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Efficiently managing the heating load (HL) of residential buildings is a critical aspect of energy conservation
and sustainability. This study highlights a novel approach for HL prediction employing Multi-layer Perceptron
(MLP) neural networks in conjunction with two innovative optimizers: Flying Fox Optimization (FFO) and
Horse Herd Optimizers (HHO). The MLP is a powerful machine learning algorithm known for its ability to
capture complex relationships within data. In this study, it is utilized as the core predictive model. FFO and
HHO, both inspired by nature, provide optimization techniques that complement the MLP’s capabilities. The
integration of these optimizers with the MLP model leads to a hybrid approach that leverages the strengths
of each component. FFO and HHO are employed to fine-tune the MLP’s weights and biases, enhancing its
predictive accuracy. The combination of MLP, FFO, and HHO outperforms traditional methods and even
standalone MLP models in terms of predictive accuracy and convergence speed. This method improves HL
prediction in homes aids energy management, and cuts environmental impact effectively. The hybrid MLFF2
model stands out by showcasing superior accuracy compared to other proposed models with an impressive
R? value of 0.997 and a remarkably low RMSE of 0.523, MLFF2 has achieved the highest level of performance.
Moreover, this research opens doors to exploring the application of nature-inspired optimization techniques in
conjunction with neural networks for various other complex problems. The synergistic effect of the MLP and
these innovative optimizers showcases the potential of hybrid models in addressing real-world challenges.
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1. Introduction

Lately, there has been a growing emphasis on research
endeavors aimed at enhancing the energy efficiency of
buildings. This heightened focus could be ascribed to the
rising worries concerning energy wastage and its endur-
ing adverse impacts on the ecosystem [1]. Scholars have
energetically investigated techniques for improving build-
ing efficacy and reducing their environmental footprint,
recognizing the substantial influence of buildings on en-
ergy consumption and the release of greenhouse gases [2].
Achieving energy conservation in buildings necessitates

the development of a range of strategies for efficient en-
ergy governance [3]. An essential element in formulating
these strategies involves the precise prediction of energy
usage, a subject that has gained notable prominence in re-
cent times [4]. Through vigilant tracking of variations in
construction power usage, it turns feasible to craft focused
and efficient saving power initiatives [5, 6]. They identify
prospective chances for conserving energy and rectifying
operational inefficiencies, consequently benefiting equally
power preservation and the optimal operation of structure
facilities [7]. These methods employ predictive data to
enhance energy efficiency, reduce consumption, and con-
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firm the effective functioning of structure mechanisms [8].
Studies have revealed that equally slight improvements in
forecasting structure power ingesting lead to significant
decreases in the usage of energy. Precise predictions of en-
ergy consumption patterns empower the capacity to make
informed choices and proactively manage energy consump-
tion for optimization [9]. These actions may encompass a
range of tactics, including regulating settings of heating,
ventilation, and air conditioning (HVAC), enhancing illu-
mination agendas, installing efficient energy tackle, and
promoting behavioral adjustments to line up with power-
conservation objectives. These measures yield advantages
not only for building administrators but also for occupants
[10,11].

Accurately predicting the energy consumption of build-
ings is a fundamental component of energy modeling, yet it
frequently fails to replicate real-world outcomes [12]. Sev-
eral research investigations have emphasized the substan-
tial disparity between projected and actual energy usage, at
times exceeding forecasts by a factor of two or even three.
Conventional power replicas depend on technical compu-
tations grounded in actual principles to gauge structure
power utilization, which is appropriate for initial evalua-
tions [13]. However, they possess constraints in precisely
representing the difficulties of the real world. To surmount
these restrictions, arithmetical imitation methods are uti-
lized for modeling power consumption in constructions.
These emulations aid in addressing the hurdles connected
within the integration of ML samples into structure power
effectiveness through methodically investigative current
explore outcomes then constraints [14, 15].

Models of artificial intelligence (AI) offer substantial po-
tential in forecasting and enhancing construction power us-
age. These representations utilize past information, present
device efforts, and artificial intelligence procedures to pro-
duce precise forecasts and offer visions aimed at effective
management of energy [16-18]. Substantial progress has
been completed by the power’s domain ingesting forecast
over the years. Investigators and experts have devised nu-
merous methods and strategies for consistently predicting
power consumption [19, 20].

A neural network was introduced by Kim and Cho [21],
which combined CNN and LSTM architectures and was
customized for the prediction of household power usage
by capturing both temporal and spatial features. The com-
petencies of the LSTM and CNN systems were efficiently
utilized by this system to adeptly detention intricate con-
sumption of energy forms. The experimental results indi-
cated the exceptional accuracy of the CNN-LSTM method,
especially in the realm of electrical consumption of energy,

outperforming conservative prediction methods. Roy et
al. [22] presented a tailored Deep Neural Network (DNN)
model for forecasting cooling and heating loads in residen-
tial buildings. Following this introduction, a comparative
evaluation was performed, pitting the DNN model against
the (MPMR), (GBM), and (GPR). The outcomes revealed
both the GPR and DNN models demonstrated the highest
alteration reported intended for (VAF) in forecasting both
cooling and heating loads. Moradzadehand the partners
[23] utilized (MLP) and (SVR) models for the anticipation of
Heating and Cooling Loads. The method of MLP delivered
outstanding results, securing the uppermost R-amount of
0.9993 for predicting the Heating Load (HL). Conversely, in
the forecast of Cooling Load, the Support vector regression
approach demonstrated excellence with the uppermost R-
amount of 0.9878. A summary of the different approaches
used to estimate energy consumption in the reviewed stud-
ies can be found in Table 1.

In this study, an innovative machine learning approach
is introduced aimed at achieving optimal and accurate pre-
diction results. The hybridization technique used in this
study was carefully designed to improve the performance
of the MLP model and ensure that it produced reliable
results. By combining two efficient and advanced opti-
mization techniques, the development of these innovative
hybrid models goes beyond traditional methods and exam-
ines both single and hybrid configurations to fairly evalu-
ate their capabilities. A comprehensive evaluation of these
models was conducted. To ensure result reliability, the
evaluation of model performance incorporated established
metrics like R2 and RMSE. Moreover, the intentional choice
to utilize two distinct optimizers, specifically Flying Fox
Optimization (FFO) and Horse Herd Optimizers (HHO), in
constructing the hybrid models was driven by the desire to
harness the distinctive capabilities of each optimizer, ulti-
mately aiming for improved performance. In general, the
study presents an innovative machine-learning approach
aimed at precise predictive outcomes. By combining FFO
and HHO, hybrid models surpass conventional methods.
The careful design of this hybridization technique ensures
improved performance in MLP models. The study’s con-
tribution lies in advancing predictive modeling through
novel methodologies, offering dependable outcomes.

The combination of MLP neural networks with FFO and
HHO results in several significant advantages. Firstly, it
leads to enhanced predictive accuracy, crucial for efficiently
managing the HL of residential buildings. This improve-
ment is pivotal for aiding energy conservation and sustain-
ability efforts. Accurate HL prediction facilitated by the hy-
brid model enables more effective energy management in
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Table 1. A comprehensive review of energy consumption prediction research.

Article Methodology
[24] A decision-based model was used to predict building energy consumption and a neural network model
was used to evaluate it. Addresses the challenge of predicting the timing of structural power consumption.
[25] Used SVR for temporal sequence estimation in structure power usage.
[26] Used extreme ML methods for energy consumption estimation.
[27] Implemented clustering methods in energy usage estimation.
[28] Used multivariate autoregressive model for energy consumption estimation.
[29] Used layered self-encoding structures with intense learning apparatus for structure power usage estimation.
[30] Utilized gradient boosting regression for dataset withdrawal in structure power usage estimation.
[31] Used LSTM models for energy consumption estimation.
[32]  Used Gray system models for energy usage estimation.
[33] Used chaotic timing predicting models for energy consumption estimation.

residential buildings, potentially leading to energy savings
and reduced environmental impact. The mechanisms un-
derlying this combination are noteworthy. FFO and HHO
optimize the weights and biases of the MLP model, enhanc-
ing its predictive accuracy by complementing its ability
to capture complex data relationships. Furthermore, this
research sets the stage for exploring the broader application
of nature-inspired optimization techniques in conjunction
with neural networks, offering promising avenues for ad-
dressing diverse complex problems beyond HL prediction.

In the following sections, this study provides an in-
depth explanation of the dataset in the Materials section
(Section 2), followed by an introduction to the model and
optimizers. Section 3 focuses on the results of the devel-
oped models, evaluating them with specified metrics. Fur-
thermore, the conclusion summarizes the findings and sug-
gests future research directions.

2. Materials and methodology

2.1. Materials

To streamline the training of machine learning models, a
dataset is assembled using an extensive body of published
literature. Table 2 presents statistical characteristics for the
input variables. This dataset encompasses the following

parameters:

* Relative Compactness: This parameter quantifies the
overall building compactness, directly influencing its
heat retention and loss characteristics.

e Surface Area (m?): The precise measurement of the
structure’s total surface area is crucial for understand-
ing its exposure to external thermal influences.

e Wall Area (m?2): Accurate recording of the wall area
provides insights into the building’s thermal insula-
tion properties and its heat transfer capabilities.

e 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.

¢ Opverall Height (m): The building’s vertical dimension
is directly linked to its internal volume and, conse-
quently, its HL requirements.

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

¢ Glazing Area (%): Thoroughly documenting the per-
centage of glazing or fenestration area within the build-
ing envelope is critical for understanding heat transfer
dynamics through windows.

¢ Glazing Area Distribution: The spatial allocation of
glazing across different facades of the building plays a
pivotal role in shaping interior heat distribution pat-

terns, necessitating meticulous documentation.

This dataset, based on these parameters, facilitates the
development of machine learning models for more efficient
and accurate predictions in the context of building HL
analysis.

Table 3 displays a correlation table that highlights the
relationships between the input variables and the output
variable (Heating). The table provides a visual representa-
tion of the degree of correlation between these variables,
with correlation coefficients ranging from -1 (perfect neg-
ative correlation) to 1 (perfect positive correlation), and
0 indicating no correlation. RCE (Relative Compactness)
exhibits a moderately strong negative correlation (-0.821)
with Heating, indicating that as RCE increases, Heating
tends to decrease. SA (Surface Area) has a strong posi-
tive correlation (0.875) with Heating, suggesting that as SA
increases, Heating also tends to increase. OVH (Overall
Height) demonstrates a strong negative correlation (-0.819)
with Heating, signifying that as OVH increases, Heating
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Table 2. Statistic properties of the input variable of heating.

. Components
Indicator —p~p SA WA RA OVH OR GA GAD HL
Max. 098 8085 4165 2205 7 5 04 5 4296
Min. 0.62 5145 245 11025 3.5 2 0 0 6.01
Median 075 67375 3185  183.75 5.25 3.5 0.25 3 18.95
Avg. 0.764 671.708 3185 176.604 5.25 3.5 0234 2813 22307
Skew. 0496 -0.125 0534 -0.163 —29E—19 268E—18 -0.060 -0.089 0.361
St.Dev. 0.106 88.086 43.626 45.166 1.751 1.119 0.133 1551  10.090

typically decreases. Other variables like WA (Wall Area),
RA (Roof Area), OR (Orientation), GA (Glazing Area), and
GAD (Glazing Area Distribution) exhibit varying degrees
of correlation with Heating, though some of these correla-
tions are relatively weak.

This correlation plot provides valuable insights into how
each input variable is related to the Heating output. Re-
searchers and practitioners can use this information to un-
derstand which features have a more pronounced impact
on the HL of a building, aiding in the development of pre-
dictive models and energy-efficient building designs.

2.2. Multi-layer Perceptron (MLP)

A concise overview of the single-layer and one-neuron
perceptron is presented to foster comprehension of the
MLP [34]. The elementary variant of a neural network,
the single-neuron perceptron, comprises a solitary output
linked to all inputs. In this neural structure, the weights
are symbolized as v;, with i spanning from 0 to n, where
n signifies the overall input count. The outcome y sig-
nifies the predictive binary class, whereas the a; inputs
correspond to characteristics or factors [35]. During the
evaluation phase, every individual input attribute value
gets scaled by its associated coefficient v;a;. The result-
ing outcomes are subsequently combined in the following
phase (vpag + v1a1 + ...+ vna,). The subsequent phase
involves a transformation operation, during which the cu-
mulative value experiences an activation function g (some-
times called a transformation function), leading to the gen-
eration of an outcome z, which can be represented as:

n
y=f(z)andz =) vja D
i=0

The result denoted as y is expressed as ay = 1, where ag
symbolizes the threshold or offset.

Eq. (1) empowers a perceptron to acquire linearly sepa-
rable functions exclusively. This function is visualized as
a straight line involving two-dimensional input and two
characteristics [36]. The representation becomes flat when
extending to three dimensions with three attributes. Nev-
ertheless, when the input spans n dimensions, the function

is portrayed as a hyperplane. The expression for the hyper-
plane is articulated as follows:

n
Z via; = 0 (2)
i=0

The depiction of Eq. (2) is the scalar product involving
the weight vector V and the input vector A.

V.A=0 3)

The training or instructional phase refines neural net-
work weights using gradient descent to minimize a cost
metric, often a squared error. Convergence is crucial for
network functionality. Validation assesses adaptability to
new data. Single-layer Perceptrons are used for multiclass
scenarios, as illustrated in Fig. 1(A) [37, 38].

'___________________.l
Hicden Hidden Quiput
layer layer Tayer
Iy 5

B —

Fig. 1. Displays the layer organization: A) SLP with three
inputs and four outputs, and B) MLP with two concealed
layers, three inputs, and two outputs.

To address perceptual issues lacking SLP linear sepa-
rability, the single-layer perceptron’s limitations are over-
come by constructing an MLP with multiple sequential
layers, as shown in Fig. 1(B). The initial and terminal layers
are input and output, while intermediate layers are con-
cealed. Data flows unidirectionally through the MLP, each
layer using weights and activation functions. The number
of hidden layers, units, training data, and hyperparameters
like learning rate and momentum significantly impact MLP
model performance.
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Table 3. The Correlation plot for input and output.

RCE SA WA RA

OVH OR GA GAD HL

RCE
SA

WA
RA

OVH 0.823 0.308
OR 0.032 0.051 0.050

2.3. Flying Foxes Optimization (FFO)

The population-based stochastic algorithm known as vari-
ous techniques inform FFO, and it is employed by flying
foxes to cope with elevated temperatures [39]. A hybrid al-
gorithm structure is utilized by this method, incorporating
operators from pre-existing algorithms [40, 41]. The perfor-
mance of FFO is significantly influenced by the selection
of the population size (N), the replacement list (RL), and
the attraction constant (b). The steps elaborate in the FFO
procedure are delineated as follows.

2.3.1. Functioning of Flying Foxes Algorithm

Flying foxes, giant bats without echolocation, return to
tree habitats after meals, seeking more astounding trees;
overcrowding often results in fatalities [42].

2.4. The Application of FFO Algorithm

An innovative algorithm starts by choosing initial positions
based on the movements of flying foxes, represented as a
vector (x) in a multi-dimensional space. Then, an objective
function evaluates proposed solutions at these positions.
The objective is for the flying foxes to find a tree with a
lower temperature to survive in extreme heat conditions.

2.4.1. Movement of Flying Foxes

Given that flying foxes either trail the paths of their counter-
parts or seek out the nearest available tree, it is reasonable
to infer that when the habitat tree fails to offer the requisite
minimal temperature comfort to the flying foxes, they will
migrate to an alternative location to evade the overwhelm-
ing heat. The description of this relocation can be depicted
through the following mathematical expression:

o .
X = x;; + arand <c001] xl-,]-) 4)

With x? ~ U (Xmin, Xmax ) , xf j represents the j— th ele-
ment within FF(i) at iteration ¢, where a remains a constant,
rand ~ U(0,1), and cool signifies the position of the FF sit-
uated in the tree with the lowest temperature. Eq. (4) comes
into play when |f(cool) — f (x;)| > ‘571, Whereby cool desig-
nates the vector representing the flying fox positioned at the

0.027
GA 0.019 0.033 0.032 0.019
GAD 0.019 0.030 0.030 0.017

Heating  0.622 [EOB74) 0.462 [EOBION 0.890

0.021
0.014 0.016
0.013 0.015 0.223
0.016 0.280 0.100

most optimal location ever identified, signifying the finest
solution on record, while the parameter J; corresponds
to the maximum conceivable distance between two flying
foxes to be considered close. Upon nearing a tree with the
‘571 , the
flying fox initiates a quest for the closest available space to

most favorable temperature | f( cool )— < f (x;)

prevent overcrowding. Subsequent equations offer a more
profound elucidation of this occurrence:

t+1 e
N ny; ; ,ifj=korry,; > pa
ij xt i otherwise

©)

In this context, where rand ~ U(0, 1) signifies random
sampling, rnd; is an arbitrary value ranging from O to 1,
and xk,; and dx%, represent two unspecified individuals
within the present population. Additionally, pa denotes a
constant probability. Ultimately, k, randomly chosen from

theset {1,2,...,m},is a pivotal factor, ensuring that at least
t4+1 t+1
ij ij

the original solution’s distinctiveness from the new one. An

one element from nx; 7 is selected by x: 1, thus preserving

evaluation of the computed outcomes is conducted.

2.4.2. Death and Replacement Flying Foxes

Numerous factors affect flying fox survival, including ex-
treme heat and distance from preferred trees. Replacement
List offers optimal solutions.

1 _ Dt Ry RL) 6)

ij n

In the context of the tth iteration, RL;( represents the

k — th(FF) on the (RL). Eq. (6) is designed to enhance the

likelihood of identifying a suitable area to the maximum
extent.

Crowding can lead to flying fox fatalities. Before each
iteration, a probability is computed based on foxes in cold
regions.

nc—1
P = population size @

The quantity nc is strongly correlated with the count of
Flying Felines (FF) having a congruent objective function
as the ideal solution.
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2.4.3. Crossover Process

Genetic recombination unites two flying foxes. Two diverse
parents are chosen randomly, producing two descendants
in a subsequent operation.

offspringl =L-R; + (1 —1) Ry

(8)
L) Ry

offspring2 =L - Ry + (1 —

R; and R; represent unique individuals drawn acciden-
tally from the community, while L is an arbitrary value
generated at arbitrary, ranging from O to 1.

2.5. Horse herd optimization algorithm

Presented by HOA [43], derived from the documented
conduct of equines within their native habitat, it is molded
explicitly by six essential behavioral traits: supremacy, com-
munal engagement, grazing, imitation, safeguarding re-
actions, and locomotion. The Homeowners Association
(HOA) is founded on these conducts, guiding the mobility
of horses in each rotation, as explained in the Eq. (9):
XIter, AGE = Plter, AGE X,(,ft”_l)’AGE,AGE =a,B,7,0
9
Within this circumstance, XA"A%E denotes the place
of the m —
sification, and Iter correlates with the current cycle. AGE

th equine, AGE signifies the equine’s age clas-

additionally encompasses the age grouping of the horse,
while VI"AGE embodies the velocity vector of the horse.
It is significant to mention that horses generally possess a
life span of 25 30 years, characterized by a range of accom-
plishments throughout their existence. These attributes are
categorized as 6(0 — 5 years), 7(5 — 10 years), and « (15
years or above) classes. A complete reaction array is uti-
lized to arrange equine ages based on their achievements.
The highest tenth constitutes the a group, the subsequent
fifth is allocated to the B group, and the remaining three-
tenths and four-tenths are assigned to the y and ¢ groups,
respectively. Gesture pathways for equines at different ages
and algorithmic rotations are outlined under these features.

V]}qter - GIter pa + DIter pa

Slter, =lter lter zlter =Iter

Uper P — Ger B pyer B gter B per

—lter, =lter Iter , clter, Tlter, =ter , glter ,
Vm ’Y:Gm 7+Hm 'Y+Sm ’Y+Im 'Y+Dm 'Y+Rm Y

V’Eer - G’lﬁer 0 + Héer 0 + ﬁger 0
(10)
By employing Egs. (11) and (12) to elucidate the develop-
ment of the worldwide matrix, a linkage is formed between

locations (X) and their corresponding measurement values

(C(X)).
X110 X120 X14 €1
X21 X220 X4 2
X = . . , C(X)=
Xm1 Xm2 -~ Xmd Cm
(11)
Global Matrix = [ X C(X) | =
X1 X2 --- X4 Q1
X1  X22 ... Xp4 (2 (12)
Xm1 Xm2 -+ Xmd Cm

In the equations, x represents position, C(x) is the asso-
ciated cost, m is the number of horses, and d is dimension.
A global matrix organizes costs and horse ages. Benefits
come from a higher probability of success, which favors
accuracy and lower speed. When the chance of success is
lower, it is better to prioritize speed over precision. The
overall speed course is calculated using a specific method.
The velocity of horses in the age range of 0 to 5 years:

V}Lter,& _ [ggter 71),5wg(ﬁ + Plv) [Xr(nlter—l)ﬂ

pN
(Tter —1),6 1 Tter — Tter —1
+ |im wi | | pv Z%X] er _ xlter (13)
+ [rsy{terfl)/éwrpxlter -1

The speed of horses within the age range of 5 to 10 years.

Vglter,'y _ [g}(iter 71),'ng(ﬁ + PT) [Xr(nlterfl)ﬂ

+ [hgter 71),76‘}’1 [kalter -1) Xngter -1) } ]

+ Ssnlter—l)ﬁws 1 Z XIter - _ xlter =1
N =
[t 1) 1 &
Iter —1),y Slter —1 Tter —1
+ Ly i P7N Z ] - X (14)
j=1
- . o~
(Iter—1),y olter —1 Tter —
—|d y 2 X; -X
j=1
n [r}(nlter—l) AGE PXIter—l]

The velocity demonstrated by horses in the 10 to 15-year
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age group:
‘—/'rlnter B_ [g,(;ter 71)"ng(1,7 + Pi) [Xr(iter —1)”

{hgter —1),,Bwh [Xilter -1 Xgter 71)H

N
(Iter—1),B 1 Tter —1 Tter —1
S — X - X
+ m wgs N ]; j (15)
1 &
(Tter—1),p lter—1 Iter—1
D | G BRI -

Horses surpassing the age of 15 showcase the following
velocity:

Viter . — [g,(ﬁter*”'“wg(wr ) [an’te’*”H

P
N
B |:d£nlter1),txwd |:<%\] Z "]Ijerl) _
" i3

2.6. Performance Evaluators

In this section, a collection of metrics has been devised
for assessing the developed models. The metrics measure
both correlation and error, presenting valuable insights into
the models’ performance. The formulation for the metrics
utilized in this study can be found in Table 4 [44].

As an alternative representation, the variables can be
described as follows:

® The measured value is indicated by m;.

® The means of the predicted and measured values are
represented as b and 7, correspondingly.

¢ Predicted values are presented as b;.
® The sample size is denoted by the n.

® The mean of the predicted values is determined as X.

3. Result and discussion

3.1. Models’ evaluation

Table 5 presents the performance results of the developed
models for Multi-layer Perceptron (MLP) in various phases:
Training, Validation, Test, and All (combining all phases).
The table displays several index values, including RMSE,
R2, MSE, SI, and RAE. These metrics are essential in assess-
ing the accuracy and effectiveness of the models.

MLEFF (1) and MLHH (1): In the first set of models,
labeled as (1), it is observed that the MLFF model is outper-
formed by the MLHH model in all phases—Training, Vali-
dation, Test, and the combined results. The RMSE values

for MLHH are consistently higher than those of MLFF, in-
dicating a higher level of predictive accuracy. Furthermore,
the R? values for MLHH are notably lower, signifying a
less ideal fit to the data. This suggests that, in this con-
text, the hybrid MLP model with Horse Herd Optimization
(MLHH) exhibits superior accuracy in predicting HL.

MLFF (2) and MLHH (2): In the second set of models,
labeled as (2), there is a noticeable improvement in perfor-
mance for both MLFF and MLHH. RMSE values decrease
significantly, with MLFF achieving the lowest RMSE in the
Validation and Test phases. R? values are remarkably high,
indicating a strong fit to the data. The performance gap
between MLFF and MLHH narrows in this set, with MLFF
still maintaining a slight advantage.

MLFF (3) and MLHH (3): In the third set of models,
labeled as (3), MLFF continues to show strong performance
with low RMSE and high R? values. However, it’s essen-
tial to note that in this set, the difference in performance
between MLFF and MLHH is less pronounced, particu-
larly in the Test phase. This suggests that the hybrid MLP
model with Horse Herd Optimization (MLHH) is showing
improved performance in this set of models, but MLFF
remains a strong competitor.

In summary, the results indicate that the hybrid
MLP models, particularly MLFF, demonstrate significant
promise in accurately predicting HL. While MLFF consis-
tently outperforms MLHH in most scenarios, the perfor-
mance may vary depending on the specific model configu-
ration. These findings provide valuable insights for opti-
mizing MLP models in the context of building HL analysis
and emphasize the effectiveness of hybrid optimization
techniques in improving predictive accuracy. Further in-
vestigations may be needed to fine-tune these models for
specific applications and data sets.

In Fig. 2, a scatter plot is provided, offering a visual
representation of the performance of the proposed mod-
els within the three layers of the Multi-layer Perceptron
(MLP). The distribution of predicted data points in rela-
tion to the central line, representing the optimal outcome,
is highlighted, thereby emphasizing the accuracy of these
models. It is evident that a tight clustering of predicted
data points around the central lines is consistently demon-
strated by MLFF across all layers. Notably, in Layer 2, the
predicted data points from MLFF show an exceptionally
close alignment with the best-fit distribution, indicating
a high level of precision. Conversely, the predicted data
points from MLHH exhibit a broader dispersion when com-
pared to those of MLFF. This observation reinforces the
superior precision and reliability displayed by MLFF in the
prediction of the HL across the various layers of the hybrid
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Table 4. Equations of the Performance Evaluators.

7
Coefficient Correlation (R2): R? = Lo (0 _Zb) (omi —1m) (17)
/[E (-)] [£2 (-]
Root Mean Square Error (RMSE): RMSE = \/% Y (m— bz-)2 (18)
Mean Square Error (MSE): MSE = % 27:1 (m; — b,-)2 (19)
Scatter Index (SI): Sl = 7m§aMn(5 ”l:; ) (20)
Relative Absolute Error (RAE): RAE =Y} ﬁ 1)
Table 5. Equations of the Performance Evaluators.
Model Phase Index values

ode RMSE R? MSE SI RAE

Train 1.676 0973 1.194 0.00010 0.973

Validation 1.350 0.983 0.872 0.00035 0.981

MLEFF (1) Test 1409 0980 1.110  0.00042  0.980

All 1.593 0975 1.133 0.00007 0.975

Train 2.014 0962 1.304 0.00011 0.961

Validation 1.385 0.981 0.985 0.00040 0.980

MLHH (1) Test 1.800 0970 1245  0.00047  0.968

MLFF (2) All 1.901 0.966 1.248 0.00007 0.964

Train 1.092 0989 0.790 6.57E—05 0.988

Validation 0523 0997 0.354 0.00014 0.997

Test 0.450 0.998 0.348 0.00013 0.998

All 0952 0991 0.659 3.84E—05 0.991

Train 1.541 0.978 1.060 8.82E—05 0.977

MLFF (3) (2) Validation 0.887 0.992 0.656 0.00027 0.992

Test 1.332 0983 0.930 0.00035 0.982

All 1.431 0980 0980 5.72E—05 0.980

Train 1.284 0984 0.888 741E—05 0.984

Validation 1.062 0.989 0.720 0.00029 0.988

Test 0.812 0.993 0.585 0.00022 0.993

MLHH (3) All 1.192 0986 0.817 4.78E—05 0.986

Train 1.724 0972 1.072 893E—05 0.971

Validation  1.011 0.990 0.642 0.00026 0.989

Test 1.219 0986 0.816 0.00031 0.985

All 1.568 0976 0970 5.66E—05 0.976

models. The scatter plot visualization is of great value for
gaining insights into the distribution patterns and the accu-
racy of predictive outcomes generated by these models. It
underscores the remarkable consistency and precision of
the MLFF model across the layers of the MLP, further em-
phasizing its efficacy in predicting the HL, a critical aspect
of this research.

In Fig. 3, a symbol column line plot is indicated to eval-
uate the correlation between the predicted and measured
values in the prediction models. Upon analyzing Fig. 3, it
becomes evident that the results of the MLFF models out-
perform those of the MLHH models in terms of accuracy.
Notably, the performance of the MLFF model in Layer 2 is
remarkable, displaying exceptional precision in aligning
predicted values with measured values, even in cases of
potential overfitting. It is clear that the testing phase of the

MLFF model in Layer 2 yields the most accurate results
compared to the other layers, indicating an enhancement
in accuracy relative to its training phase. This observation
underscores the effectiveness of the MLFF model in main-
taining accuracy across different phases and layers, thus
improving its applicability in predicting HL. The symbol
column line plot in Fig. 3 visually portrays the degree of cor-
relation between predicted and measured values, offering
a clear comprehension of the models’ performance. Con-
versely, the predicted values of the MLHH models exhibit
a weaker alignment with the measured values, particularly
noticeable in Layer 1. Notable discrepancies between pre-
dicted and measured values are evident between sample
numbers 25 and 75.

Fig. 4 provides a visual representation of the error rate
percentages in the models. In this context, the proximity of
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Fig. 2. The scatter plot for developed hybrid models.
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Fig. 3. Comparison of measured and predicted values.

data points to 0 percent error serves as a crucial indicator
of the model’s accuracy. Notably, the MLFF models exhibit
tighter dispersions within the range of 10 to -10 error per-
centages, underscoring their accuracy. In the first layer,
the disparity between the MLFF and MLHH models is rela-
tively comparable. However, progressing to the second and
third layers, the MLFF model consistently demonstrates
a higher level of accuracy and reliability when compared
to the MLHH model. A noteworthy highlight is the ex-
ceptional precision and accuracy displayed by the MLFF2
model during the validation phase. These results position
it as the most precise and reliable among the model varia-
tions.

To perform a comprehensive analysis of performance
variation among the previously discussed models, a half-
violin plot comparison was employed. This comparison
provides a visually intuitive means to comprehend the dis-
tribution of predicted values and their associated errors. In
addition to the half-violin plots, the utilization of box plots,
as illustrated in Fig. 5, offers valuable insights into key as-
pects of the error distributions within the models. Upon
a detailed examination of Fig. 5, it becomes conspicuous
that the MLFF model consistently maintains a relatively
tight and compact distribution of errors across all layers.
This phenomenon strongly suggests a heightened level of
consistency and accuracy in its predictions. The clustering
of errors close to the central tendency line in each layer
underscores the model’s capability to deliver reliable out-
comes.

In contrast, the MLHH models exhibit a noticeably

wider dispersion of errors across all layers, accentuating the
inherent variability in their performance. The divergence
in error distribution is quite prominent, indicating that the
MLHH models, while effective in some cases, may struggle
to maintain the same level of precision consistently. More-
over, the box plot comparison doesn’t just convey central
tendencies and dispersion; it also offers the means to iden-
tify potential outliers within the error distributions. This
provides a comprehensive insight into the predictive behav-
ior of the models, allowing researchers and practitioners to
recognize situations where the models may significantly de-
viate from the expected performance. The combined use of
half-violin plots and box plots in Fig. 5 serves as a powerful
visual tool to gain a deeper understanding of the predictive
performance of these models. It sheds light on their con-
sistency, variability, and the potential presence of outliers,
enabling more informed decisions in their application and
fine-tuning.

3.2. Verification and comparison

Table 6 showcases the performance metrics for the PSO-
MLP model during the training and testing phases. In the
training phase, the model achieved an R? value of 0.9126
and an RMSE of 2.9736, indicating a good fit to the training
data with relatively low error. During the testing phase, the
model’s performance improved further, with an R? value
of 0.9370 and an RMSE of 2.5693. These results suggest
that the model generalizes well to unseen data, demon-
strating its predictive capability and reliability in estimat-
ing HL in residential buildings. Comparing these results
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Fig. 4. Error percentage of the hybrid models based on the Scatter plot.

with the developed MLFF2 model mentioned earlier, which
achieved an R? value of 0.997 and an RMSE of 0.523, high-
lights the significant improvement and superior accuracy
of the hybrid approach integrating MLP with FFO and
HHO optimizers. The comprehensive validation and eval-
uation of the developed model reinforce its effectiveness in
accurately predicting HL and its potential for practical ap-
plication in energy management and sustainability efforts.

Table 7 compares the performance of the best-
performing models from the present study with those
from related literature articles. Moradzadeh et al. [46]
utilized Support Vector Regression (SVR), achieving an
RMSE of 0.4832 and an R? value of 0.9969 for HL predic-

tion. Sadaghat et al. [47] employed XGCM, yielding an
RMSE of 0.8215 and an R? of 0.9934. Roy et al. [48] used
MPMR techniques, achieving exceptional results with an
RMSE of 0.059 and an R? of 0.99. Gong et al. [49] utilized
Light Gradient Boosting Machines (LGBM), obtaining an
RMSE of 0.1929 and an R? of 0.9882. In comparison, the
present study’s MLFF2 model achieved an RMSE of 0.523
and an impressive R? value of 0.997 for HL prediction.
These results demonstrate the competitive performance
of the MLFF2 model against established techniques in the
field, showcasing its accuracy and reliability in predicting
HL in residential buildings.
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Table 6. The verification of the developed model.

. Evaluator
Article Model Phase R2 RMSE
Train 09126 2.9736
Zhou et al. [45] PSO-MLP Test 09370  2.5693
Train 1.092 0.989
Present study MLFEF2 Test 0523 0997

Table 7. The comparison of the best-performed model results of the present study with some related literature.

Index values

Articles Models  Target RMSE  R?
Moradzadeh et al. [46] SVR HL 0.4832  0.9969
Sadaghat et al. [47] XGCM HL 0.8215 0.9934
Roy et al. [48] MPMR HL 0.059 0.99
Gong et al. [49] LGBM HL 0.1929  0.9882
Present Study MLFF2 HL 0.523 0.997

4. Conclusion

In the pursuit of enhancing the accuracy and reliability
of predicting heating load (HL) in residential buildings,
this study has ventured into the innovative modeling and
optimization techniques. The goal was to offer valuable
insights into the effective management of energy consump-
tion in buildings, an area of growing importance in the face
of environmental concerns and energy efficiency initiatives.

This research introduced a novel approach that harnessed
the capabilities of Multi-layer Perceptron (MLP) models,
coupling them with the power of optimization techniques,
namely Flying Fox Optimization (FFO) and Horse Herd
Optimization (HHO). The results obtained from these mod-
els and techniques have provided valuable contributions
to the field of building energy efficiency. The performance
of these hybrid models, MLFF and MLHH, was evaluated
across various layers of MLP. The results consistently high-
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lighted the superiority of the MLFF model in terms of pre-
dictive accuracy. This was particularly evident in Layer
2, where MLFF exhibited exceptional precision and align-
ment with measured values. The testing phase in Layer
2 demonstrated the model’s remarkable consistency and
improvement in accuracy compared to its training phase,
underscoring its efficacy in predicting HL across different
phases and layers. In the presented models (MLFF (1) and
MLHH (1)), MLHH regularly exceeds MLFF with lower
RMSE values, indicating improved predicting accuracy.
However, MLHH’s lower R? values indicate a less accu-
rate data fit. The trade-off between precision and model
fit is evident. In the following model sets (MLFF (2) and
MLHH (2)), both models improve, with MLFF slightly out-
performing in the testing phases. MLFF (3) and MLHH (3)
show a decreasing performance disparity, demonstrating
developing dynamics between the two techniques. While
MLEFF excels in accuracy, MLHH shows competitive per-
formance in later model sets. These findings highlight the
potential of hybrid MLP models for predicting HL and
the significance of customized model setups. Further re-
finement and application-specific changes are advised for
optimal outcomes. This research contributes not only to
the body of knowledge in building energy efficiency but
also offers practical solutions for a more sustainable and
eco-conscious future. Further investigations may focus on
refining these models for specific scenarios and expanding
their application in real-world settings. In order to address
certain scenarios and obstacles, future work in this field
may concentrate on improving the hybrid MLP models
using FFO and HHO optimization techniques. This could
entail adjusting the models to account for differences in
building kinds, weather patterns, or energy sources, im-
proving their accuracy and adaptability in a range of en-
vironments. Furthermore, investigating the integration of
cutting-edge sensors and real-time data may enhance the
models’ capacity for prediction and their ability to adapt to
dynamic variations in heating demand. Moreover, extend-
ing the utilization of these models to encompass additional
building energy management facets like anticipating cool-
ing load or incorporating renewable energy sources may
provide all-encompassing approaches for sustainable and
effective building functions. The dataset’s probable lack
of representation for various residential building HVAC
systems is its main drawback. Although the study makes
use of cutting-edge methodologies like as MLP models and
optimization approaches like FFO and HHO, the dataset
may not fully represent the range of HVAC configurations
encountered in real-world situations. Because of this, the
predictive models that have been built may be biased or

have limited generalizability, especially when applied to
buildings that have distinct HVAC systems or use different
energy sources. Future studies should concentrate on col-
lecting data from a larger range of HVAC systems, taking
into account variations in building types, energy sources,
climate areas, and operating configurations, in order to
address this restriction and improve representativeness.

nomenclature

Acronyms

Al Artificial intelligent

FFO Flying Fox Optimization
GA Glazing Area

GAD  Glazing Area Distribution
HHO  Horse Herd Optimizers
HL Heating load

HVAC Heating, ventilation, and air conditioning
ML Machine learning

MLP Multi-layer Perceptron
MSE Mean Square Error

OR Orientation
OVH Overall Height
R? Coefficient Correlation

RA Roof Area

RAE Relative Absolute Error
RCE Relative Compactness
RMSE  Root Mean Square Error
SA Surface Area

SI Scatter Index

WA Wall Area
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