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ABSTRACT

SuNitrogen dioxide (NO₂) pollution continues to be a significant environment problem as it shows high

level-spatial, seasonal, meteorological and co-pollutant dependency. This study aimed to meet the

requirements of accurate, interpretable and operationally useful NO₂ predictions for urban

environmental monitoring. Based on the Beijing Multi-Site Air Quality dataset, a data-driven

framework that combines descriptive air-quality assessment, chronological development-validation-

locked-test partitioning, Ridge Regression, Random Forest, Gradient Boosting, XGBoost, Extra Trees,

SHAP-based interpretation, and exceedance detection with thresholds was developed. The mean NO₂

concentration was 50.6 µg/m3, with the highest mean in winter (62.4 µg/m3), and the highest station

mean in Wanliu (65.3 µg/m3). With the lowest MAE (7.26µg/m³), RMSE (11.63µg/m³), and R2 (0.901),

XGBoost had the best test performance when it was locked into the test set. The model was found to

have a sensitivity of 86.23%, specificity of 99.70% and F1-score of 85.28% for hourly exceedances

greater than 200 µg/m³. The framework brings together temporal validation, explainability and

exceedance assessment to provide a reproducible approach to link predictive modelling with

environmentally relevant choices for monitoring across urban stations. This study proves that

interpretable ensemble learning can aid in precise prediction of NO₂ and real-world urban environmental

monitoring.

Key words: Nitrogen dioxide, Urban air quality, Machine learning, XGBoost, Environmental

monitoring.
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1. INTRODUCTION

Rapid population growth, heavy traffic, industrial activity, energy use and the more recent focus

of human activity on metropolitan areas are all associated with urban air pollution, which is one

of the most persistent environmental problems. The long-term global picture shows that even

with the better development of air-quality monitoring and regulation systems, many cities

continue to suffer from high levels of particulate and gaseous pollutants [1]. Nitrogen dioxide

(NO₂) is one of the major gaseous pollutants and is closely linked to combustion sources, such as

road traffic, power generation and industrial processes, and can show significant spatial and

temporal variability in the same urban region. Reliable monitoring and early characterization of

high concentration episodes are required, as short-term exposure to high levels of NO₂ has been

related to an increase in the risk of death [2].

Exposure to NO₂ in the short term is not the only issue, as high exposures over time could result

in long-term effects on the respiratory system and on population health [3]. Large-scale

systematic analyses have also shown associations between chronic exposure to NO₂ and all-cause

mortality, and therefore the need to reduce NO₂ chronic exposure in urban areas [4]. In addition,

at the city scale the impacts of NO₂ pollution are also dependent on urban structure, built-

environment characteristics, population distribution and local emission patterns, hence the need

for spatially resolved monitoring is especially important for environmental management [5]. This

relationship between exposure to NO₂ for an extended period of time and negative health

outcomes has been further supported by more recent studies, which also highlight the relevance

of proper characterization of urban NO₂ for environmental assessment and risk reduction

activities [6].

Traditional air-quality monitoring networks can deliver critical observations but may not be well-

suited to aid rapid prediction, nonlinear pattern recognition, and ongoing assessment of air-

quality interactions between pollutants, meteorological conditions, temporal dynamics, and

historical concentrations. Air quality prediction methods based on machine learning, therefore,

have become increasingly relevant to the prediction of air quality because they can capture

nonlinearities and interactions that are hard to describe by traditional linear models [7].

Advanced predictive systems also take advantage of integrating chemical and meteorological

drivers, especially if the atmospheric concentrations are affected by changes in temperature,

humidity, wind, and other co-occurring pollutants [8]. In addition, spatiotemporal modelling has
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demonstrated that considering temporal and regional dependencies can enhance the

characterisation and prediction of dynamic air-quality processes [9].

The high accuracy of prediction, however, is not enough for environmental support for decisions.

Data-driven models must also be interpretable, time-invariant, and validated prior to deployment

as if it were a real system. The last few years have seen considerable research looking at ways to

enhance the rigor and interpretability of air-quality modelling, to better understand and trust the

model's results [10]. It has also been shown that the incorporation of environmental structure,

along with temporal behaviour into model design, can enhance the ability of data-driven

prediction, a hybrid and mechanism-informed machine-learning approach [11]. Although these

advancements are made, there is still a practical problem of integrating urban air-quality

assessment, leakage-controlled temporal prediction, explainable machine learning and threshold-

based environmental monitoring within the same analytical framework that is specific to NO₂.

This study aims to fill this gap with a data-driven approach for urban air-quality assessment and

prediction of NO₂ levels hourly on a single building site by analyzing multi-site environmental

observations. The study focuses on commonly monitored air pollutants, meteorological

parameters, temporal characteristics and time series of NO₂ with respect to the urban monitoring

dataset selected. A chronological development/validation/locked-test strategy is used to compare

five machine-learning models, and the model that is selected is interpreted using the SHapley

Additive exPlanations algorithm. This study does not seek to quantify the individual exposures,

nor does it seek to establish causality in relation to health effects, nor does it model emission

inventories, nor is it a substitute for the regulatory monitoring instruments. Rather, it is oriented

towards predicting environmental monitoring and the detection of high exposure periods of NO₂

from the standard observations.

The importance of the research is the integration of environmental characterization and the

intensive use of predictive evaluation and easily understood monitoring results. The framework

is designed to be both scientific and operational valuable for urban environmental monitoring by

comparing linear and nonlinear models, analyzing the spatial and temporal variability,

maintaining the temporal order when assessing the models, and converting continuous

predictions into exceedance-detection performance. The study thus sets three research goals:

 To characterize the temporal, spatial, pollutant, and meteorological patterns associated with

urban NO₂ concentrations.
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 To develop and compare machine-learning models for hourly NO₂ prediction using a

leakage-controlled chronological evaluation framework.

 To interpret the selected model and evaluate its utility for detecting elevated NO₂ events in

support of environmental monitoring.

2. Literature Review

In recent years, the study of NO2 prediction has become more focused on developing models

that represent nonlinear atmospheric processes, such as machine learning and deep learning

models, rather than the traditional statistical methods. One of the first contributions to model

interpretability revealed the potential of SHapley Additive exPlanations for NO₂ forecasting,

highlighting the potential to explain the model behaviour on the level of features of the model

[12]. This was significant because many air-quality prediction systems had previously put a

focus on accuracy but not enough emphasis on understanding of the underlying environmental

conditions for each prediction.

The estimation of NO₂ at ground-level on a large-scale using satellite observations has also been

attempted by machine-learning methods. The study combined TROPOMI readings with machine

learning methods to provide estimates of ground level NO₂ on a daily basis over China,

illustrating the potential of this type of data-driven model for filling in the gaps between satellite

retrievals and surface conditions [13]. Its advantage is that it provides wide spatial coverage but

the complexity of the method due to the reliance on remote sensing products and large-scale

auxiliary data might complicate the method for routine urban monitoring. It has been then

extended into regional forecasting by using deep-learning methods, where hybrid architectures

were created that account for the spatiotemporal correlation among O₃ and NO₂ monitoring

stations [14]. These models offer a good representation of temporal and spatial interactions and

can be more accurate than ensemble models, however they are less transparent and are difficult

to compute.

For time-sensitive NO₂ prediction, based on the multi-source environmental data, ensemble

machine learning has also been applied. A recent study demonstrated that heterogeneous

predictors can lead to better temporal estimation accuracy and to flexible regional prediction

systems [15]. Modelling using AI in Delhi also showed that if the temporal trends are taken into

consideration during the modelling process, multiple learning algorithms can be helpful for

forecasting the pollutant levels [16]. These studies justify the consideration of comparative
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model evaluation and not solely on predictive measures but also assess the behaviour of the

models under strictly isolated test periods in the future; however, many of the current studies are

focused mainly on the predictive aspect.

More complicated neural networks have been created for pollutant forecasting. In another

example, the capacity of exploiting relationships among monitoring locations was shown by a

unified spectro-spatial graph neural network used to simultaneously predict O₃ and NO₂ in New

Delhi [17]. These, although well suited for spatially connected networks, pose significant

architectural complexity and may be hard to replicate and understand in traditional

environmental-monitoring environments. Existing research based on geostationary satellite data

has focused on quantifying uncertainty when applying machine learning to atmospheric remote

sensing, particularly in estimating NO₂ at the hourly scale, where prediction performance should

be taken into account when assessing uncertainty [18].

Satellite measurements have also been combined with nested machine-learning models in large-

scale spatiotemporal estimation studies. Observations from GEMS were combined with

multilevel learning to estimate ground-level NO₂ concentrations throughout China, enabling

detailed spatiotemporal information to be generated that is not available from fixed stations. [19]

Multisource methods like these approaches have been used in England to combine satellite

observations with chemically-transport models and spatially aware deep learning to enhance

local NO₂ estimation [20]. Such methods provide a good spatial representation and depend on

several external data streams and complex computational processes and are not necessarily

directly transferable to monitoring frameworks using only routinely collected station-level

environmental data.

However, in recent years efforts have started to tackle the interpretability problem of complex

NO₂ models. Multisource data has been fused with techniques for explanation using interpretable

and scalable deep-learning frameworks to identify influential drivers of urban NO₂ variation [21].

That is a significant step towards transparent environmental modelling, but deep learning may

not be the only way to perform this task when high-quality temporal station data and ensemble

learners suffice. The recent spatiotemporal investigations have also integrated Sentinel-5P data

with machine learning to assess NO₂ patterns and disrupted effects in the city of Delhi, showing

the relevance of Sentinel-5P-based remote-sensing and data-driven approaches to assess

environmental changes [22].
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Overall, the literature shows three important trends: use of multiple environmental data sources,

the use of nonlinear machine learning and deep learning models, and an increased focus on the

spatiotemporal and interpretable prediction. However, there are still some things that are missing.

Reliable chronological validation, ensemble modelling with interpretability and operational

exceedance detection are not always combined with any studies that depend on satellite products,

chemical transport models, or deep architectures that are difficult to compute. We aim to fill this

gap in the present study by applying a much more manageable and reproducible approach,

combining multi-site assessment of air quality, leakage-controlled temporal partitioning,

comparative machine-learning evaluation, SHAP-based interpretability and NO₂ environment

monitoring via thresholds in one analytical pipeline.

3. Methodology

3.1 Research Design and Experimental Framework

In this study, quantitative, data-driven environmental modelling design was used to examine the

characteristics of urban air-quality and to build a machine-learning model for forecasting hourly

nitrogen dioxide (NO₂) concentrations. The analytical framework was designed to address three

study goals: (i) describe the temporal, spatial, pollutant, and meteorological characteristics of

urban NO₂ concentrations; (ii) create and compare machine-learning models for hourly NO₂

predictions with a measurement-based leakage-controlled chronological evaluation framework;

and (iii) interpret the selected model, and evaluate its feasibility for identifying high NO₂ events

as part of air-quality monitoring.

The information leakage in the workflow was minimized, and the temporal structure of the

monitoring data was preserved. All the raw data were initially examined for data quality, missing

values, validity, and chronological ordering. Environmental and temporal predictors were then

generated prior to splitting of the observations into a development, a validation and a locked-test

set. Five regression algorithms were tested, namely Ridge Regression, Random Forest, Gradient

Boosting, Extreme Gradient Boosting (XGBoost) and Extra Trees. Ridge Regression was used as

a linear baseline, while the ensemble models were employed to account for the nonlinear

relationships and interactions between pollutants, meteorological conditions, time, and past NO₂

data.

The validation set was used to determine the model, and the locked test set was then used to

evaluate the model. The top-performing model was then used to interpret the model using
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SHapley Additive exPlanations (SHAP) and further evaluated by NO₂ exceedance monitoring

framework. This design was thus able to embed the themes of environmental assessment,

predictive modelling, explainability and operational monitoring into one repeatable workflow.

Figure 1. Data-Driven Framework for NO₂ Prediction and Environmental Monitoring.

3.2 Dataset and Environmental Variables

The data for the study was obtained from the Beijing Multi-Site Air Quality data set of UCI

Machine Learning Repository. The dataset consists of hourly data from 12 air-quality monitoring

stations in Beijing in the period from March 2013 to February 2017, which offers a rich

multivariate time series record of urban atmosphere [23].

The main prediction target was particle concentrations of NO₂ in µg/m³ per hour. Other

pollutants considered were PM2.5, PM10, sulfur dioxide (SO₂), carbon monoxide (CO) and

ozone (O₃). Meteorological parameters included temperature, pressure, dew-point temperature,

precipitation, wind direction and wind speed. Temporal information comprised year, month, day,

and hour, and station identity the spatial monitoring location.

The original calendar variables were used to create a timestamp which was then used to sort the

observations chronologically. The data quality was evaluated using missing data analysis,

descriptive statistics, range checking, and data matching for implausible values. To avoid

information leakage, imputation procedures were used for missing continuous measurements;

these imputation procedures were developed based on the training set. Temporal variables were

created to capture recurring patterns in the atmosphere, such as hour, month, and weekday,

weekend status, and season. If historical information was included, lagged NO₂ variables were

used, with no attempt to use future concentrations to predict past ones.

3.3 Population, Observation Structure, and Data Partitioning

The analytical population was defined as the hourly ambient-air-quality data from the 12 Beijing

monitoring stations for the study period. Observations were not for each person but for each
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station environmental record. The unit of analysis for this unit was therefore an hour during

which a monitoring event took place with concentrations for pollutants, meteorological

conditions, time characteristics and station identity.

The data was a time series, and so random train-test splitting was not used. The data were split

chronologically into about 70% development data, 15% validation data, and 15% locked-test

data. The development set was employed for preprocessing, model training and hyperparameter

tuning. A locked test set was not accessed until the end of the analysis, while the validation set

was used for model selection and comparison. This temporal holdout strategy gave a more

realistic test of the accuracy of the models on future, unseen, atmospheric conditions and avoided

the potential over-optimistic estimates from temporal leakage.

3.4 Data Analysis and Machine-Learning Techniques

Pollutant and meteorological variables were summarized by mean, standard deviation, median,

range and missingness and NO₂ variability was explored by seasons and monitoring stations. To

check for associations between environmental variables, without suggesting causation,

correlation analysis was used. Five regression models were trained (Ridge Regression, Random

Forest, Gradient Boosting, XGBoost and Extra Trees) and the nonlinear models were tuned by

time-series-aware cross validation, with Ridge Regression as the linear baseline.

The model performance was assessed by calculating MAE, RMSE and R2 for the validation and

locked test data. Meteorological, pollutant, temporal and historical NO₂ predictors were

compared by using feature-set sensitivity analysis. The selected model was interpreted with

SHAP and the environmental-monitoring utility was evaluated by deciding on the classification

of the NO₂ exceedances above 200 µg/m³ at hourly time intervals. Performance was summarized

using sensitivity, specificity, precision, F1 score, false alarm rate and missed event rate.

3.5 Ethical, Privacy, and Responsible-AI Considerations

This study did not include clinical, personal, demographic or behavioral information that could

be correlated with individuals, which was available in the public domain. So direct consent of

participants and privacy protection on the individual level did not apply. However, principles of

responsible data use were adhered to, including keeping track of the provenance of datasets,

avoiding inferences beyond those variables that were observed, and making clear distinctions

between predictive associations and causal environmental claims.
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Spatial and temporal bias was considered, since the monitoring stations do not necessarily

represent all exposure conditions, microenvironments and neighborhoods of Beijing. Model

performance can consequently differ from one site to another, one season to the other or during

extreme pollution events or future pollution regulation. To decrease algorithmic overstatement,

the process of model selection was decoupled from the locked-test evaluation, an explainability

analysis was added, and outputs of environmental-monitoring were taken as a decision-support

instead of as a substitute to regulatory monitoring instruments. Procedures for preprocessing,

partitioning, and evaluation were clearly explained and reported in a reproducible manner, using

a Python-based analysis.

4. Results

4.1 Descriptive Characteristics of Urban Air Quality

Table 1 indicates that there was a large variation between urban pollutants. Mean PM2.5 and

PM10 concentrations were 79.8 and 104.6 µg/m³, respectively, while NO₂ averaged 50.6 µg/m³

(SD = 35.0), ranging from 1.0 to 290.0 µg/m³. The concentrations of CO and O₃ also showed

significant variation while the concentrations of SO₂ were comparatively lower. Mean

temperature, pressure and wind speed were 13.5 °C, 1,010.7 hPa and 1.73 m/s, respectively

which showed a wide range of meteorological conditions. The overall rate of missingness was

relatively low, with CO (4.94%) and O₃ (3.13%) showing the highest rates; this indicated that the

data was suitable for subsequent predictive modelling after the data had been pre-processed.

Table 1. Descriptive characteristics of urban air pollutants and meteorological variables.

Variable Unit Mean SD Median Min Max Missing (%)
PM2.5 µg/m³ 79.8 80.9 55.0 2.0 999.0 2.08
PM10 µg/m³ 104.6 91.8 82.0 2.0 999.0 1.72
SO₂ µg/m³ 15.8 21.6 7.0 0.3 500.0 2.17
NO₂ µg/m³ 50.6 35.0 43.0 1.0 290.0 2.89
CO µg/m³ 1230.8 1161.4 900.0 100.0 10,000.0 4.94
O₃ µg/m³ 57.4 56.0 45.0 0.2 1071.0 3.13

Temperature °C 13.5 11.4 14.5 −19.9 41.6 0.10
Pressure hPa 1010.7 10.5 1010.4 982.4 1042.8 0.10
Dew point °C 2.5 13.8 3.1 −43.4 29.1 0.10
Rainfall mm 0.06 0.82 0.00 0.00 72.5 0.09

Wind speed m/s 1.73 1.25 1.40 0.00 13.2

4.2 Temporal and Spatial Variability of NO₂
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Table 2 shows that NO₂ was found to be heterogeneous in both seasons and stations. The mean

concentration of NO₂ in winter was the highest at 62.4 µg/m³, with a median concentration of

54.0 µg/m³ and a standard deviation of 40.1 µg/m³. The lowest seasonal mean was observed in

summer 39.8 µg/m³ while the highest seasonal mean was observed in autumn 51.9 µg/m³

followed by spring 48.7 µg/m³. The maximum observed during the winter season was 290 µg/m³,

which shows the existence of significant pollution episodes over a short period of time in winter.

The spatial variations were also very high among the 12 monitoring stations. Aotizhongxin (58.6

µg/m³) and Nongzhanguan (58.1 µg/m³) were the other two cities with the highest means, trailing

only Wanliu (65.3 µg/m³). The lowest mean station level concentration was observed at Dingling

(27.7 µg/m³) and Huairou (32.6 µg/m³) were comparatively low. The gap between the amounts

of Wanliu and Dingling was 37 µg/m³ or higher, which shows significant spatial differences

within the urban monitoring network.

The results show that the exposure conditions for NO₂ were not the same for all time and

location. The seasonal variations and the site characteristics were therefore important sources of

variation that were taken into account in the development of the predictive framework.

Table 2. Temporal and spatial variability in observed NO₂ concentrations.

Dimension Category N observations Mean NO₂
(µg/m³)

Median SD Maximum

Season Spring 103,118 48.7 41.0 32.6 276
Summer 102,645 39.8 33.0 27.5 238
Autumn 101,936 51.9 44.0 34.2 271
Winter 101,008 62.4 54.0 40.1 290

Station Aotizhongxi
n

34,019 58.6 51.0 36.7 273

Changping 34,132 44.1 36.0 31.5 226
Dingling 33,984 27.7 20.0 23.1 205
Dongsi 34,074 53.4 46.0 35.8 258

Guanyuan 33,987 57.5 50.0 36.0 270
Gucheng 34,112 55.2 47.0 37.1 276
Huairou 34,015 32.6 25.0 25.9 213

Nongzhangu
an

34,080 58.1 50.0 37.0 273

Shunyi 34,036 43.8 36.0 31.7 258
Tiantan 34,095 53.0 46.0 34.6 241
Wanliu 34,074 65.3 57.0 39.4 290

Wanshouxig
ong

34,099 55.8 48.0 36.5 269
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4.3 Comparative Machine-Learning Performance

Table 3 shows the predictive performance of the five machine-learning algorithms, and Figure 2

depicts the predictive performance of these algorithms graphically. The linear Ridge Regression

model yielded the lowest overall performance with a validation MAE of 15.84 µg/m³ and RMSE

of 22.91 µg/m³, and an R² of 0.611. However, its performance on the locked test set was slightly

reduced with MAE, RMSE and R² values of 16.21 µg/m³, 23.47 µg/m³ and 0.598, respectively.

The results showed that all the nonlinear ensemble models were significantly better than the

linear baseline. Random Forest had a locked test MAE of 8.54 µg/m³ and R2 of 0.869, whereas

the Gradient Boosting produced MAE value of 9.18 µg/m³ and R2 value of 0.851. Extra Trees

performed better than the other models with a locked-test MAE of 7.91 µg/m³, RMSE of 12.61

µg/m³ and R² of 0.884.

The predictive performance of XGBoost on the validation data and locked-test data was the best.

Its validation MAE, RMSE, and R² were 6.94 µg/m³, 11.08 µg/m³, and 0.909, respectively. On

the locked test set, XGBoost retained an MAE of 7.26 µg/m³, RMSE of 11.63 µg/m³, and R² of

0.901. There was a relatively small difference between validation and test performance, which

suggested that the model was consistent when presented with new temporal conditions, and there

was only limited evidence of significant over-fitting.

Table 3. Comparative machine-learning performance for NO₂ prediction.

Model Validat
ion
MAE

Validation
RMSE

Validatio
n R²

Locked-test
MAE

Locked-
test

RMSE

Locked-test
R²

Ridge
Regression

15.84 22.91 0.611 16.21 23.47 0.598

Random
Forest

8.17 12.96 0.876 8.54 13.41 0.869

Gradient
Boosting

8.92 13.83 0.858 9.18 14.27 0.851

XGBoost 6.94 11.08 0.909 7.26 11.63 0.901
Extra Trees 7.58 12.17 0.890 7.91 12.61 0.884
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Figure 2. Comparative Machine-Learning Performance for NO₂ Prediction.

4.4 Locked-Test Prediction and Explainability

The comparison of the observed and predicted NO₂ concentrations in time is illustrated in Figure

3. The XGBoost model captured the overall temporal patterns of the locked-test series and

captured both periods of low concentration and high pollution events with relatively small errors.

A consistency between observed and predicted trajectories was also observed by the locked-test

R2 of 0.901 that suggests that about 90% of the variability in NO2 concentration was explained

by the model selected.

The prediction traces revealed that the model errors tended to be larger when the concentrations

were high and changed rapidly rather than when they were low and stable, harmonizing with the

higher RMSE than MAE. However, the model's correspondence was relatively good with the

observed series during most of the period of locked tests, favouring its use for continuous urban

air-quality monitoring applications.

The use of SHAP-based feature attribution is explored as a way of explaining the global model,

as shown in Figure 4. Lagged NO₂ was the most influential predictor followed by CO, O₃, wind

speed, PM2.5, temperature, and PM10. The other variables supplied were hour of day and

atmospheric pressure, with dew point, SO₂ and season having relatively little global contribution.

The high importance of lagged NO₂ suggests a high temporal persistence of urban NO₂

concentrations, and the significance of co-occurring pollutants and meteorological parameters

demonstrates that the model is not just based on the historical concentration.
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Figure 3. Observed and Predicted NO₂ Concentrations on the Locked Test Set.

Figure 4. SHAP-Based Drivers of NO₂ Prediction.

4.5 Environmental Monitoring and Exceedance Detection

The performance of the selected XGBoost model in the environmental monitoring is summarized

in Table 4 and Figure 5. The set of values from the locked test had 61,178 observations, with

1,126 exceedance events observed using the hourly NO₂ exceedance threshold of 200 µg/m³. The

model was able to correctly predict 971 of these events and it missed 155 exceedances. Of the

observations made that did not exceed, 59,872 were correctly reported and 180 were false

exceedance reports.

These effects resulted in a sensitivity of 86.23%, meaning that most high concentration NO₂

events were identified. Specificity achieved was 99.70% showing good discrimination of normal

condition or non-exceedance condition. The accuracy reached was 84.36% and the F1 score was

85.28%. The false alarm rate was 0.30% with a missed event rate of 13.77%.
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The implications of these results are shown in the decision matrix in Figure 5. These high rates

of correct non-exceedance classification suggest good routine monitoring performance, and the

high sensitivity suggests a good ability to capture environmentally relevant high-NO₂ events by

the model. These results combined with the continuous regression analysis demonstrate the

usefulness of the chosen XGBoost framework not only for estimating the concentration but also

in the conversion of the estimated concentration into environmental-monitoring information that

could be used for action.

Table 4. Environmental monitoring performance of the selected XGBoost model for hourly

NO₂ exceedance detection.

Monitoring Indicator Result

Locked-test observations 61,178

Observed exceedance events 1,126

Correctly detected exceedances (TP) 971

Missed exceedances (FN) 155

False exceedance alerts (FP) 180

Correct non-exceedances (TN) 59,872

Sensitivity / Recall 86.23%

Specificity 99.70%

Precision 84.36%

F1-score 85.28%

False-alarm rate 0.30%

Missed-event rate 13.77%
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Figure 5. Environmental Monitoring Decision Matrix for NO₂ Exceedance Detection.

5. DISCUSSION

These findings highlight the significant temporal, spatial and atmospheric variability in urban

NO₂ behaviour and that the hourly concentrations can be accurately predicted using nonlinear

machine-learning models. From the descriptive analysis, it was observed that the mean

concentration of NO₂, in the study area, was 50.6 µg/m³, with significant seasonal variations

where the highest mean concentration was recorded in winter (62.4 µg/m³) while the lowest

mean concentration was recorded in summer (39.8 µg/m³). Spatial heterogeneity was also clearly

observed, with the mean of 65.3µg/m³ at the station of Wanliu and the lowest mean of 27.7µg/m³

at the station of Dingling. The patterns indicate that the local environment and seasonal

atmospheric processes are significant factors in urban NO₂ variability.

The comparative modelling results also demonstrated that the nonlinear ensemble methods

outperformed the linear baseline. The best locked-test result was obtained by XGBoost with an

MAE of 7.26 µg/m³, RMSE of 11.63 µg/m³ and R² value of 0.901, significantly better than Ridge

Regression outcome. This result aligns with previous studies which demonstrate that machine-

learning approaches can be used to capture nonlinear relationships between datasets in NO₂

estimation at large scales [13]. It also reflects studies showing that hybrid and spatiotemporal

learning architectures can learn complex dependency between pollutant and atmospheric

variables [14]. Also, the success of the ensemble framework suggests that nonlinear interactions
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between meteorology, co-pollutants, time and past NO₂ concentrations play an important role in

accurate prediction.

The current results also align with other recent studies showing the ability to reliably estimate

NO₂ using ensemble machine-learning models when multiple environmental variables are

included [15]. Meanwhile, the SHAP analysis also provides an added layer of interpretability as

it demonstrates that lagged NO₂, CO, O₃, wind speed, PM2.5, temperature, and PM10 were the

most important predictors. This aligns with the wider literature which highlights the importance

of interpretable modelling for understanding the drivers of air-quality predictions and testing the

model in isolation for accuracy [21].

Environmental-monitoring results are used to further extend the predictive analysis beyond

regression performance. The model based on the XGBoost algorithm, with an hourly threshold of

200 µg/m³, had a high sensitivity of 86.23%, a high specificity of 99.70%, a high precision of

84.36%, and a high F1 score of 85.28%. The results show the ability of the model to detect

episodes with high NO₂ concentrations with a very low false alarm rate. It is also relevant from

an operational point of view as environmental monitoring systems depend on accurate

concentration estimates as well as on reliable detection of conditions that may need closer

monitoring.

They are subject to certain restrictions. The analysis was limited to one metropolitan area and

may not necessarily reflect the conditions of other cities that have various emission patterns,

climates, traffic and monitoring systems. The model was also constructed without any

consideration for satellite retrievals, traffic intensities, land use, emission inventories, or

chemical transport outputs, however these all can be routinely measured at the station level.

Furthermore, exceedance detection was assessed based on a fixed threshold that is not reflective

of all aspects of regulatory or exposure-related risk.

Future efforts are thus required to explore the framework in various cities, climatic regions,

extend the framework by adding external spatial and emissions-related predictors, and apply

transfer-learning and domain-adaptation approaches. Other research tasks might also include

probabilistic forecasting and uncertainty quantification, or multi-horizon prediction, to enhance

operational value. Overall, the results have shown that a leakage-controlled ensemble-learning

framework, which is interpretable, can serve as a robust basis for NO₂ concentration prediction

and for practical urban environmental monitoring.
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6. CONCLUSION

The aim of this study was to fill the important gap of providing accurate, interpretable and

operationally relevant prediction of urban nitrogen dioxide (NO₂) concentration in a complex

multi-pollutant environment. A data-driven framework, which consisted of descriptive air-quality

assessment, chronological data partitioning, comparative machine-learning modelling, SHAP-

based interpretation and threshold-based environmental monitoring, was developed. Significant

temporal and spatial fluctuations were found for NO₂, with the highest seasonal mean found in

winter (62.4 µg/m³) and the highest station-level mean at Wanliu (65.3 µg/m³). The evaluated

models indicated that XGBoost had the best generalization performance with a locked-test MAE

of 7.26 µg/m³, RMSE of 11.63 µg/m³ and R² of 0.901. Furthermore, the model has been

validated with the real data, achieving an 86.23% sensitivity, a 99.70% specificity and an F1-

score of 85.28% to detect hourly NO₂ exceedances. The primary contributions of this study are

the combination of predictive accuracy, explanations, and exceedance detection in a single

reproducible environmental-monitoring framework. The analysis, however, covered only the one

metropolitan monitoring network, and excluded data from satellites, traffic, land use, and

emission inventories. The framework needs to be validated using more cities, validated with

multisource predictors, and investigated with uncertainty-aware and multi-horizon forecasting

for wider operational use.
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