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                     Abstract 
 Precise heating load prediction would be fundamental in optimizing energy consumption and assuring effi  cient operation of 

heating systems. Advanced machine learning methods were explicitly employed in this respect, using a random forest regres-

sor that has shown high precision in heating load prediction. Then, the developed model was optimized by using two diff erent 

methodologies: Sea Horse Optimizer and Equilibrium Slime Mould Algorithm. The approach of optimization ensembles, 

when put together, is termed RFSE, which brings out unique strengths and further enhances the overall accuracy of predic-

tions. Of special note was the synergy between the RF model and the SHO, the interaction of which had the RFSH model 

showcase extraordinary predictive prowess. The RFSH model had a very impressive R-squared of 0.997, showing that this 

model fi ts the data very well, and the RMSE value was as low as 0.550, hence showing minimal error in predictions. This, 

therefore, makes the RFSH model very reliable while estimating the heating load. In this work, the strategic integration of 

ML with specialized optimization techniques underpins immense potential in solving complex real-world challenges, such 

as heating load prediction. This paper, therefore, constitutes a very important milestone in the quest toward optimization of 

energy effi  ciency and heating systems: precise and eff ective heating load forecasting. These advances ultimately contribute 

to energy conservation and cost reduction in heating applications. 
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      Introduction 

 Machine learning and artifi cial intelligence are revolu-

tionary technologies that allow computers to learn from 

experience and make intelligent decisions based on data 

input (Haykin  2009 ; Gordon, et al.  2022 ). L algorithms 

identify patterns and, therefore, play an important role 

in healthcare, fi nance, and autonomous vehicles (Jordan 

and Mitchell  1979 ). Artifi cial intelligence, on the other 

hand, includes reasoning, problem-solving, and a number 

of other cognitive processes similar in nature to those of 

human thought (Zhou  2021 ; Behnam Sedaghat et al.  2023 ; 

Sadaghat et al.  2023 ). AI goes beyond machine learning 

into other areas, including chatbots, virtual assistants, and 

robotics. AI and ML are of great importance in the pre-

cise forecast of heating energy consumption in buildings, 

thereby improving energy effi  ciency (Zhong et al.  2024 ). 

Such methods apply historical data, weather forecasting, 

and the characteristics of a building to make accurate 

forecasts of heating requirements. Artifi cial Intelligence-

driven prediction is at the heart of sustaining a cost-

eff ective building operation through the optimization of 

heating systems and the reduction of energy losses. This 

has shifted the focus of modern research toward building 

energy effi  ciency improvements due to increased concerns 

about energy wastage and its considerable environmental 

impact. Buildings are, in fact, one of the largest sectors 

regarding energy consumption and greenhouse gas emis-

sions; therefore, greater eff ectiveness by professionals is 

pursued to reduce these environmental impacts (Zhang 

et al.  2020 ; Guelpa et al.  2019 ; Shamshirband et al.  2015 ). 

 In this pursuit, much attention is directed towards multi-

faceted strategies for eff ective energy management (Han 

et al.  2024 ). Among the recent focuses of interest is the 

accurate forecasting of heating and energy consumption, 

which provides the backbone for these strategies. Precise 

energy consumption forecasts are important for any targeted 

eff orts in eff ective energy conservation (Jaff al et al.  2009 ; 

Catalina et al.  2008 ; Xue et al.  2020 ; Nieto et al.  2019 ). 

Eff ective monitoring of building energy usage variation 

will establish operational ineffi  ciencies and possible oppor-

tunities for energy conservation. This will be important in 

reducing wastage, increasing energy effi  ciency, and ensuring 

the optimum operation of the energy-saving techniques (Le 

et al.  2019 ; Taki and Rohani  2022 ). A number of research 

works have established the game-changing eff ect even from 

relatively small improvements in building energy consump-

tion prediction. Such improvements can drastically cut down 
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overall energy consumption and are thus considered a major 

step towards sustainable energy use (Huang et al.  2024 ). 

 Besides, with proper forecasts, decision-makers can know 

when to optimize their energy usage to the advantage of 

building managers and residents. Such proactive measures 

may include optimizing lighting systems in line with antici-

pated insights into heating as well as energy consumption, 

which shall be put up with the occupant and daylight patterns 

accordingly (Ding et al.  2018 ). This lowers energy waste and 

improves residents' quality of life. It can also be utilized to 

program HVAC settings to meet forecasted demand patterns 

and prevent unnecessary heating loads for huge amounts of 

energy savings (Biswas et al.  2016 ; Lim et al.  2012 ). 

 Accurate consumption forecasts make the long-term 

expense of installing energy-effi  cient equipment extremely 

economical. For example, high-effi  ciency appliances, diff er-

ent types of insulation, and contemporary building automa-

tion systems can all lead to signifi cant energy savings. In any 

regard, energy conservation would rely heavily on modifi -

cations to occupant behavior spurred With incentives and 

awareness-raising initiatives backed by predictive models. It 

will align the construction occupant behavior with energy-

saving goals and create a sustainable construction culture. 

The cumulative eff ect of such initiatives will result in less 

waste, heightened effi  ciency, as well as a greener future. 

These valuable insights will be provided to all stakeholders 

so that they can make informed decisions. Energy-effi  cient 

buildings with less environmental impact will be developed 

through multi-faceted technology, equipment, and human 

aspects. This domain constitutes a prime area of research 

and innovation for a sustainable future in the face of global 

energy challenges (Roy et al.  2018 ). 

 On the other hand, Afzal et al. (Afzal et al.  2023 ) worked 

on an analysis of a challenging task building energy con-

sumption forecasting for a heating/cooling application. They 

introduced the integration of multi-layer perceptron neural 

networks with eight meta-heuristic algorithms to make 

extra cautious tuning and hyperparameter optimization of 

the MLP model. Their elaborate analysis produced impres-

sive results. The model MLP-PSOGWO achieved the highest 

overall  R 2  values in most cases, with a maximum of 0.998 

in heating load prediction. All in all, the best model shown 

had higher precision, accuracy, and effi  ciency in computa-

tions. Ahmad (Ahmad et al.  2017 ) estimated the accuracy of 

decision-based models in predicting building energy demand 

against those using neural networks. Zhang applied the sup-

port vector regression method to solve a structural energy 

consumption time-ordered data prediction issue (Zhang et al. 

 2016 ). Moradzadeh et al. (Moradzadeh et al.  2020 ) applied 

the Support Vector Regression and Multi-Layer Perceptron 

models. While it focused on Heating Load prediction, the 

MLP model performed outstandingly with an outstanding 

R-value of 0.9993. 

 The AI behind this breakthrough study is tuned to a novel 

synthesis that yields unprecedented predictive accuracy and 

optimization. Specifi cally, this seeks to address how ingen-

iously hybridization techniques can be married to the RF 

model as a means of extending the frontier of predictability 

reliability to new heights. These pioneering hybrid mod-

els represent a paradigm shift in the ways of conventional 

approaches that set new benchmarks in predictive analytics. 

Full-domain evaluations were performed in autonomous and 

hybrid modes to test their prowess with criticality. Perfor-

mance metrics established and recorded with some degree 

of analogy in the past, such as  R 2 , RMSE, MSE, SI, MNB, 

n10_index, and MARE, are used. This pragmatic, multi-

faceted approach tends to avoid model bias while provid-

ing rich information on model effi  ciency. Further, the Sea-

horse optimizer and Equilibrium Slime Mould Algorithm 

were selected for the hybrid models due to their diff erent 

strengths. An ensemble of SHO and ESMA with the RF 

model is visible in a prominent location. This strategic deci-

sion leverages the unique strengths of each optimizer and 

synergistically enhances the performance of predictive sys-

tems. This not only pushes the frontier of predictive analyt-

ics but also lays a strong foundation for the future in heating 

load predictions. This indeed stands as a testimony to the 

unwavering commitment to excellence in predictive mod-

eling and promises a bright trajectory for advancements in 

this critical domain. 

    Resources and procedures 

   Information congregation 

 This work develops the effi  ciency and robustness analy-

sis of intelligent models for the forecast of building heat-

ing demands. In this respect, a broad dataset of heating 

load production is used, wisely split into three subsets: 

the Train Set makes up 70% of the total; the Validation 

Set makes up 15%; and the Test Set makes up 15% as 

well. These subsets bear diff erent responsibilities across 

diff erent phases in model development and testing. Where 

the Training Set acts as the basis for the training of the 

predictive model, the Validation Set assists in fi ne-tuning 

the model parameters with a view to avoiding overfi tting. 

Finally, the performance of the model on unseen data is 

rigorously evaluated by the Testing Set. The kernel of the 

predictive model will be constituted based on eight critical 

input variables that represent a great deal of impact on the 

heating behavior of the building. These variables epito-

mize some crucial characteristics of the building, which 

are evidenced by heat exchange and insulation properties. 

Tables  1 ,  2 ,  3  outline the numerical features of contri-

bution and production variables for Training, Validation, 
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and Testing Phases, respectively. The list includes relative 

compactness, wall area, surface area, roof area, overall 

height, orientation, glazing area (%), and glazing area 

distribution, along with their range and average values 

accordingly (Shariah et al.  1997 ).    

 The present data is an excellent basis on which predictive 

policies for heating demand in buildings can be realized. In 

this regard, it also forms an extension of previous studies, 

many of whose statistical analyses were required to under-

stand characteristics and the distribution of interest. The study 

evaluates intelligent models using a partitioned dataset for the 

production of heating loads and places a strong emphasis on 

Training, Validation, and Testing Sets in model development. 

These key inputs drive heating behavior as per eight impor-

tant input variables. It provides proof of the robustness and 

foundation that underpin this dataset for predictive strategies 

based on reliance upon prior research and statistical analysis. 

Plotting the correlation between input and output variables is 

displayed in Fig.  1 .         

    Random forest (RF) 

   Principle of RF 

 An RF system comprises a collection of tree-modeled cat-

egorizers displayed as   
{

b
(
x, ℵl

)
, q = 1,…

}
     , with apiece 

sapling making an individual ballot to ascertain the prevail-

ing category for a provided contribution   x    .in this context, the 

  
{
ℵ1

}
     signify random courses with identical properties that are 

individually generated. 

 An RF comprises a variety of arboreal configurations 

classifi ers Crafted through the utilization of a training data-

set and a stochastic element   
{
ℵ1

}
     , for the   q − th     tree within 

Breiman's framework (Biau and Scornet  2016 ). The stochas-

tic elements are uncorrelated and uniform across any pair of 

trees, culminating in the establishment of a classifi cation sys-

tem   b
(
x, ℵ1

)
     , with 'x' denoting the input vector, when execut-

ing the procedure ‘ l ’ aeras, an array of categorizers is pro-

duced  {b1(x), b2(x), ..., bq(x)}     . This results in the formation of 

a resource for crafting numerous organizational frameworks. 

A traditional consensus vote determines the system's outcome, 

and the result process is computed accordingly.

       

 Every tree possesses the privilege to endorse the most 

optimal categorization outcome for an assumed contribution 

factor, and the aggregate of these distinct arboreal decision 

models is signifi ed as   B(x)     . The outcome mutable is labeled 

as ‘V,’ and the pointer purpose is symbolized by   F(.)     (Sarica 

et al.  2017 ). Figure  2  shows the process for identifying the best 

possible classifi cation outcome.         

 (1)B(x) = argmaxp

q∑
i=1

F
(
bi(x) = V

)

  Table 1       The arithmetical properties of the contribution and produc-

tion parameters for training phase  

  Parameters    Indicators  

  Category    Min    Utmost    Avg    St. Dev  

  RC    Input    0.620    0.980    0.7640    0.1060  

  SA  (m 2 )    Input    514.50    808.50    672.0650    88.1970  

  WA  (m 2 )    Input    245.0    416.50    318.1360    43.8810  

  RA (m)    Input    110.250    220.50    176.9650    45.1080  

  OH (m)    Input    3.50    7.0    5.2370    1.7500  

  Or    Input    2.0    5.0    3.5190    1.1280  

  GA (%)    Input    0.0    0.40    0.2400    0.1340  

  GAD    Input    0.0    5.0    2.7960    1.5570  

  Heating (kW)    Output    6.010    43.10    22.3260    10.1420  

  Table 2       The arithmetical properties of the contribution and produc-

tion parameters for validating phase  

  Parameters    Indicators  

  Category    Min    Utmost    Avg    St. Dev  

  RC    Input    0.620    0.980    0.7560    0.1020  

  SA  (m 2 )    Input    514.50    808.50    677.4780    85.2410  

  WA  (m 2 )    Input    245.0    416.50    321.6960    44.4800  

  RA (m)    Input    110.250    220.50    177.8910    44.8960  

  OH (m)    Input    3.50    7.0    5.2040    1.7490  

  Or    Input    2.0    5.0    3.4090    1.0870  

  GA (%)    Input    0.0    0.40    0.2020    0.1280  

  GAD    Input    0    5    2.809    1.571  

  Heating (kW)    Output    6.77    42.11    21.464    9.843  

  Table 3       The arithmetical properties of the contribution and produc-

tion parameters for testing phase  

  Parameters    Indicators  

  Category    Min    Utmost    Avg    St. Dev  

  RC    Input    0.62    0.98    0.773    0.108  

  SA  (m 2 )    Input    514.5    808.5    664.270    89.467  

  WA  (m 2 )    Input    245    416.5    317.009    41.160  

  RA (m)    Input    110.25    220.5    173.630    45.385  

  OH (m)    Input    3.5    7    5.357    1.747  

  Or    Input    2    5    3.504    1.098  

  GA (%)    Input    0    0.4    0.243    0.128  

  GAD    Input    0    5    2.896    1.494  

  Heating (kW)    Output    6.37    41.73    23.061    9.982  
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    Types of RF 

 The boundary metric, utilized in RF to measure how much 

the mean votes for the right session at   X, V      exceeds those 

for the wrong class, can be articulated as follows:

       

 A higher number indicates greater precision as well as 

trust in the classifi cation prediction, which is measured 

by the error rate function (Khajavi and Rastgoo  2023 ). 

The error in prediction beyond the training data for the 

categorization model may be characterized as:

       

 The stochastic element was put forth by Leo Brei-

man, where   bq(X) = b
(
x,ℵq

)
,     Adhering to the Rule of Big 

Numbers when there are enough decision trees (Lin et al. 

 2017 ). With the augmentation in the number of decision 

trees, OS* gradually approaches a fi xed value for nearly 

all orders of ℵ_1. Breiman further showcased that RF is 

 (2)mc(X, V) = avlF
(
bl(X) = V

)
− maxj≠VavlF

(
bl(X) = j

)

 (3)OS∗ = OX,V (mc(X, F) < 0)

resistant to overfi tting and can ultimately provide a con-

stant value for the prediction mistake.

       

 Leo Breiman’s work also established an upper bound for 

the generalization error.

       

 The generalization error in (RF) is impacted by two vari-

ables: the tree strength, indicated by 'z,' and the tree cor-

relation, symbolized by the average correlation value ‘β ̅.’ 
Reduced interconnectedness between the trees is shown 

by a declining correlation value, which improves RF 

performance. 

     Sea-horse optimizer (SHO) 

 Zhao introduced the SHO algorithm as a new meta-heuristic 

technique in 2022. The three main components of the SHO 

 (4)Ox,V (O𝜃

(
bl(x, 𝜃) = V

)
− maxj≠VO𝜃(b(x, 𝜃) = j) < 0)

 (5)OS∗ ≤ 𝛽
(
1 − z2

)
∕z2

  Fig. 1       Input and output variable 

correlation plot  
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algorithm—movement, hunting, and reproduction—are 

population-based meta-heuristics that simulate the social 

behavior of sea horses. To balance the advantages of explo-

ration and exploitation, the algorithm employs both local 

and global search functions. The act of reproduction bal-

ances the mobility behavior; this is intended for searching 

locally, whereas the pursuit behavior is intended for world-

wide search (Aribowo  2023 ). First, a population of possible 

solutions is generated via the   SHO     algorithm.

      

where   pop     indicates the population size utilized in the   SHO     

technique and   dim     indicates the number of dimensions in the 

searching region, each sea horse in the population represents 

a potential solution inside the problem’s search space. The 

elite person in a minimizing optimization issue is identifi ed 

as the individual with the least favorable fi tness score, indi-

cated by   Xeiite     .   Xeiite     can be obtained using Eq. ( 7 ).

 (6)SH =

⎡⎢⎢⎣
x1

1
… xdim

1

⋮ … ⋮

x1
pop

… xdim
pop

⎤⎥⎥⎦

       

 The function f(.) for a given problem represents the cost 

function, which assesses the appropriateness of potential 

solutions in the search space.   Levyflight     and Brownian 

motion are the two states involved in sea horse motion 

behavior. While   Levyflying     imitates the size of a sea 

horse's stride, enabling them to migrate as well as inves-

tigate diverse places to avoid excessive local exploitation, 

Brownian motion allows for greater exploration in the 

search space. In order to ascertain the sea horse's updated 

location in iteration t, these two possibilities may be articu-

lated as follows:

       

 The metric   𝜆     of the Lévy fl ight distribution formula is 

picked at random from the interval   [0,2]     , defi ning Levy. The 

coordinates   x, y,     and   z     indicate the spiral movement compo-

nent of SHO. The step size of the Lévy fl ight is controlled 

by the constant coeffi  cient   l     ; the random walk coeffi  cient 

for Brownian motion is denoted by   𝛽t     . The normal random 

number   r1     is utilized to make the Brownian motion compo-

nent stochastic (Zhao et al.  2023 ). 

 Sea horses' hunting strategies could conclude in either 

success or failure. When a sea horse moves more quickly, it 

may grab its prey; when it fails, it must examine the search 

fi eld more thoroughly. Mathematically, this hunting behavior 

may be expressed as: ‏

      
where, after hunting at iteration  t     , the sea horse's new posi-
tion is shown by   X1

new
(t)     ,   r2     is the number inside   [0,1]     that 

is created at random   b     is a straight-line lowering parameter 
that adjusts the seahorse's searching step length. Based on 
their fi tness levels, sea horses’ reproductive behavior sepa-
rates the population into male and female groups, with males 
handling reproduction.

      
while   X2

sort
     indicates all   X2

sort
     organized in an ascending 

sequence of their respective fi tness scores, and the parents 
stand for the male and female populations in general, corre-
spondingly. To generate a fresh batch of potential solutions, 
the algorithm chooses half of the population's most suitable 
members. The   i − th     off spring's expression is as follows: ‏

       

 (7)Xeiite = argmin
(
f
(
Xi

))

 (8)X2
new

(t + 1) =

⎧⎪⎨⎪⎩
Xi(t) + Levy(𝜆)

(
Xeiite(t) − Xi(t)

)
× x × y × z × Xeiite(t) r1 > 0

Xi(t) + rand ∗ l ∗ 𝛽t ∗ Xeiite(t) r1 < 0

 (9)X2
new

(t + 1) =

⎧⎪⎨⎪⎩
b ∗

(
Xeiite − rand ∗ X1

new
(t)

)
+ (1 − b) ∗ Xeiite(t) r2 > 0.1

(1 − b) ∗
(
X1

new
(t) − rand ∗ Xeiite

)
+ b ∗ X1

new
(t) r2 < 0.1

 (10)mothers = X2
sort

(pop

2
+ 1 ∶ pop

)

 (11)X
offspring

i
= r3X

father

i
+
(
1 − r3

)
Xmother

i

  Fig. 2       Schematic of  RF    
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 Among the populations of men and women,   X
father

i
     and 

  Xmother
i

     individuals are chosen at random, where the random 

number between   [0,1]     is denoted by r_3. 

 The SHO approach, which is especially made to address 

optimization problems has displayed promising results in 

numerous applications employing continuous search spaces. 

Figure  3  shows the fl owchart for the suggested SHO method.‏         
 With its effi  cacy and effi  ciency, the SHO algorithm is a 

promising method for various applications, and it provides 

a novel viewpoint on tackling optimization issues.  ‏

    Equilibrium slime mould algorithm (ESMA) 

 Developing successful and effi  cient optimization techniques 

may be inspired by slime mold’s foraging habits. Each slime 

mold's initial location vector is determined randomly via a 

randomization procedure (Yin et al.  2022 ).

       

 Following the next repetition   (t + 1)     , the usual location 

for the   i − th     goo mold, denoted as   Xi(j = 1,2, ..., N)     , is deter-

mined using SMA in the manner described below:

       

 (12)
→

Xi (t = 1) = r1. (UB − LB) + LB, i = 1, 2, ..., N

 (13)

→

Xi (t = 1) =

⎧⎪⎪⎨⎪⎪⎩

r1.(UB − LB) + LB r1 < z
→

X
Gbest

+
→

step
b

(
→

U .
→

X
C
−

→

X
D

)
r2 < Pi(t)andr1 ≥ z

→

step
b

.
→

X
i
(t) r2 ≥ Pi(t)andr1 ≥ z

  Fig. 3       The fl owchart of the 

proposed SHO algorithm  
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   ⃖⃖⃗XGbest     denotes the price of the world-class optimal health 

achieved across repetition   1     toward   t     . Additionally, the vari-

ables   r1     and   r2     represent arbitrary values that fall between 

  [0, 1]     . A probability represented by   z     is used to eliminate 

and spread the slime mold. In the framework of this inves-

tigation, the constant value of   z     is   0.03     (Naik et al.  2021 ). 

Equation ( 14 ) The physical fi tness values are arranged in 

increasing direction.

       

 Equation ( 15 ) is employed to compute   ⃖⃖⃗U    .

       

 A randomly generated arbitrary number,   r3     , in the inter-

val [0,1], is used.   fLworst     and   fLbest     , respectively, display the 

local fi tness values acquired throughout the current itera-

tion and refl ect the least favorable and highest values. Equa-

tions ( 16 – 17 ) to determine these fi tness scores.

      

and

       

 The parameter,   Pi     , which denotes the probability of cho-

sen the route for the   i − th     gunk mold, is defi ned by the equa-

tion shown that follows:

       

 For each  i = 1, 2, ..., N     , the fi tness value of the   i − th     slime 

mold in   Xi     is determined by   f
(
Xi

)
.     The supreme perfor-

mance level recorded at the onset of the repetition up toward 

the present restatement is represented by   fGbest     . An even dis-

tribution from -a to a determines the amount of steps in 

scale, which is represented by   (step)a     . In a similar manner, a 

uniform dispersion from   −b     to   b     determines the step's size, 

denoted by   ⃖⃖⃖⃖⃖⃖⃖⃖⃖⃗(step)b     . Equation ( 19 ), a function of the current 

iteration   t      and the maximum iteration   T      , yields the values 

of   a     and  b    :

      

and

 (14)
[
sortf , sortIndex

]
= sort(f ), where f = {f1, f2,… ., fN}

 (15)

→

U (sort Index(j)) =

⎧⎪⎨⎪⎩
1 + r3. log

(
fLbest − sortf (j)

fLbest − fLworst

+ 1

)
1 ≤ j ≤

N

2

1 − r3. log

(
fLbest − sortf (j)

fLbest − fLworst

+ 1

)
N

2
< j ≤ N

 (16)fLbest = sortf (1)

 (17)fLworst = sortf (N)

 (18)Pi = tanh
|||f (Xi

)
− fGbest

|||

 (19)a = arctanh
(
−
(

t

T

)
+ 1

)

       

 Equation ( 20 ) shows that even with the SMA’s encour-

aging findings, the search procedure still has to be 

improved. Keep in mind that adding random slime molds 

might cause the search to go in a diff erent direction. The 

eff ectiveness of the search procedure for choosing indi-

viduals   XD     and   XC     from an inventory of   N      slime molds 

may be limited by the local minimums. This section pre-

sents the EOSM, a novel optimization method. ‏This algo-

rithm replaces the position vector   ⃖X⃗A     array within deduced 

characteristics after a symmetry pond of 4 larger location 

courses. After that, the average position of this selection is 

computed utilizing the Equilibrium Enhancer   (EO)     concept 

as a reference. Equation ( 21 ) identifi es the balanced pool's 

constituent parts with precision.

       

 The equilibrium pool is built using a collection of fi ve-

position vectors, represented by   
→

X
eq,pool

     

       

 In ESMA, the  place course  for the   i − th     goo 

cast,  Xi(j = 1, 2, ..., N)     , during the novel repetition   (t + 1)     is 

represented by the following Eqs. ( 23a ), ( 23b ), and ( 23c ):

      

      

       

 The position vector   ⃖X⃗eq     is acquired by choosing a vec-

tor at random from the equilibrium pool. The algorith-

mic instrument   z     guarantees the eff ectiveness of ESMA 

by restricting restricted local occurrence and promoting 

 (20)b = 1 −
t

T

 (21)

→

X
eq(1)

= X(sortIndex(1))

→

X
eq(2)

= X(sortIndex(2))

→

X
eq(3)

= X(sortIndex(3))

→

X
eq(4)

= X(sortIndex(4))

→

X
ave

=

→

X
eq(1)

+
→

X
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 (23a)
→

Xi (t + 1) = r1.(UB − LB) + LB, when r1 < z

 (23b)

→

Xi (t + 1) =
→

XGbest +
→

stepa .

(
→

U .
→

X
eq

−
→

X
D

)
, when r2 < pi(t) and r1 ≥ z

 (23c)
→

Xi (t + 1) =
→

stepb .
→

Xi (t), when r2 ≥ pi(t) and r1 ≥ z
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exploration throughout the search phase. This is accom-

plished using a threshold value of 0.03 that was determined 

through testing. Notably, the  ESMA  method modifi es the 

place itinerary in the next cycle by fusing a randomly gen-

erated path with the local best spot and the global ideal 

position obtained from the current highest managing 

storehouse. This approach enables a fair trade-off  between 

usage and examination. Detailed in Algorithm 1 is the sug-

gested   ESMA     . In Fig.  4 , an   ESMA     fl owchart is shown.         ‏

  Fig. 4       The ESMA fl owchart  
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    Performance evaluation methods 

 A variety of metrics, including the previously mentioned 

Mean Square Error (MSE), Mean Normalized Bias (MNB), 

Correlation Coeffi  cient  (R 2 ), Scatter index (SI), Root Mean 

Square Error (RMSE), Mean Absolute Relative Error 

(MARE), and n10_index are used in this article to assess 

the models. An algorithm that has a high  R 2  score has done 

well across the stages of testing, validation, and training. On 

the other side, smaller MSE and RMSE levels are preferable 

as they show fewer model failures. Equations ( 24 – 30 ) are 

used to calculate these measures. ‏

    

•

          

   
•

          

   

•

          

 (24)

Coefficient of Correlation R2 =

⎛⎜⎜⎜⎜⎜⎝
∑W

i=1

(
hi − h

)(
li − l

)
√[∑W

i=1

(
hi − h

)2
][∑W

i=1

(
li − l

)2
]
⎞⎟⎟⎟⎟⎟⎠

2

 (25)Root Mean Square Error RMSE =

√√√√ 1

W

W∑
i=1

(
li − hi

)2

 (26)Mean Square Error MSE =
1

W

W∑
i=1

(
li − hi

)2
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•

          

   

•

          

   
•

          

   

•

            

 In these equations,   hi     and   li     allude to the forecasted 

and experimental principles correspondingly. The mean 

values of the experimental samples and predicted are 

denoted by   h     and   l      , alternatively.   W      signifies the quan-

tity of data points under examination. 

    Hybridization and ensembling 

 Hybridization and ensembling are probably the most mean-

ingful strategies in predictive modeling, where each brings 

forth a diff erent advantage in the case of complex tasks 

related to heating load prediction. In general, hybridization 

refers to the putting together of two or more techniques or 

methodologies into one single better technique. In the con-

text provided herein, this is illustrated by the integration of 

state-of-the-art machine learning techniques with special-

ized optimization algorithms. The combination of the RFR 

model and SHO with ESMA allowed researchers to lever-

age the strengths of ML and optimization in improving 

heating load predictions. On the other hand, ensembling 

involves aggregating the predictions of several models 

into one fi nal prediction, which usually outperforms indi-

vidual models. This means that for the RFSE approach, 

assembly is done by combining the random forest model's 

predictions with the predictions of the SHO and ESMA 

optimization algorithms. This ensembling of outputs from 

the various techniques gives better performance compared 

to any single model or optimization algorithm. The syn-

ergy between hybridization and ensembling is realized in 

the RFSH model that emerges as the top performer in the 

 (27)Mean Normalized Bias MNB =
1

W

W∑
i

li − hi

li − l

 (28)Scatter Index SI =
RMSE

meam
(
li
)

 (29)N10_index n10index =
w10

w

 (30)

Mean Absolute Relative Error MARE =
1

W

W∑
j

||li − hi
|||||l − h
|||

heating load prediction, while the integration of the Ran-

dom Forest model with the Sea-Horse Optimizer will be 

done in a strategic way to enable researchers to leverage 

its strengths through complementary capabilities of both 

methods toward delivering an exceptionally accurate and 

reliable predictive tool. In any case, this work’s success-

ful application of hybridization and ensembling underlines 

their potential concerning effi  cient solution fi nding in com-

plex real-world challenges. Combining various methodolo-

gies and exploiting the collective intelligence stemming 

from multiple models allows researchers to attain break-

throughs in predictive accuracy and performance, as shown 

in the context of heating load prediction. Such strategies 

represent an interesting tool for enhancing predictive mod-

eling and encouraging innovation across various fi elds. 

    K-fold cross validation 

 During the k-fold cross-validation process, the dataset is 

partitioned into ‘k’ equal subsets (folds). The model is then 

trained iteratively ‘k’ times, where in each iteration, one 

fold is designated as the test set, while the remaining k−1 

folds are utilized for training. This cycle continues until 

each fold has been used exactly once for testing, ensur-

ing a robust evaluation of the model’s performance across 

all data segments. In this study, a fi ve-fold cross-validation 

approach was adopted, dividing the dataset into fi ve dis-

tinct subsets. The model underwent fi ve training cycles, 

with each iteration utilizing four folds for training and the 

remaining fold for validation. This systematic evaluation 

framework provides a comprehensive performance assess-

ment, mitigating overfi tting risks and enhancing the model's 

generalizability. Table  4  presents the  R 2  and RMSE values 

obtained from the fi vefold cross-validation process. The 

results indicate that the 5th fold yielded the highest  R 2  value 

of 0.9777 and the lowest RMSE of 1.5088, demonstrating 

superior predictive performance in that specifi c iteration.  

     Results and discussion 

   Investigate the convergence curve 

 Figure   5  gives the convergence patterns in detail of the 

3D hybrid models that tap the synergy between diff erent 

  Table 4       The results of the 

K-Fold cross-validation  
  Model    Indicator    Number of K-fold  

   K1      K2      K3      K4      K5   

  RFR    RMSE    1.6520    1.5491    1.5523    1.6437    1.5088  

  R 2     0.9734    0.9764    0.9763    0.9734    0.9777  
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  Fig. 5       A three-dimensional bar 

plot illustrating the convergence 

of hybrid models  

  Table 5       The result of developed 

models for RF  
  Model    Phase    Index values  

  RMSE    R 2     MSE    SI    MNB    n10_index    MARE  

  RF    Train    1.469    0.979    2.159    0.066    − 0.003    0.913    0.043  

  Validation    1.761    0.969    3.101    0.082    − 0.008    0.870    0.051  

  Test    1.815    0.968    3.296    0.079    − 0.007    0.904    0.047  

  All    1.572    0.976    2.470    0.070    − 0.005    0.905    0.045  

  RFSH    Train    0.550    0.997    0.302    0.025    − 0.001    0.998    0.016  

  Validation    0.986    0.990    0.972    0.046    − 0.004    0.974    0.028  

  Test    1.030    0.989    1.061    0.045    − 0.005    1.000    0.027  

  All    0.718    0.995    0.516    0.032    − 0.002    0.995    0.020  

  RFES    Train    1.054    0.989    1.111    0.047    − 0.005    0.955    0.036  

  Validation    1.427    0.979    2.037    0.066    − 0.012    0.930    0.050  

  Test    1.458    0.979    2.127    0.063    − 0.003    0.870    0.049  

  All    1.184    0.986    1.402    0.053    − 0.006    0.939    0.040  

  RFSE    Train    0.670    0.996    0.449    0.030    − 0.003    0.985    0.022  

  Validation    1.027    0.989    1.055    0.048    − 0.008    0.965    0.034  

  Test    1.035    0.989    1.072    0.045    − 0.004    0.974    0.031  

  All    0.796    0.994    0.633    0.036    − 0.004    0.980    0.025  
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machine learning algorithms. The root mean square error, 

probably one of the most important indications of model 

performance due to its relation with the prediction accu-

racy, is plotted against the y-axis of this graph while the 

x-axis plots the number of iterations, which follows the 

development of model refi nement. Each of the hybrid mod-

els, labeled RFSH and RFES, respectively, was positioned 

diff erently along the z-axis. From plotting, as the iterations 

increased, the RMSE kept falling for all models. This shows 

improved predictive performance due to the incorporation 

of additional training data. The model RFSH, particularly, 

always remains better than RFES and other models, which 

is justifi ed by its continuous lower RMSE. Among these, the 

RFSH model confi rms its remarkable accuracy in heating 

load forecasting during the last iteration, with the very low 

value of RMSE amounting to 0.550. In conclusion, Fig.  5  

highlights the exceptional predictive ability of the RFSH 

model, emphasizing its superiority over RFES models and 

confi rming its accuracy in heating load forecasting.         

    Evaluation of developed models 

 The investigation’s primary objective was to forecast heating 

load utilizing four distinct models: RFR, RFSH, RFSE, and 

RFES. In order to ensure an unbiased assessment of these 

models' performance, the research divided the experimental 

data into three phases: training   (70%)     , validation   (15%),     and 

testing   (15%).     In order to conduct a thorough assessment and 

direct comparative analysis of these algorithms, the research 

employed fi ve statistical metrics, namely  R 2 , RMSE, MNB, 

SI, MSE, n10_index, and MARE, as displayed in Table  5 . 

Figure  6 , on the other hand, visually presented the assess-

ment of developed models, with a focus on RMSE,  R 2 , and 

SI for comparison.

    •  The central focus of the model evaluation was directed 

toward the  R 2  values, which gauge how well the inde-

pendent variable accounts for changes in the dependent 

variable. During the training phase, the RFSH model 

demonstrated exceptional predictive accuracy, achiev-

ing the highest  R 2  value of 0.997 among all models, sur-

passing the others. Conversely, the RFR model exhib-

ited slightly lower  R 2  values of 0.979 during the training 

phase.‬‬‬  
   •  Furthermore, the study investigated other error indica-

tors, such as RMSE, which ranged from 0.550 to 1.469. 

Interestingly, the RFR model exhibited the greatest error 

rates, whilst the RFSH model exhibited the lowest mis-

takes.  

   •  Concerning MSE, the RFR model yielded the highest and 

least favorable values during the training phase (MSE: 

2.159), while the RFSH model recorded the lowest and 

most favorable values of 0.302 during the training phase.  

   •  All things considered, the data point to the RFSH model 

performing better in certain phases than the RFR, RFSE, 

and RFES models. However, it is important to take other 

factors like model complexity, computing effi  ciency, and 

simplicity of implementation into account when choosing 

a model for real-world applications.     ‏

            Figure  7  presents a scatter plot of hybrid models’ perfor-

mance in the training, validation, and testing stages, using 

 R 2  and RMSE criteria. The RFSH model shows exceptional 

accuracy and has the core line surrounded by densely packed 

data points -indicating minimal dispersion and high agree ,‏

ment. The RFES, RFSE, and RFR models show comparable 

performance levels, but broader dispersion implies higher 

error and slightly reduced accuracy compared to the RFSH 

model. The study highlights the importance of  R 2  and RMSE 

in assessing model performance.         

 In Fig.  8 , a line symbol plot eff ectively visualizes the 

models’ related proportions of errors developed during the 

three phases of train, validation, and testing. In the training 

phase, RFSH stands out with the lowest error rate, at a mere 

28%. This is underscored by most of its error values cluster-

ing around the 10% mark, indicating remarkable accuracy 

  Fig. 6       Comparison between developed models based on RMSE,  R 2 , and SI  
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and consistency in this phase. Conversely, a diff erent pic-

ture emerges when turning attention to the RFR, RFSE, 

and RFES models. These models exhibit a more extensive 

distribution of error percentages. In the case of RFR, there 

is a notable concentration of error values exceeding 59% 

during the training phase, suggesting signifi cant challenges 

in achieving accuracy during this stage. For the same period, 

that is, during the validation phase, RFES gives error values 

clustered around 32%, revealing its inability to hold on to 

performance. This graph shows striking diff erences in the 

level of performance between the models at diff erent stages, 

all the while attesting to the accuracy and reliability during 

training of RFSH but signaling problems for the other RFR, 

RFSE, and RFES, most especially during training and vali-

dation phases.         

 A half-violin diagram in Fig.  9  shows the error percent-

ages for the models this research looked at. During the 

training phase, the mean error rate was an incredible 0%, 

the RFSH model distinguished itself. Its error distribution 

showed a well-formed normal curve with little dispersion, 

continuously staying below the 10% cutoff , indicating posi-

tive outcomes. The RFR model, on the other hand, displayed 

deviation in every phase and a normal curve that was sym-

metrical and equally distributed. However, this model main-

tained an error rate below 22%. Of all four, the diff erences 

between RFES and RFSE were highly marked and variable. 

  Fig. 7       The scatter plot for the developed models  
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  Fig. 8       Mistake fraction aimed at the cross replicas in accordance with the Line Symbol plot  

  Fig. 9       The developed models' half violin of errors  
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An unexpected feature in the validation process was an out-

lier data point consisting of more than 18% of the data, a rare 

feature when carrying out statistical analyses.          ‏
 Figure  10  shows the REC curve, comparing the predic-

tion performance of four diff erent ML models against heat-

ing load prediction. The x-axis gives the deviation from the 

predicted value while the y-axis depicts the accuracy, fully 

informing about the model performance for various error 

threshold levels. The vertical dotted line at zero provides the 

reference point for the error threshold. There are four marked 

curves on the graph, each belonging to one of the model's 

predictive performances. The RFSH is quite exceptionally 

high in terms of accuracy; this refl ects the high predictive 

power for heating load. RFES and RFSE follow with quite 

good performances, whereas the curve associated with the 

RFR model is fairly below in terms of accuracy. The area 

under the curve, as defi ned by AUC-REC, is a key metric 

used to predict overall model performance. In this fi gure, 

the respective metric value is given next to each correspond-

ing curve where values of 0.944 for RFR, 0.949 for RFES, 

0.962 for RFSE, and an impressive value of 0.968 for RFSH. 

While the higher value of AUC-REC corresponds to better 

model performance, once again, the RFSH model qualifi es 

as a dominant and accurate one in the prediction of heating 

load.         

 Figure   10  speaks volumes about the excellence of 

RFSH, integrating the RF model with two optimization 

techniques. This is to maximize the synergy between the 

strengths of Machine Learning and optimization method-

ologies. The proposed predictive model also shows bet-

ter performance in handling various intricacies of heat-

ing load prediction with the highest accuracy and robust 

performance. The RFSH model follows a natural process 

and stands as the best option for providing better enlight-

enment in securing better energy effi  ciency and optimizing 

heating systems in real-world applications. 

    Sensitivity analysis based on SHAP 

 Understanding the infl uence of individual features on model 

predictions is crucial for interpretability, and Shapley Addi-

tive Explanations (SHAP) provide a mathematically rigor-

ous approach to achieve this. SHAP values decompose a 

model’s predictions, quantifying the contribution of each 

feature in a transparent and interpretable manner. As illus-

trated in Fig.  11 , the analysis indicates that Wall Area and 

Overall Height have the most signifi cant positive impact on 

HL values. Conversely, Surface Area and Roof Area exhibit 

the strongest negative infl uence, suggesting their relatively 

lower importance in shaping the model's predictions. By 

leveraging SHAP, this study ensures a comprehensive under-

standing of feature importance, ultimately enhancing the 

trustworthiness and explainability of the machine learning 

model.         

     Conclusion 

 The paper proposes a novel method for improving the 

accuracy of heating load forecasting by applying machine 

learning techniques, particularly focusing on random forest 

regression algorithms. The proposed methodology will be 

cost-eff ective and will simplify the process of heating load 

estimation considerably. At the heart of this eff ort lies an 

  Fig. 10       Producing a REC curve to evaluate the eff ectiveness of the 

top-performing hybrid models  

  Fig. 11       Results of SHAP sensitivity analysis for the impact of inputs 

on the output values  
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advanced ML model based on the algorithmic foundation 

of RFR. The four models obtained by the research are RFR, 

RFSH, RFSE, and RFES. These are skillfully combined 

models of SHO and ESMA meta-heuristic algorithms with 

the ensembling to take advantage of the strengths of the 

optimizer technique in skillful fusion for high accuracy and 

minimizing errors. These models obtained here are fully val-

idated through extensive training, effi  cient model validation, 

and testing using laboratory samples from the published lit-

erature. The performances of the models were evaluated in 

terms of several metrics, such as RMSE, MSE,  R 2 , SI, MNB, 

n10_index, and MARE. All these metrics together give an 

in-depth understanding of the forecast performance of gen-

eral models as well as their effi  ciency in estimating heating 

load. This is a great contribution to knowledge about the 

elements that infl uence heating load and the building energy 

area through the application of machine learning methods. 

It, therefore, provides the basis for a more realistic and har-

monized estimation of heat load in a wide range of techni-

cal applications. The analysis showed that the RFR model 

had the lowest  R 2  value, which was 1.6% marginal variance, 

while the highest  R 2  values were consistently contributed 

by the RFSH models. Error indicators also pointed out that 

the RFSH models outperformed RFR, RFSE, and RFES 

models in performance by constantly showing fairly lower 

error levels. The RFSH models recorded the lowest RMSE 

values in each phase on a continuous basis; these diff erences 

were 71%, 38%, and 44% greater than those of the RFR, 

RFSE, and RFES models, respectively. This highlights the 

outstanding ability of these models to provide precise and 

trustworthy heating load estimates.  ‏
 A crucial aspect of model development involves balanc-

ing complexity and accuracy, as more sophisticated models 

often enhance predictive performance but may also intro-

duce computational challenges and reduced interpretability. 

In this study, while the RFSH models demonstrated supe-

rior accuracy, consistently achieving the highest  R 2  values 

and the lowest RMSE, their complexity, stemming from the 

integration of SHO and ESMA meta-heuristic algorithms, 

must be considered. In contrast, the RFR model, though less 

accurate, off ers a simpler and computationally effi  cient alter-

native. The trade-off  highlights that while advanced ensem-

bling and optimization techniques signifi cantly improve 

prediction accuracy and minimize errors, they also require 

greater computational resources and may be more challeng-

ing to implement in real-world applications. Future research 

will explore strategies to optimize this balance, ensuring that 

enhanced model performance does not come at the expense 

of practicality and effi  ciency. 
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