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ABSTRACT: By comparing price plans offered by several retail energy firms, end users with smart meters and
controllers may optimize their energy use cost portfolios, due to the growth of deregulated retail power markets. To
help smart grid end-users decrease power payment and usage unhappiness, this article suggests a decision system
based on reinforcement learning to aid with electricity price plan selection. An enhanced state-based Markov decision
process (MDP) without transition probabilities simulates the decision issue. A Kernel approximate-integrated batch
Q-learning approach is used to tackle the given issue. Several adjustments to the sampling and data representation are
made to increase the computational and prediction performance. Using a continuous high-dimensional state space,
the suggested approach can uncover the underlying characteristics of time-varying pricing schemes. Without knowing
anything regarding the market environment in advance, the best decision-making policy may be learned via case studies
that use data from actual historical price plans. Experiments show that the suggested decision approach may reduce
cost and energy usage dissatisfaction by using user data to build an accurate prediction strategy. In this research,
we look at how smart city energy planners rely on precise load forecasts. It presents a hybrid method that extracts
associated characteristics to improve accuracy in residential power consumption forecasts using machine learning
(ML). It is possible to measure the precision of forecasts with the use of loss functions with the RMSE. This research
presents a methodology for estimating smart home energy usage in response to the growing interest in explainable
artificial intelligence (XAI). Using Shapley Additive explanations (SHAP) approaches, this strategy makes it easy for
consumers to comprehend their energy use trends. To predict future energy use, the study employs gradient boosting
in conjunction with long short-term memory neural networks.
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1 Introduction

The smart grid is an initiative to improve the dependability, efficiency, and sustainability of energy
management. It helps with the integration of renewable energy sources, improves the supply-demand
balance, discovers and fixes errors quickly, and controls and monitors energy consumption in real-time
[1-3]. An example of a state-of-the-art energy distribution system, smart grids combine older, more
antiquated power grids with more sophisticated digital control and communication networks. Existing
methods allow for smooth communication between all parts of the energy supply chain, from production
to consumption, due to their two-way data flow and advanced automation capabilities [4,5]. Smart grids are
becoming more efficient and effective because of Al Artificial intelligence allows for accurate energy demand
forecasts, fast fault detection along with mitigation, optimal energy distribution, and strong defense against
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cybersecurity threats through processing, predicting, and evaluating large and complicated information [6].
By incorporating Al into smart grids, energy distribution becomes more reliable, efficient, and flexible;
this, in turn, promotes resource sustainability, lowers costs, and increases customer satisfaction [7]. The
management and implementation of renewable energy sources rely on accurate projections of energy usage
and output [8].

The originality and primary emphasis of this research are the monthly weather predictions and the
capacity of ML algorithms to provide trustworthy prognostic uncertainty. The quality of the forecasts
is improved by decomposing the most relevant variables (temperature and run-off, respectively) on a
timescale. End-users can assess risks and losses with more trustworthy information due to more accurate
predictions and forecasts made possible by estimating and verifying the predictive uncertainty. Monthly
weather forecasts are useful for long-term planning because they produce accurate energy forecasts. For
example, hydropower management could be adjusted based on predictions of dry summer periods and the
possibility of increased PV production. By using a variety of models and ensembles in the most effective way
possible, we can decrease biases and enhance the overall dependability and quality of our forecasts [9,10].

1.1 Problem Statement

The study highlights the significance of energy conservation in residences within the framework of
sustainable urban development. To have a positive societal effect, the article investigates artificial intelligence
and machine learning techniques for domestic energy usage prediction [11]. Improving the accountability,
dependability, and justification of choices in energy optimization requires a better understanding of the
elements impacting forecasts [12]. To better understand the prediction models and to determine what
variables affect residential energy usage, explainable AI approaches are used [13]. The findings of this study
contribute to the field of intelligent decision-making in power management, particularly as it pertains to
smart grids and sustainable urban development, by improving the accuracy of energy forecasts [14].

1.2 Contributions
This study makes three main contributions:

« In a potential retail market setting where many retailers in smart homes use realistic energy demand
predictions, a novel decision-support system for electricity pricing is proposed for use by smart grid
end users.

o To address this complex decision-making issue and improve computational efficiency and prediction
accuracy, we introduce a modified reinforcement learning approach combined with sampling and
information processing techniques. It increases the environmental learning rate to understand consumer
access to power, and thus, smart meters are used to measure and supply power based on load.

o Toexamine decision-making behavior characteristics along with the proposed batch Q-learning method
and weather conditions, which are measured using a Long Short-Term Memory (LSTM) model,
extensive comparisons and analyses are conducted using a real-world dataset.

2 Related Work

For smart city energy planning, accurate load forecasting is essential, as discussed in [14]. It introduces a
hybrid method that extracts relevant characteristics to enhance the accuracy of residential power consump-
tion predictions using machine learning. The precision of forecasts can be measured with loss functions
like RMSE. This research presents a methodology for estimating smart home energy use, addressing the
rising interest in explainable artificial intelligence. By using Shapley additive explanations, the strategy helps
consumers understand their energy consumption patterns easily. To predict future energy use, the study
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combines gradient boosting with long short-term memory neural networks. It emphasizes the importance
of energy conservation in homes within the framework of sustainable urban development. To achieve a
positive societal impact, the article explores artificial intelligence and machine learning techniques for pre-
dicting domestic energy consumption. Improving the accountability, reliability, and transparency of energy
optimization decisions requires a better understanding of the factors influencing forecasts. Explainable
Al approaches are used to better understand forecasting algorithms and identify the variables that affect
residential energy use.

When it comes to energy economics, efficiency in consumption, resourcefulness, grid stability, depend-
ability, and power system scalability, experts in [15] Energy Management Systems are essential. The home
sector plays a significant role in overall energy use. Addressing some of the world’s most urgent issues can
be achieved by reducing the load on the home sector. Moreover, residential sectors have more flexibility to
change electricity consumption patterns. Consumers can lower their energy costs and Peak Average Ratio
through demand-side management, which enables them to control their power usage. Therefore, HEMSs
are a vital part of the innovative smart grid. This article provides a comprehensive overview of DSM, HEMS,
approaches, strategies, and optimization problem formulation. The current work concludes by presenting
solutions, concerns, challenges in energy management, and future research directions.

The goal of smart grid experimenters is to improve energy management via sustainability, dependability,
and efficiency [16]. It helps with the integration of renewable energy sources, improves the supply-demand
balance, discovers and fixes errors quickly, and controls and monitors energy consumption in real-time.
Smart grids are becoming more efficient and effective because of Al. AI allows for accurate energy demand
forecasts, fast fault detection along with mitigation, optimal energy distribution, and strong defense against
cybersecurity threats through processing, predicting, and interpreting large and complicated information.
By incorporating Al into smart grids, energy distribution becomes more reliable, efficient, and flexible; that,
in turn, promotes resource sustainability, lowers costs, and increases customer satisfaction.

A survey of Al methods used for DR was provided by the authors of [17]. Commercial initiatives (from
both new and existing firms), as well as large-scale innovation efforts that have deployed Al technology for
energy DR, utilize both Al and Machine Learning algorithms. Additionally, several DR initiatives that have
been put into place in various nations are covered. The article goes on to talk about how the smart grid
paradigm may use blockchain technology for disaster recovery plans. The paper is completed by discussing
the pros and cons of the AI approaches that were tested for different DR tasks and offering ideas for
further research.

To assess trust and protect user privacy in the Io GT, the authors of [18] presented Power Trust, an
ensemble learning stacked model. There are two sections to Power Trust. The reliability of smart grid
equipment is evaluated in the first section. Part two suggests a safe way to encrypt electrical measurements
before sending them to the monitoring center. The trust assessment process begins with data balancing,
continues with feature extraction, and concludes with the application of a classification model. To ensure that
the dataset is balanced, they use synthetic minority oversampling, and to identify which features are most
essential, they employ recursive feature removal. When tested in a grid setting, the findings demonstrate that
the suggested method is safe and effective at protecting users’ privacy and confidence.

The goal of the study [19] is to maximize the use of the power that is already available. To be enabled to do
away with energy losses and wasted energy. They use techniques such as long short-term memory, artificial
neural networks, convolutional neural networks, and recurrent neural networks. Their data comes from the
2018-2020 Indonesian weather dataset maintained by the Badan Meteorologi, Klimatologi, & Geofisika in
the country. With that information, they may examine the correlation between weather reports and energy
use. Evaluation of ANN, CNN, RNN, and LSTM. According to the dataset they acquired, the CNN model
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performed better than the other models in terms of experimental outcomes. Scientific studies and trials have
shown that the CNN approach is superior to others when it comes to reducing overfitting. That method could
automate the regulation of smart devices to lower consumption and, by extension, consumers’ energy bills,
during times of high demand.

The authors of [19] examined a load transfer technology-based user Demand Side Management
approach and evaluated its management efficacy using a demand side consumer response potential eval-
uation model using the fuzzy optimization set. By simulating the load aggregators’ job allocation process
numerically, they can see that the evaluation technique is reasonable, effective, and feasible in terms of
metrics like work completion along with aggregator benefits. The results demonstrate that the system is
capable of controlling and managing the operation of different devices, maintaining overall consumption
under the threshold, and prioritizing load management.

3 Methods and Materials

During the initial phases of architectural design, gathering large datasets is necessary for energy
consumption forecasting to plan the building’s shape, determine the primary factors impacting energy
consumption, select suitable enclosure structures, and allocate funds for energy costs. Because of the
challenges in collecting continuous real-world data from finished buildings, existing datasets are insufficient
for training artificial neural networks. Hence, initially, when planning a building’s energy consumption,
architects often choose input parameters that are highly relevant to parametric modeling. Then, they run
energy consumption simulations to acquire the corresponding output parameters. After processing the data,
they input the dataset into a Q-learning framework for training and validation, and finally, they develop an
energy consumption forecasting system based on Q-learning.

Then, after taking costs and optimizations into account, we arrive at the best option, which in turn
determines factors like the building’s architectural shape and enclosing structures to make it as energy-
efficient as possible. While buildings are in operation, they generate a great deal of data, making this the ideal
time to conduct “Building Energy Consumption Prediction Using Q-learning” studies. In this step, we gather
all the necessary data, such as past energy use, weather, and equipment operations, to build a strong model.
To make their prediction models more convincing and accurate, researchers often use data that is current in
neural networks. In this stage, energy consumption predictions assist facility managers in keeping tabs on
energy usage, spotting outliers quickly, and putting optimization plans into action. In addition to lowering
energy consumption, this improves building economic performance by increasing efficiency and decreasing
operating expenses. The dataset and the suggested approach for electricity usage forecasting are described in
this section.

3.1 Dataset Description

A vast array of variables and observations make up the dataset, which offers a wealth of information.
This paper provides a thorough synopsis of the data that was gathered, which allows for a thorough analysis
and comprehension of the subject. The “Household Electric Power Consumption” dataset, obtained from
reputable sources like Kaggle and UCI, is being examined as part of the present inquiry. A single household’s
power usage is the primary emphasis of the multivariate time series data set. The four-year period covered
by the dataset runs from December 2006 to November 2010. With a sample rate of one minute, the dataset
has a total of 2,075,259 information values. The information came from a house in the suburbs of Paris,
France. Many different types of home electrical appliances contributed to the data set on power use. Different
aspects of power use are shown in each column in the dataset. In a multivariate sequence, which includes
date and time as variables, seven more variables may be described as follows: In kilowatts, the variable
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“global_active_power” indicates the overall active power consumption by dwelling units. The total reactive
power consumption of residential units, expressed in kilowatts, is monitored by the “global_reactive_power”
variable. An electrical potential difference, expressed in volts, is the standard definition. The average current
intensity in amperes (A) is what the term “global intensity” describes. The kitchen’s electrical appliances’
active energy use, shown in watt-hours, is monitored using sub-metering 1. When discussing electrical
appliances used in laundry rooms, the term “submetering 2” is most often used to describe the process of
measuring and quantifying active energy usage, in watt-hours. Measurement while quantification of active
energy usage, given in watt-hours, is the idea of “submetering 3”. The electrical appliances used in the
temperature monitoring system are the main focus of this measurement.

3.2 Pre-Processing

An important part of any data analysis process is the pre-processing stage. To begin, raw data is cleaned,
converted, and organized, among other procedures, to make it more amenable to further analysis. At this
point, we are mostly concerned with ensuring that the data pre-processing technique covers all the bases by
including the actions that are specific to the dataset. A first round of processing was performed on the dataset
using the Python programming language to merge the date and time variables. In a subsequent phase, this
technology’s use greatly improved efficiency by allowing for a change of measurement from minutes to hours.
To make the information more usable for future study and analysis, it was cleaned, recorded, and indexed
using date and time values, which are given in Fig. 1.

ADASYN

ADASYN solves the problems caused by datasets with an imbalance of classes using a sophisticated
method. To address the underrepresentation of the minority class in certain feature space areas, ADASYN
generates synthetic samples for that class. By improving the minority class’s representation while maintaining
the majority class’s distribution, this strategy improves the model’s performance. For binary classification
tasks, our method used an upgraded cascaded ADASYN algorithm twice; for multiclass classification tasks,
it was applied nine times. By keeping the dataset balanced throughout, this method improved model training
in both binary and multi-class situations by successfully addressing class imbalance.

Consider the samples from the minority class as X;, and the k-nearest neighbors of X; as
N(X;, k). Eq. (2) defines the total number of synthetic samples to be generated for each minority case, denoted
asn_i.

_ Naf — Nmn (1 B &)
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In this context, Ny, and Nyij, show the disparity between the minority and majority groups by rep-
resenting their sample numbers, accordingly. When detecting minority examples near decision boundaries,
synthetic samples are typically created to enhance model performance. N; is the total amount of minority
class samples that lie inside the radius given by the k-nearest neighbors. The following formula, as shown
in Eq. (2), is used to produce synthetic samples for each minority case X;.

Xsym = Xt +y- (Xf - Xt) (2)

where Xgy,, Xj are the minority sample, y is a random integer between 0 and 1, and X is a neighbor
chosen at random from the k-nearest neighbors of X;; this guarantees that the synthetic sample is produced
along the line segment between X; and X;. More specifically, 25,979 variables were found to be inaccurate
or missing as a consequence of using wireless data collection. The question mark (?) appears in place of
numbers in certain data sets. There should be no disrespect for the improper inclusion of missing values in
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the dataset. In addition, for the power load measurements from the previous day, the non-numerical values
were replaced with the mean of the appropriate variables. The dataset was finally resampled hourly, with
a single representative value for every hour derived from the aggregate of meter readings taken at minute
intervals. A sanitized dataset was generated using the “fillna()” Python function.
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3.3 Removing Outliers Using Z-Score

Extreme outliers in the sample were identified and removed using the Z-score. Every feature in the
DataFrame has its z-score determined using the z-score function in SciPy. Stats module. Z-scores show the
standard deviations from the mean of each data point. Any data point having a z-score higher than 6 in any
characteristic was deemed an outlier and deleted, according to a threshold of 6. The dataset was kept clean
and free of severe outliers by using this procedure for both binary and multi-class classification.

To further identify and remove outliers, the LOF approach was used after the z-score. In datasets where
the density distribution is not uniform, LOF excels in locating data points with much lower density than their
neighbors. We anticipated 10% of the data to be outliers; therefore, we designed the LOF using n_neighbors
set to 20 with contamination set to 0.1. Samples were categorized as either outliers (-1) or inliers (1) after the
LOF model was fitted. A cleaner dataset was obtained for further analysis by retaining just the inlier samples.
Both the binary and multi-class classification models’ performance and reliability were improved by this dual
approach to outlier reduction.

3.4 Feature Correlational Analysis

One statistical method for investigating possible connections between many variables is correlational
analysis. Using the Python Pandas library, we analyzed the energy use information for correlations between
variables. There is general agreement that the aforementioned process is a leading approach to evaluating
correlations. The approach used in this research involves finding the correlations between each pair of
variables or characteristics in the dataset. To measure the level of interaction between two columns or
parameters, the procedure creates a linear connection between the dataset’s variables and calculates the
correlation coefficient. On a unitary scale, the coefficient is shown to have values between one and one and
a half. When the value of a parameter is 1, it means that the parameter is completely correlated with itself,
showing a strong positive association. On the other hand, a correlation value close to 0 indicates a weaker
link. But the fact that there is a unity number, regardless of its polarity, shows that there is more. The global
active power variable is where most of the forecast effort is concentrated. Voltage is shown to have a negative
association based on the investigation of the correlation among these measures and other factors. The global
active power is highly correlated with the individual sub-meters.

3.5 XAI Integration

Our proposed technique integrates XAI and has three essential parts to provide a comprehensive
understanding of the decision-making processes used by energy demand forecasting algorithms for smart
home users. The three primary parts that make up the framework are:

« An interface that promotes teamwork and gives users explanations that put people’s wants and needs
first; a model for making predictions and forecasts; and a generator for reasoning and explanation.

To forecast and estimate future energy needs, the main component makes use of a pre-trained ML
model. The study’s estimations are based on preprocessed data collected from certain appliances. The next
part of the research will examine the variables that really matter when making a choice and will provide
reasons for the expected outcome, which will be about the predicted energy use for the next week in
particular. In addition, our collaborative interface will provide and showcase explanations that prioritize
human perspectives, with the goal of helping people understand the reasoning behind certain actions. The
forecasting model, the first part of our system, consists of two Long Short-Term Memory (LSTM) layers (or
Gradient Boosting) followed by one fully connected layer.
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Smart Metering Using SHAP

Any machine learning model’s output may be explained using SHAP, a game-theoretic technique. When
it comes to smart meters, SHAP can provide light on how various input properties impact a model’s energy
consumption forecast and other smart grid-related metrics. Smart metering relies on complicated machine
learning models, and this may make such models more understandable and trustworthy. Envision a smart
meter design that can anticipate energy needs by taking into account variables such as temperature, time of
day, appliance use, and past data. SHAP may break out the impact of each component on the forecast. It may
reveal, for instance, that the model’s energy consumption predictions are quite sensitive to temperature and
time of day (peak hours). Customers may use this data to better understand their energy use trends, and
demand response programs can benefit from it as well.

3.6 Home Energy Management via Q-Learning

Among the primary ML methods for making the best possible decisions in a non-deterministic setting
is RL. Fig. 2 shows how an agent learns what to do in response to changes in its environment and then applies
that knowledge to future interactions. Afterwards, the agent receives a reward from the environment, which
includes the updated state of the environment. The agent keeps learning until it gets the most out of its
surroundings in terms of cumulative rewards. One definition of an agent’s policy is the way it behaves in a
given state; an agent’s main objective is to find the policy that maximizes reward. In this research, we work
under the assumption that the setting is defined through a Markov decision process. This means that as an
agent transitions states, it just takes into account their current state and the action they have chosen in that
state, without taking into account all of their prior states or actions.
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One of the RL strategies that stands out for finding the best policy v* in a decision-making situation is
Q-learning. Applying the following Bellman equation, the standard procedure for Q-learning is to determine
the Q-value Q(s;, a) for a given state s; and action a at a certain time t, and then to update the Q-value to
maximize the total rewards:

Q{F/* (St: at) =r (St) at) + ymaxQ (st+1: at+1) (3)

The ideal Q-value, as shown in Eq. (3), is dependent on the optimum policy v**Q;. (s, a;) becomes
what is known as the greatest discounted future reward y max plus the current reward r(s;, a;) Q (St+1, at+1)
where y € [0,1] stands for a discounting element that clarifies how current and future benefits compare.
The agent’s emphasis on the current reward increases as the factor of deduction y drops, leading to short-
sightedness. Nevertheless, the agent might grow more farsighted by focusing on the future payoft with a
greater y. The operator of the system may adjust the value of y using Q-learning to strike a balance between
immediate and future benefits, which is given in Fig. 2.

3.7 Socio-Economic Factors

A number of socio-economic variables, such as GDP, the cost of power, and industrial growth, have
a substantial impact on the change in demand. Economic considerations do, in fact, have a significant
influence on both medium- and short-term demand estimates, as was shown in the preceding section. As
an example, it is certain that energy consumption will rise as a result of industrial growth. The situation
with population increase will be the same. This suggests that energy consumption rises in tandem with
industrialization and population increase. A country’s economic activity may be captured by looking at its
GDP. A larger GDP means more products and services produced, which means a better quality of living and
more energy-intensive lifestyle patterns in the country. Because it influences demand as well, cost is another
economic consideration. For instance, it’s common for people to use more power than they need if the price
of electricity drops.

3.8 Weather Conditions

Demand forecasting makes use of a number of weather factors, including humidity, temperature, and
wind speed, among others. Many scholars are interested in how the weather affects demand forecasts.
Extreme heat waves in the summer put a strain on the power system. Actually, the electrical grid becomes
more saturated during a heat wave, which impacts usage. One can use electricity, gas, timber, etc., to combat
cold waves, while one can only use electricity to combat heat waves. So, most of the cooling equipment that
people use nowadays is electrically driven. Therefore, heat waves cause greater strain on electrical cables and
increased energy consumption.

It is worth mentioning that nations with cooler climates often have a smaller rise in consumption during
heat waves. The reason is that, in cooler nations, air conditioning units are not installed as often. However,
these colder nations are now experiencing heat waves that were not present before climate change, causing
various issues due to their unpreparedness. As a result, these nations are implementing new policies, such as
increasing the use of cooling equipment.

Humidity, on the other hand, makes the heat seem even more oppressive, particularly in the summer
and after a rainstorm. Because of this, power use goes up on hot, muggy summer days. Also, keep in mind
that power usage is often greater in coastal regions, like the Mediterranean area of Spain. Houses in this
region often contain more electrical devices than those in other locations, and the high humidity from being
so close to the sea also plays a role [10].
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The speed of the wind also has an effect on power usage. When the wind is blowing, it makes people feel
colder than they really are, so they need to turn up the heat, which in turn increases power consumption.
But it’s also worth mentioning that wind power is a major renewable energy source. Put simply, the presence
of wind causes an increase in power usage while simultaneously lowering its price. This is due to the fact
that, as mentioned earlier, the power price is often set by combining several energy sources, ranging from
the most affordable (renewables, wind, as well as nuclear) to the most costly (thermal, combined cycle).

Wind speed, humidity, and temperature all have an impact on electrical consumption. To reduce
operational expenses, power demand forecast systems primarily employ temperature and humidity as
meteorological factors. Nevertheless, other elements, such as clouds, are also influential. For instance, when
clouds block the sun’s rays throughout the day, temperatures tend to decrease, and power usage increases.

3.9 Customer Factors

Other customer variables pertaining to power consumption (features of the consumer’s electrical
equipment) and the kind of customer (residential, commercial, or industrial) may also impact demand. The
reason is that there is a wide range in the kinds and sizes of equipment used by the residential, commercial,
and industrial clients of most energy providers. The load curves for these various customer groups are not
the same, yet there are some commonalities between commercial and industrial clients. Table I shows the
main variables affecting electricity demand.

Table 1: Main variables affecting electricity demand

Determinant Refers to. ..
Forecasting horizon The period of time when demand projections are made.
Socio-economic Various socioeconomic variables, including industrial development,
factors population expansion, power cost, and others, might impact the
demand from end users.
Weather conditions Various meteorological factors, including humidity, wind speed,

temperature, and others, that could affect demand from consumers.
Customer factors Whether the client is a residential, commercial, or industrial entity, the
kind of the consumer’s machinery, and any other variables pertaining

to the customer that could impact the demand from the end users.

The state-action table, also known as the Q-value table, is updated whenever a certain state and action
pair is entered at time t, with the result being Q (sy, a;). Whenever time t rolls around, the agent consults the
Q-value table to choose what to do next. The Bellman equation is then used to update the Q-value associated
with the chosen action and state:

Q(sp,ar) « (1-0)Q (s, ar) + 0 [r(se,ar) + ymaxQ (Se1, ae41) (4)

In Eq. (4), 6 €[0,1] depicts the pace of learning that decides how much the new Q-value takes
precedence over the previous one. The agent does not learn anything and relies only on its previous Q-value
at 0 = 0, since it does not engage in exploration throughout the Q-learning process. On the other hand,
when 0 = 1, the agent doesn’t exploit anything; it just changes its Q-value based on the current reward and
the maximum discounted future benefit. Just as when choosing y, the system operator may find the balance
among exploration and exploitation by adjusting the value of 6 within the range of [0, 1]. Ultimately, the agent
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will achieve the optimum policy v* with the highest Q-value by iteratively updating Q (s, a;) using Eq. (5),
causing the Q-value to get greater:

v* = arg maxQ (s, ar) (5)

Applying the aforementioned Q-learning method to a single appliance (such as an air conditioner,
washing machine, or ESS) in a smart home using a PV system and an ESS allows for the calculation of the
optimal operation schedule of these appliances, which in turn reduces the consumer’s electricity bill while still
meeting their preferred appliance planning and comfort levels. The next three parts provide a comprehensive
example of the proposed Q-learning approach’s state, action, and reward.

3.10 State Space

Our scenario involves running the suggested Q-learning algorithm for 24 h with a 1-h scheduling

resolution. For Vt =1,...,24. Here, we can see the state regions of the washing machine (WM), the air
conditioner (AC), and the energy storage system (ESS), in that order:
WM _ {EYVM}’SAC _ {E?C}’SESS _ {SOEFSS}’ 6)

where the states, E/YM, EAC and SOEFS stand for the ESS’s SOE, WM’s, and AC’s energy consumption at
time t, respectively.

3.11 Action Space

As described in Section SHAP Result, the current condition of the agent and its surroundings deter-
mines the best course of action for each appliance. The following visualizes the WM, AC, along with ESS
action spaces:

AWM = {On, Off},
AAC = {0, AEAC,2AEAC, . 8AEAC, 9AEACY (7)
AESS = {4 AEFSS, ~3AEFSS, ~2AEFSS, —1AEFSS, 0,1AESS, 2AE"SS, 3AEFSS, 4AEFSS | |

3.12 Reward

Each appliance agent’s reward function is defined as the total of the negative electric cost, with negative
displeasure cost linked to the consumer’s chosen comfort and the features of the appliance’s functioning. The

HEMS includes a comprehensive reward r !
pTotl - (WM | AC | ESS, )
WM _AC ESS

In Eq. (8), the three reward functions, ry" ', ri"~, and r{>> seek to assess the HEMS efficiency by looking
at three key metrics: (i) the power consumption and customer dissatisfaction with the WM’s operation, (ii)
the power consumption and consumer discomfort with the AC’s temperature control, and (iii) the power
consumption and energy waste caused by the ESS’s overcharging or undercharging.
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To begin, the WM agent’s reward function is defined as

- [ntEYVM +68 (wfref - t)] , ift< wfref ,
rtWM =4{- [TctEENM +96 (t - wlf)ref )] ,  ift> w?ref 9)

—ntEYVM s otherwise,
where ?™" and w? ! are the times that consumers like the WM to begin and end their workday, respectively,
while § and § are the penalties for beginning and ending operations earlier and later, respectively, in
comparison to the intervals that consumers desire. The WM agent adds a negative displeasure cost to the

pref

reward function if the WM energy usage is scheduled before wg ~ or after w?ref; Otherwise, a negative
electric cost is the sole thing included in the reward function.

The AC agent’s reward function is defined as

— [MELC + i (TR - TI) ], i T < T™n
rp© = { — [mEAC +  (Tin - Tmax)],  §f TiM > Tmax (10)

—ntEfc s otherwise

in which, « represents the penalization for the customer’s temperature discomfort. Dissatisfaction cost is the
amount by which actual temperatures deviate from the ideal range for a certain customer Ti* from, T™" and
T™3* only when it has a negative sign is it seen as the prize. T'" deviates from the range of [Tmi“, Tmax].

Lastly, a negative electric cost and a negative energy underutilization cost make up the incentive function
for the ESS agent:

— [mEESS + T (SOE, - SOE™™)], if SOE, > SOE™
15 = [ EESS + 1 (SOE™™ - SOE,)],  if SOE, < SOE™™ (1)

—ntE]ESS, otherwise,

where T and t are overcharging and undercharging penalties of ESS, respectively. During the underutilization
stage of the ESS, energy underutilization happens when the SOE falls below SOE™" (undercharging) or
exceeds SOE™** (overcharging). This phrase is seen as a reward, coupled with the electric cost.

4 Results and Discussion

The effectiveness of our prediction approach in predicting home load performance is the main subject of
this article’s thorough investigation of the experimental results. A dataset that has been gathered specifically
for this study is used to perform the evaluation. The estimated values for the dataset on household energy use.

After importing the original dataset, features or parameters generated from time-series information
were obtained. Based on the time-series data, we conducted the evaluation to determine the relative value of
each characteristic. Resampling was performed on the dataset using time-series characteristics that show a
strong statistical correlation. After that, three separate methods—MLR, linear regression, along with gradient
boosting regressor—were used to train the data model from the dataset that had undergone extensive data
cleaning as well as resampling processes. A total of 80% of the data was used for training purposes, with the
remaining 20% serving as the evaluation dataset. Evaluation of the techniques using performance metrics,
such as root mean squared error (RMSE), mean squared error (MSE), and mean absolute error (MAE), led
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to the adoption of the loss function. To measure the discrepancies between each anticipated value and its
corresponding observed value, the root mean square error (RMSE) is used. Creating models that include
both independent and dependent variables is within the range of possibility in time-series data analysis. The
primary goal of these models is to provide a linear equation that faithfully depicts the underlying relationship
between these variables. According to the hypothesis, x and y are two independent variables whose values
are linearly related; in other words, y’s value depends on X’s value.

To test the dependent variable’s predictive power, a regression-based model uses a variety of indepen-
dent variables during training. Many people refer to the concept being discussed as the model of MLR.
Submetering 1, submetering 2, and submetering 3 are the data variables that make up the dataset used to
forecast residential energy use.

All the experimental data are shown in Table 2. We ran the MAE, MSE, and RMSE calculations.
Computational analysis was performed on the predicted values produced by models that used MLR with
a gradient-boosting regressor. The dataset was resampled to a one-hour temporal resolution to improve
computing performance and speed up the production of findings. Applying both models to the same dataset
reveals that the gradient-boosting regressor approach outperforms MLR in terms of accuracy.

Table 2: Performance metrics for implemented prediction methods

Metrics Linear regression ANN  Proposed method

MSE 0.0244 0.0222 0.0054
RMSE 0.0015 0.0012 0.0020

Gathering thorough data from numerous sources that might affect a home’s energy use is the first
step in properly predicting and evaluating patterns of energy use and determining the causes of this
consumption. The datasets have been structured and pre-processed to make ML model training more
effective. Using sophisticated black box models in a training approach is the focus of the project. We use
SHAP, an interpretable Al approach, to better understand the factors that impact household energy usage.
The underlying causes of energy consumption may be more easily identified with the use of this technique.
Given these issues, it’s critical to help different groups of people gain influence so that policies may be made
that put an emphasis on making the most efficient use of energy.

SHAP Result

An important characteristic is one that has a significant effect on the target feature, in this case, electrical
load. With such a high relevance score, the feature clearly has a significant impact on the desired function. The
feature’s strong impact indicates its significant relevance to the target. Modifying these important elements
may have a significant effect on the objective. Features were deemed to have little effect if their significance
value was low. The target was unaffected or very slightly affected by these properties if they were deleted.
Reducing computing complexity and improving simulation time are both achieved by removing unnecessary
elements, which is shown in Fig. 3.

In particular, the graphic shows how various parts of the home utilize energy compared to one another.
Our graphic’s primary objective is to show how different parts of the home have historically contributed to
the overall energy use. Evidence from the visualization analysis points to the Sub_metering_3 variable having
a substantial impact on the overall determination of energy consumption. The term “Sub_metering 3”
describes the process of measuring and keeping tabs on the power use of certain components inside a
bigger system.
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Figure 3: Smart metering (terminal access) using SHAP means values analysis

Two of the most important equipment in every home are the water heater and the air conditioner. The
most significant consequence was the beginning of the Sub_metering 3 contribution’s impacts. Additional
features’ long-term effects are also shown in the supplied picture. Members of the family should become more
aware of their energy use habits after reading these explanations. The use of the reasoning processes discussed
earlier may also lead to Al models being trustworthy and transparent. A more thorough examination
of the variables influencing global active power usage may be achieved by exchanging internal elements
like Sub_metering 1 and Sub_metering_2, along with Sub_metering_3 with external factors like weather,
pressure, cloud cover, along with user behavior, or vice versa. The objective is to find out how important and
correlated certain aspects are by giving equal technical attention to internal and external factors. Whether it’s
swapping out internal elements for external ones or the other way around, this method improves prediction
transparency and helps with ethical ATl modeling. Improved forecast accuracy and interpretability, as well as
confidence in the model’s results, might result from a thorough understanding of the complex relationship
between the two sets of variables. By standardizing the analysis and incorporation of these aspects, the study
develops a complete and more trustworthy model for smart grid power consumption predictions.

5 Conclusion

Building and testing a home power load prediction mechanism was the focus of the current study. To
accomplish this goal using ML techniques, the LSTM, XAI, and Q-learning frameworks were proposed.
Predictive models that use feature extraction and related feature selection methods show a considerable
reduction in computational time. Building a high-quality forecasting system is made much easier with the use
of training data, which considerably increases the system’s efficiency and sharpens the accuracy of forecasts. A
data resampling frequency of one hour yields the best results. The decreased RMSE achieved during training
proves that the proposed method shows greater performance over ANN and Linear Regression. Nevertheless,
itis essential to note that the proposed model is used together to achieve a balanced combination of speed and
accuracy. A deeper dive into the link between ML and XAl as they pertain to sustainable smart city concepts
is underway in this study. Applying SHAP methods to improve the interpretability of ML models within
the framework of sustainable smart cities is our primary area of interest. This article provides a thorough
review of ongoing research that aims to understand the challenges of creating an open and user-friendly
system that can foretell and estimate smart home energy use. A new approach to explanation generation
has been proposed, merging the approaches of Shapley Additive Explanations and LIME. The objective
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of this method is to provide explanations that are easy to understand to improve the understanding of
predictions made by an LSTM-based forecasting model. An idea has been put out there that might help us
better understand the unique needs of energy users if we combine a user-centered prototyping approach
with various explanatory graphics. To better understand the dynamics of energy use and to build more
accurate and insightful prediction models for smart grid settings, it is crucial to be able to interchangeably
use internal and external variables. The main objective of this approach is to derive key findings and collect
requirements for building a human-centered, collaborative system that can predict energy use. The capacity
to provide explanations for its predictions is highly valued by the system. There will be more openness,
justice, and personal accountability for those using the system once it’s up and running. To improve openness,
justice, and accountability for those using it, this study stresses the need to be able to provide explanations
for its predictions. The purpose of this article is to encourage conversations on intelligent decision-making
in the context of sustainable smart cities and to add to the current body of knowledge on many criterion
decision-making issues, such as electricity forecast. The Abbreviation list is as follows in Table 3.

Table 3: Abbreviation list

MDP Markov decision process
ML Machine Learning
XAI Explainable Artificial Intelligence
SHAP Shapley Additive Explanations
RMSE Root Mean Squared Error
MSE Mean Squared Error
LSTM Long Short-Term Memory
DSM Demand Side Management
HEMS Home Energy Management System
Io GT Intersection of Ground Truth and Prediction
ANN Artificial Neural Network
CNN Convolutional Neural Network
RNN Recurrent Neural Network.
LOF approach Local Outlier Factor
Al Artificial Intelligence
MAE Mean Average Error
LIME Local Interpretable Model-Agnostic Explanations
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