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Abstract— To ensure a stable and sustainable power grid, it is imperative to implement
sophisticated management strategies that effectively address the inherent variability and
unpredictability of renewable energy generation. This research focuses on developing an
advanced energy management system for buildings with photovoltaic (PV) systems, integrating
continuous energy monitoring and forecasting intelligence. Through the examination of past
data, meteorological trends, and current energy consumption patterns, the system forecasts
future energy needs, identifies peak load periods, and optimizes energy consumption to
maximize on-site solar generation. The next-day forecasting approach for commercial
photovoltaic systems is explored through the integration of weather prediction models and
technical specifications of PV plants to predict power output, incorporating battery storage and
optimal control algorithms to address over-generation and reduce reliance on conventional
power sources. Performance is validated using RMSE and MAE metrics. The study also
examines energy consumption prediction in buildings with a com-bination of statistical analysis,
time-series modelling, and machine learning methods applied to a five-year dataset (2020-
2024), utilizing ARMA, ARIMA, and SARIMA models to generate prediction of Solar
Irradiance. Additionally, it highlights the role of PV systems in office buildings for peak
shaving, improving economic efficiency and grid stability. For residential applications, a novel
residential energy management system (REMS) is proposed to manage power fluctuations,
leveraging Python for effective control and optimization.

1. INTRODUCTION

The increasing adoption of photovoltaic (PV) systems in buildings presents a significant opportunity to enhance
energy efficiency and grid independence, but effective management of this distributed generation requires
sophisticated strategies. Accurate peak load forecasting is crucial for optimizing energy consumption,
minimizing grid reliance, and ensuring grid stability. This challenge is addressed by developing intelligent
energy management systems that integrate real-time monitoring with advanced machine learning to predict
future energy needs, identify potential peak load periods, and maximize on-site solar utilization [1], [2], [3].
Efficient energy utilization is critical for addressing energy shortages and environmental concerns [4]. Energy
monitoring systems maximize PV benefits by providing insights into generation and consumption, enabling
timely detection of inefficiencies, and optimizing energy distribution, supporting renewable energy integration in
smart grids, and contributing to global energy efficiency and carbon emission reduction efforts [S].
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Variability in solar energy generation due to environmental factors necessitates advanced forecasting techniques
that integrate real-time monitoring and predictive analytics. By leveraging machine learning-based time series
models, such as ARMA, ARIMA, and SARIMA, energy demand trends can be effectively analyzed to improve
system efficiency [6], [7], [8]. Additionally, the integration of automated control strategies and optimization
techniques enables better energy distribution, ensuring that excess solar power is efficiently utilized or stored,
further enhancing the resilience of smart buildings [9], [10]. Furthermore, forecasting in Python is conducted
using statistical methods, including equation-based and state-space models, to ensure accurate energy demand
predictions [11], [12]. These models leverage time-series analysis techniques to capture underlying trends,
variations, and dependencies in energy consumption data, enhancing the reliability of peak load forecasting [12],
[13]. For example, existing PV systems face challenges with poor real-time monitoring, expensive wired
communication, and limited data analysis, resulting in energy inefficiencies [14]. Lavanya et al.'s study showed
PV energy output exceeded heat pump consumption (6% contribution) but couldn't cover total en-ergy demand
[15]. Markovics and Mayer compared 24 machine learning models for PV forecasting, using two-year da-ta,
finding kernel ridge and MLP best (44.6% skill improvement) [16]. Optimized inputs reduced RMSE by 13.1%,
and tuning improved over linear regression by 13.9%, demonstrating machine learning's effectiveness in
improving energy forecasting accuracy even with limited data availability.

II. METHODOLOGY

This study develops a PV-based peak load forecasting system methodology for buildings, integrating real-time
monitoring, predictive modelling, and optimization to improve energy management and grid dependency.

Data Acquisition Data collection is a critical aspect of this study, ensuring robust forecasting and system
optimization. Various sources contribute to the dataset:

Weather Data Meteorological variables, including temperature (in °C), solar irradiance (in W/m?), humidity (in
%), and wind speed (in m/s), are retrieved from weather monitoring stations and online databases across India.
Historical Energy Usage: Past energy consumption patterns are collected from building energy management
systems to establish baseline trends and facilitate predictive analysis. Grid Load Data: Data from utility
providers help in understanding peak de-mand patterns, ensuring that the forecasting system aligns with actual
grid requirements.
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TABLE I: LOCATION DATA (INDIA)

Coordinate Type Minimum Value Maximum Value
Latitude 8°4' North 37°6' North
Longitude 68°7' East 97°25' East

Figure 3: Location (India)
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III. DATA PRE-PROCESSING

Data preprocessing is required to improve data quality and prepare it for analysis. Cleaning and imputation are
used to handle missing or invalid values, time-series smoothing techniques like exponential smoothing and
moving averages are applied to decrease noise, and the dataset is divided into training (80%) and testing (20%)
sets. To increase model accuracy, feature engi-neering is carried out by determining time indicators (hour, day,
month), lag values, rolling statistics, and seasonal/trend-based indicators. Heatmap visualizations are used to find
connections in order to comprehend feature relationships. Additionally, the Partial Autocorrelation Function
(PACEF) assists in determining the direct correlation at particular lags, while the Autocorrelation Function (ACF)
analyses the autocorrelation structure of the time-series data to discover relevant lags. Selecting suitable time-
series forecasting models such Autoregressive Moving Average (ARMA), which models the current value as a
linear combina-tion of past values and past forecast errors, and Seasonal Autoregressive Integrated Moving
Average (SARIMA), an extension of ARIMA explicitly accounting for the seasonality present in the time-series
data by including seasonal AR, MA, and differ-encing terms, depends critically on the insights from ACF and
PACF plots. These comprehensive preprocessing steps and mod-el considerations ensure a robust and
informative approach for subsequent forecasting and analysis.
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Figure 4: Heatmap of Solar Parameters
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Figure 5: Autocorrelation function and Partial Autocorrelation function

A. Forecasting Techniques

To predict energy demand and PV generation accurately, advanced time-series models are utilized, im-
plemented in Python.

B. Autoregressive Moving Average (ARMA)

ARMA is employed for stationary time-series forecasting, incorporating both autoregressive (AR) and moving
average (MA) components to capture dependencies in the dataset. Used when the dataset exhibits no trend or
seasonality after preprocessing.

C. Model Representation

(1 —leL)’yt = C | (1+91L)€t (1)
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D. Autoregressive Integrated Moving Average (ARIMA)

ARIMA is applied to non-stationary data, incorporating a different component to stabilize the time series before
applying ARMA modelling. This model is useful when trends exist in historical data that impact future energy
demand.

E. Model representation

F. Seasonal ARIMA (SARIMA)

Extends ARIMA by including seasonal patterns, critical for applications where periodic fluctuations in energy
demand occur (e.g., higher demand during summer due to air conditioning use).

General notation: SARIMA models are represented as SARIMA (p, d, q). Represent non-seasonal ARIMA com-
ponents. Where: (p, d, q) are the non-seasonal AR, I, and MA orders.

(1 - d)lL)(l - L)yt = 6 (1 e HIL)Et 3)

G. Implementation Platforms

To ensure comprehensive analysis, forecasting models are developed using two different computational
environments. Python Implementation: Libraries Used: Python offers an extensive range of libraries, including
Scikit-learn for machine learning, State-models for statistical forecasting and prediction models. The methodol-
ogy of this research is built around three central functions. To begin with, data preprocessing and feature engi-
neering are carried out in order to improve data quality and relevance. Second, time-series forecasting models
such as ARMA, ARIMA, and SARIMA are applied to forecast energy consumption. Third, the precision and ef-
ficiency of these models are evaluated using proper error metrics in a rigorous as-assessment.

H. Energy Management Optimization:

The predicted energy demand and PV generation results are used to optimize energy consumption of Irradi-ance
and improve grid interaction. Grid Interaction Strategy by Implementing demand response techniques to sell
surplus energy back to the grid or balance load based on peak pricing models.

1. Performance Evaluation
The accuracy and reliability of the forecasting models are assessed using the following evaluation metrics:

J. Root Mean Square Error (RMSE):

Measures the average deviation between predicted and actual values, penalizing larger error.

RMSE=

(nZi -0

4)
Where,

N=f/o,

f=Forecast values,

o0=0bservation values

K. Mean Absolute Error (MAE):

Evaluates absolute differences between predictions and observed values, providing a straightforward measure of
accuracy.

MAE=Z?=1|yi—xi|
N

(5)
Where,

yi=Prediction values,

xi=Observation values,

N=Total number of data points
R-squared (R?) Score:
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Determines how well the predictive model explains the variance in energy demand and generation data.
R?>=1-RSS/TSS e (6)

Where,

R2=Coefficient of determination,
RSS= sum of squares of residuals
TSS=Total number of Squares.

L. Autocorrelation Function (ACF)

The Autocorrelation Function (ACF) is an important diagnostic tool in time series forecasting, which tests model
fit by verifying residuals are white noise. Large lags beyond confidence limits signal model misspecifica-tion,
and parameters (p, d, q) need to be adjusted. A well-patterned ACF indicates the model detects temporal
structure, making reliable forecasts. It identifies best ARMA, ARIMA, and SARIMA parameters, seasonality,
and noise.

Prior to model finalization, residual ACF is examined to ensure that errors are white noise-like— meaning a
good fit. Persistent autocorrelations indicate underfitting, while a clean ACF ensures that the model has
successfully picked up temporal patterns, making accurate forecasts.

The diagram further specifies that within specific time-series forecasting models are being employed: Figure (6):
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IV. RESULTS AND DISCUSSION

The proposed monitoring and forecasting system leverages the versatility in Python, employing inde-pendent
technique to produce reliable peak load predictions.

A. Graphical Analysis of Time series Graphs
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Figure7: Time series Graphs of solar parameters

The time-series forecasting graphs generated for all parameters as per the dataset provide insights into the
accuracy and reliability of each model in predicting peak load demand. This figure2 presents clean and con-
sistent time series trends for six key weather parameters, all maintaining values above zero. The uniform struc-
ture highlights strong data continuity, with identifiable placeholders (e.g., -1000) that can be easily managed dur-
ing preprocessing to enhance model performance. To ensure the quality of our forecasting models, we applied
thorough preprocessing steps to clean the dataset. All invalid entries, including placeholders like -1000, as well
as any NaN or null values, were effectively identified and removed. This helped us retain only meaningful data,
improving both the accuracy and reliability of the time series analysis moving forward.
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B. ARMA Method

This study uses the ARMA method to forecast power generation from real-time data (2020-2024), con-sidering
key parameters to capture dependencies and external factors.

Figure8: ARMA Graph of Irradiance

The ARMA model graph demonstrates a strong correlation between predicted and actual values, with minimal
de-viation. The predicted trend closely follows the actual data, effectively capturing short-term fluctuations.
Since ARMA is best suited for stationary data without significant trends or seasonality, it performs exceptionally
well in datasets where energy consumption remains stable. Minimal prediction errors are observed during peak
demand periods, highlighting ARMA’s efficiency in short-term load forecasting.

C. ARIMA Method

This study uses the ARMA method to forecast power generation from real-time data (2020-2024), considering
key parameters to capture dependencies and external factors.

ARIMA Order (S, 0, 5) | RMSE: 1.5338, MAC: 1.2246, A% 0.8511

Figure 9: ARIMA Graph of Irradiance

The ARIMA model graph reveals a slight lag in peak load prediction due to trend incorporation, leading to oc-
casional overestimation or underestimation. While effective for non-stationary data, its deviations from actual
values are more pronounced than ARMA, particularly in short-term fluctuations. Higher error margins during
sudden de-mand shifts indicate ARIMA’s reduced precision for short-term forecasting.

D. SARIMA Method

This study uses the ARMA method to forecast power generation from real-time data (2020-2024), considering
key parameters to capture dependencies and external factors.

SARIMA Mc
st (2, 0, 5

1, 2), Seasonal Ord Esa, MAE: 1 6603, 12 07311

Figure10: SARIMA Graph of Irradiance

The SARIMA model captures seasonal patterns, but its predictions show instability and larger deviations, espe-
cially during abrupt demand shifts. Higher RMSE and MAE values confirm its limitations in short-term energy
fore-casting. With minimal seasonal influence in the dataset, SARIMA adds unnecessary complexity, leading to
lower ac-curacy than ARMA and ARIMA.

Now, within the PYTHON environment, time-series forecasting was primarily conducted utilizing the
Economet-rics Toolbox, enabling the implementation of ARMA, ARIMA and SARIMA models for accurate
peak load prediction.
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E. Visualization and Evaluation of Irradiance Forecast Accuracy
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Figurel 1: Solar Irradiance Forecast

Fig. 11 presents a comparative visualization of actual versus forecasted solar irradiance over the period from
October 1st to October 15th, 2024. The plot demonstrates the performance of the forecasting model in capturing
temporal variations in irradiance. The actual irradiance data exhibits typical fluctuations influenced by
atmospheric and environmental conditions, while the forecasted values aim to replicate this dynamic behavior.
Notably, the pre-dicted trend closely follows the actual data during peak irradiance days, indicating strong
shortterm predictive capa-bility. This graphical comparison reinforces quantitative evaluation by highlighting the
model’s effectiveness in accu-rately forecasting solar irradiance, thereby supporting its suitability for energy
planning in photovoltaic-integrated sys-tems.

F. Graphical Comparison and Best Model Selection

A comprehensive evaluation of the Actual vs. Predicted graphs, along with key performance metrics, indi-cates
that the ARMA model provides the most accurate forecasts for energy demand. It closely aligns with the actual
data while yielding the lowest RMSE and MAE values. The ARIMA model demonstrates moderate performance
but exhibits minor overfitting or underfitting tendencies due to trend adjustments. In contrast, the SARIMA
model proves to be the least effective, as seasonality does not significantly influence energy demand in this
dataset, making it less suitable for this application.

G. Forecasting Model Performance

To assess the accuracy and reliability of the proposed forecasting models, Root Mean Square Error (RMSE) and
Mean Absolute Error (MAE) were employed as performance evaluation metrics. RMSE quantifies the average
magni-tude of prediction errors while penalizing larger deviations, whereas MAE provides a straightforward
measure of abso-lute forecast error. Lower RMSE and MAE values indicate a more precise model, ensuring
accurate peak load fore-casting. The comparative performance of the ARMA, ARIMA, and SARIMA models is
summarized in Table 2.

TABLE II: FORECASTING ACCURACY METRICS

Forecasting Model RMSE MAE R-squared
ARMA 1.5338 1.2246 0.8511
ARIMA 1.5338 1.2246 0.8511
SARIMA 2.0852 1.6603 0.7311

Among the evaluated models, ARMA and ARIMA demonstrated the highest accuracy, both yielding the lowest
RMSE (1.5338), MAE (1.2246), and a strong R-squared value (0.8511). These results indicate that the simpler
models without seasonal components effectively captured the underlying patterns in the data. SARIMA, which
accounts for seasonality, showed reduced performance with a higher RMSE (2.0852), MAE (1.6603), and a
lower R-squared value (0.7311), suggesting that seasonal adjustments offered little benefit in this context.
Overall, ARMA and ARIMA out-performed SARIMA by approximately 36% in RMSE, 35.6% in MAE, and
14.1% in R-squared, confirming their su-periority for this forecasting task.

V. CONCLUSION

This research established a strong forecasting model to maximize rooftop photovoltaic (PV) energy production
for peak load management in buildings. Through the combination of real-time monitoring and traditional time
series models—ARMA, ARIMA, and SARIMA—the research successfully predicted energy demand with five
years of weather and load data. Among the models, ARMA and ARIMA performed better than SARIMA,
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providing good pre-dictive performance with high R? values (0.8511) and low RMSE and MAE, particularly
under scenarios with little sea-sonal variation. Despite these models providing simplicity, transparency, and low
computational expense, there are some weaknesses. Shortcomings include dependence on linear assumptions,
data stationarity sensitivity, and lower ca-pacity to extract nonlinear or extremely dynamic patterns. SARIMA,
for instance, brought unnecessary complexity to a dataset with poor seasonality, resulting in reduced accuracy.
Despite such limitations, the models still provided suc-cessful results—very high forecasting accuracy and stable
R? values. This proves that with appropriate preprocessing, parameter optimization, and model selection, classic
time series models can still provide accurate and actionable pre-dictions for smart grid applications. The system
facilitates better energy efficiency, grid stability, and well-informed energy management decisions in
commercial and residential buildings.
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