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batch sizes, and epochs. The proposed model LSTM-CPSO compared to
other models, baseline LSTM and PSO-LSTM, to predict the
Air Quality Prediction concentrations of PM2.5, PM10, NO2, SO2, CO, and 03 in Jakarta based
on Mean Squared Error (MSE), Mean Absolute Error (MAE), Root Mean
Squared Error (RMSE), and Mean Absolute Percentage Error (MAPE)
metrics. The experimental results show that CPSO-LSTM achieves
superior performance with MSE 0.012105, MAE 0.086356, RMSE
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Net"}’orks o 0.110022, and MAPE 32.31%, outperforming the baseline LSTM by
P?rtlde S.warm Optlrr'llzatlon 38.1% on the MSE metric and 11.9% on MAPE. Interestingly, LSTM-
Time Series Forecasting CPSO produces better architecture with 2 hidden layers and 91 neurons

than LSTM-PSO thatrequires 7 hidden layers with 51 neurons. Similarly,
LSTM-CPSO has shortest 5 training epochs better than LSTM-PSO with
16 epochs. This research demonstrates that chaos-based metaheuristic
optimization can select the best hyperparameters to improve the
performance of LSTM for air quality forecasting.
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1. INTRODUCTION

Jakarta, as the Special Capital Region (DKI), has the highest population density in Indonesia.
Based on the latest data, the population of Jakarta reached almost 11 million people, with a density of
16,000 people per square kilometer [1]. On weekdays, the population increased due to commuter traffic
and vehicles from buffer areas such as Bogor, Depok, Tangerang, and Bekasi. This high density is
inseparable from Jakarta's role as the center of national government, economy, and culture. Further,
Jakarta has primary sources of pollution from motor vehicle emissions, industrial activities, and coal-
fired power plants. Even more concerning, PM2.5 levels in Jakarta are recorded as 23 times above the
World Health Organization (WHO) safe threshold [2]. These conditions trigger some problems,
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especially air pollution, which has reached alarming levels. In 2023, Jakarta was listed among the cities
with the worst air quality globally. The health impacts include increased cases of asthma, ARI(Acute
Respiratory Tract Infection), and various other respiratory diseases. Centre for Research on Energy and
Clean Air (CREA) analysis estimates that air pollution in Jakarta causes around 2,000 premature deaths
per year, with economic losses reaching 1.1 billion USD [3].

To address this problem, an accurate air quality prediction system is needed to support
mitigation efforts. However, air quality prediction is a complex challenge as it involves many
interdependent variables. Machine learning-based approaches, especially for time series data, offer a
more precise solution. Various machine learning algorithms, such as Long Short-Term Memory (LSTM)
[4]-[8], CRANE [9]-[11], ARIMA, Artificial Neural Network (ANN) [12], Support Vector Machine [13],
[14], and CNN [10], [15]-[18] have proven effective for time series prediction. In this study, LSTM is
chosen as the main model due to its ability to overcome the vanishing gradient problem via
backpropagation through time [19]. Hochreiter and Schmidhuber [20] developed LSTM as a refinement
of the recurrent neural network (RNN), which has limitations in storing long-term information. The
advantages of LSTM, including its computational efficiency and gradient handling, make it widely
applied in various fields of time series prediction.

Several empirical studies prove the effectiveness of LSTM. Dhakal et al. [21] reported
satisfactory accuracy in PM2.5 prediction, while Mussumeci and Coelho [22] reported that LSTM
outperformed other methods in predicting dengue fever cases in Brazil. LSTMs have also proven
successful in predicting some subjects, such as agriculture [23], energy [24], weather [25], public
health[26], power grid [27], air pollution[28], and stock prediction [29], [30]. The findings of Das et al.
[31] reinforce that LSTM achieves the best accuracy in the RMSE metric compared to regression models,
Hidden Markov models, and other conventional machine learning methods. Nevertheless, LSTM
implementation still has room for improvement. Some studies, such as [32], noted that in certain cases,
LSTM may be less accurate than a basic CNN. To optimize performance, some researchers developed
hybrid models by combining LSTM and optimization algorithms[33]-[35] . One of the main challenges
in LSTM implementation is determining optimal hyperparameters, where conventional randomized
approaches often yield suboptimal accuracy. Although LSTM has a powerful architecture, its optimal
performance depends heavily on proper hyperparameter configuration. Hyperparameters such as the
number of hidden layers[36], the number of neurons[37], the activation function[38], the optimizer[39],
the batch size[40], and epochs[41] can affect the model's ability to learn complex patterns in air pollution
data. The manual hyperparameter tuning process is not only time-consuming but also often does not
yield an optimal configuration.

Particle Swarm Optimization (PSO) has been known as one of the effective metaheuristic
algorithms for hyperparameter optimization in various machine learning applications [42]. PSO
simulates the swarm intelligence behavior of a group of particles moving through the search space to
find the optimal solution [43]. However, conventional PSO may prematurely converge to a local
optimum, especially in complex search spaces [44]. To overcome this limitation, Chaotic PSO (CPSO) has
been proposed as a variant of PSO that integrates chaos mapping to increase search diversity and avoid
local optima [45]. CPSO uses chaos factors to introduce controlled variability in the search process, thus
exploring the search space more effectively.

This study aims to evaluate the performance of the proposed LSTM-CPSO air pollution
prediction and compare it with the Baseline LSTM without hyperparameter optimization and the LSTM
with hyperparameter optimization using PSO (PSO-LSTM). The main contribution of this research is a
comprehensive evaluation of the effectiveness of both metaheuristic optimization methods in improving
LSTM prediction accuracy for air pollution applications.

2. METHOD

This study uses an experimental approach to compare the effectiveness of three air pollution
prediction models: the proposed CPSO-LSTM, the baseline LSTM, and the PSO-LSTM [46]. The research
methodology (Figure 1) consists of five main phases that are interrelated: (1) data collection and
preprocessing, (2) LSTM architecture, (3) hyperparameter optimization using PSO and CPSO, and (4)
performance evaluation. Each phase is designed to address specific challenges in air pollution time series
prediction.
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Figure 1. Research methodology

Data Collection and Preprocessing

This study utilizes a dataset (Table 1) containing Air Quality Index (AQI) or Air Pollution
Standard Index (ISPU) records collected from air quality monitoring stations in the Jakarta Special
Capital Region from 2010 to 2025. Figure 2 shows a feature visualization of the dataset, which covers

Evaluation
MSE, MAE, RMSE,
and MAPE

key air pollution parameters, including PM2.5, PM10, NO2, SO2, CO, and 03.

Table 1. Variable Table

Variable Role Type Description Unit Missing value
Name
Date Features Date Date when AQI was measured No
Station Features Characters  Monitoring station name No
PM10 Features Integer Concentration of particles with a diameter of 10 pg/m? No
micrometers or less (PM10)
PM25 Features Integer Concentration of particles with a diameter of 2.5  pg/m? Available

micrometers or less (PM2.5)

CPSO-LSTM: Chaotic Particle Swarm Optimization improved LSTM Hyperparameters for Air
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Variable Role Type Description Unit Missing value
Name
S02 Features Integer Sulfur dioxide (SO2) concentration ppm No
co Features Integer Carbon monoxide (CO) concentration ppm No
03 Features Integer Ozone concentration (03) Ppm No
NO2 Features Integer Nitrogen dioxide (NO2) concentration ppm No
Max Features Integer Maximum value recorded among pollutants for a No
specific date and station
Critical Features Category The pollutant that has the highest concentration No
on that date and station
Category Features Categories  Air quality category based on the 'max’ value. No
This category describes the level of air quality
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Figure 2. Dataset Visualization

Before modeling, a data preprocessing stage was conducted, comprising several main steps.

First, data cleaning is performed to handle missing values. Next, the data were normalized using Min-
Max scaling to a uniform range. The data is then transformed into a supervised learning format by
applying a sliding window approach to prepare it as input for the time series prediction model. For
model training and evaluation, the dataset was divided into two subsets: 80% for training and 20% for
validation. This division is done sequentially to ensure an effective model development process.

2.2,

LSTM Architecture
Long Short-Term Memory (LSTM) is a neural network architecture specifically designed to

overcome the vanishing gradient problem in traditional RNNs. LSTM has a cell-state structure that
allows the model to remember long-term information and forget irrelevant information via three main
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gates: the forget gate, the input gate, and the output gate. The following table contains the LSTM baseline
parameters (Table 2).

Table 2. LSTM baseline parameters

Parameter Value
LSTM Units 50
Dropout Rate 0.2
Learning Rate  0.001
Batch Size 32
Optimizer Adam
Loss Function  MSE

2.3. Hyperparameter optimization using PSO and CPSO

1. INITIALIZE PARAMETERS
- Swarm size (N particles)
= Dimension (D), w, ¢, &=
- Chaos map parameters

2. INITIALIZE POPULATION

= Random position x{i] € [x_min, x_max]
= Random velocity vii] € [v_min, v_max]
1. INITIALIZE PARAMETERS Typical Values - Initialize pbestfi] = xfi]
- Swarm size (N particles) w.04-09

- Problem dimension (D) €:15-25
- w (inertia), ¢, c: (acceleration) ;rl 2165 -‘%’g
A o 3. EVALUATE FITNESS
f(qi]) for all particles i=1.2, ... N
Find global best {gbest)
2. INITIALIZE SWARM
- Random position: ] € [x_min, x_max]
- Random velocity: v{i] € [v_min, v_max]
S5 Poesyls 2] Jor i paricke 4. CHAOTIC MAPPING
- Generate chaotic sequence using chaos map
= Logistic Map: xjn+1] = p X x{n] X (1 - x{n])
3. EVALUATE FITNESS S EEPERR T Vo Wh otk yaves
- Calculate f{xfi]) for all particles
- Find global best (gbest)

5. UPDATE VELOCITY (CHAOTIC)
4, UPDATE VELOCITY it el Mool e Eo
Vil =w X il + & X n X (pbesi{i] - x{i]) + ¢ X rz X (gbest - x{i])
w = inerfia weight, ¢ = cognitive coefficient, c- = social coefficient
e, 1= = random numbers & 0. 1]

6. UPDATE POSITION No
5. UPDATE POSITION = i+ viil Continue

1] =i} +vii} Check boundary constraints iteration
Apply boundary constraints if needed

NO
Continue

teration 7. EVALUATE NEW FITNESS
6. EVALUATE NEW POSITIONS

- Calcuate f{x{i]) for new positions
- Update pbestfi] and gbest if improved

Calculate f{x{i]) for new positions
Update pbest and gbest if improved

OUTPUT BEST SOLUTION
END

OUTPUT BEST SOLUTION
END

Figure 3. PSO Algorithm Figure 4. CPSO algorithm

In this study, the search space for LSTM hyperparameter tuning using PSO and CPSO is shown
in Table 3. The hyperparameter search for the LSTM model was conducted over a search space of 7
parameters, including the number of hidden layers and neurons, ranging from 2 to 10 layers and 1 to
100 neurons, respectively, to capture both shallow and deeper network configurations. Activation
functions (Tanh and Sigmoid), loss functions (MSE and MAE), and optimizers (Adam and RMSprop)
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represent widely adopted choices in LSTM-based time-series forecasting. The batch size was tested
using two discrete values (32 and 64). The number of training epochs was varied continuously from 5
to 100 to observe the model’s convergence behavior under short and extended training regimes.

Table 3. Hyperparameter search of the LSTM method

No Hyperparameters Search Space Type
1. Hidden Layers [36] [2,10] Continuous
2. Neurons [37] [1,100] Continuous
3. Activation function [38] Tanh, Sigmoid Discrete with step=1
4. Loss function [19] MSE, MAE Discrete with step=1
5. Optimizer [39] Adam, RMSprop Discrete with step=1
6. Batch size [40] [32,64] Discrete with step=1
7. Epoch [41] [5,100] Continuous

Particle Swarm Optimization (PSO)

PSO (Figure 3) is a metaheuristic optimization algorithm inspired by the social behavior of a

group of birds or fish [47]. Each particle in the swarm has an updated position and velocity based on its
own personal best and the best experience of the entire swarm (global best).

1.

Main PSO Formula:
Update Velocity:
ViHl =w. Uit + Cl-rl'(pbestl— - xlt) + 2. 72- (Gpest — xf) (1)
Description:
vt = particle velocity i at iteration t+1

w= inertia weight, typically 0.4-0.9
¢, = cognitive parameter (usually 2)
¢, = social parameter (usually 2)
71,T>= random number in [0,1]
Ppest;= personal best position

IJpest= global best position

xf= position of particle i at iteration t

Component Explanation:
Inertia Term (w - v{)
This component represents the particle momentum from previous iterations. Inertial weights

w (usually range from 0.4-0.9) serve to:

C.

e Maintains the particle velocity of previous iterations

e Balancing global exploration (broad search) and local exploitation (deep search)

e Higher values encourage global exploration, while lower values encourage local convergence w

e By maintaining momentum, the particles will not change direction too drastically, maintaining
continuity of motion

Cognitive Term (c¢; - 11 - (Ppest; — X{))

This cognitive term reflects the personal experience of the particles. These components:

e  Pushing the particle back to the best position it has ever found (ppest;)

e (yis a cognitive parameter (usually worth 2), controlling the force of attraction against a
person's best position

e risarandom number in the range [0,1], giving stochasticity to the movement

*  (Poest; — xH)is the vector of the distance between the current position and the personal best
position

e The greater this difference, the stronger the drive to return to the best position

Social Term (¢, - 75 * (Gpest — xF))
This social term captures the collective influence of swarms. These components:

e Pushes the particles towards the best position found by the entire swarm (gpes:)

e (,is a social parameter (usually worth 2), controlling the force of attraction against the global
best position
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e 1yis an independent random number in the range [0,1], giving randomness to the direction of
movement

e (gpest — xD)is the distance vector between the current position and the best global position

e This component facilitates the "exchange of information" between particles indirectly

2. Update Position:
Xt = xf 4ot @

This equation is a simple kinematic rule that updates the position of a particle based on its
velocity. More specifically:
e x!*lis the position of the particles i on the iteration t + 1
e xlis the position of the particle i in the iteration (previous position) it
v*1is the rate that has been updated on the iteration t + 1
e Position updates are done by adding a velocity vector to the current position
This equation is consistent with the basic physics principle, where the change in position is
equal to the velocity multiplied by time (in this case, time is one iteration). The new position of the

particle determines the value of the objective function to be evaluated in the next iteration.

Chaotic Particle Swarm Optimization (CPSO)

CPSO (Figure 4) is a variant of PSO that integrates chaos mapping to enhance exploration[48].
The chaos factor (CF) introduces controlled variability into the search process, helping the algorithm
avoid local optima.
Main CPSO Formula:
1. Addition of Chaotic Map:
A commonly used chaotic map is the Logistic Map:

Zppr = U2 . (1 —2z) 3
Description:
zy = chaotic value at iteration k

u= chaos control parameters, generally between 3.57-4
Z,= initial chaotic conditions, between (0,1)

Component Explanation:
a. Logistic Map as a Chaos Generator
Logistic maps are one of the simplest yet most useful chaos maps in the literature of nonlinear
dynamics. Its functions in CPSO are:
e Generates chaotic value sequences that are highly sensitive to initial conditions
e The chaos value (z;,;) is calculated based on the previous value (z;,) in a nonlinear way
e Generate values that are unpredictable but remain limited in the range [0,1]
e Gives each particle a unique "chaos perturbation” based on its own chaos map history
Characteristics of Logistic Map:
e Deterministic (calculated with certainty from previous iterations) but produces a seemingly
random output
e Sensitive dependence on initial conditions: small differences in initial values z;, result in very
different chaos sequences
e Chaotic behavior occurs in a certain parameter regime (especially when ) u € [3.57,4]
b. Chaos Control Parameter (u)
These chaos control parameters set the level of chaos in the system:
e Optimal range: Typically between 3.57 to 4
o u < 3,57: The system is periodic, not chaotic (lack of exploration)
o p € [3,57,4]: The system is chaotic with intermittency (maximum exploration)
o p > 4:Chaos value out of range [0,1] (invalid)

CPSO-LSTM: Chaotic Particle Swarm Optimization improved LSTM Hyperparameters for Air 132
Pollution Prediction
Tri Andil, Andri Pranolo?*, Amelia Ritahani Ismail3, Candra Juni Cahyo Kusuma?


http://u.lipi.go.id/1466480524
http://u.lipi.go.id/1464049910

JOIN | Volume 11 No. 1| June 2026: 126-141

o

3.

e General setting: Frequently used values ¢ = 3,99 or u = 4 to get strong chaos
e Function: Control the "intensity" of chaotic explorations added to the algorithm
e Trade-off: Higher values u provide wider exploration but may delay convergence
Early Chaos Conditions (z,)
The initial value of chaos is the starting point of the logistic map iteration:
e Range: Usually randomly selected in intervals [0.1]
e Independence per particle: Each particle can have a different z,, or all particles share the same
chaos sequence
e [mportance: The initial conditions determine the order of chaos that will be generated in each
iteration
e Best practice: Often use a value of z, = 0,5 or select randomly to increase diversity.
Chaotic Value (z)
The chaos value generated on the iteration to k:
e Itis the output of the logistic map that will be integrated into the velocity update equation
e These values have a chaotic nature: non-repetitive, unpredictable, yet deterministic
e Used as a perturbation factor to "shake" particles out of the local convergence area
e Contribute to global exploration in a systematic yet "random-like" way

Speed Update with Chaos:

vitt =w.vf + Cl-rl'(pbesti —xf) + €2.12. (Gpese — X{) + @ .2 )
Description:

a= chaos scaling factor (chaos influence weight)
7= value of chaotic map
Other parameters are the same as PSO.
Component Explanation:
Three Initial Components (Inertia, Cognitive, Social)
The first three components are identical to standard PSO:
e Inertia term (w - v}): Maintains the momentum of the previous particle
e Cognitive term (¢; * 77 - (Ppest; — x!)): Pulling particles to their personal best position

e Social term (c, - 75 - (gpest — xF)): Attracting particles to global best position
These three components remain the basis of particle movement in CPSO.
Chaos Scaling Factor («)
This parameter controls the effect of chaos on speed updates:
e Definition: The weight factor that regulates the intensity of chaos contribution in the update
velocity
e General range: Usually within [0, 1] or [0, 2] depending on the researcher's preference
o asmall (0.01-0.1): Chaos has minimal influence, PSO almost standard
o a moderate (0.1-0.5): Chaos makes a significant contribution
o alarge (0.5-1): Chaos dominates exploration
e Main function: To set the balance between exploration (chaos) and exploitation (PSO standard)
e Algorithm influences:
o atoo small: The benefits of chaos are not maximum, convergence like regular PSOs
o atoo big: Algorithms become too random, difficult to achieve global optimal
o aAdaptive: Some studies use that decline with iteration a
Chaotic Value (z)
The chaos value generated from the logistic map in the iteration of k:
Added directly to the velocity update equation as a perturbation term
Gives a systematic random "boost" to particles
Helps particles cross the "valley" in the objective function landscape
It is more structured than the addition of pure random noise because it follows the dynamics of
chaos

Position Update:

Xf* = xf o+ of (®)
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Explanation:

The position update equation in CPSO is identical to standard PSO:
e x!*lis the position of the particles i on the iteration t + 1
e xlisthe position of the particles i on the iteration t
e v!*lisan updated speed (this time with a Chaos contribution)

e The new position is the result of summing the old position with the new velocity vector

2.5. Performance Evaluation

To assess the accuracy and reliability of the prediction model, this study uses four key
evaluation metrics that comprehensively evaluate prediction error and model fit to the actual data.
These four metrics complement each other: MSE and RMSE help identify large errors, MAE provides a
stable picture of accuracy, and MAPE. This combination ensures a comprehensive evaluation of air
quality prediction model performance. The experiments were carried out using a consistent
configuration across all optimization methods. Both PSO and CPSO used 6 particles and were run for 8
iterations to ensure a fair comparison of their optimization capabilities. The dataset was split into 80%
training and 20% validation to evaluate model performance during training and prevent overfitting.
Four evaluation metrics, MSE, MAE, RMSE, and MAPE, were used to provide a comprehensive
assessment of predictive accuracy, capturing both absolute and relative error characteristics.

Mean Squared Error (MSE)

MSE measures the average squared difference between the predicted and actual values[49]-
[51]. This metric is very sensitive to large errors due to squared effects, so it is useful for identifying
outliers. The smaller the MSE value, the better the model performance.

n
1 .
MSE = ;Z(}’i - 9)? (6)
i=1
Description:

n=amount of data/samples

y;= actual/observed value i
¥;=i-th predicted value

(y; — ¥:;)=error/mistake number i

Mean Absolute Error (MAE)

MAE calculates the average absolute difference between the prediction and the true value[52],
[53]. Unlike MSE, MAE gives equal weight to all errors, making it more robust to noise. A low MAE value
indicates high prediction accuracy.

n
1 -
MAE = = Iy = i 7)
i=1
Description:

n=amount of data/samples

y;= actual/observed value i

¥;=i-th predicted value

|y; — ¥;|= absolute value of the i-th error

Root Mean Squared Error (RMSE)

RMSE is the square root of MSE, which returns the error scale to the original units of data[54]-
[56]. This metric is often used because it is easy to interpret and emphasizes large errors more than
MAE. Like MSE, the lower the RMSE, the better the model is at predicting.
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RMSE = (8)

Description:
n=amount of data/samples
y;= actual/observed value i
¥;=1i-th predicted value
(y; — ¥:)=error/mistake number i

Mean Absolute Percentage Error (MAPE)

MAPE measures the average absolute percentage error between actual values and predicted
values[57]-[59]. This metric is very useful because it provides an interpretation of error in percentage
form, making it easy to understand and compare between datasets with different scales.

n
1
MAPE = —Z
n

i=1

u| x 100%

i

9)

Description:
n=amount of data/samples
y;= actual/observed value i
¥;=i-th predicted value

3. RESULT AND DISCUSSION

3.1. Hyperparameter Optimization Results

The hyperparameter optimization process yielded distinct optimal configurations for each
model, demonstrating the effectiveness of the metaheuristic approach in refining the LSTM architecture.

Table 4. Hyperparameter search results

No Hyperparameters PSO CPSO
1. Hidden Layers 2 2

2. Neurons 51 91

3. Activation function Sigmoid Sigmoid
4. Loss function MSE MSE

5. Optimizer RMSprop  RMSprop
6. Batch size 32 64

7. Epoch 16 5

The PSO algorithm produces a relatively complex architecture with 7 hidden layers and 51
neurons per layer, using a sigmoid activation function. This model uses an RMSprop optimizer with a
batch size of 32 and is trained for 16 epochs. This configuration shows that PSO tends to select deeper
networks with sufficient training epochs to capture temporal patterns in air pollution data.

In contrast, the CPSO approach produces a much more efficient architecture with only 2 hidden
layers, yet a significantly higher number of neurons (91 per layer). The activation function remains
sigmoid, with the RMSprop optimizer, a larger batch size (64), and only 5 training epochs. This striking
difference indicates that CPSO can find a more straightforward yet highly effective model structure,
offering a significant advantage in computational efficiency and training time. The dramatic reduction
from 16 epochs to only 5 epochs shows that CPSO successfully finds a more optimal configuration with
much faster convergence.

3.2. Convergence Analysis

Convergence analysis of optimization algorithms shows very significant differences in
characteristics between conventional PSO and CPSO. In PSO, the optimization process requires 16
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epochs to converge, suggesting a more extensive but potentially less efficient hyperparameter search.
The resulting model has a high complexity with 7 hidden layers, suggesting that PSO tends to explore a
more complex solution space.

In contrast, CPSO exhibits far superior convergence behavior, requiring only 5 training epochs
(a 68.75% reduction from PSO), while producing a simpler architecture with 2 hidden layers. This
remarkable efficiency is primarily due to the chaos factor, which effectively balances the exploration
phase (searching for new areas) and the exploitation phase (optimizing already discovered areas) within
the hyperparameter search space.

This faster, more efficient convergence is one of the key factors explaining why CPSO can
produce models with better final performance than conventional PSO while also drastically reducing
computation time. CPSO's ability to find optimal solutions with a minimal number of iterations
demonstrates the superiority of this algorithm in navigating complex search spaces.

3.3. Model Performance Comparison
The performance evaluation results of the three models show significant differences:

Table 5. Model Performance Comparison

Model MSE ITIS RMSE MAP
Baseline LSTM 0.019124 0.111838 0.138289 36.742071
PSO-LSTM 0.018284 0.108809 0.135218 36.186673

Proposed CPSO-LSTM 0.012105 0.086356 0.110022 32.308927

A comparison of the three models shows very significant differences in prediction accuracy. The
baseline LSTM model recorded an MSE of 0.019124, MAE of 0.111838, RMSE of 0.138289, and MAPE of
36.74%, indicating relatively low performance as a base model without optimization. The application of
PSO optimization successfully improved the model's performance by reducing the MSE value to
0.018284 (a 4.4% improvement), MAE to 0.108809 (2.7% better), RMSE to 0.135218 (2.2% better), and
MAPE to 36.19% (1.5% error reduction).

However, the CPSO-LSTM model showed a much greater advantage, achieving the best values
across all evaluation metrics. Compared to the baseline LSTM, CPSO-LSTM successfully improved
performance by 38.1% on MSE (0.012105), 22.8% on MAE (0.086356), 20.4% on RMSE (0.110022), and
11.9% on MAPE (32.31%). More impressively, compared to PSO-LSTM, CPSO-LSTM showed
improvements of 33.8% in MSE, 20.6% in MAE, 18.6% in RMSE, and 10.7% in MAPE.

The striking difference between PSO-LSTM and CPSO-LSTM shows that integrating chaos
factors into optimization algorithms not only results in faster convergence, as discussed earlier, but also
dramatically improves model prediction accuracy. Although the MAPE of 32.31% still indicates room for
improvement, the substantial improvement from the baseline (36.74%) demonstrates the effectiveness
of the CPSO approach in optimizing LSTM model hyperparameters for air quality prediction.
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Figure 4. Error Metrics Comparison
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Figure 5. Mean Absolute Percentage Error (MAPE) Comparison
3.4. Discussion

Main Contributions of the Research

This study makes three significant contributions to the field of air quality prediction using deep
learning. First, we propose the application of Chaotic Particle Swarm Optimization (CPSO) for LSTM
hyperparameter optimization in the context of air pollution prediction, which, to our knowledge, has not
been widely explored in the literature. Second, this study empirically proves that the integration of chaos
factors in PSO can improve prediction performance by up to 38.1% (MSE) compared to the baseline
model and 33.8% compared to conventional PSO, while also producing a much more efficient
architecture with only 2 hidden layers versus 7 hidden layers in conventional PSO and a reduction in
training time of 68.75% (5 epochs vs. 16 epochs). Third, our findings show that CPSO can achieve an
optimal balance between model complexity and prediction accuracy, resulting in a model that is not only
more accurate (11.9% improvement in MAPE) but also highly computationally efficient.

Optimization Effectiveness Analysis

An in-depth analysis of the optimization process reveals significant advantages of CPSO over
conventional PSO in optimizing LSTM hyperparameters for air pollution prediction. Three key
interrelated factors can explain the success of CPSO. Superior Search Space Exploration. The chaos factor
embedded in CPSO provides a much more effective search-space exploration capability, allowing the
algorithm to avoid local-optima traps that are often a weakness of conventional PSO. This is evident from
CPSO's ability to find optimal configurations with far fewer epochs (5 vs. 16), demonstrating that the
chaos factor facilitates a more focused, efficient search for solutions. The variability generated by the
chaos factor facilitates solution diversification in the early stages of optimization, while maintaining
intensification capabilities in the final stages.

CPSO exhibits significantly more efficient convergence, reaching the optimal solution in only 5
epochs compared to 16 for PSO (a 68.75% reduction). This not only dramatically speeds up the training
process but also increases the reliability of the optimization results. This efficiency is crucial for practical
applications where computation time and resources are important considerations. Most interestingly,
CPSO successfully found a hyperparameter configuration that intelligently balances model complexity
and prediction performance. The CPSO-LSTM architecture with 2 hidden layers and 91 neurons proved
much more effective than the PSO-LSTM architecture with 7 hidden layers and 51 neurons. This unique
combination of structural simplicity (a 71.4% reduction in the number of layers) and adequate
processing capacity (a 78.4% increase in the number of neurons per layer) is the key to the superiority
of CPSO-LSTM in generating more accurate predictions for air quality problems, while significantly
maintaining the computational efficiency of the model.

Practical Implications

The findings of this study have very significant practical implications for the implementation of
air quality prediction systems. The much simpler architecture (2 hidden layers) of CPSO-LSTM allows
for highly efficient deployment on resource-constrained systems, such as edge computing or embedded
systems for real-time air quality monitoring. The 68.75% reduction in training time (from 16 to 5
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epochs) is particularly advantageous for scenarios where models need to be retrained periodically with
the latest data, such as in adaptive monitoring systems. The 11.9% improvement in prediction accuracy
(from 36.74% to 32.31%) on MAPE indicates significant progress towards the standards required for
practical applications in public health and environmental management decision-making. Although an
MAPE of 32.31% still indicates room for further improvement, the CPSO-LSTM model has demonstrated
promising capabilities for implementation in air pollution early warning systems.

Limitations and Future Research Directions

Although the study's results show the significant superiority of CPSO-LSTM, several limitations
should be considered. First, the MAPE of 32.31% still indicates significant prediction error, suggesting
the need further to explore the model architecture or data preprocessing methods. Second, this study
focused on a specific air quality dataset, so generalizing the results to other geographical contexts or
pollutant parameters requires further validation. Third, the chaos factor used in CPSO was selected
based on initial experiments, and further research is needed to determine the optimal value adaptively.
Fourth, this study has not explored combining CPSO with other deep learning architectures, such as GRU,
Bidirectional LSTM, Transformer, or hybrid models, which may further improve prediction accuracy.

These findings not only demonstrate the effectiveness of CPSO in this specific case but also open
the door to its application to a range of time-series forecasting problems, including weather prediction,
energy forecasting, and financial data analysis.

4. CONCLUSION

This study successfully demonstrates the effectiveness of metaheuristic techniques for
optimizing LSTM model hyperparameters in air pollution prediction, addressing the challenges of
optimal hyperparameter configuration complexity and computational efficiency. The main
contributions of this research are: (1) empirically proving that CPSO significantly outperforms
conventional PSO with a 38.1% increase in accuracy on MSE and 11.9% on MAPE, while reducing
architecture complexity by 71.4% (from 7 to 2 hidden layers) and training time by 68.75% (from 16 to
5 epochs); (2) identifying that the integration of the chaos factor produces an optimal balance between
exploration and exploitation, as evidenced by much faster and more stable convergence; and (3)
demonstrated that a simple architecture with larger neuron capacity (2 layers with 91 neurons) can be
far more effective than a complex architecture with smaller neuron capacity (7 layers with 51 neurons),
offering superior computational efficiency without sacrificing accuracy.

The CPSO-LSTM model achieved the best performance across all evaluation metrics with an
MSE of 0.012105, MAE of 0.086356, RMSE of 0.110022, and MAPE of 32.31%, outperforming the
baseline LSTM by 38.1% (MSE) and 11.9% (MAPE), and PSO-LSTM by 33.8% (MSE) and 10.7% (MAPE).
This superiority lies not only in its numerical accuracy but also in its remarkable convergence efficiency
and the simplicity of its model architecture. These findings provide a significant methodological
contribution to hyperparameter optimization in time series prediction applications, particularly for real-
time air quality monitoring systems that require a balance between accuracy and computational
efficiency.
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