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Abstract: This research investigates the efficacy of a proposed novel machine learning tool for
the optimal simulation of building thermal load. By applying a symbiotic organism search (SOS)
metaheuristic algorithm to a well-known model, namely an artificial neural network (ANN), a so-
phisticated optimizable methodology is developed for estimating heating load (Hy ) in residential
buildings. Moreover, the SOS is comparatively assessed with several identical optimizers, namely po-
litical optimizer, heap-based optimizer, Henry gas solubility optimization, atom search optimization,
stochastic fractal search, and cuttlefish optimization algorithm. The dataset used for this study lists
the Hy, versus the corresponding building conditions and the model tries to disclose the nonlinear
relationship between them. For each mode, an extensive trial and error effort revealed the most
suitable configuration. Examining the accuracy of prediction showed that the SOS-ANN hybrid is a
strong predictor as its results are in great harmony with expectations. Moreover, to verify the results
of the SOS-ANN, it was compared with several benchmark models employed in this study, as well
as in the earlier literature. This comparison revealed the superior accuracy of the suggested model.
Hence, utilizing the SOS-ANN is highly recommended to energy-building experts for attaining an
early estimation of the Hy from a designed building’s characteristics.

Keywords: building energy; energy efficiency; thermal load prediction; machine learning; symbiotic

organism algorithm

1. Introduction

The world has witnessed a considerable rise in energy consumption trends due to
economic developments, population growth, and enhanced quality of living in recent
decades [1,2]. Accordingly, the Global Energy & CO, Status Report indicates a doubled
global energy consumption growth rate in 2018 relative to 2010 [3]. Hence, energy per-
formance analysis is among the most important steps of construction planning [4,5]. It is
crucial for the sustainable design of buildings and has a significant contribution to global
conservation and environmentally protective policies [6]. Despite satisfying promises
shown by different conventional methods (e.g., numerical [7], analytical [8], and statis-
tical [9] approaches) for thermal behavior analysis, more sophisticated models such as
artificial intelligence (Al) are attracting high attention.

Extending the application of state-of-the-art technology reveals that different inven-
tions/developments have properly served in solving different engineering issues [10-12].
These developments comprise a wide variety of numerical [13], empirical [14], and experi-
mental [15] approaches for dealing with a given problem. For instance, designing novel
algorithms [16,17] toward facilitating (i.e., automation and acceleration of) time-consuming
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tasks has been the primary objective of engineering efforts such as safety analysis [18] and
urban monitoring [19]. Recently, due to computational and coding progress, the prediction
of complicated parameters has been investigated [20]. In this regard, experts have benefited
from so-called machine learning techniques that can map intricate relationships in existing
samples [21-23].

The energy management of a building is a complicated task because of the shifts
in several contributive factors that can affect indoor conditions [24]. Such difficulties
have encouraged engineers to change their tendency to use traditional time-consuming
approaches toward soft computing models, such as machine learning, for simulating
different energy-related parameters. The ability to explore nonlinear dependencies is
regarded as the most notable advantage of machine learning models. In the case of energy
efficiency analysis, engineers have benefited from models such as artificial neural networks
(ANNPs) [25,26] and support vector machines (SVMs) [27,28] for energy consumption in
various building types. Fuzzy-based models are other popular approaches for dealing with
energy prediction problems [29,30].

Going deeper into the literature, Ngo, et al. [31] proposed the use of an ensemble
machine learning and compared it to ANN, SVM, and M5Rules predictors for 24 h energy
consumption prediction. They observed very significant improvements (i.e., 123% error
reduction) as a consequence of using an ensemble model. Elias and Issa [32] employed an
ANN model for estimating the heating load (Hy) and cooling load (Cy) of single-family
residences. They used a large dataset belonging to 18,000 new residences in Florida con-
structed in [2009, 2019]. The ANN was finally suggested as having the potential to assist
designers of buildings. Jang, et al. [33] applied long- and short-term memory (LSTM)
with different data scenarios for simulating heating energy consumption in nonresidential
buildings. Zhou, et al. [34] introduced a combination of ensemble empirical mode decom-
position with adaptive noise, autoregressive integrated moving average, and bi-directional
LSTM for analyzing and predicting short-term Hy . The model achieved a good prediction
with a root-mean-square error (RMSE) of 70.25 and a correlation of 0.983. Many similar
applications can be found in earlier studies, such as [35-37].

The field of machine learning experienced significant advances by inventing meta-
heuristic algorithms. In general words, these algorithms are capable of optimizing complex
problems [38]. Being able to synthesize with a generic machine learning model, meta-
heuristic algorithms can save them from weaknesses in computations such as local minima
issues [39,40]. Compared with conventional methods, metaheuristic optimization per-
forms much better in multiple aspects. Pachauri and Ahn [41] employed a regression
tree ensemble for Hy, and Cj, estimation. The parameters of this model, however, were
determined using a metaheuristic algorithm, namely shuffled frog leaping optimization.
They reported a considerable improvement in the error of prediction of both thermal loads
when the hybrid model was compared to benchmarks of stepwise regression and Gaussian
process regression. The proposed model was lastly recommended to tune the performance
of the heating, ventilation, and air conditioning (HVAC) system. Almutairi, et al. [42]
combined an ANN with teaching-learning based optimization (TLBO) for predicting the
H;j ; with an RMSE value of 2.11 obtained for the TLBO-ANN versus 2.54, 2.70, and 2.27,
the proposed model outperformed three benchmarks. In a comparative study, Xu, et al. [43]
declared the superiority of biogeography-based optimization (BBO) over several similar
metaheuristic techniques, especially traditional optimizers such as genetic algorithm and
particle swarm optimization. Similar research can be found in studies by Moayedi and
Mosavi [44], Guo, et al. [45], etc.

Taking a closer look at the metaheuristic-related works, especially in the energy
efficiency domain, it can be inferred that the wide variety of these algorithms has led to
occasional improvements in the optimal models found. Hence, it is necessary to keep the
methodologies updated with the latest developments in metaheuristic techniques. This
study introduces a novel hybrid model for predicting the Hy, of residential buildings. A
symbiotic organism search (SOS) algorithm is proposed for optimizing an ANN model to
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discover the pattern of Hy, in relation to the building architecture. The SOS is a potential
optimization technique that has been favorably used for training ANNSs [46,47].

In addition to testing and introducing a new algorithm, another novelty of this work
lies in an extensive comparative effort. The performance of the SOS is compared with six
other techniques, namely political optimizer (PO), heap-based optimizer (HBO), Henry gas
solubility optimization (HGSO), atom search optimization (ASO), stochastic fractal search
(SES), cuttlefish optimization algorithm (CFOA), which are, for the first time, used in this
study, as well as several models assessed in earlier literature for the same purpose. The
results would, therefore, highly assist energy and building experts by saving time and cost
in selecting suitable models for energy performance approximation.

2. Materials and Methods
2.1. Data Provision

To obtain a proper understanding of the Hy, using machine learning algorithms, the
models need to recognize the parameter that is dependent on one or more conditioning fac-
tors (known as target and input factors). In other words, this dependency is mathematically
mapped by the algorithms to create a pattern from the Hy, behavior.

In this work, the target and input parameters are contained in a public dataset
downloaded from UCI Machine Learning Repository (available on this webpage: https:
//archive.ics.uci.edu/ml/datasets/energy+efficiency accessed on 9 November 2022). This
dataset was originally produced in research by Tsanas and Xifara [48] who gathered the
simulation condition and the corresponding final thermal loads (in kWh/m?) of different
residential buildings. Considering the input data of relative compactness (Cr), surface
area (Sa), wall area (Sw), roof area (Sr), overall height (Hry), orientation (O), glazing area
(Sg), and glazing area distribution (DSg) and their variation, a total of 768 buildings
were analyzed.

The buildings are characterized by a volume of 771.75 m”. Regarding the input
parameters, the Cg of a place represents the ratio between the volume and the related

3

2
area (here Cg = %) and the Sg measures the total area (comprising frame, glazing,

and sash) obtained from the rough opening. In this work, this parameter is stated by four
ratios (including 0.0, 0.1, 0.25, and 0.4) relative to the whole floor area. Additionally, the
DS¢ expresses how these areas are distributed in the building of interest [49,50]. Possible
scenarios considered for this factor are (a) no glazing, (b) giving 0.25 of glazing to each
side, (c) giving 55% to the North and 15% to each of the other cardinal directions, (d) giving
55% to East and 15% to each of the other cardinal directions, (d) giving 55% to South and
15% to each of the other cardinal directions, and (e) giving 55% to West and 15% to each of
the other cardinal directions [51,52]. Further details regarding the input parameters can be
found in the reference paper [48].

Table 1 expresses the range of values for the whole dataset. Moreover, Figure 1 depicts
the scatter charts of each factor relative to the others. The values included in the correlation
charts indicate the proportionality between the two parameters of interest. For instance,
the correlation between the Hy, and Cg is 0.62. Note that higher values indicate higher
agreement in the behavior of the parameters and vice versa. According to these results,
Hr and Sg with respective correlation values of 0.89 and —0.86 have the largest direct and
adverse proportionality with the Hy ; the histogram of the input and target factors is shown
in this illustration.

Table 1. Statistical analysis of the constituent parameters.

Parameter

Cr

Sa Sw Sr Hr o Sc DS¢ Hy

Range

[0.6,0.9]

[514.5, 808.5] [245.0, 416.5] [110.2,220.5] [3.5,7.0] [2.0,5.0] [0.0,0.4] [0.0,5.0] [6.01, 43.10]
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Figure 1. Scatter and histogram charts of the dataset factors.

The dataset is later divided into two subsets with 614 and 154 samples. These numbers
stand for 80% and 20% of the whole, respectively. The aim of this division is to provide
training and testing samples that are different from the other. The model uses the first
dataset (training dataset with 80% of the whole) to learn and test its knowledge with the
second dataset (testing dataset with 20% of the whole).

Important assessments of this dataset carried out in previous studies (e.g., by
Zheng, et al. [53] and Wu, et al. [54]) indicate that the input factors should have suffi-
cient importance for predicting the thermal loads. According to these studies, the inputs
Sg and Cg have the greatest importance in this regard.

2.2. Assessment Formulas

The assessment of the results is handled by the three indicators of mean absolute error
(MAE), the Pearson correlation index (R), and RMSE. Based on their formulation presented
below, MAE and RMSE deal with the difference between the predicted and expected Hys,
while the R index shows the correlation between these values. Equations (1)-(3) formulate
the R, MAE, and RMSE in which N is the number of samples that are assessed (i.e., the size
of the dataset).

N J— J—
'21 (HiLiypiicrea — Hepredicted) (HLipyg pes — HLexpected)
R = i= 1
N _ 2 N _ 2
\/igl (HLiPredicted o HLPredicted) \/igl (HLiexPected o HLeXP ECt‘fd)
1 N
MAE = N;‘HLiexpected o HLipredicred (2)
i=
2
1 N
RMSE = NZ [(HLiexpected o HLipredicted)] (3)

I
—
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2.3. Methodology

The SOS algorithm was proposed by Cheng and Prayogo [55]. This algorithm is a
simulation of symbiotic interaction aimed at determining the best-fitting organism. The bio-
logical interaction of two organisms within the existing ecosystem is the essence of this algo-
rithm, which is drawn on three phases, namely mutualism, commensalism, and parasitism.

In the first phase, with X; as the organism corresponding to the ith individual in the
ecosystem and X; as a randomly chosen organism for interaction with X;, a mutualistic
relationship is formed toward enhancing the survival competency of these two organisms
in the ecosystem. Equation 4 shows the process for making new candidate solutions:

Xi_new - Xi + ’)’(Xb — MV x BFl) (4)

Xj_new = X] + 1 (X — MV x BFR) 5)

in which benefit factors are signified by BF; and BF, indicating partial and full benefit
levels for the organisms. Additionally, X} stands for the largest adaption of organisms, vy
and p are random values varying from 0 to 1, and MV gives the mutual vector representing
the characteristics between organisms.

In the commensalism phase, an Xj is randomly selected to interact with X;. In this
stage, it is assumed that X; aims to take advantage of this interaction for gaining benefits,
while the relationship is neither beneficial nor harmful for X;. The new candidate solution
corresponding to X is calculated as follows:

Xi_new =Xi+ A(Xb - X]) (6)

where A randomly falls between —1 and 1. Based on the regulations of this algorithm,
Xi new replaces the previous version if it provides a higher fitness.

In the third stage, i.e., parasitism, an artificial parasite vector is created since X; acts
like an anopheles mosquito. In this process, X; is duplicated in the search space and the
dimensions are updated using a random value. Additionally, X; plays the role of host for
the parasite vector. In the following, the fitness of both organisms is computed and the one
having the lower fitness is eliminated [56,57].

2.4. Hybridization

Generally, a metaheuristic algorithm can play the role of optimizer for any viable
problem [58]. It gives an optimum solution based on a maximized /minimized cost function.
When it is applied to machine learning models, it aims to minimize the training error
by providing the best computational configuration for the model. Taking ANN as an
example, it optimizes the weights and biases that create a mathematical perception of the
problem [59,60].

In order to develop a hybrid of ANN with any metaheuristic algorithm (here SOS),
the below steps should be carried out:

(a) Selection of an appropriate ANN structure;

(b) Introduction of the determined ANN to the intended algorithm as the problem func-
tion to be optimized;

(c) Exposure of the training data to the hybrid model;

(d) Deciding on the proper parameters of the optimization algorithm (cost function,
population size (Np), and number of iterations (Nper));

(e) Running and saving the required results.

In this work, an ANN model with a configuration of 8 x 6 x 1 is selected. This
configuration indicates eight neurons in the initial layer, six neurons in the internal layer
(with Tansig activation function), and one neuron in the external layer (with the Purelin
activation function). The only variable value is six, which is determined based on a series

of attempts at finding the best number of internal neurons when all other parameters are
fixed [61].
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The network is yielded to the SOS algorithm to let it find the best weights and biases.
In other words, the SOS trains the ANN. The hybrid of SOS-ANN is then fed with training
data. Tuning the SOS parameters is implemented over 1000 iterations. In each iteration,
to supervise the training process, the RMSE is calculated as the cost function. Thus, at
the end of implementation, the optimization path can be shown by the rate of RMSE
reduction. Moreover, the Np for this algorithm is set to 500. This value was opted for after
trialing the behavior of the SOS with different populations and selecting the behavior that
gave the smallest RMSE. Figure 2 shows the optimization path for the SOS in the present
Hp, problem.

5
1.465
4 1.412
1.359
% 1.306
1.2
E 3 53
a7 1.2
900 950 1000
) t
1
0 200 400 600 800 1000
Iterations
Figure 2. SOS optimization curve.

Once the training is completed, the latest solution (i.e., the 1000 solution) is con-
sidered for ANN weights and biases. This optimal SOS-ANN is the model suggested
for predicting the H; . Table 2 expresses the parameters considered for implementing all
algorithms in this work.

Table 2. Parameters of the implemented algorithms.
ASO CFOA HBO HGSO PO SFS SOS
Np =300
Np =400 _ _ Np =100 Np =400
Nijer = 1000 Np = 500 =300 Nl = 1000 E 1000 Ny = 1000 Np = 500
Depth weight = 50 Niter = 1000 Intenlstﬁic_ation -1 N ’ fi & f p dent Lambda =1 Max. diffusion = 2 Niter = 1000
Multiplier weight = 0.2 - OO me oo Areas =3 Walk =1

3. Results and Discussion

The results of this research are presented in two major sections. First, the performance
of the SOS-ANN is presented for both the training and testing phases. Second, this model
is compared to several similar models using the accuracy indicators used. This section then
ends up with an interpretation of the given results.
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3.1. SOS-ANN Performance

It was explained that an SOS-ANN hybrid model is assessed as a novel methodology
for Hy, simulation in residential buildings. In Section 2.4, the hybridization process was
described. Since this process represents the training of the ANN, the results correspond to
the training phase.

Figure 3 shows the training results in two parts depicting the histogram of errors
and correlation chart. Note that an error value here is deemed as the simple difference
between the expected and predicted Hy s. The RMSE of training is 1.314 and the MAE is
1.004. Both of these accuracy indicators show a great performance because the training
of the ANN has been performed with a very small error. It can also be deduced from
Figure 3a that the frequency of error values around zero is much higher than errors with
large magnitudes. Moreover, the correlation (i.e., R) between the expected and predicted
Hys is 0.991. Knowing that an ideal correlation index is 1, this value is very close to the
ideal, and indicates that the products of the SOS-ANN are concordant with reality.

=.0.0089127, =1.3185 =
u - R=099159

Outputs

2

Emor Targets

(a) (b)

Figure 3. The quality of the SOS-ANN results in terms of error (a) and correlation (b) for the training
phase (Hg, in kWh/ m?).

The testing results were assessed once it had been assured that the model had been
properly trained. As stated previously, the data of this phase are quite different from
the training data. Figure 4a,b depict the same results for testing samples in terms of the
histogram of errors and correlation charts. Both figures illustrate a very good prediction
potential for the SOS-ANN. However, it can be seen that the histogram data are not as
normally distributed as the results of the training data. Likewise, there are some scatterings
in the correlation data. The testing RMSE and MAE values are 1.487 and 1.201, respectively.
Additionally, the corresponding R index is 0.989. Having these three accuracy criteria, it
can be said that the SOS-ANN has achieved an accurate estimation of the Hj .

=0014814, o =418 R=0.98909

Outputs

(a) (b)

Figure 4. The quality of the SOS-ANN results in terms of error (a) and correlation (b) for the testing
phase (Hy in kWh/ m?).
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3.2. A Comparative Validation

The results in the previous section demonstrated the efficacy of the SOS-ANN in
this study. This section provides a comparison between the SOS and six other algorithms,
namely PO, HBO, HGSO, ASO, SES, and CFOA that were similarly assigned to train the
ANN. Their accuracy was compared to the SOS using the same criteria of RMSE, MAE, and
R. Table 3 presents these gathered results.

Table 3. Comparative assessment of the results (RMSE and MAE in kWh/m?).

Network Results
Type Model Training Testing
MAE RMSE R MAE RMSE R
PO-ANN 1.663 2.348 0.972 1.775 2.463 0.969
HBO-ANN 2.301 3.084 0.953 2.395 3.119 0.952
Benchmark HGSO-ANN 2.152 2912 0.957 2.234 3.054 0.952
ASO-ANN 1.642 2.351 0.972 1.803 2.469 0.969
SFS-ANN 1.493 2.002 0.980 1.648 2222 0.974
CFOA-ANN 2.377 3.148 0.950 2.559 3.358 0.942
Vs.
Proposed SOS-ANN 1.004 1.314 0.991 1.201 1.487 0.989

According to the calculated RMSEs in the training phase, 2.348, 3.084, 2.912, 2.351,
2.002, and 3.148 for the PO-ANN, HBO-ANN, HGSO-ANN, ASO-ANN, SFS-ANN, and
CFOA-ANN, respectively, the errors of all benchmark models are above the SOS-ANN.
Similarly, this can also be said for the MAEs 1.663, 2.301, 2.152, 1.642, 1.493, and 2.377. The
RMSE and MAE for the SOS-ANN were 1.004 and 1.314, respectively, which indicate a
considerably better training performance.

Figure 5 depicts the correlation analysis executed for the training data. Comparing
these graphs with Figure 3b, it can be observed that the SOS-ANN has produced more
consistent results with target Hys (R-values of 0.991 vs. 0.972, 0.953, 0.957, 0.972, 0.980,
and 0.950).

Similarly in the testing phase, the RMSE values were 2.463, 3.119, 3.054, 2.469, 2.222,
and 3.358 along with the MAEs of 1.775, 2.395, 2.234, 1.803, 1.648, and 2.559, which were
greater than those for the SOS-ANN (i.e., RMSE = 1.487 and MAE = 1.201). The smaller
testing errors associated with the SOS algorithm indicate the higher potential of this
algorithm for accurately predicting the H;, behavior.

Figure 6 shows the correlation results for the test data, displaying R-values of 0.969,
0.952, 0.952, 0.969, 0.974, and 0.942. More harmonious results for the SOS—-ANN can be
deduced regarding the R-value of 0.989 depicted in Figure 4b.

A deeper assessment of the values reported in Table 3 indicates a notable reduction
in error magnitude when each of the benchmark algorithms is replaced with the SOS.
For instance, in the training phase and terms of RMSE, the reductions range from 32.8%
and 57.76% for SFS~ANN and CFOA-ANN, respectively. This range is 34.3% and 58.2%,
respectively, for the MAE, and a 1.1% and 4.1% improvement, respectively, in the R-value.

As for the testing phase, the highest and lowest improvements can be reported again
for the SFS-ANN and CFOA-ANN, respectively, with 27.12% and 53.06% reductions
in RMSE. The corresponding values for MAE were 33.07% and 55.71%. Additionally,
enhancements in the R index with SOS-ANN were in the range of 1.5% to 4.7%.

To achieve a more well-founded assessment, a relative error criterion called mean
absolute percentage error (MAPE) was employed. The MAPE shows a percentage form of
MAE (relative to the targets). Based on the obtained values, the SOS achieved training and
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Outputs

Outputs

Outputs

testing results with 5.3 and 5.9% error, respectively, while the benchmarks attained MAPEs
of 7.7,11.5,10.6, 7.4, 7.0, and 11.7 in the training phase and 7.9, 11.3, 10.7, 8.1, 7.4, and 11.8
in the testing phase. The SOS, therefore, enjoys lower error rates (below 6%).

R=097261 R=0.95384

(a) (b)

R=0.95796 R=0.97253

Outputs

R =0.98015 R =0.95087

(e) ()

Figure 5. The correlations between the target Hy s and training results for (a) PO-ANN, (b) HBO-
ANN, (c) HGSO-ANN, (d) ASO-ANN, (e) SFS-ANN, and (f) CFOA-ANN (all values in kWh/m?).

3.3. Interpretation and Discussion

As is globally known, recent developments have provided reliable solutions to plenty
of engineering challenges, especially in the energy sector. In the literature, much research
can be found that focuses on estimating a specific parameter based on understanding how
it is affected by influential parameters [62,63]. The models employed in this work followed
the same policy to analyze the thermal behavior of buildings. The objective was fulfilled
using sophisticated Al techniques and a dependable dataset from the literature.
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R=0.95211

s Targets
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R=0.969

Outputs
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(d)

R=0.94278

Outputs

Figure 6. The correlations between the target Hy s and test results for (a) PO-ANN, (b) HBO-ANN,
() HGSO-ANN, (d) ASO-ANN, (e) SFS-ANN, and (f) CFOA-ANN (all values in kWh/m?2).

In this section, the objective is to explain what the goodness of fit results means for
each phase. First, regarding the training phase, some explanations were given in Section 2.1.
The training data form around 80% of the whole dataset and were used for training the
SOS-ANN. The word ‘training” here means discovering the nonlinear relationship between
the Hy s and eight input parameters (i.e., Cr, Sa, Sw, Sr, Hr, O, Sg, and DSg). Considering
the training role that in this study was assigned to the SOS algorithm, this algorithm tried
to find the best simultaneous contribution of input factors to the corresponding Hj s by
determining the weights and biases for the ANN. In so doing, the SOS analyzed 614 samples
1000 times to improve the solution. When the training results were quite promising, it
meant that the SOS had great optimization potential. Altogether, the combination of SOS
and ANN can understand the Hy, behavior with high accuracy.
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As for the testing phase, the knowledge learned by the SOS-ANN in the previous
phase was applied to a new set of data to see how well it could predict the Hy, for unseen
situations. In other words, the results of this phase represented the generalizability of the
model. Testing results were also quite promising with high accuracy. It can, therefore,
be deduced that the SOS-ANN is reliable enough to predict the Hy, by receiving new
building characteristics.

From a methodological point of view, it is inferred that the weights and biases sug-
gested by the SOS algorithm have created a powerful ANN. Back to Figure 2, the solution
is considered a globally optimal response because metaheuristic algorithms take advantage
of specific schemes to stay safe from computational drawbacks such as local minima and
dimensional dangers [64,65].

Additionally, a comparison with several new metaheuristic techniques in Section 3.2
revealed that the solution of the SOS algorithm surpassed the PO, HBO, HGSO, ASO, SFS,
and CFOA techniques. This betterment happened in both the training and testing phases
reflecting the absolute superiority of the SOS. Therefore, this algorithm can capture a more
realistic perception of the dependency of the Hj, on building characteristics and can also
yield a more reliable approximation for new building configurations. Moreover, having the
same comparison among the benchmark algorithms, it is immediately apparent that the
performance of the SFS algorithm was more promising than others; after that, the PO and
ASO provided more reasonable results, while the performance of CFOA was the poorest.

Concerning the limitations of this study, there are some ideas for improving the
generalizability of the models. Applying cross-validation with real-world buildings would
further confirm their prediction competency in newer cases. Additionally, the models could
be tested with additional energy datasets. Another potential idea is associating the cooling
load with heating. In other words, developing a more comprehensive network that can
predict the heating and cooling loads of a building simultaneously. However, developing a
double-target ANN requires specific considerations (e.g., enlarging the output layer and
relevant optimizable variables).

3.4. Literature Comparison

Besides the internal comparison performed for six algorithms within this study, the
accuracy of the SOS was also assessed against several metaheuristic algorithms used in
earlier studies for predicting the Hy . Table 4 gives the details of the considered algorithms.
They were then compared in Figure 7a,b in terms of the testing RMSE and MAE, respectively.
Two positive notes regarding this comparison are that (i) all algorithms were in combination
with an MLP neural network and (ii) the dataset exposed to all models was the same as the
one used in this work (i.e., as developed by Tsanas and Xifara [48]). Thus, there are enough
fair conditions that increase the reliability of this comparison.

Table 4. List of the metaheuristic algorithms used in earlier literature.

Study Used Algorithm Abbreviation Developer
Genetic algorithm GA Holland [66]
Tien Bui, et al. [36]
Imperialist competitive algorithm ICA Atashpaz-Gargari and Lucas [67]
Wind-driven optimization WDO Bayraktar, et al. [68]
Whale optimization algorithm WOA Mirjalili and Lewis [69]
Guo, et al. [45]
Spotted hyena optimization SHO Dhiman and Kumar [70]
Salp swarm algorithm SSA Mirjalili, et al. [71]
Grasshopper optimization algorithm GOA Saremi, et al. [73]

Moayedi, et al. [72]

Gray wolf optimization GWO Mirjalili, et al. [74]
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Table 4. Cont.

Study Used Algorithm Abbreviation Developer
Artificial bee colony ABC Karaboga [76]
Zhou, et al. [75]
Particle swarm optimization PSO Kennedy and Eberhart [77]
Firefly algorithm FA Yang [78]
. Optics-inspired optimization OI10 Kashan [79]
Almutairi, et al. [42]
Shuffled complex evolution SCE Duan, et al. [80]
Teaching-learning-based optimization TLBO Rao, et al. [81]
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Figure 7. Column charts comparing the SOS with previous models in terms of (a) RMSE and (b) MAE,

both in kWh/m?2.
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From these figures, it was derived that there was a notable difference between the
prediction error achieved in this study and that of previous studies. The MAE and RMSE
of the SOS were 1.201 and 1.487, respectively, which are lower than all fourteen models.
The SOS is most followed by the TLBO (MAE = 1.5804 and RMSE = 2.1103) and SCE
(MAE = 1.6077 and RMSE = 2.2774) used by Almutairi, et al. [42]. Altogether, owing to the
outperformance of SOS over (14 + 6 =) 20 similar rival algorithms, it can be said that the
findings of this study have effectively improved the prediction of Hy .

4. Conclusions

The principal motivation for this work was to keep the concept of energy performance
analysis updated with advances in metaheuristic science. A new metaheuristic algorithm
called the symbiotic organism search algorithm was applied to an ANN network for
analyzing and estimating the behavior of Hy, in residential buildings. The findings revealed
an excellent potential of the SOS algorithm in training an Hy -predictive ANN, owing to
the provided weights and biases, as well as the favorable optimization path. A similarly
great competency was observed for the results in the testing phase to prove the efficacy of
this model in dealing with the unseen condition. Moreover, an extensive comparison with
similar metaheuristic techniques (employed in both this study and the previous literature)
was carried out, which showed that utilizing the SOS algorithm can potentially improve
the accuracy of Hy, simulation. To sum up, the proposed hybrid model is recommended
for practical use such as optimizing energy components (e.g., HVAC systems) in energy-
efficient buildings. However, implementing some ideas (e.g., creating a double-target
network to support cooling load prediction simultaneously and the cross-validation of the
models with multiple real-world data) is suggested to further increase the acceptability of
the model in future studies.
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Nomenclature

ANN  Artificial neural network

SVM Support vector machine

LSTM  Long- and short-term memory

TLBO  Teaching-learning-based optimization
BBO Biogeography-based optimization
HGSO Henry gas solubility optimization
HBO  Heap-based optimizer

ASO Atom search optimization
CFOA  Cuttlefish optimization algorithm
SFS Stochastic fractal search

SOS Symbiotic organism search
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PO Political optimizer
Hp Heating load
Cp Cooling load

HVAC Heating, ventilation, and air conditioning
MAPE Mean absolute percentage error

MAE Mean absolute error

RMSE  Root-mean-square error

R Pearson correlation index
Cr Relative compactness

Sa Surface area

Sw Wall area

Sk Roof area

Ht Overall height

(@] Orientation

Sg Glazing area

DSg Glazing area distribution
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