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 Particulate matter (PM2.5) concentration is a critical air quality indicator 

with severe health impacts. Predicting its dynamics is challenging due to 

complex interactions with meteorological variables. This study evaluates 

long short-term memory (LSTM) and multilayer perceptron (MLP) networks 

to identify the most accurate forecasting architecture. We integrated 

continuous data from automatic weather stations (AWS) and air quality 

sensors. Data preprocessing involved temporal synchronization, outlier 

removal, and multivariate imputation by chained equations (MICE). Key 

input features past particulate matter, temperature, and relative humidity 

were selected via Pearson correlation and trained using a 24-hour sliding 

window. Results demonstrate that the single LSTM model outperforms both 

the MLP and hybrid architectures. The LSTM achieved the lowest root mean 

square error (RMSE) of 6.862 µg/m³ and a mean absolute percentage error 

(MAPE) of 37.38%. Although the MLP yielded a slightly higher coefficient 

of determination (0.810), it exhibited significant magnitude bias by treating 

sequential data as static features. Ultimately, this research provides a robust, 

data-driven framework for real-time air quality early warning systems in 

tropical regions. 
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1. INTRODUCTION 

Air quality significantly impacts global public health and ecological balance [1]. Among 

atmospheric pollutants, particulate matter ≤ 2.5 µm (PM2.5) is particularly critical, contributing to 

approximately one-eighth of global pollutant-related deaths due to severe respiratory and cardiovascular risks 

[2], [3]. The accumulation and dispersion of PM2.5 are strongly driven by complex, nonlinear meteorological 

factors such as temperature, relative humidity, and wind speed [4]. Conventional statistical models, such as 

autoregressive integrated moving average (ARIMA) and linear regression, struggle to capture these dynamic 

interactions [5]. Similarly, traditional engineering solutions like Kalman filters or standard machine learning 

algorithms often require rigorous manual feature engineering and assume Gaussian noise distributions. These 

assumptions rarely hold true in highly volatile real-world atmospheric sensor streams. Consequently, deep 
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sequential neural networks offer a superior engineering alternative by autonomously learning hierarchical 

temporal features directly from raw multi-sensor data. 

In recent years, the development of machine learning methods has provided new opportunities in air 

quality modeling and prediction. The long short-term memory (LSTM) model is considered optimal in 

predicting PM2.5 concentrations because it is designed to overcome the problem of vanishing gradients and 

can retain important information in long time series [6]. In predicting PM2.5, hourly intervals have a root 

mean square error (RMSE) in the range of 6.3-13.1 μg/m³ [7]. On the other hand, the multilayer perceptron 

(MLP) is a neural network model that is also effective in handling nonlinear relationships between variables, 

although with a simpler approach than LSTM. This model can predict PM2.5 concentrations with evaluation 

metrics in the form of an RMSE of 3.41-8.12 μg/m³ and an MAE of 2.21-4.36 μg/m³ [7].  

While previous studies have explored LSTM and MLP architectures for air quality forecasting [8], 

many simply feed raw meteorological variables into neural networks without rigorously evaluating the 

necessity of each feature or addressing the temporal irregularities inherent in sensor data. Most existing 

LSTM-based works rely on standardized, clean datasets from temperate regions and overlook the complex 

thermohygrometric interactions typical of tropical climates. Furthermore, there is a lack of systematic 

comparative evaluations that isolate the exact performance trade-offs between sequential LSTM, static feed-

forward MLP, and hybrid architectures under identical data pre-processing pipelines. To bridge this critical 

gap, our study introduces a unified framework that combines temporal synchronization, multivariate 

imputation by chained equations (MICE), and rigorous Pearson correlation feature selection. We explicitly 

evaluate how integrating localized automatic weather station (AWS) data optimizes PM2.5 prediction 

accuracy, providing a reproducible benchmark for tropical air quality modeling.  

The specific contributions of this study are threefold: (i) a comparative evaluation of LSTM and 

MLP architectures for sequential air quality data; (ii) the integration of continuous AWS parameters as 

predictors; and (iii) the implementation of a 24-hour sliding window approach to capture daily periodicity. 

The significance of this research lies in providing a highly reliable, data-driven framework for early warning 

systems, particularly in tropical regions where complex meteorological dynamics strongly dictate pollutant 

accumulation. 

 

 

2. METHOD  

This section describes the research stages conducted to evaluate the LSTM and MLP algorithms in 

predicting PM2.5 concentration using meteorological data as input features [9]. The stages of this research 

method include literature study, data collection, data pre-processing, data imputation, determining predictors, 

designing input features and model hyperparameters, and evaluating the LSTM and MLP models. The first 

stage of this research method is a literature study, this stage is carried out by exploring, reading, the research 

began with a comprehensive literature review of scientific journals and articles. This step focused on 

establishing the theoretical foundation of PM2.5 dynamics, the underlying mechanics of LSTM and MLP 

algorithms, and identifying methodological gaps in prior studies utilizing integrated AWS and air quality 

sensor data. 

The data collection phase of this study focused on capturing raw data from various sources to obtain 

comprehensive information about environmental conditions. In this context, data was collected using two 

primary instruments: AWS and an air quality sensor. The calibrated AWS instrument served as a source of 

meteorological data, covering variables such as air temperature and relative humidity. Meanwhile, the air 

quality sensor served as a source of historical data on PM2.5 and PM10 particulate matter concentrations. 

The data processing phase then transformed the raw data into a format ready for processing by a machine 

learning model. These steps included data cleaning to remove corrupted or anomalous data and time 

synchronization to ensure that the temporal resolution of the meteorological data and the air quality sensor 

data was aligned [10]. 

The fourth stage is data imputation, a special step in pre-processing to handle missing values. 

Sensors often experience technical failures. Missing data is filled using specific statistical techniques (such as 

linear interpolation or mean imputation) to maintain the continuity of the time series data without having to 

delete much important information [11]. The fifth stage is determining predictors. This stage is the process of 

selecting input variables (features) that have the most influence on the prediction target (PM2.5). Input 

feature selection uses Pearson correlation analysis to identify meteorological parameters that have a 

significant impact on fluctuations in air pollution concentrations [12]. 

The sixth stage, input feature and hyperparameter design, is a crucial phase in the technical structure 

design before the model evaluation process begins. At this stage, input feature design is carried out by 

determining the time window to determine the duration of historical data, or the number of past hours that 

will be used as the basis for future predictions. Simultaneously, hyperparameter settings are carried out to 

optimize model performance by determining key parameters, such as the number of hidden layers, the 
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number of neurons, the learning rate, the batch size, the activation function, the segmentation portion, and the 

type of optimizer. This aims to obtain the most optimal LSTM and MLP model configurations to produce a 

high level of prediction accuracy. 

The final step is to evaluate the LSTM and MLP models to measure the accuracy performance of 

both algorithms. The models are tested using previously unseen data. Predicted results are compared with 

actual values using evaluation metrics. Figure 1 shows a flowchart of the evaluation of the LSTM and MLP 

models in predicting PM2.5 integrated with AWS meteorological data. 

 

 

 
 

Figure 1. Flowchart research 

 

 

Based on Figure 1, data collection was carried out by downloading weather and air quality data from 

AWS loggers and equipment at the Citeko Meteorological Station. The dataset utilized in this study spans an 

observation period from January 1 to July 20, 2023. Data preprocessing was carried out by synchronizing 

data and removing outliers. Data synchronization was carried out by matching the sampling intervals of 

meteorological data, PM10, and PM2.5 every 3 hours to ensure a consistent temporal resolution. Outlier 

checking was carried out using the range check and step check methods [13]. Empty data and outliers were 

imputed using MICE [14]. MICE is considered to have advantages in representing multivariate data, reducing 

bias and providing more stable data distribution after imputation [15].  

After the data was filled in temporally, the PM2.5 predictor was determined and the dataset was 

split, allocating 80% for training data and 20% for testing data. The model configurations were detailed to 

ensure reproducibility. Specifically, the LSTM architecture consists of two hidden layers with 64 and 32 

neurons, respectively. The MLP model was designed with a similar fully connected structure for a fair 

comparison. Both models utilized the Adam optimizer with a learning rate of 0.001, a batch size of 32, and 

were trained for a maximum of 100 epochs. The LSTM model hyperparameters were fine-tuned using the 

early stopping method to prevent overfitting. To ensure robustness and strict reproducibility, the model 

training process was executed across five independent runs using fixed random seeds in both the NumPy and 

TensorFlow libraries. The reported evaluation metrics represent the average performance across these 

multiple runs, thereby validating the stability of the models under varying initializations. After obtaining the 

optimal hyperparameters, the models were processed for evaluation.  

Model performance was quantified using three standard statistical metrics: RMSE, mean absolute 

percentage error (MAPE), and the coefficient of determination (R²). RMSE measures the average magnitude 

of prediction errors, giving higher penalty to large deviations. MAPE assesses forecasting accuracy as an 

intuitive percentage error. Finally, R² evaluates the proportion of variance in PM2.5 concentrations explained 

by the input features, reflecting the model’s ability to capture general dynamic trends.  
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3. RESULTS AND DISCUSSION  

This section presents the results of the PM2.5 concentration prediction system implementation and 

an in-depth analysis of the performance of the developed model. The discussion begins with the 

transformation of raw data into machine learning-ready features, followed by a comparative evaluation of 

LSTM, MLP, and hybrid LSTM-MLP models, and concludes with a discussion of the implications of the 

findings for understanding air pollution dynamics based on the research conducted. 

 

3.1.  Preprocessing data 

Meteorological data sourced from AWS contains noise, outliers, and temporal inconsistencies that 

can interfere with the model’s generalization process. Therefore, data preprocessing is essential, including 

data cleaning, handling missing data, correlation analysis for feature selection, and data scale normalization 

[16]. The first step is data integration and cleaning. The raw dataset consists of weather parameters at hourly 

resolution and air particle concentrations at three-hour resolution. The weather data is then aligned to three-

hourly resolution to ensure consistency with the particulate data. Afterward, quality control (QC) procedures 

are performed as described in the methods section. The outlier detection utilized strict physical thresholds to 

ensure data validity. For meteorological parameters, data points outside the bounds of 15 °C to 45 °C for 

temperature and 30% to 100% for relative humidity were flagged as anomalies and removed. Following the 

removal, the MICE imputation validation was conducted by comparing the statistical distribution of the 

dataset before and after imputation to ensure the structural integrity of the time-series was maintained 

without introducing artificial bias. The visualization in Figure 2 shows the plot of temperature and humidity 

after QC, the three-hour average temperature, and PM2.5 concentration throughout the observation period. 

 

 

 
 

Figure 2. Plotting data humidity, temperature, PM10, and PM2.5 

 

 

Based on this visualization, the daily fluctuation dynamics are visible with several gaps in missing 

values after data cleaning and QC. To handle this missing data, the imputation technique using the MICE 

algorithm was implemented due to its ability to utilize the multivariate correlation structure between 

atmospheric parameters to estimate the closest values, thus maintaining statistical distribution and 

minimizing bias in the imputation process [17]. The next stage, feature selection, is carried out to identify 

input parameters that have a positive contribution to the parameters to be predicted. This is crucial because 
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irrelevant parameters can actually increase the computational burden and the risk of overfitting or 

underfitting. Pearson correlation matrix analysis was performed to determine the optimal input parameters, 

with the results shown in Figure 3. 

 

 

 
 

Figure 3. Pearson correlation matrix 

 

 

Based on Figure 3, the correlation analysis shows a strong statistical relationship between the target 

variable (PM2.5) and certain parameters. Based on the correlation coefficient (r), it was decided to use only 

three main features as predictors: PM10, temperature, and humidity. PM10 shows a strong positive 

correlation with PM2.5, in line with the findings of Zhang et al. [17] who conducted a shapley additive 

explanation (SHAP) analysis of PM10 and PM2.5, which found that PM10 is the dominant predictor for 

PM2.5, considering that PM2.5 is a physical subset of PM10 with similar emission sources and dispersion 

patterns. Meanwhile, temperature and humidity also show a significant correlation. This is in accordance 

with research by Istiana et al. [4] which highlights the importance of the interaction between these two 

variables in tropical regions. The study showed that temperature and humidity have a greater impact on 

pollutant accumulation than rainfall. Conversely, other variables were eliminated from the input list due to 

their very weak correlations in the PM2.5 dataset in this study. This elimination of features with low 

correlations aims to reduce noise that could confuse the model in learning deterministic patterns [18]. 

After feature selection, data normalization was performed using the min-max scaling technique. The 

raw data has a highly heterogeneous scale range, where particulate concentrations can reach hundreds of 

µg/m³, while air temperatures range in the tens of degrees Celsius. This difference in scale causes the model 

gradient to oscillate and slows convergence. A transformation was applied to map all features to the [0-1] 

range to ensure that each feature has a proportional weight contribution in the model’s loss function [19]. 

Furthermore, this normalization technique also aims to make the computational process and use of the 

model’s memory capacity more efficient.  

The model configuration was designed to capture temporal patterns in a multi-level manner. The 

first layer used LSTM and MLP with a two-hidden layer structure. Based on empirical experiments, the best 

hyperparameters were obtained in Figure 4. The final step in data preprocessing was transforming the time 

series into a format suitable for supervised learning, which was performed using a sliding window technique. 

This technique utilizes historical data over a specific time period (lookback) to construct an input sequence 

(X) that is used to predict the target value (y) at the next time step [20]. In this study, the sliding window was 

set to 24 hours, allowing the model to utilize information from the previous 24 hours to project PM2.5 

concentrations one hour into the future. The lookback period takes into account the periodicity of PM2.5 

concentration levels that repeat daily. 

The sliding window process effectively transforms tabular data into 3D tensors with dimensions 

(samples, timesteps, features), which are then processed by the LSTM architecture to learn hierarchical 
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temporal dependencies. For MLP models, the input tensors are flattened (reshaped) into a 2D format with 

dimensions (samples, timesteps x features) to be compatible with fully connected layers. The use of the 

sliding window technique has the advantage of preserving the temporal relationships present in pollutant data 

and comprehensively utilizing historical data. Furthermore, this approach also prevents data leakage by 

ensuring a clear separation between training and test data based on chronological order [21]. 

 

 

 
 

Figure 4. Model architecture 

 

 

3.2.  Evaluation LSTM and MLP model 

Model performance evaluation was conducted by comparing the prediction results to a test set 

representing air pollution conditions the model had never encountered before. Visual analysis was performed 

sequentially, starting with the hybrid, LSTM, and MLP models, to identify patterns in the responsiveness of 

each architecture to actual data fluctuations. 

The visualization in Figure 5 demonstrates the very solid performance of LSTM model. As 

illustrated by the alignment of the prediction and actual curves in Figure 5, this model demonstrates a high 

ability to minimize the difference between predicted and actual values, especially at fast time steps. The 

short- and long-term memory mechanisms in the LSTM allow it to memorize historical patterns more 

effectively than other models, resulting in a prediction curve that is quite precise with the actual data. 

In contrast, the MLP model exhibits a different trend, as shown in Figure 6. Although its prediction 

line follows the up-and-down trend very well, there is a noticeable magnitude bias in some segments, where 

the model systematically predicts slightly higher or lower values (offset). This is understandable considering 

that MLPs lack a recurrent mechanism to capture sequential dependencies intrinsically, instead treating 

sliding window inputs as static features [17]. 

 

 

 
 

Figure 5. LSTM prediction vs actual 

 



      ISSN: 1693-6930 

TELKOMNIKA Telecommun Comput El Control, Vol. 24, No. 5, October 2026: 1644-1655 

1650 

 
 

Figure 6. MLP prediction vs actual 

 

 

Furthermore, the hybrid model evaluation is visualized in Figure 7. Based on Figure 7, the hybrid 

model demonstrates good generalization, with the predicted line following the general pattern of the actual 

line. However, there are slight deviations at some extreme peaks, where the model appears to struggle to 

capture sudden fluctuations with full precision. This indicates that combining the LSTM and MLP 

architectures as a hybrid model faces complex parameter optimization issues, resulting in its performance 

being lower than that of the single LSTM model in this study. To evaluate the overall model performance 

quantitatively, the evaluation matrix as shown in Table 1 was utilized. 

 

 

 
 

Figure 7. Hybrid LSTM-MLP prediction vs actual 

 

 

Table 1. Model’s metric evaluation 

Model 
Metric evaluation 

RMSE MAPE R2 

LSTM 6.862 37.384 0.804 

MLP 7.004 33.881 0.810 

Hybrid 6.921 36.328 0.798 

 

 

In terms of RMSE, Table 1 shows that LSTM achieved the best performance with a value of 6.862, 

which is the lowest among the three models studied. This indicates that LSTM has the smallest average 

absolute error deviation in the original units of pollutant concentration, which means this model produces the 

most accurate predictions and with minimal errors compared to the hybrid model (6.921) and MLP (7.004). 

This low RMSE value indicates that LSTM is more effective in handling data variability and provides more 

consistent results in predicting PM2.5 concentrations. Furthermore, in terms of MSE, LSTM again excels 

with a value of 47.081, which is lower than hybrid (47.901) and MLP (49.050). MSE gives greater weight to 

large prediction errors, so a lower MSE value for LSTM indicates that this model produces extreme 

prediction errors less frequently. LSTM models are better at minimizing large errors, which in turn increases 

prediction reliability in situations with high data variation. MLP and hybrid, although producing good results, 

show larger errors in some extreme predictions, which is reflected in the higher MSE values in Table 1. 

Finally, for the coefficient of determination (R2) in Table 1, MLP has a slight advantage with a 

value of 0.810, higher than LSTM (0.804) and hybrid (0.798). This R2 value indicates that MLP is better able 

to follow the ups and downs of the data, reflecting its ability to capture data variability or fluctuations. 

However, the slightly higher R2 value of MLP is not enough to overcome LSTM’s superiority in terms of 

absolute prediction accuracy, as reflected in the lower RMSE and MSE values. Therefore, although MLP is 
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better at matching data patterns, LSTM is superior in predicting more accurate values overall. Overall, LSTM 

was the best model in this study. Although MLP had a marginal advantage in the correlation coefficient (R2), 

the difference was not practically significant. In the context of an air quality early warning system, 

minimizing the magnitude of prediction errors (RMSE and MSE) is far more critical than simply trend 

correlation. The superiority of LSTM in minimizing these errors aligns with the study by Kim et al. [19], 

which emphasized that recurrent neural network architectures are better able to capture the stochastic 

dynamics of air pollutants. 

 

3.3.  Discussion 

This study found the LSTM architecture to be superior in minimizing PM2.5 prediction errors 

compared to MLP and hybrid models. Theoretically, this superiority is based on the LSTM’s internal cell 

state mechanism, which can store relevant information long-term and forgetting unnecessary noise through a 

forget gate. This capability is crucial in the context of air pollution data, which is time-series with high 

autocorrelation. Recurrence-based deep learning approaches such as LSTM are inherently better suited to 

capturing non-linear temporal dynamics than MLP [21], which treat sliding window inputs as static feature 

vectors without an explicit time dimension [22]. This phenomenon explains why MLPs, despite having high 

correlation, fail to achieve the same level of absolute precision as LSTMs. 

The observation that the single LSTM architecture outperformed the hybrid LSTM-MLP model 

provides valuable insights into neural network design for localized environmental time series. Although 

hybrid models conceptually attempt to leverage the sequential memory of LSTMs alongside the non-linear 

mapping capabilities of fully connected layers, our results indicate a stability and optimization trade-off. We 

attribute the hybrid model’s lower performance to architectural over-parameterization. In a localized dataset 

with a 24-hour lookback window, adding dense feed-forward layers after recurrent layers introduces 

redundant weight matrices that distort the temporal gradients learned by the LSTM cells. This complexity 

increases the model’s susceptibility to overfitting on training noise and creates suboptimal local minima 

during backpropagation. Consequently, the simpler, dedicated LSTM architecture maintains superior weight 

convergence and better generalization when predicting unseen extreme pollution peaks [23]. 

In addition to architectural differences, our findings emphasize the critical role of specific 

meteorological drivers in predicting PM2.5 dynamics. The empirical selection of air temperature and relative 

humidity while eliminating weakly correlated variables like wind speed demonstrates that thermal and 

moisture interactions dominate local particulate behavior in this study area. From an atmospheric physics 

perspective, high relative humidity accelerates the hygroscopic growth of aerosols and promotes the 

formation of secondary inorganic particulates. Simultaneously, temperature variations directly influence the 

height of the atmospheric boundary layer and thermal inversion events, which trap pollutants near the 

surface. By supplying the LSTM with these continuous thermohygrometric parameters, the network 

effectively learns the non-linear thermodynamic thresholds that trigger sudden pollutant accumulation, 

significantly improving accuracy over pure autoregressive (PM-only) historical inputs [24]. 

From an engineering and practical deployment perspective, the architectural superiority of the single 

LSTM model extends beyond predictive accuracy to computational efficiency. In real-world air quality 

monitoring, forecasting models must be integrated into internet of things (IoT) edge devices or centralized 

cloud platforms that process continuous, high-frequency sensor streams. While massive hybrid architectures 

demand substantial memory footprints and high computational latency, our optimized LSTM model 

maintains a compact parameter size after convergence. This lightweight profile enables low-latency real-time 

inference, making it exceptionally well-suited for deployment on edge artificial intelligence (Edge-AI) 

microcontrollers embedded within AWS. 

Despite its robust performance, this study has limitations that present opportunities for 

methodological scaling. First, while MICE imputation effectively maintains statistical distribution during 

missing data intervals [25], artificial imputation inherently carries estimation uncertainty during 

unprecedented extreme pollution events. Second, the current implementation validates the architecture using 

a single-station dataset, which does not account for spatial pollutant transport. However, our modular 

preprocessing, imputation, and sliding-window framework is inherently scalable to multi-station and regional 

networks. To generalize this methodology across broader geographic areas, the pipeline can be readily 

extended into spatiotemporal graph neural networks (GNN) or convolutional LSTMs (ConvLSTM). In such 

scaled architectures, multiple AWS and air quality stations would serve as spatial nodes, allowing the 

network to simultaneously capture localized temporal dependencies and cross-regional pollutant dispersion 

patterns. 

Based on the above analysis, further research is recommended to explore the integration of attention 

mechanisms or transformers that can provide dynamic weights at specific time-steps that are most influential, 

rather than simply assigning uniform weights to the entire sliding window. Furthermore, the development of 

a spatiotemporal model that integrates multi-station data using a grid-embedded approach is highly 
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recommended to capture cross-regional pollution distribution patterns in complex urban areas [26]. Overall, 

this study successfully demonstrates that the LSTM architecture with appropriate data pre-processing can 

provide reliable PM2.5 prediction accuracy for early warning systems. These results provide a strong 

technical foundation for policymakers to adopt AI-based models to mitigate the health impacts of air 

pollution. 

 

 

4. CONCLUSION  

This study provided a comprehensive comparative evaluation of deep learning architectures for 

forecasting hourly PM2.5 concentrations by integrating localized AWS and air quality sensor data. The 

evaluation demonstrates that the single LSTM model is the most robust and reliable architecture, achieving 

the lowest error rates with an RMSE of 6.862 µg/m³ and an MSE of 47.081. The superiority of the LSTM lies 

in its internal gating and cell state mechanisms, which effectively capture complex temporal dynamics and 

long-term sequential dependencies. Conversely, while the standard MLP model achieved a slightly higher R² 

(0.810), it exhibited a noticeable magnitude bias by treating time-series sequences as static features. 

Furthermore, combining architectures into a hybrid LSTM-MLP model degraded prediction accuracy due to 

increased structural complexity and overfitting risks. Our findings also confirm that selecting PM10, air 

temperature, and relative humidity as core predictors effectively minimizes input noise while capturing 

essential atmospheric interactions. 

To build upon these findings, future research should explore the integration of Attention 

mechanisms or Transformer-based architectures to dynamically weight critical sequential time steps. 

Additionally, expanding the methodology to incorporate multi-year datasets and multi-station spatiotemporal 

networks will further enhance model generalization. Implementing such spatial-temporal frameworks will be 

crucial for developing scalable, real-time air quality early warning systems in complex urban environments. 
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