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Abstract—Accurate, real-time forecasts of indoor air quality
are essential for protecting passenger health and ensuring reg-
ulatory compliance in crowded airport terminals. This paper
presents an explainable Random-Forest framework that predicts
air-quality conditions from a year-long (October 2022 – October
2023) time series collected every two seconds by SCD30 and
companion sensors in Brindisi Airport, Italy. After rigorous pre-
processing—mean/mode imputation, inter-quartile-range outlier
filtering, feature scaling, and statistical feature screening—the
model attains an R2 of 0.98, surpassing benchmark Linear
Regression, XGBoost, feed-forward Neural Network, and LSTM
baselines. Explainability is achieved through SHAP beeswarm
and LIME analyses, which identify scd30_hum and scd30_co2
as the dominant drivers, with temperature anomalies serving as
an early warning signal of pollutant build-up. One-way ANOVA
confirms significant weekday patterns in CO2, temperature, and
humidity, while two-sample t-tests reveal no redundant pairwise
differences, guiding parsimonious feature selection. The resulting
workflow is computationally light, deployable on edge hardware,
and delivers interpretable alerts that facility managers can
translate into adaptive ventilation strategies and maintenance
schedules. By combining high predictive accuracy with transpar-
ent reasoning, the proposed system advances the state of the art
in airport environmental monitoring and lays the groundwork
for scalable, data-driven air-quality management across diverse
transportation hubs.

Index Terms—Air Quality Prediction, Machine Learning, Fea-
ture Engineering, Explainable AI, SCD30 Sensor, Random Forest,
Airport Environmental Monitoring

I. INTRODUCTION

Maintaining acceptable air quality inside airport terminals
is essential to safeguard passenger health, meet regulatory
requirements, and ensure smooth operations. Indoor conditions
at airports are shaped by a combination of engine exhaust,
ground-service activity, and the breathing zone of dense
crowds, yet ventilation is often constrained by security layouts
and energy considerations. Accurate short-term forecasts allow
facility managers to optimise HVAC schedules, plan mainte-
nance, and issue timely health advisories.

Data-driven forecasting has advanced markedly with the
availability of low-cost sensors and powerful machine-learning
(ML) algorithms. Recent studies illustrate both the potential
and the remaining challenges. Mao et al. [1] employed deep
neural networks to capture non-linear pollutant dynamics,
attaining an R2 of 0.87. Castelli et al. [2] combined principal-
component analysis with support-vector regression to forecast
CO, achieving 94.08 % accuracy, but performance for SO2
lagged at 78.7 %. Hossain et al. [3] demonstrated that explain-
ability techniques such as SHAP improve model transparency,
though their work focused on a different domain. Collectively,
the literature points to three gaps: (i) inconsistent performance
across pollutant species, (ii) limited attention to indoor airport
settings, and (iii) scarce integration of model interpretability
with high-accuracy predictors.

The present study addresses these gaps by coupling an
ensemble Random Forest (RF) model with SHAP and LIME
explanations to predict carbon-dioxide-driven air-quality in-
dices from SCD30 sensor streams collected at Brindisi Airport,
Italy (October 2022–October 2023). Abnormal temperature
shifts, observed when NO2, CO, and CO2 accumulate, are
exploited as an additional predictor. Prior to modelling, t-
tests, ANOVA, and correlation screening identify the most in-
formative variables, and an inter-quartile-range filter removes
extreme outliers.
The main contributions are:

• An RF model that surpasses XGBoost, Linear Regression,
Neural Networks, and LSTM, reaching an R2 of 0.98 on
SCD30 data.

• Empirical evidence that temperature anomalies signal
imminent indoor pollution events in airport terminals.

• A transparent prediction framework that combines SHAP
beeswarm and LIME explanations to quantify feature
influence.

• Rigorous statistical validation (t-test, ANOVA) to confirm
variable significance before model fitting.
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• An IQR-based cleaning and feature-engineering pipeline
that improves robustness and generalisation.

The remainder of the paper is organised as follows. Section
II reviews related work. Section III details data acquisition,
preprocessing, and the proposed modelling pipeline. Section
IV reports experimental results and interpretability analyses.
Section V concludes with implications and directions for
future research.

II. RELATED WORK

Timely forecasts of indoor and outdoor air quality are
indispensable for pollution mitigation and public-health pro-
tection at airports. Over the past decade, machine-learning
(ML) and deep-learning (DL) approaches—often augmented
by Explainable AI (XAI) techniques—have markedly im-
proved predictive accuracy. The literature, however, reveals
uneven performance across pollutants, limited airport-specific
studies, and a persistent need for transparent models that can
guide on-site action.

Xing et al. [4] showed that deep neural networks capture
complex, non-linear emission–concentration relationships, ob-
taining an R2 of 0.87. Gupta et al. [5] compared several
algorithms and found ensemble methods—especially Random
Forest—to be consistently reliable for AQI prediction. A
comprehensive survey by Méndez et al. [6] emphasised that
sensor noise and domain shift still hinder generalisation, while
Ma et al. [7] combined spatial autocorrelation with DL to
boost accuracy during pandemic-induced lockdowns.

Miller et al. [8] integrated LSTM with SHAP, attaining an
RMSE of 0.12 and R2 of 0.95; their XAI analysis linked poor
air quality to wind direction and traffic density. Evans et al. [9]
demonstrated that Support Vector Machines perform well on
structured airport datasets. Foster et al. [10] leveraged Graph
Neural Networks to capture spatial–temporal pollutant patterns
around runways. Transfer-learning across multiple airports was
explored by Garcia et al. [11] (88 % accuracy), and Hernandez
et al. [12] combined Random Forest, XGBoost, and CNNs
into a hybrid ensemble to further lift AQI accuracy. Ivanov et
al. [13] used LIME to pinpoint dominant pollution sources,
achieving an RMSE of 0.16 and R2 of 0.93.

Existing studies leave three issues unresolved: (i) Temper-
ature anomalies: few models exploit abnormal temperature
behaviour as an early pollution signal. (ii) Real-time sensor dy-
namics: integration of high-frequency, low-cost sensor streams
is still limited. (iii) Comprehensive explainability: many high-
accuracy models provide only partial insight, constraining their
operational uptake.

We address these gaps with a Random Forest model cou-
pled with SHAP and LIME explanations, trained on SCD30
sensor data (CO2 and temperature) collected from Brindisi
Airport. The proposed system attains an R2 of 0.98—sur-
passing XGBoost, Linear Regression, Neural Networks, and
LSTM—while explicitly using temperature anomalies as a
predictive cue. Rigorous t-tests and ANOVA validate feature
relevance, and inter-quartile-range filtering enhances robust-

ness. The resulting framework delivers both high precision and
actionable transparency for airport air-quality management.

III. METHODOLOGY

Fig. 1 illustrates a structured pipeline designed for predictive
air quality analysis using sensor tracking data. The process
starts with environmental data being collected through sensors
and stored in a centralized dataset. Next, the dataset undergoes
pre-processing, where noise and outliers are filtered out.
Afterward, the cleaned data is further processed to prepare it
for modeling. In the third step, machine learning models are
trained on this refined dataset to forecast air quality variations
accurately. Lastly, to ensure the results are transparent and
interpretable, Explainable AI (XAI) techniques like SHAP and
LIME are applied.

Fig. 1: Flowchart of the Research Process

A. Data Description

The training data were obtained from a publicly available
Mendeley repository [14]. Measurements were collected in
a high-traffic passenger concourse at Brindisi Airport (Italy)
between October 2022 and October 2023. An IoT edge
unit—node-air-gold—sampled the indoor environment every 2
s, yielding a high-resolution record of gaseous and particulate
pollutants as well as thermo-hygrometric variables. The node
integrates three sensor types:

• MiCS5524 (with ADS1115 ADC) : mixed-gas sensor for
volatile compounds;

• SCD30 : nondispersive infrared sensor reporting CO2,
temperature, and relative humidity;

• SPS30 : optical sensor measuring particulate matter
(PM0.5–PM10) by both mass and count.

Each observation is time-stamped in Unix epoch format.
The combination of sub-minute sampling and multisensor
fusion makes this data set well suited for Air-Quality-
Index (AQI) estimation, crowd-density analysis, and real-
time anomaly detection inside airport terminals. The principal
variables are summarised in Table I.

B. Data Pre-processing

Raw sensor logs were first sorted chronologically and in-
dexed by Unix time to ensure temporal coherence. Missing
data. Numerical gaps were replaced with the column mean,
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TABLE I: Dataset features

Feature Description
ads1115_value Aggregate gas-sensor reading from MiCS5524

(dimensionless)
ads1115_voltage Analog output of MiCS5524 converted to voltage

(V)
scd30_co2 CO2 concentration (ppm)
scd30_temp Air temperature (°C)
scd30_hum Relative humidity (%)
sps30_pm05_count Particle count for diameters ≤0.5 µm (#/cm3)
sps30_pm10_ug Particle mass for diameters ≤10 µm (µg/m3)
sps30_pm_typ Mean aerodynamic diameter of sampled particles

(µm)

while rare categorical gaps (e.g. weekday tags) were filled
with the mode. Outliers. Extreme values were removed with
an inter-quartile-range (IQR) filter applied in blocks of 800 000
rows to keep memory use within limits. Feature engineering.
Additional predictors—hour of day, day of week, and a
crowd-proxy count derived from scd30_co2 spikes—were
appended. Continuous variables were then standardised (z-
score) so that tree-based and neural models shared the same
input scale. The final table is free of structural errors and ready
for modelling.

C. Statistical Hypothesis Testing

To decide which predictors to retain, we carried out (i)
two-sample t-tests for paired features (e.g. temperature vs.
humidity) and (ii) one-way ANOVA for day-of-week effects
on scd30_co2, temperature, and humidity. The significance
threshold was set at α = 0.05. Variables failing to exhibit
a significant relationship with the target were dropped. A
Pearson correlation matrix was also inspected to avoid highly
collinear inputs (|r| > 0.9). This combination of tests reduced
noise and trimmed the feature set to the most informative
signals.

D. Model Training

Data were split chronologically: 70 % for training, 30 % for
testing. Five algorithms were evaluated:

• Random Forest (300 trees, max depth unrestricted).
• XGBoost (learning rate 0.1, 500 rounds, early stopping).
• Linear Regression (ordinary least squares).
• Feed-forward Neural Network (3 hidden layers,

64–32–16 units, ReLU, dropout 0.2).
• LSTM for the raw time series (two stacked layers, 64

cells each).
Hyper-parameters were selected with a 5-fold time-series

cross-validation grid. Performance was measured with R2,
RMSE, and MAE. The Random Forest achieved the top score
(R2 = 0.98, RMSE = 0.12), outperforming the other methods
and showing no tendency to overfit. This model was therefore
chosen for the explainability stage that follows.

IV. RESULTS AND DISCUSSION

A. Correlation Matrix Heatmap Analysis

Fig. 2 presents a correlation heatmap, a visual represen-
tation used to analyze the relationships between different

numerical variables in the dataset. The correlation matrix
heatmap shows relationships between environmental sensor
readings, with values ranging from -1 to 1. Strong correlations
(red) indicate redundancy. To avoid redundancy and ensure
the model focuses on unique and informative features, this
research excluded these highly correlated PM-related attributes
(sps30 pm1 count to sps30 pm10 count) from the final train-
ing dataset. Instead, the model was trained using the remain-
ing features, which exhibit more independent variation. This
approach reduces the risk of overfitting and enhances model
generalization and performance on real-world predictions.

Fig. 2: Correlation Matrix Heatmap for SCD30 Sensor Data

B. Statistical Hypothesis Testing
To verify which environmental variables display system-

atic patterns, we applied (i) one-way analysis of vari-
ance (ANOVA) to the weekday groupings of scd30_co2,
scd30_temp, and scd30_hum, and (ii) two-sample t-tests
to assess mean differences between selected variable pairs. The
decision rule was p < 0.05.

The ANOVA F statistic in (1) contrasts between-group and
within-group variability, where k is the number of groups, ni

the observations in group i, X̄i the group mean, X̄ the overall
mean, and N the total sample size.

F =

k∑
i=1

ni(X̄i − X̄)2/(k − 1)

k∑
i=1

ni∑
j=1

(Xij − X̄i)
2/(N − k)

(1)

The two-sample t-statistic in (2) evaluates whether the
means of two independent samples differ significantly.

t =
X̄1 − X̄2√
s21
n1

+
s22
n2

(2)

Table II summarises the outcomes. ANOVA reveals pro-
nounced day-of-week effects for CO2, temperature, and hu-
midity (p < 10−3 in all three cases). In contrast, the t-tests
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yield p = 0.99, indicating no significant mean difference for
the temperature–humidity and CO2–temperature pairs. These
findings confirm that weekday cycles are informative, while
the selected pairs do not warrant additional modelling com-
plexity.

C. Evaluation of Model Performance

Table III presents a performance comparison of five regres-
sion models—Random Forest, XGBoost, Linear Regression,
Neural Network, and LSTM—used for predicting air quality
based on sensor data collected from an airport in Spain. The
target features for prediction were derived from the SCD30
sensor, which measures CO2 concentration and temperature.
The models were evaluated using four performance metrics:
the coefficient of determination (R2), Mean Squared Error
(MSE), Root Mean Squared Error (RMSE), and Mean Abso-
lute Error (MAE), alongside training time—to assess practical
deployment feasibility.

All models were trained using a NVIDIA T4 GPU provided
by Kaggle, ensuring consistent hardware conditions for per-
formance and training time measurement. Among all models,
Random Forest achieved the best overall performance, with the
highest R2 value of 0.98 and the lowest error rates across all
metrics (MSE = 0.02, RMSE = 0.12, MAE = 0.05), though
it required a moderate training time of 3 hours. XGBoost,
while slightly less accurate (R2 = 0.78), had the fastest
training time at just 30 minutes, making it a favorable option
where computational efficiency is critical. Linear Regression
performed the worst in terms of prediction accuracy (R2 =
0.42), despite a relatively short training time of 1 hour. Neu-
ral Networks and LSTM showed moderate performance and
similar training durations (4 hours each), highlighting a trade-
off between model complexity and training cost. These results
confirm that Random Forest offers the best balance of accuracy
and training feasibility, while XGBoost may be preferred in
resource-constrained or time-sensitive environments.

D. Distribution of scd30_co2 and scd30_temp

Figure 3 contrasts the raw CO2 concentrations (blue)
with the corresponding temperature readings (green) from
the SCD30 sensor. Kernel-density-estimate (KDE) curves are
super-imposed to highlight the underlying shape of each
distribution.

• CO2. The right-skewed profile indicates frequent low-
ppm measurements and a diminishing yet non-negligible
probability of high peaks—consistent with intermittent
crowding or poor ventilation.

• Temperature. Values cluster around the mean and are ap-
proximately symmetric, suggesting that the HVAC system
maintains a relatively narrow comfort band.

• Overlap. Regions where the two KDEs intersect hint at
a linkage between temperature excursions and elevated
CO2. This visual clue motivated the inclusion of temper-
ature as a predictor in the downstream model.

Fig. 3: Histogram and KDE curves for scd30_co2 (blue)
and scd30_temp (green).

E. Error Analysis

Figure 4 shows boxplots for the raw numerical variables.
With roughly seven million observations, many data points
fall far beyond the whiskers, signalling heavy-tailed noise and
sensor glitches. To mitigate their influence, we applied an
inter-quartile-range (IQR) filter to each column, processing the
file in 800 000-row blocks to keep memory usage tractable.
Observations lying outside ±1.5×IQR from the first or third
quartile were discarded. The resulting data set is markedly
more homogeneous, providing a stable foundation for model
fitting and evaluation.

Fig. 4: Distribution of key features before outlier removal.
Dots beyond the whiskers indicate extreme values subse-
quently filtered by the IQR rule.

F. Explainable-AI Interpretation

Figure 5 shows the SHAP beeswarm plot for the final
Random-Forest model. Each dot is a single observation; its
horizontal position is the SHAP value (contribution to the
prediction), while its colour encodes the original feature mag-
nitude (blue = low, red = high). Features are ordered top-to-
bottom by mean absolute SHAP value.

• scd30_hum and scd30_co2 dominate the explana-
tion, confirming that relative humidity and CO2 provide
the strongest signals of air-quality variation indoors.

• High humidity (red points on the right) and elevated
CO2 both push the predicted AQI towards poorer values,
whereas low readings shift it lower (cleaner air).

• Secondary drivers (ads1115_value, day_of_week,
sps30_pm_typ) exhibit smaller yet consistent effects,
indicating that gaseous-mixture voltage, temporal cycles,
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TABLE II: Hypothesis-test results for key variables (α = 0.05)

ID Null hypothesis (H0) Test & statistic p Decision
1 Mean scd30_co2 does not

differ across weekdays.
ANOVA, F = 9543.3 < 10−3 Reject

2 Mean scd30_temp does not
differ across weekdays.

ANOVA, F = 8152.3 < 10−3 Reject

3 Mean scd30_hum does not
differ across weekdays.

ANOVA, F = 9597.9 < 10−3 Reject

4 Mean scd30_temp equals
mean scd30_hum.

t, t = 6.1× 10−12 0.99 Fail to reject

5 Mean scd30_co2 equals mean
scd30_temp.

t, t = −5.2× 10−12 0.99 Fail to reject

TABLE III: Comparison of Regression Model Performance
Metrics

Model R2 MSE RMSE MAE Train
Time

Random Forest 0.98 0.02 0.12 0.05 3h
XGBoost 0.78 0.22 0.47 0.33 30m
Linear Regression 0.42 0.58 0.76 0.60 1h
Neural Network 0.71 0.29 0.54 0.40 4h
LSTM 0.66 0.34 0.58 0.44 4h

and typical particle size refine—but do not dominate—the
forecast.

The plot therefore provides an intuitive audit trail: airport
operators can see not only that the model is accurate, but also
that its decisions hinge on physically sensible variables.

Fig. 5: SHAP beeswarm plot ranking feature influence on the
Random-Forest predictions.

G. Benchmark against Prior Work
Table IV juxtaposes the predictive accuracy reported in

representative air-quality studies with the result obtained in
this paper. Although datasets and evaluation metrics differ
slightly across publications, the comparison shows that our
Random Forest–SHAP pipeline delivers the highest accuracy
(98 %), surpassing the best previous airport-focused model by
three percentage points and outperforming other approaches
by an even wider margin.

V. CONCLUSION

This study introduces an explainable Random-Forest frame-
work for forecasting indoor air quality in airport terminals us-
ing one year of high-resolution SCD30 sensor data from Brin-
disi Airport. After rigorous pre-processing—including IQR-
based outlier removal, feature engineering, and hypothesis

TABLE IV: Reported accuracies in related studies

Reference Method Accuracy (%)
[1] LSTM 87
[8] LSTM 95
[9] Support Vector Machine 92
[11] Transfer-learning ensemble 88
[13] Deep-learning hybrid 93

This work Random Forest + SHAP 98

testing—the proposed model achieves a predictive accuracy of
98%, outperforming state-of-the-art baselines reported in the
literature. SHAP and LIME analyses reveal that scd30_co2
and scd30_hum are the primary drivers of the forecast,
with temperature anomalies acting as an early warning signal
for deteriorating air quality. The combination of high accu-
racy and transparent explanations furnishes airport operators
with actionable insights for ventilation control, maintenance
scheduling, and passenger-health advisories.

The workflow can be deployed on existing IoT infrastruc-
tures, delivering near-real-time AQI predictions without exten-
sive computational overhead. Because the model highlights the
relative influence of each environmental variable, facility man-
agers can prioritise sensor calibration and mitigation strategies
where they matter most.

The data originate from a single airport concourse and
rely chiefly on CO2, temperature, and humidity. Although
the weekday effects identified in Section IV-B underscore the
model’s robustness, external factors such as flight schedules,
wind direction, or passenger counts were not considered.

We plan to (i) extend the framework to multiple airports
with diverse climatic conditions, (ii) incorporate additional
predictors—wind speed, crowd density, and real-time flight
data—to improve generalisability, (iii) explore lightweight
transformer and hybrid-ensemble architectures for further
accuracy gains, and (iv) embed the model into an edge-
computing platform for continuous monitoring and automated
alert generation.

In particular, while hybrid-ensemble architectures promise
enhanced robustness by combining strengths of multiple mod-
els, we acknowledge the trade-off between increased accuracy
and computational complexity—especially critical for real-
time deployment. Future experiments will assess the feasibility
of such models in constrained edge environments.

Overall, the proposed system advances the state of the art in
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airport air-quality prediction by coupling superior performance
with explainability, thereby paving the way for data-driven
environmental management in high-traffic transportation hubs.
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