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ABSTRACT

Optimizing power generation is crucial in the evolving smart grid and urban ecosystem
landscape. Efficient energy use is vital in today’s tech-driven world, with smart grids
leading the way in managing energy consumption and distribution. Given the link
between climate and energy use, integrating weather data is now essential. This
research presents a method combining demand response in smart grids with hyperlocal
weather predictions using machine learning to enhance power generation forecasts.
Five models—SARIMAX, Prophet, XGBoost, LSTM, and Holt-Winters are trained on the
smart grid and weather data, including precipitation, humidity, temperature, and cloud
cover. Extensive feature engineering, such as lag terms and cyclic encoding, improved
accuracy. SARIMAX outperformed others with an MAE of 3.54 and an R-squared of 0.97,
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while the hybrid model, combining SARIMAX, Prophet, and Holt-Winters, achieved an
R-squared of 0.96. The hybrid model’'s dynamic recalibration improved accuracy with
new data. A real-time dashboard is also developed, offering dynamic, user-specific fore-
casting insights. This research enhances smart grid management by integrating machine
learning and demand response for more efficient energy use.
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1. Introduction

Electricity is a critical component of our everyday lives, industries, and technological breakthroughs in the
modern world. Electricity generation is mainly concerned with transforming various kinds of energy into
electrical power, such as fossil fuels, nuclear, hydro, wind, or solar (Rajagopalan, 2022). This produced energy
is delivered across great distances via a network of high-voltage transmission lines. When it arrives at its des-
tination, the voltage is lowered by substations and delivered to individual customers via a network of distri-
bution lines, which includes residential, commercial, and industrial users. Traditionally, electricity generation
has depended on centralized power facilities that use resources such as coal, natural gas, or nuclear reac-
tions (Sathyaraj & Sankardoss, 2024). These factories are deliberately positioned for safety and environmen-
tal concerns, generally near energy sources or away from inhabited areas. In its conventional form, the grid
has been the backbone of electricity delivery, ensuring plant power reaches consumers efficiently. However,
this traditional grid is limited to unidirectional flow and communication, primarily focusing on delivering
electricity without active demand management or real-time adjustments based on consumption patterns.
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A smart grid (SG) is an improved electrical grid system integrating digital communication technology
to improve power distribution efficiency, reliability, and sustainability. Unlike traditional grids, SGs pro-
vide bidirectional communication between electricity producers and consumers, allowing real-time moni-
toring and automatic response to changing demand and supply situations (Amin, 2025). This dynamic
interaction enables the integration of distributed energy resources (DERs), such as solar and wind power,
improving electricity generation, distribution, and consumption. SGs may use advanced data analytics
and machine learning (ML) to forecast demand patterns, control energy flow, and ensure grid stability
even as the energy environment grows more complicated and decentralized.

An SG operation depends on accurate power demand forecasts and renewable energy production.
The development of SGs is a meaningful change for the power sector, bringing many advantages and
new challenges. The future of energy management and consumption is anticipated to be significantly
shaped by SGs as research and development continue. However, the unpredictable nature of renewable
energy sources (RESs) and the wide range of user behaviors make the prediction process problematic
(Xia et al., 2021). For SG operators and solar energy suppliers, accurate forecasting of energy generation,
especially solar power, is essential. Due to its considerable reliance on weather factors, renewable power
needs accurate forecasts to guarantee power continuity and make suitable preparations for energy dis-
patch and storage (Carrera & Kim, 2020). The switch to SG, however, is not without its complications.
Predicting energy demand and supply correctly in an SG is becoming more innovative and intercon-
nected. Without adequate planning, a rapid decline in renewable energy generation might cause black-
outs and unstable system conditions (Jamii et al.,, 2022).

Weather has always significantly influenced energy demand, especially regarding RESs such as solar
and wind. The production predictability of these renewable sources becomes increasingly important as
our globe turns to them. RESs are subject to the whims of nature, as opposed to conventional energy
sources, which can be managed and changed in response to demand. For instance, there might be var-
iations in the amount of energy produced if the sun does not shine and the wind does not blow
(Gowtham et al,, 2023). On the other hand, heavy rains, storms, and high temperatures have substan-
tially disrupted energy production and delivery. In many countries, these conditions can result in total
blackouts or decreased energy output, primarily if the system relies highly on renewable sources such as
solar or wind (Carreras et al., 2021). These factors require precise weather predictions for RESs to provide
regular electricity availability and grid stability.

While helpful, traditional weather forecast systems sometimes lack the granularity and precision required
to handle sudden and localized changes in meteorological conditions, which can significantly impact renew-
able energy generation. Large-scale weather models often produce projections for large areas, which are insuf-
ficient for controlling unpredictability at the micro-scale where RESs function (Zhang et al., 2024). As a result,
these models may fail to forecast localized weather events that might have severe consequences for energy
output, such as unexpected cloud cover over a solar farm or isolated wind gusts impacting wind turbines.

This gap in standard forecasting approaches emphasizes the need for hyperlocal weather predictions.
Hyperlocal forecasting provides a solution by generating high-resolution data that is both temporally
and spatially precise. With this degree of precision, energy operators can more accurately forecast and
respond to weather-related changes in energy output. Integrating hyperlocal weather prediction into SG
operations can be crucial for maximizing power output, especially when utilizing RESs such as solar and
wind. Hyperlocal weather prediction gives accurate, localized data on climatic factors, including solar
irradiance, wind speed, and temperature, which directly influence RESs’ efficiency and output (Venter
et al., 2020). Accurate forecasting of these factors enables better control of renewable energy’s intrinsic
unpredictability and fluctuation, improving SG dependability and stability. Recent advances in digital
twin technology and ML models have proven the capacity to accurately anticipate renewable energy
generation by modeling different weather conditions in real-time (Wang et al., 2023). This ability is criti-
cal to facilitating the smooth integration of RESs into the grid, maximizing energy dispatch, and decreas-
ing operating costs. While this strategy is unique in its application to SGs, it is inspired by approaches
employed in other electrical systems, such as dynamic line rating (DLR). DLR has successfully used hyper-
local meteorological data to improve the accuracy of power transmission projections (Manninen et al,,
2024). Although the context changes, this highlights the efficacy of combining extensive environmental
data with ML models tailored to SG management’s unique requirements and problems.
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1.1. Problem statement

This paper addresses the critical issue of precise and dependable short-term power generation and
demand predictions in SGs. RESs’ unpredictability and shifting consumer demand affect the grid’s bal-
ance and efficiency, making this a critical challenge for the SG’s stability and optimization.

Traditional weather forecasting methods using hyperlocal weather predictions, such as those
addressed in recent studies, primarily use physics-based numerical weather prediction (NWP) models.
While these models produce reliable forecasts, they are limited by medium spatial resolutions and high
computing demands, making them less suitable for real-time applications in SGs that require rapid and
targeted responses. These restrictions impede the capacity to properly manage energy resources, par-
ticularly in scenarios involving dispersed microgrids (Zaidan et al, 2024). On the other hand, recent
advances in forecasting systems, such as using vast sensor infrastructures and edge computing, have
sought to provide real-time hyper-local weather predictions. However, these systems may confront
issues in processing the massive volumes of data collected, assuring forecast accuracy and dependability,
and doing so efficiently enough to incorporate into SG operations (Adkins et al., 2023).

To address these gaps, this work focuses on enhancing short-term load forecasting (STLF) in SGs
using hyper-local meteorological data with a forecasting horizon of up to 48hours. Our technique
hybridizes sophisticated time series models such as SARIMAX, Prophet, and Holt-Winters exponential
smoothing, giving appropriate weights to each model to improve prediction accuracy while retaining
computing efficiency. This technique overcomes geographical and temporal resolution limits and
improves data processing for real-time applications.

The issue’s relevance lies in its influence on SGs’ operational efficiency. Accurate forecasting is critical
for optimal resource allocation, grid stability, and lowering operating costs, primarily as modern SGs rely
more on RESs and dynamic demand response systems.

1.2. Motivation

In many developing nations, including Pakistan, frequent blackouts and power outages have become a
substantial barrier to economic progress and daily living. Blackouts are caused by a variety of conditions,
including an uneven energy supply—-demand ratio, outdated transmission and distribution infrastructure,
and inefficient grid management. One key factor is the insufficient integration of RESs, such as solar and
wind power, which are intermittent and pose problems to grid stability. Furthermore, fluctuating fuel
prices and unbalanced fuel imports have an impact on thermal power generation (World Bank, 2020),
inflating the problem. Pakistan’s energy consumption is quickly increasing due to increasing population
and urbanization. It continues to rely heavily on fossil fuel-based power generation, which is both eco-
nomically and ecologically unsustainable. Power plants running on imported fuels, such as natural gas
or oil, are sensitive to supply chain interruptions, resulting in deficits. Additional reasons contributing to
frequent load shedding and unscheduled outages include poor grid maintenance, a lack of infrastructure
investment, and energy theft (Jamil, 2018).

In this context, SGs provide a possible option to reduce blackouts by integrating distributed renewable
energy supplies, enhancing grid management, and increasing operational efficiency. However, these SGs
confront the challenges of maintaining dependable power generation and distribution, given the uncertain
RESs and varying customer demands. This study focuses on tackling these issues by using sophisticated
forecasting approaches that combine hyperlocal weather data with demand response mechanisms. This
study attempts to deliver more reliable forecasting solutions for real-time SG operations by merging these
models into a hybrid framework and employing dynamic recalibration approaches.

1.3. Contributions of the research

1. Development of a novel forecasting framework that combines machine learning (ML) algorithms
with hyperlocal meteorological data and demand response mechanisms, resulting in short-term load
forecasting (STLF) in SG. This unique combination enhances prediction accuracy by dynamically
adapting to fluctuating weather conditions and energy demand patterns.
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2. Comprehensive evaluation and benchmarking of individual forecasting models (SARIMAX, Prophet,
and Holt-Winters) within the context of SG applications. This work gives deep insights into the rela-
tive effectiveness of various models, highlighting their distinct strengths and limits in estimating
energy use, which has not been thoroughly investigated in previous studies.

3. Introduction of a novel hybrid model approach that incorporates real-time dynamic re-calibration.
This technique modifies the weighting of individual model components based on their real-time
performance, resulting in adaptive, context-sensitive prediction.

4. Development of a real-time adaptive forecasting dashboard that allows user-specific customization
and flexibility for varying prediction periods. This practical tool is intended to improve operational
decision-making in SGs by offering quick, accurate, and highly customized forecasting choices.

5. Exploration of the practical and long-term effects of integrating hyperlocal weather data into SG
operations. The model paves the way for more effective energy distribution and management, not-
ably through greater integration of renewable energy sources, leading to less energy waste and
increased grid sustainability.

1.4. Key highlights

Demand Response systems optimize SG Power Generation Efficiency.
User-adaptive dashboards enable customized power forecast visualizations.
Integration of hyperlocal weather data significantly enhances prediction accuracy.
The SARIMAX model stands out with an R-squared score of 0.97

The Hybrid Time series model achieves an R-squared score of 0.96.

The rest of the paper is organized as follows: Section 1 gives the readers a thorough background on SG
and its applications, along with basic definitions. Section 2 presents a detailed literature review and a com-
parative analysis of the state of the art. Section 3 briefly explains collection, pre-processing, and feature
engineering techniques used on the data. Section 4 represents a baseline method for evaluating demand
response in a SG for a specific locality. A detailed explanation of the experimental analysis is given in
Section 5, the results of which are discussed in detail in Section 6. Following this, the parameter sensitivity
and ablation study are given in Section 7. Further, we present the contributions of this work along with
possible future directions in Section 8. The last Section 9 gives the concluding remarks for the paper.

2. Related work

Over the past decade, electrical systems have transformed. Traditional power networks have undergone
significant adjustments to fit the dynamic nature of contemporary energy demands and the integration
of RESs. These grids were built initially for a one-way flow of electricity from centralized production sour-
ces to users. There was a rush in research on the grid integration of RESs in the early 2010s. FitzPatrick
and Wollman (2010) emphasized the significance of developing a road map for SG interoperability
standards, highlighting the challenges of incorporating various energy sources. The groundwork for com-
prehending the complexity of contemporary power systems was laid.

Demand-side management (DSM) is a comprehensive method that includes several tactics for optimiz-
ing consumer energy usage, such as increasing energy efficiency, regulating load, and responding to
dynamic price signals. The authors of Bakare et al. (2023) divided DSM operations into three categories:
demand response, distributed energy resources (DER), and energy efficiency (EE), with each confronting
issues such as integrating intermittent RESs, correct load classification, and the use of dynamic pricing.
A crucial component of DSM, particularly within SGs, is Demand Response Management (DRM). DRM is the
ability of end users to adjust their electrical use in response to variations in the cost of electricity over time
or between various energy sources (Ahmed et al.,, 2024). The significance of DRM in SGs became apparent
as the decade went on. With the growing integration of RESs whose production might be irregular and
unexpected, DRM systems played a crucial role in ensuring grid stability (Adnan et al.,, 2023).
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Further, the issues RESs encounter, notably their reliance on environmental conditions, have become
a research focus in recent decades. While smart meters enabled real-time demand prediction, it was real-
ized that there was an urgent need for precise models to anticipate the power provided by renewable
sources (Arumugham et al., 2023). These models were critical for ensuring grid stability, practical sched-
uling, and energy management. For example, if a model anticipated that renewable energy would be
lost, the SG would need to transition smoothly to conventional energy sources to guarantee that the
generated power matched the predicted demand.

Using artificial intelligence (Al) in SGs has opened new research opportunities. Al-based DSM tech-
nigue by Ullah et al.,, (2022) evaluated in various case studies shows reductions in operational costs of
up to 3.5% and emissions of up to 14.5%. More enhancements utilizing the Multi-Objective Genetic
Algorithm (MOGA) result in significant cost and emission savings yet the approach’s limitations stem
from the uncertainty of wind energy forecast using Monte Carlo simulations, which may affect schedul-
ing precision. Further, to improve demand responsiveness in SGs, the Pre-Attention Mechanism and
Convolutional Neural Network-based Multivariate Load Prediction model are used, achieving a Mean
Absolute Percentage Error (MAPE) ranging from 9 to 11% (He et al.,, 2023). These algorithms ensure
effective power generation and give actionable performance insights on the SG system. However, the
model’s generalizability to different datasets is restricted, and its computational cost may pose issues for
real-time applications.

Hyperlocal weather forecasts are localized ones that usually target small geographic regions, such as
individual city blocks or neighborhoods (Li & Sharma, 2024). Hyperlocal forecasts have given granular
data with high geographical and temporal precision, unlike standard weather forecasts that provide
broad information for more prominent regions. The importance of hyperlocal weather prediction in SGs
has been highlighted by Adkins et al., (2023) in urban air mobility, Balazova et al. (2024) in drone opera-
tions, and Zaidan et al. (2024) in renewable energy forecasting known as IrMaSet. The IrMaSet reduced
forecast errors significantly with reported reductions in prediction errors, i.e., 353,143 kWh underestima-
tion and a 359,968 kWh overestimation in solar energy generation. Improved forecasting can reduce CO,
emissions of 17.55 tonnes at a maximum annually (claimed by authors). Yet, the system'’s reliance on
low-cost sensors might cause data quality challenges, and its computational and maintenance require-
ments may have operational complexity.

Temperature, wind speed, and humidity influence RESs, changing the quantity of power they gener-
ate. NowCasting developed by Krishna et al. (2018) used for short-term wind power prediction using
autoregression models provides forecasts ranging from 10 minutes to 6 hours in advance, achieving a
normalized mean absolute error (MAE) of 2.11% to 14.25%. But the accuracy of these hyperlocal predic-
tions is largely reliant on the quality and reliability of input data, which can be influenced by sensor
imperfections and environmental variation. Furthermore, the model’s effectiveness may suffer in places
with limited sensor coverage or high geographical and temporal variability in wind patterns. Advanced
ML and deep learning (DL) algorithms, including Gaussian Process Regression (GPR), have been devel-
oped by Li and Sharma (2024) to increase prediction accuracy, achieving an R-squared score (R?) of up
to 0.95. However, the prediction reported an MAE of about 1.7 °C in temperature predictions, with MAE
surpassing 2.5°C in locations with fewer sensors. Sensor drift and local environmental conditions can
cause further variances. Ibrahim et al. (2022) explored ML techniques for STLF in SGs, predicting demand
from one hour to 24 hours ahead, emphasizing the importance of meteorological factors like tempera-
ture. Key predictors included the previous week’s and last day’s same-hour loads. The DL regression
model achieved an R? score of 0.93 and MAPE of 2.9%, while the Ada-Boost model had an R? score of
0.75 and MAPE of 5.70%. But, due to the number of hidden layers used, the model took an average of
20 minutes to train, and the GRU multi-step model performed badly, particularly with long input sequen-
ces and the vanishing gradient problem demonstrating that multi-step prediction remains a challenging
area in the field.

Traditional statistical approaches such as Autoregressive Moving Average (ARMA), Autoregressive
Integrated Moving Average (ARIMA), and exponential smoothing often fail to capture complex non-
linear relationships in STLF (Das & Chakrabarti, 2021). In contrast, ML methods have shown superior per-
formance. A study on India’s Wholesale Price Index (WPI) using a Multi-Layer Perceptron (MLP) model
demonstrated better accuracy compared to traditional methods, with MAPE improvements ranging from
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56% to 92% in various simulations (Das & Chakrabarti, 2021). However, of the 72 WPIs investigated, 52
did not match the model, leaving their performance unexplored and raising concerns about the model’s
application to datasets with no discernible patterns. The analysis was restricted to 25 WPIs with discern-
ible non-linear patterns, reducing the total assessment. Similarly, Tarmanini et al. (2023) compared
ARIMA and Artificial Neural Network (ANN) methods for STLF in Ireland, finding that ANN outperformed
ARIMA with a MAPE of 1.80% compared to 2.61%. On the other hand, DL approaches have also shown
promising results in resolving the constraints of statistical-based models. They can simulate sophisticated
non-linear mappings between inputs and outputs, detect hidden patterns in large datasets, and provide
scalability. The model’s performance may vary depending on the household’s specific consumption hab-
its, which are impacted by external factors such as weather and vacations, emphasizing the need for
more comprehensive models.

In SGs, dynamic pricing methods, such as, Time of Use (ToU), Real-Time Pricing (RTP), and Critical Peak
Pricing (CPP) are also employed to regulate energy usage and facilitate the integration of RESs. While RTP
helps RES integration and lowers peak demand, communication and measurement requirements complicate
consumer planning. ToU permits good consumer planning and is easy to deploy, however, it has minimal
influence on supply/demand and RES integration. To solve these difficulties, CPP minimizes peak demand
and displays fixed pricing levels, however, it has limited usage hours and does not enable RES integration.
Using these pricing methods, Salazar et al. (2023) developed a reinforcement learning-based pricing and
incentive method for demand response in SGs based on short-term and long-term Q-Learning algorithms.
The proposed approach reduced peak demand by an average of 8% and the peak-to-average ratio by 6-22%,
resulting in an overall cost reduction of around 4%, with a maximum decrease of 12%. Whereas, the complex-
ity of using both short-term and long-term Q-Learning methods may hinder real-time implementation, which
necessitates large computer resources. Also, the model’s performance can be impacted by a variety of cus-
tomer actions, which may result in unsatisfactory outcomes if not properly accounted for.

A prosumer is an individual or an organization that produces and consumes energy often using RESs
such as solar or wind. Prosumer-centric SG systems leveraging the engagement of both producers and
consumers in energy management and exchange are becoming increasingly popular. Patrizi et al. (2022)
developed a self-sustaining prosumer-centric SG model that uses contract theory to optimize interac-
tions between prosumers and grid operators, assuring a balance of energy supply and demand while
being economically sustainable. This model emphasizes the relevance of dynamic pricing mechanisms
and DERs, allowing prosumers to actively participate in grid operations by exchanging excess energy
and altering usage in response to real-time price signals. While this strategy improves local grid manage-
ment, the proposed study builds on previous work by concentrating on forecasting approaches com-
bined with hyperlocal meteorological data to maximize energy distribution and system stability. The use
of advanced ML models (e.g., LSTM, SARIMAX, XGBoost, and hybrid models) addresses the challenge of
accurate load and renewable energy forecasting, resulting in improved grid efficiency and stability while
remaining consistent with existing research.

In summary, integrating RESs and advanced ML techniques has significantly enhanced SGs’ efficiency
and responsiveness. While traditional statistical methods have limitations, modern ML and DL
approaches offer superior prediction accuracy. The integration of hyperlocal weather forecasts further
supports grid stability and energy management. Current forecasting models often don't account for
hyperlocal weather variations, leading to inefficiencies in energy management and grid stability.
Continued research in hybrid models and advanced algorithms is essential for addressing remaining
challenges and optimizing SG performance.

3. Data collection and pre-processing

Time series data for SG battery storage has been sourced from IEEE Dataport'. The data is from Taiwan
and contains 76966 data records involving 28 variables related to Energy storage, i.e., power factor, fre-
quency, current, and voltage for each phase in a three-phase power storage system, apparent and real
Power, and others. The data spans from 01 September to 30 September 2022. The sampling frequency
of the data is 30 seconds. Meanwhile, the weather data has been sourced separately from Open-Meteo?.
The weather data is hyperlocal, and the location coordinates are used only to have weather data for the
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specific locality for September 2022. The weather data contains the variables, i.e., temperature, relative
humidity, apparent temperature, precipitation, cloud cover, and wind speed. The sampling frequency of
weather data is hourly.

A few preprocessing steps are taken before the analysis. For time series consistency, missing values
were found in the datasets and imputed using linear interpolation. Z score analysis and visual examina-
tion using box plots are used to identify outliers, which were then dealt with to ensure they did not
skew the results. Data normalization was done to scale the features to a standard range. Also, the two
datasets are merged by using joins and balancing the data accordingly, as one dataset is sampled
hourly, and the other is sampled every 30 seconds.

Some of the data pre-processing steps are discussed as follows.

3.1. Exploratory data analysis (EDA)

The first step in EDA is to examine the distribution of the data. Histograms are plotted for weather varia-
bles, i.e., temperature, relative humidity, apparent temperature, precipitation, cloud cover, and wind
speed, to understand their distribution and detect any skewness or bias (Figure 1). The histograms show
that most meteorological variables have a normal distribution, yet considerable skewness in precipitation
and cloud cover is seen.

Similarly, histograms for grid variables, including power factor, frequency, current, voltage, and others,
are generated to check for normality and distribution characteristics (Figure 2). These histograms show
that while most grid parameters follow a normal distribution, there are notable power factor and fre-
quency deviations.

Further, Tables 1 and 2 define the summary statistics of both datasets, showing the statistical metrics
relative to the weather and grid data. These analyses show that weather variables, such as, temperature
and humidity significantly influence renewable energy generation due to their solid correlations and
observable patterns hence accurate weather predictions are crucial for reliable energy forecasting. The
insights gained from EDA are important for incorporating detailed weather data and robust preprocess-
ing methods to enhance the precision and reliability of power generation predictions.

temperature_2m (°C) relativehumidity_2m (%)

22 24 26 28 30 32

apparent_temperature (°C) precipitation (mm)

24 26 28 30 32 34 36 0.25 0.50 0.75 1.00 1.25 1.50 175 2.00

cloudcover (%) windspeed_10m (km/h)

80

60 -

40 1

201

0- i
0 20 40 60 80 100 0 10 20 30 40

Figure 1. Histograms for weather data variables.
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Figure 2. Histograms for grid data variables.
Table 1. Summary statistics for weather data variables.
Variable Count Mean Std dev Min Max
Temperature (°C) 720 26.77 2.40 21.20 31.80
Relative humidity (%) 720 73.63 12.48 41.00 96.00
Apparent temperature (°C) 720 29.78 2.80 23.40 36.70
Precipitation (mm) 720 0.06 0.21 0.00 2.00
Cloud cover (%) 720 38.53 28.19 0.00 100.00
Wind speed (km/h) 720 12.59 9.26 0.40 42.00
Table 2. Summary statistics for grid data variables (kPt is the dependent variable).
Variable Count Mean Std dev Min Max
Frequency (Hz) 76966 59.94 0.05 59.70 60.10
la (A) 76966 3.49 1.64 1.80 9.60
b (A) 76966 3.46 1.74 1.80 9.80
Ic (A) 76966 3.91 1.60 240 10.00
Power Factor 76966 0.79 0.12 0.55 0.99
Va (V) 76966 6782.30 4333 6610.00 6922.00
Vb (V) 76966 6669.81 42.27 6516.00 6823.00
Ve (V) 76966 6787.31 4379 6608.00 6945.00
kPt (kW) 76967 124.89 17324.39 26.00 4806344.00
kQt (kVAR) 76966 -33.11 2.04 —40.00 —24.00
kSt (kVA) 76966 74.43 33.27 44.00 194.00
kVARh Q1 76966 248.00 0.00 248.00 248.00
kVARh Q2 76966 0.00 0.00 0.00 0.00
kVARh Q3 76966 0.00 0.00 0.00 0.00
kVARh Q4 76966 223415.90 7076.36 211194.00 235660.00
kVAh+ 76966 441499.05 15796.76 416178.00 470412.00
kVAh- 76966 4.00 0.00 4.00 4.00
kWh+ 76967 661180.43 9171421.00 309786.00 2544541000.00
kWh- 76967 0.00 0.00 0.00 0.00
kWh abs 76966 330596.12 13328.15 309788.00 355400.00
kWh net 76967 661177.21 9171377.00 309784.00 2544441000.00
21A 76966 332.53 10.47 315.00 358.15
7B 76966 81.28 15.80 51.67 115.25
21C 76966 205.63 14.01 185.61 241.55
VA 76966 0.00 0.00 0.00 0.00
VB 76966 120.62 0.15 119.98 121.33
vVC 76966 240.56 0.21 239.70 241.65
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3.2. Addressing non-stationarity in time series

Hypothesis testing is a fundamental statistical technique for determining the validity of a particular hypoth-
esis about a dataset. In time series analysis, the null hypothesis often states that the series has a unit root,
implying non-stationarity and the presence of time-dependent characteristics. The alternative hypothesis is
that the time series is stationary, suggesting it lacks a time-dependent structure (Pasari & Shah, 2020).

The Augmented Dickey-Fuller (ADF) test determines the presence of a unit root in a time series.
Using the ADF test on the dataset, the test statistic did not fall below the critical values at the generally
used confidence levels (1%, 5%, and 10%), and the p value surpassed 0.05, suggesting that the null
hypothesis of a unit root could not be rejected, as shown in Figure 3.

To further investigate stationarity, rolling mean and standard deviation were used. The rolling mean
MA; at time ; smoothes out short-term variations by averaging the data across a set interval n, revealing
the underlying trend, and is defined as Eq. (1):

.In—l
MA; = — Xi_i 1
¢ n; i (1)

The rolling standard deviation SD; measures the variability within this frame. It indicates how much
the data deviates from the rolling mean over time, as shown in Eq. (2).

-In—1 5
SD; =, | — Xi—i — MA 2
¢ n;(t, 0) 2

As shown in Figure 3, the rolling mean varies over the month, reflecting changes in the average of
the time series. Similarly, the rolling standard deviation shows changing volatility, with larger values sug-
gesting more unpredictability in the data. Periodic peaks and troughs in the original data indicate a cyc-
lical time series component. The fact that the rolling mean and standard deviation do not remain
constant over time suggests that the time series is non-stationary, which means that its statistical prop-
erties, such as mean and variance, do not remain consistent. This result emphasizes the necessity for fur-
ther feature engineering to solve the issue of non-stationarity.

Rolling Mean & Standard Deviation
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Results of Dickey-Fuller Test:
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Figure 3. Ducky—Fuller test showing rolling mean and standard deviation.
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3.3. Feature engineering

Given the non-stationarity found in the time series using the ADF test, extra feature engineering
approaches were required to stabilize the statistical features of the data and increase the model’s predic-
tion accuracy. The primary goal of these strategies is to convert the time series into a format that high-
lights the underlying patterns and correlations while decreasing noise and guaranteeing that data is
forecastable. This section describes the simple yet sophisticated feature engineering approaches, such as
log transformation, lag features, and cyclic variables, leading to better forecasting of the dependent vari-
able kPt.

3.3.1. Log transformation

Log transformation is used to reduce variation and heteroscedasticity (when the variance (spread)
of errors or residuals in a dataset is not constant across different levels over time) in time series data.
The transformation eliminates skewness and linearizes exponential growth patterns, making the data
more suitable for linear modeling techniques. The log transformations performed are shown in Egs. (3)
and (4):

y=log(y + 1) 3)
y'=log(y + 2) (4)

where:

e y is the original value of the time series
e y'is the log-transformed value.

Adding T ensures that the transformation can be applied even to zero values. For example, if kPt =
1000 kW at time t, then the transformed value would be log (1000 + 1) ~ 3.0004 making the series
more stationary by reducing the variability over time.

3.3.2. Lag features

Lag features introduce previous values of the dependent variable, kPt, as predictors for the current value.
This method allows the model to capture the data’s temporal dependencies and autoregressive patterns.
By adding these lagged values, the model has learned how previous energy output affects future values,
which is especially useful in energy forecasting, where time-dependent patterns are common. For
instance, the lag features up to 12 hours can be expressed as:

Lag, = kPt;_1, Llag, =kPti—s, ..., Lagy, =kPti_12 (5)

3.3.3. Cyclical encoding of temporal features

Temporal features like the hour of the day, day of the week, and month inherently follow cyclical pat-
terns that repeat over a fixed period. For example, the hour of the day is a cycle that repeats every 24 h.
This periodic nature can be effectively modeled using trigonometric functions, specifically sine and
cosine, which are inherently periodic.

Consider the hour of the day, which ranges from 0 to 23. To encode this feature, we can use the sine
and cosine functions to map the hour onto a unit circle. For example, at 0 hours (midnight), the sine and
cosine values would correspond to the angle 0" or 0 radians on the unit circle, giving (sin (0), cos (0)) =
(0,1). At 6h (6 AM), which is one-quarter through the cycle, the angle on the unit circle would be 90 or’
radians, yielding (sin (g) cos (g)) = (1,0). Similarly, at 12 hours (noon), corresponding to 180" or = radians,
the sine and cosine values would be (sin (), cos (n)) = (0, — 1). Finally, at 18 h (6 PM), the values would
correspond to 270" or 3 radians, giving (sin (3£), cos (3F)) = (—1,0). This method enables the model to
understand that 23 hours (11 PM) and 0 hours (midnight) are temporally adjacent, a feature that typical
one-hot encoding would overlook. Furthermore, this technique is not restricted to hours; it can be used for
any cyclical temporal characteristic, such as days of the week or months of the year, ensuring that time’s
cyclical nature is kept and efficiently utilized in the modeling process.
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For example, the encoding of the hour of the day can be defined as:

27 - hour
hour_sin =sin { ——— 6
our_sin sm( 24 ) (6)
hour_cos = cos <2nhour> (7)
24

Similarly, for the day of the week and month:

21 - day_of_week
day.of week sin — sin 27 9-0feek)

27 - day_of _ k
day_of_week_cos = cos <nay70vvee) 9)
. . (2m - month
month_sin =sin | —— (10)
12
27 - th
month_cos = cos (771 mon ) (11)
12
For example, if it is 3PM (15th hour), then:
. . (2m-15
hour_sin =sin < ) ~ 0.866 (12)
24
2n- 15
hour_cos = cos ( Y ) ~ —0.500 (13)

4. Evaluating demand response for SG for a specific locality

Understanding a grid’s demand response is critical for balancing energy supply and demand, maintain-
ing stability, and maximizing resource allocation. While the information in question is restricted to a
month’s worth of data, it offers a unique chance to examine the grid’s performance, particularly regard-
ing energy storage and generation. The existence of a variable indicating positive energy generation is
very advantageous. It enables daily data sampling to track the incremental energy stored in the bat-
teries, which can then be used to calculate the average energy delivered to the grid. This conclusion is
crucial since it aids in understanding not just consumption patterns but also the efficiency and adequacy
of energy generation about grid demand.

Given that the hyperlocal environment is a Taiwanese educational facility, the energy consumption
patterns should be unique to its operating dynamics. In previous studies, such as in Wang (2019),
authors have measured the demand, providing a basic understanding of the institute’s energy use in
Mega Watt-hours (MWh). This historical data helps create a baseline against which to evaluate the pre-
sent dataset’s findings.

The temporal changes in energy use and the possibility for scalability need to be examined to under-
stand the grid’s demand response better. Energy consumption trends at educational institutions are
mainly predictable based on their academic calendar, with fluctuations over weekdays, weekends, and
holidays. It may derive not just the average daily supply but also the peak demand periods and the
grid’s reaction to these changes by examining the daily rise in battery storage (Almazrouee et al., 2020).
Furthermore, the scalability of the grid’s energy supply is crucial. The grid must adjust as the institute
grows or changes its energy usage habits. The data gives a snapshot that may be used to advise future
grid expansions or changes to meet shifting demand.

Equation (14) for determining power demand in MWh is based on a well-established formula for
energy consumption (Wang, 2019), which considers the facility’s overall area and the energy spent per
unit area. This equation enables an evaluation of overall energy consumption within the provided time
frame.
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Energy Consumption per Unit Area
kWh
( m2~month) (14)
1

xTotal Area (m?) x

Total Energy Consumption (MWh) =

1000

5. Experimental evaluation

This study suggests a unique strategy for optimizing power generation in SGs. The strategy uses sophis-
ticated ML algorithms to utilize the synergy between demand response systems and hyperlocal weather
forecasts. The primary idea, as proposed in (Shaikh & Khattak, 2024), is to incorporate comprehensive
meteorological data into the SG's operational framework, improving the predictability and efficiency of
power generation and distribution. ML models are developed and trained using two datasets: time series
data for SG battery storage and hyperlocal weather data from a specific locality where the SG is sourced.
The complex data integration and model training procedure is carried out to estimate power consump-
tion precisely and optimize energy distribution in SGs.

The research thoroughly examines different ML and time series forecasting models, each chosen for
distinct features and applicability for the demanding job. SARIMAX, Prophet, XGBoost, LSTM, and Holt-
Winters are among the prospective models, as is a unique hybrid model built to integrate the capabil-
ities of separate models. The flowchart for the overall architecture is given in Figure 4. The comparison
of the implementation of all models is shown in Table 3.

Start

Weather Data (€~ Data Collection —>| Grid Data

\ /

Merge Data

{

Data Preprocessing

{

Train Models

)

Evaluate Model e

Generate Forecast

{

Energy Management System

{

Smart Grid

End

Figure 4. Compact architecture for weather and grid data integration.



Table 3. Implementation and potential comparison of different prediction models.
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Model Configuration Data preprocessing Computational complexity Model potential
SARIMAX Seasonality, trend, and Time series Moderate, depends on Excels in scenarios with clear
external variable decomposition, data size and seasonal patterns and
settings normalization seasonality length external influences
Prophet Flexible seasonality, Minimal, robust to Low to moderate, Best for datasets where trend
holiday effects missing data scalable and seasonality are strong
predictors
XGBoost Parameter tuning for Feature engineering, High, especially with Outperforms in predictive
depth, learning rate, normalization large datasets power and speed when
estimators dealing with large feature
sets
LST™M Network architecture Sequence normalization, High, depends on Ideal for sequence prediction
(number of layers, windowing network complexity problems with long-term
neurons) dependencies
Holt-Winters Seasonal and trend Seasonal adjustment, Low, efficient for smaller Superior in short-term
components normalization datasets forecasting with regular
configuration seasonal cycles
Hybrid Model ~ Combination of SARIMAX, As per individual models Varies, can be high due Optimizes accuracy in complex

Prophet, and Holt-

to multiple models

scenarios by combining

Winters settings multiple model strengths

Table 4. Parameters for SARIMAX model.

Param type AR order Integ order MA order Seas period
Order 4 1 0 -
Seasonal order 4 1 1 24

The models are trained differently for each approach. The details for each model are given below.
Different time series and conventional ML models are deployed to predict and forecast Energy consump-
tion patterns involving weather data. Absolute power (kPt) has been chosen as the dependent variable.

5.1. Seasonal autoregressive integrated moving average (SARIMAX) model

SARIMAX has been used as the data shows seasonality, and using just ARIMA did not justify results as
simple ARIMA does not support most of the time series components that this data possesses. As the SG
battery data has been integrated with exogenous factors, i.e.,, weather variables, the best time series
approach can be SARIMAX (Elshewey et al., 2022). Cyclic encoding for an hour, day of week, and month
has been used in addition to exogenous factors to improve the previous methodologies and to have
the best possible results.

Except for the past 24 hours, saving for the testing set, the training set contains all data points. Specific
parameters are set in the model to accommodate autoregressive terms, differencing, moving average terms,
and seasonality. The model improves forecasting performance by handling autoregressive (AR), moving aver-
age (MA), and seasonal components. The model iteratively modifies these parameters using maximum likeli-
hood estimation, reducing the difference between projected and actual values. Furthermore, it adds
exogenous meteorological variables into its regression framework, allowing the model to understand how
weather changes affect energy usage. A grid search technique has also been integrated to tune hyperpara-
meters such as AR terms (p), MA terms (qg), and seasonality (P) to improve the model’s predicting power. Also,
the cyclic encoding, as explained in Section 3.3.3, was employed and proved to reduce the error metrics for
the model.

Equation (15) shows the notation of the SARIMAX model used in the model. Table 4 shows the
parameters used in the model training.

p q
ANy, = o+ Zd)i)/r—i + Zejgt—j
P =1 (15)

P Q
+Z(Diyr—i><s + Z®j8r—jxs + BX: + &
P =
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where:

y; is the observed time series data at time t,
¢, are autoregressive terms,

0; are moving average terms,

s is the seasonal period,

X; are exogenous variables (i.e., weather data).

5.2. Facebook Prophet model

Facebook’s Prophet model is a powerful forecasting tool for time series data with significant seasonal
trends and numerous seasons. It is especially well-suited for data with daily observations containing
missing values and unique occurrences that may impact trends (Kumari et al, 2022). The time series
decomposition model integrates trend, seasonality, and holiday impacts, providing flexibility and simpli-
city of understanding. The Prophet model was chosen for this approach next to SARIMAX because of its
ability to manage the dataset’s complicated seasonal cycles.

The dataset is reconstructed to meet the Prophet model’s input requirements. The data frame has the
date, target variable, and exogenous attributes labeled suitably to help the model identify and handle
the data items. The model is configured to account for daily and weekly seasonality, ensuring that the
model captures intrinsic patterns and swings at multiple time scales. Exogenous variables are added as
regressors to improve the model’s prediction accuracy by accounting for external factors.

In addition to the usual seasonality, weekly cycles and finer-grained daily seasonalities utilizing the
Prophet’s custom seasonalities were introduced, as shown:

m.add_seasonality (name=‘weekly’, period = 7, fourier_order = 3)

m.add_seasonality (name=‘daily’, period=1, fourier_order=10)

This helps capture the influence of repeating weekly patterns, such as differences in energy usage
between weekdays and weekends and daily patterns representing hourly consumption fluctuations.

The implementation of Prophet combined with hyperlocal weather data is shown in Egs. (16)-(20).

y(t) = g(t) + s(t) + h(t) + & (16)

Equation (17) shows the trend component, Eq. (18) shows the seasonality component and Eq. (19)
shows the holiday trend used in the model to catch the trend and seasonality from the time series data.
Equation (20) shows the method by which exogenous variables are included in the model training.

C

STy ekem a7

g(t)

where:

e (: Carrying Capacity
o k: Growth Rate
e m: Offset Parameter

s(t) = Z (a,, cos (@) + b, sin (?)) (18)
n=1

where:

e P: Period (e.g., 30 for monthly seasonality)
e da, and b,: Fourier coefficients

h(t) = _I(t € Holiday,) - §; (19)

i=1

The holiday effect h(t) is modeled as an indicator function that adds a constant effect for holidays.
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where:

e [: Indicator function
e Holiday;: Represents each holiday
e §;: Effect of the th holiday

y(t) = g(t) +s(t) + h(t) + BX(t) + & (20)
where:

e X(t): Represents the Exogenous variables
e f: Vector of coefficients for these variables

5.3. Holt-Winters exponential smoothing model

Particularly for data with seasonality and trend, the Holt-Winters exponential smoothing model goes
beyond conventional exponential smoothing by including trend and seasonality components, making it
a powerful tool for forecasting complicated time series data. The Holt-Winters model is chosen for its
ability to capture and model the dataset’'s complex patterns of seasonality and trend. The model’s ability
to generate accurate short-term forecasts and ease of implementation make it a popular choice for
energy consumption and generation forecasting. The parameters for the model are shown in Table 5.
The model’s additive nature shows a linear trend and seasonality, making it suited for datasets with
these components changing consistently (Almazrouee et al., 2020). The 24 seasonal periods demonstrate
the model’s flexibility to datasets with diverse seasonal patterns, reflecting the hourly data’s underlying
daily changes.

Equation (21) shows the level; Eq. (22) shows the trend, Eqgs. (23) and (24) show the daily and weekly
seasonal components used, and Eq. (25) shows the forecast equation. Whereas Table 5 shows the
parameters used in the model.

le = ou(yr = se-p) + (1 = o) (he=1 + be1) (21)

where:

e o: Smoothing parameter for the level between 0 and 1.
e y:: Observed values at time t.
e s;_p: Seasonal component at time t — P, where P is the seasonal period.

be = B (It — l=1) + (1 = B*)bey (22)
where:
e [*: Smoothing parameter for the trend, between 0 and 1.
St,daily = Y(Yt = It) + (1 = 7)St-24 (23)
St,weekly = Yw (Ve = It) + (1 = Y4)St-168 (24)
where:
e v: Smoothing parameter for daily seasonality.

Table 5. Parameters for Holt-Winters model.

Parameter Value
Trend Additive
Seasonality Additive

Seasonal periods 24




16 (&) F.SHAIKH ET AL.

e v,: Smoothing parameter for weekly seasonality.
S/Hh“ =l + hbt + Stih-p (25)

where:

e h: Forecast horizon (the number of steps ahead).
e s.n_p: Seasonal component adjusted for future time steps.

The last three models used are purely time series models. All three of these models have performed
up to the mark, but out of curiosity and better comparison, playing with conventional ML models will
make no loss.

5.4. XGBoost model

XGBoost (Extreme Gradient Boosting) is a well-known ML method that is particularly well-liked for its perform-
ance and quick training. It is a fast and efficient implementation of gradient-boosted decision trees. Because
of its capacity to handle multiple forms of structured data well, XGBoost can be especially useful in time series
forecasting. It can take missing values and help with tree-building parallelization (tos et al., 2021).

The XGBoost model predicts power generation by first dividing it into training and testing sets. Based on
the MAE criteria, the model is subjected to hyperparameter tuning using GridSearchCV to determine the ideal
parameters that produce the most outstanding performance. The ideal parameters are then utilized on the
training data to train the XGBoost model. Exogenous features such as temperature, humidity, wind speed,
cloud cover, and cyclical encoding of time variables such as hour, day of the week, and month are used to
train the model. The trained model is then used to forecast data for the following 24 hours. In addition to the
basic XGBoost, the model was improved using lag features from Section 3.3.2 (prior power usage data) and
engineered features from the meteorological dataset (temperature, humidity, and wind speed).

New weather-related elements were included to simulate the impact of meteorological conditions on
energy use which includes:

e Temperature Difference: Difference between maximum and minimum temperature during the day.
e Humidity Range: Range of humidity values during the day.

XGBoost optimizes a composite objective function consisting of a loss function and a regularization
term. The objective function at iteration t is represented in Eq. (26). While the Table 6 gives the parame-
ters used in the implementation.

Obj) = Zn:(y,- - (ﬁ + fr(Xi)))2

L= (26)
A W) e |w
j=1 j=1
Where:

e ;i Actual Value

—

o yf”): Predicted Values at Iteration t — 1
e fi(x;): Decision Tree Output at iteration t

Table 6. Parameters for Holt-Winters exponential smoothing model.

Parameter Value
Max depth 3,57

Number of estimators 50, 100, 200
Learning rate 0.01, 0.1, 0.2
Cross-validation 3-fold

Scoring metric Negative mean absolute error
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e ), o: Regularization Parameters
o w;: Weight of jth leaf in the tree
o T: Number of leaves in the tree

Further, the XGBoost in this approach uses first- and second-order derivatives (Gradient and Hessian)
for optimization. For a given loss function /, the gradient and Hessian are given in Egs. (27) and (28).

—

g1 = 0—I(yuy,") (27)
y

1 G
Score(Q) = _EZH oy (29)
j

where:

e G;: Sum of Gradients in jth leaf.
e Hj: Sum of Hessians in the jth leaf.
e \: L2 Regularization parameter.

After dealing with three time series and one conventional ML model, it has been noticed that there
might be a need to add a DL model to know if it performs better than the traditional ML model. DL models
are used because of their capacity to predict complicated, non-linear connections in data, which is espe-
cially useful for time series forecasting. DL models, such as LSTM, can grasp subtle patterns and temporal
relationships (Dudek et al., 2022) in terms of forecasting values, and providing improved accuracy. These
models extract useful characteristics automatically, reducing the need for human feature engineering, and
can handle massive amounts of data, enhancing prediction, precision and dependability.

5.5. Long short-term memory (LSTM) model

The basic concept underlying LSTM is a memory cell that stores necessary information throughout the
sequence’s processing and non-linear gating units that govern information flow in the cell (Dudek et al.,
2022). Long-term temporal associations can be recorded by memory, and the effects of short-term mem-
ory can be decreased, i.e., information from earlier time steps can find its way to later time steps. LSTMs
are notable for their capacity to capture and represent complex patterns and temporal relationships in
sequential data, providing better performance and accuracy in various applications. They are trained to
utilize back-propagation across time (Livieris et al., 2021). An LSTM cell has three gates: input, forget,
and output, as well as two states, i.e., cell state, and hidden state.

The equation for forget gate is shown in Eq. (30), the input Gate in Eq. (31), the candidate layer in
Eqg. (32), the cell state update in Eq. (33), and the output gate in Eq. (34). Whereas, the parameters used
in the model are shown in Table 7.

In this case, LSTM estimates the batteries’ power when exogenous factors, such as weather data, are
introduced. The LSTM model may discover patterns in data that are too complicated or have too many
sequential relationships for simpler models.

A few enhancements were made to improve the standard LSTM model:

e The LSTM uses historical energy usage data, hyperlocal weather variables (temperature, humidity,
wind speed, cloud cover), and cyclically encoded time features (hour of the day and day of the week)
from Section 3.3.3.



18 (&) F.SHAIKH ET AL.

Table 7. Parameters for long short-term memory (LSTM) model.

Parameter Value
Input shape (1, 30)

LSTM units 100

Dense units 4

Loss function Mean squared error
Dropout rate 0.2

Optimizer Adam

Learning rate 0.001 (optimized via Bayesian optimization
Batch size 10

Lookback window 30 time steps

Epochs 100

e An attention mechanism was included to allow the model to focus on crucial periods (for example,
peak hours) rather than evenly considering all past data points. The attention mechanism computing
the context vector is shown in Eq. (35).

e Bayesian optimization was used to fine-tune parameters, including the number of LSTM layers, neu-
rons per layer, dropout rates, and learning rate.

e The LSTM model was configured to predict multiple time steps.

fe = o(Wr - [he—q, X¢] + by) (30)
ir = (W - [he—1, %] + b)) (31)
C; = tanh(Wc¢ - [he—1,x] + bc) (32)
Co=fix Ce +ie % G (33)

0t = 6(Wo - [het, Xe] + bo) (34)

;
context; = Z a;h; (35)
=

5.6. Hybrid time series model with dynamic re-calibration

The hybrid model, which combines the SARIMAX, Holt-Winters, and Prophet models, exemplifies the
constructive interaction of many forecasting methodologies, each providing unique characteristics to
improve overall predicted accuracy. SARIMAX excels in capturing complicated seasonal patterns and
auto-correlations, which may be attributed to its robust parameterization and incorporation of exogen-
ous factors. However, its effectiveness can be limited by non-linear patterns and numerous seasonalities,
which can be effectively handled using the Prophet model. Despite its adaptability, Prophet can be com-
putationally demanding and may not always yield the best match, particularly in instances with complex
data patterns and anomalies. The Holt-Winters model complements the hybrid ensemble’s capacity to
capture level, trend, and seasonality. While it excels at detecting systematic patterns in data, its perform-
ance might suffer when dealing with several seasonal patterns or non-linear trends.

The novelty is that this approach includes a dynamic recalibration mechanism that modifies each model’s
weights depending on its most recent prediction performance. This recalibration method increases models’
weights with fewer predicting errors while penalizing poorly performing models. The weights are adjusted
proportionately to the inverse of each model’s error, ensuring the models that contribute the most to correct
forecasts are prioritized in subsequent predictions. The recalibration occurs depending on performance across
a sliding window of size N. This allows the model to alter its weights in response to current performance pat-
terns, guaranteeing that it can react to short-term data fluctuations. This technique eliminates over-reliance
on any particular model in the long run and assures response to shifting data trends.

In addition to dynamic recalibration, the hybrid model uses a self-learning algorithm to fine-tune
model parameters depending on error feedback. As new data becomes available, the hybrid model
dynamically modifies its parameters, improving real-time forecast accuracy. The hyperparameters used in
the models are as follows:
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e Learning rate 6: Determines how aggressively the model adjusts weights in response to performance
changes.

e Window size N: Defines the number of recent predictions considered during recalibration.

o |Initial weights w;, w,, ws: The starting weights for SARIMAX, Holt-Winters, and Prophet, respectively.
These weights are dynamically adjusted as the model learns from performance data.

The recalibration technique is shown as:

€min
wi(t+1)=w(t)- (1+06- 36
(e =wio- (140 775) 36

where:
o w;i(t+ 1) is the recalibrated weight for model i at the next time step,
e w;(t) is the current weight of model j,
e Jis a learning rate or scaling factor controlling the magnitude of recalibration,
® emin is the minimum error across all models in the current time window,
e ¢(t) is the error for model i at time t.

This approach ensures the hybrid model is adaptive and robust. It can recalibrate itself to optimize
forecasting performance in real-time, making it well-suited for the highly dynamic environment of power
generation forecasting.

The parameters for the model are shown in Table 8.

6. Results and evaluation

The dataset was split into training, validation, and test sets to evaluate the models and ensure robust
performance. Specifically, we used a 70-15-15 split, where 70% of the data was used for training, 15%
for validation, and the remaining 15% for testing. This approach allows us to train the model, tune
hyperparameters, and assess the final performance on unseen data. The validation set was used to fine-
tune the model parameters and prevent overfitting, while the test set provided an unbiased evaluation
of the model’s accuracy.

The performance evaluation metrics are crucial for evaluating the ML models helping us better under-
stand where a specific model is outperforming and where it is lacking, compared to other models. The
following metrics are used to evaluate the models.

1. Mean Absolute Error (MAE) measures the average magnitude of the errors in a set of predictions
without considering their direction. It is calculated as:

1 <& A
MAE:;Z|y,-—y,~| (37)
i=1
Table 8. Hybrid model parameters.
Model Parameter Description Value
Prophet Daily seasonality Whether to include daily seasonality True
SARIMAX Order The order of autoregression, integration, (4,1,0)
and moving average components

Seasonal order Order of seasonal components (1,4,24)

Disp Whether to display convergence statistics False
Holt-Winters Trend Additive

Seasonal Additive

Seasonal periods Number of periods in a complete Depending on the number of hours of

seasonal cycle forecast desired, i.e., 1,2,3,12,24,36
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2. Mean Squared Error (MSE) is the average of the squares of the errors, giving more weight to larger
errors, and is calculated as:

1< ~
M%:EE:M—MY (38)
=
3. Root Mean Squared Error (RMSE) is the square root of the MSE and gives an error metric in the
same units as the target variable. It is calculated as follows:
RMSE = 1§5(~—”02 (39)
“A\/n Yi—VYi

i=1
4. Mean Absolute Percentage Error (MAPE) measures the average percentage error and is calculated
as:

MAPE =

1%%’wm—ﬁ (40)
n

Yi

=1
5. R-squared Score indicates how well the model’s predictions fit the actual data. It is calculated as:

R—1_ >y -y)

(41)
i i — )7)2

6.1. Evaluation of SARIMAX model

The SARIMAX model forecasts the next 24 hours of data following successful training. The projection
considers the testing set’s exogenous properties to achieve accuracy. The two Figures 5 and 6 show
how a SARIMAX model predicts kilowatt-hour (kPt) production for an SG system.

The absolute kPt values are presented with the SARIMAX predicted values across multiple days in
Figure 5. The actual data displays substantial changes, with peaks and troughs indicating fluctuating
power production due to demand cycles or variations in renewable energy supply. The SARIMAX fore-
cast, shown by a dashed line with cross symbols, matches these actual values closely, with a shaded
forecast region reflecting the confidence interval around the estimates. The overlap between anticipated
and actual values indicates the model successfully captured time series dynamics up to the end of the
observed data.
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Figure 5. SARIMAX model forecast (24 hours).
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SARIMAX Forecast vs Actual
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Figure 6. SARIMAX fit on data (24 hours).

Table 9. Performance evaluation metrics for machine learning models based on a 24-hour forecast horizon (higher is
better for R-squared score, and lower is better for MAE, MSE, RMSE, and MAPE).

Model MAE MSE RMSE MAPE (%) R-squared
SARIMAX 3.54 22.97 4.79 4.92 0.97
FBProphet 6.17 62.9 7.93 9.22 0.88
Holt-Winters 5.12 67.49 8.21 5.45 0.93
XGBoost 8.24 181.17 13.46 9.78 0.74
LSTM 5.06 62.92 7.93 6.91 0.96
Hybrid model 4.74 4733 6.88 6.00 0.96

Figure 6 focuses on a shorter period and compares actual and anticipated kPt values more thor-
oughly. The projection closely resembles the data trend, accurately tracking the rise and decrease in
power generation.

The error metrics presented quantitatively evaluate the model’s prediction performance in Table 9.
The error metrics show predictive solid performance: an MAE of 3.54 indicates that the model’s forecasts
are only 3.54 kilowatt-hours off from the actual figures on average, indicating a high level of forecast
precision. Although the MSE is moderate at 22.97, it means the presence of specific predictions with sig-
nificant errors due to the squaring of error factors. This is supported by an RMSE of 4.79, indicating that
the model’s forecasts may occasionally deviate from actual values. Nonetheless, a MAPE of 4.92% sug-
gests a relatively good model, with projections often departing from actual values by less than 5%.

6.2. Evaluation of FB Prophet model

The forecast plots showing (trend, forecast for the day of week, forecast for the day of year, forecast for
the hour of the day, and extra additive regressors) for power generation are shown in Figure 7. In con-
trast, Figure 8 shows the forecast showing actual and predicted patterns over the data.

The two charts (7 and 8) and error metrics (Table 9) are related to the use of the Prophet forecasting
model in estimating kilowatt-hour (kPt) generation for an SG system, keeping in view the meteorological
data. Figure 7 shows the actual and anticipated kPt values over a month, with the Prophet forecast
closely mirroring the observed values. Though there are instances of substantial variation, the prediction
line reflects the rhythm and peaks of power output.

Figure 8 breaks down the prediction into its constituent parts: trend, weekly seasonality, yearly sea-
sonality, daily patterns, and various regressors that may account for holidays or other unique occur-
rences. The trend component exhibits a declining pattern during the month, which indicates a seasonal
decrease in power generation or an underlying negative tendency in the data. Weekly seasonality
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Figure 8. Prophet forecast (24 hours).
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Figure 9. Holt-Winters exponential smoothing forecast (24 hours).

follows a consistent pattern, suggesting regular variations within days of the week. Yearly and daily com-
ponents reveal the effect of longer-term cycles and within-day patterns on electricity generation.

An MAE of 6.17 indicates that the forecast deviates from the actual values by this amount on average,
which, given the kPt value scale, may reflect a considerable level of error. The MSE of 62.9, a higher
number owing to error squaring, indicates that more significant errors have a greater influence on the
model's performance. Substantial forecast errors are confirmed by an RMSE of 7.93, more than the MAE.
The MAPE of 9.22% indicates that the model’s predictions are often within 9.22% of the actual values
showing the model is moderately accurate in relative terms but might benefit from more accuracy for
more precise energy management methods.

6.3. Evaluation of Holt-Winters exponential smoothing model

The performance of a Holt-Winters exponential smoothing model is depicted in Figures 9 and 10, and
the accompanying error metrics are included in Table 9. Because it extends exponential smoothing to
capture seasonality in addition to trends, the Holt-Winters approach is particularly well-suited to time
series data having a seasonal pattern.
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Holt-Winters Exponential Smoothing Forecast vs Actual
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Figure 10. Holt-Winters exponential smoothing model’s fit on data.

The actual power-generating data, shown as a solid blue line in Figure 9, demonstrates a distinct peri-
odic pattern, typical of power use cycles primarily impacted by consumer behavior, industrial demand,
or the availability of RESs. The orange line represents the model’s forecast, which closely corresponds
with the actual data during the training phase and extends into the test phase with green, indicating
the model’s ability to predict future values based on learned previous patterns. Figure 10 emphasizes
the model’s predicting abilities, with projected values nearly mirroring the actual data, with occasional
variations indicated. The projected values represent the model’s effort to match the accurate kPt gener-
ation data’s cyclical peaks and troughs.

An MAE of 5.16, which differs from the actual values by an average of 5.16 kPt, indicates moderate
accuracy in SG power generation. The MSE of 68.11 suggests the presence of some significant errors
due to the model’s susceptibility to abrupt changes in power generation that the seasonal and trend
components of the model do not capture. An RMSE of 8.25 indicates the presence of more considerable
errors while still indicating that the model is typically dependable in its predictions. Last, the MAPE of
5.58% suggests that the model’s estimates are usually within 5.58% of the actual data, which is sufficient
for many practical applications in SG management.

6.4. Evaluation of XGBoost model

The XGBoost model, as shown in Figures 11 and 12, has been used to anticipate power generation in an
SG system, keeping the weather patterns in view. The projection in Figure 11 goes beyond the previous
data utilized for training and testing. While the anticipated numbers may not fully match the actual
data, they show some unity, particularly in reflecting power generation’s overall pattern and periodicity.
Figure 12 further emphasizes the model’s efficiency, comparing the model’s full-month forecast to actual
data. Despite minor variances, the anticipated pattern matches the actual data, indicating that the model
has sufficiently internalized the cyclic behavior of the power-generating process. Error measures examine
the model’s predicted accuracy quantitatively, as shown in Table 9.

The model’s average deviation from the actual data is moderate, as indicated by an MAE of 8.24,
which may be acceptable within specified operating conditions. Further, MSE and RMSE of 181.17 and
13.46 suggest the presence of significant individual forecasting errors, emphasizing potential outlier
occurrences or model sensitivity concerns. Whereas an MAPE of 9.78% represents a moderate relative
error margin, suggesting that while the model is usually effective at monitoring the data trend, accuracy
might be improved in some areas.
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Figure 11. XGBoost model forecast (24 hours).
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Figure 12. XGBoost forecast vs. actual data.

6.5. Evaluation of long short-term memory (LSTM) model

The LSTM model predicts the kPt values shown in blue alongside the actual kPt values shown in
purple as shown in Figure 13. The model’s forecasts closely track actual kPt data, precisely capturing
peaks and troughs. However, certain anomalies occur when the forecast either underestimates or overes-
timates the exact numbers, which is especially visible during rapid fluctuations in power generation. The
following error measures are used to quantify forecast performance included in Table 9.

An MAE of 5.06 suggests that the model’s predictions differ from the actual values by an average of
5.06 kPt, indicating a relatively tight forecast that roughly matches the exact results. The MSE of 62.92,
highlights the cumulative impact of forecast errors, emphasizing the presence of specific projections
that deviate significantly from actual values. The RMSE is 7.93; indicating the model is typically trust-
worthy, there are times when its predictions considerably diverge from the actual data. According to the
MAPE, the model’s projections are within 6.91% of the exact values, indicating an acceptable degree of
accuracy in terms of SG forecasting.
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Figure 14. Hybrid model forecast for the next 24 hours.

These insights from the LSTM model’s performance are critical for operational decision-making in an
SG scenario. The model’s capacity to estimate power generation with moderate accuracy may be instru-
mental in controlling supply and demand, scheduling maintenance, and optimizing resource allocation.
The LSTM model’s low error rates imply that it might be a reliable tool for predictive analysis in SG oper-
ations, with additional tweaking possibly improving accuracy and dependability.

Table 9 shows the Evaluation of all models in terms of metrics, i.e., MAE, MSE, RMSE, MAPE, and R?
score.

6.6. Evaluation of the hybrid model

While the model can take any number of hours as input, a maximum of 48 hours is recommended. The
hybrid model is trained based on the specified input hours, with the data tailored for that specific
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Table 10. Training time comparison for models.
Model Training time (min)

SARIMAX 6
LSTM
Holt-Winters
XGBoost
FBProphet
Hybrid model 3-4

oo N Un

n

duration. However, it is essential to note that the primary focus of this research is STLF, which typically
yields the most accurate results for a shorter duration. Figure 14 shows the model’s output for 24 hours.

The modular design of real-time dashboard guarantees that it can be adjusted to the individual needs
of various operators, providing flexibility in the presentation of key performance indicators (KPIs) and
allowing operators to alter forecasting parameters without requiring extensive technical expertise. To
accommodate operators with no background in ML or meteorology, the dashboard includes straightfor-
ward visualization capabilities that instantly translate complicated forecasting data into actionable
insights, allowing operators to make real-time decisions without having to interpret raw data. The inte-
gration of multiple forecasting models i.e., a hybrid method, improves the system'’s versatility by allow-
ing different operators to prioritize different models based on grid features.

The top-left subplot compares the hybrid model’s predicted values (dashed lines) to the observed val-
ues (solid lines). This visual representation aids in immediately determining how closely the model
matches the actual data. Deviations between the two lines reflect when the model struggled to match
the actual data, which can help identify areas for model development.

The top-right subplot compares individual component forecasts (SARIMAX, Prophet, and Holt-
Winters) to the actual data. Visualizing these several model outputs together makes it easier to deter-
mine which model component contributed the most to the hybrid forecast's accuracy. For example, if
one model continually over- or under-predicts, it may indicate that the hybrid approach’s specific com-
ponent needs to be recalibrated.

The residuals, or disparities between actual and predicted values, are displayed in the bottom-left
subplot. This offers information on the error distribution and trends. A well-performing model should
have residuals centered around zero with a little volatility. Any notable trends or patterns in residuals
may suggest under-fitting or overfitting. By integrating this sub-plot, the dashboard makes anomaly
identification and model adjustment easier, which can be critical for real-time decision-making in energy
management, offering non-experts and technical operators the tools they need to properly manage grid
operations, with a focus on accessibility and adaptability.

The sub-plot on the bottom right shows the error evaluation and scoring metrics. Each of these
evaluation criteria offers a unique viewpoint on model accuracy, and when combined, they provide a
complete picture of how well the hybrid model works.

6.7. Model training time comparison

When evaluating model accuracy and predicting performance, it is also vital to consider each model’s
computing efficiency. The time it takes to train each model is critical in real-time energy forecasting, par-
ticularly when frequent retraining is required due to new incoming data. Table 10 shows the time
required for each model to train using the same train-test-validation split (70-15-15).

The variations in training time-frames between models can be related to their underlying complexity,
feature engineering, and computational requirements. SARIMAX, which took 6 minutes, integrates autor-
egressive, moving average, and exogenous weather factors, making it computationally expensive
because it predicts seasonality and trends using precise exogenous data. LSTM took 5 min due to its DL
architecture tailored for sequential data, which handles long-term dependencies while being computa-
tionally efficient with contemporary python libraries. XGBoost is the most computationally demanding,
taking 8 min, because of the vast number of decision trees it trains, particularly with hyperparameter
adjustment for depth, learning rate, and estimators. Meanwhile, FBProphet is meant to manage trend
and seasonality rapidly with pre-tuned defaults and little feature engineering, which takes only one to
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two minutes. Holt-Winters, which also integrates trend and seasonality, takes 2 min due to its more
straightforward model structure. The Hybrid model, which took 3-4 min, balances complexity by using
the benefits of SARIMAX, Holt-Winters, and FBProphet, recalibrating weights dynamically to enhance
prediction accuracy while minimizing training time.

6.8. Time and space complexity evaluation

Time complexity defines how long an algorithm takes to execute, whereas space complexity describes
how much memory it uses. Low-complexity models are time and memory-efficient, making them appro-
priate for quicker jobs. More complicated models need more time and memory but provide higher
accuracy and flexibility, making them appropriate for resource-intensive jobs.

e SARIMAX's time complexity is quadratic at O(n?) due to iterative parameter estimation, mainly when
exogenous variables are included (Shannon, 2019). The computational complexity includes linear
space complexity O(n) due to the necessity to store matrices and parameter estimations during
training.

e Holt-Winters is computationally efficient, with linear time and space complexity of O(n), due to its
more straightforward structure for simulating seasonality and trend.

e LSTM’s DL architecture has a time complexity of O(T - n-m), where T is the number of time steps, n
the number of data points, and m the number of features or hidden units. Its space complexity is
also O(T - n - m), which necessitates storing intermediate state information while training.

e XGBoost's time complexity is O(k-d - n- logn), where k is the number of trees, d is the tree depth,
and the logarithmic factor originates from determining the optimal split during tree creation. Its
space complexity is high, O(k - d - n), because it has to store trees and intermediate calculations.

e FBProphet, built for quick trend and seasonality modeling, is economical with linear time complexity
O(n). It fits additive models with low storage needs, resulting in a linear space complexity of O(n).

e The Hybrid Model, which integrates different approaches like SARIMAX and Holt-Winters, adds a rea-
sonable cost with recalibration, giving it a time complexity of O(m - n), where m represents the reca-
libration overhead. Similar to its components, its space complexity is linear, O(n).

In a real-world SG scenario, where quick decision-making and energy optimization are critical, compu-
tational costs can have a substantial influence on the practicality of implementing numerous models at
the same time. Models like SARIMAX and XGBoost, which provide excellent accuracy and integrate
exogenous factors such as weather data, have a greater computational cost. This can be difficult in
scenarios needing regular updates or retraining, especially during peak demand periods or when grid
stability is critical. Models with simpler structures and shorter computation time, such as FBProphet and
Holt-Winters, are more suited for real-time applications that require immediate forecasts to respond to
short-term fluctuations in energy demand. Further, models like LSTM and Hybrid, while computationally
expensive, can adapt to more complicated patterns over longer time horizons. Thus, the choice of model
in a real-time SG scenario is determined by the trade-off between computational cost and the individual
application’s requirements, such as quick deployment or long-term prediction precision.

Both of these complexities for each model are also given in Table 11 for a better understanding.

Table 11. Time and space complexity of different models; lower complexity improves speed and efficiency, while
more complexity provides better accuracy at the expense of additional resources.

Model Time complexity Space complexity
SARIMAX on?) O(n)
Holt-Winters O(n) O(n)

LST™M O(T-n-m) O(T-n-m)
XGBoost O(k-d-n- logn) O(k-d-n)
FBProphet O(n) O(n)

Hybrid Model O(m-n) O(n)




COGENT ENGINEERING . 29

7. Parameter sensitivity and ablation study
7.1. Parameter sensitivity

A parameter sensitivity study was carried out to better understand the effect of various model hyper-
parameters on predicting accuracy. This entailed carefully changing the essential hyperparameters for
each model and tracking changes in performance measures, such as MAE and RMSE.

e For SARIMAX, the AR order, MA order, and seasonal components were changed. As the AR and MA
orders increased, the model improved its ability to capture long-term relationships. Still, it also
caused overfitting on smaller training sets, resulting in a larger MAE.

e For FBProphet, the most important factors were the seasonalities (daily, weekly) and the changepoint
before the scale. Adjusting the changepoint prior scale, which governs the model’s ability to adapt to
shifting trends, was critical to improving the model’s performance. A larger changepoint prior scale
enabled the model to detect more abrupt trend changes.

e For LSTM, the number of hidden units, learning rate, and sequence length were all modified.
Increasing the number of hidden units enhanced the model’s capacity to detect complicated tem-
poral connections, resulting in longer training time and, in some cases, overfitting. A learning rate of
0.001 provided the optimal accuracy and training time.

e For the Holt-Winters exponential smoothing model, performance was susceptible to the smoothing
parameters for level (a), trend (B*), and seasonality (y). A more excellent value of o allowed the
model to respond more quickly to unexpected changes in the data at the price of capturing long-
term patterns.

e For XGBoost, the maximum tree depth, number of estimators, and learning rate were all modified. A
lower learning rate and a more significant number of estimators enhanced accuracy while increasing
training time. A tree depth of 5 gave the optimal balance of accuracy and overfitting.

e For the hybrid model, Individual model weights were dynamically changed depending on recent
forecasting errors, with initial weights set to equal levels. As the sliding window size increased, the
recalibration became more consistent. However, a vast window size limited the model’s capacity to
respond to short-term variations in the data.

7.2. Ablation study

An ablation study was conducted to determine the contribution of various model components. This
study eliminated specific characteristics or components, and the model’s performance was re-evaluated.
The results shed light on the relative relevance of different model components.

e For SARIMAX, we eliminated external factors, such as weather data. The model’s performance wors-
ened dramatically, with the MAE rising by about 15%, demonstrating power generation’s high reli-
ance on external meteorological conditions.

e In FBProphet, eliminating the holiday impacts and weekly seasonality components resulted in a 14%
rise in MAPE highlighting the model’s capacity to account for particular events, such as vacations and
weekly trends critical for capturing fluctuations in power generation. When the holiday regressor was
removed, Prophet struggled to catch some of the periodic changes caused by consumer behavior
throughout holidays, resulting in more significant forecasting errors.

e For LSTM, removing the cyclical encoding of time (i.e., sine and cosine transformations for hour and
day) resulted in a significant decline in performance (10% rise in MAPE), indicating that encoding
time as a continuous cyclic feature is necessary for effective forecasting in this case.

e For Holt-Winters, removing the seasonality component increased the model’s MAE by 12%, proving
the importance of seasonal adjustments when predicting power generation with repeated cycles.

e For XGBoost, eliminating weather-related features like temperature and wind speed led to an
increase in the MSE of around 12%. This demonstrates that external meteorological conditions are
essential in determining power generation.
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e In the Hybrid Model, omitting the dynamic recalibration process resulted in a performance reduction
(increased MAE by 8%), emphasizing the necessity of adaptive weighting in maintaining accuracy
under changing conditions.

8. Discussion and future work

This research demonstrates that integrating demand response systems with hyperlocal weather predictions
in SGs may dramatically enhance power generation projections. Integrating granular meteorological data
i.e., precipitation, temperature, relative humidity, apparent temperature, cloud cover, and wind speed, pro-
vided crucial insights into power generation predictions. Accurate weather prediction permitted more
exact demand forecasting, allowing for improved resource allocation and energy distribution management.

We trained and evaluated five separate forecasting models before introducing a hybrid model that
included the best of each three time series models. Our hybrid model’s success was primarily due to its
recalibration process, which enabled dynamic modifications to the weights allocated to separate models
depending on real-time performance. The recalibration process guaranteed that the hybrid model could
respond to new data, improving predicting accuracy across several situations. Recalibration is critical
when weather conditions change abruptly because it allows the model to alter the contribution of each
component (SARIMAX, Prophet, Holt-Winters) in real-time, improving overall performance.

One critical stage in feature engineering was transforming raw meteorological data into features cap-
able of capturing temporal trends and correlations with energy usage. The hyper—local weather data
was processed using lag terms, which allow the model to account for the delayed impacts of meteoro-
logical conditions on energy consumption. In addition, log transformations were utilized to stabilize vari-
ance, and cyclic encoding was used to capture better seasonal patterns (e.g., daily or weekly cycles).

Implementing the hybrid forecasting model in SGs can have a substantial environmental and eco-
nomic impact, particularly in terms of improving energy efficiency and encouraging the use of renew-
able energy. More accurate STLF, as illustrated by our hybrid model, allows for more effective matching
of energy demand to generation, lowering the requirement for fossil fuel-based backup power. This
immediately leads to fewer carbon emissions and energy waste, since improved forecasting reduces
energy overproduction and prevents excessive restricting of RESs. Economically, our model’s correct fore-
casting provides significant cost savings to grid operators. By reducing forecast errors, the model mini-
mizes the requirement for costly reserve power and the financial penalties associated with energy
imbalances (Ahmed & Khalid, 2019). Improved forecasts can also lead to more effective energy trading
and scheduling, which reduces SG operational costs.

Despite the encouraging outcomes, certain restrictions appeared. The individual models struggled to
capture non-linear patterns, different seasonalities, and sudden changes in meteorological conditions.
These problems highlight the complexities of estimating electricity generation in changing contexts.
Although the hybrid technique helped to address some of these shortcomings, further work is needed
to increase the model’s flexibility and adaptability in dealing with a wide range of forecasting scenarios.
The research also faces limitations in terms of data quality and availability. The lack of comprehensive,
publicly available datasets limited the capacity for in-depth analysis across extended periods. In contrast,
time series data from SG batteries offered sufficient variables for STLF, however, the availability of just
one month’s data limited efforts to expand the model’s applicability to long-term load forecasting
(LTLF). The short data span hindered the hybrid model’s capacity to capture more complicated temporal
patterns required for reliable long-term forecasts. Training the hybrid model on a more diversified data-
set will allow it to expand its prediction powers from STLF to LTLF with minor methodological changes.
Expanding the temporal coverage and including more granular weather and energy consumption data
would strengthen the model’s ability to anticipate for more extended periods.

Moving forward, we also want to investigate further DL models and ensemble approaches to improve fore-
cast accuracy. Transformers, recurrent neural networks (RNNs), and LSTM networks are ideal for time series
forecasting because they can capture complicated non-linear interactions. Integrating these DL models into
the hybrid framework can significantly enhance short- and long-term predictions. Furthermore, ensemble
strategies that integrate the outputs of numerous DL models may improve performance, especially in settings
with highly variable or non-linear energy demand patterns. While hybrid models and DL techniques achieve
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incredible accuracy, they are sometimes viewed as black-box models, making it difficult for stakeholders to
comprehend the underlying reasoning. Incorporating Explainable Al (XAl) approaches into the hybrid model
is critical for obtaining user confidence. XAl may give insights into the contributions of numerous elements
(weather conditions and historical energy demand) to final forecasts, assisting energy stakeholders in under-
standing the factors that influence projections. This can help the model gain acceptability, especially in regu-
latory or operational situations where transparency is essential. Nonetheless, Federated learning (FL) also
represents an attractive avenue for future study, mainly in SGs where data privacy and security are critical.

On the implementation side, the main focus is improving user engagement with the forecasting sys-
tem. Developing real-time, interactive dashboards employing modern data visualization frameworks will
enhance the user experience and enable faster decision-making. Optimizing the model’s training pipe-
lines and using computationally efficient methods would minimize response times, allowing users to
produce near-instantaneous forecasts instead of waiting 180-240seconds. By reducing the interface
between users and the model, we can ensure that projections are supplied more quickly and efficiently,
boosting overall operational performance.

Finally, lowering computational overhead is critical to ensuring the forecasting system can be used in
real-time, large-scale scenarios. Investigating computationally economic models that can nevertheless
offer accurate forecasts will be crucial for the practical use of this hybrid forecasting method. This
reduces forecasting time and makes the system more flexible to various use cases, ranging from small-
scale energy grids to more extensive regional networks.

9. Conclusion

This study is intensely focused on short-term load forecasting, utilizing the improved capabilities of
smart grids to improve the precision and dependability of upcoming energy demand and supply projec-
tions. The thorough analysis sheds light on the considerable improvement in power generation effi-
ciency obtained in SGs through the novel combination of demand response mechanisms and hyperlocal
weather predictions. Among the five individual models, i.e.,, SARIMAX, Prophet, Holt-Winters, XGBoost,
and LSTM, SARIMAX outperformed the rest with an MAE of 3.54 and an R? score of 0.97 for the 24-hour
forecast. Our research introduced a hyperlocal model that combines the strengths of SARIMAX, Prophet,
and Holt-Winters in an ensemble approach. The hybrid model provides quicker training times because
of its benefits in parallelization and smaller model components. Furthermore, the hybrid model includes
a dynamic recalibration system that modifies the weights of each component model in real-time,
increasing flexibility and predicting accuracy depending on current data. However, the model’s accuracy
relies heavily on the quality and availability of input data, and its suitability for long-term forecasting is
limited. The hybrid model's complexity demands substantial computational resources, and integrating
multiple models can make interpretability challenging. Future studies will focus on integrating larger
datasets over more extended periods and adding variables like renewable energy statistics and eco-
nomic indicators to improve the model’s resilience and accuracy. Advanced deep learning models, trans-
formers, and continuous learning approaches will be investigated to adapt to changing data patterns
over time. Furthermore, Federated Learning will enable decentralized model training while protecting
data privacy. Explainable Al will be investigated to increase model interpretability, providing stakehold-
ers with insights into how specific attributes impact forecasts.

Notes

1. P. Patil, Time Series Data of Battery Energy Storage System (2023). https://ieee-dataport.org/documents/time-
series-data-battery-energy-storage-system.
2. Open-Meteo - Historical weather api. https://open-meteo.com/en/docs/historical-weather-api.
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