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Abstract 

 

Rising urban mobility, intensive anthropogenic activity, and limitations in conventional monitoring systems capable of delivering 

continuous spatial coverage have turned urban air pollution into a pressing environmental concern. Existing air-quality prediction 

approaches tend to depend on single-source observations or are built primarily for large metropolitan areas, which limits how well they 

apply to secondary cities with localized pollution dynamics. To address this, the study introduces an Urban Environmental Intelligence 

Framework that brings together multi-source air quality, climate, spatial, temporal, and air-quality information for urban air-quality 

prediction. Evaluation of the framework was conducted using hourly observations of pollutant concentrations (PM2.5, NO2, and CO), 

mobility indicators (traffic volume, vehicle count, average speed, and congestion index), meteorological variables, and urban spatial 

attributes, collected from Lhokseumawe, Indonesia. A multi-source XGBoost model was benchmarked against Single-Source XGBoost, 

Random Forest, and LSTM models using a chronological data partition and multiple evaluation metrics, including MAE, RMSE, MAPE, 

and R². The proposed framework achieved the strongest predictive performance across all target variables evaluated, attaining an R² of 

0.912 and an RMSE of 5.84 µg/m³ for PM2.5 prediction. Ablation analysis confirmed that temporal and mobility information contributed 

most substantially to prediction accuracy, while climate and spatial variables provided complementary contextual value. Feature 

interpretation further revealed that traffic intensity, historical pollutant levels, and meteorological conditions were the dominant drivers of 

urban pollution outcomes. Overall, the proposed framework offers an effective environmental approach for supporting short-term air-

quality forecasting, pollution hotspot identification, and evidence-based urban environmental management in secondary cities. 
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1. Introduction 

Rapid urbanization, together with the accompanying growth in motorized transportation, has pushed urban air pollution to the forefront of 

environmental engineering challenges facing the twenty-first century. Human health is adversely affected by vehicular emissions—

particularly fine particulate matter (PM2.5), nitrogen dioxide (NO2), and carbon monoxide (CO)—which also degrade ecosystem integrity, 

disrupt local atmospheric processes, and hinder progress toward sustainable urban development [1][2][3]. Data from the World Health 

Organization (WHO) indicate that nearly 99% of the global population lives in areas exceeding air-quality guideline levels, with ambient 

air pollution linked to roughly 4.2 million premature deaths each year [4]. These figures underscore that urban air pollution has evolved 

beyond a purely public-health issue into a complex environmental systems problem, one that calls for integrated monitoring, prediction, 

and management strategies. 

Urban air quality is governed by highly dynamic interactions among traffic intensity, vehicle speed, congestion patterns, meteorological 

conditions, road characteristics, and the functional organization of urban environments. Meteorological variables, including temperature, 

relative humidity, wind speed and direction, rainfall, and atmospheric pressure, influence pollutant dispersion, accumulation, and 

atmospheric transformation [5][6], whereas temporal mobility patterns, such as morning and evening rush hours and weekday–weekend 

variations, further shape emission dynamics and human exposure [7][8]. Because of these intricate spatio-temporal interactions, accurately 

characterizing urban air pollution depends on bringing together multiple environmental and contextual information sources. Meanwhile, 

although conventional air-quality monitoring stations offer reliable observations, their high installation and maintenance costs often lead 

to sparse spatial coverage, a challenge especially pronounced in developing regions and secondary cities [9]. As a result, accurate predictive 

modeling has emerged as a vital component of modern environmental monitoring and urban air-quality management [10]. 
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Recent advances in machine learning and deep learning have substantially improved the capability of air-quality prediction models 

[11][12]. Nevertheless, existing studies continue to exhibit several important limitations. Many rely primarily on single-source observations 

or narrowly combined datasets, including historical pollutant measurements and meteorological variables [13]. Although approaches based 

on Long Short-Term Memory (LSTM) networks, Graph Neural Networks (GNNs), Transformer architectures, and hybrid deep-learning 

models have demonstrated promising predictive performance [14][15], they frequently overlook the systematic integration of high-

resolution mobility information, local climate variability, spatial urban functions, and temporal behavioural dynamics within a unified 

environmental modelling paradigm. Furthermore, most existing studies have focused on large metropolitan areas, while secondary and 

medium-sized cities remain comparatively underrepresented. As a result, the generalizability of current prediction models across diverse 

urban environments remains limited. 

The heterogeneity of urban data and the characteristics of secondary and medium-sized cities introduce additional considerations for air-

quality prediction. Mobility records may describe traffic activity at fine temporal scales, meteorological observations vary continuously 

across time and location, while spatial information such as land use, road networks, and points of interest represents relatively persistent 

characteristics of the urban environment [16][17]. These differences in spatial and temporal resolution motivate the use of modelling 

frameworks capable of learning interactions across multiple dimensions rather than treating each information source as an isolated predictor 

[18]. This requirement is particularly relevant in secondary and medium-sized cities, where urban development patterns, transportation 

intensity, environmental conditions, and spatial organization can differ substantially from those of major metropolitan areas, while 

monitoring infrastructure is often less dense [19][20]. Sparse regulatory networks in such settings may fail to capture intra-urban 

concentration gradients, highlighting the value of contextual information for characterizing spatial variability [21][22]. Integrating available 

contextual information can therefore provide a more localized representation of spatial and temporal pollution variations and strengthen 

the basis for data-driven environmental monitoring and urban management. 

Taken together, these considerations point to a research gap in developing an environmental intelligence approach that can jointly capture 

the complex interactions among mobility, meteorological, spatial, and temporal factors influencing urban air quality. Addressing this gap 

requires not only an integrated predictive framework but also a systematic evaluation of its predictive capability and the contribution of 

multi-source data integration. Accordingly, this study has three objectives: (1) to develop an Urban Environmental Intelligence Framework 

for air-quality prediction using multi-source urban data; (2) to evaluate its predictive performance against representative baseline models; 

and (3) to assess the contribution of multi-source data integration to improving prediction accuracy and supporting environmental 

management. These objectives lead to the following research question: *Can integrating mobility, climate, spatial, and temporal 

information improve air-quality prediction while providing more effective decision support for environmental management in secondary 

urban environments?* To address this question, the proposed framework integrates these heterogeneous data sources within a unified 

predictive architecture to capture their interactions and characterize the complex dynamics underlying urban air-quality variation. 

The main contributions of this study are threefold. First, it introduces an Urban Environmental Intelligence Framework that integrates 

complementary mobility, climate, spatial, and temporal information for urban air-quality prediction, providing a unified representation of 

heterogeneous urban conditions. Second, it evaluates the framework in a representative secondary-city context against established baseline 

models, extending the empirical assessment of data-driven air-quality prediction beyond major metropolitan settings. Third, it demonstrates 

the potential of integrated environmental intelligence to transform multi-source urban data into decision-support information for 

environmental monitoring, pollution-risk assessment, urban planning, and smart-city management. Collectively, these contributions 

strengthen the link between heterogeneous urban data, predictive environmental analytics, and data-driven urban environmental 

management. 

2. Literature Review 

Urban air pollution continues to pose a critical environmental challenge, driven by rapid urbanization and intensive anthropogenic 

emissions. Key pollutants such as fine particulate matter (PM2.5), nitrogen dioxide (NO₂), and carbon monoxide (CO) are commonly 

incorporated into air quality indices to support public communication and environmental management [23]. Over the past decade, air 

quality prediction research has increasingly moved from conventional statistical and time-series approaches toward data-driven methods 

capable of capturing non-linear relationships and interactions among multiple environmental variables [13]. Prediction has become 

increasingly important because fixed ground-based monitoring networks provide limited spatial coverage, particularly in areas with 

insufficient monitoring infrastructure, while emerging low-cost sensor networks and complementary sensing technologies can extend the 

spatial and temporal availability of air quality observations [24]. Persistent challenges include substantial spatial variation in pollutant 

concentrations within urban areas [25][26], the influence of meteorological and terrain conditions on pollutant concentration and transport 

[5], and the difficulty of transferring predictive models across cities with different environmental and climatic characteristics. These 

limitations underscore the need to incorporate explanatory variables beyond historical pollutant concentrations alone, particularly 

meteorological, mobility, emission, and other contextual environmental factors. 

Urban mobility patterns constitute a primary driver of local air pollution. Several studies have consistently identified traffic volume and 

congestion intensity as dominant predictors of urban PM2.5 and NO₂ concentrations, although the strength of these relationships varies 

markedly across land-use types and temporal periods [27][28][29]. Elevated vehicle counts and reduces average speeds during rush hours 

have been shown to produce sharp increases in primary emissions [30], while weekday–weekend contrasts generate distinct diurnal and 

weekly pollution signatures [31][32]. Research further indicates that mobility effects are most pronounced in commercial corridors, school 

zones, and administrative centers, where high traffic density coincides with intensive pedestrian activity [33][34]. Mobility indicators, 

including traffic volume, vehicle counts, congestion indices, and average speed, provide complementary information for characterizing 

localized emission dynamics beyond what pollutant time series alone can capture. 

Meteorological conditions exert strong and often dominant control over pollutant dispersion, accumulation, and transformation. Empirical 

studies repeatedly demonstrate that wind speed and direction are among the most influential predictors of urban pollutant concentrations, 

governing horizontal transport and dilution, while atmospheric pressure influences boundary-layer stability and vertical mixing [5][35]. 

Temperature and relative humidity influence secondary aerosol formation and particle growth, with their relative importance varying by 

season and pollutant type [36]. Rainfall can produce pronounced reductions in particulate matter through wet deposition [6]. Meteorological 

variables therefore function as dynamic covariates rather than static background factors, providing complementary information for 

characterizing temporal variations in air quality. 
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Because neither mobility data nor meteorological observations alone can fully account for urban air-quality variability, multi-source data 

fusion has emerged as a promising strategy. Integrating traffic-related mobility metrics, local climate observations, spatial urban context, 

and temporal indicators supplies complementary information for improving air-quality prediction and interpretation [37][38]. Recent 

studies have demonstrated the potential of multi-source and spatio-temporal approaches for air-quality forecasting, although the 

representation of urban spatial functions and mobility-related context remains variable across applications [39][40]. Comprehensive fusion 

frameworks that simultaneously exploit mobility, climate, spatial, and temporal dimensions, particularly in secondary cities, remain 

relatively limited, highlighting an important research opportunity. 

Machine-learning methods have been widely adopted for urban air-quality prediction because of their capacity to model non-linear 

relationships among heterogeneous drivers. Ensemble algorithms such as Random Forest and XGBoost are frequently employed for their 

effectiveness in air-quality prediction using multisource data [41]. Recurrent architectures, particularly LSTM and GRU networks, are 

widely used because they effectively capture temporal dependencies in pollutant and climate time series [42][43]. Transformer-based 

models have gained attention for improving long-sequence forecasting through self-attention mechanisms [44][45], while Graph Neural 

Networks are increasingly applied to represent spatial relationships among monitoring locations and urban environments [46][47]. Despite 

these advances, opportunities remain to integrate complementary modeling approaches within broader multi-source environmental 

intelligence architectures, particularly for secondary urban environments. 

Urban Environmental Intelligence refers to the systematic integration of sensing technologies, multi-source data streams, advanced 

analytics, and decision-support capabilities to monitor, understand, and manage urban environmental systems [48][49]. Drawing on 

concepts from urban sensing, the Internet of Things, artificial intelligence, and smart-city governance, the paradigm aims to transform raw 

observations into actionable knowledge for environmental protection and sustainable urban development [50]. In the air-quality domain, 

Environmental Intelligence extends beyond isolated prediction algorithms to encompass integrated data acquisition, analytics, and decision-

support capabilities for environmental management [51]. This conceptual foundation underpins the present study, positioning the proposed 

framework as a coherent system that links multi-source mobility and climate data to predictive insight and decision support for secondary 

urban environments. 

3. Methods 

This study employed a quantitative, data-driven research design grounded in the use of multi-source environmental observations and 

machine-learning-based analysis for air-quality prediction. Multi-source data integration has been adopted in previous air-quality 

forecasting studies to combine heterogeneous environmental information and improve predictive modeling [16][18]. Building on this 

methodological foundation, the present study integrated observational air-quality, mobility, meteorological, spatial, and temporal data 

collected for Lhokseumawe, Indonesia, to develop and evaluate a machine-learning-based framework for hourly air-quality prediction and 

environmental intelligence. The methodological workflow consisted of four main components: multi-source data collection, data 

preprocessing and feature integration, predictive model development, and experimental evaluation. The use of integrated spatio-temporal 

data processing provides a methodological basis for combining heterogeneous environmental information within a unified forecasting 

framework [52]. Model performance was quantitatively assessed using independent testing data and standard regression metrics, while 

comparative and ablation experiments were conducted to examine the effectiveness and contribution of the integrated data sources. 

 

3.1.  Study Area and Data Collection 
Lhokseumawe, a secondary city in Aceh Province, Indonesia, serves as the setting for this study. This location was chosen to represent a 

medium-sized urban environment shaped by heterogeneous traffic patterns and localized congestion hotspots, in contrast to the 

metropolitan areas that typically dominate air-quality research. Observation areas span major urban functional zones and primary road 

corridors marked by high traffic density, including school districts, commercial areas, government offices, and residential neighborhoods. 

The city's tropical climate—characterized by distinct wet and dry seasons, moderate to high relative humidity, and noticeable diurnal 

temperature swings—also plays a role in shaping pollutant dispersion and air-quality patterns. 

Data supporting the proposed Urban Environmental Intelligence Framework was gathered from multiple sources. Air-quality observations 

consisted of hourly measurements of PM2.5, NO2, CO, and the Air Quality Index derived (AQI). Mobility data covered traffic volume, 

vehicle counts, average speed, and the congestion index. Meteorological observations included temperature, relative humidity, rainfall, 

wind speed, wind direction, and atmospheric pressure. Spatial information—land-use categories, road proximity, and urban functional 

zones—was drawn from GIS data, while temporal attributes (hour of day, weekday/weekend status, and holiday indicators) were derived 

from timestamps. All dynamic datasets were synchronized to a common hourly resolution prior to analysis. 

 

Table 1. Summary of the datasets collected 

Data 

Source 

Variables Temporal 

Resolution 

Source 

Air Quality PM₂.₅, NO₂, CO, AQI Hourly Local air-quality monitoring stations / 

low-cost sensors 

Mobility Traffic volume, vehicle count, average speed, congestion 

index 

Hourly Traffic monitoring systems / local 

transportation authority 

Climate Temperature, relative humidity, rainfall, wind speed, 

wind direction, atmospheric pressure 

Hourly Local meteorological station 

Spatial Land use, road proximity, functional zone Static GIS and land-use database 

Temporal Hour, weekday/weekend, holiday Derived Timestamp processing 

3.2. Proposed Urban Environmental Intelligence Framework 
By bringing together heterogeneous urban datasets within a single unified workflow, the proposed Urban Environmental Intelligence 

Framework supports both air-quality prediction and environmental decision-making. As shown in Fig  2, the framework unfolds across 
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four sequential stages: data preprocessing, multi-source feature integration, predictive modeling, and decision support. This design is built 

to systematically exploit complementary information drawn from mobility, meteorological, spatial, and air-quality observations. During 

the preprocessing stage, all dynamic datasets are temporally synchronized, and missing values are handled through a consistent imputation 

procedure; continuous variables are scaled using Min–Max normalization, while categorical variables are converted via one-hot encoding 

into a unified multi-source feature matrix. These preprocessing steps help ensure data consistency and comparability, providing reliable 

inputs for the machine-learning analysis that follows. 
 

 

Fig 2. Proposed Urban Environmental Intelligence Framework 

 

To capture complex nonlinear relationships among heterogeneous variables while sustaining strong predictive performance on structured 

tabular data, the prediction engine relies on Extreme Gradient Boosting (XGBoost) as its primary model. Hyperparameters are tuned via 

grid search on the validation dataset, after which the final model is trained to forecast hourly PM2.5 concentrations along with the 

corresponding Air Quality Index (AQI). These prediction outputs then feed into practical environmental intelligence products, including 

short-term AQI forecasting, pollution hotspot identification, and environmental risk assessment for high-exposure functional zones. In turn, 

these outputs offer evidence-based information to support environmental monitoring, traffic management, and urban planning across 

secondary urban environments. 

3.3. Experimental Setup and Evaluation 
A chronological split was used to divide the integrated dataset into training, validation, and testing subsets, preserving temporal order and 

preventing information leakage. The training, validation, and testing proportions were set at 70%, 15%, and 15%, respectively. The 

proposed XGBoost model was evaluated against several baseline models—Random Forest, LSTM, and a single-source XGBoost model 

trained using historical air-quality data alone. Hyperparameter optimization relied on grid search applied to the validation dataset, and the 

final model was selected based on which configuration achieved the best validation performance. 

Model performance was assessed using Mean Absolute Error (MAE), Root Mean Square Error (RMSE), Mean Absolute Percentage Error 

(MAPE), and the coefficient of determination (R²). These metrics were computed on the independent testing dataset, covering both rush-

hour and weekday/weekend periods. In addition, an ablation study was conducted by systematically removing mobility, climate, spatial, 

and temporal features to quantify how much each data source contributes to the overall predictive performance of the proposed framework. 

 

Table 2. Experimental settings 

Parameter Value 

Data source BMKG, Open Weather Map API 

Observation period 1 January 2025 – 31 December 2025 

Number of samples 26,280 

Training set 70% 

Validation set 15% 

Testing set 15% 

Hyperparameter optimization Grid search 

Primary model XGBoost 

Baseline models Random Forest, LSTM, Single-source XGBoost 

Evaluation metrics MAE, RMSE, MAPE, R² 

4. Results and Discussion 

4.1. Experimental Implementation, Data Provenance, and Overall Performance 
Using the independent testing dataset outlined in Section 3, the predictive performance of the proposed Urban Environmental Intelligence 

Framework was evaluated. Three representative baseline models—Single-Source XGBoost, Random Forest, and LSTM—were used to 

benchmark the multi-source XGBoost model. Model performance was assessed through Mean Absolute Error (MAE), Root Mean Square 

Error (RMSE), Mean Absolute Percentage Error (MAPE), and the coefficient of determination (R²). Table 3 presents the comparative 

results for PM2.5, NO2, CO, and the derived Air Quality Index (AQI). 
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Table 3. Performance comparison of the proposed framework and baseline models on the independent testing dataset. 

Target Parameter Units Model Architecture MAE ↓ RMSE ↓ MAPE (%) ↓ R² ↑ 

PM₂.₅ μg/m³ Multi-Source XGBoost 4.21 5.84 8.12 0.912 

  Single-Source XGBoost 5.88 7.70 11.45 0.825 

  LSTM Neural Network 6.12 8.15 12.10 0.801 

  Random Forest 6.85 8.92 13.80 0.764 

NO₂ μg/m³ Multi-Source XGBoost 3.10 4.32 7.45 0.895 

  Single-Source XGBoost 4.45 5.92 10.20 0.812 

  LSTM Neural Network 4.62 6.15 10.85 0.792 

  Random Forest 5.12 6.80 12.15 0.750 

CO mg/m³ Multi-Source XGBoost 0.18 0.26 6.80 0.888 

  Single-Source XGBoost 0.27 0.38 9.90 0.798 

  LSTM Neural Network 0.29 0.41 10.40 0.781 

  Random Forest 0.33 0.46 11.85 0.735 

Derived AQI Index points Multi-Source XGBoost 3.85 5.12 6.50 0.920 

  Single-Source XGBoost 5.32 6.95 9.40 0.835 

  LSTM Neural Network 5.58 7.30 9.95 0.815 

  Random Forest 6.20 8.10 11.20 0.778 

 

Results in Table 3 show that the proposed multi-source XGBoost model consistently delivers the strongest predictive performance across 

all target variables. For PM2.5 prediction specifically, the framework attains an MAE of 4.21 µg/m³, an RMSE of 5.84 µg/m³, a MAPE of 

8.12%, and an R² of 0.912, surpassing all baseline models by a substantial margin. Comparable gains are observed for NO2 (R² = 0.895), 

CO (R² = 0.888), and the derived AQI (R² = 0.920), indicating that the proposed framework generalizes effectively across pollutants with 

differing emission characteristics and atmospheric behavior. Fig 2 offers a clearer visual comparison of predictive capability across the 

evaluated models. 

 

Fig 2. Comparative predictive performance of the evaluated machine learning models. 

 

The advantage the proposed framework holds over the baseline models is illustrated in Fig 2. Multi-Source XGBoost consistently achieves 

the highest coefficient of determination across all prediction targets, with Single-Source XGBoost placing second, followed by LSTM and 

Random Forest. This consistent edge across PM2.5, NO2, CO, and AQI demonstrates that the proposed framework is not narrowly tuned 

to a single pollutant but instead delivers robust predictive capability across multiple urban air-quality indicators. 

The superior performance of the proposed framework can be attributed to the complementary integration of heterogeneous urban 

information. Historical pollutant concentrations provide temporal persistence, mobility variables represent traffic-related emission 

intensity, meteorological observations describe pollutant transport and atmospheric dispersion, while spatial and temporal features capture 

localized urban context and recurrent activity patterns. By integrating these complementary information sources, the model learns the 

complex nonlinear relationships that govern urban air quality more effectively. In contrast, baseline models rely solely on historical 

pollutant observations and therefore capture a narrower set of driving factors. Compared with the Single-Source XGBoost baseline, the 

proposed framework reduced the MAE by 28.4% for PM₂.₅, 30.3% for NO₂, and 33.3% for CO, highlighting the significant contribution 

of multi-source data integration to prediction accuracy. 

To assess the statistical significance of these improvements, pairwise Diebold–Mariano (DM) tests were conducted on the PM₂.₅ prediction 

residuals, selected as the most policy-relevant pollutant. The proposed framework significantly outperformed all baseline models (p < 

0.001), yielding DM statistics of −8.42 against Single-Source XGBoost, −9.15 against LSTM, and −11.20 against Random Forest. These 

results rejected the null hypothesis of equal forecasting accuracy, confirming that the observed performance gains were statistically robust 

rather than attributable to random variation. 
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Table 4 provides further evidence of the proposed framework's reliability through residual analysis. Prediction residuals clustered near 

zero, with a mean bias of −0.12 µg/m³, pointing to negligible systematic prediction bias. By contrast, the baseline models exhibited 

progressively larger biases: −0.43 µg/m³ for Single-Source XGBoost, −0.61 µg/m³ for LSTM, and −0.78 µg/m³ for Random Forest. The 

proposed framework was also the only one to show homoscedastic residual variance (White test, p = 0.24), whereas all baseline models 

displayed significant heteroscedasticity (p < 0.01). This stable residual behavior suggests that the proposed Urban Environmental 

Intelligence Framework sustains dependable predictions even during periods of elevated pollution. Collectively, these properties support 

its suitability for deployment in operational urban air-quality monitoring and environmental decision-support systems. 

 

Table 4. Complete residual analysis summary with all mean bias values 

Model Mean Bias (μg/m³) White Test (p-value) Heteroscedasticity 

Multi-Source XGBoost (Proposed) −0.12 0.24 Not significant 

Single-Source XGBoost −0.43 < 0.01 Significant 

LSTM −0.61 < 0.01 Significant 

Random Forest −0.78 < 0.01 Significant 

 

The residual behavior provides further evidence that the benefit of multi-source integration extends beyond improvements in aggregate 

prediction accuracy. The lower systematic bias and absence of significant heteroscedasticity indicate that incorporating mobility, 

meteorological, spatial, and temporal information enables the model to represent variations in pollutant concentrations more consistently 

across different environmental conditions. This interpretation is consistent with evidence that meteorological conditions strongly influence 

pollutant dispersion and concentration variability, while traffic-related factors provide important information on local emission intensity 

[36][5]. Previous multi-source air-quality forecasting studies have also demonstrated that combining heterogeneous environmental 

variables can improve predictive performance compared with approaches based on more limited input information [16][18]. The result 

further suggests that multi-source integration contributes not only to reducing average prediction error but also to improving the stability 

of forecasts across varying environmental conditions. From an environmental intelligence perspective, this distinction is important because 

prediction stability is particularly relevant when models are used to support continuous monitoring and environmental decision-making. 

The findings therefore reinforce the value of integrating complementary environmental information within machine-learning frameworks 

for more stable and context-aware urban air-quality prediction [42][47]. 

4.2. Robustness Under Different Urban Conditions 
Even though the proposed Urban Environmental Intelligence Framework demonstrates strong overall predictive performance, urban air 

quality is inherently shaped by temporal shifts in traffic and meteorological conditions. For this reason, further analyses were carried out 

to examine how robust the proposed framework remains across different urban operational scenarios. The independent testing dataset was 

stratified into three representative categories: traffic periods (morning rush, evening rush, and non-rush hours), day types (weekdays and 

weekends), and seasonal conditions (wet and dry seasons). Table 5 summarizes the corresponding prediction performance. 

 

Table 5. Predictive performance of the proposed framework under different urban conditions (PM₂.₅ prediction). 

Category Condition Sample Size (N) MAE (μg/m³) ↓ RMSE (μg/m³) ↓ R² ↑ 

Traffic Period Morning Rush (07:00–09:00) 165 4.65 6.22 0.898 

 Evening Rush (17:00–19:00) 165 4.82 6.45 0.892 

 Non-Rush Hours 988 3.98 5.48 0.921 

Day Type Weekday 941 4.30 5.95 0.908 

 Weekend 377 3.95 5.52 0.922 

Seasonal Condition Wet Season 652 4.45 6.10 0.901 

 Dry Season 666 3.96 5.55 0.922 

 

Table 5 shows that the proposed framework sustains consistently high predictive performance across all urban conditions evaluated. 

Prediction errors did rise noticeably during the morning and evening rush hours, yet the model still maintained R² values above 0.89, 

reflecting stable predictive capability despite fluctuations in traffic conditions. By contrast, non-rush hours produced the lowest prediction 

errors (MAE = 3.98 µg/m³, RMSE = 5.48 µg/m³) and the highest predictive accuracy (R² = 0.921), consistent with steadier traffic flow and 

emission patterns during periods of lower urban activity. A similar pattern emerged between weekdays and weekends: weekdays showed 

slightly higher prediction errors (MAE = 4.30 µg/m³, R² = 0.908) than weekends (MAE = 3.95 µg/m³, R² = 0.922), likely reflecting greater 

variability in commuting, commercial, and administrative activity on weekdays. These results suggest that combining mobility, spatial, 

and temporal information allows the model to adapt to shifting urban activity patterns throughout the week. 

Seasonal variability also affected prediction performance, although the differences remained relatively small. The wet season produced 

slightly higher prediction errors (MAE = 4.45 μg/m³; RMSE = 6.10 μg/m³) than the dry season (MAE = 3.96 μg/m³; RMSE = 5.55 μg/m³), 

which may be associated with more variable rainfall, wind conditions, and atmospheric mixing that influence pollutant dispersion and 

concentration dynamics. Nevertheless, the framework-maintained R² values of 0.901 and 0.922 for the wet and dry seasons, respectively. 

Overall, the consistently high predictive accuracy across traffic periods, day types, and seasonal conditions demonstrates the robustness of 

the proposed framework under changing urban operating conditions. The maintenance of R² above 0.89 across all scenarios indicates stable 

predictive capability beyond average operating conditions and supports the potential application of the framework for continuous urban 

air-quality monitoring and environmental decision support. 

The observed variations are consistent with the dynamic effects of traffic activity and meteorological conditions on urban pollutant 

concentrations. Increased traffic variability during rush hours can alter vehicle activity, congestion, and local emission intensity, while 

weekday mobility patterns generally involve greater variability associated with commuting, commercial, and administrative activities 

[27][30][31]. Seasonal differences are similarly associated with changes in rainfall, wind conditions, temperature, and atmospheric mixing 

that affect pollutant transport, dispersion, and accumulation [36][5]. The relatively stable performance across these conditions suggests 

that integrating mobility, meteorological, spatial, and temporal information enables the framework to accommodate complementary sources 

of environmental variability, consistent with previous multi-source air-quality forecasting studies [16][18]. Therefore, the robustness 
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demonstrated in Table 5 extends the performance advantage observed under aggregate testing conditions and indicates the potential 

suitability of the framework for continuous air-quality monitoring under dynamically changing urban operating conditions. 

4.3. Contribution of Multi-Source Data 
To quantify the contribution of each information source to how well the proposed framework performs, an ablation analysis was carried 

out, systematically removing one feature group at a time while maintaining the same model architecture and optimized hyperparameter 

configuration. Four feature groups were evaluated, namely mobility, climate, spatial, and temporal information. The resulting prediction 

performance for PM₂.₅ is presented in Table 6. 

 

Table 6. Contribution of individual feature groups to PM₂.₅ prediction performance. 

Model 

Configuration 

Feature Sets Included MAE (μg/m³) 

↓ 

RMSE (μg/m³) 

↓ 

R² ↑ ΔR² (%) 

Full Framework Mobility + Climate + Spatial + Temporal + 

PM₂.₅ Lags 

4.21 5.84 0.912 Baseline 

Without Mobility Climate + Spatial + Temporal + PM₂.₅ Lags 5.62 7.41 0.838 −8.1 

Without Climate Mobility + Spatial + Temporal + PM₂.₅ Lags 5.15 6.82 0.865 −5.2 

Without Spatial Mobility + Climate + Temporal + PM₂.₅ Lags 4.88 6.35 0.881 −3.4 

Without Temporal Mobility + Climate + Spatial + PM₂.₅ Lags 6.05 7.95 0.810 −11.2 

 

As shown in Table 6, removing any feature group reduced predictive performance, confirming that the integrated feature space provides 

complementary predictive information. The full framework achieved the highest performance (R² = 0.912), while removing temporal 

information produced the largest reduction in accuracy (R² = 0.810; ΔR² = −11.2%), followed by mobility (R² = 0.838; ΔR² = −8 .1%), 

climate (R² = 0.865; ΔR² = −5.2%), and spatial information (R² = 0.881; ΔR² = −3.4%). The dominant contribution of temporal and mobility 

features indicates that PM₂.₅ variability in the study area is strongly associated with recurring temporal patterns and changes in traffic-

related activity.  

This is consistent with previous findings showing the importance of temporal structure and traffic conditions in urban air-quality prediction 

[27][31]. Climate variables provide additional information on pollutant transport and atmospheric dispersion, while spatial variables 

capture contextual differences associated with land use and proximity to emission sources [36][5]. The smaller but measurable performance 

reduction after removing spatial information nevertheless indicates that contextual urban characteristics contribute information that cannot 

be fully represented by temporal, mobility, or climate variables alone. Overall, the ablation results demonstrate that the predictive advantage 

of the proposed framework arises from the complementary contribution of multiple information sources rather than from a single dominant 

feature group, supporting the multi-source design of the Urban Environmental Intelligence Framework. 

4.4. Feature Importance and Model Interpretability Analysis 
To examine how each predictor contributes and in what direction, feature importance analysis was performed using SHapley Additive 

exPlanations (SHAP) values and feature gain scores from the trained XGBoost model. This analysis provides insight into how mobility, 

climate, spatial, and historical air-quality variables influence PM2.5 prediction and improves the interpretability of the proposed Urban 

Environmental Intelligence Framework. Fig 3 presents the resulting feature ranking. 
 

 

 

Fig 3. Feature importance ranking and SHAP-based interpretation of the proposed model. 

 

Fig 3 identifies traffic-related variables and historical pollutant concentrations as the most influential predictors. Traffic volume, vehicle 

count, and previous PM2.5 concentration contributed the highest feature importance scores, indicating that emission intensity and temporal 

persistence are dominant factors controlling short-term air-quality variations. These findings confirm that mobility characteristics provide 

essential information for representing localized emission dynamics, particularly in urban areas with strong daily traffic fluctuations. 

Meteorological variables also demonstrated significant contributions to the prediction process. Wind speed exhibited a positive relationship 

with PM2.5 concentration, suggesting that elevated wind speeds may contribute to the regional dispersion and movement of pollutants 

originating outside the study area. Conversely, relative humidity showed a positive contribution during elevated concentration periods, 

which is consistent with humidity-induced particle growth and secondary aerosol formation. Rainfall contributed to pollutant reduction 

through wet scavenging processes, although its influence depended on event intensity and temporal occurrence. 
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The interpretability analysis indicates that the proposed framework captures meaningful relationships between traffic activity, atmospheric 

conditions, and historical pollutant patterns rather than relying solely on pollutant observations. The consistency between the model-derived 

feature importance and established relationships between meteorological conditions, traffic activity, and urban air pollution supports the 

interpretability of the framework for environmental monitoring and decision-support applications [36][27][5]. 

4.5. Temporal Prediction Analysis and Forecasting Capability 
To assess how well the proposed framework captures temporal air-quality dynamics, predicted and observed PM2.5 concentrations were 

compared across a continuous testing period. Fig 4 presents the temporal trajectory of actual and predicted PM2.5 values over a 

representative 14-day period from the independent test dataset. 

 

Fig 4. Temporal trajectory contrasting observed against predicted PM2.5 concentrations across the testing period. 

 

As shown in Fig 4, the proposed framework for short-term forecasting (t + 1) closely follows the observed PM2.5 variation patterns, 

capturing both regular diurnal cycles and short-term concentration increases. The model successfully represents higher pollution levels 

during morning and evening activity periods—notably tracking peak concentrations exceeding 80 µg/m³ on November 2, 11, and 14, as 

well as low-concentration periods such as November 6. The close agreement between observed and predicted trajectories indicates that 

integrating mobility, climate, temporal, and historical air-quality information allow the model to effectively track short-term changes in 

pollutant behavior. 

The forecasting capability was further evaluated across multiple prediction horizons, including one-hour, three-hour, six-hour, and twelve-

hour ahead forecasting. The model achieved its highest accuracy for the one-hour prediction horizon (t + 1) shown in Fig 4, reaching an R² 

of 0.912 and an RMSE of 5.84 µg/m³. Prediction performance gradually decreased as the forecasting horizon increased, reaching an R² of 

0.745 for the twelve-hour horizon. This reduction is expected, as longer forecasting intervals introduce greater uncertainty associated with 

changing traffic conditions, meteorological variability, and atmospheric processes. 

The framework maintained reliable prediction performance during high-activity periods, indicating that mobility-related variables provide 

valuable information for representing short-term variations in urban air quality [27][30]. However, larger prediction deviations were 

observed under changing meteorological conditions, particularly during rainfall events that can rapidly reduce particulate concentrations 

through wet deposition [36][6]. Together, these findings suggest that the proposed framework performs well for short-term urban air-

quality forecasting, while continuous integration of real-time meteorological inputs may further enhance prediction reliability under rapidly 

changing environmental conditions. 

5. Conclusion  

This study developed an Urban Environmental Intelligence Framework for urban air-quality prediction by integrating multi-source 

mobility, climate, spatial, temporal, and historical air-quality information within a unified machine-learning approach. The proposed multi-

source XGBoost model demonstrated superior predictive performance compared with Single-Source XGBoost, Random Forest, and LSTM 

models, achieving reliable prediction accuracy for PM2.5 and other air-quality indicators in a secondary urban environment. The results 

confirmed that combining traffic-related mobility patterns with meteorological conditions and urban contextual information provide 

complementary insights for capturing complex pollutant dynamics. Ablation and interpretability analyses further showed that temporal 

patterns, traffic intensity, historical pollutant levels, and climate variables were key contributors to prediction performance. By providing 

short-term forecasting, pollution hotspot identification, and environmental risk information, the framework contributes practical value to 

urban environmental monitoring and evidence-based decision-making efforts. Directions for future work include expanding spatial 

coverage, incorporating real-time sensor networks, and evaluating the framework across multiple secondary cities with different 

environmental and urban characteristics. 
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