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Abstract  
Cloud computing is a term used to portray the delivery of on-demand computing 

resources such as servers, storage, databases, software, and analytics through the internet. 
Cloud computing facilitates organizations to access and store information without handling 
their own physical devices. In cloud computing model, predictive analytics is the process of 
forecasting the future outcomes or trends using historical data and machine learning algorithms. 
Many existing models have achieved lesser accuracy in predicative analytics model and 
increased their complexity due to variations in key features across different regions.  A novel 
Polynomial Regressive Robust Autoencoded  Deep Capsule Network (PRRA-CapsNet) model 
is developed for efficient predictive analytics in cloud computing. The main aim of PRRA-
CapsNet model is to improve the accuracy of prediction with minimum time. The proposed 
deep capsule network includes the five different layers, namely one input layer, one output 
layer and three hidden layers namely convolutional layer, primary capsule network and class 
capsule network. Initially, IoT sensors are employed to gather the data points from different 
location. After that, the collected data points are transmitted to the input layer. The input layer 
transmitted the data points to convolutional layer. In the convolutional layer, PRRA-CapsNet 
model performs data preprocessing which includes missing data handling and outlier removal. 
Then, the pre-processed data points are transmitted to the primary capsule network. In that 
layer, Robust Autoencoder Feature Selection is employed in PRRA-CapsNet model for 
addressing the dimensionality reduction issues to identify the most important features in a 
dataset.  The relevant features are transmitted to the class capsule network. In that layer, the 
Kulczynski similarity function is used in PRRA-CapsNet model for performing the data 
classification in cloud environment. This in turn, efficient data analytics is carried out in cloud 
environment. Experimental analysis is carried out with the performance metrics like 
classification accuracy, classification time, precision, recall, f-measure and false positive rate 
with respect to number of data points. 

Keywords: IoT, cloud computing, predictive analytics, Deep Capsule Network, Robust 
Autoencoder Feature Selection, Kulczynski similarity function 

 
1. Introduction  
A cloud computing setting is a digitally controlled system that delivers the various 

computing services such as data storage, processing capabilities, networking, and software 
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applications through the internet. This computing model offers advantages such as on-demand 
scalability, operational flexibility, compact infrastructure costs, and efficient system 
management. An IoT-enabled cloud computing environment expands this conception by 
integrating Internet of Things (IoT) technologies to gather continuous real-time data from their 
surroundings and broadcast it to cloud servers. The cloud server then collect, stores, processes, 
and analyzes this large volume of data by means of advanced computing technology. By 
combining IoT with cloud computing supports a wide range of real time applications, including 
smart farming, digital healthcare systems, environmental monitoring, smart city development 
and so on. 

A novel hybrid learning model called Transformer_Gated Recurrent Unit 
(TRANS_GRU) was developed in [1] with the aim of improving the accuracy of prediction and 
decreasing the error rate.  However, the performance of the TRANS_GRU hybrid model did 
not show improvement, mainly when it was applied to a larger dataset.  A Multiscale Spatial-
Temporal-Variable Feature Fusion Network (MSTVFFN) was introduced in [2] aimed for 
predicting multiple air pollutants.  However, the model’s sensitivity performance did not 
improve, since it did not undergo hyperparameter tuning.   

To enhance the long-term prediction accuracy, advanced data analysis and deep learning 
methods were developed in [3]. However, it failed to capture more complex spatiotemporal 
dependencies, thereby reducing its predictive accuracy.   A hybrid forecasting framework was 
developed in [4] for air pollutant concentrations prediction by using Bidirectional Long Short-
Term Memory (BiLSTM) networks. However, the generalizability and scalability of the 
framework was not improved. Physics-Based Machine Learning (PBML) model was 
introduced in [5] for offering more accurate and interpretable air pollution predictions.  
However, the model did not provide sufficiently accurate predictions to efficiently direct air 
quality management strategies.  
  An integration of Kalman filtering technique and seasonal gated recurrent units (SGRU) 
were developed in [6] for predicting air pollution levels. However, achieving high detection 
accuracy and convenient data acquisition were major issues. A deep learning-based Long Short-
Term Memory (LSTM) model was introduced in [7] for significantly increases the air pollution 
prediction. However, the computational complexity of the model was not reduced.  Gaussian 
Process Regression (GPR) machine learning model was developed in [8] for more efficient air 
pollution control and environmental sustainability. However, the model did not applying formal 
statistical tests to evaluate the significance of performance across models. A Conditional 
Wasserstein Generative Adversarial Network was developed in [9] for accurate prediction 
based on spatiotemporal features. However, it failed to provide an innovative technology for 
prediction based on spatiotemporal multi-scale feature extraction. An artificial neural network 
approach was introduced in [10] for air pollution prediction. Though the model captured more 
complex relationships and long-term dependencies, performance was limited by the absence of 
hyperparameter settings.  
  Bidirectional Temporal Convolutional Network and Enhanced Informer model was 
introduced in [11] for accurate air pollutant concentration prediction. However, long-term 
dependence features, and spatial features was not extracted to increase the model’s prediction 
accuracy. An integration of Convolutional Neural Network-Bidirectional Long Short-Term 
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Memory (CNN-BiLSTM) architecture was developed in [12] for efficiently forecasting 
atmospheric pollutants. However, enhancing the model’s generalization capability and 
prediction accuracy was major issues.  Convolutional Neural Network (CNN) and a Quantum 
Long Short-Term Memory (QLSTM) network model were developed in [13] for air pollutants 
prediction with high robustness and efficiency. However, hybrid learning approaches failed to 
further reduces the time complexity of prediction. Deep Sparse Transformer Networks was 
developed in [14] for predicting pollutant time series based on long-term dependencies. 
However, the efficiency of the network was not improved.  Data-driven approach based on 
Deep Learning (DL) and Long Short-Term Memory (LSTM) algorithm were developed in [15] 
for forecasting the air pollutants.  However, the proposed approach exhibited high prediction 
errors. 

1.1 Proposal key contribution  
   The limitations of existing methods are overcome by introduction of a novel PRRA-
CapsNet model. The key contributions of the PRRA-CapsNet model are summarized as 
follows:  

v To propose a novel PRRA-CapsNet model for efficient predictive analytics in cloud by 
implementing deep capsule network which integrates different processing steps namely, 
data pre-processing, feature selection, classification and fine tuning.   

v To minimize the prediction time, PRRA-CapsNet model performs two major processes 
namely data preprocessing and feature selection. Polynomial predictive mean 
imputation method is employed for handling the missing data within the dataset. The 
Modified Z-Score method is employed to detect and remove the outlier data. Moreover, 
the robust autoencoder is employed for relevant feature selection.  These processes of 
PRRA-CapsNet model receive minimal time for prediction. 

v To enhance the accuracy, Kulczynski similarity function is employed for analyzing the 
training and testing data samples and provides the accurate prediction results. Besides, 
horse herd optimization algorithm is designed to fine tune the hyperparameter to 
enhance the accuracy by reducing the error.   

v  In conclusion, complete experimentation is carried out to analyze the performance of 
our PRRA-CapsNet model and other deep learning framework.  
1.2 paper Organization  
 The rest of this manuscript is organized into different sections as follows. Section 2 

provides a widespread analysis of previous studies and existing research. Section 3 outlines the 
proposed PRRA-CapsNet model, detailing its overall framework and architectural design. 
Section 4 describes the experimental arrangement and offers a comprehensive analysis. Section 
5 presents the experimental result and delivers an in-depth relative assessment of the proposed 
method against existing deep learning techniques using numerous performance metrics. Finally, 
Section 6 summarizes the major conclusions and highlights the key contributions of the paper. 

2. Related works  
Deep aggregation seq2seq network was introduced in [16] for air pollutant 

concentration prediction.  However, the approach was high computational complexity. A new 
Spatio-temporal inverted Transformer (ST-iTransformer) model was developed in [17] to 
improve air pollution forecast accuracy.  However, the model’s flexibility was not improved in 
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air pollution forecasting.   A novel spatiotemporal graph attention network (STGATN) was 
introduced in [18] with an encoder-decoder architecture for predicting air pollutant 
concentrations. However, it failed to enhance the robustness and generalizability of the model. 
Relief‑ Based Feature Selection and ANN model were developed in [19] for air pollution 
prediction. However, it did not focus on incorporating the fine tuning process to enhance the 
predictive ability of the model.  Deep Neural Networks (DNNs) and Convolutional Neural 
Networks (CNNs) were developed in [20] for predicting air pollution concentrations based on 
multivariate time series data. However, the model failed to improve its adaptability and general 
applicability.   

Ensemble machine learning model was introduced in [21] for reliable air pollution 
prediction. However, accurate and timely air quality forecasting remained major issues. 
Shallow and deep sparse autoencoder artificial neural network was developed in [22]    to 
enhance the air pollution index prediction. However, the model required longer training time. 
Echo State Network (ESN) deep learning model was introduced in [23] to improve the accuracy 
of air pollution prediction. However it failed to explore new effective metaheuristic algorithms 
for hyperparameter optimization. Residual-enhanced hybrid forecasting framework was 
developed in [24] for Air pollution forecasting. However, it failed to perform the large-scale 
environmental monitoring applications. Machine and deep learning methods were introduced 
in [25] for air pollution prediction using meteorological variables. However, efficient hybrid 
approaches were not implemented to further improve the prediction accuracy.  
   Multilayer Perceptron (MLP) network was developed in [26] for increasing the 
accuracy of urban air pollution modeling. However, significant reduction in air pollution time 
was major issues. An integrated artificial intelligence (AI) framework was developed in [27] to 
predict, forecast and analyze major air pollutants. However, multi-pollutant AQI metrics was 
not accurately predicted. A Nonlinear Autoregressive network with Exogenous inputs (NARX) 
model was introduced in [28] to predict concentrations of key pollutants. However, it did not 
analyze the temporal and spatial features to improve predictive accuracy. LSTM neural 
networks were developed in [29] for accurate air pollution forecasting. However, the model did 
not efficient for handling large scale dataset. Hybrid Clustering Large Applications (CLARA) 
with the Fuzzy Time Series Markov Chain (FTSMC) approach were developed in [30] for 
reliable air pollution forecasting. However, achieving high accuracy and robustness of the 
predictions were major issues.  
3. Proposal methodology  

Predictive analytics is the utilization of data, statistical algorithms, and machine 
learning techniques to classify the probability of future outcomes depends on historical events. 
In this paper, a novel deep learning model called PRRA-CapsNet model has been developed 
for accurate predictive analytics with minimal time consumption by implementing the cloud 
based infrastructure. A deep capsule network is an advanced type of neural network to 
overcome some key issues of traditional neural networks.  
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Figure 1. Architecture of the proposed PRRA-CapsNet model 

 Figure 1 illustrates the comprehensive architecture of the proposed PRRA-CapsNet 
model, developed to deliver accurate predictions within a cloud-based environment. The 
proposed model is organized into numerous sequential stages, namely data acquisition, 
preprocessing, feature selection, and classification. To begin with, a substantial volume of data 
is gathered for reliable predictive modeling. This dataset provides the major input to the system. 
The overall architecture analytically integrates preprocessing, feature selection, and 
classification into an integrated network. In the preprocessing stage, raw data undergo 
transformation to convert it into a structured format for accurate predicative analysis.  
Following preprocessing stage, relevant feature selection is performed using an auto encoder 
based approach. This method identifies the most influential attributes while removing irrelevant 
or redundant features, reducing computational complexity and improving model accuracy. By 
retaining only the most informative features, the proposed model ensures improved predictive 
performance. To end with, the refined feature set is transferred to the classification module, 
where the model executes the predictive analytics task. This process considerably enhances the 
prediction accuracy and system performance. The subsequent sections provide a 
comprehensive explanation of each stage within the proposed architecture. 

3.1 Data acquisition  
Data acquisition is the foundational processing stage of the proposed PRRA-CapsNet 

model and plays an essential role in ensuring consistent predictive outcomes in cloud based 
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environments. In this framework, IoT-enabled sensors and intelligent monitoring systems are 
developed. These devices communicate by means of wireless networking technologies, 
enabling smooth and continuous transmission of collected data to a centralized cloud platform. 
The cloud infrastructure stores, and manages the incoming data, making it actively available 
for advanced processing and analytical tasks. In addition to sensor data, the PRRA-CapsNet 
model also incorporates information obtained from publicly accessible datasets. By integrating 
multiple data streams, the PRRA-CapsNet enhances the model’s ability to produce accurate, 
meaningful, and reliable predictions. 

3.2 Deep capsule network based predictive analytics in cloud computing  
A deep capsule network is a type of neural network that performs accurate predictive 

analytics.  The main advantage of deep capsule network is to achieve the good accuracy with 
minimal training time. The architecture of CapsNet is partitioned into three main parts. These 
parts are the input layer, hidden layer, and output layer. The capsule networks utilize the groups 
of neurons called capsules that produce the output vectors. 

  
 

 
 

Figure 2 Schematic structure of deep CapsNet 
Figure 2 given above depicts the schematic structure of a deep CapsNet network 

classifier, which includes three different types of layers such as an input layer, one or more 
hidden (middle) layers, and a one output layer.  The input and output layers are typically single 
layers, while the hidden layers consist of three sublayers, such as convolutional layers, primary 
capsule layer, and class capsule layer, which integrated together to analyze the input data 
samples. Each layer contains numerous small processing units known as artificial neurons or   
called capsules that produce the output vectors. These capsules receive input, perform certain 
computations tasks, and transfer the processed output to the next layer. Finally, the output layer 
produces and final prediction results.  

Let us consider the input dataset ‘𝐷𝑆’ which includes a sample of data samples ‘𝑆𝑅’ as 
well as attributes or features {𝐴!, 𝐴", … , 𝐴#} are arranged in the form of matrix. Therefore, the 
dataset samples and their related attributes are organized into an input matrix as formulated 
below. 

𝑋 =

⎣
⎢
⎢
⎢
⎡
𝐴! 𝐴" … 𝐴$
𝑆𝑅!! 𝑆𝑅!" … 𝑆𝑅!%
𝑆𝑅"! 𝑆𝑅"" … 𝑆𝑅"%
⋮ ⋮ … 	⋮

𝑆𝑅#! 𝑆𝑅#" … 𝑆𝑅#%⎦
⎥
⎥
⎥
⎤

 (1) 
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  Where,	𝑋 represents an input matrix where each column indicates a number of features 
𝐴 = {𝐴!, 𝐴", … , 𝐴#}, each row represents a number of data samples ‘𝑆𝑅’	 =
{𝑆𝑅!, 𝑆𝑅", … , 𝑆𝑅%}’ respectively 

These input matrixes are given to the input layer. In that input layer, each neuron 
received the input and it transferred into the convolution layer. The neurons in the layer compute 
the weighted sum of the input and the bias.  

𝑍 = 		∑(X ∗ 𝑊&') + 	𝐵 (1) 
 Where, 𝑍	 denotes an activity of the neuron in convolutional layer, 𝑊&'	represents a 
weights between input and hidden layer, input matrix ‘X’ , ‘𝐵’ indicates a bias that stored the 
value is ‘1’.    

• Convolutional layer  
In the hidden layer 1 (Convolutional layer), data preprocessing is performed to prepares 

raw data for efficient analysis and accurate prediction. Preprocessing step is essential to 
enhance efficiency, improve result accuracy, and reduce the time. The preprocessing method 
includes two different processes namely missing data handling and outlier removal. A missing 
value is a value that designates that no data value is stored for the particular feature in the 
current observation.  Missing values in a dataset is identified and resolved by employing the 
polynomial predictive mean imputation method.  In this imputation method, first polynomial 
regression is employed to find the missing value with the available data points. Therefore, the 
regression process is expressed as follows, 

𝑆𝑅(&)) = 𝜑* + 𝜑!𝑆𝑅! + 𝜑"𝑆𝑅"" + 𝜑+𝑆𝑅+"…𝜑%𝑆𝑅%%(2) 
 Where, 𝑆𝑅(&))  indicates a missing data value, 𝜑*, 𝜑!, 𝜑"…𝜑%	 indicates a polynomial 

coefficients, which are determined based on available data points, 𝑆𝑅!, 𝑆𝑅", … , 𝑆𝑅%  indicates 
known data samples in the dataset. The estimated missing data values ‘𝑆𝑅(&)) ’ are imputed 
into the null entries, efficiently handling missing data. Followed by, the mean is computed 
with the estimated missing values. 

𝜇 = !
%
	∑ 𝑆𝑅&%

&,!     (3) 
Where, 𝜇 denotes a mean value, 𝑛 indicates a number of data samples ‘𝑅𝑆’. After that, 

the distance between its predicted value and each observed mean is computed as follows, 
𝐷 = @𝜇-.)/01/2 − 𝜇30/2&45/2@(4) 

Where, 𝐷 denotes a distance, 𝜇30/2&45/2 denotes a predicted mean values using (4), 
𝜇-.)/01/2 denotes a observed mean values. Followed by, minimal distance is determined for 
finding the most similar to the missing case in terms of the model’s predicted outcome. 

𝑤 = argmin𝐷    (5) 
Where, 𝑤 denotes an outcomes of imputation, argmin𝐷 denotes an argument of 

minimal distance.  The predicted cases with minimal distance are the most similar to the missing 
case in terms of the model’s predicted outcome. 

Followed by, the outlier’s are determined data points that differ considerably from the 
majority of other data samples in a dataset.  The model utilizes Modified Z-Score method for 
detecting the outlier’s data from the dataset. 
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To begin with, the input data samples for specific features are organizing in an 
ascending order. After that, the median value ‘𝑆𝑅(/2’ is computed in the ascending order. 
Subsequently, the statistical test is expressed as follows,  

𝑀𝑍𝑆 = 𝜗 K|78!978"#$|
2/1"%

L   (6) 	

 Where, 𝑀𝑍𝑆 indicates a Modified Z-Score outlier test analysis,	𝑆𝑅& represents a data   
in the particular cell, 𝑆𝑅(/2 represents a median value of particular samples, 𝑑𝑒𝑣(: denotes a 
mean absolute deviation, |𝑆𝑅& − 𝑆𝑅(/2|  represents a absolute deviation between the data   and 
their median value,	𝜗 denotes a scaling factor and the value is 0.6745 to match standard 
deviation units.  The 𝑀𝑍𝑆 test output ranges from 0 to 1.   

𝑄 = X𝑀𝑍𝑆	 > 𝑇ℎ, 	𝑂𝑢𝑡𝑙𝑖𝑒𝑟
𝑀𝑍𝑆	 ≤ 𝑇ℎ, 𝑛𝑜𝑡	𝑜𝑢𝑡𝑙𝑖𝑒𝑟  (7) 

 If the estimated 𝑀𝑍𝑆 value is greater than the threshold ‘𝑇ℎ’, the particular data sample 
is considered an outlier. Otherwise, the estimated 𝑀𝑍𝑆	value is lesser than the threshold ‘𝑇ℎ’, 
the data is considered an outlier. In this process, the entire outlier data points within the dataset 
are identified. Once detected, these outliers are eliminated from the dataset to ensure that 
subsequent predictions are accurate and reliable. The preprocessed results are transferred to the 
primary capsule network for selecting the significant features from the dataset.   

• Primary capsule network layer 
After the data preprocessing, the primary capsule network is a key model in capsule 

networks, which are a higher type of neural network designed to recognize spatial hierarchies 
and relationships in data. In this network layer, spatial relationships between the features are 
determined. Feature selection is the process of choosing significant features for reliable, 
accurate prediction. The proposed model utilizes the robust autoencoder is a type of deep neural 
network that comprises of two functions such as encoder and decoder. The encoder function is 
used to transform the input raw data into a lower-dimensional representation, whereas the 
decoder function restructures the original input dataset from this encoded representation. 

 A Robust Autoencoder (RAE) provides numerous advantages over traditional 
autoencoders. RAEs are designed to deliver more reliable results when the data is imperfect 
and automatically identify irrelevant features, enhancing overall data quality. This process 
produces a refined version of the original dataset, making it more suitable for analysis. 

 

 
Figure 3 network structure of Robust Autoencoder 
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Figure 3 demonstrates the schematic structure of a Robust Autoencoder which 
comprises of two major functions such as encoder and decoder. The input preprocessed dataset 
is given to the input layer of autoencoder. Then the input preprocessed dataset is then transferred 
into the hidden layers which consist of two layers namely encoder and decoder.  The encoder 
and decoder layers are used for processing the given input data samples.  

In the encoder layer, this model utilizes Azadkia–Chatterjee's dependence coefficient to 
discover and maintain significant features while discarding the unrelated ones.  

Let us consider the  features {𝐴!, 𝐴", … , 𝐴#}	 in high-dimensional space gathered from 
the dataset.  

𝐴𝐶𝐷 = 1 −
∑ ∑ <:&9	>'<

(
')*

+
&)*

7>
   (8) 

 Where, 𝐴𝐶𝐷denotes a Azadkia–Chatterjee's dependence coefficients, 	𝑇? indicates a ‘𝑘’ 
target output, 𝑆𝑇	indicates wald statistic test statistics,  

𝑆𝑇 = @:&9	>'A
,

	BC0(	:&,	>')
 (9) 

Where 𝑉𝑎𝑟(	𝐴G , 	𝑇?) indicates variance between the features and target samples. The 
correlation ‘	𝐴𝐶𝐷‘returns the output ranges from ‘0 to ‘1’.   

𝐴𝐶𝐷 = X1,																	𝑅𝑒𝑙𝑒𝑣𝑎𝑛𝑡		𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠	0,																	𝐼𝑟𝑟𝑒𝑙𝑒𝑣𝑎𝑛𝑡𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠 (10) 

If the outcome of ‘𝐴𝐶𝐷’ is more close to 1, specifies relevant feature, whereas 0 
indicates an unrelated features.  

 The latent space depiction of an autoencoder is a reduced, lower-dimensional 
representation of the input by the encoder part of the network. It captures the most significant 
patterns in the data while removing irrelevant data.  

𝐿𝑅 = 𝜗m𝑤H𝐴G + 𝑏Ho  (11) 
Where, 𝐿𝑅 indicates a latent representation or encoded output of the input dataset,  𝐴 

denotes an input feature vector to the encoder, 	𝑤H indicates a weight matrix of the encoder 
layer. It transforms the input feature vector into the latent space, 𝑏H  indicates a bias vector of 
the encoder layer, 𝜗 denotes an activation function to introduce nonlinearity, permitting the 
network to find out irrelevant patterns. Therefore, the decoder maps the latent vector ‘𝐿𝑅’ back 
to the original input space. 

𝐺 = 𝜗(𝑤I𝐿𝑅 + 𝑏I)   (12) 
Where, 𝐺 indicates a decoded output,  𝐿𝑅 indicates a latent space representation, 	𝑤I 

indicates a weight matrix of the decoder layer, 𝑏I  indicates a bias vector of the decoder layer, 
𝑏I indicates an activation function. The primary objective of a robust autoencoder is to 
minimize the reconstruction loss within the compressed, low-dimensional representation of the 
data. This objective is formulated mathematically as follows, 

𝑎𝑟𝑔𝑚𝑖𝑛@𝐴G − 𝐺@ + 𝜆|𝐾|   (13) 
Where,	𝐴G indicates an input data matrix to a standard deep autoencoder, 𝐺 indicates a 

reconstructed output of the autoencoder, 𝜆 indicates a regularization parameter that manages 
the sparsity level, 𝑆 indicates a sparse matrix to separate irrelevant features, 𝑎𝑟𝑔𝑚𝑖𝑛 indicates 
a argument of minimal function. Based on the analysis, relevant features are preserved for 
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further processing, while irrelevant ones are removed to improve the accuracy. The selected 
features are then passed to the third hidden layer i.e. class capsule layer. 

• Class capsule layer 
 After selecting the more significant features, the next process focuses on accurately 
perform data analytics in cloud computing. Classification is performed in class capsule layer 
by analyzing the relationship between the training and testing data samples using Kulczynski 
similarity coefficient. Let us consider the training data samples with selected features   𝑅𝑆0. In 
order to perform the data analytics, Kulczynski similarity function is employed for analyzing 
the testing and training data samples.  
 For each input samples, the relationship score between the testing and training data 
samples is measured by applying a Kulczynski similarity function to measure the relationship 
between the pixels.   

𝐾𝑆 = [78-	⋂	78.]
[78-	⋃78.]N[78-	△	78.]

    (14) 

Where,	𝐾𝑆 indicates a Kulczynski similarity function offers the relationship between 
the training samples 𝑆𝑅0 and the testing data samples ‘𝑆𝑅5’, 𝑆𝑅0 	⋂	𝑆𝑅5 denotes a mutual 
dependence between the samples,  𝑆𝑅0 	△ 	𝑆𝑅5 represents a symmetric divergence between the 
samples, 𝑆𝑅0 	⋃ 𝑆𝑅5 indicates the mutual independence between data samples. The   similarity 
function provides the output values from 0 to 1		[0 ≤ 𝐾𝑆 ≤ 1	].     

This similarity-analysis enhances the robustness and accuracy of the predictive 
analytics.  

For each prediction outcome, the error is calculated depends on squared variation 
between the actual and prediction results.   

	𝑃𝑅 = {𝑌:45	 − 𝑌30/2		}
"    (15) 

Where, 𝑃𝑅	denotes an error,𝑌:45	 represents actual results, 𝑌30/2		 represents predicted 
results.  In order to minimize the classification error of capsule network, the fine tuning process 
is employed by employing Nadam method 

𝑊%/P	 = 𝑊5 − 𝜂	𝐹5  (16) 

𝐹5 = 	𝛾	𝐹59! +	(1 − 𝛾)	K
QR8			
QS.

L   (17) 

Where,𝑊%/P symbolizes an updated new weights between the layers,	𝑊5 represents a 
previous weight, 𝜂  represents a learning rate, ‘QR8			

QS.
’ represents a partial derivative of the 

prediction error ‘𝑃𝑅’ regarding current weight ‘𝑊5’,	𝛾 indicates default constant value 0.9.   
Through the updating process, various weight values are observed. From the updating weight 
value, optimal one is chosen by implementing the wild horse herd optimizer.  

From the updating process, numerous weights are observed based on the computed 
gradients. Therefore, an optimal weight is determined by applying wild horse herd optimizer 
toward   the accuracy enhancement by minimizing the prediction error (i.e. false positive or 
false negative).   Wild horse herd optimizer is a metaheuristic optimization algorithm to mimic 
the social dynamics and movement patterns monitored in their herds efficiently.  

By employing this optimization algorithm, the horses are related to the weights. To 
begin with, the population of the horses (i.e. number of weights ‘	𝑊.’) are initialized within 
search space.  
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	𝑊. = 	𝑊!,𝑊",𝑊+… .𝑊'     (18) 
 After the initialization, the fitness is computed depends on prediction error.  

𝑓𝑖𝑡(	𝑊.) = argmin 	𝑃𝑅  (19) 
Where	𝑓𝑖𝑡(	𝑊.)designates a fitness of each weight value, 𝑎𝑟𝑔	𝑚𝑖𝑛 designates an 

argument of minimal function, 𝑃𝑅indicates an error rate in prediction. After evaluating the 
fitness values, the best-performing horse, representing the optimal weight set, is identified from 
the population. This horse is assigned as the leader of the herd. Once the leader is chosen, the 
subsequent subsections explain various behavioral approaches of the horses, including 
exploration and exploitation methods used during the optimization process. 

• Exploration phase  
During the exploration phase of the optimization process, the horses (search agents) move 

randomly and diversely to recognize competent new solutions. This stochastic exploration 
helps prevent early convergence and facilitates the algorithm to thoroughly examine the search 
space. 

	𝑃5N! =	𝑃5 +	𝑟! ∗ 0.5|𝑃./)5 − 𝑃5|    (20) 
Where,𝑃5N! symbolizes an updated position of the horse, 𝑃5	indicates a current position 

of the horse, 𝑟! denotes a random number ranged from 0 to 1, 0.5|𝑃./)5 − 𝑃5|  symbolizes a 
divergence function between the current position of horse ‘𝑃5’ and best position of the horse 
‘𝑃./)5’. 

• Exploitation phase  
 During the exploitation phase, each horse in the herd updates its position by moving 
toward the best-known solution. In this manner, random movements are reduced to permit a 
more focused and accurate local search around the optimal region.  

𝑃5N! =	𝑃./)5 +	𝑟" ∗ 0.5|𝑃./)5 − 𝑃5|    (21) 
Where, 𝑃5N! designates updated position, 	𝑃./)5	symbolizes current best location of the 

horse, 𝑟" indicates a random number (0,1), 0.5|𝑃./)5 − 𝑃5|  represents a divergence, the current 
position ‘𝑃5 and  ‘𝑃./)5’ indicates a best position of horse. After updating the positions of the 
horses during either the exploration or exploitation phase, the algorithm reevaluates their fitness 
values to assess the quality of the new solutions 

𝐻 = X𝑓𝑖𝑡(𝑃5N!) > 	𝑓𝑖𝑡	(𝑃./)5)			; 								𝑃5N!		𝑖𝑠	𝑜𝑝𝑡𝑖𝑚𝑎𝑙	
𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒			; 																														𝑃./)5	𝑖𝑠	𝑜𝑝𝑡𝑖𝑚𝑎𝑙

   (22) 

Where, 𝐻 indicates a fitness verification results, if the recently updated position ‘𝑃5N!’ 
has a better fitness value than the best ‘𝑃./)5’, it returned newly updated position 𝑃5N! as an 
optimal. Otherwise the best ‘𝑃./)5’ is chosen as optimal.   The process continues iteratively 
until the predetermined maximum number of iterations is reached. Finally, the optimal position 
of the horse represents the best set of weights is identified for minimizing the error in prediction. 
Finally, the multi class prediction output is observed at output layer of capsule network 
architecture with softmax activation function. 

𝑌	 = 		𝑓)-T5#CU(𝐶(𝑡))  (23) 
Where, 𝑌’ represents a final multi class prediction output, ‘𝐶(𝑡)’ represents the Class 

capsule layer output, ‘		𝑓)-T5#CU’ symbolizes the softmax activation function to provides the 
multi class prediction results at the output layer. The algorithmic process of polynomial 
regressive robust autoencoded deep capsule network model is given below. 
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//Algorithm 1:    Polynomial Regressive Robust Autoencoded  Deep Capsule Network 
Input:  preprocessed dataset ‘𝐷𝑆’,  selected features	𝐴!, 𝐴", … , 𝐴.	, data samples 𝑆𝑅’	 =
{𝑆𝑅!, 𝑆𝑅", … , 𝑆𝑅%} 
 Output: Improve the prediction  accuracy   
Begin 
// Data acquisition  
Step 1: Collect number of data samples data samples 𝑆𝑅’	 = {𝑆𝑅!, 𝑆𝑅", … , 𝑆𝑅%} and features 
𝐴!, 𝐴", … , 𝐴. from the dataset 
// Data processing 
Step 2:    Input features 𝐴!, 𝐴", … , 𝐴# and data samples 𝑆𝑅!, 𝑆𝑅", … , 𝑆𝑅%	given to input layer  
Step 3:       Transform input to Convolutional layer 
Step 4:       For each data samples 𝑆𝑅& do  
Step 5:         Compute the neuron activation probability using (1) 
Step 6:     End For  
// Data Pre-processing             ------ Convolutional layer  
Step 7:    For each data samples 𝑆𝑅& do 
Step 8:        Perform missing data imputation using (2) (3) (4) (5) 
Step 9:     End for  
Step 10:      For each data samples 𝑆𝑅& do 
Step 11:         Compute Modified Z-Score outlier test ‘𝑀𝑍𝑆	using (6) 
Step 12:        If  (𝑀𝑍𝑆 > 𝑇ℎ)	then   
Step 13:               Detect outlier data samples 
Step 14:         else 
Step 15:                Detect normal data samples 
Step 16:         End if 
Step 17:    End for 
// feature selection    ------ Primary capsule network layer 
Step 18:     For each preprocessed data samples do     
Step 19:         Perform feature selection using robust autoencoder  
Step 20:           for each features---- Encoder  
Step 21:            Compute the Azadkia–Chatterjee's dependence coefficient using (8)    
Step 22:         𝒊𝒇	(𝐴𝐶𝐷 = 1)	  then 
Step 23:              Features said to be relevant        
Step 24:          elseif (𝐴𝐶𝐷 = 0)	  then 
Step 25:              Features said to be irrelevant      
Step 26:          End if 
Step 27:    End for 
Step 28:       For each encoded output  
Step 29:               Obtain reconstruction output at decoder using (12) 
Step 30:        End for     
Step 31:        Obtain the reconstructed output at output layer using (13) 
 // classification------ class capsule layer 
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Step 32:   For each  selected feature with training data samples  
Step 33:       For each testing data samples 
Step 34:              Measure the Kulczynski similarity function ‘	𝐾𝑆’using (14) 
Step 35:                 𝒊𝒇	(𝐾𝑆 = 1)  then  
Step 36:                    Data samples classified into particular class  
Step 37:                  End if 
Step 38:      End for 
Step 39:   End for 
// Fine tuning  
Step 40:  For each classification result 
Step 41:     Compute the error ‘𝑃𝑅using (15) 
Step 42:     Update the weight using (16) (17) 
Step 43:       Initialize the population of  weights using (18) 
Step 44:     For each 	𝑊. 
Step 45:       Compute the fitness	using (19) 
Step 46:        Identify current best weight with better fitness  
Step 47:             While (𝒕	 < 	 𝑡#CU)  do 
Step 48:                for each weight in population  do 
Step 49:          if exploration phase then 
Step 50:                    Update the positions ‘	𝑃5N!’ according to equation (20) 
Step 51:              Else if exploitation phase then 
Step 52:                     Update the positions 𝑃5N!’ according to equation (21) 
Step 53:           End if  
Step 54:     End for 
Step 55:   Verify fitness of  updated  positions  using (22) 
Step 56:        if  (𝑓𝑖𝑡(𝑃5N!) > 	𝑓𝑖𝑡	(𝑃./)5)	)   then 
Step 57:                      𝑃5N! is said to be best optimal solution     
Step 58:          else 
Step 59:                       𝑃./)5	considered as optimal solution  
Step 60:          End if  
Step 61:     Increment t= t+1 
Step 62:      Go to step 47 
Step 63:   End while 
Step 64:   Return optimal weight   
Step 65:  Obtain final classification results at output layer using (23)------( output layer) 
End  

 Algorithm 1 given above illustrates a various process involved for predictive analytics 
in cloud computing environment. First, the numbers of data samples are gathered from the 
dataset. Then the received input data samples are given to the input layer of proposed capsule 
network   architecture. After that, it transferred from input to convolutional layer where the 
neuron activation probability in computed based on weights and biases. Then the data samples 
undergo preprocessing for solving the missing data and outlier removal. In the next primary 
capsule network layer, significant features are chosen by employing the robust autoencoder 
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model from the dataset to decrease the dimensionality of the dataset with the help of Azadkia–
Chatterjee's dependence coefficient. Finally, classification is carried out in class capsule layer 
by means of the selected relevant features using Kulczynski similarity function, which 
calculates the similarity between the training and testing samples. After the classification, error 
rate is minimized by introducing the fine tuning process using the wild horse herd optimization 
algorithm. To begin with, a population of horses (i.e. weights) is initialized. Followed by, the 
fitness is computed depends on classification error rate. With the estimated fitness, the positions 
of each horse get updated iteratively until reaches maximum iterations. As a final point, the 
accurate prediction results are attained at the output layer by applying the Softmax function, 
which further enhances the accuracy with minimal error. 

4. Experimental Setup   
 In this sub-section, experimental assessment of PRRA-CapsNet model and existing 
TRANS_GRU [1], MSTVFFN [2], are implemented in python high level programming 
language using Global Air Pollution Dataset   taken from 
https://www.kaggle.com/datasets/hasibalmuzdadid/global-air-pollution-dataset  . The primary 
objective of this dataset is to assess air pollution levels using Air Quality Index (AQI) values 
derived from numerous pollutants across various cities worldwide. Air pollution is defined as 
the pollution of indoor or outdoor air by chemical, physical, or biological agents that modify 
its natural characteristics. Typical sources of air pollutants include domestic combustion 
systems, vehicular emissions, industrial activities, and wildfires. Key pollutants that create 
serious risks to public health include particulate matter (PM), carbon monoxide (CO), ozone 
(O₃), nitrogen dioxide (NO₂), and sulfur dioxide (SO₂). Exposure to both indoor and outdoor 
air pollution is associated with respiratory diseases and other health complications, making it a 
leading contributor to morbidity and premature mortality globally. The dataset employed in this 
study contains 23,463 instances with 12 attributes. Table 1 provides a detailed description of 
the features used for air pollution prediction. 

Table 1 attribute information 
S. No   Features  Description  

1  Country    Name of the country 
2 City Name of the city 
3 AQI Value Overall AQI value of the city 

4 AQI Category Overall AQI category of the city 
5 CO AQI Value AQI value of Carbon Monoxide   
6 CO AQI Category QI category of Carbon Monoxide   
7 Ozone AQI Value AQI value of Ozone   
8 Ozone AQI Category  AQI category of Ozone of the city 
9 NO2 AQI Value AQI value of Nitrogen Dioxide   
10 NO2 AQI Category AQI category of Nitrogen Dioxide   
11 PM2.5 AQI Value QI value of Particulate Matter with a diameter of 

2.5 micrometers or less of the city 
12 PM2.5 AQI Category  QI category of Particulate Matter with a diameter 

of 2.5 micrometers or less of the city 
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4.1 Implementation results  

The proposed PRRA-CapsNet model is extensively analyzed to determine its performance 
in predictive analytics applications. The evaluation process consists of numerous stages, 
including data acquisition, data preprocessing, feature selection, and classification. For this 
analysis, the Global Air Pollution Dataset is taken from the Kaggle repository. In the initial 
phase, a comprehensive set of data samples is gathered from the dataset, as illustrated in Figure 
4. 

 
Figure 4 data acquisition 

  After completing the data acquisition phase, preprocessing procedures were performed 
to enhance data quality. These procedures involved treating missing data and identifying outlier 
values. Once the missing data were addressed, the dataset size measured approximately 
1,593KB. Following the removal of outliers, the dataset was further refined, resulting in a 
reduced size of 1,341KB. The outcomes of these preprocessing steps are presented in Figure 5. 

 
Figure 5 after data preprocessing 

Following the preprocessing stage, a feature selection process is performed to reduce the 
dimensionality of the dataset. The model employs the robust autoencoder to evaluate 
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relationships among variables and identify the most informative attributes. By analyzing the 
computed similarity scores, less significant features are eliminated while the most relevant ones 
are retained. Based on these score values, the model selects seven essential features that 
contribute significantly to improving the accuracy of prediction. 

 
Figure 6 heatmap for correlation between features 

 
Figure 7 selected features  

 Figure 7 illustrates the feature selection outcomes which identify seven relevant attributes 
to perform air pollution prediction.  

In the final phase, the model carries out air pollution prediction by applying Kulczynski 
similarity function implemented into the deep capsule network. Using the seven selected 
features, the PRRA-CapsNet model is accurately predicting the air pollution based on air 
quality index is good, moderate and unhealthy, very unhealthy and hazardous. The categories 
Unhealthy, Very Unhealthy, and Hazardous indicate that the air pollution levels are high and 
potentially harmful to health. 
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Figure 8 Prediction outcomes   

5. Performance comparison analysis  
 In this subsection, performance analysis of the proposed PRRA-CapsNet model 
existing   TRANS_GRU [1], MSTVFFN [2], are analyzed using various metrics, such as 
prediction accuracy, precision, recall, F1 score, root mean square error (RMSE), Mean absolute 
error and prediction time. 
5.1 Performance comparison of prediction accuracy 
   The accuracy is defined as the ratio of correctly predicted data samples to the total 
number of data samples taken from the dataset. The prediction accuracy is mathematically 
calculated as follows.  

𝑃𝐴 = 			 >RN>V
>RN>VNWRNWV

∗ 100 (24) 
Where, 	𝑃𝐴		represeents prediction accuracy, true positive (TP), true negative (TP), the 

false positive (FP), false negative ‘𝐹𝑁′.  It is measured in terms of percentage (%).   
Table 2 Prediction accuracy   

Number of 
data 

samples 

Prediction accuracy (%)  
Proposed   
PRRA-

CapsNet   

Existing  
TRANS_GRU [1] 

Existing  MSTVFFN [2] 

2000 96.75 92.5 93.5 
4000 96.37 92.65 93.42 
6000 96.55 92.15 93.36 
8000 96.25 92.35 94.52 
10000 96.44 92.45 94.22 
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Figure 9 performance analysis of prediction accuracy   

Figure 9 shows the prediction accuracy against number of data samples varying from 
2000 to 20000, as collected from the dataset. As shown in figure 9, the horizontal axis 
symbolizes the number of sample data, whereas the vertical axis reveals the equivalent 
prediction accuracy. The graph demonstrates that the proposed PRRA-CapsNet model 
outperforms the existing approaches TRANS_GRU [1], MSTVFFN [2]. Let us consider the 
input data samples of 2000 in the first iteration. By applying the PRRA-CapsNet model, 
enhanced prediction accuracy was found to be 96.75%. In comparison, the accuracy of the 
existing methods [1] and [2] were found to be 92.5% and 93.5%, respectively. For each method, 
ten various results were observed and compared. The average of these ten assessment results 
demonstrate that the prediction accuracy of the PRRA-CapsNet model improved considerably 
by 4% and 3% when compared to existing methods [1] and [2], respectively. This superior 
performance is attained owing to the application of a Deep Capsule Network with the help of 
Kulczynski similarity function for analyzing training and testing data samples within the class 
capsule layers. By analyzing these samples, it efficiently improved accuracy in prediction 
accuracy. Moreover, the fine-tuning process of the proposed Deep Capsule Network utilizes 
wild horse herd optimization algorithm to reduce classification error by enhancing the true 
positive and true negative rates, while minimizing the false positives and false negatives in the 
more accurate pollution prediction.  
5.2 Performance comparison of precision 

12000 96.28 92.35 93.63 
14000 96.17 92.42 94.21 
16000 96.85 92.35 94.22 
18000 96.42 92.4 94.3 
20000 96.33 92.47 93.63 
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  It is an accurate metric used to calculate the accuracy of a model’s positive predictions. 
It is defined as the ratio of true positives (TP) to the total number of predicted positive samples, 
which consists of both true positives (TP) and false positives (FP). 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛	 = >R
>RNWR

      (25)  
Where,	 true positive rate (TP), false positive rate (FP).  

Table 3 precision 

 

 
Figure 10 Graphical representation of precision 

 Figure 10 demonstrates the graphical illustration of precision respecting the number of 
data samples taken from the dataset ranges from 2000 to 20000. The overall presentation of 
precision performance in air pollution prediction is measured using three methods namely 
PRRA-CapsNet model outperforms the existing approaches TRANS_GRU [1], MSTVFFN [2]. 
The x-axis represents the number data samples, whereas the y axis assigns the overall precision 
performance. Among three different methods, PRRA-CapsNet model provides the superior 
performance in air pollution prediction than the other two existing methods. Let us consider 

Number of 
data 

samples 

precision 
Proposed   
PRRA-

CapsNet   

Existing  
TRANS_GRU [1] 

Existing  MSTVFFN [2] 

2000 0.976 0.951 0.957 
4000 0.975 0.95 0.956 
6000 0.974 0.948 0.958 
8000 0.973 0.946 0.957 
10000 0.972 0.945 0.956 
12000 0.977 0.946 0.958 
14000 0.976 0.944 0.953 
16000 0.975 0.946 0.954 
18000 0.973 0.945 0.955 
20000 0.972 0.946 0.953 
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2000 data samples to evaluate the precision.  In order to apply the PRRA-CapsNet model 
achieved a precision of 0.976, while the existing methods [1] and [2] observed the precision 
performance of 0.951 and 0.957 respectively. Similarly, divergent precision outcomes were 
accomplished relating to various calculations of input data samples. In conclusion, the overall 
observed results of PRRA-CapsNet model are compared to existing methods [1] and [2]. The 
average of ten comparison results specifies that the PRRA-CapsNet model demonstrates an 
improvement in precision of approximately 3% compared to [1] and compared to 2% over 
method [2]. This enhanced performance of PRRA-CapsNet model is achieved by integrating 
the Deep Capsule Network in grouping with the Kulczynski similarity function for data 
analysis. In addition, fine-tuning of Deep Capsule Network is done through the integration of 
Momentum method and adaptive horse herd optimization algorithm to reduce the training and 
justification errors. This algorithm effectively increases the performance of precision in air 
pollution prediction by increasing the true positive rate while minimizing the false positives.      
5.3 Performance comparison of Recall 

It also referred to as sensitivity, it measures accuracy of the model identifies positive 
instances during the classification. The formula for calculating recall is shown below: 

𝑅𝑒𝑐𝑎𝑙𝑙 = >R
>RNWV

    (26) 
 Where, true positive rate (TP), false negative ‘𝐹𝑁’  

Table 4 recall  

 
 

 
 
 
 
 
 

 

Number of 
data 

samples 

recall 
Proposed   
PRRA-

CapsNet   

Existing  
TRANS_GRU [1] 

Existing  MSTVFFN [2] 

2000 0.985 0.957 0.963 
4000 0.982 0.954 0.962 
6000 0.983 0.952 0.963 
8000 0.985 0.953 0.964 
10000 0.984 0.954 0.965 
12000 0.983 0.953 0.962 
14000 0.981 0.952 0.963 
16000 0.983 0.951 0.964 
18000 0.982 0.949 0.963 
20000 0.981 0.946 0.965 
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Figure 11 Graphical representation of recall  

Figure 11 demonstrates an overall comparison analysis of recall performance with 
against the number of data samples collected from the air pollution dataset. The PRRA-CapsNet 
model reveals advanced recall performance in air pollution prediction compared to the existing 
approaches [1] and [2]. For instance, with 2000 data samples, PRRA-CapsNet model achieved 
a   recall of 0.985, whereas methods [1] and [2] observed the recall rate of 0.957 and 0.963, 
respectively. Similarly, different performance outcomes were analyzed with dissimilar counts 
of input samples. The experimental assessment shows that the average recall performance of 
PRRA-CapsNet model improved by approximately 3% compared to [1] and 2% compared to 
[2]. The superior performance of PRRA-CapsNet model is attained owing to the fine-tuning 
process applied within the Deep Capsule Network. By utilizing this network architecture, the 
model decreases the error between predicted and actual air pollution prediction outcomes in 
multiclass output using the horse herd optimization algorithm. This process resulting in 
minimal false negatives and enhance in true positives for precise air pollution prediction.    
5.4 Performance comparison of F1score 
 

It also known F-measure calculated as the harmonic mean of both precision as well as 
recall. It is mathematically computed as follows 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ∗ KR0/4&)&-%∗8/4CYY
R0/4&)&-%N8/4CYY

L   (27) 

 
Table 5 F1 score   

Number of 
data 

samples 

F1 score   
Proposed   
PRRA-

CapsNet   

Existing  
TRANS_GRU [1] 

Existing  MSTVFFN [2] 

2000 0.980 0.953 0.959 
4000 0.978 0.951 0.958 
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Figure 12 Graphical representations of F1 score   

The graphical depiction of F1 scores performance analysis using three different methods 
namely PRRA-CapsNet model and existing approaches TRANS_GRU [1], MSTVFFN [2] are 
shown in figure 12. The result visibly shows that the higher F1 score is attained using PRRA-
CapsNet model compared to other existing methods. In the first run with 2000 data samples, 
the F1 score of proposed PRRA-CapsNet model was observed to be 0.980, whereas the F1 
score of existing methods [1] and [2] were 0.953 and 0.959 correspondingly. These outcomes 
confirm that the proposed PRRA-CapsNet model significantly enhances the F1 score compared 
to existing techniques. This development is achieved by the PRRA-CapsNet model increases 
the precision as well as recall in the air pollution prediction. Therefore, the performance of 
PRRA-CapsNet model was compared with the various results observed from the existing 
methods. Therefore, the overall results confirms that PRRA-CapsNet model increases the F1 
score by 3% and 2% compared to [1]  and [2] respectively.  
5.5 Performance comparison of Root Mean square error   

6000 0.978 0.949 0.960 
8000 0.978 0.949 0.960 
10000 0.977 0.949 0.960 
12000 0.979 0.949 0.959 
14000 0.978 0.947 0.957 
16000 0.978 0.948 0.958 
18000 0.977 0.946 0.958 
20000 0.976 0.946 0.958 
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 It is measured as the ratio of data samples in which the predicted results match the 
actual outcomes to the total number of data samples within the dataset. The RMSE is expressed 
as given below,  

𝑅𝑀𝑆𝐸 = �		�@Z0(.1029Z3-#$!(.#$A
,

%
�   (28) 

 Where, 𝑅𝑀𝑆𝐸	indicates a root mean square error, 𝑌C45[CY represents the data samples 
for which actual results,	𝑌30/2&45/2 designates a predicted output.  

Table 6 root mean square error 

 

 
Figure 13 Graphical representations of RMSE 

Figure 13 exhibits the various performance outcomes of RMSE for air pollution 
prediction across dissimilar sample sizes, ranging from 2000 to 20000 data samples. As shown 
in the figure 13, the PRRA-CapsNet model consistently achieved smaller RMSE when 
compared to other existing deep learning architectures. However, the average of ten outcomes 
indicates that the PRRA-CapsNet model demonstrates a 54% reduction in RMSE compared to 

Number of 
data 

samples 

RMSE 
Proposed   
PRRA-

CapsNet   

Existing  
TRANS_GRU [1] 

Existing  MSTVFFN [2] 

2000 0.072 0.167 0.145 
4000 0.057 0.116 0.104 
6000 0.044 0.101 0.085 
8000 0.041 0.085 0.061 
10000 0.035 0.075 0.057 
12000 0.033 0.069 0.058 
14000 0.032 0.064 0.048 
16000 0.024 0.060 0.045 
18000 0.026 0.056 0.042 
20000 0.025 0.053 0.045 
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[1] and a 42% reduction relative to [2]. This well-known improvement is achieved due to 
incorporation of the horse herd optimization algorithm within the deep capsule network. The 
optimization algorithm efficiently fine-tunes the model hyperparameters, thereby lessening the 
air pollution prediction errors. This process integrates the deep capsule network and 
optimization techniques enable PRRA-CapsNet to notably reduce the error rate in air pollution 
prediction. 
5.6 Performance comparison of mean absolute error 

It is accuracy parameter used to compute the amount of the errors to the average value 
of the predicted results.   The mean absolute error is mathematically computed as follows,     

𝑴𝑨𝑬 = ∑@𝒀𝒂𝒄𝒕𝒖𝒂𝒍 − 𝒀𝒑𝒓𝒆𝒅𝒊𝒄𝒕𝒆𝒅@   (29) 
Where, 𝑴𝑨𝑬 denotes mean absolute error, 𝒀𝑨𝒄𝒕𝒖𝒂𝒍 denotes the actual results of weather 

forecasting,𝒀𝒑𝒓𝒆𝒅𝒊𝒄𝒕𝒆𝒅 denotes a predicted results.  
Table 7 means absolute error 

 

 
Figure 14 Graphical representations of MAE 

Number of 
data 

samples 

MAE 
Proposed   
PRRA-

CapsNet   

Existing  
TRANS_GRU [1] 

Existing  MSTVFFN [2] 

2000 3.25 7.5 6.5 
4000 3.63 7.35 6.58 
6000 3.45 7.85 6.64 
8000 3.75 7.65 5.48 
10000 3.56 7.55 5.78 
12000 3.72 7.65 6.37 
14000 3.83 7.58 5.79 
16000 3.15 7.65 5.78 
18000 3.58 7.6 5.7 
20000 3.67 7.53 6.37 
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Figure 14 given above reveals a graphical assessment of the MAE by means of varying 
data sample sizes ranging from 2000 to 20000. The evaluation involved three various deep 
learning models namely the proposed PRRA-CapsNet model and existing approaches 
TRANS_GRU [1], MSTVFFN [2]. The x-axis indicates the number of data samples, while y-
axis displays the equivalent MAE values. The results obviously demonstrate that the PRRA-
CapsNet model consistently delivers the smaller MAE compared to the other existing deep 
learning methods. For instance, let us considered as 2000 data samples in first iteration, the 
performance of MAE achieved by PRRA-CapsNet model is 3.25, whereas [1] [2] observed the 
MAE to be 7.5 and 6.5 respectively. The overall results underscore that PRRA-CapsNet model 
declines MAE by approximately 53% compared to [1] and by 41% relative to [2], enhancing 
air pollution prediction accuracy. This development is primarily due to the employment of the 
horse herd optimization algorithm. The fine-tuning process of deep capsule network efficiently 
decreases the prediction errors, thereby lessening the overall MAE. 
5.7 Performance comparison of prediction time 

It refers to the amount of time consumed by the algorithm to perform the prediction    
from the given input data samples. Therefore, total prediction time is mathematically calculated 
as follows.   

𝑃𝑅𝑇 = ∑ 𝑆𝑅&%
&,! ∗ 𝑇𝑀		[𝐴𝑃]   (30) 

Where, 𝑃𝑅𝑇	designates prediction time,𝑇𝑀		[𝐴𝑃]  indicates time for prediction with 
respect to number of data samples ‘𝑆𝑅&’. The overall prediction time is measured in terms of 
milliseconds (ms).   

Table 8 prediction time 

 

Number of 
data 

samples 

prediction time (ms) 
Proposed   

PRRA-CapsNet   
Existing  TRANS_GRU 

[1] 
Existing  MSTVFFN [2] 

2000 54 68 65 
4000 55.8 73.6 67.5 
6000 60.2 78.6 71.4 
8000 63.5 84.5 75.8 
10000 65.8 90.6 80.2 
12000 70.3 96.8 88.3 
14000 72.6 103.6 93.5 
16000 76.8 109.7 98.4 
18000 82.5 112.2 102.4 
20000 88.4 116.8 108 
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Figure 15 Graphical analysis of prediction time 

Figure 15 demonstrates the performance outcomes of air pollution prediction time using 
the proposed PRRA-CapsNet model and two existing approaches, TRANS_GRU [1], 
MSTVFFN [2]. The comprehensive graphical charts are observed against the number of input 
data samples, ranging from 2000 to 20000. Since the number of data sample increases, the air 
pollution prediction for all three methods increases consequently. The horizontal axis indicates 
the number of data samples gathered from the dataset, while the vertical axis indicates the 
corresponding air pollution prediction time. In an experiment with 2000 data samples, PRRA-
CapsNet model achieved a air pollution prediction time of 54𝑚𝑠, while methods [1] and [2] 
observed a prediction time of 68𝑚𝑠 and 65𝑚𝑠 respectively. Among three various methods, the 
PRRA-CapsNet model constantly reduces the air pollution prediction time by 26% and 19% 
when compared to the two existing deep learning models. This effectiveness is achieved due to 
its data pre-processing and relevant feature selection process. In the data preprocessing, 
Polynomial predictive mean imputation method is employed for handling the missing data. 
Followed by, Modified Z-Score method is used for outlier data removal. Moreover, the robust 
autoencoder based feature selection process is carried out in PRRA-CapsNet model continually 
to choose the more relevant features for accurate air pollution prediction.  Overall, the analysis 
confirms that the PRRA-CapsNet model reduced prediction time in air pollution prediction.  

6. Conclusion  
This paper presents a PRRA-CapsNet model to enhance the accuracy of predictions in cloud 

computing environment. In this paper, a novel PRRA-CapsNet model specifically developed 
to provide highly accurate predictions with minimal time as well as error rate. In PRRA-
CapsNet model, the deep capsule network introduces the data preprocessing and the selection 
of important features from the dataset, aiming to decreasing the overall time required for 
prediction. This method utilizes the model’s capability to deep capsule network, enabling 
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proficient analysis of data samples using Kulczynski similarity function to enhance the 
accuracy of prediction. Furthermore, error rate in the predictive analytics process is further 
minimized through fine-tuning process with horse herd optimization algorithm. An inclusive 
statistical assessment is carried out by means of numerous performance metrics, such as 
prediction accuracy, precision, recall, F1-score, RMSE, MAE, and prediction time. The 
experimental outcomes reveal that the PRRA-CapsNet model consistently outperforms 
predictable deep learning approaches by delivering higher prediction accuracy, faster times, 
and minimized the error rates. 
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