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Abstract: With the widespread popularization of software engineering-based Internet of Things technology, the smart home field has
obtained the basic conditions to realize fine-grained monitoring and intelligent control of household energy consumption. Presently,
there are two big issues with our home energy management. First, in this paper, our emphasis is only on conserving energy rather than
considering whether the energy we consume from the grid is clean or dirty. Second, we are not making sure that the software we use to
schedule our energy use is reliable. To address these issues, this study proposes a carbon-aware home energy management framework that
integrates predictive modeling, environmentally conscious scheduling, and software reliability validation. The three major entities of the
proposed scheme are predicting the closeness, predicting energy usage, and scheduling to utilize energy to reduce our carbon footprint.
In this context, utilizing a special formula that considers both energy consumption and carbon emissions, we can find ways to make
our homes better and more efficient for the planet. For this newly proposed system, all simulation experiments were completed on the
OMNeT++ platform. After the simulation tests were finished, several types of reliability verification tests were also conducted. The results
of these tests are clear: all core performance indicators of this new framework outperform those of the benchmark method used as a
reference. This system can provide an accurate, long-term usable solution for next-generation smart home energy management systems.
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1. Introduction home environments [1, 2]. Smart meters, air quality sensors,
and “connected” household devices can closely monitor domes-

The rapid development of Internet of Things (IoT) tech-  tic energy use in the home, offering new ways to encourage more
nology has transformed traditional homes into intelligent smart  efficient and sustainable energy consumption [3-5]. As energy
consumption in homes rises, smart homes are increasingly seen as
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used through rule-based control or energy-sensitive scheduling
[8, 9]. Although such measures can lead to significant energy sav-
ing, it implicitly suggests a constant (static) relationship between
using energy and environmental impact [10]. However, modern
power grids demonstrate large temporal variation in carbon inten-
sity because of the time-varying contribution from renewable and
fossil-based energy. As a result, reducing energy consumption
alone doesn’t imply that CO, emissions would also be mini-
mized, especially for areas with time-varying and heterogeneous
generation profiles.

Home energy management and home appliance scheduling,
using smart home technology and the IoT, have been broadly
recognized over the previous years as a means to improve sustain-
ability. Scholars such as Shewale et al. [11] introduced the concept
of Multi-knapsack Scheduling (MKSI) and Multi-knapsack Price
(MKPI) algorithms for the multi-knapsack model to minimize
the electricity bill and minimize the peak-to-average ratio (PAR)
using demand response and dynamic pricing. Previous studies
have shown that energy load shifting can optimize energy use
in residential systems; however, existing analytical frameworks
primarily emphasize minimizing only electricity bills and reduc-
ing the PAR and do not include the five modules of the main
research. Therefore, the current contributions show the poten-
tial of smart home technologies, with the design of the solutions
mainly based on static and/or rule-based mechanisms and not
considering predictive control or aiming to optimize (explicitly) in
terms of carbon [12]. Besides, there is no explicit model of carbon
emissions as an optimization objective [13].

Yet another drawback of the present smart home energy
management systems is the absence of a predictive nature [14,
15]. If there is no anticipation of what future demand may be,
or the state of the grid soon, control decisions remain reactive,
which prevents using low-carbon periods or predicting peak loads.
Predictive energy modeling remains a promising area to investi-
gate in other domains; however, it is typically analyzed by itself
and not yet well integrated with real-time scheduling and control
[16]. Furthermore, most of the previous work focuses on func-
tional aspects such as saving energy and fails to consider software
engineering issues (e.g., testing, validation, robustness), which are
important for a reliable deployment in residential environments
[17, 18].

Inspired by the above, this paper presents a practical,
software-tested carbon-aware IoT scheduling model for predictive
energy models with sustainable smart homes. The current frame-
work is based on the forecasting of energy demand in the short
term, the estimation of energy intensities, and the carbon-aware
scheduling in a closed-loop control loop. The methodology takes
a different approach from other methodologies, with direct CO,
emission minimization, while respecting user comfort and real-
time feasibility. Moreover, this work provides system software
testing and validation to guarantee robustness, correctness, and
scalability of the proposed system.

This research introduces a novel way of managing energy
in environmentally sustainable smart homes. This way, it does
not rely on separate models to predict energy use or to opti-
mize the utilization of energy, but rather, it develops one system
that incorporates all these functions. In this work, there are four
major components of this system: forecasting energy demand,
real-time scheduling of energy usage, forecasting energy grid car-
bon emissions to reduce carbon emissions, and reliability of
the system. Thus, the system can proactively manage energy
consumption, which can be used to reduce carbon emissions, by
predicting energy consumption and making decisions using Al.
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Consequently, a solution where various components of the sys-
tem are linked together to address real-world issues. The main
goals of this study can be summarized as follows:

1) This research presents a complete system for managing car-
bon use in smart homes. It’s based on a special internet system
that can talk to lots of devices in the home. The system
has three main parts: one that predicts how much energy the
home will use, one that forecasts how much carbon will be
released, and one that schedules when appliances should be
used.

2) This study came up with a special equation to predict costs
related to carbon. It considers how much energy we will need
and how much carbon we will release. The idea is to use elec-
tricity when it’s not making as much carbon but still keep
things running smoothly and comfortably for users.

3) We design a lightweight and computationally efficient schedul-
ing methodology with a complexity of O(NH + Nlog N),
making the framework suitable for real-time deployment
on resource-constrained smart home gateways and edge
controllers.

4) We present a flexible software framework based on software
engineering fields, which is able to manage technical tasks,
thereby making it easier to set up and run a smart home energy
management system that can predict and manage energy use
in order to enhance the efficiency and reliability of these
systems.

5) This research uses computer simulations to test a new
approach on a large scale. It is developed by comparing
the new method to some popular existing methods with a
tool known as OMNeT++. Our results indicate that the new
approach is superior in four key aspects: low energy con-
sumption, user comfort, and real-time operation. In general,
it works much better than the other methods.

The remainder of this paper is organized as follows. Section 2
reviews related work on smart home energy management, carbon-
aware [oT systems, and software testing. Section 3 presents the
system model and architecture. Predictive energy and carbon mod-
eling are described in Section 4, followed by the carbon-aware
scheduling framework in Section 5. Software testing and valida-
tion are detailed in Section 6, and the experimental setup and
results are presented in Sections 7 and 8, respectively. In the end,
Section 9 concludes the paper and outlines future research
directions.

2. Related Work

The existing studies related to energy management in smart
homes, making IoT systems more aware of carbon usage, energy
consumption prediction, and application software engineering in
control of the IoT-based framework, were also explored. In addi-
tion, it highlights current methods’ weaknesses and the need for
developing a new method for creating carbon-aware scheduling
based on software testing. Hence, our work shows the disadvan-
tages of the existing methods in recent research, demonstrating
the need for a novel software testing techniques-based approach
to developing carbon-aware scheduling.

2.1. Energy-efficient smart home systems

Some research works of interest have been carried out to be
more energy efficient using IoT technologies for enhancing smart
homes.
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Simon et al. [19] presented a fuzzy control strategy and
renewable energy-based smart home heating system for energy
savings. Adaptive heating by sensing the environment and occu-
pancy enables a maximum of 40% energy saving while keeping
the room comfortable, which supports living green. Furthermore,
Lakhan et al. [20] introduced a smart grid for smart homes and
Electric Vehicles (EVs) with the utilization of energy-saving mech-
anisms and the blockchain paradigm. Their proposed system aims
to reduce the processing speed and consumption of this system
by using fiber optic IoE sensors and a blockchain data scheduling
protocol, while the proposed blockchain data scheduling protocol
is expected to be more efficient than a conventional blockchain in
scheduling the data. On the other hand, Alowaidi et al. in [21] pro-
posed the use of a fuzzy logic controller for energy management
in smart home and microgrid networks using IoT. Smart micro-
grids offer opportunities for optimizing load control, storage, and
the renewable energy portion of their work, which can enhance
their efficiency in the use of energy, their operation, and their eco-
nomic and sustainable performance. Besides this, Bhowmik et al.
[22] presented an energy-efficient smart home—health monitor-
ing system during the pandemic. Their work combines different
multi-sensor measurements using the Dempster—Shafer theory
and provides online monitoring of the populace for environ-
mental and physiological data, warns the user if the situation
is dangerous, and allows for remote monitoring of health at a
lower cost. As well, Doughman et al. [23] discussed how smart-
based decision-making can make more efficient, comfortable, and
sustainable homes as they explore how smart homes can be
transformed with intelligent and adaptive technologies.

Recently, there have been a number of external works try-
ing to address energy-aware scheduling and resource optimization
issues in various IoT applications, including mobile crowd sens-
ing in the study by [24]. Other work, like [25], includes wireless
rechargeable sensor networks, and these works have led to the
identification of the central question of how to develop efficient
scheduling strategies.

There are common sensor-based automation, rule-based
control, and threshold-based methods that have been used to
prevent unnecessary power consumption. While learning-based
systems are very positive in reducing energy use, they act reac-
tively and are not “intelligent” enough to deal with the dynamic
nature of energy profile minutes and peak hours. The research
by Dwivedi et al. [26] conducted an in-depth analysis of an
extensive survey of smart homes’ sustainability and energy effi-
ciency issues with the help of IoT tools. Although they show
the potential of reducing home energy consumption through IoT-
based automation, they are mostly static or rule-based systems
with no predictive scheduling and optimization. Further, there is
qualitative treatment of carbon emissions lacking any model or
minimization.

2.2. Carbon-aware and sustainable IoT systems

More recent works have extended energy systems’ opti-
mization to carbon awareness by taking grid carbon intensity
and renewable availability into account. Song et al. [27] present
LSCEA-AIoT, a low-carbon sustainable computing framework
for Artificial Intelligence of Things (AloT) systems by considering
energy-efficient data acquisition and carbon-aware task offload-
ing. Pournazari et al. [28] propose a carbon-aware multi-objective
optimization framework for fog computing that jointly minimizes
energy consumption, makespan, and CO, emissions. Ghosh et al.
[29] introduce a modular framework to quantify and investigate

the carbon footprint of blockchain-based IoMT systems. Alevizos
et al. [30] introduced a runtime carbon-aware system for swarm-
based optimization in High-Performance Computing (HPC) that
links algorithmic behavior to measured emissions. This research
demonstrated that aligning energy consumption with periods of
low grid carbon intensity can significantly reduce carbon emis-
sions. While most carbon-aware strategies target large-scale power
systems, data centers, and industrial applications, very few studies
address residential smart homes.

For the smart home domain, carbon awareness is usually
addressed implicitly through energy consumption reduction, sup-
posing that CO, emissions are directly proportional to energy
usage. Hence, this assumption might not remain valid in today’s
power networks, where the mix of generation units is subject to
frequent temporal changes. Therefore, current smart home IoT
models, such as those of Dwivedi et al. [26], cannot completely
exploit the opportunities offered by temporal variations in carbon
emission factors.

2.3. Predictive energy modeling in smart homes

Predictive energy modeling approaches commonly employ
time-series analysis and machine learning methods, including
recurrent neural networks, autoregressive models, and deep learn-
ing algorithms. For example, Priyadarshini et al. [31] presented
energy consumption of intelligent homes based on ensemble
methodology and machine learning models. Khan et al. [32] have
introduced a dynamic model of energy optimization based on the
edge with the support of deep learning, fuzzy control, and whale
optimization to satisfy a balance between people’s energy pricing
requirements and comfort degree in real time. Otherwise, Gellert
et al. [33] have studied Photovoltaic (PV) production forecast-
ing and home energy consumption using statistical models and
neural networks. As such, these models can be used for short-
term forecasting of household energy demands and for developing
proactive control strategies.

Moreover, predictive models are typically verified for predic-
tion accuracy only and not tested for system-level sustainability
metrics or downstream decision-making. In the real world,
approaches such as these are not readily applicable in real oper-
ational smart home environments due to the lack of integration
between prediction, scheduling, and validation.

2.4. Software engineering and testing in IoT
frameworks

As IoT smart home systems or applications become more
mature, less attention is given to software engineering-related
issues, such as testing, validation, and robustness analysis. As
mentioned by the research of Taylor et al. [34], the key chal-
lenges in cybersecurity testing of IoT environments include
life-cycle-aware risk assessment on software engineering practices,
propagation of threats among distributed devices connected in
IoT, and limitations of low-power distributed devices. To make
security testing reproducible, scalable, verifiable, and unbiased,
Cristea et al. [35] have released open-source software, mock IoT
applications, and a behavior-driven framework for functional test-
ing. Existing research focuses primarily on functional attributes
(e.g., energy), and there has been little or no systematic study of
software correctness, execution performance, and dependability.

Shewale et al. [11] developed two scheduling algorithms,
MKSI and MKPI, which used Demand Response (DR) and
Dynamic Pricing (DP) strategies to reduce electricity cost and
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PAR and to balance and manage energy to obtain good results.
However, this research does not cover carbon-intensity estima-
tion, carbon-based scheduling, software verification, etc., which
are part of the research that is needed to address this. How-
ever, the existing studies do not fully consider carbon-intensity
estimation, carbon-aware scheduling, or software verification and
validation, and this is the very gap that the current study fills from
an integrated software engineering approach.

2.5. Research gap and novelty analysis

In this regard, current solutions tend to focus on minimizing
electricity usage by developing fixed rules or schedules generated
by traditional optimization methods. Many solutions, neverthe-
less, did not take into account the time-varying carbon intensity
of the grid, depending on modern techniques of software engi-
neering. Thus, electricity savings may not necessarily mean energy
usage during the least polluting times. The usage of carbon-aware
techniques in the context of smart homes, with strategies of soft-
ware engineering, is less systematic and has been investigated less
extensively than in other contexts, like data centers, industrial
energy, and cloud computing systems.

Another challenge has to do with the correlation between
energy usage and carbon emissions in big computing systems
and how much carbon is being released by the grid at differ-
ent times. Therefore, many of the existing studies, which are
implicit, take it for granted that more electricity usage is directly
associated with more carbon emissions. The carbon intensity of
electricity, however, can vary significantly over time in practice
and can even change as the electricity generation mix of the grid
shifts. Many of the current smart home energy management stud-
ies do not acknowledge this temporal and future variability. In
addition, there is a frequent approach of energy demand forecast-
ing and energy scheduling as separate tasks. Without forecasting
consumption and using that forecasted consumption to inform
energy-scheduling decisions, the environmental impact of energy
consumption can be evaluated and managed only after it has
occurred.

The proposed framework does not offer to bring a new opti-
mization theory or a fundamentally new forecasting innovation.

Instead, it is in the ways that it combines well-known methods
and system needs that are typically studied separately in the cur-
rent literature. The distinction of this paper is significant because
the primary research gap identified in this study is the lack of an
integrated approach that takes into account energy demand, grid
carbon intensity, scheduling, and software engineering under one
roof to provide a comprehensive solution.

This paper introduces a framework that combines four com-
plementary functionalities: short-term energy demand forecast-
ing, carbon-intensity forecasting, carbon-aware energy scheduling,
and software engineering assurance to overcome these limita-
tions. The framework intends to make these functions part of
a single process of smart home energy management. Here, the
carbon-intensity information is used to inform decisions based on
a predicted energy demand. The software engineering component,
in turn, tackles the needs essential for the reliable implementation
and operation of the system that results.

As described in Table 1, current research focuses only on
some or a limited number of these capabilities. Some of them
are primarily concerned with energy forecasting, others are con-
cerned with optimization or scheduling, and a smaller group is
concerned with carbon-related considerations. Requirements in
software engineering are also not typically considered as part
of the energy management system. The proposed method, in
contrast, integrates all four aspects to offer a more compre-
hensive base for sustainable and reliable smart home energy
management.

The resulting framework focuses not just on the electricity
use but also on the time, the way, and the reliability of supporting
software in a real-world environment. This integration can enable
smart homes to make better energy use decisions and decrease
the carbon footprint of their use. The proposed framework is thus
structured to address the research gaps identified while not trying
to develop new optimization theories or algorithms but rather to
focus the study on system integration.

3. System Model and Architecture

This section provides the system model and architecture of our
proposed software-tested carbon-aware [oT scheduling framework.

Table 1
Comparison of existing studies and the proposed framework

Reference Key characteristics and research gaps

Dwivedi et al.

Reviewed IoT technologies for sustainable smart homes and highlighted the importance of energy man-

[26] agement. However, existing solutions are primarily static and lack predictive scheduling, explicit carbon

modeling, and software validation.
Song et al. [27]

Introduced a low-carbon AloT framework considering carbon-aware task offloading. The framework targets

large-scale computing environments rather than residential smart homes.

Pournazari et al.

Proposed a carbon-aware optimization framework for fog computing. Does not address predictive energy

[28] management or software testing in smart homes.

Khan et al. [32]

Developed an edge-based dynamic energy optimization model using deep learning and fuzzy control. Carbon-

intensity forecasting and software engineering aspects are not considered.

Gellert et al. [33]

Investigated household energy forecasting utilizing neural network and statistical models. Prediction studied in

isolation without integration into sustainability and scheduling objectives.

Proposed
Framework

Integrates short-term energy demand forecasting, carbon-intensity prediction, carbon-aware scheduling,
and comprehensive software testing within a unified smart home IoT framework. Provides an end-to-end

deployable architecture for reliable and sustainable residential energy management.
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The architecture is created to support predictive, emission-aware,
and stable control of smart home devices by formulating the
ToT sensor data acquisition, processing, predictive modeling, and
deterministic scheduling in a closed loop with control.

3.1. Smart home IoT architecture

The proposed modular and layered smart home IoT archi-
tecture supports predictive control, carbon-aware scheduling,
and systematic software testing, as illustrated in Figure 1.
Every architectural component is designed with a singular role in
mind, which in turn lends itself to robustness, scalability, and log-
ical separation of concerns. The main elements of the design are
as follows.

Figure 1
Architecture of the proposed software-tested carbon-aware smart
home scheduling framework
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1) IoT Sensing Layer: This layer contains smart meters, occu-
pancy sensors, and environmental sensors that monitor
household electricity consumption as well as contextual infor-
mation such as temperature, humidity, and lighting. The
accumulated field data are the raw input for short-term energy
demand and carbon emission estimates.

2) Communication Layer: The sensor signals can be sent to the
control unit by utilizing lightweight and trustworthy IoT com-
munication protocols. Data transmission is guaranteed timely
and securely with low overhead acceptable in a residential setting
based on the environment to enhance continuous monitoring.

3) Control and Processing Layer: It runs the predictive energy
and carbon-modeling modules by combining sensor informa-
tion. It contains a carbon-aware scheduler that utilizes pre-
dicted demand, carbon intensity, and operational restrictions
to compute the optimal dispatching decisions.

4) Actuation Layer: This layer contains controllable home appli-
ances, such as Heating, Ventilation, and Air Conditioning
(HVAC) systems, light bulbs, and smart plugs. Actuators are
commanded by scheduler units and modify the operation of
the devices so that carbon emissions are minimized without
sacrificing comfort to the user.

5) User Interface and Management Layer: The user interface
and management layer support three types of user oper-
ations including energy consumption visualization and are
equipped with an additional two types of system support

capabilities, thereby enhancing decision-making transparency,
user participation, and trust.

3.2. Data flow and control loop

The proposed method adopts a closed-loop data model that
enables real-time monitoring, prediction, and carbon-conscious
control of smart home appliances. The control loop consists of
the following key phases.

1) Data Collection: The data acquisition module of this study
adopts IoT sensors to collect four categories of core research
data.

2) Data Transmission and Aggregation: After collection of data
by sensors, they are transferred to the controller through com-
munication layer, and after synchronization, filtering, and
aggregation, the coherent treatment status output is achieved.

3) Predictive Modeling: In the process of predictive modeling, the
whole combined dataset is put into two kinds of models, which,
respectively, give out the forecasted energy consumption and
power grid carbon emissions within a definite time range.

4) Carbon-Aware Scheduling: In the process of carbon-aware
scheduling, predicted cost signals are taken as inputs, sub-
ject to the limitations from equipment inherent restrictions
and user comfort level requirements, and the optimum control
policies that minimize the expectation of carbon emissions are
outputted.

5) Actuation and Execution: The actuation drive execution func-
tion module of this study-designed smart home scheduling
system can automatically adjust the operating parameters and
on-off status of different kinds of thermostats and smart
lighting.

6) Feedback and Adaptation: In the sensing layer of the sys-
tem, outcome data are collected in the time period after the
execution of actions, and feedback signals are generated.

3.3. Assumptions and design considerations

The smart home system model and self-developed framework
proposed by the authors of this paper are built upon the practical
conditions and design trade-offs of real-world deployment scenar-
ios and possess the core characteristics of tractability, scalability,
and reliability.

1) Time Synchronization: The foundational concept postulated
in this paper is that all IoT devices use the same time bench-
mark and provide their data periodically, which forms the
basis of unified data alignment needed for predictive modeling
and scheduling.

2) Reliable Communication: In this paper, it is stated that the
communication level of the proposed architecture should pro-
vide reliable and low-latency communication for three types
of core nodes: sensors, control heads, and actuators. The
communication layer could employ only coaching and timed
retransmissions as a means to deal with occasional packet
losses and latency issues within a limited margin.

3) Device Heterogeneity: This paper offers some preliminary con-
cepts in order to conduct load scheduling research. Smart
home devices are heterogeneous; in this paper, the author
distinguishes between rigid loads and flexible loads that could
be shifted in time by the scheduler and provides the logic of
classification unambiguously.
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4) User Comfort Preserving: Based on the paper’s context of low-
carbon regulation policies, it identifies that the thermal and
lighting user comfort preferences could be categorized as hard
and soft constraints, whereas preserving comfort and reducing
carbon emissions are two primary objectives of the proposed
approach of this research.

5) Modular and Testable Framework: In this paper, the technical
framework uses a modular approach that has four mod-
ules, including sensing, prediction, scheduling, and execution.
Hence, these modules could be verified with unit testing and
integration testing.

6) Scalability and Deployability: In this paper, the proposed con-
trol logic is designed to be adapted to IoT device scaling
and might be applied to edge controllers and/or cloud envi-
ronments, which depend on computational requirements and
latency constraints.

4. Predictive Energy and Carbon Modeling

In this study, the second layer of the carbon-aware smart
home framework is the predictive modeling module, which cov-
ers two core tasks: (i) short-term household energy demand
forecasting based on IoT observations and (ii) estimation of car-
bon intensity to calculate emission-aware future operating costs.
The prediction outputs are sent to the carbon-aware scheduler,
which actively shifts flexible loads to low-emission time periods.
A detailed introduction of this modeling framework is shown in
Figure 2.

4.1. Notation and data representation

The operation of the smart home system in this study is
decomposed into discrete periods of time, and the key opera-
tional data, such as energy consumption, environmental status,
and device status, are collected by IoT sensors. To confirm clarity
and consistency throughout the study, all of the main key sym-
bols, variables, and parameters of the energy and carbon emission
forecasting modeling system for this study are presented in
Table 2. As such, these multiple entities of the proposed compo-
nents are recognized by the unified system, which establishes a
consistent foundation for our later analysis.

4.2. Short-term energy demand forecasting

Short-term household energy demand forecasting refers to
the practice of predicting future household electricity consump-
tion based on historical energy consumption data and real-time
contextual information from the IoT. Let E, denote the aggre-
gated household energy consumption at time slot ¢. Using a
sliding observation window of length w, the forecasted demand
for the next time slot is expressed as:

Et+1 = f¢ (B, Ei—1,s -

’ Et—W+1’Xt’xt—1’ LR Xt—W+l) (1)

where fo,(-) represents the forecasting model parameterized by ¢
and x;is the IoT context feature vector containing occupancy
information, environmental conditions, appliance states, and user
preferences.

This study is based on the household energy demand fore-
casting module that utilizes long short-term memory (LSTM)
networks to capture the temporal dependence and nonlinear char-
acteristics of household energy consumption data. The model
receives energy consumption measurements from the past and
context features from software engineering-based IoT and returns
the energy demand for the next time slot. The network consists of
64 memory units, with the optimization algorithm and a learn-
ing rate set to 0.001; all of the listed parameters are used for full
reproduction of the model. The loss function used for training the
model is the mean squared error (MSE) function.

LyN (B -E) 5

LE:N

where N denotes the number of training samples. The prediction
performance is evaluated using mean absolute error (MAE) and
root mean square error (RMSE), which quantify the deviation
between actual and predicted energy consumption values. Table 3
shows the LSTM forecasting model parameters.

The smart home controller in this study uses short-term
energy demand forecasting to optimize load scheduling while
also simultaneously addressing the two key scheduling objectives,
which include carbon emissions reduction and energy efficiency.

In order to test and verify the rationality of using LSTM
networks, this study used four benchmark models: the persistent

Figure 2
Predictive energy and carbon-modeling framework

/ 1. Data Collection \
(loT Sensors)

-
Smart Meter

2. Data Preprocessing
& Feature Construction

5 (Energy Data
ﬁ (Energy ) 3 Historical
=— HD‘asta Clﬁamr}gt indow
=" nchronization
Environmental Q Y
Sensors
(Light, Humidity,

N Temp)

3
S Occupancy
((( ” ))) Sensors

(Motion, Presence)

@ % Normalization

@ & Encoding

>

{0}  Feature Vector X,
SN (Context Features)

(9

[ ]
o7) Appliance States

(ONIOFF, Mode)

User Preferences
& Comfort
Settings

| SE—

listorical
Window

Predicted
Energy
Demand (E,)

Predicted

06

5. Outputs to Scheduler

Carbon_
Intensity (Cl,)

3. Predictive Models (LSTM) 4. Carbon & Cost Estimation

Predicted
Demand
(E) Carbon Emission
Estimation
G =E.xCl,
(gCO:)

3.1 Energy Demand Forecasting
(LsT™)

INPUL: Excppens By, Xe
Output: E.., (kWh)

Predicted
Carbon
Intensity Predictive Cost
G Calculation

Jo= GE, + B(E, x Cl)

3.2 Carbon Intensity Forecasting

(LsT™)

Input: Cle_g,...,Cle-y, Xe
Output: Cly., (aCO./kWh)
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Table 2
Notation and data representation are used in predictive energy
and carbon modeling

Symbol description

T Discrete time slot index
/\t  Duration of each time slot
T Total number of time slots in the observation
horizon
E; Actual household energy consumption at time slot ¢
(kWh)

Et Predicted household energy consumption at time
slot ¢
(kWh)
CI, Grid carbon intensity at time slot # (2CO,/kWh)

CI.t Predicted grid carbon intensity at time slot ¢
(gCO,/kWh)

C, Carbon emissions at time slot ¢ (gCO,)

Cpt  Predicted carbon emissions at time slot 7 (2CO,)

X, 10T context feature vector at time slot ¢
O, Occupancy level at time slot ¢
in  Indoor temperature at time slot ¢
ot
out Outdoor temperature at time slot ¢
ot
H, Humidity level at time slot ¢
L, Illumination level at time slot ¢
S, Appliance operational states vector
u, User preference and comfort profile
w Historical window size for energy prediction
W Historical window size for carbon-intensity
prediction
Jfo()  Energy demand prediction model

gy(")  Carbon-intensity prediction model

a, B Weighting factors for energy and carbon objectives

Table 3
LSTM forecasting model parameters

Parameter Value
Forecasting model LSTM
Hidden units 64
Optimizer Adam
Learning rate 0.001

Loss function MSE

Input window size
Output horizon

Evaluation metrics

w
One-step ahead
MAE, RMSE

prediction method, linear regression, Autoregressive Integrated
Moving Average (ARIMA), and Gated Recurrent Unit (GRU) as
the test models. The earlier-mentioned models are selected to rep-
resent traditional statistical approaches and modern deep learning

approaches in smart energy management; all the comparison
results are summarized in Table 4.

Table 4
Forecasting performance comparison
Model MAE RMSE
Persistence forecasting 0.86 1.11
Linear regression 0.74 0.96
ARIMA 0.62 0.81
GRU 0.49 0.67
Proposed LSTM 0.41 0.58

We verified through comparative model experiments that
the LSTM proposed in this paper achieves outstanding perfor-
mance across two core metrics: MAE and RMSE. This model
can capture the long-term temporal dependencies and nonlin-
ear consumption patterns inherent in household energy data,
so it is designated as the dedicated prediction engine for our
self-developed carbon-aware scheduling framework.

4.3. Carbon emission estimation

Carbon emission estimation is used to account for the envi-
ronmental footprint of household electricity by measuring the
carbon intensity of the electric grid. Carbon intensity is defined as
the amount of CO, emitted to produce 1kWh of electricity and is
expressed in gCO,/kWh. Consequently, carbon intensity will have
a lot of variation over time of day as electricity grids are made
up of different mixes of renewable and fossil fuel generation. So,
if carbon intensity is treated as a dynamic parameter, more envi-
ronmentally friendly and sustainable scheduling decisions can be
made.

Let CI, denote the grid carbon intensity at time slot 7. Sim-
ilar to energy demand forecasting, future carbon-intensity values
are estimated using historical carbon intensity observations col-
lected over a sliding window of length w,.. The carbon-intensity
prediction is expressed as:

Cluy = gy (CL CL_y, ..., Clo_yy 41) (3)

where gy () denotes the carbon-intensity forecasting model
parameterized by 1. Let £, denote the predicted household energy
consumption at time slot ¢ and CI, the corresponding predicted
grid carbon intensity. The expected carbon emissions for a single
time slot are computed as:

C, = E xClI, 4

where Cy; is measured in grams of CO,. This formulation explic-
itly captures the relationship between electricity consumption and
the carbon characteristics of the power grid at a given time. For a
prediction horizon of length H, the cumulative carbon emissions
are estimated as:

t+H

/Cr:z+H = ZT:[ Er x a-: (5)

which provides an assessment of future emission trends across
multiple time slots rather than isolated intervals. Table 5 presents
parameters of carbon-intensity prediction.

This paper proposes a carbon-aware power grid dis-
patch framework, whose core design decouples the two major
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Table 5
Carbon-intensity prediction parameters
Parameter Description
Carbon-intensity unit ~ gCO=%2/kWh
Input variable Historical carbon-intensity
values
Prediction model gxP(-)
Observation window We
Prediction horizon H
Output variable CI .t
Application Carbon-aware scheduling

prediction modules of energy demand and carbon intensity.
Under the premise that total energy consumption remains
unchanged, this framework can shift residential flexible loads
to low-carbon time periods and outperforms traditional energy-
centric optimization methods. The core content of this framework
is elaborated in detail in the following sections.

4.4. Carbon-aware predictive cost signal

In order to enable proactive and sustainable decision-making,
this subsection introduces a carbon-aware predictive cost signal
that is based on energy consumption and the carbon emissions
associated with this consumption. Next, in contrast to classical
energy-only cost functions, the abovementioned signal combines
economic and environmental aspects and is used as the objective
function for our software engineering-based IoT scheduler. Let £,
be the energy demand predicted at time slot  and Clct be the
carbon intensity of the grid predicted at time slot t. The carbon-
aware cost of a single slot is defined as:

J, = ak + B(E, x CI,) (6)

where o and 8 are non-negative weighting coefficients that bal-
ance energy efficiency and carbon emission reduction objectives,
respectively. The first term reflects the anticipated energy usage,
while the second term quantifies the environmental impact of that
usage.

Over a prediction horizon of length H, the cumulative
predictive cost is expressed as:

t+H
Jivy = Zf:,

[ak: + B(E: x CI)] ()

Measurement based on costs rather than instantaneous
performance measurements enables the controller to evaluate
alternative scheduling decisions in a way that is independent of
their immediate lifetime performance. The smart home controller
implicitly biases operation to times with lower carbon intensity
regardless of equal instantaneous energy consumption by mini-
mizing the predictive cost J;.; + . This anticipatory cost signal
is the crux of the relationship between predictive modeling and
carbon-aware actuation, thus allowing a mechanism to general-
ize how system behavior could be updated given user-specified
sustainability preferences and policy objectives.

4.5. Prediction error propagation analysis

The proposed scheduling framework relies on predicted
energy demand and future carbon intensity to construct the
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carbon-aware cost signal. Consequently, forecasting errors may
propagate into the scheduling decisions and influence the overall
system performance. Let AE, denote the energy demand pre-
diction error and ACI, denote the carbon-intensity prediction
error.

From the predictive cost formulation in (6), the perturba-
tion in the cost function caused by forecasting errors can be
approximated as AJ;, = aAE, + B(CI,AE, + E,ACI,), where
AJ, denotes the variation in the predictive cost signal.

The above expression indicates that inaccuracies in both fore-
casting modules directly affect scheduling decisions. However,
because the proposed framework continuously updates predic-
tions in a receding-horizon manner and preserves feasibility
constraints, the impact of moderate forecasting errors remains
bounded. Therefore, the scheduling mechanism exhibits graceful
performance degradation rather than catastrophic failure when
prediction uncertainty increases.

5. Carbon-Aware IoT Scheduling Framework

The carbon-aware IoT scheduling structure is a main
decision-making unit of the system. The structure utilizes energy
consumption and carbon emission forecasts to schedule the smart
home devices in a way that minimizes their environmental foot-
print while ensuring the user’s comfort. As shown in Figure 3, the
structure receives the energy demand and carbon-intensity infor-
mation from the prediction module, generates the carbon-aware
cost signals, creates plans for the appliances within four predefined
constraints, and achieves three core objectives.

5.1. Problem formulation

We assume time is divided into a finite number of time slots, ¢
€ {1,2,..,T}. Assume D = {dI, ..., dn} is a set of controllable smart
home devices, with each device d € D having a power rating, time
of operation, and flexibility. The goal of the scheduler is to find
an activation schedule that achieves minimum activation carbon-
aware cost over the prediction horizon. The optimization objective
is written as:

. T
min ZFI J, (3)

where J, combines predicted energy consumption and associ-
ated carbon emissions. This formulation enables forward-looking
decisions that account for temporal variations in grid carbon
intensity.

5.2. Scheduling constraints

The scheduling process faces a series of realistic conditions
that guarantee the feasibility and satisfaction of the users, as
identified below:

1) Each device can be operated within its preset power limits and
time limits.

2) Flexibility Constraints: For flexibilities, we are interested in the
inflexible loads, which are continuous operations or only oper-
ate at certain fixed periods, and flexible operations, which can
be operated in a shifted manner within certain time intervals
without altering the functional use of the operation.

3) User Comfort Constraints: Indoor temperature and lighting
level (or comfort heat index) must be kept within user-defined
comfort bounds.
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Figure 3
Carbon-aware IoT scheduling framework
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4) Scheduling Causality: Control decisions in time slot ¢ depend
on information available until time ¢ and predictions for future
slots.

5.3. Carbon-aware scheduling algorithm

The proposed carbon-aware scheduling procedure is given in
Algorithm 1. The scheduling model uses forecast energy demand
and carbon intensity to decide the most economical time to turn
on and off flexible appliances while maintaining the user’s satisfied
requirements.

Algorithm 1: Carbon-Aware Scheduling Algorithm

Require: Predicted energy demand £,, predicted carbon intensity
ClI,, flexible appliance set 4, comfort constraints C

Ensure: Appliance scheduling plan S

1: for each scheduling interval ¢ do

2: Compute carbon-aware cost:

J = ak, + B(E, x E'\It)

3: Sort flexible appliances according to scheduling priority
4: for each appliance « € 4 do

5: if comfort constraints are satisfied then

6: Assign appliance to the lowest-cost feasible time slot

7: else

8: Preserve current operating state

9: end if

10: end for

11: end for

12: Return scheduling plan .S

5.4. Computational complexity analysis

Let N refer to the numbers of flexible appliances and H refer
to the scheduling horizon. During each scheduling interval, the
proposed framework evaluates the carbon-aware cost and searches
for feasible operating slots for each appliance. The operation of

Smart Home Devices

'
'
'
Other i
'
'
'
'
|

EV Charger

dominant corresponds to appliance-slot evaluation, resulting in a
computational complexity of

O(NH). )

If appliance priorities are sorted before scheduling, an addi-
tional sorting cost of O(NlogN) is incurred. Therefore, the overall
complexity becomes

O(NH + NlogN) (10)

Since both the number of household appliances and
scheduling horizons are relatively small in typical smart home
environments, the proposed scheduler remains computationally
efficient and suitable for real-time deployment.

5.5. Theoretical properties of the scheduling algorithm

The heuristic scheduling algorithm proposed in this paper,
while unable to guarantee a global optimum, meets the theoret-
ical conditions required for adaptation to real-time smart home
systems.

Proposition 1 (Termination): For a finite number of flexi-
ble appliances N and a finite scheduling horizon H, Algorithm 1
always terminates after a finite number of operations.

Proof: The flexible home appliance scheduling algorithm
studied in this paper traverses each scheduling interval and only
evaluates each home appliance once within the corresponding
time window. Since both the total number of home appliances N
and the time window length H are finite values, the upper limit
of the total number of evaluations is NH, so the algorithm is
guaranteed to terminate.

Proposition 2 (Feasibility Guarantee): If a feasible schedule
exists that satisfies device operational constraints, flexibility con-
straints, and user comfort requirements, Algorithm 1 returns a
feasible scheduling plan.

Proof: The home appliance scheduling algorithm proposed
in this study, within each scheduling cycle, only allocates to
household appliances time slots that satisfy all preset constraints.
If no feasible time slot exists, the algorithm retains the cur-
rent operating state of the relevant appliances. It never generates
infeasible scheduling decisions, and all output scheduling plans
always comply with all constraint requirements.
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Proposition 3 (Computational Complexity): The worst-case
computational complexity of the proposed scheduling algorithm
is O(NH + NlogN), where N denotes the number of flexible
appliances and H denotes the scheduling horizon.

Proof: The appliance prioritization stage requires O(NlogN)
operations due to the sorting process. Subsequently, the sched-
uler evaluates at most H candidate time slots for each of the N
appliances, resulting in a computational complexity of O(NH).
Therefore, the overall computational complexity of the proposed
algorithm is O (NH + NlogN).

This work introduces a lightweight heuristic scheduling algo-
rithm with the goals of improving operational efficiency and
reducing energy consumption. The algorithm is verified as feasible
through numerical calculations and can be deployed in real time
in scenarios of smart home, though it is not a globally optimal
solution.

5.6. Approximation discussion and practical
guarantees

This section proposes a lightweight greedy heuristic schedul-
ing algorithm for real-time smart home environments. In
subsequent work, there are two types of exact methods based
on mixed-integer linear programming and dynamic program-
ming that will be used as testing benchmarks. This algorithm is
required to process a highly constrained combinatorial optimiza-
tion problem that involves four categories of variables; it cannot
guarantee a globally optimal solution, nor does it have a formal
approximation ratio.

Although the proposed algorithm does not have theoretical
optimality guarantees, it has many practical advantages. The first
is that it has a good computational complexity of “O” (“NH +
N” with “log” and “N”) that can be executed in real time on
a smart home gateway with limited resources. Hence, the algo-
rithm is quite effective in making a good decision in scheduling
so that people will feel comfortable and satisfied. It also helps to
reduce energy consumption and carbon emissions significantly,

compared to other methods. The results are useful in reveal-
ing that the algorithm is effective and can make a difference.
This is significant since it may assist us in conserving energy and
minimizing our ecological footprint. In general, the algorithm
is an excellent resource for making intelligent decisions about
scheduling to optimize people and planet. So, this study was not
theory-based to create a perfect scheduling algorithm. Rather,
it focused on developing a scheduling system that was good for
predicting and lowering carbon use and was also practical to use.

In the future, the plan is to develop algorithms that can work
well with big residential energy systems and figure out the best
possible results.

6. Software Testing and Validation

This part of our work is about ensuring our system is well
engineered from a software engineering perspective. We want to
show that our software has been well verified, just as we stated
at the beginning of this work. The primary aim is to ensure all
the various entities are compatible and fit together and that it
all works well in the real world, as listed in Table 6. Finally,
we’re testing all levels to check if the proposed solution is correct.
Therefore, we're testing individual components to ensure they’re
performing correctly by taking them end to end and pushing them
to the limit to see how they will react with high loads and loud
inputs.

6.1. Software testing results

This study uses the OMNeT++ simulation environment and
follows a preset workflow to verify the correctness and reliabil-
ity of the self-developed technical framework. The framework is
found to functionally meet the required standards, be reliable, and
be applicable to real-time applications, as all the test items listed
in Table 7 satisfy the set requirements.

Table 6
Summary of software testing and validation procedures

Testing procedure

Evaluation metrics/criteria

Validation outcome

Unit testing
Integration testing
Performance testing Latency, memory, CPU
Stress testing Execution time, workload
Robustness testing

Fault-tolerance testing Recovery time, fallback

MAE, RMSE, validity, stability
Compatibility, consistency, constraints

Comfort, feasibility, emissions

Valid outputs; errors within limits.
Feasible schedules; no mismatches.
Low overhead; real-time operation.
Graceful degradation; no failure.
Stable under uncertainty.

Safe recovery and fallback.

Table 7
Software testing outcomes for the proposed framework
Test type Observed outcome Status
Unit testing MAE = 0.41; RMSE = 0.58; valid outputs Pass
Integration testing Successful module interaction Pass
Performance testing Latency = 18.7 ms; CPU < 15% Pass
Stress testing Stable up to 50 devices Pass
Robustness testing Feasibility > 95% at 15% noise Pass
Fault-tolerance testing Recovery within 2 scheduling intervals Pass
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6.2. Unit testing of prediction modules

This paper suggests a customized unit testing scheme that
is suitable for energy demand response forecasting models and
carbon-intensity forecasting models. It is essentially used to ensure
the correctness of model construction. The decomposition of each
forecasting factor into independent software modules allows for
checking consistency in the preprocessing input format, consis-
tency in the output, and numerical robustness for edge cases.
Typical test cases will be developed and implemented in follow-up
work.

1) Input Validation Tests: Confirm correct handling of missing
sensor values, outliers, and timestamp misalignment.

2) Windowing Tests: Verify that the sliding window construction
produces the expected feature tensor sizes for different w values.

3) Output Range Tests: Ensure non-negativity of forecasts
(E, >0, Clct > 0) and enforce upper bounds consistent with
device ratings and grid characteristics.

4) Regression Consistency Tests: Compare predictions for a fixed
seed/model snapshot to detect unintended changes during
refactoring.

6.3. Integration testing of the scheduling pipeline

The core objective of integration testing is to verify that cross-
module collaboration within a system operates properly from end
to end. In this study, integration testing for the carbon-aware
system is carried out in three steps: first, confirm the collabo-
ration status of three types of core modules; second, refine the
verification requirements for two types of interface contracts;
and finally, sort out a complete list of core integration check
1tems.

1) Interface Compatibility: Verify data types, units (kWh,
gCO,/kWh), and time indexing across prediction and
scheduling modules.

2) Feasibility Tests: Ensure the generated schedules satisfy device
operational limits, flexibility windows, and comfort constraints.

3) End-to-End Determinism: Validate repeatability of scheduling
outcomes under identical inputs and configuration settings.

4) Fallback Behavior: Confirm that the system applies safe
default actions when forecasts are unavailable or communica-
tion delays occur.

6.4. Performance and stress testing

This study initiated performance testing for a smart home
scheduling system. The core goal of this testing is to verify that the
timeliness of the system’s scheduling decisions meets the require-
ments of real-world scenarios. We designed three types of stress
tests, including the high device density test, and the evaluation
of specific performance indicators will be conducted in future
work.

1) Scheduling Latency: Time required to compute a schedule per
slot.

2) Memory Footprint: Peak memory usage of prediction and
scheduling modules.

3) Scalability: Runtime growth as a function of device count |D|
and horizon H.

4) Throughput: Number of scheduling decisions processed per
unit time under continuous operation.

6.5. Robustness under forecasting errors

To assess reliability under imperfect predictions, robustness
tests inject controlled noise into the predicted energy demand
and carbon-intensity signals. Let E7and Cly, denote perturbed
predictions:

E =EQ+n), C,=C,0+& ()
where 7t and &t are bounded noise terms. Looking at the
scheduler in more detail, we can see how it manages to deal with
aspects such as reachability, comfort, and minimizing emissions,
despite significant amounts of noise and uncertainty. Conse-
quently, we find that our proposed system remains safe and
effective even with increasing noise levels. In general, our testing
and validation reveal that this system is environmentally friendly,
meets the needs, and can be used to predict them, and it has
been carefully examined for accuracy and its ability to satisfy user
comfort requirements in real-time smart home environments.

7. Experimental Setup

This section introduces the experimental setup that is used
to assess the proposed software-tested carbon-aware IoT sched-
uler. The experiments are implemented in OMNeT++ to simulate
the smart home IoT communications, temporal behavior, and
closed-loop control invocation, with the prediction and schedul-
ing components deployed over a data stream source from the
simulation layer.

7.1. Dataset description

To guarantee the authenticity and reproducibility of its
experimental evaluation, this study uses two publicly available
datasets—one on household energy consumption and the other
on grid carbon intensity—to support its experiments. The house-
hold energy consumption dataset is hosted on the UCI Machine
Learning Repository, with the full name Individual Household
Electric Power Consumption (abbreviated ITHEPC). Collected
from December 2006 to November 2010, this dataset contains
minute-level data for a single residential household and includes
core metering variables. The grid carbon-intensity dataset will not
be further elaborated on in this work.

To build an environmental impact model for electric-
ity consumption, this study accesses the officially published
State Grid Carbon Intensity Application Programming Inter-
face (API) to obtain time-series estimated carbon emis-
sions from power generation, measured in gCO,/kWh, and
synchronously matches these data with household energy
consumption records to complete the construction of the dataset
required for modeling.

In this work, three data preprocessing actions were first
performed before beginning the training of prediction models:
First, linear interpolation was performed to replace the missing
and damaged measurement data. Second, the timestamps of the
energy consumption and the carbon-intensity datasets were syn-
chronized, and after that, the data were consolidated in 1-hour
buckets to align with the scheduling period. Third, input features
were normalized by min—max scaling for better convergence of
the model.

For this study, the preprocessed dataset was divided into
training, validation, and test sets, with 70%/15%/15% proportion,

11



Journal of Data Science and Intelligent Systems Vol. 00

Iss. 00 2026

respectively, allocated for model development, hyperparameter
tuning, and prediction performance evaluation. All settings are
summarized in Table 8.

Table 8
Summary of datasets and preprocessing settings
Parameter Value
Energy dataset THEPC (UCI Repository)
Carbon dataset National Grid Carbon Intensity
API
Aggregation interval 1 hour

70%/15%/15%

Linear interpolation

Train/validation/test split
Missing data handling
Min-max normalization
24 slots

Feature scaling

Forecasting horizon

7.2. OMNeT++ implementation details

The proposed framework is implemented in OMNeT++
using a modular event-driven architecture comprising sensor
nodes, a central gateway, and actuator devices. The gateway
performs prediction and carbon-aware scheduling functions in
response to the sensor data collected periodically. The simula-
tion parameters and network settings are summarized as shown
in Table 9.

Table 9
OMNeT++ implementation modules and functionalities module
Module Functionality

Sensor nodes Collect energy, occupancy, and
environmental data.
Home gateway Aggregates data; runs prediction and

scheduling.

Energy prediction
module

Forecasts short-term energy demand.

Carbon prediction
module

Estimates future grid carbon intensity.

Scheduling engine Computes carbon-aware schedules.

Actuator nodes Execute smart-appliance control

commands.
Communication Supports sensor—gateway—actuator
layer messaging.

7.3. Forecasting model performance

To evaluate the effectiveness of the LSTM-based forecast-
ing model, we measured its prediction accuracy using MAE and
RMSE. The accuracy of the obtained results met the required
standards, and this model can provide reliable input for the
carbon-aware scheduling framework. This study relies on the
core metrics of MAE and RMSE from the forecast accuracy in
Table 10 to verify the pattern capture capability of the proposed
LSTM model. This model adapts to the overall energy framework
that incorporates active scheduling decisions and low-carbon
operation period identification, can reduce energy consumption
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and carbon emissions, and thus confirms the effectiveness of both
the model and the framework.

Table 10
Forecasting accuracy comparison
Model MAE RMSE
Linear regression 0.74 0.96
GRU 0.49 0.67
LSTM (proposed) 0.41 0.58

7.4. Smart home scenario and network configuration

The one was a virtual smart home including several sensing
devices (e.g., smart meter, occupancy, and environmental sen-
sors) sending feedback to a central gateway employing several
controllable appliances (e.g., HVAC, lighting, washing machine,
water heater). The traffic in the IoT is expressed as periodic
reports by sensors to the gateway and actuator to control com-
mands sent from the gateway. OMNeT++ message delays and
channel models simulate communication latency and packet
loss.

7.5. Predictive and scheduling configuration

To short-term energy demand prediction, we employ a slid-
ing window of size w to form the input sequence for the predictor.
A time series (or forecasted path) of carbon intensity is input as a
function thereof on the simulation timeline. The scheduler works
in a prediction horizon H and completely assigns o and weights
of the expected cost signal. Flexible devices are given permissi-
ble time windows for rescheduling, and comfort restrictions (such
as indoor temperature limits) are imposed in HVAC system and
lighting coordination.

7.6. Baseline methods

In this paper, to quantify the benefits of the proposed
framework, we are comparing it against the following baselines:

1) Rule-Based Control: In this part, the devices operate based
on fixed thresholds and predefined rules without prediction or
carbon awareness.

2) Energy-Aware Scheduling: In this part, the scheduling deci-
sions minimize predicted energy demand only and ignore
carbon-intensity variations.

3) No Scheduling (Always-On/Default): In this part, the devices
operate under default settings without optimization or
temporal shifting for flexible loads.

7.7. Evaluation metrics

The evaluation focuses on sustainability, performance, and
reliability using the following metrics:

1) Total Energy Consumption (kWh): Cumulative household
energy usage over the simulation.

2) Total Carbon Emissions (kg CO,):
predicted/trace carbon intensity.

3) Comfort Violation Rate (%): Fraction of time slots violating
user-defined comfort bounds.

4) Scheduling Latency (ms): Computation time per slot at the
gateway/controller.

Computed using
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5) Communication Overhead (packets/slot): Number of sensor
reports and control messages.

7.8. Simulation parameters

Table 11 summarizes the key OMNeT++ simulation
parameters used in our experiments.
Table 11
Simulation parameters used in the OMNeT++
experiments

Parameter Value
Simulation time 24 h
Scheduling horizon (H) 24 slots
Slot duration lh
Sensor nodes (Ny) 10
Actuator nodes (N,) 68
Flexible appliances
Prediction window () 12 slots
Carbon prediction window 12 slots

(we) 0.5
Energy weight ()
Carbon weight (8) 0.5
Prediction noise levels 0%, 5%, 10%, 15%
Number of simulation runs 20
Communication delay 10 ms

In general, the OMNeT++-based setup is a controlled
environment to test the proposed framework for realistic commu-
nication behavior of IoT devices and to compare it to rule-based
and energy-only baselines repeatedly.

In this study, all datasets, processing methods, forecasting
parameters, and the setup for the OMNeT++ simulations are
clearly summarized to enable the reproduction and independent
verification of the experimental results.

7.9. Experimental reproducibility

To guarantee the reproducibility of its experiments, this study
adopted a full-process standardized experimental protocol: the
OMNeT++ simulation platform was used uniformly for all work,
all experiments shared identical configuration settings, each sim-
ulation scenario was run independently 20 times with different
random seeds, five core metrics were collected, and their aver-
age values were calculated to reduce random fluctuations, and all
these settings are recorded in Table 12.

The results of the simulation experiments performed in
the OMNeT++ environment are presented and discussed here.
The novel smart home energy management framework proposed
in this paper is compared with three existing strategies: rule-
based control, energy-aware scheduling, and the multi-knapsack
scheduling method proposed by Shewale et al. [11]. External
professional evaluations have found that the system type in this
context can yield several desirable external benefits as a result of
the inclusion of IoT.

Table 12
Experimental evaluation settings
Parameter Value
Simulation platform OMNeT++ 6.x
Number of runs 20

Random seeds Different per run

Devices per home 5-20
Prediction horizon 624 slots
Sampling interval 10 min

Evaluation metrics Energy, CO,, latency, comfort

Confidence reporting Average of all runs

Figure 4
Comparison of total energy consumption under different smart
home control strategies
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7.10. Energy consumption analysis

The effectiveness of the proposed framework in reducing the
energy consumption of households is evaluated in this subsection
and is compared with existing scheduling approaches such as the
multiple knapsack-based scheduling method of Shewale et al. [11].
All methods are assessed in the same smart home scenario with
the same simulation settings, for a fair comparison. The overall
energy use results are shown in Fig. 4.

In this context, of the three schemes used for energy man-
agement evaluation, the framework proposed in this paper has
the least energy usage. The energy-scheduling baseline (Baseline)
scheme shows the best energy efficiency for scheduling flexible
loads, while the rule-based one demonstrates the highest energy
consumption as a consequence of its static and passive nature.
One of the key scheduling strategies used by Shewale et al. [11] was
a multi-knapsack formulation for minimizing energy consumption
with an optimized appliance scheduling strategy. Overall perfor-
mance of this work is outperforming and better than the existing
work, and it integrates a framework that incorporates short-term
energy demand forecasting and carbon-aware decision-making.

7.11. Carbon emission reduction

This subsection will evaluate the carbon emission reduction
effectiveness of the smart home energy management framework
proposed in this paper. Compared with traditional strategies that
only take energy as their core focus, this framework incorporates
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scheduling based on predicted grid carbon intensity and realizes
carbon-aware operation of household appliances.

According to the summary statistics from Figure 5, rule-
based scheduling methods and energy-aware scheduling methods
only achieve moderate emission reductions. Neither of the two
approaches incorporates the variable of temporal fluctuations in
grid carbon intensity, so relying solely on the indirect effect of low-
ering energy consumption means they cannot capture the window
periods for low-carbon operation.

Figure 5
Comparison of total carbon emissions under different smart home
control strategies
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Although the scheduling approach of Shewale et al. [11]
achieves lower emissions than conventional rule-based control
through optimized appliance scheduling, it does not explicitly
incorporate carbon-intensity prediction. On the other hand, the
proposed framework takes into account both energy demand fore-
casting and carbon-aware scheduling, which leads to minimum
carbon emissions overall. The carbon-aware smart home load
scheduling framework proposed in this paper combines energy
demand and carbon-intensity forecasting and schedules flexible
loads during low-carbon periods, compared with the original
home energy use scenario. In this scheme, the total carbon emis-
sion is reduced from 18.4 kg to 12.8 kg, which is a 30.4%
emission reduction. It is the scheme with the lowest total car-
bon emissions of all schemes evaluated and significantly exceeds
the environmental benefits of conventional energy conservation
measures.

7.12. Impact on user comfort

This section has two core research tasks: first, to evaluate the
impact of the self-developed carbon-aware scheduling framework
on user comfort, and second, to compare this framework with the
multi-knapsack home appliance scheduling benchmark method
proposed by Shewale et al. [11]. The core indicator adopted for
this work is the comfort violation rate, which is defined as the
proportion of time slots where environmental parameters exceed
the thresholds set by users.

Drawing on Table 13, this work sorts out the comfort viola-
tion rates of the three types of smart home control strategies: the
rule-based method has limited adaptability and a relatively high
violation rate; the scheduling method proposed by Shewale et al.
[11] optimizes household appliance scheduling and load manage-
ment, leading to a substantial improvement in comfort; and the

14

energy-aware scheduling baseline, which integrates energy con-
sumption patterns, registers a certain reduction in its violation
rate.

Table 13
Comparison of user comfort violation rates under different smart
home control strategies

Comfort relative
Violation rate change

Method (%)

No scheduling (default) 3.2

Rule-based control 2.9 -94
Shewale et al. [11] 2.7 -15.6
Energy-aware scheduling 2.5 -21.9
Proposed framework 24 -25.0

The proposed carbon-aware scheduling achieved the min-
imum level of comfort violation rate among the methods
investigated in this paper. This framework can achieve a balance
between carbon reduction targets and user comfort while consid-
ering energy demand prediction and carbon intensity, which is
not possible using traditional optimization methods that do not
consider user comfort constraints.

7.13. Sensitivity analysis of cost weights

To wverify the robustness of the proposed carbon-aware
scheduling framework, this paper conducts a sensitivity analysis
that takes the weight coefficients a and 3 of the carbon-aware cost
function as research variables. For each set of parameter configu-
rations, 20 simulations are executed with different random seeds,
and the results are averaged to eliminate random errors. Test data
show that the framework consistently achieves energy conserva-
tion and carbon reduction under all tested weight settings, which
fully validates its robustness. Table 14 shows sensitivity analysis
of cost weights o and .

Table 14
Sensitivity analysis of cost weights a and

a fEnergy reduction (%) CO, reduction (%)

0.80.2 24.8 21.5
0.60.4 239 258
0.50.5 22.7 30.4
0.40.6 214 332
0.20.8 19.8 36.1

To mitigate parameter-tuning bias, the weighting coefficients
a and 8 were varied over the intervals [0.2, 0.8] while maintaining
the constraint a + 3 = 1. The results demonstrate that the pro-
posed framework consistently achieves energy savings and carbon
emission reductions across all tested configurations, indicating
that the observed improvements are not dependent on a particular
parameter setting.
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7.14. Scheduling latency and scalability

This subsection examines the scalability and computa-
tional efficiency that the proposed carbon-aware IoT scheduling
framework offers, which are crucial for enhancing the real-time
operation of such scheduling frameworks in the context of smart
homes. Scheduling latency, which is the time the controller takes
to process control actions for one time slot, and scalability, which
gives us an indication of how well our system will scale with
the number of devices, are of interest. The average scheduling
latency for various numbers of smart home devices is shown in
Figure 6. The results show that the computation time of the
proposed framework is low and on the order of hundreds of mil-
liseconds and within the scheduling interval, even with increasing
device numbers. The reported scalability is explained by both
these properties of the scheduling algorithm, as well as a relatively
narrow prediction horizon.

The test results show that the carbon-aware scheduling algo-
rithm proposed in this paper works well with regard to the number
of controllable devices in a smart home. It can meet timing con-
straints for continuous operation and has good scalability. For
this reason, the cost of a tiny additional delay time is worth it.
With these extra predictions and carbon-sensitive metrics added,
you can achieve significant sustainable development payoffs but
no larger real-time losses.

7.15. Ablation study on forecasting quality

This study conducts ablation experiments, in which only
the original LSTM predictor is replaced while the scheduling
algorithm and simulation settings are kept fixed. This design is
adopted to quantify the association between prediction quality
and sustainability output and to explore the impact of prediction
accuracy on scheduling performance.

This study draws on the scheduling performance data
of energy forecasting methods listed in Table 15 and derives
that improving forecasting accuracy can enhance scheduling
performance and raise the volume of carbon emission reduc-
tions. The LSTM model proposed that its precise forecasting
performance and use to identify low-carbon windows achieved
the highest level of carbon emission reduction.

This experiment confirms that there is a direct causal
relationship between the quality of prediction and effective

Figure 6
Scheduling latency and scalability comparison under different
device counts
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Table 15

Impact of forecasting models on scheduling performance
Forecasting Energy CcO,

model reduction (%) reduction (%)
No prediction 14.6 15.2
Linear regression 18.8 20.5
ARIMA 20.4 24.1
GRU 21.7 27.6
Proposed LSTM 22.7 30.4

scheduling. Further, higher accuracy predictions can assist the
schedulers to determine the future low-carbon periods and, at the
same time, improve efficiency and reduce carbon emissions, mak-
ing it more rational to choose the LSTM predictor for this paper’s
predictive carbon-aware framework.

7.16. Statistical significance analysis

To achieve the reliability of experimental evaluation, all sim-
ulations were repeated 20 different random times, and mean
values and 95% confidence intervals for all performance measures
were calculated. This is manifested by the very narrow confidence
intervals, which show that our framework is superior to the base-
line, and the improvements compared to the baseline are stable in
a statistical sense.

As can be seen in Table 16, the research framework suggested
in this paper results in lower energy consumption and carbon
emissions in all independent simulation runs with an acceptable
level. The confidence intervals are narrow, which makes the results
of the study reliable and stable.

7.17. Robustness under prediction uncertainty

The core objective of this subsection is to assess how well
our proposed carbon-aware scheduling framework can handle the
uncertainty in our real-world smart home deployments. We will
identify four sources of prediction error (including sensor noise)
and examine the impact of each of these on the scheduling per-
formance by adding prediction noise of various magnitudes and
assessing the system’s ability to withstand the noise.

Experimentally, as shown in Figure 7, the scheduling mecha-
nism introduced here is able to achieve a stable high feasibility rate
and a relatively high level of comfort in all the prediction noise
scenarios, as the level of uncertainty increases monotonically.
Carbon emission reductions are only reduced slowly and have
remained substantial environmental benefits. The framework’s
built-in predictive scheduling mechanism and comfort-aware con-
straints can mitigate the adverse effects of prediction errors to
deliver this performance.

The results indicate that the performance of the proposed
framework is affected only slightly by prediction uncertainty in
the robustness verification experiment used in this study, based
on the robustness comparison results in Figure 7. The feasibility
rate is still above 95% even at a 15% noise level, while the comfort
violation rate is increased by only 2.4-3.3%, and a carbon emis-
sion reduction of 24.8% is achieved. The framework can be used
in the real-world smart home scenario, where prediction errors
can never be avoided, and its robustness is proven reliable.
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Table 16
Performance comparison with 95% confidence intervals

Method Violation (%) Energy (kWh) CO, (kg) Comfort
Rule-based control 2.9 + 0.3 348+1.2 18.4+0.9
Shewale et al. [11]2.7 £ 0.2 28.6+0.8 15.1£0.7
Energy-aware scheduling 279 +0.7 145+ 0.6
25+0.2

Proposed framework 259 +0.6 128 £0.5
24+0.2

Figure 7
Robustness comparison under different prediction noise levels
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7.18. Discussion and comparative insights

The tested carbon-aware IoT scheduling framework is devel-
oped for the smart home management scenario of sustainability.
Experimental results show that it surpasses all three of the com-
parison benchmarks in all four performance measures: energy
efficiency, carbon emission reduction, user comfort retention,
and robustness to predictive uncertainty. The three benchmarks
are rule-based control, energy-aware scheduling, and the multi-
knapsack scheduling method suggested by Shewale et al. [11].

The data in Table 17 demonstrate that the scheduling
framework proposed in this paper can improve the perfor-
mance comprehensively. It combines demand forecasting and
carbon-aware optimization and provides a substantial reduction

in energy use and carbon emissions over a range of bench-
mark approaches and traditional core energy-scheduling policies
without compromising the very low comfort violation rate. The
traditional approach to energy scheduling only deals with a sin-
gle objective, which is either energy use reduction or electricity
cost reduction. The proposed new scheduling framework in this
paper is based on carbon-intensity prediction, user comfort, and
energy demand forecasting and can significantly reduce carbon
emissions.

The solution proposed in this paper takes a software engi-
neering perspective; it utilizes five testing types, such as unit
testing and integration testing, to enhance the system reliability
and deployment readiness. This solution can sustainably obtain
the expected benefits under all operating conditions, even with
changing requirements.

The evaluation performed in this study is performed using
the OMNeT++ simulation tool and verified that all the major
performance metrics, computational overhead, scalability, and
robustness against prediction uncertainty of the carbon-aware
scheduling framework with the prediction module fulfill the
required standards for real-time smart home scenarios.

The results of the comparison of user comfort and scheduling
robustness of various smart home control strategies are presented
in Figure 8. The proposed framework is able to maintain the
user-defined comfort requirement through carbon-aware schedul-
ing, as reflected in the lowest comfort violation rate (2.4%), as
illustrated in the figure. Finally, the improvement gained com-
pared with the energy-aware scheduling baseline is not significant,
but the proposed framework always offers the maximum comfort
performance among all the tested methods.

In terms of robustness (measured in terms of feasibility
rate), the proposed framework yields the highest result of 95.6%,

Table 17
Opverall improvement percentages of the proposed framework compared with baseline approaches

To Compared to Et
energy-aware scheduling (%)

Compared

Rule-based To Compared
Metric control (%) Shewale al. [11] (%)
Energy consumption17.8 9.8
Reduction
Carbon emission24.3 15.8
Reduction
Comfort violation17.2 11.1
Reduction
Scheduling latency + 9.6 -
Increase*
Robustness 4.4 -
(feasibility gain)

6.8

9.7

4.0

+7.8

2.1
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Figure 8
Comparison of user comfort and scheduling robustness among
baseline approaches and the proposed carbon-aware scheduling
framework
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which is better than both the rule-based control approach (91.2%)
and the energy-aware scheduling strategy (93.5%). This outcome
presented that the combination of predictive energy forecasting,
carbon-intensity estimation, and comfort-aware constraints can
be used to help the scheduler to make valid control decisions
even in the face of uncertainty in operating conditions. Nev-
ertheless, the figure demonstrates that the proposed framework
effectively satisfies a balance among user comfort with reliability
and sustainability goals.

The results strategies of smart home control are compared
in terms of CO, emissions and energy consumption are presented
in Figure 9. The integration of predictive energy forecasting with
carbon-aware scheduling results in carbon emissions (12.8 kg) and
lowest energy consumption (25.9 kWh), proving the effectiveness
of the proposed system.

Figure 9
Comparison of energy efficiency and carbon emission reduction
among baseline approaches and the proposed carbon-aware
scheduling framework
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Existing energy-aware scheduling techniques can benefit from
taking advantage of load-shifting opportunities for performance
improvement. It is found that the energy consumption of the smart
home energy-scheduling framework proposed in our work is the
lowest, at 25.9 kWh, and the carbon emission is 12.8 kg, the lowest

among all the schemes evaluated. It integrates modules for short-
term energy demand forecasting and carbon-intensity forecasting,
which enables the scheduler to shift flexible loads to low-carbon
time periods, simultaneously improving both energy efficiency and
environmental sustainability.

Although the energy-scheduling framework proposed in this
paper has achieved notable results, it still has two core limitations:
First, it has only been evaluated in the OMNeT++ simula-
tion environment so far. While the synthetic energy consumption
and carbon-intensity profiles used can simulate real smart home
behaviors, real-world deployment still faces additional uncertain-
ties. The structure relies upon the accuracy of its underlying
prediction model. If the model for predicting energy demand or
the intensity of the carbon emissions that are produced is inaccu-
rate, the schedule that it creates for the vehicles will be inefficient
and will result in fewer emissions than would otherwise be the
case.

There are three problems that the IoT faces. The first and
second pertain to communicating between devices in the network.
The third type of problem occurs with the smart home systems, in
which many devices are present in the home. The structure used
in this paper does provide low latency in the simulations that ran
on it, but more research needs to be done on the scalability of the
structure before it can be used at larger scales.

This paper presents a smart home energy-scheduling struc-
ture that takes into account the types of possible faults in the
system, including communication interruption and user behav-
ior change. The faults can negatively impact the effectiveness of
the conservation and emission reduction works undertaken by the
system. Three future research directions are also suggested for this
system and need to be verified with real datasets and hardware
platforms.

8. Conclusion and Future Work

This study developed two fundamental technical structures
of smart homes in succession for sustainable smart homes. The
first one is a carbon-aware IoT scheduling framework, based
on a predictive energy model, with three core modules: short-
term energy demand forecasting, carbon-intensity estimation, and
carbon-aware scheduling. It has been tested in the OMNeT++
simulation environment. This alternative scheme can save energy
and carbon emissions and ensure user comfort in comparison to
the conventional energy-centric baseline scheme. The results of the
first system are impressive, with excellent energy efficiency, out-
standing carbon reduction, low scheduling latency, and robustness
under uncertainties in predictions. The second system is founded
on a new generation of sustainable smart home management sys-
tems, with predictive intelligence, carbon awareness, and software
design in mind. The system has been tested in five categories and
is identified as having high potential for implementation in the
real world.

The structure of the framework has been validated, but there
are some limitations in the structure in each domain. Four aspects
of the improvement of the research are suggested to reduce these
limitations in the future. First, the manually synthesized energy
consumption and carbon-intensity data for the United Kingdom
will be replaced with data from the REFIT dataset and the UK
National Grid ESO. Second, three categories of factors will be
added to the structure to increase its performance. Third, the
structure will be implemented on smart home devices to investi-
gate any challenges that may exist during implementation and the
impact of user behavior on the structure’s performance. Finally,
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three new technologies will be introduced into the structure to
increase its application to larger networks of ToT devices.
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