffic features in centralized and localized learning
scenarios.

In the localized learning scenario, 100 separate models are trained per each RBS and eval-
uated accordingly. In the centralized learning scenario, the data from all RBSs is available as
a single dataset, and a single model is trained using all the data. Then, the same model is
used to make PSU Load forecasts for individual RBSs given corresponding input values.

Once the better performing architecture is selected from above-mentioned scenarios, the
model with this architecture is then implemented in the federated learning scenario as de-
scribed in section 2.2.1. The federated model is evaluated from different perspectives. First,
the impact of hyperparameters specified in strategy 2.2.1 is demonstrated and elaborated.
Second, its generalization performance is compared with localized and centralized learning
scenarios.

5.4.2.1 Localized Learning

Figure 5.5: Localized Training.
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A scheme of the localized learning scenario implemented in this study is demonstrated on
Figure 5.5. As it can be seen, the data is distributed across 100 RBSs which are treated as sep-
arate data sources. The dataset of each RBS is preprocessed and used for training a separate
model that is defined as M on Figure 5.5. CNN and LSTM are implemented and evaluated as
two different models as described in sections 5.3.2 and 5.3.3 respectively. After an individual
training of all 100 models, each RBS has its unique model that is used for making predictions.

5.4.2.2 Centralized Learning

Figure 5.6: Centralized Learning.

A scheme of the centralized learning scenario implemented in this study is demonstrated
on Figure 5.6. As it can be seen, the data is distributed across 100 RBSs which are treated
as separate data sources. In contrast to the localized learning scenario, all datasets after pre-
processing are merged into a single dataset. Then, this merged dataset is provided used for
training a single model defined as M on Figure 5.6. CNN and LSTM are implemented and
evaluated as two different models as described in sections 5.3.2 and 5.3.3 respectively. After
training, a single model is obtained that can make predictions for any RBS conditional on the
provided input.

5.4.2.3 Federated Learning

A scheme of the federated learning scenario implemented in this study is demonstrated on
Figure 5.7. As it can be seen, the data is distributed across 100 RBSs which are treated as
separate data sources. Similar to localized learning, each dataset is preprocessed separately.
Federated training is governed by the server defined as S on Figure 5.7. The training pro-
cedure follows Algorithm 1 described in section 2.2.1. As in Figures 5.5 and 5.6, M denotes
models that are trained at randomly sampled clients during each communication round. As it
is demonstrated in the chapter 6, CNN is used as a model of choice during federated training
process.

Figure 5.7 demonstrates several hyperparameters that are defined in strategy and have
an impact on the federated training process. It can be observed that at step 2, the server
randomly samples a fixed number of RBSs and sends to them aggregated parameters from
the previous communication round. This hyperparameter is referred to as number of sampled
clients (NSC) in section 6.3, and its impact on the federated training process is studied in the
same section. Another hyperparameter of interest is defined in step 3 on Figure 5.7. Once
the randomly sampled RBSs receive aggregated parameters from the server, they start local
training for a certain number of epochs. This hyperparameter is referred to as number of
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Figure 5.7: Federated Learning.

local epochs (NLE) in section 6.3 and its impact is also studied. Finally, it can be observed
that the federated training process continues for n communication rounds which is another
hyperparameter that is referred to as number of communication rounds (NCR) in section 6.3.

The motivation to evaluate the impact of the above-mentioned hyperparameters comes
from the original work [36] by McMahan et al. where different experiments were run to study
the federated training process. However, McMahan et al. studied C, a fraction of available
clients at each communication round, as an alternative to NSC. In this work, an assumption
is that after each communication round a fixed number of clients are available meaning that
the process is less heterogeneous. As a part of future work, this assumption can be eased, and
the corresponding hyperparameter can be also studied.

5.4.3 Neural Network Uncertainty

As described in section 2.1.2.2, when trying to find optimal parameters θ̂ in a neural network
model, a parameter initialization is required to start an optimization process. A training pro-
cess of neural networks can be strongly affected by the choice of a parameter initialization
(p.301, [20]). A parameter initialization can determine whether an algorithm reaches a con-
vergence, how quickly it converges and whether a convergence point has a high or a low
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loss value. Eventually, a parameter initialization may have a strong impact on generalization
performance of a model.

In this study, the parameters of convolutional, recurrent and dense layers are initialized
by sampling from normalized uniform distribution also known as Glorot initialization. Math-
ematically, this sampling is represented in the following form (p.303, [20])

W „ U(´

c

6
m + n

,

c

6
m + n

) (5.6)

where m are inputs and n are outputs of a fully connected layer. This is a default choice for a
parameter initialization in neural networks that was proven to result in a faster convergence
[19]. However, a faster convergence does not always imply a better generalization perfor-
mance (p.301, [20]. Thus, the performances of the neural models implemented in centralized,
localized and federated scenarios are averaged after 10 different parameter initializations,
and corresponding variances are also provided to demonstrate uncertainties of predictions
and their robustness to random parameter initializations.
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6 Results and Discussion

In this section, quantitative and qualitative analyses of methods and learning scenarios intro-
duced in chapter 5 are presented. First, the performances of two neural networks, LSTM and
CNN, implemented with and without traffic features in centralized and localized learning
scenarios are compared to the performance of a seasonal naive baseline model. Second, the
best performing model among CNN and LSTM is selected and analyzed separately in cen-
tralized and localized learning scenarios. Third, the corresponding model is implemented in
the federated learning scenario, and a discussion is provided on the selection of hyperparam-
eters. Finally, this chapter is concluded by the comparison and analysis of the the selected
model implemented in centralized, localized and federated scenarios.

6.1 Performance Analysis of Neural Networks

The performances of two types of neural networks, CNN and LSTM, are compared to each
other and a seasonal naive baseline in centralized and localized learning scenarios.

From Figure 6.1, it can be seen that both CNN and LSTM models without traffic features
outperform a seasonal naive baseline. The performance evaluation metric, RMSE, is esti-
mated as an average RMSE across all 100 RBSs. Furthermore, it can be observed that CNN
outperforms LSTM in both scenarios.

When looking at the performance of CNN and LSTM without traffic features on a case-by-
case level, it can be observed that there are 25 RBSs for which LSTM outperforms CNN in the
localized learning scenario. However, since the interest is in the average model performance
across all RBSs, the models are judged on the average performance.

Different prediction windows are demonstrated in Figure 6.2 where LSTM performs better
than CNN. It can be seen that there is a very marginal difference between predictions made
by both models. In the centralized learning scenario, the results are worse for LSTM, and
there are only 13 RBSs for which LSTM outperforms CNN.

From Figure 6.3, when comparing the majority of the cases where CNN outperforms
LSTM, it can be observed that CNN is better at capturing more granular information from
a true sequence. This behavior can be explained by the ability of CNN to account for a spatial
structure of the time series that is captured by a convolutional filter. LSTM learns a more
general trend of true sequence smoothing out local ups and downs.
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(a) Localized Learning (b) Centralized Learning

Figure 6.1: Comparison of CNN, LSTM and Baseline model performances without traffic
features in localized and centralized learning scenarios.

Figure 6.2: Prediction window examples from two different RBSs where LSTM performs bet-
ter than CNN without traffic features in the localized learning scenario.

When looking at the performance impact of traffic features in Figure 6.4, there is a deteri-
oration in predictive performance of both CNN and LSTM models. However, a case-by-case
analysis reveals that for 20 out of 100 RBSs for CNN and 28 out of 100 RBSs for LSTM, the
performance actually improves. This validates one of the previous studies by Valencia et al.
[55] where it was demonstrated that traffic features in addition to autoregressive and climate
related features can improve predictive performance of the model. However, since the inter-
est is in the average performance across all RBSs, traffic features will not be used for the rest
of the study.
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Figure 6.3: Prediction window examples from two different RBSs where CNN performs better
than LSTM without traffic features in the localized learning scenario.

(a) Localized Learning (b) Centralized Learning

Figure 6.4: Comparison of CNN, LSTM and Baseline model performances with traffic features
in localized and centralized learning scenarios.

6.2 CNN in Centralized and Localized Learning

The analysis is continued by comparing CNN, as a better performing neural network model
in this use case, to a seasonal naive baseline on a case-by-case level. Although CNN outper-
forms a seasonal naive baseline in 86 out of 100 RBSs in localized learning, a further analysis
of the remaining 14 cases shows very interesting patterns. Some of those cases are demon-
strated in Figure 6.5. There, the data is intentionally demonstrated as three separate sets:
training, validation and test. This color differentiation allows to see that the data in test set
follows a different distribution than the data in training set. Such a behaviour can be con-
sidered anomalous in comparison with other RBSs where a similar behavior is observed in
training, validation and test sets. In Figure 6.6a, when looking at the predictions made by
CNN for RBSs in the localized learning scenario, it can also be seen that CNN’s predictions
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are higher than a true sequence what underlines the inability of a neural network to predict
a different pattern that was not encountered in the training set. However, when looking at
Figure 6.6b, it can be observed that CNN predictions are much better when trained in the cen-
tralized learning scenario. This demonstrates that when a larger amount of RBSs are available
in the training set, it allows a neural network to learn a larger amount of patterns improving
its predictive ability.

Figure 6.5: PSU Load time series from two different RBSs demonstrating a shift in data dis-
tribution where CNN cannot outperform a seasonal naive baseline in the localized learning
scenario.

In the centralized learning scenario, there are 98 out of 100 cases where CNN outperforms
a seasonal naive baseline. The time series for two underperforming cases are demonstrated
in Figure 6.7. Similarly to underperforming RBSs in the localized learning scenario, there is
a shift in PSU Load that occurs in the tail of the time series. The comparison of predictions
made by CNN in centralized and localized learning scenarios for that RBS demonstrates that
there is actually performance deterioration in the centralized learning scenario. Furthermore,
it can be observed that there are 20 out of 100 RBSs for which performance deteriorates in
centralized learning, and, subsequently, 80 out of 100 RBSs for which performance improves.
One of the explanations for that can be the presence of outlying RBSs which cannot learn
from each other and have an adverse impact on the training of the remaining RBSs.

As the above-mentioned findings demonstrate, overall, there is an improvement not only
in the average but also case-by-case performances when the same CNN model is imple-
mented in localized and centralized learning scenarios. This validates the initial hypothesis
that RBSs may have similar characteristics and, if available in a single storage, the overall and
individual predictive performances can be improved. However, it should not be disregarded
that there can be situations where the performances of some RBSs deteriorate in centralized
learning.
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(a) Localized Learning

(b) Centralized Learning

Figure 6.6: Prediction improvement for the same RBS in localized and centralized learning
scenarios.

Figure 6.7: PSU Load time series from two different RBSs demonstrating a shift in data dis-
tribution where CNN cannot outperform a seasonal naive baseline in centralized learning
scenario.

6.3 Hyperparameter Tuning in Federated Learning

As it was discussed in section 5.4.2.3, a federated training process is regulated by a strat-
egy where a set of different hyperparameters are specified. The following hyperparameters:
number of communication rounds (NCR), number of sampled clients at each communication
round (NSC) and number of local training epochs (NLE), are analyzed in this section to study
their impact on the federated training in the context of the forecasting task. Validation errors
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demonstrated in the following figures are RMSE values evaluated using the model’s predic-
tions on the validation data that is used for hyperparameter tuning in federated learning.

(a) NLE = 5

(b) NLE = 10

Figure 6.8: The impact of different NSC values on the federated training process for NLE = 5
and NLE = 10. In both cases, NCR = 20.

The changes in validation errors of different federated training processes with NLE = 5
and NLE = 10 are shown in Figure 6.8. In both cases, each of the curves corresponds to a
certain NSC number. There is a common behavior that is observed in both figures. Although
validation errors continue to decrease at each communication round for all NSC values, the
curves corresponding to smaller NSC values show a larger variation in validation errors than
the curves with higher NSC values. Similar patterns are observed for both NLE = 5 and NLE
= 10.

An interesting observation in Figure 6.8b is that it is possible to reach smaller validation
errors with smaller NSC values than with higher ones. In addition, when comparing both
Figure 6.8a and 6.8b, it can be observed that validation errors reach minima for NLE = 10
between 8th and 15th communication rounds in 6.8b while the errors continue to decrease in
6.8a where NLE = 5. Thus, the validation errors obtained with NLE = 5 should be observed
for higher NCR values.

When running experiments with higher NCR and different NSC values, it can be observed
in Figure 6.9 that there is no significant change in validation errors after 20th communication
round, and validation errors fluctuate irregularly. Interestingly, it can be observed that de-
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Figure 6.9: The impact of NCR = 40 on the federated training process with NLE = 5.

spite validation errors fluctuating for NSC = 20, on several occasions, the obtained errors are
smaller than errors for higher NSC values.

Another observation is that, in general, the validation errors for NLE = 5 and NCR = 40
(on Figure 6.9) are smaller than errors for NLE = 10 and NCR = 20 (on Figure 6.8b) when NSC
P t40, 60u . Such a behavior can be an indicator of the scenarios where large NLE values may
not be desirable for training processes with large NSC values, since the model may converge
relatively faster without reaching potentially lower bounds of errors.

An opposite is observed for NSC = 20 and NCR P t20, 40u in Figure 6.8b and 6.9. De-
spite having a larger variation, the training process with these hyperparameters on several
occasions reaches lower errors that the rest of the models. One analogy for such a behavior
can be found when comparing gradient descent and stochastic gradient descent optimization
algorithms.

In gradient descent, the gradient is estimated with respect to all available training data
and, assuming a convex optimization problem, it may gradually reach a global minimum.
However, for a stochastic gradient descent, the gradient is estimated with respect to the subset
of the training data, commonly referred to as a mini-batch. As it was mentioned in section
2.1.2.2, it is important to ensure that different mini-batches are representative of the whole
training data. Due to a random subsampling, mini-batching results in a random noise in the
estimated gradients subsequently leading to the noise in estimated validation errors. One
advantage of mini-batching is a computational efficiency since the gradient is calculated only
with respect to a subset of training data. Furthermore, mini-batching may potentially lead
to smaller errors than the gradient calculated with respect to full training data, because it is
possible that full training data can contain outliers and noisy information that is omitted by
a random subsampling. This implies that a randomly subsampled mini-batch can be a better
representative of true data generating distribution than the full training set.

Similar conclusions can be made on the impact of different NSC values when looking
at Figure 6.8b and Table 6.1. As it was stated above, for smaller NSC values, there is more
variation in validation errors but, at the same time, such a training process may reach smaller
errors than the training processes with higher NSC values. This process reminds of stochastic
gradient descent due to a random sampling of 20 different RBSs out of 100 available RBSs at
each communication round, and it is possible that at some communication rounds RBSs with
outlying behavior are not presented in a subsample while at the next round they are.

Since it is of interest to find the model parameters that result in the smallest validation
error with the smaller number of communication rounds, it is reasonable to proceed with
NSC = 20 and NCR = 20 as hyperparameters for a federated model. In general, this is a trade-
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off to deal with when considering the amount of available computational power, the number
of outlying RBSs and a targeted margin of error.

Communication
Round # NSC = 20 NSC = 40 NSC = 60 NSC = 80 NSC = 100

8 1.6019 1.6278 1.6215 1.6191 1.6188
9 1.6195 1.6132 1.6171 1.6189 1.6176

10 1.5967 1.6241 1.6138 1.6157 1.6164
11 1.6047 1.6184 1.6123 1.6178 1.6156
12 1.6048 1.6103 1.6164 1.6148 1.6149

Table 6.1: Validation errors corresponding to the training processes illustrated in Figure 6.8b
between 8th and 12th communication rounds. The values shaded in a gray color indicate the
smallest errors across all NSC values.

Figure 6.10: The impact of different NLE values on the federated training process with NSC
= 20.

Finally, for NSC = 20 and NCR = 20, different NLE values are also tested on Figure 6.10.
It can be observed that for NLE = 1 and NLE = 20 , lower and upper bounds of validation
errors are obtained. For example, when NLE = 1, in general, validation errors are higher than
for other NLE values. When NLE = 20, the errors are smaller at the initial communication
rounds but start to increase and eventually become larger than for the case with NLE = 1.
This validates previous choices of an optimal NLE P t5, 10u being between 1 and 20 as shown
in the previous paragraph.

6.4 Comparison of Centralized, Localized and Federated Learning

In section 6.2, CNN model was implemented in centralized and localized learning scenarios.
In this section, as a final step, CNN model is implemented in the federated learning scenario
using best found hyperparameters (NSC = 20, NCR = 20, NLE = 10) defined for federated
training in section 6.3.

Figure 6.11 demonstrates the generalization performance of CNN model implemented in
localized (LM), centralized (CM) and federated learning (FM) scenarios. It can be seen that
CM has a better generalization performance that both LM and FM. FM has a better general-
ization performance than LM model but performs worse than CM.
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Figure 6.11: A model performance comparison in centralized, localized and federated learn-
ing scenarios.

When looking on a case-by-case level at the performance of FM model, it is observed
that, on average, FM outperforms a seasonal naive baseline for 88 out of 100 RBSs. This
performance is also better than the one observed for LM (86 out of 100 RBSs). Furthermore,
the performances of 60 RBSs are improved with FM when compared to LM. This indicates
that although the overall performance of FM is not as good as CM, FM is still able to improve
predictions for individual RBSs by leveraging a larger amount of data that is not available to
LM.

One of the reasons for the performance gap between FM and CM can be the presence
of RBSs that are non-iid as it was demonstrated in Figure 4.5. However, it appears that the
impact of such RBSs is relatively small given the fact that both overall and individual perfor-
mance improvements are observed in FM when compared to LM.

It is also important to mention that evaluation metrics are averaged across 10 different
parameter initializations of CNN model in all learning scenarios. From Figure 6.11, it can
be seen that the smallest variance is obtained by LM, followed by CM and FM. Having FM
with a higher variance of RMSE than LM and CM is expected considering the heterogeneity
of training process driven by a random sampling of 20 out 100 clients at each communication
round. A higher variance of generalization performance in FM also indicates that a very
good understanding of not only the training process but the data generating distribution is
required. In federated learning, there is usually no access to all available training data, and it
becomes difficult to judge the presence of outliers (similar to above-mentioned anomalies) or
RBSs that are non-iid (as it was demonstrated in section 4.6).
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7 Conclusion

The following chapter finalizes this thesis work by answering the research questions from
section 1.2 and addressing limitations of this study that can be considered in future work.

7.1 Answers to Research Questions

The purpose of this thesis work is to explore the application of federated learning for power
consumption forecasting in a large number of RBSs. First, two types of neural network mod-
els, CNN and LSTM, are implemented in centralized and localized learning scenarios. The
performance comparison of these models reveals that CNN outperforms LSTM according to
RMSE evaluation metric and is also more robust to random parameter initializations of a neu-
ral network when considering the variance of errors across 10 parameter intializations. The
superior performance of CNN can be attributed to the situations where it learns to account
for a spatial structure in data better than LSTM network which can mainly predict the general
trend. This is not always the case and depends on the amount of noise in time series. It is
also demonstrated that traffic features do not necessarily improve model performances, and
if they are to be utilized in the model, it is important to evaluate their impact on an individual
level.

The first research question is answered by comparing the performances of CNN model in
centralized and localized learning scenarios. It is shown that the model trained in the central-
ized learning scenario outperforms the same model trained in the localized learning scenario.
An average performance improvement is also followed by individual performance improve-
ments resulting in a higher number of RBSs that outperform a seasonal naive baseline. These
results demonstrate that it is possible to obtain a better model when collecting data from
many different RBSs in a single place. However, an individual performance deterioration of
some RBSs should not be overlooked meaning that although PSU Load profiles of most RBSs
can be similar to each other, there can be RBSs with anomalous or simply different profiles
that cannot learn from others. Thus, the answer to the first research question makes it feasible
to study the second research question.

As it is discussed in 1.1, federated learning can allow to leverage large amounts of data in
situations when centralized learning is not possible. In this case, the lower and upper bench-
marks for evaluating federated learning performance are localized and centralized learning
respectively. In this study, CNN model implemented in federated learning outperforms
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the model implemented in localized learning and performs worse when compared to the
same model in centralized learning. Moreover, individual performance improvements are
observed in RBSs that are trained in federated learning when compared to localized learn-
ing. The presence of outlying and non-iid RBSs still makes it challenging for the federated
model to reach the performance of the centralized model. It is also very important to have a
good understanding of hyperparameters’ impact on the federated training process to ensure
a good model convergence. The choice of these hyperparameters is not simply user driven
and can depend on the amount of computational resources that are available and the desir-
able accuracy of the final model.

7.2 Limitations and Future Work

There are several limitations in this study that can be considered in future work. First of all,
individual architectures of both neural network models can be improved. For example, there
is an extension for CNN model that is, in particular, suitable for working with time series
data known as temporal convolutional network (TCN) [4]. As an alternative to LSTM model,
there is a more lightweight model, GRU, that trains faster [9] by learning smaller number
of parameters and may achieve similar if not a better performance. Since the forecasting
task is to predict a 24-hour window, both CNN and LSTM models can be augmented with
a sequence-to-sequence architecture [18] [54]. One interesting alternative to neural network
models can be tree-based methods that rely on gradient boosting technique. In recent years,
these methods were proven to be very successful and achieved promising results [34]. Sec-
ond, the feature set can be augmented further to account for a seasonal component of the
time series. As the model predictions show, this component is still learned by neural net-
works, however, adding it as a separate feature can help a neural network to learn different
patterns leading to a potentially better generalization [21].

Hyperparameters play an important role in the federated training process. The trade-
off between the number of communication rounds, the number of sampled clients at each
communication round and the number of local training epochs can be studied further with
different aggregation functions [32] [47] [58] taking into consideration the amount of available
computational resources. This can be of interest in situations when not all RBSs have a similar
amount of computational resources. In addition to that, it can be interesting to study different
fractions of available clients at each communication round and corresponding impact on the
training, since a local training of different RBSs can terminate at different periods of time.

Split learning [56] is another type of distributed learning paradigm that can be utilized as
an alternative to or in combination with federated learning. In comparison with federated
learning, there is a topology step in split learning that allows to divide a model architecture
into several parts some of which are located at the client side, and some are at the server side.
Thus, the model training process is initiated at the client side and continued at the server
side. This can allow to offload some parts of the local model training to the server and add
more flexibility to the management of the computational resources at each RBS.

In this study, the model trained in centralized learning outperforms the model trained
in localized learning, however, there are individual RBSs for which performance actually
deteriorates. This indicates that not all RBSs can learn from each other and some may be-
have anomalously or follow different distributions. Consequently, this impacts the federated
training process. Considering that in the federated training process, a set of different RBSs is
sampled at each communication round, it may happen that at a given communication round
a very heterogeneous set of RBSs is sampled that can result in a model divergence. To account
for non-iid data, the possibility of designing several federated models instead of a single one
can be studied as proposed by Briggs et al. [6]. This can be done by clustering RBSs with sim-
ilar parameter updates under separate federated models that could lead to the customization
of these models and improve both overall and individual performances.
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7.3 Ethical Considerations

In this thesis work, federated learning is studied as a machine learning paradigm that allows
to build a global model with a competitive generalization performance that does not have a
direct access to data. At the same time, it is worth mentioning that privacy preservation and
data sensitivity are among the major reasons of why federated learning was introduced in the
first place. Privacy and data sensitivity issues may arise when trying to collect a health record
data from multiple hospitals or energy consumption data of individual households and store
this data in a single place. Thus, when putting a federated model into production, it is neces-
sary to prioritize its privacy preservation properties alongside a competitive generalization
performance.
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