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Abstract

The rising priority placed on energy conservation, together with the adoption of renewable sources, has grown
essential to sustainable practices across today’s university campuses. This research introduces an intelligent green
energy management framework (SGEMS) that integrates machine learning predictions with reinforcement learning
(RL) to enhance energy utilization and photovoltaic output on an eco-conscious campus. Leveraging historical records
from three campus structures, the study developed a forecasting engine capable of projecting near-term electricity
demand and solar yield. When paired with RL, the XGBoost method achieved markedly better accuracy in estimating
consumption and production levels than competing algorithms, with root mean square errors (RMSEs) of 14.72, mean
absolute errors (MAES) of 12.00, and mean absolute percentage errors (MAPE) of 2.18%. The work also describes an
accessible, browser-based dashboard that enables live energy oversight and supports timely decision-making,
empowering facility managers to anticipate deficits and regulate consumption more intelligently. Overall, the presented
methodology provides an adaptable blueprint that enables campuses to reduce dependence on utility grids, improve
efficiency, and serve as a reference model for subsequent eco-friendly campus programs.
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Introduction

Mounting alarm over global warming, combined with steadily rising electricity requirements, has drawn increasing focus to
energy-smart infrastructure, especially at higher-education sites that support a wide array of energy-intensive operations.
University grounds require substantial electrical power to support teaching, scientific research, student accommodation,
and extracurricular activities. Achieving effective control of this demand while simultaneously curbing carbon emissions
makes deployment of a smart green energy management system (SGEMS) exceptionally valuable.

Among available clean-energy options, photovoltaic systems stand out as particularly attractive for shrinking the
environmental impact of campus operations [1]. Research reported in Lazaroiu et al. [2], Moura et al. [3], and Kourgiozou
et al. [4] consistently underscores the gains from integrating renewable generation into campus-wide energy strategies,
thereby advancing autonomy and ecological responsibility. As a zero-emission, naturally replenished resource, solar
electricity offers strong potential for broad-scale campus adoption [4]. Still, its output fluctuates with weather and time of
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day, creating difficulties for reliable supply continuity [5] and reinforcing the value of an advanced SGEMS capable of
sophisticated energy balancing.

Data-driven algorithms under the machine-learning umbrella have earned widespread recognition for their success in
anticipating electricity loads [6] and renewable energy output, drawing on archived measurements, atmospheric variables,
and occupant patterns [7, 8]. The ability to forecast future demand—known as electric load forecasting—represents a
cornerstone capability of modern energy platforms; it enables forward-looking resource allocation and helps eliminate
avoidable waste. Machine-learning-based predictors can deliver precise estimates of upcoming consumption and
generation trends, laying the groundwork for forward-thinking energy governance [9].

Complementing conventional predictive models, reinforcement learning (RL) brings powerful advantages to energy
optimization by learning adaptive policies that respond fluidly to changing circumstances [10]. Through trial-and-error
interaction with the environment, RL controllers can dynamically reconfigure energy assets and adjust demand-side
elements in harmony with instantaneous supply—demand conditions [11]. In university settings, such methods have
proven adept at automatically orchestrating resource assignment, boosting operational performance while safeguarding
uninterrupted supply [12].

This article presents an integrated smart green energy management architecture that combines load prediction and solar
generation forecasting via a machine-learning and reinforcement-learning pipeline. Chief goals include accurate demand
estimation, maximum exploitation of on-site renewables, and proactive mitigation of supply shortfalls through optimized
use of photovoltaic resources. Implementation of this strategy is projected to raise overall efficiency, reduce reliance on
the external grid, and ensure dependable, low-impact energy provisioning for daily campus operations.

Related Works and Our Main Contributions

Here, we survey representative earlier efforts that apply sophisticated machine-learning tools to intelligent electricity
oversight. We then summarise the primary innovations contributed by the comprehensive campus-oriented green energy
management solution developed in the current study.

Accurate short-horizon electric load estimation constitutes a foundational requirement for any high-performing smart
power management platform [13]. Earlier investigations assessed an array of techniques—including multi-layer
perceptron (MLP), convolution neural network (CNN), long short-term memory (LSTM), gated recurrent unit (GRU),
support vector machine regression (SVR), adaptive network-based fuzzy inference system (ANFIS), and various hybrid
designs (e.g., LSTM + CNN, CNN + LSTM)—for forecasting electricity market transactions in South Korea [14]. Among
them, the one-dimensional CNN variant produced the most accurate results, demonstrating the strength of deep
architectures for improving forecast quality in power systems. Separately, researchers in Yazici et al. [15] introduced a
one-dimensional CNN augmented with video pixel networks (VPNSs) to achieve 24-hour-ahead load predictions based on
Istanbul’s historical consumption records. Another line of work evaluated numerous estimators for monthly demand
projection at Dubai International Airport, ultimately identifying the light gradient boosting (LightGBM) ensemble as the top
performer [16]. Nevertheless, most of these contributions relied on standalone predictive models, which typically exhibit
limited flexibility compared to multi-component frameworks that strategically blend diverse learning paradigms. Key
characteristics of the reviewed short-term load-forecasting studies are compiled in Table 1.

Table 1. Details of existing works on short-term electric load prediction.

Research focus Reference Methods evaluated Best performing model Data source
and key metrics

Forecasting electric [14] MLP, CNN, LSTM, The one-dimensional CNN  Electric power records supplied
power transactions GRU, SVR, ANFIS, delivered the top results: by the Korea Meteorological
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LSTM + CNN, CNN + RMSE = 67.35, MAPE = Administration and Korea
LSTM 3.513% Power Exchange
24-hour-ahead [15] One-dimensional The one-dimensional CNN  Hourly electricity consumption
short-term CNN with VPNs, enhanced by VPNs and temperature
electricity load LSTM, GRU recorded the lowest measurements collected in
forecasting average MAPE of 2.21% Istanbul, 2015-2017
Monthly electricity [16] Multiple machine LightGBM achieved the Monthly electricity usage
consumption learning algorithms  strongest accuracy with an  figures for Dubai International
forecasting RMSE of 0.0334 Airport, May 2017 — December

2019

On the other hand, a major challenge in power distribution systems involves forecasting potential electricity shortages
[17]. To address this issue, researchers in Eskandarpour and Khodaei [18] developed a logistic regression model
incorporating a second-order polynomial to predict failures in grid components caused by intense hurricanes. In Jaech et
al. [17], a bidirectional recurrent neural network (RNN) with an attention layer was proposed for real-time estimation of
outage durations in distribution networks, leveraging past maintenance and repair records. Furthermore, support vector
machine (SVM) and random forest regression (RFR) techniques were applied, combined with Monte Carlo simulations, to
assess the reliability of power systems [19]. However, these prior efforts largely focus on outage prediction in isolation,
without embedding these predictions into broader energy management frameworks, thereby limiting their practical value
for holistic energy optimization. A summary of these related studies on electric shortage forecasting appears in Table 2.

Table 2. Overview of prior research on electric shortage prediction.

Research topic Approach used Highest performance Data utilized
achieved
Forecasting possible  Logistic regression incorporating a The logistic regression Artificial dataset
outages of power grid second-order function approach obtained an F1- consisting of 1000
components [18] score of 0.9027 samples generated under

a normal distribution

Real-time estimation of Recurrent Neural Network (RNN)  The developed RNN model  Fifteen years of historical

outage duration in model integrated with a recorded an RMSE of 4.25 outage records supplied
distribution systems bidirectional mechanism and a negative log-likelihood by Seattle City Light
[17] of 2.66
Reliability assessment ~ Support Vector Machine (SVM) The Random Forest (RF) 24-node IEEE RTS-96
for improved electric and Random Forest (RF) technique produced result system
power systems [19] techniques were assessed using variations within 3% of the
the Monte Carlo method reference value

Despite the two critical challenges outlined above, renewable energy sources such as solar power provide a sustainable
foundation for intelligent power management. Currently, machine learning and deep learning algorithms are widely used
to identify patterns and forecast solar energy output [20]. In Mahmud et al. [21], several machine learning techniques—
including linear regression (LR), decision tree regression (DTR), SVR, RFR, LSTM, and MLP regression—were tested for
near-term solar power forecasting, with RFR achieving the highest performance. In Liu et al. [22], a streamlined LSTM
architecture was applied to incorporate solar and meteorological variables and predict solar generation one day in
advance. Separately, an LSTM-RNN configuration was constructed for monthly photovoltaic (PV) output estimation [23].
The key aspects of these earlier investigations into solar power forecasting are compiled in Table 3.
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Table 3. Overview of prior research on solar power prediction.

Study objective Technique applied Reported results Data origin

Short-term solar LR, DTR, SVR, RFR, The RFR model produced a Data gathered from Alice Springs, Australia

power LSTM, and MLP mean absolute error (MAE)
forecasting [21] regression models  of 0.0098 and an R2 value of
0.9919
Medium-term Simplified LSTM The suggested LSTM model Data obtained from PV devices, including
solar power model achieved an RMSE of 0.512 inverters, power meters, and weather station
forecasting [22] sensors from PV systems located in Chiang
Rai, Thailand, and Kaohsiung, Taiwan
Long-term solar LSTM-RNN The LSTM-RNN approach Power output records from operational PV
power approach recorded a mean absolute plants, estimated solar irradiation for each
forecasting [23] percentage error (MAPE) of site, and regional weather data in South
0.805% Korea

In contrast to the studies mentioned earlier, the core innovations of the present work can be outlined as follows:

* This research introduces a smart green energy management system that combines electricity load demand and solar
production, drawing on real measurements gathered from three structures at the Valahia University of Targoviste (UVTgv)
campus in Romania.

* A novel hybrid learning framework is presented, merging a predictive machine learning component with reinforcement
learning to support the smart green energy management system.

 An intuitive web-based platform has been developed, allowing users to register connected devices, leverage backend
analytics, and obtain predictive insights for effective smart green energy oversight.

The Proposed Smart Green Energy Management System

In this study, we present a unified methodology for near-term forecasting of both power demand and solar output. The
structure and components of the proposed smart green energy management system are detailed below.

Data acquisition

For this investigation, solar generation, irradiance, and meteorological information were sourced from the E-LAND project
[24]. The primary datasets originate from three buildings located on the UVTgv campus in Romania [25], supplemented
by residential community records from Australia [26]. Meteorological observations were additionally obtained via Visual
Crossing [27]. Within the framework of the E-LAND initiative [24], three separate solar photovoltaic (PV) installations were
deployed across distinct buildings on the UVTgv eco-campus for continuous data capture. All datasets utilized here are
verified, publicly accessible, and provided free of charge by the contributing entities.

From the E-LAND project [24], power demand readings were acquired for the three UVTgv campus buildings, denoted as
Pb1(i), Pb2(i), and Pb3(i) at each time step i, where i = 1, 2, ---, I. The aggregate consumption across the three buildings
at time i, denoted (i), served as the primary target variable.
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P (i) € Py, (i) + Py, (i) + Poy (i). ®

Likewise, solar output data were collected from the same three UVTgv buildings, represented as Lb1(i), Lb2(i), and Lb3(i)
for each time instance i. The total solar generation across the buildings at time i is expressed as (i).

LD déf Lb1 (1) + Lf‘z (1) + Lb3 (). @

The six selected meteorological variables encompass temperature 7(i), humidity H(i), dew point D(i), precipitation K(i),
cloud cover C(i), and wind speed W(i) at each time step i, sourced from Visual Crossing [27]. Irradiance measurements
from the E-LAND project [24] supplied beam irradiance (i), diffuse irradiance (i), and reflected irradiance (i) on tilted
surfaces as additional input features for the model.

Feature engineering

Once the relevant features were gathered, initial analysis involved box plots to detect anomalies in the unprocessed
datasets. Box plots depicting power usage across the three buildings, along with those for temperature (i), humidity (i),
and dew point (i) from the weather variables, are presented in Figures 1 and 2. As shown in Figure 1, consumption
patterns across all three buildings exhibit right-skewed distributions with prominent outliers. These outliers were cross-
checked against historical peak consumption levels and retained, as they correspond to legitimate high-demand events.
Comparable box plots were generated for the remaining features to identify and address any anomalies systematically.
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Figure 1. Box plots illustrating power consumption across the three UVTgv buildings: (a) Building 1 power consumption,
(b) Building 2 power consumption, and (c) Building 3 power consumption.
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Figure 2. Box plots for selected weather parameters from the collected data: (a) Temperature (i), (b) Humidity (i), and (c)
Dew point (i).

Subsequently, the dataset was converted into graphical formats to reveal any latent structures or recurring behaviors.
Following the seasonal decomposition approach outlined in Rojo et al. [28], the time series was decomposed into three
components: trend, seasonality, and residuals. This separation facilitates a deeper examination of the intrinsic dynamics
and fluctuations within the series. The trend element illustrates the long-term movement, revealing whether the
observations show an overall upward, downward, or steady trajectory over extended periods. The seasonal element
captures predictable, repeating oscillations that align with fixed periods—such as daily, weekly, or monthly rhythms—and,
here, specifically reflects hourly cycles. Lastly, the residual element (or noise term) accounts for the remaining
unexplained variation, incorporating irregular shifts, anomalies, and random disturbances inherent in the raw data.

The decomposed results—including the original series, trend, seasonal, and residual components—for power
consumption during January 2019 are displayed in Figure 3. As depicted in Figure 3, the trend in power usage in
January 2019 rises throughout the daytime hours and falls at night. Moreover, the seasonal component reveals a
pronounced and consistent cyclical pattern embedded in the series. The residual component demonstrates
homoscedasticity, indicating that the residual spread remains uniform across the observed timeframe.
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Figure 3. Outcomes of the seasonal decomposition applied to power consumption data for January 2019.

An additional preprocessing step involved reclassifying the numerical cloud cover values, denoted as (i), into discrete
categories. The categorization used the following ranges: 0%—20% as clear, 20%—40% as mostly clear, 40%-60% as
partly cloudy, 60%—80% as mostly cloudy, and 80%—-100% as overcast. During the subsequent modeling stage, these
categories will be encoded into binary indicator variables through one-hot encoding.

Machine learning models

The primary objective of this research is to construct machine learning and deep learning architectures capable of
accurately forecasting both power demand and solar output. The input features comprise hourly measurements of solar
generation, electricity consumption, solar irradiance, and various meteorological variables, all aligned to support the
study’s forecasting aims. This complete dataset is partitioned into separate training and evaluation subsets. The training
portion is used to fit the models, whereas the testing portion assesses their generalization ability. Given the sequential,
time-ordered nature of the data, random partitioning is avoided to prevent lookahead bias; instead, chronological splitting
is applied. Hyperparameter optimization was conducted via grid search paired with 5-fold cross-validation on the training
data. Once optimal hyperparameters were identified, the definitive model was retrained on the full training set using those
tuned settings. Predictions were then generated on the held-out testing set, followed by a thorough performance
assessment. The overall structure and processing pipeline of the modeling framework are illustrated in Figure 4. A
selection of state-of-the-art algorithms was utilized for this purpose, encompassing LSTM [29], CNN [30], RF regressor
[31], SVR [32], and XGBoost [33].
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Figure 4. Schematic overview and data processing flow of the machine learning models employed.

LSTM represents a specialized variant of recurrent neural networks designed to process sequential inputs while
preserving critical temporal dependencies across extended series [29]. Its particular effectiveness in capturing
chronological dependencies renders it especially suitable for applications such as modeling energy usage trends within
sustainable energy contexts.

CNN constitutes a powerful neural architecture originally developed for grid-like structured inputs, including imagery and
time-ordered sequences [30]. The core principle of CNNs is to extract intricate hierarchical features via successive layers
of convolution and pooling operations. Convolution applies learnable filters to the input, computing element-wise
multiplications across localized regions of the feature maps. Post-convolution, a nonlinear activation function such as
RelLU [34] is typically introduced to enhance the model’s expressive capacity. Pooling layers then condense spatial or
temporal information by aggregating feature presence within defined windows. After progressing through several
convolutional and pooling stages, the architecture concludes with dense, fully connected layers that integrate the learned
representations to produce final outputs or predictions.

“Rather than depending on a lone decision tree, the Random Forest regressor constructs an ensemble of numerous trees
to forecast continuous outcomes [31]. Every tree within the ensemble is grown on a unique random subsample of the
dataset, along with a randomly chosen subset of features at each split. This intentional diversity substantially mitigates
overfitting. After all trees are fully trained, their individual predictions are aggregated through simple averaging to produce
the final output. These characteristics have established Random Forest as one of the most reliable and frequently used
approaches for regression problems in machine learning.

Support Vector Regression (SVR) serves as a powerful tool for modeling nonlinear relationships in datasets [32]. It adapts
the Support Vector Machine framework to regression tasks involving continuous targets — for example, estimating future
energy generation or demand. The central aim of SVR is to determine a function (represented by a hyperplane in feature
space) that keeps as many data points as possible within a specified tolerance margin around the predictions while
minimizing deviations beyond that margin.

XGBoost is an advanced, highly optimized, and distributed implementation of gradient-boosted decision trees (GBDT)
[33]. Its distinctive advantage lies in the systematic way it corrects previous prediction errors in successive boosting
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rounds. At its core, XGBoost prioritizes well-defined objective functions, precise evaluation of model improvements,
intelligent use of tree-based learners, and strong regularization mechanisms that discourage overly complex models.

Integrated machine learning model with reinforcement learning

Figure 5 presents the schematic overview of the combined machine learning and reinforcement learning architecture
developed for the proposed Smart Grid Energy Management System (SGEMS). Embedding reinforcement learning within
the power shortage forecasting pipeline enables the identification of optimal control decisions, thereby markedly
improving prediction reliability. Moreover, the system incorporates electricity price forecasting to enable intelligent trading
strategies; these price predictions interact closely with the shortage estimates generated by the reinforcement learning
module, ultimately providing end-users with more reliable and decision-ready information.
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Moded SVM
# < XGBoost . Solar Generaton
CNN — Predicted Values NN
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RF
II Best Approach
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Figure 5. Block diagram illustrating the integrated model.

To further strengthen the proposed framework, the reinforcement learning procedure detailed in Sutton [35] is combined
with a previously trained machine learning predictor. Following the formulation in Sutton [35], the reinforcement learning
task is structured as a Markov Decision Process (MDP). The state space .#is composed of temporally indexed historical
records of electricity consumption and photovoltaic generation, formally defined as:

. def ,
SA={E11=12.....0, @

Where every state si encapsulates the relevant feature vector of consumption and solar output observed at time index i.
The corresponding action space .« contains feasible shortage forecast values and is given by

"4' dgf {ﬂ!|i — -1;2;---;1}; @
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With ai £ $i signifying the action that corresponds to the machine learning model’s forecast of consumption or solar
generation at that timestep. Upon execution of action a«i, the environment returns the ground-truth
consumption/generation value (i) together with a scalar reward R(i) computed as

.. def -
R() = —[f; —wil, ©

Where ji stands for the predicted consumption or generation value at time t. In pursuit of an optimal policy =% that
associates states with the most advantageous actions, the agent implements classical Q-learning and applies the well-
known update formula reported in Sutton [35]:

Q(s;,a;) — Q(s;,a;) +a (RU‘ +1)+ 7 max 0 (5549.8) — Q{si-,n,-)), (6)

In which a denotes the learning rate, y is the discount factor, R(i+1) is the immediate reward following action «i, and
maxae.«Z Q(si+1, a) gives the best estimated action value in the successor state si+1. The ultimate objective of the agent
is to maximize the expected long-term cumulative reward by converging toward an optimal policy 7% that consistently
yields superior prediction accuracy. This optimal policy can be expressed as

d{'[
™ (s) = argmax Q (s,a) .
i

@)

The overall strategy, therefore, merges an initial high-quality forecast generated by a supervised machine learning model
with subsequent policy-based refinement via reinforcement learning, progressively increasing cumulative reward through
ongoing trial-and-error interaction with the environment.

Web interface

Once training concluded, the model variant exhibiting the highest accuracy on the held-out test and validation sets was
selected for deployment. Forecasts produced by this chosen model are delivered to end users through an accessible,
intuitive web-based dashboard. The user-facing component was implemented with ReactJS, while the server-side logic
relies on NodeJS together with Flask, as depicted in Figure 6. Upon visiting the platform in any modern browser, users
encounter a clean dashboard that summarizes predicted energy production, anticipated consumption levels, and the
estimated risk of shortages. Equipped with these projections, consumers can decide whether to sell surplus energy,
purchase additional supply, or store electricity for later use.
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Figure 6. The proposed web interface for the SGEMS.

Simulation Results

For this study, data were gathered from three structures situated on the UVTgv campus [36], as shown in Figure 7,
positioned in central Romania. The region experiences intense rainfall, strong winds, and pronounced seasonal
temperature fluctuations, making it particularly suitable for our investigation given the wide variety of meteorological and

solar irradiance variables available.
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Figure 7. A photograph of the UVTgv campus [36].

The collected dataset spans 2019 to 2020 and comprises 17,521 data points and 20 input attributes. The training portion
was sized adequately to discern broad underlying trends in the data without becoming overly responsive to random
fluctuations, thus reducing the likelihood of overfitting. We partitioned the entire dataset roughly as 80% for training, 10%
for validation, and 10% for performance testing. This division corresponds to roughly 18 months for training, 3 months for
validation, and 3 months for testing. The training subset served to construct both traditional machine learning regressors
—including RF, SVR, and XGBoost—and deep learning architectures such as LSTM and CNN. Model effectiveness was
assessed using standard error measures: MAE, MAPE, and RMSE, as defined in Eqgs. 8-10.

1< -
MAE £ — Zy(fl—y{r‘l,(S)

| =

MAPE &

y (i) —j.h:i:r‘
n S y(i) i

=

:SI-—-

RMSEd:EF\I Y (i) —ym), o)
i=1

A comprehensive overview of model performance in forecasting power consumption is presented in Figure 8a and
detailed in Table 4. Based on the findings presented in Table 4 and Figure 8a, the XGBoost algorithm emerged as the
top performer for short-term energy demand forecasting. The best-performing configuration for XGBoost included a
learning rate of 0.05, a maximum tree depth of 5, and an ensemble of 100 trees. This tuned model was fitted to the
training data and then assessed on the unseen test portion. On the test set, it achieved an RMSE of 14.657, with a 95%
confidence interval of [13.383, 15.932], indicating the typical scale of prediction errors relative to observed consumption.
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The MAE was 11.67, with a 95% confidence interval of [11.03, 12.31], capturing average absolute errors, whereas the
MAPE was 2.14%, with a 95% confidence interval of [2.02%, 2.26%)], providing a percentage-based gauge of precision.
In addition, Table 5 reports the training durations for all consumption forecasting approaches when executed on hardware
comprising a 13th-generation Intel i7 processor and an NVIDIA GeForce RTX 4060 GPU. Under these consistent
conditions, the XGBoost approach exhibited markedly lower training times than the competing machine learning
techniques.

MAPE (%) RMSE MAE RMSE MAE
Evaluation Metrics Evaluation Metrics
(a) (b)

Figure 8. Performance comparison of models for forecasting power consumption and solar generation: (a) Model
comparison using three metrics (MAPE, RMSE, and MAE) for power consumption, and (b) Model comparison using two
metrics (RMSE and MAE) for solar generation.

Table 4. Performance comparison of power consumption forecasting models.

Model MAPE RMSE MAE
RF 2.65% 18.076 14.33
SVR 5.23% 43.775 29.39
XGBoost 2.14% 14.657 11.67
LSTM 11.39% 31.672 22.20
CNN 12.91% 37.217 24.76

Table 5. Training durations of machine learning models for power consumption forecasting.

Model Training time (s)
RF 3147.6
SVR 1158.55
XGBoost 19.55
LST™M 86.10

CNN 123.35



Costa et al. J Smart Grids Energy Anal Optim (2022) 1:47

Page 14 of 19
https://doi.org/10.68159/1427853440 9

Predicting solar output is equally essential for assessing potential power shortages within the community. The
comparative analysis and evaluation results for solar generation forecasting are presented in Table 6 and illustrated in
Figure 8b. As indicated by Table 6 and Figure 8b, XGBoost achieved the strongest results, recording the smallest RMSE
of 92.83 (95% confidence interval [79.19, 106.47]) and an MAE of 38.91 (95% confidence interval [32.83, 45.00]),
confirming its superior ability to model solar production dynamics. The RF model performed nearly as well, delivering
competitive RMSE and MAE figures that outperformed those of SVR, LSTM, and CNN. In contrast, SVR showed higher
RMSE and MAE, suggesting greater vulnerability to short-term solar variability in this green campus setting. Both LSTM
and CNN exhibited comparatively larger errors, highlighting difficulties encountered when deploying deep learning
methods to this particular forecasting challenge.

Table 6. Performance comparison of solar generation forecasting models.

Model RMSE MAE
RF 100.28 39.54
SVR 116.44 52.84
XGBoost 92.83 38.91
LSTM 159.58 82.17
CNN 176.84 94.97

To enable reliable campus-wide predictions of energy demand and supply, we incorporated the high-performing XGBoost
model—chosen for its outstanding accuracy—into the reinforcement learning framework. This hybrid system aggregates
measurements from all three buildings to estimate overall campus energy consumption and photovoltaic output. Following
the creation of this unified model, separate predictive models were developed for each building, providing finer-grained
insight into building-specific energy behaviors and revealing distinct consumption and generation characteristics unique to
each structure. Outcomes for power consumption forecasting are compiled in Table 7. The results in Table 7 reveal that
standalone models for Buildings 1, 2, and 3 yielded MAPE values of 12.42%, 7.26%, and 7.89%, respectively, whereas
the integrated campus-level model attained a considerably improved MAPE of 2.18%. The corresponding RMSE and
MAE figures corroborate this trend, underscoring greater predictive precision when leveraging pooled data across the
entire campus rather than treating each building in isolation.

Table 7. Power consumption forecasting results from individual building models and the proposed integrated campus

model.
Model description Mean absolute percentage error Root mean square error Mean absolute error
(MAPE) (RMSE) (MAE)
Separate model applied to 12.42% 34.43 32.06
building 1
Separate model applied to 7.26% 14.96 12.46
building 2
Separate model applied to 7.89% 10.12 8.57
building 3

Combined (integrated) model 2.18% 14.72 12.00
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Turning to solar generation forecasting, we similarly incorporated the high-performing XGBoost algorithm into the
reinforcement learning framework. The outcomes for solar generation prediction are presented in Table 8. As shown in
Table 8, the integrated model—which aggregates solar generation data from the entire campus—achieved an RMSE of
75.45 and an MAE of 33.12. These error metrics are lower than those obtained with the standalone model for Building 2,
yet higher than those for Buildings 1 and 3. This observation implies that Building 2 is subject to factors that make its
solar output harder to predict, possibly including panel orientation, partial shading, or site-specific microclimatic
conditions. By pooling campus-wide data, the integrated approach delivers greater overall stability in forecasts, even if it
falls short of the peak accuracy seen in the strongest individual building models. These findings point to the value of a
deeper analysis of structural, environmental, or locational factors that impact solar performance at Building 2. At the same
time, the more consistent results from the other buildings suggest relatively favorable conditions for photovoltaic
generation.

Table 8. Results for solar generation prediction from the individual building models and the proposed integrated campus

model.
Model description Root mean square error (RMSE) Mean absolute error (MAE)
A separate model was implemented for building 1 53.15 26.32
A separate model was implemented for building 2 140.80 72.58
A separate model was implemented for building 3 63.88 31.53
Unified (integrated) model 75.45 33.12

In conclusion, the markedly better predictive performance of the integrated model in estimating energy consumption
underscores the advantage of combining consumption and generation records from all campus buildings to produce more
dependable forecasts of overall energy requirements for the green campus. Nevertheless, the varying levels of accuracy
in solar generation predictions highlight the critical role of site-specific characteristics in determining solar energy
potential. Such observations offer valuable guidance for long-term energy strategy development and the rollout of
efficiency-focused measures, potentially establishing a reference point for forthcoming green campus initiatives globally.

Conclusion

This research introduced a smart green energy management system (SGEMS) that integrates machine learning and
reinforcement learning to forecast energy consumption and solar generation on a green campus. The findings
demonstrate that the hybrid model—built around XGBoost combined with reinforcement learning—substantially enhances
the precision of campus-level energy consumption predictions when compared with models trained on individual buildings
alone. These improvements provide essential support for effective energy management planning and the adoption of
sustainability-oriented practices. Beyond optimizing energy use, the proposed system establishes a valuable precedent
for future green campus initiatives by demonstrating the practical benefits of integrating sophisticated learning algorithms
into sustainable energy systems. That said, the methodology’s performance remains dependent on the quantity and
reliability of available historical records and may vary across different campus layouts. Subsequent research should
prioritize improvements in computational speed, broadening the dataset to encompass a wider range of environments,
and integrating additional variables, such as occupant patterns, to further strengthen both the environmental impact and
the system’s real-world applicability.
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SGEMS: smart green energy management system
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MLP: multi-layer perceptron

CNN: convolution neural network
LSTM: long short-term memory

GRU: gated recurrent unit

ANFIS: adaptive network-based fuzzy inference system
VPNSs: video pixel networks

LightGBM: light gradient boosting

RNN: recurrent neural network

SVM: support vector machine

RF: random forest

PV: photovoltaic

UVTgv: Valahia University of Targoviste

GBDT: gradient-boosted decision tree.
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