Enhancing Sustainability in Smart Home Management with
Automation Simulations and Green Suggestions

Davide Guizzardi
Barbara Rita Barricelli
Daniela Fogli
{davide.guizzardi,barbara.barricelli,danielafogli}@unibs.it
University of Brescia
Brescia, Italy

Abstract

This paper presents a digital twin for green smart homes that can
simulate the impact of user-created automations on energy con-
sumption. Data collected about the states of appliances and es-
timated power requirements of automations are exploited by the
digital twin to estimate the overall energy consumption of the smart
home. Consequently, the digital twin can alert users about potential
energy overloads and provide suggestions for sustainable actions.
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1 Introduction

A smart home is a home-like environment endowed with ambient in-
telligence and automatic control, which allows the home to respond
to the behavior of its occupants and provide them with several facil-
ities [10]. A common approach to building smart homes is to create
an Internet of Things (IoT) ecosystem [3] that allows residents to
tailor home behavior by creating automations. Automations are usu-
ally conceived as event-condition-action (ECA) rules that users may
compose exploiting end-user development techniques implemented
as graphic interfaces [4, 13, 22], conversational tools [7, 8, 12, 15], or
multi-modal applications [1]. In particular, automation creation can
contribute to smart home energy management, helping inhabitants
reduce energy consumption and, consequently, their environmental
impact and energy bills. However, when several automations are
defined to manage smart homes, conflicts may occur during their
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execution, especially when different users are in charge of automa-
tion creation to control shared appliances. Several approaches have
been proposed in the literature to detect conflicts between ECA
rules [6, 18] and help users solve them [5, 16, 17, 20, 21]. In this
paper, we focus on the interaction between automations that may
yield other types of conflicts and issues in smart homes related to
sustainable energy consumption. Based on the energy consump-
tion estimation of each available appliance, our approach allows
the simulation of the impact that the automation under creation
could have on the overall energy consumption of the house. Such a
simulation is used to notify the user of critical situations (e.g., the
quantity of energy required in a given time interval exceeds the
maximum load capacity) or provide the user with suggestions for
more sustainable behaviors (e.g., by changing the start time of the
automation). To implement this approach, a Digital Twin (DT) of a
smart home has been developed, which can monitor and estimate
appliances’ energy consumption based on data collected about their
activation. Using a DT allows for real-time synchronization of data
from the actual home and performing ‘what-if” analyses of energy
consumption whenever the user defines a new automation. This
idea was originally presented in a preliminary work [2], while the
DT architecture was delineated in [11]. Then, in [9], we presented
the machine learning algorithms adopted to estimate the consump-
tion of appliances available in a hypothetical smart home using
public datasets. The present paper extends the previous work by
considering a real smart home and describing how the simulation
of user-created automations has been developed.

2 Background

In our previous work [9], we explored the use of clustering tech-
niques to extract the operation modes of appliances from publicly
available smart home datasets. In particular, we built a machine
learning pipeline that was able to take energy consumption data
from GREEND [19] and UK-DALE [14] datasets, convert those time
series into a latent state that summarized the entire activation, and
group each latent state hence identifying the appliances’ modes of
operation. In this way, we have created a table that specifies the
average power demand and duration for each category of device
and each mode of operation of said category. The complete table
is available in [9]; as an example, the appliances belonging to the
Television category can be operated in two modes, Stand-by or On,
with power consumption respectively of 18 Watt and 110 Watt
and with an infinite duration for the first mode and an estimated
duration of 1833 seconds for the second one.
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These data could be used to estimate the power requirement and
the overall duration of the actions within an automation. For each
action, it is possible to identify the device involved and the state
the action wants to set. Given the tuple <device type, state>, the
next step is to look for that combination in the table obtained from
GREEND and UK-DALE and retrieve the average consumption and
duration. At the end of the process, an estimate of the impact of
the automation, both in terms of instantaneous power demand and
energy consumption, will be available.

Although good in theory and useful for solving the cold start
problem, this approach does not consider the inhabitants’ lifestyles
and the characteristics of their smart devices. Different people use
their devices in unique ways, and smart devices often have varying
consumption patterns depending on their maker, model, and usage
context; hence, the estimation based on public datasets could heav-
ily differ from the actual scenario. To solve this problem, we propose
a system that evaluates the impact of automations using real usage
data collected from the house where the system is installed. The
platform chosen to manage automations, control devices, and mon-
itor state changes is Home Assistant!. Home Assistant (HA) is an
open-source home automation platform that runs on local hard-
ware and lets users control the devices connected to the network.
HA provides an automation engine and constantly keeps track of
any changes in the devices’ states.

3 Simulation of automations’ impact on energy
consumption

Periodically, the system queries HA’s API to have the history of
the devices. For each device, HA will return the list of all the state
changes that happened in the time range requested, specifying, for
each record, the new state assumed and the timestamp of the change.
Since HA does not provide data with a constant granularity, leading
to additional challenges to the estimation process, a function that
converts HA’s history into a list of fixed duration blocks (one minute
each) was first implemented. The converted history can then be
analyzed to compute the average power demand and duration of
the appliances’ modes. The category to which a device belongs
influences how the power value is obtained: some devices, such as
smart plugs, can directly provide their real-time power usage, and
in that case, the average power of a state is obtained by summing
the power values and dividing the result by the duration of the
state (in minutes). Other devices, like smart speakers, do not report
their real-time consumption. For this category of devices, a manual
mapping is needed where each state of the device is associated
with a static power value, usually obtained from the device’s user
manual. The average duration of each state is obtained directly
by computing the overall time of the state and dividing it by the
number of times that device was set to that particular state. Once
the usage data of a device is computed, the method compares it
with existing data in the database. If the database already contains
information for a specific device and state, new moving averages for
power and duration are defined using Formula (1). If no prior data
exists, the newly calculated averages are inserted into the database
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without any further operations.

(old average = #past samples) + ), new values

new average =
g # old samples + #new samples

1)

Given the house-specific information saved in the database, it
is possible to estimate the impact of new automations on energy
consumption more accurately. In particular, two objectives can
be achieved: 1) to evaluate whether different automations affect
each other and if potential conflicts arise from their coexistence,
particularly regarding the maximum amount of energy the home’s
electrical system can handle; 2) to provide users with suggestions
on how to optimize their automations to use less energy and save
money.

Listing 1 presents the pseudocode of the function used to detect
potential sustainability conflicts. The function takes the automa-
tion under creation as input, combines it with the saved automa-
tions, and generates a structure that models the state of the devices
throughout each day of the week, known as State Matrix. The State
Matrix is a 7 X 1440 X #devices data structure that captures the state
of each device for every minute of the week. It is built by initializing
an empty matrix and filling it out using saved automations and his-
torical usage data. For each automation, processed in chronological
order, the system determines the days the automation applies to and
the devices that are subject to changes. According to the devices’
desired states, it extracts from the database the duration of each
action and updates the matrix cells for the affected minutes, days,
and devices with the states defined by the automation’s actions.
Based on the State Matrix, the system identifies conflicts, i.e. any
time periods when the power consumption exceeds a predefined
threshold (typically 3 kW for domestic use in Italian households).

To suggest alternative scheduling for an automation, with the
aim to optimize energy costs, a further function computes the
original cost of an automation and explores alternative start times
that could reduce it. The final output of the function is a list of
suggestions for possible time optimization that could save the user
some money without raising conflicts with the currently saved
automations.

4 A smart home digital twin for automation
simulations

The presented functions are implemented in a web-based applica-
tion representing a Digital Twin of a green smart home. Both the
DT and the HA Operating System (OS) run on a Raspberry Pi 5
computer connected to the local network.

The system front-end, written in React, shows automations’ de-
tails and provides the users with information about the sustain-
ability conflicts and suggestions on how to optimize the selected
automation. For example, in Figure 1, the list of all the automa-
tions saved in HA is presented on the left. By clicking on the name
of an automation, a card with its details will appear on the right.
Among the details, the ‘Green suggestions’ section presents ways
to improve the sustainability of the automation.

The system back-end is composed of a set of API endpoints, writ-
ten in Python, that furnish the front-end with the data it needs. It
is responsible for the retrieval of automations’ details from HA and
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Listing 1: Identify Sustainability Conflicts function

1| FUNCTION identify_sustainability_conflicts (state_matrix ,device_list ,power_threshold):

FOR day FROM 0 TO 6: # Monday = 0, Sunday = 6
3 cumulative_power_array = ARRAY[1440] initialized to 0
4 FOR minute FROM 0 TO 1439:

in device_list)
6 cumulative_power_arrays[day] =
conflicts = EMPTY_LIST

8 FOR day FROM 0 TO 6:

9 current_array = cumulative power_arrays[day]
10 conflict_start = NULL

11 FOR minute FROM 0 TO 1439:

12 IF current_array [minute]

cumulative_power_array

> power_threshold:

13 IF conflict_start IS NULL:
14 conflict_start = minute
15 ELSE IF conflict_start IS NOT NULL:

5 cumulative_power_array[minute] = SUM(get_average_power(device ,state_matrix [day ][ minute][device]) FOR device

16 conflicts .APPEND ({day: day, start: conflict_start, end: minute - 1})
1 conflict_start = NULL
18 RETURN conflicts
Green Smart Home K
&3 Your automations Relax time
@ Home
When
Consumption i
4 P Q Enter automation name... ® Time is equal to 21:00
43 Automations NAME STATE
& Configuration Relax time @ on o and if
B Day is Friday
Good morning on °
Turn on lights at sunset Off (] Do
Play music on Google home mini
Wash everything @ off (]
U Turn on Living room light 1
Going out on [»]
Turn on Living room light 2
At home on [»]

O Automations schedule

15/07/2024 () 07:00

« Good morning

21:00

« Relax time

21:05

« Turn on light at sunset

£ Notifications

Name Lastname
name@admin.com

S Green suggestions

« Postpone the activation of the automation after 23:00. By doing so,
you can save 1,30€ each month!

Figure 1: A screenshot of the Digital Twin web application. The "Relax Time" automation details include the green suggestions.

the simulation of their impact to identify conflicts and possible opti-
mizations. Additionally, it periodically extracts HA’s device history
and computes the moving average of states’ power demand and du-
ration that are needed for the simulation feature. HA is integrated
into the system thanks to the OS and its APL It autonomously man-
ages automations and devices, collecting data on appliance state
changes and saving them into its internal database.

5 Conclusion

This work presented a feature of our Digital Twin of a green smart
home to help users optimize energy consumption and avoid over-
coming the energy meter load capacity. We plan to integrate ma-
chine learning to predict energy consumption in subsequent min-
utes, hours, or days, and thus provide further green suggestions.
Customization of suggestions based on user preferences will also be
implemented. The deployment and experimentation of the system
in real homes will finally be carried out.
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