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 a b s t r a c t

As global challenges such as climate change and pandemics increasingly disrupt urban systems, the need for 
efficient and resilient management of energy resources has become critical. The energy used to prepare domestic 
hot water (DHW) takes a large proportion of residential buildings’ total thermal energy demand. However, it 
is often overlooked in research due to its stochastic nature and high dependence on user behaviour. This study 
explores the identification of the crisis and its severity level in the DHW consumption data and the corresponding 
control actions necessary to mitigate its impact. To identify crisis severity, we utilised the mobility data of 
retail/recreation activities and transit stations, making the results generalisable for any crisis. In addition, we used 
power consumption for DHW preparation data from 10 residential apartment buildings located in Kaunas city to 
develop a machine learning-based hybrid ensembling stacking classifier (ESC) capable of predicting the crisis and 
its severity level. Finally, we applied principal component analysis (PCA) and k-means clustering to categorise 
DHW consumption hours throughout the day for each severity level. The results showed that the developed 
ESC classifier significantly outperforms (𝑅2 = 0.99) the baseline LGBMC classifier (𝑅2 = 0.92). Combining the 
classifier with extracted daily consumption patterns and clusters allows the optimisation of control actions on 
the supply, distribution, and demand side of the DHW system.

1.  Introduction

With increasing global temperatures, the need to optimise energy 
use and reduce carbon emissions from energy generation has become 
critical [1]. Ensuring energy is used efficiently, produced and delivered 
precisely when and where it is needed is one of the key aspects of tack-
ling climate change [2]. Given that producing certain types of energy for 
end users is often an inert process, it is necessary to anticipate the energy 
demand in advance. For example, building heating energy consumption 
can be predicted using its strong correlation with weather patterns [3]. 
In contrast, domestic hot water (DHW) demand is a highly stochastic 
process [4], which is strongly dependent on user behaviour, making it a 
compelling area for further research. In addition, fluctuations in hot wa-
ter consumption can reveal changes in factors such as population den-
sity and occupancy, which, in turn, may signal changes in urban use 
patterns [5]. The share of thermal energy used to prepare domestic hot 
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water accounts for a significant portion of the thermal energy consumed 
by households. According to the Lithuanian Data Agency, between 2009 
and 2018 this share increased from 10.4% to 18.6% of the total thermal 
energy [6].

DHW systems are vulnerable to various crises triggered by differ-
ent factors, such as natural disasters, pandemics, or economic down-
turns. For example, during the COVID-19 pandemic, many people had 
to switch to home offices, leading to significant changes in domestic wa-
ter use [7]. However, to apply targeted control actions, it is important 
to identify the crisis and determine its severity level. In some cases, it 
might be beneficial to adjust control measures aiming for comfort or 
economic benefits; in others, it might even be necessary to prioritise 
certain areas over others to maintain service levels [8].

Identifying the change in energy consumption patterns is also eco-
nomically significant for consumers, as the energy market is not fixed 
[9] and can offer more favourable rates during certain periods. To make 
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use of that, the DHW control systems should be adjusted to account for 
current consumption patterns in relation to the energy price. For ex-
ample, by combining energy demand forecasts with energy storage so-
lutions [10], a more sustainable consumption model can be achieved. 
Similarly, hot water production, supported by mature technologies, can 
integrate energy storage with renewable energy sources [11].

To improve the accuracy of hot water demand forecasts under crisis 
conditions, it is essential to identify factors that signal potential changes 
in DHW usage. In previous studies, the number of daily cases of COVID-
19 was used as a factor [12]. However, such input data highly limit 
the applicability of the study to a specific pandemic event. In contrast, 
factors such as variation in mobility within urban areas allow the iden-
tification of various crises that result in urban mobility change.

Reduced mobility flows suggest that more people are spending time 
at home, which in turn increases the hot water demand for activities 
like household chores, cooking, and personal hygiene. Under normal 
conditions, these fluctuations can be observed across different times of 
the year (e.g., school versus non-school periods) and different days of 
the week (e.g., weekdays versus weekends). A notable example occurred 
during the COVID-19 pandemic, when significant shifts in mobility were 
observed over a relatively short period [12]. Therefore, data from the 
COVID-19 pandemic period can serve as input in training forecasting 
models to identify different modes of DHW system operation.

Given the importance of accurately predicting and adapting to DHW 
consumption patterns, multiple stakeholders are affected by these vari-
ations. Understanding how changes in hot water usage influence differ-
ent sectors underscores the need for comprehensive analysis and data-
driven decision-making. The following points highlight the key stake-
holders affected by the fluctuations in DHW demand.

• Energy and water utilities providers: Accurate DHW consumption 
patterns are essential to optimise water distribution and energy sup-
ply planning. Sudden usage changes, such as those caused by lock-
downs, can affect demand forecasting and operational efficiency.

• Policy makers: Understanding variations in DHW usage helps in-
form policies related to energy efficiency, water conservation, and 
crisis response planning. This is particularly relevant for regions tran-
sitioning to renewable energy sources.

• Building engineers and facility managers: Detailed insights into 
DHW demand fluctuations enable better system optimisation, pre-
dictive control, and efficient scheduling to reduce energy waste and 
improve system performance.

• Real estate developers: Data on DHW consumption trends can in-
form sustainable building design, ensuring that infrastructure adapts 
to both normal conditions and crisis scenarios.

• Manufacturers of DHW systems: Insights from consumption pat-
tern changes can guide the development of more adaptive, energy-
efficient DHW systems, improving their responsiveness to varying 
demand levels.

• The research community and energy planners: Integration of de-
mand patterns in energy planning, particularly for renewable-based 
DHW systems, is crucial to optimise resource allocation and ensure 
grid stability. In regions where solar thermal or heat pump systems 
are predominant, understanding peak demand shifts is critical for 
energy storage and distribution strategies.
In this study, we employ Community Mobility Reports [13] data 

collected by Google on retail/recreation and transit stations to cate-
gorise the crisis severity levels. Further, we develop a hybrid ensembling 
stacking classifier (ESC) that can predict the crisis and its severity level 
based on DHW consumption data collected from 10 residential apart-
ment buildings located in Kaunas, Lithuania. Finally, we perform PCA 
using the mean and STD values of hourly DHW consumption for each 
severity level and cluster them using the k-means algorithm. The pro-
posed method combines predictive modelling and consumption patterns 
extraction to enable targeted control actions in distinct parts of the DHW 
system, aiming for more resilient and efficient systems.

The main novelty of this work can be attributed to the following 
points. First, it addresses an often overlooked aspect of DHW consump-
tion by focussing on crisis identification and predicting the severity of 
these events, which is typically challenging due to the unpredictable 
nature of user behaviour. Secondly, it incorporates mobility data from 
retail, recreation, and transit stations, allowing the model to become 
adaptable to various crises and making it applicable to broader contexts 
beyond just energy management. Third, the study introduces a new clas-
sification approach (a hybrid ensembling stacking classifier (ESC)) that 
performs significantly better than standard models, achieving high lev-
els of accuracy in crisis and its severity level prediction. Fourth, using 
techniques such as PCA and k-means clustering enables categorisation 
of energy usage patterns, allowing targeted control actions for DHW 
systems supply, distribution and demand side management.

This article is structured as follows. Section 2 presents the previous 
work done on the power consumption for DHW preparation forecasting 
and identification of changes in daily consumption patterns during crisis 
conditions. Section 3 introduces the case study building and data used 
in this research. Section 4 provides all the information required to re-
produce the results presented in this article, including the methods for 
crisis and severity levels forecasting, daily DHW consumption petterns 
identification, and consumption hours clustering. Section 5 explores the 
results obtained from the analysis and discuss their application for DHW 
control enhancement. Section 6 concludes the work and Section 7 offers 
recommendations for areas of future research.

2.  State of the art

The COVID-19 pandemic impacted several industries, and the energy 
sector was no exception. The study of crisis severity in DHW consump-
tion mirrors broader pandemic-driven research, including the prediction 
of healthcare needs [14] or the public sentiment of COVID-19 [15], high-
lighting the importance of data-driven approaches in addressing global 
health challenges. In most European countries, a state of emergency 
was declared in March 2020 and lasted several months thereafter, with 
a stricter period of lockdown observed from mid-March 2020 through 
April 2020 [16–18]. One of the most notable effects was the transition 
to working from home, which decreased industrial energy consumption 
but increased residential/domestic consumption in some countries [19]. 
Several researchers took to analysing the effect of the pandemic on en-
ergy demand within European countries [20,21] and other nations such 
as Canada [16,19], Brazil [22], the USA [23], among others [19,24].

Rayash et al. [16], for example, performed a comprehensive analysis 
of the hourly energy demand for the province of Ontario, Canada, for 
April pre-COVID (2019) and during COVID (2020) with the assumption 
that the heating energy data are equivalent to the electrical load. The re-
sults proved that the pandemic impacted electricity demand, with a total 
decrease of 14% and a further reduction in demand over the weekend, 
reaching 15–25%. In addition, the researchers found that the electricity 
demand during 2019 increased throughout the week but decreased over 
the weekend, while in 2020, the peak would be reached by midweek and 
decline throughout the rest of the week [16].

Similarly, Rouleu et al. [25] analysed the impact of the COVID-19 
pandemic on energy consumption, not only considering electricity, but 
also taking into account hot water and space heating. The case study was 
conducted on a 40-unit apartment building in Quebec City, which relies 
on a district heating hot water loop that provides heat to the building 
and uses natural ventilation during the hot months. The authors found 
that the peak hot water consumption was reached at 7 PM in the control 
period. In contrast, in the COVID period, the peak was reached in the 
afternoon hours with an increase 103%, indicating that the lockdown 
period during the pandemic influenced the hot water consumption pat-
tern [25].

Researchers in Qatar [24] used machine learning techniques to com-
pare the actual usage of electricity and the simulated usage of electricity, 
then used these data to predict energy consumption in the years 2021 
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and 2022. The pandemic was found to have a negative effect on electric-
ity consumption in the residential sector in that it increased during the 
pandemic due to the stay-at-home policy. Electricity is free for Qatari 
citizens and the application of charges to it could decrease the demand 
for energy in domestic areas and curb the effects of crises on the en-
ergy sector. By analysing the effects of a crisis such as the COVID-19 
pandemic, researchers and policy makers can predict, similarly to the 
work of Abulibdeh et al. [24], energy consumption patterns and better 
prepare for future disruptions.

Nepal et al. [26] analysed building electricity data using the K-means 
approach; instead of randomly selected centroids, the researchers chose 
initial centroids based on the hourly distribution of electricity data for 
one year. The percentile method was used to select the initial centroids, 
where the cumulative density was divided into (𝑘 + 2) equally separated 
percentiles (k being the number of clusters). The results showed that the 
patterns among the six buildings analysed were similar, with an increase 
during the day and a decrease in electricity consumption at night. The 
author determined the accuracy of the proposed method by applying the 
methodology on four different real-world data sets and found that the 
technique resulted in much higher accuracy than the randomly selected 
centroid for K-means clustering.

To understand the full impact of the crisis, it is necessary to investi-
gate all aspects of energy consumption. DHW usage is often overlooked 
due to its stochastic nature and high dependency on user behaviour [25]. 
However, neglecting this aspect can lead to inaccurate energy manage-
ment strategies.

2.1.  Power consumption for domestic hot water preparation daily patterns 
prediction

Several factors, including geographic location, outdoor conditions, 
indoor conditions, number of occupants, and occupant behaviour, in-
fluence DHW use. In other cases, these factors can extend to cultural be-
haviour or socioeconomic behaviour [27–29]. Moreover, as described in 
the literature, advanced forecasting methods can provide useful insights 
for improving the management of DHW systems, aiding in the predic-
tion of crisis severity and enhancing the allocation of energy resources 
in residential settings [30–32]. In residential buildings, DHW accounts 
for 14–25% of total energy consumption [4,12,28,33]. Typically, daily 
DHW patterns have two peaks in the morning and evening [28], which 
are largely contributed by the fact that occupants either go to school or 
work in the morning and then return around the evening to continue 
domestic activities such as showering and cooking. In the design pro-
cess, most of these peaks are often estimated values. Empirical models 
are a common method for estimating DHW demands, where, as an ex-
ample, standards like EN 12831-3 provide equations based on per capita 
water consumption and system efficiency factors [28] to determine the 
demand. Indicators of the DHW system in the design stage, such as peak 
power and thermal energy demand, can be determined using relevant 
standards [34]. However, dynamic simulations should be used more as 
they offer more details by incorporating several elements, aside from 
the theory-based calculations as shown by Rashad et al. [35] through 
the use of TRNSYS for analysing energy demand.

Understanding peak power consumption from DHW usage is impor-
tant in predicting the impact of crises conditions on daily patterns. How-
ever, owing to the various factors influencing peak power demand, the 
DHW systems are often not designed to meet the requirements of such 
fluctuating needs, which usually leads to inefficiencies, increased oper-
ational costs or system failures, especially in multiple occupancy build-
ings such as apartments. As discussed in the review by Fuentes et al. 
[28], most DHW systems are designed based on standards and not real 
data, and as such, many systems are often oversized or undersized. Sev-
eral modelling tools [36] are used in designing DHW systems with con-
sideration of occupancy and usage patterns through representative days; 
however, this approach doesn’t take into account the dynamic nature of 
water consumption. Amanowicz [37] highlights the need to be attentive 

to peak power selection, which, as the author describes, affects cost, size 
and efficiency of DHW systems. The author used three different meth-
ods to analyse peak power consumption and found that the method with 
the highest confidence of results is the Sander’s method which uses hot 
water volume flowing from the water device, temperature of water and 
time use to determine energy requirements. Rubina et al. [38] empha-
sized the importance of understanding peak water flow rates in the de-
sign of DHW systems, which also influences factors like pipe design. The 
authors used a new empirical calculation of the water flow estimation 
and compared actual water flows with the new design water flow values 
and found that the method resulted in a reduction in energy demands 
for water heating, as well as a reduction in pipe size, which ultimately 
reduces the cost of manufacturing.

User behaviour plays an important role in power consumption of 
DHW, and generally, this criteria is not considered fully in the design of 
the systems and as such would affect the prediction of hot water usage 
in crisis or non-crisis conditions. Hansen et al. [39] conducted an inter-
esting study to determine how occupation, age, income, and other can 
affect the peak power usage of a building. It was found that households 
with white-collar workers had higher morning peaks, whereas pension-
ers’ homes had lower and later peaks. Households with ages 41–50 years 
had higher morning peaks with 4.5 kWh in the 7th hour, whereas age 
groups 18–40 years and 51–60 years had a lower power consumption 
with 4 kWh in the 7th hour as well. High-income households exhibited 
higher consumption in the morning and evening peaks, whereas lower-
income groups presented much flatter peaks. These results indicate that 
peak power consumption is affected by occupants and their behaviour, 
and as such, it should also be considered in design and management of 
utilities.

Cao et al. [33] predicted hot water demand using seven occupants’ 
hot water usage behaviour by collecting shower data. The researchers 
trained the data using the Support Vector Machine (SVM), a data min-
ing technology, to analyse the showering habits of the occupants. They 
found that it was possible to predict the hot water usage and implement 
a hot water supply strategy. However, this predictive model achieved a 
root mean square error (RSME) of 77.63 when the shower habits of the 
occupants were analysed individually versus the RSME value of 58.65 
when the data were aggregated, which led the researchers to conclude 
that a separate analysis provided better accuracy. The researchers also 
note that the different choice of evaluation criteria is the main reason 
for this difference.

To form more accurate predictive models of DHW consumption, it 
is necessary to perform an extensive data review when analysing larger 
data sets to remove any outliers. Sonnekalb et al. [40] used neural net-
works and Gaussian processes to evaluate data sets to learn and predict 
human behaviour concerning DHW to adapt heating times to reduce en-
ergy consumption. The initial data for the hot water preparation were 
presented in minutes; therefore, data pre-processing was necessary to 
convert the data into hourly intervals and add other specific features. In-
complete data sets were eliminated and the results showed that it would 
be possible to reduce the window of hot water preparation, thus reduc-
ing the energy consumption of hot water preparation by up to 33–85%.

Maltais et al. [4,41] used model predictive control (MPC) relying 
on data provided by neural networks that were trained from real data 
for the energy management of DHW for single-family residential units. It 
was found that the long-term predictions from machine learning models 
can show higher inaccuracies compared to the theoretical approach [4]. 
However, these models can still be used to predict DHW demand, and if 
used together with a storage tank, where the MPC is inaccurate, a supply 
would still be present to meet the demand. The author also suggested 
that prediction inaccuracies are reduced by increasing the time interval 
to 2h.

Clustering is not limited to analysing building electricity data, as 
mentioned earlier. Ritchie et al. [42] used clustering and statistical 
analysis to model DHW usage. The researchers created clusters and 
sub-clusters of time, volume, and flow rates, and the generated model
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determined the probability of occurrence of these clusters over the spe-
cific distribution. The model showed high accuracy compared to the 
measured data. With that in mind, the authors proposed that the model 
could be used for energy management strategies as the energy drawn 
from the grid can be predicted.

DHW forecasting models can potentially optimise system control, 
leading to energy savings and economic benefits. However, develop-
ing robust models that can account for the stochastic nature of user be-
haviour and disruptive events remains a challenge. Therefore, training 
these models to recognise and respond to crises is crucial.

2.2.  Changes in daily patterns during crisis conditions

A national or global crisis can occur at any moment. Recessions, pan-
demics, or natural disasters are all examples of crises. Policymakers and 
governments can learn from crises such as the COVID-19 pandemic and 
better prepare by creating forecasting and prevention strategies in vari-
ous disciplines to mitigate future disasters [43]. Generally, energy con-
sumption during the COVID-19 pandemic saw a change in daily pat-
terns. The prepandemic conditions had a peak energy consumption in 
the morning hours of the weekday and significantly lower values on 
weekends; however, during the pandemic, no typical morning peaks 
were observed, and the energy consumption was lower [17].

Zhang et al. [20] simulated the impact of the COVID-19 pandemic on 
energy demand in a building matrix in Sweden using the UMI tool. The 
buildings were divided according to their archetype, where occupancy 
and DHW, among other parameters, were considered. The researchers 
showed that the average system energy demand, which includes heating, 
cooling, and domestic water, decreases in a range of 7.1% to 12.0%. It 
was also concluded that increasing confinement constraints increase the 
DHW energy demand in residential buildings; however, less heating is 
required due to greater internal heat gains [20].

Kim et al. [12] analysed real data from an apartment complex in 
South Korea to determine changes in DHW demand during the pan-
demic. Unlike most European countries, the state of emergency in Korea 
was issued on 20 January (2020), almost two months before it was is-
sued in Europe. Data were collected at hourly intervals and included 
DHW accumulated energy, flow rate, supply temperature, outdoor tem-
perature, and city water temperature. The analysis identified a signif-
icant increase in DHW demand after the pandemic, which is due to 
changes in the daily consumption patterns of the occupants as a result 
of the stay-at-home policy, similar to what was identified by Rouleu et 
al. [25].

Abu-Bakar et al. [44] used clustering to determine the impact of the 
COVID-19 pandemic on water consumption patterns in England. The 
patterns were divided into four clusters: the evening peak, the late morn-
ing, the early morning, and multiple peaks, which were identified using 
the “elbow” method. The researchers found that there was an increase 
in water demand in each of the clusters during the lockdown period de-
fined as January to May 2020. Using K-means clustering from May 2019 
to October 2020 (considering workdays, weekends, and holidays), Dz-
iminska et al. [45] revealed that the patterns obtained for three different 
buildings were similar, differing only in volume of water consumption 
in a given hour. A change in the morning and evening peak is observed, 
with a shift of about two hours later in the morning hours and about 
two hours earlier during the night. There is also increased usage during 
the afternoon.

2.3.  Identified challenges in managing DHW consumption under crisis 
conditions

The state-of-the-art review revealed that recent research has ad-
dressed changes in energy consumption patterns, including crises such 
as the COVID-19 pandemic, which significantly altered daily routines 
and subsequently affected residential energy use. Studies have demon-
strated how mobility restrictions during lockdowns influenced DHW

demand and other utilities, noting shifts in peak consumption times and 
increased residential demand due to stay-at-home policies. In particu-
lar, researchers have used machine learning techniques to predict en-
ergy consumption and categorise usage patterns, integrating data from 
both environmental factors and user behaviour. However, several gaps 
remain unaddressed:

• DHW demand analysis under crisis conditions. While various 
studies have explored general energy consumption during the pan-
demic, few have focused specifically on DHW demand [16,24,26]. 
DHW consumption is highly variable and user dependent, making 
it challenging to manage, especially in crisis conditions [25]. More 
research is needed to identify the change in DHW consumption daily 
patterns during crisis and segregate them based on the severity level.

• Model generalisability to various crises. Existing studies often 
rely on specific data related to pandemics, such as COVID-19 case 
counts, limiting their applicability to similar crises [12]. This reduces 
the generalisability of the prediction models to other crisis scenarios. 
There is a need for models that can leverage broader indicators, such 
as urban mobility data.

• Control optimisation based on crisis severity level. Current mod-
els focus on forecasting energy demand [30–32], but further discus-
sion on targeted control actions based on the results is lacking. Ef-
fective crisis management in energy systems should include dynamic 
control strategies that respond to predicted changes in demand, par-
ticularly considering the intermittent nature of renewable energy 
sources [35].

3.  Case study introduction

3.1.  Case study buildings

Ten residential apartment buildings in Kaunas (Lithuania) were se-
lected as a case study (Fig. 1). The urban block has clear boundaries 
of intensive streets and natural elements. It contains multi-flat housing 
built from the 1960s to the late 1980s, accommodating diverse social 
groups. Several multi-flat residential buildings have been modernised 
by increasing the thermal resistance of the building envelope and ap-
plying autonomous room temperature control. The basic description of 
building service systems is as follows.

• Heating system. Buildings are heated by thermal energy supplied 
through a centralised district heating (DH) network operated by the 
city’s thermal energy provider. The DH network in Kaunas city cov-
ers all the major populated areas. For all buildings, the thermal en-
ergy supply for heating is regulated according to the outdoor tem-
perature by a sensor.

• Water system. The cold water supply and sewerage systems follow 
the same principle, i.e. district (centralised) supply and disposal by 
the city’s water services provider. Hot water is prepared within the 

Fig. 1. Arrangement of selected multi-flat residential buildings.
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Table 1 
Characteristics of selected multi-flat residential buildings.
 Building no.  Useful area (m2)  Number of apartments  Average apartment area (m2)  Number of taps  Number of occupants
 92  1042  32  32.6  64  32
 90  1524  32  47.6  64  44
 89  891  18  49.5  36  26
 88  1511  32  47.2  64  44
 87  812  18  45.1  36  23
 86  1416  32  44.3  64  41
 82  1517  32  47.4  64  44
 80  1530  32  47.8  64  44
 79  1423  87  16.4  87  87
 75  1400  86  16.3  86  86

building’s heating unit, heated through a dedicated heat exchanger, 
and distributed throughout the building’s hot water network for con-
sumption. Since the buildings contain many flats, location and dis-
tance between the pipelines are significant factors. To address this, 
recirculation loops are installed in the system. These parallel and 
additional pipelines, along with the recirculation pump and other 
necessary equipment, continuously circulate hot water through the 
system to ensure a timely hot water supply at the most inconvenient 
(furthest) point (tap) from the heat exchanger. Hot water is prepared 
using the same thermal energy sourced from the DH system at the 
building’s heating distribution plant. All buildings are equipped with 
instantaneous domestic hot water heat exchangers, without storage 
tanks. The principal schemes of the system are defined by the energy 
provider [46].
The useful (heated) area of the buildings varies from 812m2 to 

1795m2, which corresponds to between 18 and 87 apartments with cor-
ridors and basement spaces. The number of occupants ranges from 23 
to 87 and the number of taps for food processing and hygiene activities 
ranges from 26 to 87 (Table 1). The information provided is based on 
data from the State Enterprise Centre of Registers information system 
[47].

3.2.  Building data description

Data on energy consumption for hot water preparation and main-
tenance have been collected from separate smart metres, which are 
installed in the heat distribution plants of buildings and measure the 
thermal energy consumption at 1-h intervals. In addition, smart metres 
measure the temperature of the inlet and outlet heat agents and the flow 
rate. The data collection period for pilot case buildings ranges from 2 to 
10 years between 2011-10-01 and 2021-09-30. The whole set consists of 
480,580 entries (timestamps) of thermal energy for hot water measured 
in kWh.

Data were retrieved from smart metres in the CSV (Comma Separated 
Values) data format. Subsequently, it had to be treated accordingly by 
filtering, cleaning, aggregating, and interpolating. To ensure data com-
parability for objective evaluation and analysis, normalisation was ap-
plied based on the most significant influencing factor: the number of oc-
cupants. By dividing the energy consumption for hot water preparation 
by the number of occupants (Table 1), a derived unit of kWh∕occupant
is obtained, eliminating the influence of building size.

Fig. 2 shows the normalised daily thermal energy consumption for 
DHW preparation. The data collected from all buildings and used for 
this analysis span from 01/01/2018 to 30/09/2021. The vertical red 
transparent bars mark the lockdown periods: the first from 16/03/2020 
to 16/06/2020, and the second from 7/11/2020 to 30/06/2021. The 
green vertical bars indicate the corresponding periods prior to the lock-
downs. The blue curve represents the total daily energy consumption, 
while the orange curve shows the average monthly daily energy con-
sumption, highlighting a clear seasonal trend.

The increase in energy consumption during the heating season can be 
attributed to the lower temperature of cold water, as more thermal en-

ergy is required to reach the hot water set-point temperature, i.e. 55 ◦C. 
In addition, occupant consumption habits and the recirculating hot wa-
ter loop contribute to higher energy demand during the heating sea-
son due to a slight decrease in indoor temperature. During the heating 
season, the indoor temperature tends to be lower than during the non-
heating season period, which increases the heat loss to the environment 
from the circulating hot water loop pipes and thus the energy demand, 
even though the hot water loop is used continuously. Comparing the 
same periods before and during lockdown, the plot does not indicate 
significant differences in energy consumption. However, there are re-
curring outliers with values of 0 or significantly lower values during the 
warm season. This is likely due to the annual maintenance of the build-
ing’s heating and hot water systems when they are temporarily shut 
down.

3.3.  Mobility data description

In response to the COVID-19 pandemic, Google developed Commu-
nity Mobility Reports [13] to provide public health officials with ag-
gregated anonymised mobility data for informed critical decision mak-
ing. These reports tracked movement trends across various geographic 
regions and categories, including retail and recreation, groceries and 
pharmacies, parks, transit stations, workplaces, and residential areas.

In this study, data specific to Kaunas city were extracted and anal-
ysed, with a focus on changes in mobility patterns in response to COVID-
19 related policies. Changes were examined in two key categories: re-
tail and recreation activities (including places such as restaurants, cafes, 
shopping centres, theme parks, museums, libraries, and movie theatres) 
and transit station activities (encompassing public transport hubs such 
as bus stations). The categories of retail recreation and transit stations 
were chosen due to their significant impact on urban mobility and pub-
lic behaviour during the COVID-19 pandemic. Retail and recreation
activities serve as key indicators of economic activity and social interac-
tion, reflecting changes in consumer behaviour and adherence to pub-
lic health measures such as lockdowns or social distancing guidelines. 
Meanwhile, transit station activities provide critical insights into pub-
lic transport usage, which is directly correlated with mobility patterns, 
access to essential services, and the broader functioning of the urban 
economy. By concentrating on these two categories, the study aimed to 
capture the most influential aspects of daily life in Kaunas affected by 
COVID-19 related policies. The data, provided in the form of time series, 
span from February 2020 to December 2021.

Mobility data, including the categories of retail / recreational and 
transit stations from Google mobility reports, clearly indicates the start 
of both lockdown periods in Kaunas, Lithuania, during the COVID-19 
pandemic (Fig. 3). The percentage change from baseline, depicted in 
the graph, highlights the sharp declines in mobility corresponding to 
the onset of the first and second lockdown periods. These lockdown 
periods are reflected in the different severity levels of restrictions, rep-
resented by colour-coded bands ranging from baseline (normal activity) 
to severity 5 (the most stringent restrictions). The data show that mobil-
ity decreased significantly at the beginning of the pandemic, especially 
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Fig. 2. Normalised daily thermal energy consumption for domestic hot water preparation.

Fig. 3. Mobility changes in retail/recreation activities and transit stations in relation to crisis severity levels.

during the strictest lockdown phases, before gradually recovering in line 
with the easing of restrictions. However, mobility levels remained below 
baseline throughout the study period, indicating a prolonged impact of 
the pandemic on public activity, particularly in transit and recreational 
spaces. The extraction of the Severity levels are further detailed in the 
Methodology section.

4.  Methodology

The overall research approach is illustrated in Fig. 4. It consists of 
three main parts: data collection and preparation, crisis and severity 
forecasting, and pattern extraction and clustering. The first part involves 
data from two main sources: 10 case study buildings in Kaunas (Lithua-
nia) and Google Community Mobility Reports [13]. In this phase, the 
building data undergo the usual data cleaning, normalisation, and pre-
processing steps. Crisis severity levels are extracted from the datasets on 
retail/leisure activity and transit stations collected in the Google Com-
munity Reports. Finally, the pre-processed data are merged into a single 
dataset that includes additional temporal features.

In the next phase, the ESC classifier is used to forecast the crisis 
and its severity level. The forecasting model is further cross-validated 
to ensure its reliability and accuracy.Further, daily DHW consumption 
patterns are extracted for each of the crisis severity levels. Addition-
ally, PCA and k-means clustering are used to define the clusters of daily 
consumption hours.

The results of forecasting, pattern extraction and clustering acts as an 
input for DHW systems control optimisation. Each part of the method-
ology is further detailed in this chapter.

4.1.  Data collection and preparation

4.1.1.  Calculation of hot water consumption
The collected raw data pertain the amount of thermal energy used 

for hot water preparation. However, to determine the distinct hot water 
consumption patterns, the DHW consumption data are needed. The main 
factor determining the amount of thermal energy is the temperature of 
the cold water to be heated, which varies throughout the year due to 
the changing temperature of the outdoor air. However, the cold water 
temperature variation is significantly influenced by the thermal inertia 
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Fig. 4. Research approach.
of the ground (soil), as the supply pipelines are laid at a depth of at 
least 1,8m underground to prevent freezing during the coldest periods 
of winter. The average depth of the pipelines in Kaunas varies between 
2 and 2.5m.

Kaunas (central Lithuania) is in the cold-temperature zone, with 
moderately warm summers and cold winters. The city of Kaunas has 
an average long-term outdoor temperature of around 7–8 ◦C. The av-
erage outdoor temperature in July is around 17 ◦C, and in winter 
around −5 ◦C. Lithuania has relatively hot summers, daytime highs 
above +35 ◦C, and cold winters, with nighttime lows below −30 ◦C.

Therefore, the amount of hot water consumed 𝑉ℎ𝑤, 𝑚3 knowing the 
thermal energy consumed 𝑄ℎ𝑤, 𝐽 was calculated using Eq. (1). 

𝑉hw =
𝑄hw

𝐶𝑣 ⋅ (𝜃hw − 𝜃cw)
(1)

where:

– 𝐶𝑣 is the volumetric heat capacity of the water. The standard value 
is 4, 160, 000 J∕(m3 ◦C).

– 𝜃ℎ𝑤 is the standardised hot water temperature (◦C). A temperature 
of 55 ◦C should be maintained, considering the Building Regulations’ 
requirements.

– 𝜃𝑐𝑤 is the supplied cold water temperature (◦C), which varies be-
tween 4 ◦C and 16 ◦C over the year.

The cold water temperature in the network throughout the year is 
determined based on the average daily outdoor temperature. To take 
into account the thermal inertia of the soil, i.e. the variation in outdoor 
temperature, which is normally most significant over 24h, a moving 
average method was adopted. The relationship between the cold wa-
ter temperature and the moving average outdoor temperature is based 
on the cold water temperature measurements declared by the provider, 
where a lower limit of −4 ◦C water temperature corresponds to an out-
door temperature of −20 ◦C and an upper boundary of −16 ◦C corre-
sponds to +25 ◦C. The cold water and outdoor air temperature mea-
surements were used to apply a linear regression method and derive the 
Eq. (2). 
𝜃𝑐𝑤 = 𝜃𝑜𝑢𝑡 ⋅ 0.2667 + 9.3333 (2)

where:

– 𝜃𝑜𝑢𝑡 is the 24-h moving average of daily outdoor temperature, ◦C.

Table 2 
Lockdown severity characterization based on mobility 
changes (Kaunas).
 Labels  Description
 Baseline  Percentage change equal or greater than 0
 Severity1  Percentage change between −1% and −20%
 Severity2  Percentage change between −20% and −40%
 Severity3  Percentage change between −40% and −60%
 Severity4  Percentage change between −60% and −80%
 Severity5  Percentage change between −80% and −100%

Fig. 5 shows the variation of the cold water temperature in the supply 
networks according to the fluctuation of the outdoor air temperature. 
The results are plotted for the period, starting from 2016 to the end of 
September 2021.

4.1.2.  Characterisation of severity based on local mobility patterns
Google mobility data include percentage changes measured against 

a baseline that represents typical mobility levels before the COVID-19 
pandemic. Using predefined thresholds, a characterisation scheme was 
implemented for these deviations to illustrate the varying levels of de-
parture from baseline mobility patterns (Table 2):

• If the mobility change for retail/recreation and transit stations was 
the same, this value was assigned to the subsequent label.

• If the mobility change differed, only the mobility change value for 
retail/recreation was used as the subsequent label.

The Google mobility data begins in February 2020, while the wa-
ter usage volume data begins in February 2019. Hence, all data points 
for 2019 were labelled with the “Baseline” label to distinguish the 
pre-COVID-19 period when mobility patterns were unaffected by lock-
downs.

This characterisation determines the severity of COVID-19 lock-
downs and the general restrictions imposed on local residents. The 
“Baseline” label represents normal conditions, i.e. indicating the pre-
COVID level of mobility. In contrast, severity levels (Severity 1 through 
Severity 5) denote increasing levels of restricted mobility correlating 
with the intensity of lockdown measures and other restrictions in the 
urban area of Kaunas. Although mobility changes are recorded daily, 
the characterisations were applied to represent conditions for all subse-
quent hours of each day. Fig. 6 shows an aggregated view of the hourly 
counts of COVID-19 quarantine severity levels impacting mobility data 
for each month from January 2020 to May 2021. It is highlighted that 
there is a clear rise in hours characterised as more severe in terms of the 
lockdown effect, particularly in April 2020 and December 2020, where 
the most instances of Severity 5 are recorded, which is in line with the 
historical timeline of the austerity of the lockdown measures.

4.1.3.  Combined dataset and feature extraction
Following the characterisation scheme for each timestamp described 

in Section 4.1.2, the resulting hourly labels were merged with the hourly 
domestic water volume intake data. Consequently, the combined data 
set spans from February 6, 2019, to September 29, 2021, for each build-
ing.

The domestic water volume intake data for each of the ten buildings 
(as described in Section 4.1.1) were sequentially combined into a single 
dataset. Using the characterisation scheme outlined in Section 4.1.2 for 
each timestamp, the resulting hourly labels were merged concurrently 
with the corresponding water intake data.

For the analysed dataset, time was incorporated as a feature by split-
ting the timestamp into categorical values to create additional temporal 
features. In addition to standard temporal features, such as the hour 
of the day, day of the week, and month, specific features were synthe-
sised based on the unique characteristics of our dataset, reflecting the 
location of the case study. Lithuanian holiday data for 2019 to 2021 
were included using the ‘holiday’ Python library. An additional feature 
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Fig. 5. Relationship between outdoor air temperature and cold water temperature in supply networks.

Fig. 6. Quarantine severity characteristic instances (hourly count).
Table 3 
Predictive modelling: features description.
 Feature  Labelling
 lockdSeverity  Baseline: 0, Severity1: 1,…Severity5: 5
 W_vol  Water intake for each building (m3)
 Quarter  1 to 4
 Month  1 to 12
 DayofMonth  1 to 31
 Weekday  0 to 6
 Hour  0 to 23
 IsWknd_Holiday  0, 1

(IsWknd_Holiday) was created to identify whether a given date falls on 
a Saturday or Sunday and coincides with any Lithuanian holiday.

An outlier detection strategy was applied to the water volume data, 
identifying values above the 99.99th percentile for each of the ten build-
ings and replacing them with the maximum value corresponding to this 
percentile.

The final data set for the ESC forecast was divided into training and 
test sets, with 80% training and 20% for testing [48].

4.2.  Crisis and severity forecasting

4.2.1.  Predictive modelling of lockdown-type emergencies
As indicated in the relevant literature, the COVID-19 lockdown and 

its consequences on daily routines directly affected residents’ energy 
and hot water consumption patterns. Therefore, it has become critical 
to identify such abrupt future emergencies so that utility providers can 
make immediate adjustments and preparations to ensure that no severe 
disruptions occur for tenants.

In this study, a data-driven pattern recognition mechanism was de-
veloped to identify potential future irregularities in residential water 
demand under unforeseen circumstances resembling a lockdown event, 
such as the post-COVID-19 period. Using severity level labels, a ma-
chine learning-based classifier was created to predict whether such an
emergency might be imminent and, if so, to estimate the expected sever-
ity of the situation. To achieve this, a hybrid ensemble stacking classifier 
(ESC) was implemented. This meta-ensemble learning model combines 
the strengths of multiple individual classifiers through a two-level stack-
ing approach, enhancing predictive accuracy for irregular demand pat-
terns.
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The first layer consists of two base classifiers: LGBMClassifier 
(LGBMC) and HistGradientBoostingClassifier (HGBC). The LGBMC clas-
sifier optimises the following objective function: 

𝐿(𝜃) =
𝑛
∑

𝑖=1
𝑙(𝑦𝑖, 𝑓 (𝑥𝑖; 𝜃)) + Ω(𝑓 ) (3)

where:

– 𝐿(𝜃) is the overall loss function.
– 𝑙 is the loss function.
– 𝑦𝑖 is the true label.
– 𝑓 (𝑥𝑖; 𝜃) is the predicted value.
– Ω(𝑓 ) is the regularisation term to avoid overfitting.

HistGradientBoostingClassifier uses the gradient boosting frame-
work: 
𝐹𝑚(𝑥) = 𝐹𝑚−1(𝑥) + 𝛾𝑚ℎ𝑚(𝑥) (4)

where:

– 𝐹𝑚(𝑥) is the current model at iteration 𝑚.
– 𝐹𝑚−1(𝑥) is the previous model.
– 𝛾𝑚 is the learning rate.
– ℎ𝑚(𝑥) is the base learner at iteration 𝑚.

The second layer, the meta-learner, integrates the output from the 
base-level classifiers. The meta-learner chosen is XGBClassifier (XGBC). 
The XGBoost classifier can be formulated as follows: 

𝐿(𝜃) =
𝑛
∑

𝑖=1
𝑙(𝑦𝑖, 𝑓 (𝑥𝑖; 𝜃)) +

𝐾
∑

𝑘=1
Ω(𝑓𝑘) (5)

where:

– 𝐿(𝜃) is the overall loss function.
– 𝑙 is the loss function.
– 𝑦𝑖 is the true label.
– 𝑓 (𝑥𝑖; 𝜃) is the predicted value.
– Ω(𝑓𝑘) is the regularisation term for the 𝑘th tree.

The stacking process involves two layers:
• First layer: 

𝑦̂𝐿𝐺𝐵𝑀𝐶 = 𝐿𝐺𝐵𝑀𝐶(𝑋) (6)

𝑦̂𝐻𝐺𝐵𝐶 = 𝐻𝐺𝐵𝐶(𝑋) (7)

• Second layer (meta learner). The meta-learner 𝑋𝐺𝐵𝐶 uses the pre-
dictions of the base classifiers as its input: 
𝑦̂𝑚𝑒𝑡𝑎 = 𝑋𝐺𝐵𝐶([𝑦̂𝐿𝐺𝐵𝑀𝐶 , 𝑦̂𝐻𝐺𝐵𝐶 ]) (8)

4.2.2.  Cross-validation
All models were used for one-step (i.e. 1h) forecasting. Additionally, 

the ESC employs 5-fold cross-validation during the training of the meta-
learner (Eqs. (9) and (10)). The data were split into 5-equal folds in 
5-fold CV and hence in each fold, 20% of the data is available. One fold 
is left for testing, and the remaining four folds are used for training. 
The decision to use 5-fold cross-validation is commonly made because 
it achieves a good balance between computational efficiency and model 
evaluation reliability. It is less computationally expensive than higher-
fold cross-validation, especially when dealing with large data sets or 
complex models such as meta-learning.

𝐶𝑉𝐸𝑆𝐶 = 1
𝐾

𝐾
∑

𝑘=1
𝑦̂(𝑘)𝑚𝑒𝑡𝑎 (9)

where:

– 𝐾 is the number of folds (in this case, 5).
– 𝑦̂(𝑘)𝑚𝑒𝑡𝑎 is the prediction of the meta-learner on the 𝑘th fold.

Table 4 
ESC hyperparameters.
 Classifier  Hyperparameters
 LGBMC  reg_alpha=0.7, reg_lambda=0.7

 learning_rate=0.07
 HGBC  max_leaf_nodes=30, learning_rate=0.07
 XGBC  max_depth=6, subsample=0.8

Combining the base classifiers and meta-learner in a two-level stack-
ing framework can be expressed as: 

𝑦̂ = 𝑋𝐺𝐵𝐶([𝑦̂𝐿𝐺𝐵𝑀𝐶 , 𝑦̂𝐻𝐺𝐵𝐶 ]) (10)

Here 𝑦̂ is the final prediction of the ESC model. The hyper parame-
ters for each base classifier were carefully selected to balance bias and 
variance, aiming to reduce over-fitting. Specific values were determined 
using grid or random search methods along with selected trial and error 
compiles, ensuring optimal performance on the test sets (Table 4).

4.3.  Pattern extraction and clustering

For the five defined crises severity levels and the baseline (normal 
conditions), daily patterns for DHW consumption were extracted using 
the mean values for each hour of the day. The standard deviation (STD) 
was calculated to evaluate the possible high variation in the data. In 
addition, weekends and holidays were excluded, while daily patterns 
were extracted based on observations during data exploratory analysis.

The data points corresponding to each severity level and the baseline 
were split into six data sets that were further used for clustering. Each 
data set included 24 rows representing values of hot water consumption 
for each hour of the day; however, the number of dimensions differed 
for each data set since not all months showed the six severity levels. The 
structure and months included in each data set are presented in Table 5.

Principal component analysis (PCA) and the k-means method were 
used to cluster separate hours in a day of energy consumption for DHW 
preparation. The data set used included mean and STD values for all 
investigated buildings. Using the mean and STD allowed us to consider 
possible strong discrepancies between separate buildings’ hot-water con-
sumption patterns.

5.  Results and discussion

5.1.  Predictive modelling results

The performance metrics considered for the tested classifiers are Ac-
curacy, Precision, Recall, and F1 Score (Table 6). Overall, the developed 
ESC exhibits very good performance, achieving high accuracy. The ac-
curacy of the test data is aligned with the accuracy of the training data, 
indicating that the model is not overfitting and generalises very well to 
unseen data. The high precision, recall, and F1 scores in both datasets 
underscore the robustness of the model and its ability to classify posi-
tive instances correctly. Compared to a base classifier, the ESC signif-
icantly outperforms the LGBMC in all performance metrics. Although 
LGBMC and HGBC are gradient-boosting algorithms, they optimise dif-
ferently and have different biases. Combining their outputs through a 
meta-learner like XGBC, a powerful boosting algorithm, allows the ESC 
to learn more complex patterns in the data. An overview of ESC per-
formance is also illustrated in a confusion matrix (Fig. 7); it represents 
the results of a classification task, dividing test samples into four cate-
gories, depending on their true and predicted labels: true positives (TP), 
true negatives (TN), false positives (FP), false negatives (FN). The only 
misclassifications are limited to Label 0 (Baseline), while there are no 
misclassifications for any of the severity levels.
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Table 5 
Dataset structures used for PCA.
 Dataset  Baseline  Severity 1  Severity 2  Severity 3  Severity 4  Severity 5
Number of rows  24  24  24  24  24  24
Number of dimensions  24  16  20  16  10  6
Months included  1–12  2,3,5-10  3–12  1–6,11,12  1–4,12  1,4,12

Table 6 
Predictive model performance metrics.
 Dataset  Model  Accu.  Prec.  Recall  F1
 Test  LGBMC  0.9203  0.9229  0.9203  0.9204
 Test  ESC  0.9946  0.9946  0.9946  0.9946
 Training  LGBMC  0.9196  0.9224  0.9196  0.9197
 Training  ESC  0.9956  0.9956  0.9956  0.9956

5.2.  Pattern discovery

5.2.1.  Daily patterns based on severity levels
The extracted daily hot water consumption patterns for each crisis 

severity levels are illustrated in Fig. 8. To simplify the comparison of 
changes between different severity levels, daily profiles for each sever-
ity are expressed as a percentage of the peak observed at 3 PM during the 
highest severity. Across all severity levels, except Severity level 5, a con-
sistent pattern emerges during the night (between midnight and 5AM), 
where the lowest consumption is observed. However, during the same 
period, the highest crisis level shows an increase in DHW consumption 
of approximately 10%. For normal conditions (baseline), the morning 
peak appears at 7 AM. However, with the increasing severity of the cri-
sis, consumption around this time decreases significantly. The baseline 
consumption at 7 AM is around 35% higher than the consumption of 
Severity 5.

At the same time, the morning peak for each severity level appears 
later in the day, with the highest severity reaching its peak at 3 PM. 
Here, between noon and 3 PM, the increase in consumption at Severity 
5 is up to 30% higher than in Severity 4 and up to 50% higher than 
in the Baseline. Changes in consumption patterns are also observed in 
the evening, especially compared to the highest severity pattern, where 
consumption is almost as low as during the night. Between 6 and 10 
PM, the difference between the Baseline and Severity 5 is approximately 
20%. However, by 11 PM, DHW consumption appears to be similar 
across all severity levels.

Fig. 7. ESC model performance: confusion matrix.

The highest severity level also shows the highest STD for the ex-
tracted daily pattern. This reveals that the greatest uncertainty in hot 
water consumption is present during the most severe crisis conditions. 
The error bars in Fig. 8 show the spread of the data points around the 
mean. At 3 PM, the deviation from the mean reaches almost 50%.

5.2.2.  Comparison of daily, weekly, and annual patterns
As highlighted earlier, DHW consumption is highly dependent on 

various factors, with occupant behaviour playing a central role. Crisis 
situations, such as COVID-19, which impose mobility restrictions, alter 
occupants’ daily routines. However, other factors, such as seasonality, 
also have a significant impact on occupant behaviour. Therefore, it is 
crucial to quantify the effects of a crisis in comparison to other major 
influencing factors, such as seasonality.

Fig. 9 illustrates the daily profiles for different periods, including the 
crisis situation during the lockdown, the crisis period without restric-
tions, and the pre-COVID period. As was also seen in the daily profiles 
for different severity levels, the morning peak significantly shifted to 
later hours in a day. Fig. 10 represents the weekly profiles, generally in-
dicating an approximate 10% increase in consumption during the lock-
down period. It is important to note that the lower consumption during 
the non-lockdown period is also influenced by seasonality, as most of the 
data for this period was collected during the summer months. Finally, 
Fig. 11 presents the yearly profiles, emphasising the strong influence of 
seasonality. During the pre-COVID period, the difference between the 
peak consumption and the lowest point was less than 20%. Overall, the 
yearly consumption pattern remains consistent, showing no significant 
changes in total DHW consumption.

Comparing the change in mean hourly DHW consumption between 
daily and yearly patterns, we observe that both seasonality and crisis 
conditions have similar effects. The largest difference in daily consump-
tion patterns between pre-COVID and lockdown conditions is approx-
imately 15%. However, a comparable change is also observed in the 
yearly patterns for the pre-COVID period when comparing winter and 
summer seasons. While both seasonality and lockdown severity influ-
enced DHW consumption, the lockdown had a more pronounced short-
term effect, causing immediate shifts in peak demand timing and usage 
habits. In contrast, seasonality had a more gradual and predictable im-
pact on overall consumption levels. This distinction is crucial for energy 
management strategies, as control systems need to adapt dynamically 
during crisis scenarios rather than relying solely on seasonal adjust-
ments.

5.3.  Cluster identification

5.3.1.  PCA results
PCA was run separately for each of the datasets, including data from 

different levels of crisis severity, as presented in Table 5. Before per-
forming the PCA, the values were scaled to ensure that each feature 
contributed equally to the analysis. The results showed that by select-
ing only three principal components, between 82.7% and 98% of the 
variance could be explained across all datasets (Table 7). For all data 
sets, more than 91% of the explained variance can be reached with the 
inclusion of five principal components. Considering only the first prin-
cipal components, it was evident that more available data corresponded 
to higher explained variance. The normal conditions (baseline) dataset 
contained the most data, as these conditions were present throughout 
all months of the year, given that the dataset spans multiple years. For 
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Fig. 8. Extracted daily profiles based on crisis severity level.

Fig. 9. Daily profiles during different periods.

the Severity 1, 2, and 4 datasets, the first principal component explained 
70% to 75% of the variance. However, for the Severity 3 dataset, the 
first principal component accounted for only 63.8% of the variance, 
although it had a similar number of dimensions as the other severity 
datasets, indicating greater variability in these data. Overall, the analy-
sis demonstrated that PCA significantly reduces the number of variables 
in the data, providing a strong foundation for further clustering.

5.3.2.  K-means clustering
PCA and k-means were used to identify the thermal energy con-

sumption required for the preparation of hot water at different times 
of the day under normal conditions and at varying severity lev-
els (Fig. 12). The “elbow” method was used to determine the op-
timal number of clusters, however, it did not yield significant re-
sults; therefore, four clusters were chosen as they capture the best 
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Fig. 10. Weekly profiles during different periods.

Fig. 11. Annual profiles during different periods.

the low consumption night hours, morning, mid-day and evening
peaks.

At baseline, low-consumption night hours are clearly distinguished 
in the green cluster, with 6 AM forming a separate cluster where con-
sumption remains low but is approaching medium levels. The medium 
consumption hours, where residents are normally at work or school, 
form the largest yellow cluster; whereas the consumption peaks appear-
ing in the morning and evening hours are in the blue cluster. At Severity 
1, a noticeable shift in the hourly clustering patterns emerges. The low-

consumption night hours are still clearly distinguished in a blue cluster 
(6AM here is a part of this cluster); however, the remaining hours in a 
day form another 3 clusters, each containing nearly equal numbers of 
data points, reflecting a more uniform distribution of daily consumption 
levels.

At Severity 2, the low consumption night hours (blue cluster) shift 
back to the right side of the plot. Here, the highest consumption appear-
ing at hours 11, 18, 20–22 forms the green cluster, and the remaining 
hours, except for 19, form the biggest medium consumption (purple) 
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Table 7 
Cumulative explained variance ratio of principal components, %.

 Baseline  Severity 1  Severity 2  Severity 3  Severity 4  Severity 5
 PC1  81.8  75.0  72.4  63.8  70.4  42.5
 PC2  86.4  81.7  79.4  76.0  80.5  74.2
 PC3  89.3  86.5  84.9  82.7  88.7  96.0
 PC4  91.9  90.4  88.5  88.4  93.9  98.3
 PC5  93.5  93.0  91.2  93.5  96.3  99.2
 PC6  95.0  96.7  93.4  95.4  98.1  100
 PC7  96.3  98.0  95.3  97.0  99.1  –
 PC8  97.3  98.8  96.5  97.8  99.6  –
 PC9  98.0  99.2  97.6  98.5  99.8  –
 PC10  98.5  99.5  98.4  99.0  100  –
 PC11  98.9  99.7  98.9  99.3  –  –
 PC12  99.2  99.9  99.2  99.6  –  –
 PC13  99.4  100  99.5  99.8  –  –
 PC14  99.6  100  99.6  99.9  –  –
 PC15  99.7  –  99.8  100  –  –
 PC16  99.8  –  99.9  100  –  –
 PC17  99.9  –  99.9  –  –  –
 PC18  100  –  100  –  –  –
 PC19  100  –  100  –  –  –
 PC20  100  –  100  –  –  –
 PC21  100  –  –  –  –  –
 PC22  100  –  –  –  –  –
 PC23  100  –  –  –  –  –
 PC24  100  –  –  –  –  –

cluster. Hour 19 stands alone, forming its own cluster, indicating an in-
termediate consumption level between the peak and mid-consumption 
hours. In contrast, for Severity 3, all hours descend almost equally be-
tween the clusters. This shows a fairly stable consumption throughout 
the day.

Significant changes are observed for the Severity 4 clusters. Some 
night hours shift from the lowest-consumption (purple) cluster to the 
low- to mid-consumption (green) cluster. High consumption peaks ap-
pear during hours 12, 16, and 22, forming the yellow cluster. The re-
maining hours exhibit relatively stable consumption and are grouped 
into the largest cluster (blue), indicating consistent demand across these 
periods.

At Severity 5, distinct patterns with pronounced peaks emerge. Here, 
the night hours, early morning and late evening form the largest low-
consumption (purple) cluster. The highest peaks at hours 12, 16 and 
17 are in the green cluster, and the mid-consumption is represented in 
the blue cluster at hours 13–15. Interestingly, the lowest consumption 
is observed here during hour 23, separated in the yellow cluster. How-
ever, hour 11 AM is also grouped in the yellow cluster, despite show-
ing medium consumption levels that align more closely with the blue
cluster, suggesting occasional discrepancies based on available data. 
Since Severity 5 was observed for only three months, this dataset in-
cluded only six dimensions, representing the mean and standard devia-
tion for each month.

5.4.  Discussion on results application for DHW control

To mitigate the crisis impact on DHW preparation, understanding 
the main system components and possible control actions is essential. 
Fig. 13 illustrates the DHW system, divided into supply, distribution, 
and demand. The supply includes a solar collector and a boiler/district 
heat pump, while distribution consists of supply/return water systems 
and DHW storage. The demand side features an additional controller. 
According to ISO 52120-1:2021 [49], DHW storage charging can be 
managed via direct or integrated electric heating, solar collectors, or 
supplementary heat generation on both the supply and demand sides. 
Additionally, hot water generation can regulate storage charging on the 
supply side, and DHW circulation pumps can be controlled within the 
distribution system. Control actions range from simple on/off mecha-
nisms to advanced automated solutions integrating multiple sensors and 
predictive models.

The observed changes in daily DHW consumption patterns dictate 
the need to assess these changes in relation to hot water preparation 
systems. Therefore, DHW system control strategies should be adapted 
to account for altered consumption patterns during lockdown periods. 
Fig. 9 shows that during the lockdown period (red curve), the dura-
tion of increased DHW consumption lasted approximately 11h (from 
10:00 to 21:00) compared to the non-lockdown period. All periods show 
two daily peaks in DHW demand; however, these peaks are more pro-
nounced during lockdown.

In optimising the hot water production process, the main objective 
is to ensure the required hot water flow for a certain period, and this 
must be achieved with a minimum energy that is directly related to the 
amount of resources consumed from traditional energy sources (e.g., 
district heating). This implies that if we can accurately forecast peri-
ods of increased consumption, we can optimise DHW preparation and 
reduce heat losses in storage tank-type systems. This approach would 
be beneficial for the integration of renewable energy sources and the 
improvement of net balance options.

This quantification is particularly important for stakeholders such 
as energy and water utilities, policy makers, building engineers, facility 
managers, and real estate developers, as it provides data-driven insights 
for strategic planning. For example, water management boards and en-
ergy planners require accurate demand patterns to optimise resource al-
location and infrastructure development, particularly in regions where 
DHW systems rely heavily on renewable energy sources. The findings of 
this study support long-term planning for sustainable energy integration 
and resilient water management strategies.

For renewable energy sources (solar, wind, hydro), characterised by 
intermittent generation, control strategies must account for energy fluc-
tuations while minimising carbon footprint. This is especially critical 
during high-severity lockdowns, where hot water production requires 
greater adaptability. Optimising control should be guided by forecasts of 
both DHW demand and renewable energy generation. The ESC classifier, 
designed to predict DHW crisis severity, supports proactive maintenance 
by optimising control actions based on detected patterns. This aligns 
with prescriptive maintenance strategies aimed at improving equipment 
reliability and operational efficiency in both residential and industrial 
settings [50].

By analysing mobility and DHW consumption patterns, this study en-
ables faster, more effective responses to crises like pandemics, economic 
shifts, and extreme weather events. Integrating data from retail centres 
and public transport stations, the model detects early crisis indicators, 
supporting rapid decision-making. Its flexibility extends beyond energy 
crises, making it applicable in various sectors where external factors 
impact resource use.

Anticipating energy crises can lead to significant cost savings for 
both consumers and utilities. Consumers benefit from lower energy bills 
through optimised usage, while utilities improve resource allocation, re-
ducing reliance on costly backup systems. Over time, these efficiencies 
can reduce operating costs and contribute to more affordable energy.

6.  Conclusions

This study investigated the impact of lockdown during crises condi-
tions on DHW consumption patterns, evaluating changes in these pat-
terns based on the severity of the crisis, with the goal of improving con-
trol over energy production and distribution. In this regard, a case study 
of ten residential apartment buildings in Kaunas (Lithuania) was anal-
ysed. The main conclusions of the study are as follows:

• Google Community Mobility Reports facilitated the classification of 
crisis severity levels, allowing for generalisation to any crisis in-
volving reduced citizen mobility. The analysis showed significant 
changes in mobility patterns during COVID-19, with extremely low 
mobility at the start of lockdowns and gradual increases toward their 
end.
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Fig. 12. Normalised thermal energy consumption for hot water preparation clusters of different daily hours.

• The extracted DHW daily consumption patterns for each mobility 
level exhibited significant discrepancies compared to the baseline 
(normal conditions), with changes reaching up to 50% at the high-
est severity level. Analysis of daily, weekly, and yearly DHW con-
sumption patterns across different periods—pre-COVID, COVID dur-
ing lockdown, and COVID without mobility restrictions—revealed 
that seasonality has a more significant impact on total consump-
tion. However, lockdown severity had a more pronounced short-term 

effect, causing immediate shifts in peak demand timing and usage 
habits.

• PCA and k-means were used to identify DHW consumption clus-
ters for each hour of each day across all severity levels. The 
results indicated that these clusters vary significantly with each 
severity level, revealing distinct shifts in hourly consumption pat-
terns that align with changes in occupant routines and mobility
restrictions.
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Fig. 13. DHW system and control. Adapted from [49].

• The developed ESC classifier demonstrated high accuracy (𝑅2 =
0.99) on both training and test datasets, indicating a strong general-
isation with minimal overfitting. The predicted severity levels serve 
as input for utility managers, building owners, and other stakehold-
ers, allowing targeted control actions based on the extracted DHW 
consumption patterns for each severity level.

7.  Limitations and future work

A key limitation of this study is the relatively small amount of data 
available for modelling. Newer metering systems that can distinguish 
between hot water used for everyday activities and heating have only 
been introduced in recent years. As a result, the amount of data for train-
ing the models was limited, which made it challenging to fully develop 
and refine certain models, especially those designed to predict hot water 
demand over time.

In the future, more extensive data collection is needed to improve the 
accuracy and performance of the models. This could include collecting 
data over a longer period and incorporating additional factors such as 
weather, user habits, or building occupancy. Expanding the data set in 
this way would help the models perform better, especially when dealing 
with unexpected events or disruptions.

Furthermore, the study was conducted and focused only on residen-
tial buildings, but hot water consumption patterns during crisis periods 
in other types of buildings (industrial, commercial, service, office, etc.) 
would be relevant and encouraged as future work.

Further research should also explore how well these models can be 
applied to different types of buildings, such as commercial or mixed-use, 
and in different regions. Developing more advanced methods for predict-
ing DHW use, such as time series models that track changes over time, 
could also make the system more effective. By addressing these possible 
research areas, the study findings could become even more useful and 
widely applicable.

The changed daily patterns of hot water consumption during the cri-
sis period are relevant in terms of thermal energy production using dif-
ferent sources. These cases have recently become particularly popular 
when thermal energy is produced from electricity using heat pumps. Pri-
mary energy is obtained from solar, wind, or hydro sources, but it causes 
significant fluctuations in the demand/production balance and energy 
prices. Balancing different types of energy is becoming a necessity for 

many modern buildings; therefore, the research conducted serves a fur-
ther perspective, i.e. to explore the possibilities of controlling the build-
ing’s heating system by varying between different energy sources, taking 
into account the energy prices on the market in real time.
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