
Journal of King Saud University - Science 36 (2024) 103473 

A
1
(

Contents lists available at ScienceDirect

Journal of King Saud University - Science

journal homepage: www.sciencedirect.com

Full Length Article

Cloud spot instance price forecasting multi-headed models tuned using
modified PSO
Mohamed Salb a, Luka Jovanovic a, Ali Elsadai a, Nebojsa Bacanin a,b,c, Vladimir Simic d,e,f,
Dragan Pamucar g,∗, Miodrag Zivkovic a

a Singidunum University, Danijelova 32, Belgrade, 11000, Serbia
b Department of Mathematics, Saveetha School of Engineering, SIMATS, Thandalam, Chennai, Tamilnadu, 602105, India
c MEU Research Unit, Middle East University, Amman, Jordan
d University of Belgrade, Faculty of Transport and Traffic Engineering, Vojvode Stepe 305, Belgrade, 11010, Serbia
e Yuan Ze University, College of Engineering, Department of Industrial Engineering and Management, Taoyuan City, 320315, Taiwan
f Department of Computer Science and Engineering, College of Informatics, Korea University, Seoul, 02841, Republic of Korea
g Széchenyi István University, Györ, Hungary

A R T I C L E I N F O

Dataset link: https://www.kaggle.com/datasets
/berkayalan/aws-ec2-instance-comparison

Keywords:
Cloud computing
Gated recurrent units
Long short term memory
Particle swarm optimization
Spot price forecasting

A B S T R A C T

The increasing dependence and demands on cloud infrastructure have brought to light challenges associated
with cloud instance pricing. The often unpredictable nature of demand as well as changing costs of supplying
a reliable instance can leave companies struggling to appropriately budget to support a healthy cash flow
while maintaining operating costs. This work explores the potential of multi-headed recurrent architectures
to forecast cloud instance prices based on historical and instance data. Two architectures are explored, long
short-term memory (LSTM) and gated recurrent unit (GRU) networks. A modified optimizer is introduced
and tested on a publicly available Amazon elastic compute cloud dataset. The GRU model, enhanced by the
proposed modified approach, had the most impressive outcomes with an MAE score of 0.000801. Results have
undergone meticulous statistical validation with the best-performing models further analyzed using explainable
artificial intelligence techniques to provide further insight into model reasoning and information on feature
importance.
1. Introduction

Cloud computing has risen in demand for hosting applications that
deploy a large number of processing resources. Customers may face
significant leasing rates as a result of this. Precise pricing forecasting
is critical for consumers of cloud services (Dadashov et al., 2014). By
predicting the demand, Artificial intelligence (AI) and machine learning
(ML) can aid in scaling resources up or down automatically to deal with
different loads properly (Yazdi and Komasi, 2024; Younas et al., 2024).
ML models can also be used for cost prediction and management,
allowing better budget management.

A challenge all ML models face is the necessity to tune their hy-
perparameters, which is widely regarded as an NP-hard challenge.
Metaheuristics algorithms have proven to be capable of reaching satis-
factory solutions. The research proposed in this article aims to improve
cloud spot price prediction accuracy by tuned multi-headed gated
recurrent units (GRU) (Dey and Salem, 2017) and long short-term
memory (LSTM) (Greff et al., 2016) deep learning models, as part of
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a developed ML framework. These architects are chosen due to their
unique ability to address time-series forecasting well due to intrinsic
memory retention mechanisms. A modified variant of particle swarm
optimization (PSO) (Kennedy and Eberhart, 1995) is also introduced.
The objectives of this study are:

• A modified PSO is proposed to address observed drawbacks.
• Integrated into ML framework for cloud spot instance price fore-

casting.
• The performance is assessed using real-world datasets and com-

pared to other sophisticated metaheuristics.
• Shapley additive explanations (SHAP) (Lundberg and Lee, 2017)

is used to analyze top model findings and evaluate feature usage.

The reminder of this work is organized as: Section 2 reviews rel-
evant literature and cloud computing architecture. Section 3 outlines
the proposed method, including modifications. Section 4 displays the
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dataset, experiments, and outcomes. Finally, Section 5 conclusion eval-
uates facts and research suggestions.

2. Background and literature review

Cloud computing gives consumers easy access to a combined reser-
voir of computer power managed by service providers (Mell et al.,
2011). Spot pricing in auction-based public clouds is decided on con-
sumers’ needs. making forecasting spot prices challenging (Singh and
Dutta, 2015). Previous research of Ben-Yehuda and his colleagues (Ag-
mon Ben-Yehuda et al., 2013), sought to reveal Amazon’s pricing
methods for underutilized EC2 capacity. The current scheduling meth-
ods include a variety of statistical techniques to help Cloud consumers
identify shifts in spot pricing (Heidari et al., 2023; Heidari and Ja-
fari Navimipour, 2022; Norozpour and Darbandi, 2020). Novel research
in the field helps handle cloud computing in more efficient ways (Dar-
bandi et al., 2018, 2012; Darbandi, 2017a). Cloud services have gained
much from recent works as well (Darbandi, 2017b; Heidari et al.,
2024a)

As per the ‘‘no free lunch’’(NFL) (Wolpert and Macready, 1997),
a single approach is equally suitable to all challenges. Additionally,
metaheuristics algorithms have been effectively utilized in a variety
of NP-hard challenges, including brain tumor designation from MRI
scans (Jovanovic et al., 2022b), COVID-19 infection forecasting (Ba-
canin et al., 2023; Zivkovic et al., 2022), neural network and hy-
perparameters’ optimization (Jovanovic et al., 2022a; Bacanin et al.,
2022), recognizing credit card fraud (Jovanovic et al., 2022). Further
applications include (Heidari et al., 2024b)

2.1. Multi-headed recurrent architecture

A multi-headed artificial neural network (Bu and Cho, 2020) is
a uniquely designed network architecture with several branches or
‘‘heads’’. Multi-headed networks are best for processing multiple data
sources at once. Sequential data is commonly handled by LSTMs. It
solves fading gradients with memory cells and gate controllers. Three
gates (input, forget, and output) formed the LSTM design. These gates
control unit information flow. The LSTM design helps it preserve
long-term dependencies better than RNNs.

A GRU network is a recurrent architecture variation with fewer
parameters and computational complexity than LSTM networks. Yet,
it performs similarly in many applications. Only reset and update
gates were used in the GRU architecture. This approach lets the GRU
capture sequential data dependencies without the expense of LSTMs.
In multi-headed designs, LSTM and GRU cells allow network heads
to handle complex temporal relationships in data discreetly, reducing
computational expenses and making the network more resistant to
overfitting.

3. Proposed method

3.1. Modified PSO algorithm

The initialization equation for PSO typically generates random
agent positions and velocities. Equation representation:

𝑥𝑖,𝑑 (0) = 𝑟𝑛𝑑() × (𝑚𝑎𝑥 − 𝑚𝑖𝑛) + 𝑚𝑖𝑛 (1)

The symbol 𝑥 represents the starting coordinates of particle 𝑖 in di-
mension 𝑑, denoted as 𝑥𝑖,𝑑 (0). The function 𝑟𝑛𝑑() produces a random
decimal number inside the bounds of 0 to 1. The terms 𝑚𝑎𝑥 and 𝑚𝑖𝑛
provide the upper and lower limits for the search area in dimension 𝑑.

Particles measure speed and move in every iteration. The particle’s
ideal prior location is indicated by 𝑝𝑖,𝑑 , while the particle’s global opti-
mal location is denoted by 𝑝𝑔,𝑑 . The present speed of the 𝑖th particle’s
𝑑 − 𝑡ℎ dimension at time 𝑡 may be determined using this equation:

𝑣𝑖,𝑑 (𝑡) = 𝑤 × 𝑣𝑖,𝑑 (𝑡 − 1) + 𝑐1 × 𝑟𝑛𝑑1 × (𝑝𝑖,𝑑 (𝑡 − 1) − 𝑥𝑖,𝑑 (𝑡 − 1)) + 𝑐2 (2)

×𝑟𝑛𝑑2 × (𝑝𝑔,𝑑 − 𝑥𝑖,𝑑 (𝑡 − 1))

2 
𝑣𝑖,𝑑𝜖[−𝑣𝑚𝑎𝑥, 𝑣𝑚𝑎𝑥] (3)

where this equation has several parts. The 𝑟𝑛𝑑 function demonstrates
an arbitrary number produced within the range of [0, 1]. Individual
and social learning features are represented by the variables 𝑐1 and 𝑐2.
The inertia weight is represented by 𝑤, which is employed to balance
local and global intensification. The particle’s speed is restricted to a
range of [−𝑣𝑚𝑎𝑥, 𝑣𝑚𝑎𝑥], where 𝑣𝑚𝑎𝑥 is a specified perimeter number. This
constraint guarantees that the particle’s travel stays inside a specific re-
gion. The size of the searching areas within the present and destination
coordinates is determined by the value of 𝑣𝑚𝑎𝑥.

The basic PSO (Kennedy and Eberhart, 1995) performs well for
different optimization problems. The basic algorithm constraints have
been found through thorough experimentation with a standard collec-
tion of CEC benchmark functions (Cheng et al., 2018). By increasing
solution diversity during initialization and algorithm runs, these mod-
ifications aim to address limited exploration. There were three basic
PSO alterations.

The initial alteration incorporates chaotic elite learning to enhance
individual particles by generating novel solutions nearby, which en-
sures population diversity and helps escape sub-optimal regions. A
logistic map, as stated in Eq. (4), is the focus of this modification:

𝐶𝑖+1 = 4 × 𝐶𝑖 × (1 − 𝑐𝑖) (4)

in which 𝑖 represents the integration number, 𝑐𝑖 denotes a chaotic
value in round 𝑖, while the initial value of 𝑐0 is synthesized randomly
inside [0, 1]. The optimum individual 𝑋𝑖 updates its location by utilizing
Eq. (5):

𝑋}
𝑖,𝑗 = 𝑋𝑖,𝑗 + 𝑟𝑎𝑛𝑑 × (×𝑐𝑖 − 1) (5)

where 𝑋}
𝑖,𝑗 represents the 𝑗th part of the best solution.

Further on, the algorithm employs the Lévy flight procedure to
enhance updates of the positions. By providing each solution the oppor-
tunity arises to occasionally execute long flight jumps. This facilitates
escaping from sub-optimal areas and improves the general perfor-
mance of the individual particle. While the algorithm converges to the
promising region, this long flight distance is dynamically decreased.

𝑋}
𝑖,𝑗 = 𝑋𝑏𝑒𝑠𝑡

𝑖,𝑗 × 𝐿 × 𝑒 (6)

𝑒 = 𝑎
2

(7)

where 𝑋𝑖,𝑗 represent a individual’s components that are modified, 𝑋𝑏𝑒𝑠𝑡
𝑖,𝑗

denotes the best solution, while 𝑒 corresponds to the scaling factor and
𝑎 is obtained with respect to the following:

𝑎 = 1 + 𝑐𝑜𝑠(𝜋 + 𝑡
𝑇
) (8)

where 𝑡 marks the ongoing round, and 𝑇 represents the maximum count
of rounds. The value of 𝐿 is the Lévy flight distribution which can be
obtained by:

𝐿 = 𝑠 ×
𝜇 × 𝜙

|𝑣|
1
𝜏

(9)

where 𝜏 represents the Lévy flight index, 𝑆 denotes a constant preset
to value of 0.01 preventing extremely remote flights, while 𝜇 and 𝑣 are
arbitrarily selected within [0, 1]. The 𝜙 value may be obtained by:

𝜙 =
(𝛤 (1 + 𝜏) × sin ( 𝜋×𝜏2 )

𝛤 ( 1+𝜏2 ) × 𝜏 × 2
𝜏−1
2

)
1
𝜏

(10)

here, the 𝛤 value is calculated by:

𝛤 (1 + 𝜏) = ∫

∞

0
𝑥𝜏𝑒−𝑥𝑑𝑥 (11)

Lastly, the third modification incorporates a low-level hybrid mech-
anism with the firefly algorithm (FA) (Yang and Slowik, 2020). The
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FA’s search procedure given by Eq. (12) is merged with the modified
metaheuristics to further improve the exploration phase.

𝑋𝑡+1
𝑖 = 𝑋𝑡

𝑖 + 𝛽0 ⋅ 𝑒
−𝛾𝑟2𝑖,𝑗 (𝑋𝑡

𝑗 −𝑋𝑡
𝑖 ) + 𝛼𝑡(𝜅 − 0.5) (12)

where 𝛼 is the randomization parameter, 𝜅 is a pseudo-random value
drawn from the Gaussian distribution. The parameter 𝛾 represents the
properties of the environment, 𝛽0 denotes the maximal attractiveness
of a single solution, and 𝑅𝑖,𝑗 marks the range among solutions.

To allow fair metaheuristics contributions, it was necessary to im-
plement a supplementary search control variable 𝜃. If the value of 𝜃
is larger than the current iteration 𝑡, every individual randomly selects
which algorithm will be employed. A random number is generated from
a uniform distribution within [0, 1]. If this value is larger than 0.5 the
FA search procedure is employed. For this research, a 𝜃 value was
empirically established, and the best outcomes were obtained at 𝜃 = 3.

The formulated metaheuristics were labeled PSO with dynamic
strategy change (PSO-DSC). The pseudocode of the PSO-DSC is ex-
plained in Algorithm 1.

Algorithm 1 PSO-DSC pseudo-code
1: Initialize parameters
2: Synthesize a populace 𝑋 by employing chaotic initialization
3: while (𝑡 < 𝑇 ) do
4: Calculate fitness of all solutions and note the best
5: for ( each solution in 𝑋 ) do
6: if 𝑡 > 𝜃 then
7: Utilize PSO search procedure
8: else
9: Produce random number 𝑟𝑛𝑑

10: if 𝑟𝑛𝑑 < 0.5 then
11: Utilize PSO search procedure
12: else
13: Utilize FA search procedure
14: 𝑡 = 𝑡 + 1
15: Return the best solution from 𝑋

4. Experimental setup, analysis and discussion

The suggested methods are evaluated by employing real-world spot
pricing data from Amazon EC2’s ’us-west’ area. The dataset covers huge
Linux VMs. Inputs include ‘c38xlarge’,‘m44xlarge’, and ‘r38xlarge’,
with the final price forecasting one step ahead. The dataset analysis
starts from 24.03.2017. Due to the huge dataset sample size, a smaller
sub-sample is used. Kaggle hosts the original dataset.1 The available
data is a 10-lag time-series. Data is split into training validation and
evaluation subsets for investigation. An initial 70% (1200 samples)
are allotted for training, 10% for validation and the remainder for
evaluation.

Several metaheuristic optimizers are applied to the optimization of
both LSTM and GRU networks in two separate experiments. A compar-
ative analysis is carried out between the introduced modified algorithm
and the original PSO (Kennedy and Eberhart, 1995). Additional algo-
rithms included in the comparisons are ‘‘genetic algorithm’’ (Mirjalili
and Mirjalili, 2019) (GA) and COLSHADE (Gurrola-Ramos et al., 2020)
optimizes. Well-established swarm optimizes such as the ‘‘firefly algo-
rithm’’ (Yang, 2009) (FA), ‘‘artificial bee colony’’ (Karaboga and Bas-
turk, 2008) (ABC) and ’’Harris hawk optimizes‘‘ (Heidari et al., 2019)
(HHO) are also included. The ’’variable neighborhood search’’ (Mladen-
ović and Hansen, 1997) (VNS) algorithm is also used in the comparative
analysis. Each optimizer is given a population size of five and five

1 https://www.kaggle.com/datasets/berkayalan/aws-ec2-instance-
omparison
3 
iterations to enhance population quality. To accommodate for ran-
domness, simulations are conducted over 30 times independently. To
prevent over-training an early stopping criterion is used based on the
equal to one-third of training epochs. Parameter ranges from both
LSTM and GRU are optimized from a constrained including learning
rate [0, 0001, 0.01], dropout [0.05, 0.2], epochs [10, 30], neurons per layer
[10, 30].

Evaluation of models involves standard regressing measures such
as ‘‘root mean square error’’ (RMSE), ‘‘mean absolute error’’ (MAE),
‘‘mean square error’’ (MSE), and ‘‘coefficient of determination’’ (𝑅2).
The objective metric is MSE, and R2 is the indicator function. An
additional metric, the index of agreement (IoA), was used to evaluate
synthesized models (Eq. (13)).

𝐼𝑜𝐴 = 1 −
∑𝑛

𝑖=1(𝑦𝑖 − �̂�𝑖)2
∑𝑛

𝑖=1(|𝑦𝑖 − �̄�| + |𝑦𝑖 − �̂�𝑖|)2
, (13)

here 𝑦𝑖 and 𝑦𝑖 one more time denote the real and predicted values
nd �̄� is the average value of real data. If this index has a significant
alue the model’s performance is good, suggesting strong agreement.

A flowchart of the proposed experimental framework describing
ataset preparation, and the optimization process is provided in Fig. 1.

.1. Simulation outcomes

.1.1. Simulations with LSTM networks
The objective (MSE) function outputs for the best, worst mean,

nd median LSTM simulations are presented in Table 1, followed by
omprehensive evaluations within the most promising models. The
roposed optimizer demonstrates impressive outcomes, outperforming
ll competing metaheuristics demonstrating an MSE of 1.33𝐸 − 06 in
he best-case execution. Furthermore, the proposed optimizer achieved
he highest outcome for the median and mean cases demonstrating
n objective function score of 1.48E−06 and 1.33E−06 respectively.
he FA algorithm demonstrates adorable stability, with more stability
valuations shown in Fig. 2. As showcased in the stability diagrams, the
ntroduced algorithm outperforms the original algorithm in all cases as
ell as competing metaheuristics demonstrating better results. While

he stability is comparatively lower than some optimizers such as the
riginal PSO, GA, and FA, the results attained by these optimizers are
elow even the worst results attained by the introduced optimizer.

.1.2. Simulations with GRU networks
Outcomes in terms of objective (MSE) function for the best, worst

ean and median GRU simulations followed by detailed comparisons
etween the best models are provided in Table 2. The introduced
ptimizer demonstrates impressive outcomes, outperforming all com-
eting metaheuristics, producing an MSE of 1.16𝐸 −06 in the best-case
xecution, and outperforming LSTM models as well. Furthermore, the
ntroduced optimizer attained the best outcome for the worst, me-
ian, and mean cases demonstrating an objective function score of
espectively. The highest rate of stability is showcased by the original
SO algorithm despite this optimizer not matching the performance
f the modified algorithm. Further comparisons in terms of stability
re provided in Fig. 3. As showcased in the stability diagrams, the
ntroduced algorithm outperforms the original algorithm in all cases as
ell as competing metaheuristics demonstrating better results. While

he stability is comparatively lower than some optimizers such as the
riginal PSO, GA, and FA, the results attained by these optimizers are
elow even the worst results attained by the introduced optimizer.
he best-performing model was optimized by the introduced modified
etaheuristic and demonstrates the best outcomes across all metrics for

he given challenge.
Further details on optimizer capabilities to balance exploration

nd exploitation while avoiding local minimum traps are provided in
ig. 4. The introduced optimizer manages to avoid a local trap in the
hird iteration of the optimization locating a more promising area of

https://www.kaggle.com/datasets/berkayalan/aws-ec2-instance-comparison
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Fig. 1. Introduced optimization framework flowchart.
Table 1
Outcomes for LSTM simulations.

Overall comparisons

Method Best Worst Mean Median Std Var

MHLSTM-PSO-DSC 1.33E−06 1.66E−06 1.48E−06 1.33E−06 1.67E−07 2.77E−14
MHLSTM-PSO 1.54E−06 1.64E−06 1.59E−06 1.59E−06 5.03E−08 2.53E−15
MHLSTM-GA 1.53E−06 1.62E−06 1.57E−06 1.53E−06 4.51E−08 2.04E−15
MHLSTM-VNS 1.71E−06 1.74E−06 1.72E−06 1.71E−06 1.44E−08 2.08E−16
MHLSTM-ABC 1.67E−06 1.78E−06 1.73E−06 1.78E−06 5.55E−08 3.08E−15
MHLSTM-FA 1.69E−06 1.70E−06 1.69E−06 1.70E−06 2.17E−09 4.71E−18
MHLSTM-HHO 1.41E−06 1.68E−06 1.53E−06 1.41E−06 1.35E−07 1.81E−14
MHLSTM-COLSHADE 1.67E−06 1.89E−06 1.79E−06 1.89E−06 1.07E−07 1.15E−14

Detailed Comparisons

Method R2 MAE MSE RMSE IoA

MHLSTM-PSO-DSC 0.191541 0.000908 1.33E−06 0.001152 0.531649
MHLSTM-PSO 0.061297 0.000990 1.54E−06 0.001241 0.510089
MHLSTM-GA 0.066289 0.001044 1.53E−06 0.001238 0.472012
MHLSTM-VNS −0.043414 0.001118 1.71E−06 0.001308 0.142093
MHLSTM-ABC −0.020013 0.001119 1.67E−06 0.001294 0.314240
MHLSTM-FA −0.030752 0.001149 1.69E−06 0.001300 0.200151
MHLSTM-HHO 0.139422 0.000971 1.41E−06 0.001188 0.433447
MHLSTM-COLSHADE −0.018482 0.001127 1.67E−06 0.001293 0.115080
the search space by the 3rd iteration, suggesting that the introduced
modifications help the modified algorithm locate more promising areas
within the search space.

Parameter selections for the best GRU models as follows: a learning
rate of 0.000194, dropout of 0.050000, 30 training epochs neurons in
the first head 11, 30 in the second and 14 in the third heads. A total of
28 is utilized in the dense concatenation layer.
4 
4.2. Comparison between the best LSTM and GRU models

Both LSTM and GRU-optimized models have similar objective and
indicator functions, with the modified PSO-DSC algorithm optimizing
the best models. A comparison between the best performing GRU,
LSTM, simple feed-forward artificial neural networks (ANN), and other
contemporary regression forecasting models such as extreme gradient
boosting (XGBoost), Support Vector Machines (SVM), decision trees and
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Fig. 2. Objective function distribution plots for LSTM optimizations.
Table 2
Outcomes for each optimizer included in comparative analysis.

Overall Comparisons

Method Best Worst Mean Median Std Var

MHGRU-PSO-DSC 1.16E−06 1.23E−06 1.20E−06 1.23E−06 3.41E−08 1.16E−15
MHGRU-PSO 1.37E−06 1.38E−06 1.38E−06 1.37E−06 3.86E−09 1.49E−17
MHGRU-GA 1.64E−06 2.05E−06 1.90E−06 2.05E−06 1.97E−07 3.89E−14
MHGRU-VNS 1.32E−06 1.33E−06 1.32E−06 1.33E−06 5.86E−09 3.44E−17
MHGRU-ABC 1.41E−06 1.63E−06 1.52E−06 1.52E−06 1.09E−07 1.20E−14
MHGRU-FA 1.47E−06 1.48E−06 1.47E−06 1.47E−06 5.92E−09 3.51E−17
MHGRU-HHO 1.30E−06 1.62E−06 1.47E−06 1.62E−06 1.63E−07 2.65E−14
MHGRU-COLSHADE 1.69E−06 1.96E−06 1.81E−06 1.69E−06 1.32E−07 1.76E−14

Detailed Comparisons

Method R2 MAE MSE RMSE IoA

MHGRU-PSO-DSC 0.290191 0.000801 1.16E−06 0.001079 0.678492
MHGRU-PSO 0.162884 0.000985 1.37E−06 0.001172 0.389012
MHGRU-GA 0.000602 0.001105 1.64E−06 0.001281 0.056272
MHGRU-VNS 0.197970 0.000963 1.32E−06 0.001147 0.592289
MHGRU-ABC 0.139642 0.000987 1.41E−06 0.001188 0.435323
MHGRU-FA 0.107040 0.001065 1.47E−06 0.001210 0.435001
MHGRU-HHO 0.209853 0.000944 1.30E−06 0.001139 0.560155
MHGRU-COLSHADE −0.030043 0.001084 1.69E−06 0.001300 0.179363
Fig. 3. Objective function distribution plots for GRU optimizations.
random forest models, as well as statistical forecasting techniques, such
as autoregressive integrated moving average (AIRMA), is provided in
Table 3 in terms of detailed metrics. The best-performing GRU model
outperforms the best-performing LSTM across all metrics, confirming
that the simple GRU architecture is better at forecasting cloud instance
prices. This challenge benefits from the lower computational costs of
GRU models in comparison to LSTM.
5 
4.3. Outcomes statistical validation

Methods with randomness, repeatability, and reliability must be
evaluated. Parametric tests have to meet independence, normality, and
homoscedasticity (LaTorre et al., 2021) criteria to ensure safe utiliza-
tion. By using independent random seeds the independence criterion
is fulfilled. The homoscedasticity criterion was evaluated through the
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Fig. 4. Convergence diagrams for GRU optimizations.
Table 3
Comparison between the best performing GRU and LSTM model.

Method R2 MAE MSE RMSE IoA

MHGRU-PSO-DSC 0.290191 0.000801 1.16E−06 0.001079 0.678492
MHLSTM-PSO-DSC 0.191541 0.000908 1.33E−06 0.001152 0.531649
Linear Regression −1.933209 0.001710 4.68E−06 0.002163 0.446984
Decision Tree Regression −3.268749 0.002200 6.81E−06 0.002609 0.393007
Random Forest Regression −1.049327 0.0015143 3.27E−06 0.001808 0.435379
XGBoost −0.989057 0.001508 3.17E−06 0.001781 0.444499
SVR −0.048330 0.001143 1.67E−06 0.001293 0.264830
Feedforward ANN −4.708735 0.002499 9.10E−06 0.003017 0.367674
ARIMA −7.810849 0.003529 1.40E−05 0.003748 0.000000
application of ‘‘Levene’s test’’ (Glass, 1966), which yielded the 𝑝-value
of 0.68 for each case, therefore this condition is also met. To confirm
normality Shapiro–Wilk’s single problem analysis is utilized (Shapiro
and Francia, 1972) with outcomes shown in Table 4. Shapiro–Wilk’s

𝑝 − 𝑣𝑎𝑙𝑢𝑒𝑠 were determined separately for each regarded approach all

6 
obtained 𝑝 − 𝑣𝑎𝑙𝑢𝑒𝑠 are below 0.05 and 𝐻0 is rejected. Since the con-
ditions for parametric tests were not met, validation is conducted via
non-parametric tests. The ‘‘Wilcoxon signed-rank’’ test was performed
with the objective function outcomes (MSE). The outcomes of this test
are provided in Table 4. As the 𝑝 − 𝑣𝑎𝑙𝑢𝑒𝑠 are in each case below
threshold limit 𝛼 = 0.05, it means that the outcomes attained by the
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Table 4
Statistical evaluation outcomes.
Shapiro–Wilk outcomes for PSO-DSC

Approach PSO-DSC PSO GA VNS ABC FA HHO COLSHADE

MHGRU 0.024 0.028 0.028 0.033 0.035 0.030 0.028 0.040
MHLSTM 0.023 0.027 0.034 0.030 0.028 0.030 0.030 0.041

Wilcoxon signed-rank test outcomes for MHLSTM simulations

PSO-DSC vs. others PSO GA VNS ABC FA HHO COLSHADE

MHGRU 0.033 0.023 0.021 0.023 0.021 0.028 0.040
MHLSTM 0.037 0.022 0.020 0.023 0.022 0.032 0.040
Fig. 5. Best Performing GRU model SHAP interpretations.
proposed PSO-DSC approach are statistically significantly superior to
other methods regarded in comparative analysis.

4.4. Best-performing model interpretation

Understanding the factors that influence a model’s decisions is
crucial. SHAP (Lundberg and Lee, 2017) is useful for obtaining insights.
The best-constructed forecasting GRU model is subjected to SHAP inter-
pretation. A high importance is given to r38xlarge samples 3 lags back
followed by the same feature six months back. This is then followed
by the m44xlrage one lag back. While their contribution is modest, the
cumulative contributions contribute towards more accurate forecasting
being made by the best-constructed model (see Fig. 5).

5. Conclusions

This study deals with the challenging and costly problem of cloud
instance price forecasting. With more infrastructure relying on cloud
services, a stable and predictable cost model will help companies
supervise spending and optimize operations. Forecasting prices can
help providers maintain consistency in billing clients. Multi-headed
recurrent architecture is explored for LSTM and GRUs. Metaheuristic
optimizers tune model parameters because network performance hin-
ders architectural selection and training parameter sets. A modified
version of the PSO optimizer enhances GRU and LSTM models, which
forecast cloud instance pricing on a real-world dataset. The GRU models
optimized by the new approach performed best with an MAE score
of 0.000801. The proposed optimizer’s improvements enhance conver-
gence rates, prevent premature stagnation and allow agents to find
7 
better search space solutions. The outcomes are analyzed statistically,
and the best model is analyzed using explainable AI approaches to
determine the features that boost forecasts.

High computation demands of optimization and model training
limit the dataset size for analysis. Furthermore, high processing de-
mands limit the number of optimizers in the comparative analysis.
Scalability concerns when applying the proposed methodology to a
larger dataset might increase forecasting model training demands. It is
intended to explore and refine the forecasting method in the future. As
more resources become available, other well-established optimizers will
be compared to the introduced approach, and its uses will be examined.
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