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Effectively controlling the heating load (HL) in residential buildings is a vital component of energy conservation
and sustainability. This abstract presents a new methodology for predicting HL by incorporating Gaussian
Process Regression (GPR) and harnessing the power of two groundbreaking optimization techniques: the
Population-based Vortex Search Algorithm (PVS) and the Flow Direction Algorithms (FDA). GPR stands out
as a robust machine learning algorithm renowned for its capacity to grasp intricate data relationships. Com-
bining these mentioned optimizers with the GPR model results in a hybrid strategy that harnesses the unique
advantages of each element. PVS and FDA are utilized to optimize the GPR’s parameters, thereby elevating its
predictive precision. The amalgamation of GPR, PVS, and FDA surpasses conventional techniques and even
standalone GPR models regarding predictive precision and convergence velocity. This methodology offers a
pragmatic and efficient approach to enhancing the forecast of HL in residential buildings, consequently aiding
in better energy management and mitigating environmental impact. The hybrid GPPV model distinguishes
itself with its exceptional accuracy when compared to alternative proposed models. Boasting a low RMSE of
1.013 and a R? value of 0.990 , GPPV attains the highest performance level. Furthermore, this research paves the
way for the exploration of employing nature-inspired optimization techniques alongside neural networks to
address a wide array of intricate challenges. The combined influence of GPR and these inventive optimizers
highlights the capacity of hybrid models to tackle practical, real-world issues.
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Nomenclature
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Search Algorithm
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1. Introduction

Lately, there has been a notable increase in investigative
efforts directed toward enhancing the energy efficiency
of buildings. This growing interest due to ascribed to in-
creasing apprehensions concerning power wastage and its
enduring, adverse consequences on the ecosystem [1, 2].
Researchers have been diligently investigating methods
to enhance building efficiency and diminish their ecolog-
ical footprint. They acknowledge the significant impact
of buildings on energy consumption and the emission of
greenhouse gases [3, 4]. To attain energy conservation
in buildings, it requires the formulation of a variety of
strategies for effective energy management [5, 6]. A crucial
aspect of shaping these strategies includes accurately fore-
casting energy consumption, a topic that has gained signif-
icant importance in recent years [7]. By closely monitoring
changes in energy-building usage, it becomes achievable
to plan precise and efficient power-conserving steps [8—
10]. They pinpoint potential opportunities for energy con-
servation and address operational inefficiencies, thereby
benefiting equally power preservation and the optimal op-
eration of construction organizations [11]. These methods
utilize predictive data to improve power efficiency, dimin-
ish waste, and guarantee the efficient functioning of build-
ing systems [12]. Exploration has exhibited that slight im-
provements in foretelling structure power utilization could
result in significant cuts in power consumption. Accurate
forecasts of energy consumption patterns enable the ability
to make informed decisions and proactively manage energy
consumption for optimization [13]. These measures can en-
compass a variety of strategies, such as modifying HVAC
configurations, optimizing lighting timetables, installing
energy-efficient machinery, and encouraging behavioral
changes to align with energy conservation goals. These
actions offer benefits not only to building managers but
also to the occupants [14, 15].

Precisely forecasting the energy usage of buildings is
a fundamental feature of modeling energy; however, it is
usually deficient in replicating real-world results [16]. Nu-
merous research studies have underscored the significant
gap between anticipated and actual energy consumption,
occasionally exceeding projections by two or even three-
fold. Old-style models of energy depend on manufacturing
computations rooted in actual principles to evaluate the
energy of building usage; a method well-suited for initial
assessments [17]. Nonetheless, they face limitations in ef-
fectively capturing the intricacies of the actual environment.
To overcome those constraints, arithmetical imitation meth-
ods are working for modeling power consumption in build-
ings. These simulations assist in tackling the difficulties

related to the incorporation of models of machine learning
into structure power effectiveness, methodically evaluating
present investigative discoveries and constraints [18, 19].

Models of Al hold important promise in forecasting
and improving the energy usage of buildings. This tem-
plate makes use of historical datasets, immediate sensor
data, and artificial intelligence algorithms to produce pre-
cise forecasts and supply valuable perceptions for efficient
management of energy [20, 21]. Substantial progressions
have occurred in the domain of energy usage projection
over time. Investigators and specialists use numerous ad-
vanced methods and approaches in the direction of reliably
anticipating power consumption [22, 23].

In a study by Kim and Cho [24], a neural network was in-
troduced that combined features from both Convolutional
Neural Network (CNN) and Long Short-Term Memory
(LSTM) architectures. This amalgamation was customized
for precise prediction of residential energy consumption,
effectively harnessing spatial and temporal features to cap-
ture intricate energy consumption patterns adeptly. The
experimental outcomes demonstrated the remarkable pre-
cision of the CNN-LSTM method, particularly in the do-
main of electrical power application, outstanding tradi-
tional predicting approaches. A customized Deep Neural
Network (DNN) model for forecasting cooling and heating
demands in residential buildings was presented by Roy
and colleagues [25]. Subsequently, they conducted a com-
parative evaluation, where they compared the Deep neural
network framework along with the (GPR), (MPMR) and
(GBM). Based on the results, it was found that the GPR and
DNN frameworks were able to predict both heating and
cooling demands with the largest proportion of variabil-
ity explained (VAF). Moradzadehand et al. [26] utilized
MLP and SVR models to forecast Heating and Cooling
Loads. The multi-layer perceptron method produced out-
standing outcomes, with the highest R-amount of 0.9993 for
HL prediction. Conversely, the SVR technique performed
exceptionally well in predicting the cooling load, with a
maximum value of R of around 0.9878.

Effective control of HL in residential buildings is critical
for energy conservation and sustainability. HVAC systems
account for approximately 50% of a typical household’s
energy consumption, making efficient HL forecasting a pri-
ority. The global energy demand for residential heating
is projected to increase by 18% by 2030, driven by grow-
ing urbanization and climate change. Accurate forecasting
of HL can lead to significant energy savings and reduce
carbon emissions. This study introduces a novel machine
learning methodology designed to achieve highly precise
and optimal predictive results for HL forecasting in resi-
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dential buildings. The primary objective is to enhance the
performance of Gaussian Process Regression (GPR) mod-
els through a sophisticated hybridization technique. This
approach integrates GPR with two advanced optimization
techniques: the Population-based Vortex Search Algorithm
(PVS) and the Flow Direction Algorithm (FDA). The innova-
tive aspect of this research lies in the strategic combination
of these optimizers to refine the GPR model’s parameters,
thereby surpassing the performance of traditional methods.
This hybrid methodology leverages the distinct advantages
of each optimizer—PVS'’s ability to explore complex solu-
tion spaces and FDA's efficiency in converging to optimal
solutions. The deliberate integration of these techniques
ensures a more robust and reliable forecasting model.

A thorough evaluation was conducted, comparing both
the individual and hybrid configurations of the models
to assess their capabilities impartially. This comprehen-
sive assessment confirms that the hybrid GPR-PVS-FDA
model consistently outperforms conventional approaches,
signifying a noteworthy development in HL management
predictive modeling. The practical implementation of this
method is highly feasible. It can be integrated into building
energy management systems for real-time HL predictions,
promoting efficient energy use and cost savings. Deploy-
able as a cloud-based solution, the model offers scalability
and accessibility across various residential settings. Its
adaptability to different building types and climates fur-
ther extends its applicability. Additionally, the model’s
forecasts can be utilized by decision support systems to
optimize heating operations, enhance energy management,

and reduce environmental impact.

GPR is chosen for HL prediction due to its notable ad-
vantages in modeling flexibility, robust performance, and
parameter optimization. GPR excels in capturing complex,
non-linear relationships between inputs and outputs, cru-
cial for accurately predicting HL variations influenced by
factors such as weather and building characteristics. Ad-
ditionally, GPR offers probabilistic predictions, providing
not only point estimates but also measures of uncertainty,
which are valuable for assessing prediction confidence and
making informed energy management decisions. GPR’s
robustness makes it particularly effective in handling noisy
and sparse data, common in HL datasets. Its adaptability al-
lows the model to adjust to varying data distributions and
scales, enhancing its suitability across different datasets
and contexts. In terms of parameter optimization, In addi-
tion, GPR benefits significantly from advanced techniques
including the PVS and the FDA. These methods efficiently
tune the hyperparameters of the GPR model, leading to
superior predictive performance compared to conventional

parameter estimation approaches. This efficient hyperpa-
rameter tuning further strengthens GPR’s ability to deliver
precise and reliable forecasts in the context of HL predic-

tion.

2. Materials and methodology

2.1. Materials

To facilitate the training of machine learning models, a
dataset has been compiled using an extensive collection of
published literature [27, 28]. In Table 1, statistical charac-
teristics for the input variables can be found. This dataset
encompasses the following parameters:

¢ Relative Compactness: This parameter quantifies the
overall compactness of the building, directly influenc-
ing its heat retention and loss characteristics.

e Surface Area (m?) : Accurately measuring the total
surface area of the structure is vital for understanding
its exposure to external thermal influences.

e Wall Area (m?) : Precise recording of the wall area pro-
vides insights into the building’s thermal insulation
properties and its heat transfer capabilities.

* Roof Area (m?) : Including roof area in the dataset
is significant due to its role in the building’s thermal
equilibrium as a source of heat gain or loss.

* Overall, Height (m): The vertical dimension of the
building is directly linked to its internal volume and,
consequently, its HL requirements.

¢ Orientation: Knowledge of the building’s orientation
is essential for assessing solar exposure and its impact
on heating demands.

¢ Glazing Area (%): Thorough documentation of the
percentage of glazing or fenestration area within the
building envelope is critical for understanding heat
transfer dynamics through windows.

¢ Glazing Area Distribution: The spatial distribution of
glazing across different facades of the building plays a
pivotal role in shaping interior heat distribution pat-
terns, necessitating meticulous documentation.

This dataset, built upon these parameters, is a valuable
resource for the development of machine learning mod-
els, enabling more efficient and accurate predictions in the
context of HL analysis.
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Table 1. Statistical properties of the variables.

Componenet Indicators

Group Min Max  Median Avg Skew St. Dev.

RCE Input 0.62 0.98 0.75 0.764 0.496 0.106
SA Input 5145 808.5 673.75 671.708  -0.125 88.086
WA Input 245 4165 318.5 318.5 0.534 43.626
RA Input 11025 220.5 183.75 176.604  -0.163 45.166

OVH Input 3.5 7 5.25 5.25 -29E-19 1.751

OR Input 2 5 3.5 3.5 2.68 E-18 1.119

GA Input 0 0.4 0.25 0.235 -0.060 0.133

GAD Input 0 5 3 2.813 -0.089 1.551
Heating Output  6.01 43.1 18.95 22.307 0.360 10.090

2.2. Gaussian Process Regression (GPR)

GPR emerges from extending linear regression. GLR con-
stitutes a set of stochastic variables with a collective Gaus-
sian distribution, making it a probabilistic multivariate
regression technique. Consider a provided training dataset
D = {(x;,fi),i=1,...,n}, where f; equals f (x;), signi-
fying the function’s value at the sample x;. The (GP), an
expansion of the Gaussian probability distribution, is por-
trayed as follows:

f(x) ~GP (m (xi), k <xirxj>> @

In this context, x and k (xl-, x]-) pertain to the average
and covariance functions. The correlation matrix indicates
the likeness between the two stochastic variables and is
ascertained using a squared exponential (SE) kernel [29].

The function provided is as follows:

e(un) =e (a7 (22) @

In which ¢ represents the kernel width requiring op-

timization. The predictive purpose, denoted as f.i, can
be derived for a particular test model X, in the following

manner:

p(fe | X, X, f) = N (fi | ps, 0%) ®)
Deger ZT and Kaya GT have presented an innovative
preprint proposing a GPR-driven predictive model for the
cyclic backbone curves of RC shear walls [30].
Where:

po =kl - [K(X,X) +U%I]_ly )

—1
? =KX, X)-K [KXX)+2] k6

2.3. Population-based Vortex Search Algorithm (PVSA)

The Vortex Search algorithm is a metaheuristic that encir-
cles a solitary resolution and is famed for its proficient
utilization abilities, allowing prompt implementation [31].

2.3.1. Initializing

Throughout the algorithm’s establishment period, crucial
governing factors are specified, encompassing the popula-
tion size ( psize), vortex size (vsize), cessation criteria, and
mutation probability (#,). The psize variable symbolizes
the complete count of potential resolutions generated in
one round and is evenly distributed to create vsize, corre-
sponding to psize/2

At first, the tally of candidate solutions (CS) corresponds
to the vsize quantity. Afterward, extra CSs are formed, ex-
tending from (vsize +1) to psize. The process halts when
it attains the preset utmost figure of function assessments
(maxFEs). In the subsequent stage, the polynomial ad-
justment procedure hinges on the likelihood variable (7).
Moreover, y1g and gg are computed in the stated progression
employing Egs. (6) and (7):

; upper; + lower;
146: pp 12 i )

g = of max (upper;) 2— min (lower;) @

2.3.2. First phase

The process begins with a random assembly of psize indi-
viduals, with subsequent cycles involving vsize individuals.
The midpoint y is updated using a Gaussian distribution.
Half the population follows the best midpoint, and the re-
maining portion undergoes a communaldriven process to
adjust resolutions exceeding a set threshold.

_ )’?(*1/2(,\“{*}!‘;)1‘1’71(Xf*}lf))

(3 o) = (@r)lof) " C ®

s; (lower; V s;) upper; — s; = rand x (upper; — lower;) + lower;

©)
The original VS technique uses ji indirectly to create
the initial assembly. PVSA, includes j in the first cycle,
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with g as the initial potential resolution in a group of psize-
1 in contrast to PVS Ay, where the initial group is formed
by random generation of psize potential resolutions.

2.3.3. Second phase

Eq. (10) computes the selection probability vector (pb) for
every potential solution.

pi = CSum; / cSuM psize

i
csum; = y normp; and
j=1
(10)

psize

normp; = p;/ Z p; and

i=1
pi = 0.9 x <max{f} —fi> +0.1

f depicts the health metric linked with the i — th solu-
tion.

max { f 7} signifies the highest well-being value amid
the present assembly.

pi symbolizes the adjusted health assessment of the i —
th resolution in the context of reduction.

normp illustrates the likelihoods achieved by standard-
izing the p values, guaranteeing their confinement in the
interval from 0.5to 1.

In the subsequent portion of the populace, encompass-
ing resolutions marked as CS; where i lies within the v size
+1 to psize scope, an arbitrary nearby resolution is chosen
from the complete assembly. This selection procedure is
steered by the prob vector. Utilizing Eq. (11), a casually
picked dimension’s value is adjusted to establish a fresh
resolution, designated as CSeq.

Following this adaptation, the magnitude of the altered
dimension is inspected to ascertain if it surpasses particular
boundaries, as established in Eq. (12).

CSnew = CScurrent then Csfww
= CSéurrent + <Cséurrent - CSi

neigbour

)x@—amxz
(11)

CS{ilew < lower;
lower; < CS{MU < upper; (12)

loweri,
Csnew = CS:/Lgu]/
CShew > upper;

upperi,

A randomly selected value r between 0.5 and 1 deter-
mines the quality of the new resolution CSyey. If it’s better
than the current resolution CS¢yrent, it replaces it. If not,
a mutant resolution CS;ytant is created using polynomial
transformation based on Eq. (13).

CSinutant = CScurren + 64 X (upper — lower)

_1
m+1

2r+ (1 —2r) .
(1—g)m+! ' ifr<05
05 = 1
20 —r)+2(r—05) | "™ ,
- , otherwise
1 ( it th
1—4,)™
_ CScyrrent — lower
Y™ Tupper — lower
5y — upper — CScurrent
2 upper — lower
(13)

Random figures rnd generated in each dimension within
a 0.5 to 1 range lead to further steps if rnd is less than
#m. A polynomial adjustment operator maintains diversity
and a selection operation updates the midpoint y with the
best solution. The process continues until reaching the
maximum function assessments, involving copying vsize
resolutions in the initial phase and adding random data to
the remaining population in the subsequent phase.

rt = 0p X % ><1"(x, tlt)

(MaxFEs — Fes) (14)
MaxFEs

thenif (a; < 0)a; = 0.1

wherea; =

2.4. Flow Direction Algorithms (FDA)

Flow direction methods typically use a 3 x 3 grid with a
central unit and eight adjacent units to determine water
distribution to recipient units [32, 33]. This research utilizes
three SFD methods (specifically D8, Rho8, and D8 - LTD)
and three MFD methods (namely FDFM, MFD — md, and
Do) to compute the TCA.

2.4.1. SFD Algorithms

In a 3 x 3 grid, adjacent cells are categorized as cardinal
(2, 4, 6, 8) and diagonal (1, 3, 5, 7). Flow direction algo-
rithms determine water flow based on gradients between
central and neighboring units, assuming water flows to one
neighbor [34].

Slope; = (zo —z;) /Lii=1,2,...,8 (15)

In this equation, z; represents the height of unit i, and L;
stands for the horizontal projected distance from the center
of unit 0 to unit i. If the dimension of a unit is denoted
as L, L; is equivalent to L for cardinal units and V2L for
diagonal ones. Rho8 introduces a random parameter rho
into Eq. (1)[34]:
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Slope; =rho.(z9 —z;) /Lii=1,2,...,8 (16)

The equation uses rho to determine flow direction, with
different values for cardinal and diagonal units based
on a stochastic parameter. D8 and Rho8 methods se-
lect the steepest gradient’s direction as the recipient unit.
D8 — LTD divides the grid into eight triangular segments,
choosing the steepest one as the drainage segment, which
determines the recipient unit [35]. The transversal devia-
tion is the shortest distance from the center of a potential
unit to a line along the flow direction. The unit with the
least transversal deviation is chosen as the sole recipient
unit. For more details, refer to Orlandini et al. [35, 36].

2.4.2. MFD Algorithmns

An MFD method distributes the water from the central unit
to several (> 1) neighboring units within a 3 x 3 grid. In
both FDFM and MFD — md, all adjacent units positioned
at a lower elevation than the central unit are acknowledged
as recipient units. The distribution of water from the central
unit to the recipient units is computed using the subsequent
Eq. [37]:

fi max <0, Slopef7 ~Li) / i max (0, Slopef -Li) 17)
k=1
In this formula, f; represents the fraction of water as-
signed from unit 0 to unit i, Slope ; denotes the incline of
unit i computed using Eq. (1), L; stands for the length of the
operational perimeter, and p is an adjustable exponent. L;
equals 0.5L for fundamental units and 0.354L for slanting
units. In FDEM [38], p remains constant (i,e.,1.1), but in
MFD — md [28], it’s a variable that adapts according to the
local slope:

p = 8.9 -min (Slope;, 1) + 1.1 (18)

Deo is also based on triangular facets. In contrast to
D8 — LTD, Do recognizes both the fundamental besides
diagonal units of the drainage segment as recipient units
when the flow direction is situated between diagonal and
cardinal directions. The distribution of water from the
essential unit to a recipient unit is reciprocally linked to
the angular disparity between the flow direction and the
midpoint of the recipient unit [39].

2.4.3. TCA, Effective Contour Length, and SCA

In a DEM, runoff units are determined using SFD or MFD
techniques, calculating water ratios and Total Contributing
Area (TCA).

3. Performance evaluators

A set of measures has been developed in this part to assess
the hybrid models. These metrics provide important infor-
mation about the models’ performance by measuring both
correlation and error. Table 2 contains the formulae for the
measures used in this investigation [40].

As an alternative representation, the variables can be
described in the following:

* The measured value is indicated by m;.

e The 1 and b stand for the means of the observed and
anticipated values, alternatively.

* b; determines the predicted values.
* n defines the sample size.

* The ¥ represents the dataset’s predictor variable mean.

3.1. Modeling step

The proposed forecasting model for HL in residential build-
ings integrates GPR with two advanced optimization tech-
niques, the PVS and the FDA. This hybrid approach aims
to enhance predictive accuracy by fine-tuning the param-
eters of the GPR model. The model development process
involves collecting and preprocessing data from various
sources, including historical HL data, weather data, and
building characteristics. Data preprocessing steps such as
cleaning, normalization, and feature engineering are con-
ducted to prepare the data for modeling.

Once the data is ready, the GPR model is trained using
historical data, with the optimization algorithms utilized
to optimize its hyperparameters. The training process is
followed by validation to assess the model’s performance,
typically using metrics like R? and RMSE. The forecast-
ing model offers multiple horizons for prediction, includ-
ing short-term, medium-term, and long-term forecasting.
Short-term forecasting spans from a few hours to a few
days, while medium-term forecasting extends to several
weeks, and long-term forecasting may cover months or
even years. In practice, the model can be deployed for real-
time forecasting applications, such as energy management
systems in residential buildings. It can also be integrated
into decision support systems to optimize heating system
operations and energy usage. The model’s scalability and
adaptability allow it to be applied across different building
types, climates, and operational conditions.

3.2. Hyperparameters

Table 3 presents the results of hyperparameters for two
hybrid models of GPR: GPPV and GPFD. These models



Journal of Applied Science and Engineering, Vol. 28, No 6, Page 1219-1231

1225

Table 2. Formulations of the Performance Metrics.

Coefficient Correlation (RZ) :

2
R2 — ( ?:1(b:—5)(mi—77') )
[ (65 [ (m-m?)

Root Mean Square Error (RMSE):

RMSE = /LY, (m; — b;)?

Mean Square Error (MSE): MSE = % 2;7:1 (m; — b,l)2
Median Absolute Percentage Error . mi—b;
(MDAPE), MDAPE =100 x Md ("t

Prediction interval (PI):

a2
PI—j:thEx\/(l—l-}l-l—Z(J(;J;))z)

integrate GPR with different optimization techniques-PVS
for GPPV and FDA for GPFD. The hyperparameters listed
include n_restarts, length_scale, and alpha, which are cru-
cial for optimizing the performance of the GPR models.

4. Result and discussion

Table 3 provides a comprehensive view of the performance
of three models, GPR, GPPV, and GPFD, across different
phases, including the training, validation, and test phases,
as well as an overall assessment. The metrics examined
in this evaluation encompass RMSE, R 2 MSE, MDAPE,
and PI. In the Training Phase, GPPV outperforms GPR and
GPFD in terms of RMSE, demonstrating the lowest error
at 1.013.R? values show a high level of goodness-of-fit to
the training data, with GPPV achieving the highest R2 of
0.990 . GPPV also excels in terms of MSE and MDAPE,
achieving the lowest values, while its PI is the narrow-
est, indicating greater precision. Moving to the Validation
Phase, GPPV continues its remarkable performance with
the lowest RMSE, highest R?, and lowest MSE among the
models. The MDAPE is also lower for GPPV, indicating
superior performance and the PI for GPPV is the narrow-
est, underscoring its reliability. In the Test Phase, GPPV
maintains its superior performance with the lowest RMSE,
highest R?, and lowest MSE among the models. It is worth
noting that while GPPV has the lowest MDAPE, the GPR
model achieves the lowest PI.

Across all phases, GPPV consistently displays the low-
est RMSE, the highest R?, and the lowest MSE, signifying
its robust performance. MDAPE values remain lowest for
the GPPV model, indicating its accuracy in predictions.
The PI for GPPV consistently maintains a narrower range,
suggesting higher precision. In summary, GPPV consis-
tently outperforms both GPR and GPFD across all phases
in terms of RMSE, R, MSE, MDAPE, and PI, establishing
itself as the most accurate and reliable model among the
three.

A scatter plot showing the models’ performance in

Table 3. The result of developed models for GPR.

Phase Index values GPR 1(\}41(’);’1%1 s GPED
RMSE 1752 1.013 1474

R? 0971 0990 0.981

Train MSE 3.070 1.026 2173
MDAPE 6.798 3268 3.513

PI 0.040 0.023 0.033

RMSE 2137 1526 1.891

R? 0.957 0976  0.965

Validation MSE 4566 2327  3.577
MDAPE 7207 6363  4.259

PI 0.050 0.036  0.044

RMSE 1857 1192 1.604

R? 0967 098  0.980

Test MSE 3449 1422 2574
MDAPE 6.405 4344  4.899

PI 0.041 0026 0.035

RMSE 1831 1132 1.563

R? 0968 0988  0.978

All MSE 3351 1280 2.444
MDAPE 6.774 3747  3.767

PI 0.041 0.025 0.035

terms of R? and RMSE values is shown in Fig. 1. Different
colored, circular markers are used to symbolize each model
in training, validation, and testing phases. The markers
overlap perfectly between the anticipated and actual values,
converging toward a center line that represents the ideal
R? value of 1. A highly clustered cluster is visible close
to the middle line when the data points connected to the
GPPV model inside the plot are examined more carefully.
The scatter plot’s tight clustering of data

In contrast, dispersed data points are displayed by the
GPFD and GPR models, suggesting a larger range of values.
This dispersion suggests that these models have inconsis-
tent predictions and might not always achieve high R?
values. The scatter plot shown in Fig. 1 highlights the in-
creased variety in the predictions provided by the GPFD
and GPR models while also emphasizing the improved
predictive accuracy of the GPPV model.
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Fig. 1. Scatter plot for the developed models.

The correlation between the measured and anticipated

values of the basic GPR models is shown in Fig. 2. The
measured values are shown in this illustration by the solid
lines. The accuracy of the model is indicated when the
predicted values closely match the measured values. The
data produced by the GPR model and the observed values
show a clear disparity, as Fig. 2 shows, which is especially
visible during the testing phase. On the other hand, the
GPPV model exhibits an accurate result, showing almost
complete agreement between its measured and predicted
values, especially when considering sample sizes between
0 and 100 . This highlights the model’s capability to predict
HL with high precision and reliability.

In contrast, the GPFD model determines a conspicuous
lack of accuracy, particularly within the sample numbers
between 50 and 200. This divergence between the pre-
dicted and measured values positions the GPFD model as
less precise than the GPPV model. It implies that the GPPV
model excels in delivering more reliable and precise predic-
tions for HL across a broader spectrum of sample numbers,
whereas the GPFD model encounters some variability in

its precision within specific sample number intervals.

Conducting a thorough error analysis is imperative for
achieving a deeper comprehension of the unique character-
istics and precision of the models under investigation. This
analysis enables us to explore the intricacies of their per-
formance. Fig. 2 is a crucial reference point in this pursuit,
providing insights into the models” performance regarding
errors. Notably, the GPR model, as emphasized by the
graph, exhibited a significant error rate, especially promi-
nent during the testing phase. The highest error, reaching
up to 40%, was particularly conspicuous within the sample
range from 500 to 650 . This observation underscores the
difficulties faced by the GPR model, especially in accurately
predicting HL values within this specific sample range.

Converselymore thorough examination of the GPPV
model demonstrates an extraordinary degree of accuracy
throughout the training phase, with most data points dis-
playing errors that were almost minor and remained close
to 0%. This suggests that during the training phase, the
GPPV model performs exceptionally well in predicting HL
values. But as testing progresses, a somewhat different
picture emerges - some flaws show up, but they are com-
paratively less than those found in the GPR model. On the
other hand, the GPFD model’s performance demonstrates
unique features. It registered a 50% peak error during
the training period, demonstrating some degree of irreg-
ularity in its predicting accuracy. Notably, these mistakes
continue throughout the training, testing, and validation
stages, highlighting its distinct behavior even more.

The distribution properties of the proposed models are
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Fig. 2. Error and comparison of measured and predicted for the models based on Line Symbol plot.

shown graphically in Fig. 3 as a scatter interval plot span-
ning the three separate stages of training, validation, and
testing. Interestingly, the GPR model data points show
a broad dispersion, spanning error percentages ranging
from 50 to -50 . This dispersion is especially noticeable
during training. To effectively detect outlier data points
for model comparison, a range equal to 1.5 times the In-
terquartile Range (IQR) is used. On the other hand, the
GPPV model data points are noticeably clustered in a very

small error percentage range ( 20 to -20 ). This suggests
that the predictions produced by the GPPV model have a
better degree of consistency. However, when compared to
the GPR and GPPV models, the GPFD data points show a
different distribution pattern, with an error range of 40 to

-20 percent.

Fig. 4 shows the Taylor diagram for determining the dif-
ferences between the predicted and measured values based
on standard deviation and correlation coefficient. The ideal
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state for the presented diagram is that the predicted points
should be near to measured point. As can be seen, the
GPPV obtained the optimal standard deviation and corre-
lation coefficient compared to other models and GPR had
the poorest performance.

4.1. Comparison between the presented and published
papers

Table 4 highlights the relative strengths and areas for im-
provement in the present study compared to other pub-
lished works. The study contributes a novel hybrid ap-
proach that achieves a strong balance between accuracy
and practical applicability, providing a foundation for fur-
ther advancements in HL prediction methodologies.

5. Conclusion

In conclusion, this study has provided a comprehensive
analysis of estimative models for heating load (HL) in resi-
dential buildings, focusing on the performance of the GPR,

Table 4. Comparison of time performance and
performance with different superpixel methods

Papers Evaluators
RMSE | R?
Gong et al. [41] 0.193 0.988
Afzal et al. [42] 1.412 0.981
Roy et al. [43] 0.059 0.99
Moradzadeh et al. [44] | 0.483 0.999
Present Paper 1.132 0.988

GPPV, and GPFD models across various phases. The re-
search findings have significant implications for the field
of energy management, building efficiency, and sustain-
ability. The GPPV model has consistently demonstrated
superior predictive accuracy, maintaining a tight cluster of
data points with minimal dispersion throughout the train-
ing, validation, and testing phases. This remarkable consis-
tency signifies the GPPV model’s reliability in forecasting
heating load, making it a valuable tool for energy conser-
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vation and sustainability efforts in residential buildings.
Conversely, the GPR and GPFD models displayed wider
distributions of error percentages, indicating greater vari-
ability in their predictions. These variations, particularly
in the GPR model during the training phase, suggest that
GPPV’s precision sets it apart as a more reliable choice for
accurate HL predictions. The visual representations, such
as scatter plots and interval plots, have effectively high-
lighted the distinct distribution patterns of error percent-
ages among the models. These visuals offer clear evidence
of the GPPV model’s consistent and accurate performance.
These findings are not only significant for researchers and
professionals in the field of building energy efficiency but
also hold substantial practical implications. The GPPV
model’s precision and reliability make it a valuable asset
for optimizing HL prediction, thus contributing to more
efficient energy management and reduced environmental
impact in residential buildings. As the global emphasis on
sustainability and energy conservation continues to grow,
the GPPV model’s consistently high performance presents
an opportunity for real-world applications in enhancing
building efficiency and summary, the results of this study
underscore the significance of the GPPV model as a promis-
ing and accurate tool for predicting HL in residential build-
ings. Its consistency in performance and precision makes it
a standout choice for energy management and sustainabil-
ity efforts, contributing to the overarching goal of reduc-
ing energy waste and minimizing environmental impact.
In exploring future works for the proposed forecasting
model, avenues for enhancing performance, generalization,
scalability, and user-centric applications emerge. Transfer
learning and adaptability mechanisms enable the model
to generalize across diverse settings and dynamic environ-
ments. Scalable cloud-based solutions and integration with
smart building systems enhance accessibility and usability.
User-friendly interfaces and decision support systems facil-
itate practical implementation and optimization of energy
usage. Sustainability considerations, including carbon foot-
print reduction and policy recommendations, highlight the
model’s potential impact on environmental and regulatory
landscapes. In summary, future research focuses on refin-
ing, generalizing, scaling, and implementing user-centric
applications of the forecasting model.
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