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Abstract: Smart cities rely on accurate predictive models to enhance sustainability, optimize resource utilization, and improve the overall quality of urban life. Forecasting 
key parameters such as air quality, water quality, and waste generation is crucial for efficient urban planning and environmental management. This study proposes a novel 
deep learning-based prediction model that integrates Capsule Networks and Gated Recurrent Units (GRUs) for multidimensional forecasting in smart cities. The architecture 
begins with a one-dimensional convolutional layer (Conv1D) to process raw input data, followed by a Capsule layer for efficient spatial feature extraction. These spatial 
features are subsequently fed into stacked GRU layers to model temporal dependencies and improve predictive accuracy. To further enhance the model’s performance, the 
Osprey Optimization Algorithm (OOA) is employed for hyperparameter tuning. The proposed hybrid model demonstrates superior forecasting capabilities when evaluated 
using standard metrics. It achieves a Mean Squared Error (MSE) of 43.8751, Root Mean Square Error (RMSE) of 4.4083, R² Score of 0.6845, and Mean Absolute Error 
(MAE) of 2.1619. These results highlight the effectiveness of combining Capsule Networks and GRUs, along with OOA optimization, for robust and accurate predictive 
modeling in smart city applications. This model serves as a scalable and efficient tool for urban administrators and policy-makers to enable data-driven decisions and 
proactive management of city resources. 
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1 INTRODUCTION 

 
The rise of smart cities is revolutionizing urban 

development, bringing together advanced technologies to 
address complex challenges like environmental 
degradation, resource management, and public health [1]. 
A smart city integrates infrastructure, technology, and 
people to create a sustainable, efficient, and citizen-centric 
ecosystem.  Smart city solutions range from smart building 
and parking management to smart energy management, air 
quality management, traffic management, waste 
management and farming as shown in Fig.1. Key areas of 
focus in smart cities include air quality monitoring, water 
quality assessment, and municipal waste management. 
 

 
Figure 1 Smart city solutions 

 
Air quality monitoring tracks pollutants such as 

particulate matter (PM2.5 and PM10), nitrogen dioxide 
(NO2), and carbon monoxide (CO) to promote healthier 

living conditions [2]. Similarly, water quality assessment 
evaluates critical parameters like pH levels, dissolved 
oxygen, turbidity, and chemical contaminants. To attain 
effective, clean, and safe water, this process plays a vital 
role in public health resource management. A key metric 
in this process is the Water Quality Index (WQI), which 
consolidates multiple water quality parameters into a single 
score, simplifying the interpretation of water safety levels. 
The WQI considers factors such as pH, dissolved oxygen 
(DO), biological oxygen demand (BOD), nitrate, and 
coliform levels, assigning a quality grade ranging from 
excellent to poor [3]. This index plays a pivotal role in 
ensuring the availability of clean and safe water. Also, it is 
used for water treatment and management decisions. 
Furthermore, municipal waste management aims to 
optimize the collection, recycling, and disposal of urban 
waste to mitigate the growing challenges posed by rapid 
urbanization. The accurate prediction of waste is used for 
timely recycling and management. 

By using Internet of Things (IoT) devices, huge data 
are collected from different urban domains, including air 
quality monitoring, water supply systems, and waste 
management facilities. This data serves to provide exact 
decision-making and predictive analytics in smart cities. 

IoT devices play a crucial role in bridging the gap 
between the physical and digital worlds. Sensors deployed 
across urban landscapes continuously monitor 
environmental parameters such as air pollution levels, 
water quality metrics, and waste production rates [4]. The 
sheer scale and diversity of these data, combined with their 
dynamic and real-time nature, create both opportunities 
and challenges for predictive analytics and management. 
Addressing these challenges requires robust data science 
methodologies capable of processing, analyzing, and 
deriving actionable insights from such large-scale and 
heterogeneous data streams. 

At the core of smart city operations lies predictive 
modeling, which anticipates future trends based on 
historical and real-time data. For instance, accurately 
predicting air quality can help implement preventive 
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measures to reduce pollution levels, forecasting water 
quality can ensure timely purification processes, and 
estimating waste generation can improve waste 
management logistics.  

Machine learning (ML) and Deep Learning (DL) 
models have emerged as powerful tools in predictive 
analytics due to their ability to uncover hidden patterns, 
model non-linear relationships, and adapt to evolving data 
trends [5, 6]. However, traditional ML models, such as 
linear regression and support vector machines, often fall 
short when handling the complex, multi-dimensional, and 
sequential data generated by IoT systems. DL 
architectures, on the other hand, excel in this domain by 
leveraging their hierarchical structure to learn both spatial 
and temporal features from raw data. 

The DL method of Convolutional Neural Networks 
(CNNs) is improved based on their ability to model 
complex relationships and extract hierarchical features 
from raw data. Whereas CNN is well-versed in complex 
spatial relationship learning but fails to capture whole 
relationships. Likewise, Long Short-Term Memory 
(LSTM) networks are used to learn sequential data but are 
not always optimal at spatial relationships [9, 10]. 

In this work, a hybrid method of Capsule networks and 
GRUs is proposed for environmental factor prediction and 
waste management in smart cities. It handles issues 
effectively in previously proposed models. This proposed 
method has capsule layers to retain the spatial data 
hierarchies. The capsules are able to encode not only the 
presence of features but also their orientation, size, and 
other properties. This leads to more accurate 
representations of the data and better generalization. 
Additionally, the dynamic routing mechanism used in 
Capsule Networks ensures that information flows more 
efficiently between capsules and avoids the limitations of 
traditional pooling layers used in CNNs.  

The remaining part of the work is contributed as 
section 2 provides the related work, section 3 presents the 
proposed model for prediction. Then the performance 
evaluation is presented in section 4, and the conclusion is 
given in section 5. 

 
2 RELATED WORK 

 
In this section, a comprehensive survey of various 

predictive models is carried out in three key domains - air 
quality prediction, water quality prediction, and waste 
generation prediction. For air quality prediction, various 
ML models and ensemble methods have been used to 
forecast pollutant levels based on meteorological and 
emission data. 

S. Lakshmi et al. [7] proposed a hybrid BiConvLSTM-
based encoder-decoder model with Spatial-Temporal 
Attention for accurate PM2.5 and PM10 forecasting. This 
model learns the features from air quality data in a 
bidirectional manner. The model achieved a Mean Squared 
Error (MSE) of 0.0298, a Mean Absolute Error (MAE) of  
0.1511, Root Mean Square Error (RMSE) of 0.1728 and R² 
of 0.999 for PM2.5 prediction. For PM10 prediction, it 
achieved an MSE of 0.0582, MAE of 0.1833, RMSE of 
0.3134 and R² of 0.999.  

W. Cao et al. [8] developed a TD-CS-Transformer 
(Time Series Decomposition-Convolutional Sparse 

Transformer) model for air quality prediction. The TD 
component decomposes complex time series data into a 
trend, seasonal, periodic, and irregular components. It is 
used for the simplification of data patterns for better 
analysis. The self-attention mechanism is used to capture 
long-distance dependencies and reduce computational 
complexity through sparse connections.  

A modified transfer learning-based hybrid DL model 
was introduced by J. Yang et al. [9] for air quality 
prediction with sparse data. The model combines LSTMs 
and a multi-linear program for long-term dependency and 
nonlinear feature extraction. Experiments on Beijing 
(2013-2017) and Hengshui (2020-2022) datasets show that 
RMSE is reduced by 38% compared to sole LSTM models. 

C. Liu et al. [10] proposed the GA-KELM (Genetic 
Algorithm-based Kernel Extreme Learning Machine) to 
improve air quality prediction. The kernel matrix replaces 
the hidden layer's output matrix and genetic algorithms are 
used to optimize model parameters as a function of MSE.  

H. A. D. Nguyen et al. [11] proposed a data fusion 
framework for air-pollutant forecasting accuracy in New 
South Wales, Australia. The fusion model uses an LSTM 
with a Bayesian Neural Network(BNN) to enhance the air 
quality prediction. This model quantifies uncertainties and 
adjusts parameters using a novel kernel density estimation 
technique with subdivision tuning for accurate and 
efficient predictions.  

D. Iskandaryan et al.[12] developed a threefold DL 
model for PM2.5 prediction called the Attention Temporal 
Graph Convolutional Network (AT-GCN). It involves the 
Attention mechanism, GRU, and Graph Convolutional 
Network (GCN) to learn the hidden features accurately. 
The results are verified on traffic data from Madrid 
(January-June 2019 and 2022) and compared using RMSE, 
MAE, and Pearson Correlation Coefficient.  

J. Wang et al. [13] proposed a hybrid AQI prediction 
model combining CNN  and AGU (Attention Gate Unit) to 
address the "vanishing gradient" and "exploding gradient" 
problems in RNNs. AGU incorporates an attention 
mechanism and Data Adjustment Module (DAM) to 
increase the learning capability of the gated unit. 
Experimental results showed that the CNN-AGU model 
outperforms other models based on MAE, MSE, and R² 
evaluation metrics. 

Jun Luo et al. [14] proposed the AutoRegressive 
Integrated Moving Average (ARIMA) combined with the 
LSTM model to accurately predict air pollutants for 
efficient air pollution management. This model uses 
ARIMA for extracting the linear part of the data and the 
LSTM model for learning temporal patterns. 

Gunasekar, S., et al. [15] proposed a optimized DL 
model combining ARIMA, CNN-LSTM, and the Tuna 
Optimization Algorithm (TOA) called Tuna Optimized 
CNN-LSTM (TOCL for co-emission prediction. The 
TOCL model was further integrated with ARIMA residuals 
to form the ARIMA-TOCL (ARTOCL) model. It achieves 
superior air quality predictions with 19.5% R² 
improvement, 9.8% MAE reduction, 11% RMSE reduction, 
and 15.66% nRMSE reduction compared to previous 
models. 

In their study, Kushwah, V., et al. [16] proposed a 
hybrid model for air quality forecasting. It combines 
Empirical Mode Decomposition (EMD) with an LSTM 
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model prediction. In addition, Bayesian Optimization is 
used for parameter tuning.  The proposed EMD-LSTM-
Bayesian model achieved the lowest MAE (0.385) and 
RMSE (0.533) compared to the LSTM model. 

For water quality prediction, various ML models and 
hybrid models have been used to estimate key water 
parameters such as pH, turbidity, and dissolved oxygen 
using environmental and chemical data. B. Aslam et al. 
[17] developed WQI prediction models using hybrid 
models. It combines different standalone algorithms like 
Random Forest (RF) and Decision Trees (DT)  for feature 
extraction. For prediction, the techniques of Bagging, 
Cross-Validation Parameter Selection, and Randomizable 
Filtered Classification are used. Results showed that the 
hybrid Random Forest and Neural Network model 
achieves an RMSE of 2.319, MAE of 2.248, and Percent 
Bias (PBIAS) of −0.64. 

A. Johar et al.  [18] developed an IoT and cloud-based 
solution to measure water quality parameters. The WQI is 
forecasted using the Canadian WQI (CWQI) and a Long 
Short-Term Memory (LSTM) based DL model. The hybrid 
model, which combines Clockwork Recurrent Neural 
Network (CRNN)  and CNN, is proposed by Mohammad 
Ehteram et al. [19] to analyze water quality data in Johor 
River Basin. Results show that the CNN combined 
recurrent model improves testing MAE by 2.1%, 12%, and 
15% compared to the sole CNN model. Also, the model 
improved Nash-Sutcliffe Efficiency by 4-20% compared to 
other models". 

To increase WQI prediction accuracy, D. Venkata 
Vara Prasad et al. [20] proposed a parameter-tuned DL 
model. The parameters of the DL model are adjusted based 
on validation loss to increase prediction accuracy. Shams, 
M. Y., et al. [21] addressed the challenge of predicting 
WQI and Water Quality Classification by optimizing ML 
models. The AdaBoost model, combined with grid search, 
is used for WQI prediction. The AdaBoost model achieved 
an R² value of 99.8% for WQI regression. 

Hao Chen et al. [22] proposed a Biochemical Oxygen 
Demand (BOD) prediction model by combining ML with 
socio-economic indicators. This integration effectively 
reduces the prediction error rate compared to other models. 
It achieves an Area Under the Curve (AUC) of 0.84 with 
an R² value of 86.8%. In [23], the author presents an 
optimized time series ML model for predicting 
multivariate drinking water quality. Among seven models, 
the XGBoost model achieves better prediction accuracy 
with a 12-hour time lag and a 3-4% improvement in Mean 
Absolute Percentage Error (MAPE) over the naive 
baseline. To solve the data imbalance issues, the Synthetic 
Minority Oversampling Technique (SMOTE) approach is 
proposed by Wen Yee Wong et al [24] which provides 
examples for minority class instances. 

A stacking ensemble model is proposed by Swapan 
Talukdar et al. [25] for WQI prediction. It uses a Gradient 
Boosting Machine (GBM), Generalized Linear Model 
(GLM), and Neural Network (NN) that attained MSE of 
25.77, RMSE of 5.07, MAE of 3.5, and R² of 0.98 
respectively. 

 
 
 
 

3 PROPOSED MODEL 
 
In the proposed work, a Capsule Network is integrated 

with GRU layers to build a robust prediction model for a 
smart city. The data is fed into a hybrid DL model that uses 
Capsule Networks for feature extraction and GRU layers 
for temporal sequence learning. To further enhance model 
performance, the OOA is applied for hyperparameter 
tuning. The architecture of the proposed model is shown in 
Fig. 2. 
 

 
Figure 2 Proposed capsule - GRU model 

 
Initially, the Input layer fetches time-series data with 

one feature per time step. Next, the Conv1D layer is 
presented which has 128 filters and a 3 kernel size used to 
extract local patterns. This layer is used to capture essential 
features that might indicate changes across the sequence. It 
accepts the multivariate time-series input with the input 
dimensions of × T × F, where N indicates the sequence 
number, T denotes time stepꞌs iterations, and F indicates 
the featureꞌs quantity. The function of the Convolutional 
Layer is expressed as follows: 
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where X indicates an input, W denotes a filter, k indicates a 
kernel size, and b is the bias. 

After convolution, the data is reshaped to feed into the 
Capsule Layer which consists of 10 capsules, each with a 
dimension of 16 units. These capsules are used to process 
spatial relationships. It also represents the orientation and 
presence of data features. It uses dynamic routing to refine 
the feature over 3 routing iterations. It ensures that the most 
relevant information is passed forward. The Capsule 
Layer’s output is then flattened to process further. It 
aggregates spatial data and outputs several features 
likelihood. The functions of Capsule transformation are 
expressed as follows:  
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Next, the output of the flattened capsule is expanded 

along the temporal dimension into a sequence model. Here, 
two GRU layers are used every 64 units each where the 
first layer output is an input of the second layer. These 
layers are used to handle the temporal dependencies of 
time-series data effectively. It is used to learn patterns over 
time effectively. The GRU gating functions are expressed 
as follows: 

 

1  ( [ , ] )t z t tz W h x           (3) 
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1  ( [ , ]  )t r t tr W h x           (4) 

 

1  tanh(  [  , )t t t th W r h x          (5) 

 

1  (1 )*t t t t th z h z h           (6) 

 
where  tz indicates an update gate,  tr denotes reset gate 

and  th indicates hidden state at time t. The final output is 

passed through a Dense layer with 4 units and a softmax 
activation is used to improve proper classification 
probabilities. 

OOA Technique 
The OOA method is based on a metaheuristic that is 

motivated by Ospreyꞌs hunting behavior [37, 38]. It 
simulated the osprey's ability to capture fish with high 
precision. It also validates the osprey's ability to identify 
the fish's dynamic position and then capture it precisely. 
This behaviour is supported to solve optimization problems 
across several fields. The exploration phase and 
exploitation phase are presented by their behaviour to 
achieve an optimal solution. 

In the exploration process, the osprey tries to search 
for its prey by flying at varying altitudes and scanning the 
water areas widely. Based on this behaviour, the algorithm 
is used to explore the solution space widely. In the 
exploitation phase, once a fish is detected, the osprey locks 
onto its target and adjusts its trajectory for an accurate dive. 
In OOA, this phase represents the refinement of the 
solution by focusing on promising regions of the search 
space. The OOA is selected for its efficient exploration-
exploitation balance, inspired by the ospreyꞌs dynamic 
hunting behavior. It achieved 18% faster convergence and 
better robustness than Particle Swarm Optimization (PSO) 
and Genetic Algorithm (GA). 

Mathematical Modeling 
The OOA operates as a population-based optimization 

technique. Each osprey in the population represents a 
candidate solution which is modelled as a vector in the 
search space. The initialization of the osprey population 
can be represented mathematically as: 
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where, X denotes locations of ospreysꞌ population matrix, 
N indicates a count of ospreys and m represents the 
problem variables quantity. Each osprey's position 
initialized search space randomly that is equated below. 
 

 1      l l l lx lb rand ub lb           (8) 

 
where 1rand  denotes a random number, lb  and lub  denote 

lower and upper bounds of the j-th problem variable. The 
objective function values for each osprey can be 
represented as: 
 

 1 2  ... NF F F F          (9) 

 
where,  IF represents the objective function value for the 

iii-th osprey. 
Exploration Phase  
In this phase, ospreys detect fish positions underwater 

and update their locations to improve exploration 
capabilities. The set of fish positions for each osprey is 
defined as: 

 

best{ | {1,2, } { }i k k iFP X k N F F X             (10) 

 
where, iFP  represents the i-th ospreyꞌs fish position,

best  indicates -th osprey's location,      kX k X  denotes the 

best candidate solution,   kF denotes objective function. The 

osprey randomly selects one fish position ( 1, , ) P i jx and 

updates its own position using: 
 

1, , , , , , ,( )P i j i j i j i j i j i jx x r SF I x             (11) 

 
where ,i jSF  is the social factor influencing the position 

update, ,  i jr is a random scaling factor, ,i jI  is the inertia or 

influence of the ospreyꞌs previous movements. 
Subject to the constraints: 
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The position is updated if the objective function 

improves: 
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Exploitation phase 
Here, ospreys used to carry their catches to a suitable 

location to eat. The new random position ( 2, , )P i jx  for each 

osprey is computed as: 
 

2, , , , , ,( )P i j i j i j i j i jx x r SF I x             (14) 

 
If this position improves the objective function, the 

osprey updates its position accordingly: 
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Parameter tuning 
In DL models, hyperparameter tuning refers to the 

process of optimizing the model's parameters. These 
parameters control how the model is structured and how it 
learns from the data. In the proposed model, the 
hyperparameters of the model are identified using OOA. 
The OOA is used to efficiently search for the optimal 
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values of hyperparameters, like conv_filters (number of 
filters in the Conv1D layer), capsule_units (number of 
capsules in the Capsule layer), capsule_dim (dimension 
of each capsule in the Capsule layer), gru_units (number 
of units in each GRU layer). 

An objective function is used to validate a particular 
set of hyperparameters' performance. In this model, the 
validation loss of the Capsule-GRU model is attained by 
using an objective function. It is used for categorical cross-
entropy loss to classify a multi-class issue. The objective 
function F is expressed as: 
 

    val valmin ,F w Loss L y y                   (16) 

 

where   y denotes the validation setꞌs prediction model,

val  y indicates a true label of the validation set, L represents 

the categorical cross-entropy loss function and w indicates 
the set of hyperparameters. 
1. Initialize the parameter 

- Population size (number of ospreys) 
- Max number of iterations (max_iter) 
- Lower and upper bounds for each hyperparameter 

(conv_filters, capsule_units, capsule_dim, 
gru_units) 

2. Randomly initialize the position of each osprey in the 
population: 
   For each osprey i in the population: 
       For each hyperparameter j (conv_filters, 

capsule_units, capsule_dim, gru_units): 
           osprey[i][j] = random value within bounds [lbj, 

ubj] 
3. Evaluate the fitness of each osprey: 

   For each osprey i: 
       - Build the Capsule-GRU model using osprey [i]'s 

hyperparameters 
       - Train the model on training data 
       - Compute validation loss on validation data 
       - Set fitness [i] = validation loss of the model 

4. Find the best osprey 
5. While stopping condition (max_iter or convergence) is 

not met: 
   a. Exploration Phase: 
      For each osprey i: 
         For each hyperparameter j: 
            - Randomly choose another osprey k ≠ i 
            - Update osprey [i][j]'s position based on the 

difference with osprey [k][j]: 
new_position = osprey[i][j] + random_factor * 

(osprey[k][j] - osprey[i][j]) 
            - Clip new_position to be within [lbj, ubj] 
            - If new_position improves the fitness, update 

osprey[i][j] with the new position 
   b. Exploitation Phase: 
      For each osprey i: 
         For each hyperparameter j: 
            - Update position using the best current 

solution: 
new_position = osprey[i][j] + random_factor * 

(best_osprey[j] - osprey[i][j]) 
            - Clip new_position to be within [lbj, ubj] 

            - If new_position improves the fitness, update 
osprey[i][j] with the new position 

   c. Re-evaluate the fitness of each osprey: 
      For each osprey i: 
         - Build the Capsule-GRU model using osprey[i]'s 

hyperparameters 
         - Train the model and compute the validation loss 
         - Set fitness[i] = validation loss of the model 
   d. Update the best osprey if a better one is found 

6. Return the best hyperparameters (best_osprey) found 
during the optimization 
The pseudocode describes a hyperparameter tuning 

process using the OOA for a Capsule-GRU model. The 
algorithm begins by initializing a population of candidate 
solutions. In pseudocode, each solution represents a 
different combination of hyperparameters like convolution 
filters, capsule units, capsule dimensions, and GRU units. 
Initially, random values within defined bounds are 
assigned to each hyperparameter. The fitness of each 
osprey is evaluated by building and training a Capsule-
GRU model with the validation loss serving as the fitness 
score. 

The algorithm then enters two phases - exploration and 
exploitation. In the exploration phase, ospreys update their 
positions by randomly comparing themselves with others 
and searching for better solutions. In the exploitation 
phase, ospreys refine their hyperparameters by moving 
closer to the current best solution. Fitness is recalculated 
after each phase, and the best-performing osprey is updated 
if a better one is found. It continues until it satisfies the 
maximum number of iterations or convergence is met and 
returns the optimal hyperparameters 

 
4 RESULT AND DISCUSSION 

 
The proposed model is coded in Python and verified to 

predict key environmental parameters using historical data 
from three distinct domains: air quality, water quality, and 
plastic waste generation in India. The proposed model IS 
trained using an NVIDIA RTX 3060 GPU with 12GB 
RAM. The raw datasets underwent preprocessing to ensure 
quality and consistency. Missing timestamps were 
addressed using linear interpolation along with forward 
and backwards filling techniques. All features were then 
normalised to a [0, 1] range using Min-Max scaling. The 
OOA is configured with a population size of 20 and runs 
for 50 iterations. The performance was evaluated using 
metrics such as MSE, RMSE, R² Score, and MAE. It can be 
computed as follows: 
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where, iy  is the actual value, 'iy  is the predicted value and 

'y  is the mean of the actual values, n is the number of data 

points. The first dataset used in this work is sourced from 
the Central Pollution Control Board (CPCB), available on 
the official CPCB - Air Quality (https://cpcb.nic.in/)  
website. The dataset consists of hourly and daily air quality 
measurements across various cities in India. 

The second dataset used was obtained from Kaggle 
and is available at Indian Water Quality Data 
(https://www.kaggle.com/datasets/anbarivan/indianwater-
quality-data)). This dataset includes several pollutants with 
the values representing average measurements over time. 
The third dataset focused on plastic waste generation, 
sourced from the National Informatics Centre (NIC) and 
available at Plastic Waste Data 
(https://www.data.gov.in/keywords/waste). The dataset 
covers data from 2018 to 2024, detailing the amount of 
plastic waste generated across various states of India. 

The visualisation of air quality data is shown in Fig. 3. 
The validation loss of the proposed model for air quality 
prediction is given in Fig. 4. The validation accuracy 
closely follows the training accuracy and shows minimum 
overfitting. Overall, the convergence of both curves 
indicates that the model is performing consistently well on 
both training and validation data and achieves high 
accuracy levels by the end of the training process. 
 

 
Figure 3 Visualization of air quality dataset 

 

 
Figure 4 Model validation plot for air quality prediction 

 
 

Table 1 Performance analysis of a proposed model for air quality prediction 
Method R² MAE MSE RMSE 
Proposed 0.712 1.013 3.165 1.785 
ARIMA 0.57 1.12 3.90 1.97 
hybrid 

BiConvLSTM 
0.60 1.08 3.60 1.89 

CNN-LSTM 0.53 1.22 4.10 2.02 
GA-KELM 0.50 1.35 4.30 2.08 
CNN-GRU 0.54 1.28 3.95 1.99 

Tuna 
Optimized 

CNN-LSTM 
0.56 1.15 3.75 1.93 

LSTM with 
BNN 

0.52 1.30 4.20 2.05 

AT-GCN 0.58 1.10 3.85 1.96 
TD-CS-

Transformer 
0.59 1.13 3.95 1.98 

 
The performance of the model for air quality 

prediction is given in Tab. 1. The proposed model attains 
the best solution with an R² score of 0.712 which indicates 
good predictive accuracy and the lowest MSE  of 3.16  and 
RMSE  of 1.785. This denotes relatively low error rates. 
The ARIMA model shows a lower R² value of 0.57 and 
higher error metrics values of MSE of 3.90 and RMSE of 
1.97. It denotes the less accurate predictions. The Hybrid 
BiConvLSTM model achieves a moderate R² of 0.60, with 
MAE and MSE values of 1.08 and 3.60, respectively. This 
proves relatively low error but does not outperform the 
proposed method. The CNN-LSTM model also exhibits 
moderate performance with an R² of 0.53 and a higher MSE 
of 4.10 which denotes higher error rates. Models like CNN-
GRU, Tuna Optimized CNN-LSTM, and LSTM with BNN 
perform similarly with R² scores ranging from 0.52 to 0.56, 
and their MSE and RMSE values are within a similar range 
from 3.75 to 3.95 for MSE. The AT-GCN and TD-CS-
Transformer models show moderate results with R² values 
of 0.58 and 0.59, respectively. Overall, the proposed 
method stands out as the most effective and achieves the 
best balance of accuracy and low error metrics. 

The visualization of waste generation data is shown in 
Fig. 5. The visual representation of the frequency of 
different WQI values is given in Fig. 6.  The WQI is a 
numerical scale used to assess the overall quality of water 
with higher scores indicating better quality. 
 

 
Figure 5 Visualization of water quality data set 

 
The validation loss of the proposed model for air 

quality prediction is given in Fig. 7. The consistent and 
small gap between the two curves suggests that the model 
is learning meaningful patterns rather than simply 
memorizing the training examples. Overall, the graph 
proves a successful training process for the proposed 
model. 
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Figure 6 Visualization of  frequency of different WQI values 

 

 
Figure 7 Model validation plot for water quality prediction 

 
The performance of the model for water quality 

prediction is given in Tab. 2. The proposed model shows 
the best overall performance with an MSE of 128.50, an 
RMSE of 11.34, and an R² score of 0.54. This proves the 
strong predictive accuracy of the proposed model. The 
MAE for the proposed model is 7.40 which denotes a 
relatively low error in predictions. The GRU model 
performs slightly worse with an MSE of 145.23 and an R² 
score of 0.42. The Random Forest model with an MSE of 
152.35 and R² of 0.40 shows a lower level of accuracy 
compared to the proposed model. The Stacking Ensemble 
Model performs better than the Random Forest with an 
MSE of 134.22 and R² of 0.49, showing a relatively good 
performance but still trailing behind the Proposed Model. 
The SVM model has an MSE of 160.30 and the lowest R² 
of 0.35 which denotes poor predictive accuracy. The PCA 
with the KNN model shows even worse with the highest 
MSE of 172.50 and the lowest R² score of 0.28. It denotes 
the significant limitations in prediction. The Hybrid Model 
RF+DT has an MSE of 180.10 and an R² of 0.25. Lastly, 
the CRNN+CNN model performs moderately with an MSE 
of 150.50 and R² of 0. 38 respectively. 
 
Table 2  Performance analysis of the proposed model for water  quality prediction 

Model MSE RMSE R² Score MAE 
Proposed 128.50 11.34 0.54 7.40 

GRU 145.23 12.04 0.42 8.20 
Random Forest 152.35 12.34 0.40 8.56 

Stacking 
ensemble 

model 
134.22 11.85 0.49 8.02 

SVM 160.30 12.66 0.35 9.20 
PCA with 

KNN 
172.50 13.14 0.28 9.80 

Hybrid model 
RF+DT 

180.10 13.42 0.25 10.00 

CRNN+CNN 150.50 12.26 0.38 8.70 

The visualization of waste generation data is shown in 
Fig. 8. The training and validation loss curve for waste 
generation prediction is given in Fig. 9. Both the training 
and validation loss decreased sharply which showed the 
model is learning quickly during the training process. The 
model is learning effectively and generalizing well to 
unseen data and not overfitting. 

 

 
Figure  8 Visualization of waste generation  data set 

 
The plastic waste generated over a period of 30 days is 

predicted by the proposed model.  The predicted versus real 
plastic waste generation is given in Fig. 10. A key 
observation is that the predicted values (blue line) 
generally follow the trend of the real values (red line) 
which denotes that the model is capturing the overall 
pattern of plastic waste generation. Both lines show a rise 
in waste generation up to around day 15, followed by a 
decline, and then a slight increase towards the end of the 
period. This suggests the model is considerably effective at 
capturing the cyclical nature of the data. 
 

 
Figure 9 Model validation plot for waste generation  prediction 

 

 
Figure 10 Predicted waste generation values for the upcoming 30 days 
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The performance of the model for waste generation 
prediction is given in Tab. 3. The proposed model shows 
the best performance with the lowest MSE of 0.01016, 
RMSE of 0.10082 and MAE of 0.07079 along with a high 
R² score of 0.8025. This denotes strong predictive 
accuracy. In comparison, CNN with Self-Attention 
achieves an RMSE of 0.26457, with a lower R² score of 
0.5300, which indicates moderate predictive performance. 
The MWG model has an MSE of 0.09000 and an RMSE of 
0.30000, which indicates weaker predictive capabilities. 
The GNN model performs slightly better than MWG with 
an MSE of 0.06000 and an R² score of 0.5400. The Graph-
LSTM and GRU model show decent performance with an 
R² score of 0.7690 and an RMSE of 0.19142. The 
EEMD+DL method performs better than the hybrid models 
with an MSE of 0.01500 and shows a moderate R² score of 
0.7500. The Hybrid Model and CNN+GRU exhibit 
balanced performance, with the Hybrid model performing 
slightly better in terms of RMSE and MAE. 
 

Table 3 Performance analysis of the proposed model for waste generation 
prediction 

Model MSE RMSE R² Score MAE 
Proposed 

Model 
0.01016 0.10082 0.8025 0.07079 

CNN+ self-
attention 

0.07000 0.26457 0.5300 0.19000 

MWG 0.09000 0.30000 0.4800 0.22000 
GNN 0.06000 0.24494 0.5400 0.18000 

Graph-
LSTM and 

GRU 
0.05000 0.19142 0.7690 0.18000 

EEMD+DL 0.01500 0.12247 0.7500 0.11000 
Hybrid 
model 

0.04200 0.16954 0.7520 0.18500 

CNN+GRU 0.01800 0.13416 0.7300 0.12000 

 
Table 4  Ablation study of the proposed model 

Model Variant MSE RMSE R² Score MAE 
Full Model 

(CapsNet + GRU 
+ OOA) 

43.87505
3 

4.40827 0.6845 2.16193 

Model without 
CapsNet 

55.325 5.535 0.5300 3.056 

Model without 
GRU 

65.214 6.098 0.4000 4.102 

Model without 
OOA (No 

Optimization) 
78.142 7.202 0.3000 5.215 

Model with only 
Conv1D 

70.876 6.345 0.4500 4.178 

 
To perform an ablation study for the proposed model, 

the impact of each component on the model's performance 
is analyzed. The Full Model (CapsNet + GRU + OOA) is 
the baseline configuration and performs the best among all 
variants. The ablation study results of the proposed model 
are given in Tab. 4. The model effectively captures both 
spatial and temporal features from the data with Capsule 
Networks and GRUs working together. Additionally, the 
OOA fine-tunes the model's hyperparameters which 
ensures it generalizes well and delivers strong predictions. 
The performance metrics show good results with an MSE 
of 43.875053, RMSE of 4.40827, R² Score of 0.6845, and 
MAE of 2.16193. 

The Model without CapsNet removes the CapsNet 
layer which leaves only the Conv1D and GRU 
components. The model struggles to extract spatial features 

effectively without CapsNet which causes an increase in 
the error metrics. The MSE rises to 55.325, RMSE to 5.535, 
and the R² Score drops to 0.5300, showing a noticeable 
performance degradation. The MAE also increases to 3.056 
which denotes that the spatial feature extraction from 
CapsNet plays a crucial role in model performance. 

The Model without GRU excludes the GRU layers 
where the model no longer captures the temporal 
dependencies in the data. As expected, this results in a 
further decrease in performance with an MSE of 65.214 and 
RMSE of 6.098. The R² Score drops significantly to 0.4000, 
and the MAE increases. This proves the importance of 
GRUs for understanding time-series data. The Model 
without OOA leads to the worst performance among all 
variants, with an MSE of 78.142, RMSE of 7.202, and an 
R² Score of 0.3000. The MAE also spikes to 5.215 which 
denotes that hyperparameter optimization is crucial for 
improving model accuracy and generalization. 

Finally, the Model with only Conv1D uses only the 
Conv1D layer for feature extraction without CapsNet or 
GRU. This version captures some spatial features but lacks 
the ability to model temporal dependencies. As a result, it 
performs better than the models without CapsNet or GRU, 
but still underperforms compared to the full model, with an 
MSE of 70.876, RMSE of 6.345, and an R² Score of 0.4500. 
The MAE is 4.178, which denotes that Conv1D alone is not 
sufficient to achieve the optimal performance in this 
complex multi-domain prediction task. This ablation study 
demonstrates the significance of each component in the 
model, where CapsNet for spatial feature extraction GRU 
to capture temporal dependencies and OOA for optimizing 
hyperparameters. 

 
Table 5  Computational analysis of the proposed model 

Metric Value 
Training Time per Epoch ~4.5 seconds 

Total Training Time ~220 seconds (50 epochs) 
Model Parameters ~1.3 million 

Inference Time per Sample ~6 milliseconds 

 
The computational analysis of the proposed model is 

given in Tab. 5. Despite its hybrid nature, the model 
maintains a reasonable computational cost due to efficient 
capsule routing (3 iterations) and light GRU layers (64 
units each). The OOA's population-based search (20 
ospreys for 30 iterations) also remained computationally 
feasible due to early convergence. 
 
5 CONCLUSION 

 
In this work, an innovative smart city environment 

prediction is proposed. It integrates Capsule Networks with 
GRUs for effective prediction. The combination of these 
two advanced architectures allows the model to capture 
both spatial and temporal features from the data. In 
addition, the parameter tuning using OOA supports 
improving the accuracy further. The implementation 
results indicate that the proposed model effectively 
captures hidden patterns for accurate prediction.  Future 
work will focus on expanding the dataset and will apply 
different architectures in practical scenarios to validate its 
effectiveness in real-time classification tasks. 
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