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Abstract Air pollution in urban areas like Surabaya poses significant risks to public health. Accurate forecasting of
Air Pollution Index (ISPU) parameters is essential for early warning systems. Previous studies often overlook temporal
dependencies by focusing on instantaneous correlations. This study proposes a temporal forecasting framework using
Extreme Gradient Boosting (XGBoost) with autoregressive features and Long Short-Term Memory (LSTM) networks. Data
from 2021 to 2024 were processed using a sliding window approach (lags) to capture historical patterns. Results indicate
that while XGBoost provides robust baseline predictions, LSTM’s ability to retain long-term dependencies yields superior
stability in capturing complex pollutant fluctuations. Although RMSE and MAE values were significantly improved through
temporal modeling, the moderate R2 scores suggest that external meteorological factors, such as wind speed and humidity,
remain critical latent variables. This study contributes a methodological benchmark for urban air quality monitoring using
hybrid machine learning approaches.
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1. Introduction

Air pollution remains a critical environmental and public health threat, particularly in rapidly developing urban
centers like Surabaya. Emissions from industrial processes, transportation, and fossil fuel combustion contribute
significantly to the atmospheric concentration of primary pollutants, including particulate matter PM10, sulfur
dioxide (SO2), carbon monoxide (CO), ozone (O3), and nitrogen dioxide (NO2) [1]. Epidemiological evidence
has established a robust link between chronic exposure to these pollutants and the rising prevalence of respiratory
and cardiovascular disorders, directly impacting the quality of life in urban communities [2]. Consequently, the
World Health Organization (WHO) identifies air pollution as a leading global cause of morbidity and premature
mortality, necessitating advanced monitoring and predictive frameworks to mitigate its socio-economic impact.
In the Indonesian context, the government facilitates air quality management through the Air Pollutant Standard
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Index (ISPU), an integrated indicator designed to classify air quality levels ranging from “good” to “hazardous”
for public health guidance [3]. However, the dynamic and stochastic nature of ISPU values, influenced by
localized human activities and complex meteorological interactions, presents a formidable technical challenge
for predictive modeling [4]. Accurate forecasting is essential for data-driven decision-making; yet, air quality
data is inherently nonlinear and heterogeneous, characterized by strong temporal dependencies where current
concentrations are fundamentally influenced by their historical states [5]. To capture these complex dynamics,
modern analytical approaches have shifted toward machine learning algorithms. Extreme Gradient Boosting
(XGBoost) has demonstrated superior performance in modeling environmental data due to its implementation
of gradient-boosted decision trees, regularization mechanisms, and efficiency in handling missing values [6].
Recognizing the limitations of static tree-based models, recent literature has advocated for the integration of
Deep Learning architectures, specifically Long Short-Term Memory (LSTM) networks. As a specialized variant of
Recurrent Neural Networks (RNNs), LSTM is engineered to retain long-term dependencies through sophisticated
gating mechanisms, making it uniquely suited for capturing the “memory effect” and sequential patterns inherent
in atmospheric pollutants [7]. This research, therefore, proposes a comparative study between XGBoost and LSTM
within a strictly defined temporal forecasting framework. By implementing a multi-lag autoregressive approach,
this study seeks to evaluate the predictive stability of both models across five primary pollutant parameters in
Surabaya. The evaluation employs standardized scientific metrics—Root Mean Squared Error (RMSE), Mean
Absolute Error (MAE), and R2 to provide a more accurate, adaptive, and scientifically grounded air quality
prediction system that addresses common methodological pitfalls in urban environmental modeling.

2. Methods

2.1. Research Type

his study employs a quantitative experimental approach with a comparative time-series forecasting framework.
The research is designed to evaluate and compare the predictive performance of two distinct machine learning
architectures: the tree-based eXtreme Gradient Boosting (XGBoost) and the sequence-based Long Short-Term
Memory (LSTM) network. The objective is to forecast the daily Air Pollutant Standard Index (ISPU) for five
parameters PM10, SO2, CO, O3, and NO2 by capturing their inherent temporal dependencies.

2.2. Data Collection

The dataset was obtained from the Surabaya City Environmental Agency Dinas Lingkungan Hidup Kota Surabaya,
covering the observation period from January 2021 to December 2024. The data include concentrations of five
primary pollutants across multiple monitoring stations in Surabaya.

2.3. Data Processing

To ensure high data quality and scientific rigor, the following preprocessing stages were implemented:

• Missing Value Imputation: Linear interpolation was applied to handle minor gaps in the time-series data,
maintaining chronological continuity.

• Temporal Lag Transformation (Sliding Window): Addressing the requirement for a true forecasting
approach, we implemented a multi-lag feature engineering process. For each pollutant y at time t, we
generated autoregressive lags (yt−1, . . . , yt−n) and exogenous lags from supporting pollutants. In this study,
a look-back window of 12 to 24 hours was utilized to capture short-term atmospheric memory [8].

• Data Partitioning: To prevent data leakage and ensure realistic forecasting evaluation, a chronological split
was used. Data from 2021 to 2023 were allocated for model training, while the year 2024 was reserved as
the hold-out testing set [9].

• Normalization: All features were transformed using Min-Max Scaling to a range of [0, 1] to accelerate
convergence in LSTM and ensure stable gradient descent in XGBoost.
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2.4. Autoregressive XGBoost

The eXtreme Gradient Boosting (XGBoost) algorithm is an optimized distributed gradient boosting library based
on the Gradient Boosted Decision Tree (GBDT) framework. In this study, the model is formulated to minimize a
regularized objective function that combines a convex loss function L and a penalty term Ω for model complexity
[10]:

obj(θ) =
∑
i

L(yi, ŷi) +
∑
k

Ω(fk) (1)

Where
Ω(f) = γT +

1

2
λ∥ω∥2 (2)

represents the regularization term to prevent overfitting, with T being the number of leaves and ω the leaf weights.
The prediction at step t is achieved through an additive process:

ŷ
(t)
i =

t∑
k=1

fk(xi) = ŷ
(t−1)
i + ft(xi) (3)

By using a second-order Taylor expansion for the loss function, XGBoost efficiently optimizes the objective by
calculating the gradients (gi) and Hessians (hi) for each instance.

2.5. Stacked LSTM Network

To handle the long-range temporal dependencies in air quality data, we implemented a Long Short-Term Memory
(LSTM) network. The core of the LSTM is the cell state (ct), which is regulated by three specialized gates: the
forget gate (ft), the input gate (it), and the output gate (ot). The mathematical operations for a single LSTM cell
at time t are defined as follows [11]: Decides what information to discard from the previous cell state:

ft = σ(Wf · [ht−1, xt] + bf ) (4)

Determines which new information will be stored in the cell state:

it = σ(Wi · [ht−1, xt] + bi) (5)

c̃t = tanh(Wc · [ht−1, xt] + bc) (6)

Cell state update:
ct = ft ◦ ct−1 + it ◦ c̃t (7)

Controls the information to be passed to the next hidden state:

ot = σ(Wo · [ht−1, xt] + bo) (8)

ht = ot ◦ tanh(ct) (9)

Where σ is the sigmoid activation function, W represents weight matrices, and b denotes bias vectors. In this
study, a Stacked LSTM architecture is used, where the hidden state ht of the first layer serves as the input for the
subsequent layer, allowing the model to learn higher-level temporal abstractions.

2.6. Evaluation

The model’s performance was evaluated using three main metrics :

1. Root Mean Squared Error (RMSE) : Used to measure the average prediction error against actual values [?].
2. Coefficient of Determination (R²) : Indicates how well the model explains the variability of the target data

[?].
3. Real Error Accuracy : Calculates the percentage deviation of predictions from the actual value range as an

indicator of model accuracy.
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3. Results and Discussions

The Air Pollution Index (API) data used in this study was obtained from the Surabaya City Environment Agency,
covering the observation period from 2021 to 2024. The dataset consists of 1,461 daily data rows containing
seven parameters, as shown in Table 1, namely Date, PM10, SO2, CO, O3, NO2, and Description. In the modeling
process, five main parameters were used, namely PM10, SO2, CO, O3, and NO2. The selection of these five
parameters was based on their significant contribution to air pollution levels, making them relevant as predictive
variables in numerical analysis. Meanwhile, the other two parameters were treated differently. The Description
parameter was removed because it does not have numerical values that support the modeling process. Conversely,
the Date parameter was retained because it contains important temporal information in the time series approach.
The presence of the time aspect allows for the chronological visualization of prediction results and supports analysis
of the dynamics of pollutant concentration changes over time.

Table 1. ISPU Data for 2021-2024

Date PM10 SO2 CO O3 NO2 Description
2021-01-01 42 19 53 88 12 Moderate
2021-01-02 40 14 68 95 9 Good
2021-01-03 45 16 60 90 3 Moderate
2021-01-04 57 10 69 95 6 Moderate

...
...

...
...

...
...

...
2024-12-31 28 30 48 19 12 Good

3.1. Data Exploration

In the initial stage of data exploration, the ISPU datasets from 2021 to 2024, consisting of four separate DataFrames
(df 21, df 22, df 23, and df 24), were integrated. Before the merging process, each DataFrame was added a
”Tahun” column as a temporal marker to maintain the systematic chronological structure of the data. After all
DataFrames were successfully merged, the final form of the integrated dataset is shown in Table 2.

Table 2. ISPU Data with Year Column

Date PM10 SO2 CO O3 NO2 Tahun
01/01/2021 42 19 53 88 12 2021
02/01/2021 40 14 68 95 9 2021
03/01/2021 45 16 60 90 3 2021
04/01/2021 57 10 69 95 6 2021

...
...

...
...

...
...

...
31/12/2024 28 30 48 19 12 2024

After the data integration stage is complete, the next step is to adjust the data types to ensure compatibility with
statistical analysis and predictive modeling requirements. As shown in Table 2, several variables that should be
numerical (PM10, SO2, CO, O3, and NO2) have object data types. his occurs due to inconsistencies in format,
including the presence of non-numeric characters in data entries, which can disrupt computational processes and
quantitative interpretation. To address this issue, the data type was converted to float so that it could handle decimal
values and missing values (NaN) more flexibly. Meanwhile, columns containing date information are also converted
to the datetime data type with the dayfirst=True parameter to align with Indonesia’s local date format. The final
result of this conversion process is shown in Table 3, which demonstrates that all variables now have a consistent
data structure.
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Table 3. The Result of Alterred Datatypes

Variable Previous Datatypes After Alterred
Date object datetime64[ns]
PM10 object float64
SO2 object float64
CO object float64
O3 object float64
NO2 object float64
Year int64 int64

Identification of missing values was performed by applying the df.isna().sum() function, which allows
the calculation of the number of missing values in each variable in the dataset. Based on the identification results
shown in Figure ??, it was found that the NO2 variable had the highest number of missing values compared to
other variables. To address this issue, the linear interpolation method was used, which is an approach that estimates
missing values based on the trend between previous and subsequent data points. This method was chosen because
it can maintain the main temporal pattern in the data without causing distortion. After the interpolation process is
complete, a re-verification is performed to ensure that all empty values have been successfully filled in.

Table 4. Imputation of Missing Value Checking

Variable Previous Datatypes After Alterred
Date 0 0
PM10 2 0
SO2 8 0
CO 14 0
O3 10 0
NO2 110 0
Year 0 0

Correlation analysis between variables was performed using Pearson’s coefficient, which aims to identify
potential linear relationships as a basis for developing predictive models. The results of the analysis, visualized
through a correlation heatmap in Figure 1, show that the O3 and CO variables have the highest positive correlation,
namely 0.73. This value indicates a strong relationship, both in terms of emission sources and similar chemical
processes [?]. Conversely, a negative correlation was found between SO2 and CO and O3, with r values of –0.31 and
–0.30, respectively. These correlation findings provide an important foundation for feature selection in modeling
using the XGBoost algorithm, considering the relevance and contribution of each variable to the prediction target.

3.2. Split of Feature and Target Variables

In this study, the predictive modeling framework is specifically configured to analyze the inter-pollutant relationship
between two critical parameters. The model designates Ozone (O3) as the Target Variable (y), while Carbon
Monoxide (CO) is utilized as the primary Predictor Variable (X).

3.3. Split Training Data and Testing Data

The splitting of training and testing data was done based on time attributes by referring to the Year column in the
Air Pollution Index (API) dataset. This approach was applied to maintain chronological order, so that the model
was trained using past data and tested on future data, in accordance with the principle of representative predictive
evaluation. Data from 2021 to 2023 is used as training data and stored in the train data variable, while data from
2024 is used as test data and stored in the test data variable.
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Figure 1. Numeric Variable Correlation Heatmap

3.4. Method Implementation

In this study, the XGBoost and LSTM models were implemented to forecast hourly O3 concentrations by utilizing
lag-based features derived from historical O3 and CO observations. The dataset was restructured into a supervised
learning framework, incorporating multiple lag variables to capture inherent temporal dependencies. Figure 2
illustrates the comparative performance of these models against actual O3 concentrations during the initial 120-
hour testing period of 2024.

Figure 2. Qualitative Trend Analysis

Both architectures successfully synchronized with the overarching oscillatory patterns of ozone levels,
demonstrating their capacity to capture cyclical temporal trends. However, a notable discrepancy was observed
during extreme peak episodes; the models struggled to fully replicate abrupt spikes. This suggests a inherent
limitation in modeling high-frequency variability when relying solely on historical pollutant lags without auxiliary
meteorological inputs. To further evaluate the models’ statistical consistency, scatter plots of actual versus predicted
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values were generated (Figure 3). The positive linear relationships observed in both models validate that the
predicted outputs remain consistent with the ground truth across the data range.

Figure 3. Regression and Residual Evaluation

Nevertheless, the dispersion around the regression line becomes more pronounced at higher O3 concentrations,
indicating an increase in heteroscedasticity and prediction error under extreme conditions. Comparatively, the
XGBoost model appears more responsive to high-frequency fluctuations, whereas the LSTM produced a smoother
predictive curve. This difference highlights the contrast between XGBoost’s local-pattern decision trees and
LSTM’s global-sequential memory approach. To enhance scientific transparency, SHAP (Shapley Additive
Explanations) analysis was applied to the XGBoost model to quantify feature contributions (Figure 4). The analysis
identifies O3 lag 1 as the overwhelmingly dominant feature, significantly surpassing the influence of all other
variables. This finding confirms the presence of strong temporal autocorrelation in urban ozone dynamics, where
the immediate preceding observation provides the primary signal for short-term prediction.

Furthermore, additional lags of both O3 and CO contribute with diminishing magnitudes as temporal distance
increases, aligning with the expected decay in environmental memory. The inclusion of CO lags in the importance
hierarchy validates its role as a relevant predictor, likely reflecting the common emission patterns that drive ozone
precursors in the Surabaya metropolitan area. To provide a rigorous assessment of the forecasting models, the
predictive accuracy was quantified using three standard statistical metrics: Root Mean Square Error (RMSE),
Mean Absolute Error (MAE), and the Coefficient of Determination (R2). Table 5 summarizes the performance
comparison between the Autoregressive XGBoost and the Stacked LSTM models based on the 2024 testing dataset.

Table 5. Quantitative Performance Evaluation

Method RMSE MAE R2

XGBoost (Autoregressive) 14.94 12.33 -0.002259
Stacked LSTM 13.83 11.61 0.140797

The numerical results indicate that the Stacked LSTM model outperformed XGBoost across all metrics.
Specifically, the LSTM achieved a lower RMSE of 13.83 and a lower MAE of 11.61, representing a more precise
fit to the actual O3 concentrations. Most notably, while the XGBoost model yielded a near-zero (slightly negative)
R2 score of -0.002, the Stacked LSTM achieved a positive R2 of 0.141. The near-zero R2 for XGBoost suggests
that the tree-based gradient boosting approach struggled to capture the variance of the hourly O3 fluctuations
effectively using only the provided lag features. In contrast, the positive R2 of the Stacked LSTM demonstrates
its superior ability to leverage sequential memory via its gating mechanisms. Although the R2 remains in the
modest range—likely due to the exclusion of meteorological variables as noted in the limitations—the transition
from a negative to a positive R2 signifies a substantial improvement in the model’s reliability for urban air quality
forecasting.
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Figure 4. Model Interpretability via SHAP Analysis

4. Conclusion

This study evaluated the efficacy of Autoregressive XGBoost and Stacked LSTM models in forecasting hourly
Ozone O3 concentrations in Surabaya using lag-based features. The results demonstrate that incorporating
temporal dependencies through historical O3 and CO values significantly improves the model’s ability to track
urban air quality fluctuations compared to static baseline approaches. The comparative analysis reveals that
the Stacked LSTM architecture is superior to XGBoost, achieving a lower RMSE (13.83) and a positive R2

score (0.141). While XGBoost showed high volatility and struggled to capture variance (resulting in a near-zero
R2), the gated mechanism of LSTM successfully retained long-term temporal “memory,” providing more stable
and synchronized predictions. Furthermore, SHAP interpretability analysis confirmed that while the immediate
previous hour (O3 lag 1) is the primary driver, historical CO levels serve as critical secondary predictors, validating
the multivariate approach. Despite the improvements, the modest R2 values indicate that temporal lags alone cannot
fully account for the stochastic nature of ozone formation. The primary limitation of this study is the absence of
meteorological parameters such as wind speed and temperature, which are decisive factors in pollutant dispersion.
Therefore, future research should integrate exogenous weather data and explore hybrid deep learning architectures
to further enhance forecasting accuracy. Ultimately, this research provides a robust technical benchmark for the
development of real-time Air Pollutant Standard Index (ISPU) monitoring systems in Indonesia.
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