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Abstract: This study addresses the growing need for accurate and actionable energy demand forecasting in
smart infrastructure systems, where data-driven decision-making is essential for efficiency, sustainability,
and system reliability. Despite advances in machine learning-based forecasting, most approaches remain
prediction-centric and are rarely integrated with operational optimization and decision-support mecha-
nisms, limiting their real-world applicability. To address this gap, this study proposes a sequentially inte-
grated hybrid machine learning—optimization framework that combines ensemble-based forecasting, opti-
mization-driven energy allocation, and explainable artificial intelligence (XAI) within a unified architecture.
The term hybrid denotes the integration of heterogeneous methodological components, while the frame-
work is implemented as a pipeline in which forecasting outputs inform downstream optimization. The pre-
dictive module incorporates XGBoost and Long Short-Term Memory (LSTM) models, alongside an ensem-
ble approach that operates within the forecasting stage to enhance robustness and generalization. The opti-
mization component utilizes forecasted demand to minimize energy cost under demand and capacity con-
straints, while SHAP-based analysis im-proves interpretability and transparency. Empirical evaluation us-
ing the UCI Building Energy Efficiency dataset shows that XGBoost achieves the highest predictive accuracy
(MAE =0.429, RMSE = 0.613, R? = 0.996), while the ensemble model provides strong robustness (R? = 0.994).
The integrated framework effectively smooths demand fluctuations, improves allocation efficiency, and
identifies relative compactness and glazing area as dominant features. The results demonstrate that sequen-
tial integration of forecasting, optimization, and interpretability enhances predictive reliability, operational
efficiency, and decision transparency.

Keywords: Hybrid Machine Learning, Energy Demand Forecasting, Smart Infrastructure Systems,
Optimization-Based Decision Support, Explainable Artificial Intelligence (XAI).
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1. Introduction

The transformation of contemporary energy systems
into data-intensive smart infrastructures has fundamen-
tally redefined the paradigms of energy planning, fore-

casting, and operational control [1]. Smart infrastructure
systems encompassing smart grids, intelligent buildings,
distributed energy resources, and cyber-physical urban
environments are increasingly governed by complex inte-
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ractions between physical assets, digital platforms, and
data-driven intelligence [1]. Within this context, accurate
energy demand forecasting has become a foundational
component of system stability, economic efficiency, and
sustainability planning. The proliferation of high-resolu-
tion sensing technologies, smart meters, and Internet of
Things (IoT) devices has enabled unprecedented access to
real-time energy data, thereby creating new opportunities
for advanced predictive modeling and algorithmic deci-
sion-making [2]. Machine learning techniques, particu-
larly deep learning architectures such as long short-term
memory networks (LSTM) and ensemble methods such as
XGBoost, have demonstrated significant potential in cap-
turing nonlinear relationships and complex correlations in
energy consumption data [3]. However, despite these ad-
vances, the dominant research paradigm remains largely
prediction-centric, as also highlighted in recent studies on
hybrid energy forecasting frameworks [4], where models
are primarily evaluated based on predictive accuracy
without systematic integration into operational decision-
making structures.

This separation between predictive intelligence and
operational optimization represents a fundamental meth-
odological limitation in current smart infrastructure re-
search. Forecasting systems are frequently deployed as
standalone analytical tools, disconnected from the control,
scheduling, and resource allocation mechanisms that gov-
ern real-world infrastructure operations, as reported in
prior hybrid and energy management studies [4]. As a re-
sult, high-accuracy predictions often fail to translate into
meaningful operational improvements, creating a gap be-
tween algorithmic performance and system-level impact.
Traditional optimization frameworks, on the other hand,
typically rely on static assumptions or simplified demand
representations that do not reflect the dynamic and uncer-
tain nature of real-world energy systems [5]. The absence
of adaptive, data-driven forecasting inputs within optimi-
zation processes leads to suboptimal scheduling decisions,
inefficient resource allocation, and limited responsiveness
to demand variability, ultimately constraining the scalabil-
ity and resilience of smart infrastructure systems [6].

In parallel, the growing reliance on black-box ma-
chine learning models introduces challenges related to
transparency and trust. Many high-performance forecast-
ing models operate as opaque systems, making it difficult
for system operators and stakeholders to understand the
basis of predictions and the rationale behind automated
decisions [7]. In safety-critical infrastructure contexts, such
lack of interpretability can hinder adoption and limit effec-
tive human—AlI collaboration [8]. These challenges high-
light the need for unified approaches that integrate predic-
tive modeling, optimization, and interpretability, as

explored in emerging integrated energy intelligence
frameworks [9].

To address these limitations, this study proposes a
hybrid machine learning—optimization framework for en-
ergy demand forecasting and decision support in smart in-
frastructure systems, in line with recent developments in
hybrid modeling approaches. The term hybrid is used in a
systems-integration sense to denote the combination of
machine learning-based forecasting, optimization-based
decision-making, and explainable artificial intelligence
within a unified architecture. The interaction between
these components is implemented in a sequential pipeline,
where forecasting outputs serve as inputs to the optimiza-
tion module. This design enables predictive models to di-
rectly inform energy scheduling, load balancing, and re-
source allocation, thereby aligning data-driven intelli-
gence with infrastructural control processes while main-
taining modularity and computational flexibility, con-
sistent with prior system integration studies [10], [11].

By embedding forecasting outputs within optimiza-
tion formulations, decision-making becomes adaptive and
data-responsive, allowing infrastructure systems to dy-
namically adjust to demand fluctuations and system con-
straints. At the same time, the incorporation of explainable
artificial intelligence mechanisms, such as SHAP-based at-
tribution, enhances interpretability and supports transpar-
ent decision-making [12]. Within this framework, the inte-
gration of forecasting and optimization components has
been widely investigated in the literature [13], while recent
studies emphasize the importance of bridging the gap be-
tween prediction and operational decision-making in en-
ergy systems [14]. Building upon these directions, the pre-
sent study integrates machine learning models, specifi-
cally XGBoost and LSTM, with an optimization module
for energy allocation under operational constraints, form-
ing a unified decision-support system that links predictive
intelligence with operational control while maintaining in-
terpretability and practical applicability.

The primary objective of this study is to develop an
integrated architecture that not only achieves high fore-
casting accuracy but also translates predictive outputs into
optimized, actionable energy allocation strategies while
ensuring model transparency. Methodologically, the
study follows established hybrid modeling and evaluation
practices in intelligent energy systems [15], combining ma-
chine learning-based forecasting, optimization-driven de-
cision-making, and SHAP-based explainability within a
single coherent framework. The key contribution lies in
the structured integration of these components, enabling a
direct linkage between prediction, optimization, and inter-
pretability in intelligent energy management systems.

The remainder of the paper is organized as follows.
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Section 2 reviews related literature on energy demand
forecasting, optimization-based energy management, and
explainable artificial intelligence. Section 3 presents the
proposed methodology and framework. Section 4 reports
the experimental results, Section 5 discusses the findings,
and Section 6 presents the conclusions of the study, fol-
lowed by Section 7 which discusses the limitations and
outlines directions for future research.

2. Literature Review

The literature on energy demand forecasting and in-
telligent energy management has expanded substantially
over the past two decades, driven by the convergence of
smart grid technologies, digital infrastructure, and data-
driven analytics. Early research in energy demand model-
ing was dominated by statistical and econometric ap-
proaches, including autoregressive integrated moving av-
erage (ARIMA), seasonal ARIMA (SARIMA), regression-
based models, and stochastic time-series formulations.
These methods provided foundational insights into tem-
poral patterns, seasonality, and trend components in en-
ergy consumption data, offering interpretability and
mathematical tractability [16]. However, their reliance on
linear assumptions, stationarity constraints, and prede-
fined functional forms limited their ability to capture the
nonlinear, high-dimensional, and dynamic behaviors
characteristic of modern smart infrastructure systems, par-
ticularly in environments with distributed generation, re-
newable energy integration, and heterogeneous consump-
tion patterns.

With the advancement of machine learning, data-
driven forecasting models increasingly replaced tradi-
tional statistical approaches, enabling more flexible repre-
sentation of complex temporal and contextual relation-
ships. Shallow learning models, including support vector
machines, k-nearest neighbors, decision trees, and random
forests, demonstrated improved predictive performance
by learning nonlinear mappings between input variables
and energy demand [17], [18]. Ensemble learning tech-
niques, particularly gradient boosting frameworks such as
XGBoost and LightGBM, further enhanced forecasting ac-
curacy through model aggregation, robustness to noise,
and feature interaction modeling. These approaches
marked a significant methodological shift from parametric
modeling to data-adaptive learning systems. However,
while they improved predictive performance, many of
these models remained limited in their ability to represent
long-term temporal dependencies and sequential dynam-
ics inherent in time-series energy data.

Deep learning architectures addressed these limita-
tions by introducing memory mechanisms and hierar-
chical feature learning. Long short-term memory net-
works and gated recurrent units became widely adopted
for energy forecasting due to their ability to model long-
range temporal dependencies, temporal nonlinearity, and

sequential patterns [19]. More recently, Transformer-
based architectures and attention mechanisms have been
introduced to energy systems research, enabling dynamic
weighting of temporal features and improved modeling of
complex temporal interactions. These models have
demonstrated state-of-the-art performance in multivariate
energy forecasting, renewable generation prediction, and
load demand estimation. Despite their predictive power,
the majority of deep learning studies remain focused on
forecasting accuracy as an isolated objective, with limited
attention to how predictions are operationalized within in-
frastructure control and decision-making systems [20].

Parallel to forecasting research, a distinct body of lit-
erature has developed around optimization and decision-
making in energy systems. Classical optimization ap-
proaches, including linear programming, mixed-integer
programming, and nonlinear optimization, have been ex-
tensively applied to energy scheduling, unit commitment,
load dispatch, and resource allocation. Evolutionary algo-
rithms such as genetic algorithms [21], particle swarm op-
timization, and multi-objective optimization frameworks
have been employed to address complex, multi-criteria de-
cision problems involving cost, reliability, emissions, and
efficiency trade-offs. These methods provide mathemati-
cally rigorous and computationally efficient mechanisms
for operational planning. However, they often rely on
static demand assumptions, simplified forecasting inputs,
or deterministic scenarios, which limit their responsive-
ness to real-time system dynamics and uncertainty. As a
result, optimization frameworks frequently operate inde-
pendently of advanced predictive intelligence, reinforcing
the structural separation between forecasting and deci-
sion-making.

Recent studies have begun to explore hybrid and in-
tegrated approaches that combine forecasting models with
optimization strategies, particularly in smart grid and re-
newable energy applications. These hybrid systems aim to
use predictive outputs as inputs to scheduling and re-
source management algorithms, thereby improving oper-
ational performance. While such studies represent im-
portant methodological progress, many existing hybrid
frameworks adopt loosely coupled architectures in which
forecasting and optimization remain conceptually and
structurally distinct modules [22]. The integration is often
limited to data flow rather than methodological co-design,
resulting in systems that lack unified learning—decision
structures, adaptability, and theoretical coherence. More-
over, most hybrid models prioritize operational perfor-
mance metrics without addressing interpretability, trans-
parency, and human-centered decision support, which are
increasingly critical for real-world deployment in regu-
lated infrastructure environments. The issue of model in-
terpretability has emerged as a central concern in the ap-
plication of artificial intelligence to critical infrastructure
systems [23]. Black-box learning models, particularly deep
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neural networks, offer limited transparency regarding fea-
ture influence, decision logic, and causal relationships. Ex-
plainable Al (XAI) methods, including SHAP, LIME, and
rule-extraction techniques, have been introduced to ad-
dress this limitation by providing post hoc interpretability
and feature attribution [24]. In energy systems research,
these methods have primarily been used for model expla-
nation and feature importance analysis rather than inte-
grated decision-support design. As a result, explainability
remains peripheral to system architecture rather than em-
bedded as a core methodological component that informs
both prediction and optimization processes [25].

Collectively, the existing literature reveals a frag-
mented methodological landscape in which forecasting,
optimization, and interpretability are treated as largely in-
dependent research domains. Prediction-focused studies
emphasize accuracy without operational integration, opti-
mization-focused studies emphasize efficiency without
adaptive intelligence [26], and interpretability-focused
studies emphasize transparency without systemic integra-
tion. This fragmentation constrains the development of in-
telligent infrastructure systems that are not only accurate
and efficient, but also adaptive, transparent, and opera-
tionally meaningful [27]. Consequently, there exists a clear
research gap for unified hybrid frameworks that integrate
machine learning forecasting, optimization-based decision
support, and explainable Al within a single coherent ar-
chitecture. Addressing this gap requires a systems-ori-
ented methodological paradigm that aligns predictive
modeling with operational control and governance re-
quirements, enabling the translation of data-driven intelli-
gence into sustainable, reliable, and trustworthy infra-
structure decision-making [28]. The present study contrib-
utes to this emerging paradigm by proposing a fully inte-
grated hybrid machine learning—optimization framework
that unifies forecasting, decision support, and interpreta-
bility within a comprehensive methodological structure
for smart infrastructure systems.

The reviewed literature reveals significant advance-
ments in energy demand forecasting, optimization-based
energy management, and explainable artificial intelligence
within smart infrastructure systems. Statistical models
laid the foundational groundwork for time-series analysis,
while machine learning and deep learning approaches
substantially improved predictive accuracy by capturing
nonlinear and high-dimensional relationships [29]. Paral-
lel developments in optimization techniques have enabled
efficient resource allocation and operational planning.
However, the literature remains fragmented, with fore-
casting, optimization, and interpretability often treated as
independent research streams [30]. Most studies empha-
size prediction accuracy without systematic integration
into operational control frameworks, while optimization
models frequently rely on static or simplified demand as-

sumptions. Furthermore, explainability is typically

applied as a post hoc analytical tool rather than embedded
within decision-support architectures. These gaps high-
light the need for a unified methodological paradigm that
integrates predictive intelligence, adaptive optimization,
and transparent model interpretation. The present study
addresses this gap by proposing a coherent hybrid frame-
work that bridges these domains, thereby contributing to
the development of more adaptive, efficient, and trustwor-
thy intelligent energy management systems.

3. Methodology

This study presents a hybrid intelligent framework
that integrates machine learning forecasting, optimiza-
tion-based energy allocation, and Explainable Artificial In-
telligence (XAI) to enable efficient and transparent deci-
sion-making in smart infrastructure systems. The frame-
work connects predictive modeling with operational en-
ergy management, ensuring that forecast outputs are both
actionable and interpretable.

An ensemble model combining XGBoost and LSTM is
employed to predict building heating load using design
and environmental features, leveraging the strengths of
both models for improved accuracy and reliability. The
predicted outputs are then fed into an optimization mod-
ule, which determines efficient energy allocation strategies
to enhance system performance and reduce energy waste.
To ensure transparency, SHAP-based explainability is in-
corporated to quantify the contribution of individual fea-
tures to model predictions, thereby improving trust and
interpretability. The framework is implemented through
sequential stages, including data collection (UCI dataset),
preprocessing, predictive modeling, optimization, ex-
plainability analysis, and performance evaluation using
MAE, RMSE, and R? metrics. The proposed approach ena-
bles accurate, efficient, and interpretable energy manage-
ment.

3.1. Dataset Description

The empirical analysis utilizes the Building Energy
Efficiency dataset obtained from the UCI Machine Learn-
ing Repository [31], which is also publicly available via
platforms such as Kaggle. The dataset comprises 768
building configurations generated using Ecotect simula-
tion software, with each sample representing a building
structure described by eight input parameters, including
relative compactness, surface area, wall area, roof area,
overall height, orientation, glazing area, and glazing area
distribution. The target variable is heating load, represent-
ing the energy required to maintain thermal comfort
within buildings.

While this dataset provides realistic and widely used
benchmark data with diverse structural variations and en-
ergy demand conditions suitable for regression-based
forecasting and decision-support modeling, it is inherently
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static and non-temporal. As such, the proposed frame-
work is evaluated under a static data setting rather than
real-time streaming conditions. Consequently, further val-
idation using dynamic or real-time datasets is required to
fully assess the framework’s applicability to live smart in-
frastructure systems.

3.2. Data Preprocessing and Exploratory Analysis

Data preprocessing was conducted to enhance model
stability and ensure analytical reliability. The dataset was
examined for inconsistencies, missing values, and outliers.
Feature normalization was applied to standardize variable
scales and improve model convergence during training.
The dataset was then divided into training and testing sub-
sets to allow unbiased performance evaluation. Explora-
tory data analysis was performed to examine statistical re-
lationships among building design parameters and heat-
ing load demand. Correlation analysis was conducted us-
ing Pearson correlation coefficients to identify interde-
pendencies among structural features. Visualization tech-
niques, including correlation heatmaps and distribution
plots, were used to analyze feature variability and data
clustering patterns. This analysis supports model develop-
ment by identifying dominant structural influences on
heating load demand.

3.3. Machine Learning-Based Forecasting Models

Multiple predictive models were developed to cap-
ture nonlinear relationships between building parameters
and heating load demand.

3.3.1. XGBoost Model

Extreme Gradient Boosting (XGBoost) was imple-
mented as a tree-based ensemble learning method. The
model constructs sequential decision trees that minimize
prediction errors through gradient-based optimization.
XGBoost was selected due to its ability to capture complex
feature interactions, handle structured tabular datasets ef-
ficiently, and provide high predictive accuracy with strong
generalization performance.

The XGBoost model predicts the output as an addi-
tive ensemble of decision trees:

9= feG fi€F 1)
k=1

where f, represents the k-th regression tree and F is the
space of all possible trees.
The objective function is defined as:

L=iuwm+inm) @
i=1 k=1

3.3.2. Long Short-Term Memory Model

A Long Short-Term Memory (LSTM) neural network
was implemented as a deep learning baseline to model
complex nonlinear relationships between building charac-
teristics and heating load demand. LSTM is a specialized
form of recurrent neural network designed to capture de-
pendencies through gated memory mechanisms. While
LSTM is primarily developed for sequential data modeling,
it is employed in this study as a comparative benchmark
to evaluate its capability in learning nonlinear feature in-
teractions within structured tabular data.

The LSTM architecture consists of memory cells and
three gating mechanisms, namely the forget gate, input
gate, and output gate, which regulate the flow of infor-
mation. The model is mathematically defined as follows:

fi = g(Wlhey, xc] + by) 3)
i, =o(W;[hi_1, x:] + b;) 4)
C, = tanh(W,.[h,_4,x,] + b,) (5)
Co=f, C_,+i,-C (6)

fo = 0W,[he_y, x,] + by) ?)
h, = o, - tanh(C,) (8)

where ft, it, and ot denote the forget, input, and output
gates, respectively; Ct represents the cell state; and ht is the
hidden state at time step t. The variables W and b corre-
spond to the learnable weight matrices and bias vectors,
while ¢ and tanh denote the sigmoid and hyperbolic tan-
gent activation functions.

Although the dataset used in this study is static and
does not explicitly contain temporal sequences, the LSTM
model is utilized to investigate whether its internal gating
mechanisms can capture implicit nonlinear relationships
among features. This allows a direct comparison with tree-
based models, particularly in terms of representation ca-
pability and predictive performance. The experimental re-
sults demonstrate that LSTM provides lower predictive ac-
curacy compared to XGBoost, indicating that sequential
deep learning architectures may be less suitable for struc-
tured tabular energy datasets.

Table 1 shows the architecture of the implemented
LSTM model. The model is constructed using a sequential
architecture consisting of a single LSTM layer with 64 hid-
den units followed by a fully connected dense layer with
one neuron for regression output. The LSTM layer serves
as the primary feature extractor, capturing complex non-
linear interactions within the input space, while the dense
layer maps the learned representation to a scalar predic-
tion value.
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Table 1. LSTM model architecture summary (Sequential model).

Number of
Layer (Type) Output Shape Parameters
LSTM (None, 64) 18,688
Dense (None, 1) 65

Total trainable parameters: 18,753.

The total number of trainable parameters in the
model is 18,753, with the majority contributed by the
LSTM layer due to its recurrent weight matrices and gat-
ing structure. This configuration ensures sufficient model
capacity while maintaining computational efficiency for
training and evaluation.

3.3.3. Ensemble Learning Integration

To improve forecasting robustness and reduce
model-specific prediction bias, an ensemble learning strat-
egy was implemented. The ensemble model aggregates
outputs from individual predictive models
weighted averaging. By combining tree-based and neural
network learning approaches, the ensemble framework
improves prediction stability and enhances generalization
across varying heating load ranges.

It is important to distinguish that the ensemble model
operates within the forecasting stage only, whereas the hy-
brid framework refers to the broader integration of fore-
casting, optimization, and interpretability components.

The ensemble prediction is obtained using weighted

using

averaging:
M
yensemble = Z W]' yj (9)
j=1

where w; are model weights such that:

i w; =1 (10)

j=1

3.4. Optimization-Based Energy Allocation

The predicted heating load values generated by the
ensemble model were integrated into an optimization
framework designed to support energy allocation and de-
mand balancing. The optimization process aims to mini-
mize energy consumption cost while ensuring that energy
supply meets forecasted demand and operational capacity
constraints. The optimization model is formulated using a
simplified linear objective function with basic demand and
capacity constraints. While this formulation enables clear
demonstration of the integration with forecasting outputs,
it does not fully capture the complexity of real-world
smart infrastructure systems, which may require multi-ob-
jective, stochastic, or dynamic optimization approaches.

The optimization objective is formulated as:

T
minz C, E, (11)
t=1

subject to:

E, = Dy,
Et < Emax'

vt=1,..,T
vt=1,..,T (12)
where E; represents the allocated energy at the time step ¢,
D, denotes the forecasted heating demand, and C, repre-
sents the energy cost coefficient. This formulation enables
the integration of predictive intelligence into operational
resource allocation by ensuring demand satisfaction while
minimizing total energy cost under capacity constraints.

3.5. Explainability and Model Interpretation

To enhance transparency and support decision inter-
pretability, SHapley Additive exPlanations (SHAP) is ap-
plied as a post hoc interpretability method to analyze fea-
ture contributions to model predictions. SHAP values
quantify the marginal impact of each building parameter
on predicted heating load, enabling the identification of
dominant structural features influencing energy demand
and providing intuitive visual explanations of model be-
havior. It is important to note that SHAP does not directly
influence the training of the predictive models or the opti-
mization process; rather, it serves to improve transparency,
support model understanding, and facilitate informed de-
cision-making in intelligent energy management systems.

3.6. Model Evaluation

The performance of the predictive models is evalu-
ated using three standard regression metrics: Mean Abso-
lute Error (MAE), Root Mean Square Error (RMSE), and
the coefficient of determination (R?). These metrics are de-
fined as follows:

1 n
MAE = EZD’I‘ -3l (13)
i=1
1 n
RMSE = |~ (v~ 9)? (14)
n i=1
n . — 9.)2
R2 -1 Xiea i =90 (15)

2ie (i —¥)?

where y; represents the actual values, ; denotes the pre-
dicted values, y is the mean of the actual values, and n is
the total number of observations.

4. Results

The results of this study evaluate the performance of
the proposed hybrid machine learning—optimization
framework in terms of predictive accuracy, robustness,
and operational effectiveness. The analysis is structured to
assess both the forecasting capability of the machine learn-
ing models and the impact of integrating these predictions
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Figure 1. Ensemble-Based Heating Load Forecast and Uncertain-
ty Quantification.
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Figure 3. SHAP-Based Interpretation of Model Predictions for
Heating Load.

Table 2. Regression Performance Metrics for Heating Load Pre-
diction.

Model MAE RMSE R?

XGBoost 0.429 0.613 0.996
LSTM 1.240 1.516 0.978
Ensemble 0.666 0.810 0.994

into the optimization-based energy allocation process.
Comparative evaluation of the XGBoost, Long Short-Term
Memory (LSTM), and ensemble models is conducted us-
ing standard regression metrics, including Mean Absolute
Error (MAE), Root Mean Square Error (RMSE), and coeffi-
cient of determination (R?). In addition, uncertainty quan-
tification, residual analysis, and feature importance inter-
pretation are employed to further examine model reliabil-
ity and transparency. The results provide a comprehensive

assessment of how the integrated framework enhances en-
ergy demand prediction and supports efficient decision-
making in smart infrastructure systems.

To begin with, Table 2 summarizes the regression
performance of the evaluated models for heating load pre-
diction using mean absolute error (MAE), root mean
square error (RMSE), and coefficient of determination (R?).
The XGBoost model demonstrates the best overall perfor-
mance, achieving the lowest error values (MAE = 0.429,
RMSE = 0.613) and the highest explanatory power (R? =
0.996), indicating excellent predictive accuracy. The en-
semble model also performs strongly, with low error met-
rics (MAE = 0.666, RMSE = 0.810) and an R? of 0.994, indi-
cating robust generalization. In contrast, the LSTM model
records comparatively higher prediction errors (MAE =
1.240, RMSE = 1.516) and a lower R? of 0.978, suggesting
reduced accuracy for this task. Overall, the results confirm
that tree-based and ensemble approaches are more effec-
tive than the standalone LSTM for continuous heating load
regression.

Building on this comparative evaluation, Figure 1
demonstrates that the ensemble model accurately tracks
actual heating load across all time steps, capturing both
low and peak demand periods. The narrow uncertainty
bands indicate high confidence and stable performance,
with slight widening during peak transitions. Most actual
values fall within the 95% interval, confirming the model’s
reliability and effective uncertainty quantification.

Furthermore, Figure 2 showing the comparison be-
tween actual energy demand, model forecast, and opti-
mized allocation over time. The hybrid forecasting model
closely follows the actual demand profile, accurately cap-
turing both peak and off-peak periods. The optimized al-
location curve further smooths demand fluctuations while
remaining aligned with forecasted values, indicating effec-
tive allocation under system constraints. The narrow un-
certainty band around the forecast reflects high confidence
in the predictive model, while deviations between actual
demand and optimized allocation highlight the impact of
optimization in balancing demand and operational effi-
ciency. Overall, the figure demonstrates the effectiveness
of integrating forecasting with optimization for improved
energy demand management.

In addition, Figure 3 shows the SHAP summary of
feature contributions to heating load prediction. Relative
compactness and glazing area are the most influential fea-
tures, while wall area, glazing distribution, and orienta-
tion have moderate effects, and other features contribute
less. The distribution of SHAP values highlights both the
importance and variability of features, providing clear in-
terpretability and confirming the dominance of building
geometry in predictions.

Consistent with these findings, Figure 4 validates the
predictive performance of the XGBoost model, showing
that the model closely tracks the temporal dynamics of
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Figure 4. XGBoost-Based Energy Demand Forecasting: Predicted
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Figure 5. LSTM Model Predictions vs. Actual Energy Demand.
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Figure 6. Residuals Analysis of the Ensemble Model Predictions.

actual energy demand. Peaks, troughs, and seasonal pat-
terns are effectively captured, indicating that the model
can serve as a reliable input for hybrid ML-optimization
frameworks. The minimal deviations at abrupt transitions
underscore potential areas for improvement through en-
semble learning or temporal sequence models, such as
LSTM or Transformer-based architectures.

By contrast, Figure 5 shows the performance of the
Long Short-Term Memory (LSTM) model in forecasting
energy demand over time. The solid red line represents the
actual observed energy demand, while the dotted orange
line shows the predictions generated by the LSTM model.
The plot demonstrates how closely the LSTM predictions
follow the general trend and fluctuations of the actual de-
mand, capturing daily peaks and troughs, although some
minor deviations are observed during sharp demand tran-
sitions.

To further examine model reliability, Figure 6 illus-
trates the residuals of the ensemble model, calculated as
the difference between the actual and predicted values
(Residuals = Actual — Predicted), plotted against the
model’s predicted values. The red dashed line at zero rep-
resents the ideal scenario where predictions perfectly
match actual values. From the plot, it is evident that the
residuals are not perfectly randomly scattered around zero.
There is a visible pattern, with clusters at certain predicted
value ranges (around 14-16, 29-30, 35, and 40), suggesting
potential heteroscedasticity or regions where the model
may underperform. However, most residuals lie within a
#1.5 range, indicating reasonably good predictive perfor-
mance overall. This analysis helps in assessing model bias,
variance, and potential improvements in the ensemble
learning approach.

From a data perspective, Figure 7 shows the correla-
tion among input features, with strong relationships ob-
served between key structural variables. Relative com-
pactness is negatively correlated with surface and roof
area but positively with overall height, while surface area
and roof area are strongly positively related. Most other
features, particularly glazing and orientation variables, ex-
hibit weak or minimal correlations, indicating their rela-
tive independence.

Moreover, Figure 8 shows a strong agreement be-
tween the ensemble model’s predicted and actual heating
load values. Most data points align closely with the ideal
diagonal line, indicating high predictive accuracy. The
clustering across low, medium, and high load ranges
demonstrates consistent performance, with only minor de-
viations observed.

Finally, Figure 9 illustrates the frequency distribution
of the actual heating load values in the test dataset. The
histogram, combined with the density curve, shows how
heating load values are spread across different ranges. The
distribution reveals multiple clusters, with a noticeable
concentration of values at lower heating loads (approxi-
mately 12-18 units) and another concentration at medium
to higher ranges (approximately 28—42 units). The pres-
ence of these distinct clusters suggests variability in build-
ing energy demand, likely reflecting differences in struc-
tural characteristics and thermal properties across build-
ing samples.

5. Discussion

The performance of the developed machine learning
models was evaluated using Mean Absolute Error (MAE),
Root Mean Square Error (RMSE), and coefficient of deter-
mination (R?). The comparative results demonstrate strong
predictive capability across all models, with tree-based
methods showing superior performance for heating load
prediction. The XGBoost model achieved the highest accu-
racy, with an MAE of 0.429, RMSE of 0.613, and R? of 0.996,
indicating an excellent ability to capture nonlinear
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relationships between building parameters and heating
load demand. The ensemble model also demonstrated
strong predictive performance, achieving an MAE of 0.666,
RMSE of 0.810, and R? of 0.994, confirming its robustness
and generalization capability. In contrast, the LSTM model
produced higher prediction errors, with an MAE of 1.240
and RMSE of 1.516, suggesting that sequential deep
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learning approaches may be less effective for this struc-
tured tabular dataset. The superior performance of
XGBoost can be attributed to its gradient boosting mecha-
nism, which effectively captures complex feature interac-
tions and handles multicollinearity among structural vari-
ables [32]. The ensemble model improves reliability by
combining the strengths of both tree-based and deep
learning approaches, thereby reducing model variance
and enhancing predictive stability.

The ensemble forecasting results demonstrate strong
alignment between predicted and actual heating load val-
ues. The prediction curve closely tracks the observed de-
mand profile across all building configurations, accurately
capturing both low-load and peak-load scenarios [33]. The
uncertainty quantification results further confirm the reli-
ability of the ensemble framework, with most actual heat-
ing load values falling within the 95% confidence interval.
Slight widening of uncertainty bands during peak transi-
tions indicates increased variability under rapidly chang-
ing thermal conditions, which is expected in energy de-
mand forecasting [34].

These findings highlight the effectiveness of ensem-
ble learning in improving prediction robustness while
providing reliable confidence estimates, which are critical
for operational decision-making in energy management
systems. The integration of forecasting outputs into the
optimization module demonstrates significant improve-
ments in energy demand management [35]. The optimized
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allocation curve smooths demand fluctuations while re-
maining closely aligned with forecasted heating load pat-
terns. This smoothing effect reduces abrupt energy con-
sumption peaks and enhances system stability by ensuring
efficient resource distribution under operational con-
straints. The results confirm that embedding predictive in-
telligence within optimization frameworks enables more
adaptive and cost-effective energy allocation strategies.
The optimization framework also demonstrates the capa-
bility to balance energy demand variability while main-
taining supply reliability. This integration bridges the gap
between predictive modeling and real-world infrastruc-
ture operations, allowing forecasting outputs to directly
influence energy scheduling and load balancing decisions
[36]. Compared to existing studies that focus solely on
forecasting accuracy or standalone optimization, the pro-
posed framework provides a structured integration of
both components within a single pipeline. While prior
works emphasize either predictive performance or opera-
tional efficiency independently, this study highlights the
importance of linking these stages to improve overall sys-
tem functionality.

The SHAP-based interpretability analysis provides
valuable insights into the relative importance of building
structural parameters in heating load prediction. Relative
compactness and glazing area emerged as the most influ-
ential features, indicating that building geometry and en-
velope transparency significantly affect thermal energy
demand. Higher values of relative compactness generally
contribute to increased heating load, reflecting structural
heat retention characteristics. Similarly, glazing area influ-
ences heat transfer and solar radiation absorption, thereby
impacting indoor thermal conditions. Wall area, glazing
distribution, and orientation demonstrate moderate con-
tributions to heating load variability, while roof area, over-
all height, and surface area exhibit comparatively lower in-
fluence [37]. The interpretability results confirm that heat-
ing load demand is primarily driven by structural design
features and building envelope characteristics [38]. The
ability to explain feature contributions enhances transpar-
ency and supports informed infrastructure design and en-
ergy efficiency planning. Residual analysis of the

ensemble model reveals that most prediction errors re-
main within a narrow range, indicating strong model ac-
curacy and stability. Although residual clustering is ob-
served at certain heating load ranges, the overall distribu-
tion remains centered around zero, suggesting minimal
systematic prediction bias. These clusters may indicate re-
gions where structural parameter combinations introduce
additional complexity in thermal behavior, highlighting
potential areas for further model refinement.

The distribution of actual heating load values demon-
strates the presence of multiple demand clusters repre-
senting low, medium, and high energy consumption sce-
narios. This variability confirms the dataset’s suitability
for evaluating model generalization across diverse build-
ing energy conditions. The ability of the ensemble model
to maintain accuracy across these demand ranges further
validates its robustness. Correlation analysis reveals
strong multicollinearity among geometric building pa-
rameters, particularly between relative compactness, sur-
face area, roof area, and overall height [39]. These interde-
pendencies reflect inherent architectural design relation-
ships and confirm that structural building characteristics
collectively influence heating load behavior. In contrast,
glazing-related and orientation features exhibit relatively
low correlation with structural parameters, suggesting
that they provide complementary and independent pre-
dictive information. While the proposed framework
demonstrates the potential to support energy allocation
decisions, the current implementation focuses on method-
ological integration rather than full system-level deploy-
ment. Therefore, the results should be interpreted as indic-
ative of decision-support capability rather than validated
operational performance in real-world environments.

The inclusion of these independent variables contrib-
utes to improved model learning and forecasting accuracy
[37]. The results demonstrate that integrating machine
learning forecasting, optimization-based allocation, and
interpretability analysis provides a comprehensive deci-
sion-support framework for smart infrastructure energy
management. The hybrid framework not only improves
prediction accuracy but also translates predictive insights
into actionable operational strategies. The interpretability
component further enhances model transparency, sup-
porting trust and adoption of intelligent decision-support
systems in energy planning and infrastructure design. The
findings confirm that hybrid machine learning optimiza-
tion frameworks can significantly improve heating load
prediction, energy allocation efficiency, and decision
transparency in smart infrastructure systems.

6. Conclusion

This study presented a hybrid machine learning opti-
mization framework for energy demand forecasting and
intelligent decision support in smart infrastructure sys-
tems. By integrating predictive modeling, operational
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optimization, and explainable artificial intelligence within
a unified architecture, the proposed approach addresses
the structural disconnect between standalone forecasting
models and real-world energy management processes.
Empirical evaluation using the UCI Building Energy Effi-
ciency dataset demonstrated that tree-based learning, par-
ticularly XGBoost, achieved superior predictive perfor-
mance (R? = 0.996), while the ensemble model provided
strong robustness and generalization capability. The inte-
gration of forecasting outputs into the optimization mod-
ule enabled effective energy allocation, reduced demand
fluctuations, and improved operational cost efficiency un-
der system constraints.

The incorporation of SHAP-based interpretability
further enhanced transparency by identifying relative
compactness and glazing area as dominant contributors to
heating load demand. Residual and uncertainty analyses
confirmed the reliability and stability of the hybrid frame-
work across varying demand ranges. The findings demon-
strate that combining machine learning, optimization, and
explainable Al within a single coherent framework signif-
icantly improves predictive accuracy, operational effi-
ciency, and decision transparency. The proposed method-
ology provides a scalable and trustworthy foundation for
intelligent energy management in smart grids, intelligent
buildings, and data-driven infrastructure systems. The
proposed framework is hybrid in terms of methodological
integration, while its implementation follows a sequential

pipeline that ensures clear information flow between pre-
diction and optimization stages. Future research may ex-
tend this framework to real-time deployment scenarios,
renewable integration, and multi-objective optimization
environments.

7. Limitations and Future Work

This study has several limitations that provide oppor-
tunities for future research. First, the experimental evalu-
ation is conducted on a relatively small, simulation-based
dataset, which may not fully represent the complexity of
real-world smart infrastructure systems. Second, the
framework follows a sequential pipeline without incorpo-
rating feedback mechanisms or adaptive learning between
forecasting and optimization stages. Third, the optimiza-
tion model is simplified and does not account for multi-
objective, stochastic, or real-time constraints commonly
found in practical energy systems. Additionally, the use of
SHAP is limited to post hoc interpretability and does not
influence the decision-making process.

Future work will focus on extending the framework
to real-time environments, incorporating dynamic and
large-scale datasets, developing more advanced optimiza-
tion models, and integrating feedback-driven learning
mechanisms. Furthermore, comparative benchmarking
against existing hybrid approaches and inclusion of addi-
tional evaluation metrics will enhance the robustness and
applicability of the framework.
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