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Abstract: Building energy planning is a challenging task in the current mounting climate change sce-
nario because the sector accounts for a reasonable percentage of global end-use energy consumption,
with a one-fifth share of global carbon emissions. Energy planners rely on physical model-based
prediction tools to conserve energy and make decisions towards decreasing energy consumption. For
precise forecasting, such a model requires the collection of an enormous number of input variables,
which is time-consuming because not all the parameters are easily available. Utilities are reluctant to
share retrievable consumer information because of growing concerns regarding data leakage and
competitive energy markets. Federated learning (FL) provides an effective solution by providing
privacy preserving distributed training to relieve the computational burden and security concerns
associated with centralized vanilla learning. Therefore, we aimed to comparatively analyze the
effectiveness of several data-driven prediction algorithms for learning patterns from data-efficient
buildings to predict the hourly consumption of the building sector in centralized and FL setups. The
results provided comparable insights for predicting building energy consumption in a distributed
setup and for generalizing to diverse clients. Moreover, such research can benefit energy designers
by allowing them to use appropriate algorithms via transfer learning on data of similar features and
to learn personalized models in meta-learning approaches.

Keywords: federated learning; building energy management; load forecasting; data-driven algorithm

1. Introduction

Climate change is a critical issue today, with an unprecedented impact on daily life.
The Earth is warming beyond 1.5 °C, and energy demand is increasing [1]. Human activities
tend towards indoor comfort zones, increasing the share of the building energy sector by
up to 36% of global energy consumption [2]. Furthermore, this figure might increase
with growing urbanization across developing countries, and energy-efficient consumption
might help mitigate global carbon emissions. A policy of net-zero carbon emissions was
set for newly-constructed buildings by 2030 in the Paris Agreement [3]. In a net-zero
carbon building, the prosumer not only participates in providing clean resources but also
earns financial savings. Building energy prediction at the early stage of construction with
insufficient data is the most challenging task, as overestimation might lead to energy and
monetary losses, as well as underestimation trade-offs between savings and comfort levels.
Energy planners are shifting their focus towards robust models that can predict demand
patterns more precisely via intelligent building automation to reduce household energy
waste [4].

Currently, data-driven approaches provide exceptional outcomes in energy-demand
prediction that do not require prior information, as in physical systems. A predictive
mathematical model requires adequate time-series data and the respective features for
concise energy predictions. Single-model machine learning (ML) and ensemble learning
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have been widely used to predict residential loads [5]. Precise forecasting could reduce
energy consumption by up to 30 percent, and the accuracy of ML approaches depends on
the selection of the model and the quantity and quality of data [6]. Utilities and third parties
collect large amounts of consumer load data, store them in a central system, and make the
necessary predictions. A centralized system must ensure the availability of large datasets
and require multiple storage spaces. Electricity distribution companies in energy trading
markets require accurate real-time predictions to balance variable demand and generation,
and to achieve optimum financial gains. Similarly, energy consumers are concerned about
data leakage of personal information and disclosure of incoming and outgoing schedules.
The European Union formulated the General Data Protection Regulation (GDPR) policy
to ensure user data privacy and collection without consent. Thus, utilities and clients are
reluctant to share their data due to privacy breaches and potentially malicious attacks.

Federated learning (FL) provides a promising solution for client data privacy issues,
as suggested by McMahan et al. [7]. It provides basic privacy preserving techniques,
easing the computational burden and memory storage of the central server by distributing
training to edge devices. The client data are not shared with the central server, and the FL
platform provides training for the ML global model at the user end. The parameter server
is responsible only for initializing and aggregating the model weights during training.
Recently, data-driven algorithm-based approaches have been studied to analyze building
energy predictions in centralized and federated settings. Several energy-forecasting studies
have suggested that ML models could help mitigate greenhouse gas emissions and energy
and financial waste. The accuracy of ML models depends on three important factors:
model selection, quantity, and data [8]. Similarly, data collection and refinement could
be more efficient for large-scale building forecasting. FL addresses these challenges by
training multiple clients to preserve the inherent data privacy. There is a need to explore
effective data-driven algorithms for forecasting loads based on the features of buildings in
a federated setup.

This study aims to compare data-driven algorithms in FL using transfer and meta-
learning methods to predict building energy consumption in cross-silo settings. In cross-silo
FL, clients have adequate data silos, and few clients collaborate to optimize a common task
of interest. Financial and health care institutions have sufficient private data to mutually
train specific tasks with fewer participants to preserve privacy. Similarly, learning patterns
during the training process could be used to transfer knowledge to a new client in the
same domain with less data using a transfer learning approach. Buildings have specific
consumption patterns; thus, federated meta-learning provides a better opportunity to learn
the personalized energy patterns of clients. This study analyzes different data-driven ML
algorithms that show comparable results in centralized learning (CL), federated transfer,
and federated meta-learning. The testing accuracy is better than that of the training in
all settings, and the client’s loss shows that the global model is generalized for adoption.
Federated transfer and meta-learning approaches provide insights comparable to CL, while
providing basic privacy and personalization to client local predictions. The rest of this
paper is organized as follows. Section 2 provides a literature review of the tools and ML
algorithms proposed for building energy planning. Section 3 presents the data-driven and
FL algorithms used in the comparative analysis. Sections 4 and 5 presents the experimental
results and a discussion, respectively. Finally, Section 5 concludes the study.

2. Literature Review

Conventional buildings use lighting, heating, cooling, and other auxiliary electrical
equipment. Smart homes introduce an automated system with smart meters, monitoring
appliances, and Internet of Things (IoT) devices coupled with TVs, cameras, intelligent
lighting, and HVAC systems (heating, ventilation, and air conditioning) in home energy
management networks [9–11]. Energy devices generate sub-hourly or hourly data that
cloud-based central utilities could access. Physical-based modeling approaches have been
used for decades to predict the loads of typical buildings. These models consider several
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input factors, such as the building structure, thermal properties, orientation, insulation,
HVAC system, internal occupancy load, and weather conditions [12]. Simulation tools such
as EnergyPlus (https://energyplus.net/ (accessed on 23 June 2023 )), DOE-2 (https://www.
doe2.com/ (accessed on 23 June 2023)), and TRNSYS (https://www.trnsys.com/ (accessed
on 23 June 2023)) have been used to model the performance of building HVAC systems
and predict energy consumption under different scenarios. Such applications require
sufficient information as input parameters to predict the energy demand as the output
of the forward model. Physical models are unreliable for the general energy prediction
of buildings because the required data are scarce and specific parameter collection takes
time [13].

Machine learning algorithms are giving promising results on massive hourly loads,
and privacy preserving federated learning could be applied to predict the energy consump-
tion of buildings with lesser operational data. Petrangeli et al. [14] analyzed the trade-off
between privacy and the accuracy of residential load prediction on an IoT-based dataset.
Performance evaluation on several FL configurations with varying household numbers has
been carried out with the LSTM model using the Flower framework. The result shows that
there must be trade-off accuracy to achieve higher privacy in an FL setup. Shi et al. [15]
recommend transfer learning in training an adaptive CNN/LSTM model on different
households of UK power networks. A generalized trained model can be helpful for newly
constructed buildings with limited non-IID data. A problem arises in such generalized
architecture as multiple household users may have a similar pattern of load scheduling,
but what if a unique user interacts and differs from the general energy usage pattern?
Sater et al. [16] introduced anomalies in the energy usage of three smart buildings using
IoT sensor device data. In CL, there is a delay in detecting the anomaly due to the large
amount of data that can affect the pattern. However, FL gives better results in classifying
the abnormalities and regressing the load pattern due to locality.

Demand response enabled consumer participation in reducing the overall energy
demand by restricting the unnecessary usage of auxiliary electric appliances during peak
hours. Dynamic pricing in energy markets has attracted consumer attention to incen-
tives through the breakdown of electric equipment usage during off-peak hours. Service
providers require the collection of appliance data from consumers to provide better rec-
ommendations regarding usage patterns that pose privacy and mislabeled data issues [17].
Gupta et al. [18] presented a FedAR+ algorithm to handle the noisy load data of appliances
connected to wrong plugins and achieved an accuracy of 90% for 30% of mislabeled load
data while preserving the privacy of three houses in an FL setting. Similarly, Gao et al. [19]
presented a cloud-free, decentralized training framework for IoT-based home appliances
connected to an intelligent home agent. This study achieved high accuracy in serverless
FL networks to reduce the financial costs of servers in a privacy preserving manner for
residence details. Gholizadeh et al. [20] proposed a clustering algorithm to analyze the
performance of local and central models. Clusters were formed based on similar house
attributes, and the convergence rate in privacy preserving FL settings was reduced.

Renewable energy integration at the prosumer end enabled the bidirectional flow of
electricity, and distributed energy providers played a crucial role in energy trading, demand-
side management, load shifting, and infrastructure development. Husnoo et al. [21] pro-
posed an FL architecture as a FedREP for retail energy providers to address the scalability
issue of a centralized system through a privacy preserving distributed network. It showed
compromising results with a mean square error (MSE) of 0.3 to 0.4, comparable to the
centralized system with the advantages of a possible network extension and preserving the
privacy of connected households. Taik et al. [22] analyzed short-term load forecasting using
edge-computing FL by randomly selecting a subset of clients from a pool of 100 homes
and comparing the results based on the mean average percentage error (MAPE). Similarly,
Briggs et al. [23] evaluated the effect of weather features on household load forecasting
model performance and the computational efficiency of different FL and CL settings.

https://energyplus.net/
https://www.doe2.com/
https://www.doe2.com/
https://www.trnsys.com/
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A cluster-based federated approach on load pattern has been used to evaluate the
transfer learning in order to address the data shortage and privacy concerns of traditional
ML [24,25]. To cluster the clients, it is essential to share information with the central server,
leading to some level of trade-off on privacy and authenticity. The transfer of a trained
model is only carried out within clusters, making it non-viable for clients with the same
weather and other building characteristics. Moreover, the federated transfer learning
approach with sensitivity analysis on data availability has been carried out in a cross-silo
setup of cold climate zone offices [26]. The study analyzed the feature selection procedure
and fine-tuned the hyper-parameters of the ANN model before the training process. The
study demonstrated that the performance is highly variable for the testing client with
operational data availability of less then 30%, making the global model not suitable for
clients with limited data.

Similarly, several deep learning models were evaluated on different metrics (MAE,
MSE, etc.) using an encryption cryptosystem data scheme on the real power consumption
of Ausgrid [27]. The study was more focused on data privacy and did not analyze the data
scarcity and personalization problem in the federated setup. In the above federated studies,
the non-participating clients required few rounds to transfer the knowledge of the train
model to fine-tune the client personalized layers. Thus, the data deficiency issue could be
more significantly addressed in meta-learning, which evaluates the test clients on the first
epoch. This means that the least amount of data can be used to evaluate the fine-tune global
model. This work aims to narrow the research gap by providing a comparative analysis of
the ML-based time series forecasting algorithms in cross-silo FL.

3. Comparative Analysis

Concise energy prediction is crucial for optimizing energy consumption, improving
energy efficiency, and reducing environmental impact. Physical-based models require high
computation and are time-consuming because they rely on detailed building character-
istics, parameters, and assumptions on unavailable features, thus affecting the accuracy,
leading to them being unsuitable for real-time scenarios. ML algorithms can capture the
complex relationships between input variables and energy-consumption patterns from
large datasets to identify nonlinearities that physical-based models might overlook. Several
studies comparatively analyzed single and hybrid ML predictive algorithms on real-time
energy data, depending on geographical location, weather parameters, and model hyper-
parameters [28,29]. Similar works were also carried out in solar and wind energy-based
forecasting on spatio–temporal variables [30,31].

Recurrent-based neural networks capture the long-range temporal dependencies as
historical contexts, which is important in building energy prediction. However, apart from
time-series dependency, the building physical and geographical variables also influence
the consumption rate, making CNN viable to capture spatial features. Thus, a hybrid
ML model better highlights the relationships between sequential, temporal, and spatial
attributes for hourly energy forecasting. Our approach analyzed ML prediction with energy
data scattered across clients and did not need to pile at a central system, such as distribution
utilities or energy planners.

Transfer and meta-learning approaches have been applied in a cross-silo FL setting
for large buildings to capture the relationship between predicted energy and features,
such as previous-hour consumed energy, temperature, humidity, and building size. The
model was fine-tuned and tested on a new building that was not included in the training
process. Similarly, in practice, most households only have smart meter data. Thus, the
hourly real-time energy consumption, temperature, and humidity parameters of the past
few months were used to predict the next hour/sub-hour values using the window sliding
approach. This provided a better analysis as features become the energy consumption
pattern over the window size of the past hours, which could be of different sizes (e.g., 24 h,
12 h, or 6 h), depending on the short-, medium-, or long-term prediction interest. Such a
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method makes it easy to collect and depend on the other detailed parameters used in a
physical model, as only smart meter data are used, both as samples and labels.

3.1. Data Driven Algorithms

In the last decade, ML algorithms have been used to predict time-series energy demand
at the household level. Here, we discuss six basic approaches that are considered adequate
for recursive time-series analysis of energy demand prediction. Using these ML algorithms
has helped to analyze and support the claim of the effectiveness of data-driven approaches
over physical-based methods.

3.1.1. ANN

An artificial neural network (ANN) is an ML algorithm inspired by the function of the
human brain in an information processing system that attempts to mimic the communica-
tion between biological neurons [32]. It comprises a network of interconnected nodes with
three primary layers that share weights based on the input data from the respective layer.
ANNs have been widely used in the energy demand prediction of buildings because of
their ability to generate accurate patterns based on historical input variables.

3.1.2. LSTM

LSTM is a popular recurrent neural network (RNN) variant used to process sequential
data, such as time-series or natural language. LSTMs are designed to overcome the limita-
tions of traditional RNNs, which are prone to the vanishing gradient problem [33]. This
problem occurs when the gradients of the error for the weights become extremely small,
making it difficult for the network to learn from the data.

3.1.3. CNN

A CNN is a type of deep learning (DL) algorithm inspired by the structure and function
of the visual cortex in the human brain, which is responsible for the visual processing
of information and is particularly effective in image and video processing [34]. A CNN
comprises multiple layers, including convolutional, pooling, and fully-connected layers.
CNNs can be useful because of their ability to learn spatial information and identify
patterns in data. The convolutional layers of a CNN can learn to detect patterns in weather
data, such as temperature or wind speed patterns, which could be used to make predictions
regarding energy generation or consumption. In addition, CNNs can be trained with a
large amount of data, thereby improving prediction accuracy.

3.1.4. Bidirectional LSTM

Bidirectional LSTMs process data in both directions, allowing it to consider both past
and future contexts when making predictions [35]. A bidirectional LSTM comprises two
LSTMs: one that processes the data forward and the other in the backward direction. The
forward LSTM processes data from the first to the last time step, whereas the backward
LSTM processes data from the last to the first time step. The outputs of the forward
and backward LSTMs are concatenated at each time step, resulting in a final output that
considers both the past and future contexts.

3.1.5. CNN and LSTM

A CNN with LSTM (CNN–LSTM) combines the strengths of both CNN and LSTM,
which are typically used for image and video processing tasks, as it can extract features
from image data by applying convolutional filters to the input. However, an LSTM is a type
of RNN that is well suited for tasks involving sequential data, such as natural language
processing and speech recognition. By combining the two, a CNN–LSTM network could
use CNNs to apply a filter to the matrices of non-temporal building features, while using
the LSTM to capture temporal dependencies in the input samples [36].
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3.1.6. GRU

A gated recurrent unit (GRU) similar to LSTM was designed to improve the ability of
RNNs to remember information over long periods [37]. The GRUs’ unique structure allows
them to store information for long periods and selectively decide which information to
keep or discard. This is performed using a set of gates that control the flow of information
through the network. The gates are composed of a sigmoid layer and point-wise multipli-
cation operations. The sigmoid layer produces a value between zero and one, representing
the probability of retaining or discarding information.

3.2. Federated Learning

FL is a distributed ML technique that allows multiple devices, such as smartphones,
laptops, or IoT devices, to train an ML model collectively without sharing their data [38].
The data were collected, stored, and trained using traditional ML. Distributed samples
rode on their respective clients and were locally trained on edge devices in FL. The model
weights were shared with the parameter server responsible for aggregation. FL had several
advantages over traditional ML methods. First, it allowed the training of models on a large
and diverse dataset, which could improve a model’s performance. Second, it provided
training models for devices with limited computational resources, such as smartphones
and IoT devices. Third, it protected user privacy, because the data remained on the device
and were not shared with the central server.

FL has been widely applied in various fields, such as natural language processing,
computer vision, and speech recognition. Smart devices make it possible to use FL for
energy prediction, and further research needs to be conducted on FL energy-demand
predictions. Similar to building energy demand prediction, an FL model could be trained
on multiple smart meters, each with its own data, to improve the prediction accuracy. Smart
meters collect data on temperature, humidity, and energy to train a local model. Then, the
model parameters were sent to a central server, where they were aggregated to create a
global model. The global model could be returned to the smart meters for further training.
This technique had several advantages over traditional ML, including training on large
and diverse datasets, training on devices with limited computational resources, and the
protection of user privacy.

In this study, FL was used to analyze the local adaptation of a model trained on diverse
client data, allowing personalized predictions that captured specific energy consumption
patterns and characteristics. In federated personalized transfer learning, knowledge learned
from one task could be transferred to another related task, such as the energy prediction
of buildings having features similar to those of a trained domain but with fewer data
samples. Similarly, meta-learning facilitated the rapid adaptation of a model learned
from past experiences and leveraged a fine-tuned model to improve predictions for local
clients. Meta-learning quickly adapted towards personalized client energy predictions after
training diverse building consumers and reducing the data required for new buildings.
The detailed workflow of the proposed study is given in Figure 1.
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Figure 1. Overview of the flow of the study in detailed steps.

4. Experiments
4.1. Data Description

The Building Data Genome project dataset [39] was used to analyze the load prediction
for the cross-silo federated settings. The open-source dataset encompasses numerous non-
residential buildings worldwide, each providing three key data types: historical electrical
meter data, building metadata, and weather data. The climate zone of each building was
determined using ASHRAE Standard 169-2013 and a total of eight distinct features were
extracted, as given in Table 1. According to the SHAP (SHapley Additive explanations)
technique, the “construction year” and “number of floors” have limited influence on the
prediction model of building energy, while previous hour energy, hour, and day-type
significantly influenced the predictive model [26]. Thus, in this study, day-type, hour,
outdoor air temperature, relative humidity, previous hour energy, and gross floor area were
selected as input variables of the ML model. Operational data from 13 office buildings
were given in the cold climate zone, yielding hourly data collected from June to October.
Among them, four educational buildings have been randomly selected for training, while
one non-participant building from the remaining was selected for evaluation purposes.

Similarly, temporal and consumption-related attributes have a great impact on the
forecasting model, and the availability of other attributes are not easily available from
normal energy meters. A critical analysis of the learning process of a personalized meta-
learning has been carried out with only day-based features data. The training samples
were selected from the hourly data of 135 days, while the model was initially validated
for 16 days during testing with varying features, such as temperature, humidity, floor
area, previous hour load, and day type. The load profile of the entire five months did not
provide better visual insights about the variable load. Therefore, Figure 2 shows the hourly
energy demand of a week for the five clients. The consumption pattern of Client 4 was a
variable massive load during the four peak hours, whereas Client 2 had a lower demand
during peak hours. The three remaining clients showed a moderate load curve during
peak hours, and Client 3 had the maximum demand during off-peak hours. The input load
profiles were all variable clients, causing heterogeneity in the sample and complicating the
generalization of the time series forecasting model. In addition to the load, the temperature
and humidity features were time-varying, whereas the floor areas of the clients differed.



Energies 2023, 16, 6517 8 of 18

Table 1. Details of features used as input variables for ML models.

Attributes Category Attributes Type

Temporal Day Type, Hour
Meteorological Outdoor Air Temperature, Outdoor Relative Humidity

Building structure Number of Floors, Gross Floor Area, Construction Year
Consumption-related Energy Utilization in Previous Hour

Figure 2. One-week hourly load profile of five buildings in the study.

4.2. Implementation

The TensorFlow framework simulates different environments, including cross-silo
centralization, federated transfer, and meta-learning. Several data-driven models, such as
ANN, LSTM, bidirectional LSTM, CNN, CNN–LSTM, and GRU, were trained individually
in both cross-silo centralized and federated settings on hourly building samples. Four
clients were trained in transfer learning, and the model was tested on the fifth building to
analyze its effectiveness for personalization. The purpose of meta-learning was to design a
model that can learn new tasks with minimal amounts of data. Essentially, the model was
fine-tuned to quickly adapt the new tasks using few examples through the approach used
in TensorFlow Federated (https://www.tensorflow.org/federated (accessed on 23 August
2023)). The overview of the FL process is shown in Figure 3.

In meta-learning, the number of features were reduced to temporal attributes, i.e,
hourly energy consumption and types of day (weekday or weekend), and the model was
fined tuned for better personalization. The trained global model was evaluated at the first
epoch of the testing client, which measures how accurately a client with less data adapted
to the fine-tuned model. Similarly, the local training loss across each client also showed the
effectiveness of individual clients on global ML models during federated averaging. To
analyze meta-learning in term of personalized learning, we increased the number of clients
from different climate zones. Four clients were randomly selected from a pool of 40 clients
and evaluated on two non-participating clients.

https://www.tensorflow.org/federated
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Figure 3. Federated Learning training and evaluation process in transfer and meta approach.

The study contains several data-driven algorithms with different numbers and types
of sequential layers based on the model’s architecture. The key hyper-parameters used in
the study remain the same for each model training and are given in Table 2. All the models
have one hidden dense layer with 10 neurons, while the ANN model has 50 neurons in the
hidden layer. The activation function “ReLU” was used for all input and hidden layers,
while for the model involving a CNN layer, the activation function was “Tanh”. Similarly
in the sequential algorithms, for ANN two dense layers were used: an LSTM layer was
added to the LSTM model, and a convolutional layer was used to filter the input metrics in
the CNN. An additional LSTM layer was added in the case of the CNN–LSTM model. In
the bidirectional LSTM, the forward and backward layers of the LSTM were added, and a
gated recurrent layer was added to the GRU model.

An adaptive moment estimation optimizer was selected for the training process in
the centralized and federated simulations for fast and better convergence. A batch size of
80 samples was used in each round of FL, with 30 local epochs. The models were evaluated
based on mean absolute error (MAE) metrics during training and validation. A detailed
study of several traditional ML and DL algorithms found the MAE to be a suitable metric
for comparative evaluation [5]. Moreover, to check the accuracy of the prospective model
forecast for unseen samples, the test building was fed to the trained, centralized, and
federated models to comparatively examine the energy forecasting result.

Table 2. Details of hyperparameters used in the implementation of ML models.

Hyperparameters Search Space Value

No. of Neurons 10, 20, 30, 50 10

Activation Function ReLU, Tanh Relu

Server Learning Rate 1.0, 0.10, 0.01 0.1

Optimizer SGD, Adam Adam

Batch Size 40, 60, 80, 100 80

No. of Rounds in CL 50, 100, 200, 300 200

Client Learning Rate 0.2, 0.02, 0.002 0.002

Client Epochs 5, 10, 20, 30 10

No. of Global Rounds 50, 100, 150, 200 100
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4.3. Evaluation Results

This study aimed to evaluate six popular models used in time-series forecasting and
check the precision of the load forecast on the unseen data of a building client. Simulations
were run for both CL and FL, and the performance metrics were evaluated for all six
algorithms to assess the results. Table 3 presents the evaluation of the respective algorithms
for all training clients in the centralized and federated setups. The results showed that the
performance of data-driven ML models was proportional to that of other data-driven and
physical-based models. It gave better MAE than other ensemble learning studied by Olu-
Ajayi et al. [5], such as gradient boosting, random forest, stacking, support vector machine,
and decision tree. In the case of our single-model ML approaches, the ANN and CNN
provided exceptional accuracy, comparable to time-series recurrent algorithms. The ANN
model had a minimum loss of 0.118 during training, whereas the GRU had the least testing
loss of 0.1191 in a centralized setup. In addition, the ANN yielded better results during the
training period; however, it was the highest among all the models for validation. The CNN
model provided comparable results during the federated and centralized network training
periods. Similarly, the bidirectional LSTM showed better results, with the least MAE losses
among all four variants of RNNs.

The weather profile affected the daily energy consumption of buildings; however, the
pattern remained the same for clients in particular geographical regions. Client features
differed between floor areas and demand patterns in the previous hours; both relied on the
occupancy rate and activities inside the building. Therefore, an analysis of the evaluation
of trained federated models for clients was carried out, which provided insights into the
performance of individual clients who participated in FL training. Table 4 shows the results
of the MAE loss on the testing data of the clients involved in privacy preserving training. A
building with a highly variable time-series input load had a better convergence rate than
the client with the least variability in data. Client 2 had a lesser gap between peak and
base load, and the loss was extremely high in all ML models trained in FL. The energy
demand of Client 4 varied between 19.75 kWh to 143.29 kWh, making it highly variable,
and it gave the least MAE loss in the testing phase of CNN, BiLSTM, CNN–LSTM, and
LSTM federated models.

To evaluate the model on an unseen dataset, Figure 4 shows that FL yielded better
results than CL. All the data-driven algorithms were suitable for accurate hourly energy
prediction (see Appendix A). However, the CNN could not accurately predict the declining
hourly load. Simultaneously, the ANN provided promising results with precise hourly load
curves compared to the actual load values. In physical-based tools used to profile the load
scaling factor, a baseline pattern was scaled based on the average energy demand of the
respective load [40]. In centralized ML, separate models were required for clients with high
load variabilities, resulting in high computational and storage costs. Similarly, the trained
model parameters could not be transferred to highly variable new client predictions with
insufficient data. In addition, the hybrid scaling of physical and ML approaches did not
work for transfer learning, as depicted in the sensitivity analysis of the availability of client
load data. In FL, the model averaged the weights of all the clients instead of averaging
the load data or fitting a single model to a sequential client dataset. To examine this issue,
the dataset of Client 5 was scaled to 50%, 25%, and 15% and evaluated in centralized and
federated transfer settings. The results in Figure 5 show that the model predicted better
in FL for a 05% scaled operational dataset, whereas similar results were provided for the
other cases of FL and CL (see Appendix A).
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Table 3. MAE loss of data-driven models trained and evaluated over all the clients’ data in centralized
and federated learning.

Model
Centralized Federated Transfer Federated Meta

Train Test Train Test Train Test

ANN 0.1187 0.1498 0.1591 0.2373 0.1537 0.1567
LSTM 0.1681 0.1301 0.2539 0.2195 0.1430 0.1679
CNN 0.1227 0.1199 0.1872 0.1951 0.1516 0.2135

Bi LSTM 0.1468 0.1020 0.2221 0.1951 0.1764 0.2083
CNN–
LSTM 0.1904 0.1389 0.2417 0.2148 0.2203 0.2357

GRU 0.1721 0.1037 0.2461 0.2838 0.1550 0.1898

Table 4. MAE loss of data-driven models evaluated for each client after training in federated learning.

Model Client 1 Client 2 Client 3 Client 4

ANN 0.2496 0.2822 0.2425 0.1750
LSTM 0.1668 0.3228 0.2356 0.1529
CNN 0.1675 0.2736 0.2140 0.1436

Bi LSTM 0.1541 0.2775 0.2142 0.1346
CNN–LSTM 0.1644 0.3207 0.2254 0.1486

GRU 0.1924 0.4681 0.2887 0.1861

(a)

(b)

Figure 4. Energy demand prediction for the test client to examine the hourly variation of load for the
LSTM model trained in (a) Centralized Learning and (b) Federated Learning.
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(a)

(b)

Figure 5. Energy demand prediction on LSTM model for Building 5 with five percent scaled opera-
tional data in (a) Centralized Learning and (b) Federated Learning.

5. Discussion and Future Work

The study comparatively analyzed the impact of spatial and temporal features on
ML models. It highlights how global weights learned on different client data were well
adaptable for unseen features in transfer and meta-learning. Moreover, it addressed the
issue of data scarcity for new clients and the effectiveness of weight aggregation instead
of centralized data scaling. The study does not consider the computational cost, multiple
climate zones, structural attributes, occupancy rates, or residential and industrial sectors,
which could provide better insights for multiple federated ML models. The evolution of big
data and digital twins under two-way communication make control over client real-time
data by government bodies and stakeholders more likely [41].

In smart cites, smart home users are more concerned about data leakage, privacy
violation, malicious intent, and interpretability in data sharing to a centralized network.
Some enterprises, such as GECKO (https://gecko-project.eu/ (accessed on 25 August
2023)), aim for transparent and explainable AI models under ethical consideration of GDPR
using FL to provide secure, scalable, privacy-focused, and affordable solution for smart
cities [42]. In future work, we will extend the application of FL to address the smart
home with IoT-based data. The study will consider additional attributes such as consumer
behaviors, occupancy rates, and other energy related attributes, under the sensitivity
analysis on data heterogeneity, scalability, latency, and connectivity.

6. Conclusions

Building energy prediction relies on physical-based tools for hourly demand predic-
tion of consumer loads. The software requires sufficient information regarding the detailed
environmental and infrastructural parameters of a building for accurate predictions. The
collection of such data is a challenging task; thus, ML approaches show an improvement in
time-series forecasting. A comparative analysis of the ANN, LSTM, CNN, bidirectional

https://gecko-project.eu/
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LSTM, CNN–LSTM, and GRU models was performed to examine the accuracy of energy
prediction in privacy preserving FL. Typically, centralized ML architectures incur data
storage and computation costs with the prospective threat of information leakage from
clients. Similarly, new clients have fewer operational samples and use a centralized model
for energy prediction. This study examined how the trained model better fit the transfer
of learned patterns for data-insufficient clients for CL and FL. The results showed that
data-driven algorithms were best suited for energy demand prediction in federated transfer
learning for clients with insufficient data. Similarly, it provided better personalized predic-
tions for heterogeneous energy consumers. For less than 50% of the scaled data, the LSTM
model trained in the FL setting outperformed the CL model. Thus, data-driven ML models
are recommended for energy planners to better predict building energy consumption, while
preserving the privacy of end consumers.
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ANN Artificial Neural Network
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CNN Convolutional Neural Network
DL Deep Learning
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GB Gradient Boosting
GDPR General Data Protection Regulation
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GRU Gated Recurrent Unit
HVAC Heating, Ventilation and Air Conditioning
IoT Internet of Things
LSTM Long Sort-term Memory
MAE Mean Absolute Error
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ML Machine Learning
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RF Random Forest
RNN Recurrent Neural Network
SVM Support Vector Machine

Appendix A

Forecasting results of data-driven algorithms, i.e., ANN, CNN, Bidirectional LSTM,
CNN–LSTM, and GRU, that are used in federated learning.
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Figure A1. Energy demand prediction for the test client to examine the hourly variation of load for
ANN model trained in FL.

Figure A2. Energy demand prediction for the test client for CNN model trained in FL.

Figure A3. Energy demand prediction for the test client for bidirectional LSTM model trained in FL.

Figure A4. Energy demand prediction for the test client for CNN–LSTM model trained in FL.
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Figure A5. Energy demand prediction for the test client for GRU model trained in FL.

(a)

(b)

Figure A6. Energy demand prediction on LSTM model for Building 5 with 50 percent scaled opera-
tional data in (a) Centralized Learning and (b) Federated Learning.
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(a)

(b)

Figure A7. Energy demand prediction on LSTM model for Building 5 with 25 percent scaled opera-
tional data in (a) Centralized Learning and (b) Federated Learning.

(a)

(b)

Figure A8. Energy demand prediction on LSTM model for Building 5 with 15 percent scaled opera-
tional data in (a) Centralized Learning and (b) Federated Learning.
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