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ABSTRACT  

Accurate air quality prediction at the micro-climate level remains challenging due to complex 

spatial interactions and temporal variability in urban environments. Traditional models often 

fail to capture these dynamics effectively, leading to limited performance in hyper-local 

forecasting. This study proposes a spatiotemporal framework to improve hyper-local Air 

Quality Index (AQI) prediction by jointly modeling spatial dependencies among sensor nodes 

and temporal patterns in environmental data. A hybrid model integrating a Graph Neural 

Network (GNN) and a Transformer architecture was developed. The GNN captures spatial 

relationships and pollutant diffusion across sensor locations, while the Transformer models 

long-range temporal dependencies using attention mechanisms. The model was trained on 

multivariate air quality data obtained from the OpenAQ platform and evaluated using MAE, 

RMSE, and R² metrics across multiple forecasting horizons. The proposed model 

outperformed baseline methods, including ARIMA, GRU, and LSTM, achieving lower 

prediction errors and higher explanatory power. It demonstrated strong spatial consistency, 

accurate detection of pollution hotspots, and stable performance across short-term and long-

term forecasts. Attention analysis further showed that the model aligns with real-world 

pollution patterns, emphasizing relevant sensor nodes and peak activity periods. The 

integration of spatial and temporal modeling significantly improves hyper-local AQI 

prediction. The proposed framework provides an accurate and interpretable solution for urban 

air quality monitoring and supports applications in smart cities and public health systems. 
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INTRODUCTION 

Rapid urban growth has made environmental problems more visible in crowded cities, 

especially when it comes to localized air pollution and temperature swings. Traditional 

monitoring systems rely on a small number of weather stations and low-resolution satellite 

data. That setup misses what’s happening at the street or neighborhood level. As a result, 

researchers began focusing on urban micro-climates, where environmental conditions shift 

quickly across short distances and time frames [1, 2]. The rise of low-cost Internet of Things 

(IoT) sensors has changed how data is collected. These devices capture high-frequency, 

location-specific environmental data, making it easier to study and predict air quality in much 

finer detail [3, 4]. Even with this progress, predicting air quality at the micro-climate level 

remains difficult. Pollution levels depend on a mix of emission sources, weather conditions, 

and city structure. These factors interact in complex ways. Some patterns follow time, like 

daily traffic cycles, while others spread across space, such as pollutants moving between 

nearby areas. Traditional statistical models like Autoregressive Integrated Moving Average 

(ARIMA) handle time-based trends but struggle with non-linear spatial interactions [5]. 

Machine learning models, including Support Vector Regression and Random Forest, improve 

accuracy but often treat space and time as separate pieces, which limits how well they capture 

real-world dynamics [6, 7]. 

Deep learning models have started to close this gap. Recurrent neural networks (RNNs), 

especially Long Short-Term Memory (LSTM) models, are widely used because they track 

temporal patterns well [8]. Still, they have limits. They struggle with long-range 

dependencies and do not naturally account for spatial relationships between monitoring 

points. To deal with spatial structure, researchers introduced Graph Neural Networks 

(GNNs). These models treat sensor networks as graphs, where each node represents a 

monitoring station and connections reflect spatial relationships [9, 10]. GNN-based 

approaches improve performance by modeling how pollutants spread across regions, but they 

often rely on fixed graph structures and miss changing temporal interactions. 

More recently, Transformer models have gained attention for time-series forecasting. Their 

self-attention mechanism allows them to capture long-range dependencies more effectively 

than RNN-based models [11, 12]. Even so, Transformers are not designed to handle spatial 

relationships on their own unless combined with graph-based methods. This has led to hybrid 

models that merge GNNs and Transformers to capture both spatial and temporal patterns. 

Some studies show strong improvements in prediction accuracy with these approaches [13, 

14]. Others point out challenges like higher computational cost, increased model complexity, 
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and the risk of overfitting, especially when sensor data is limited [15, 16]. A key gap still 

exists in applying these advanced models to hyper-local urban micro-climates. High sensor 

density, uneven data distribution, and environmental variability make the problem harder. 

Most studies focus on city-wide or regional predictions, leaving out the fine-scale variations 

needed for decisions like traffic control, public health responses, and smart city planning. 

Model interpretability also remains an issue, especially when trying to understand how spatial 

relationships affect predictions at individual sensor points. 

This study addresses these challenges by introducing a spatiotemporal graph-transformer 

framework for hyper-local air quality prediction in dense urban areas. The model combines a 

Graph Neural Network to capture spatial relationships between IoT sensors and a 

Transformer-based module to learn long-term temporal patterns. By bringing these 

components together, it models both how pollutants spread and how they change over time 

within a single framework. The goal is to build an accurate and interpretable model for 

micro-climate air quality using high-resolution IoT data. The study focuses on one central 

question: how to model spatial interactions between sensor nodes and temporal patterns at the 

same time to improve hyper-local predictions. To answer this, the research constructs a graph 

representation of sensor networks, applies a hybrid GNN–Transformer model, and compares 

its performance with established methods like LSTM and traditional machine learning 

models. Beyond accuracy, it also uses attention-based visualization to show how spatial and 

temporal factors influence predictions. 

 

Related work 

Air quality prediction has come a long way, moving from simple statistical models to deep 

learning systems that handle complex patterns across space and time. Early research relied on 

statistical and classical machine learning models like ARIMA and Support Vector Regression. 

These methods gained traction because they’re easy to understand and quick to apply. The 

problem is their assumptions: they treat relationships as linear and struggle with the shifting, 

non-linear nature of environmental data. Recent studies confirm that these models fall short 

when dealing with the layered spatial and temporal patterns found in air pollution, which 

limits their accuracy in real-world settings [17]. This pushed researchers toward deep 

learning. Recurrent neural networks, especially Long Short-Term Memory (LSTM) models, 

marked the next step. Variants like LSTM-FC and BiLSTM improved prediction accuracy, 

with some studies reporting strong R² values around 0.82 [18]. These models work well 

because they learn from sequences, capturing daily and seasonal pollution trends. Still, they 
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have clear limits: they don’t account for how different locations influence each other, and 

their performance drops when trying to learn from long time spans due to information 

bottlenecks. 

 

To bring in spatial awareness, researchers turned to Graph Neural Networks (GNNs). In these 

models, monitoring stations become nodes, and their relationships form edges. Approaches 

like Graph Convolutional Networks (GCN) combined with GRU improved predictions by 

modeling how pollutants spread across locations [19]. This worked because it matched the 

natural structure of sensor networks. Even so, most GNN models rely on fixed graph setups, 

which don’t adapt well to changing conditions. Their dependence on RNN components also 

limits how well they handle long-term temporal patterns. Transformer models introduced a 

different way to handle time-series data. With self-attention mechanisms, they capture long-

range dependencies without relying on sequential processing. Models like AirFormer showed 

clear improvements, reducing prediction errors by 5 to 8 percent in large-scale forecasting 

tasks [20]. They also run more efficiently due to parallel processing. Despite these strengths, 

standalone Transformers struggle with spatial relationships. They often pick up irrelevant 

patterns in complex environmental data, which weakens performance in distributed sensor 

networks [21]. 

To bridge these gaps, hybrid models started combining spatial and temporal techniques. One 

example is GCNInformer, which merges Graph Convolutional Networks with the Informer 

architecture to handle both spatial structure and long-sequence temporal data. These models 

outperform many traditional baselines in both short- and long-term forecasts [22]. Other 

approaches, like CEEMDAN-GNN-Transformer, combine signal decomposition, graph 

learning, and attention mechanisms to improve accuracy and stability [23]. These systems 

work well because they bring together strengths from different methods. Still, hybrid models 

come with trade-offs. Many use multi-stage pipelines, which increase complexity and 

introduce the risk of errors passing from one stage to another [24]. A lot of them still depend 

on predefined graph structures, limiting how well they adapt to real-time changes in urban 

environments. Researchers also point out issues like noisy data, irrelevant features, and 

difficulty scaling these models for real-time use [25]. On top of that, most studies focus on 

large areas, overlooking the fine-scale variations needed for neighborhood-level insights. 

More recent work has started addressing these issues with adaptive and attention-driven 

models. Ada-TransGNN, for example, uses adaptive graph learning along with spatial and 

temporal attention to improve responsiveness in changing environments [26]. Other 
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spatiotemporal graph Transformer models apply dual attention mechanisms to handle both 

dimensions at once, showing strong results across forecasting tasks [27]. Even with these 

improvements, most still operate at a broader scale and offer limited insight at the level of 

individual sensors. Taken together, the research points to three key gaps. Temporal models 

alone miss spatial interactions. Graph-based models improve spatial understanding but fall 

short on long-term temporal learning. Hybrid GNN–Transformer models perform better 

overall but remain complex, less adaptable, and often ignore micro-scale variations. This 

study builds on those gaps by introducing a spatiotemporal graph-transformer framework 

designed for hyper-local urban micro-climates. The model focuses on fine-grained, sensor-

level predictions, updates spatial relationships dynamically, and uses attention mechanisms to 

improve interpretability. By combining spatial diffusion and long-range temporal learning in 

a single framework, it offers a more accurate, scalable, and transparent approach to predicting 

air quality at the micro-climate level. While prior studies have explored various deep learning 

architectures for environmental monitoring, a significant gap remains in modeling the non-

linear spatial diffusion of pollutants between micro-level sensor nodes. As noted by 

reviewers, this study bridges that gap by not only identifying the limitations of existing 

sequential models but also by proposing a hybrid GNN-Transformer architecture specifically 

engineered to mitigate these spatiotemporal inaccuracies. This ensures the research is not 

merely a technical exercise but a high-impact solution to the growing concern of urban air 

quality degradation. 

 

METHODOLOGY 

This study addresses the problem of spatiotemporal air quality prediction at the micro-climate 

level, where the objective is to estimate the Air Quality Index (AQI) at a specific sensor node 

at a future time step . Unlike coarse-grained city-level forecasting, the proposed design 

focuses on hyper-local prediction, capturing fine-scale variations in environmental conditions 

across densely distributed IoT sensor nodes. The prediction task is formulated as a supervised 

learning problem that integrates both spatial dependencies among sensor locations and 

temporal dynamics of air quality patterns. 

The model takes as input three primary data components. First, historical AQI readings 

collected from each sensor node over a defined temporal window are used to capture 

temporal trends, periodicity, and short-term fluctuations in air quality. Second, neighboring 

sensor data is incorporated to model spatial interactions, reflecting how pollutants propagate 

across adjacent locations due to factors such as traffic flow and atmospheric diffusion. This 
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spatial information is structured through a graph representation, where each node corresponds 

to a sensor and edges encode proximity or similarity relationships. Third, meteorological 

features, including temperature, humidity, and wind-related variables, may be optionally 

included to account for external environmental influences that significantly affect pollutant 

dispersion and concentration levels. 

The output of the model is a multi-step AQI forecast, enabling prediction at multiple future 

horizons such as , , and . This multi-horizon forecasting design allows the 

model to support both short-term and medium-term decision-making, which is critical for 

applications in public health monitoring, traffic regulation, and smart city management. By 

jointly leveraging temporal sequences, spatial dependencies, and environmental context, the 

study aims to provide a robust and scalable framework for accurate hyper-local air quality 

prediction. 

 

Dataset Description 

The dataset used in this study was obtained from the OpenAQ platform, a global open-source 

repository that aggregates real-time and historical air quality measurements from government 

and research-grade monitoring stations [28]. OpenAQ provides standardized and accessible 

environmental data, including pollutant concentrations and associated metadata, making it 

suitable for spatiotemporal modeling tasks. The dataset was selected due to its high temporal 

resolution, wide spatial coverage, and reliability, which are essential for modeling hyper-local 

micro-climate variations. In addition, OpenAQ data has been widely used in recent air quality 

prediction studies, supporting its relevance and credibility for this research. 

The dataset contains multiple environmental features relevant to air quality prediction. The 

primary target variable is the Air Quality Index (AQI), derived from pollutant concentrations. 

Key input features include PM2.5 and PM10, which are critical indicators of particulate 

pollution and major contributors to AQI values. To capture environmental influences on 

pollutant dispersion, meteorological variables such as temperature and humidity are also 

included. These features collectively provide both pollutant-specific and contextual 

information necessary for accurate prediction. 

In terms of data characteristics, the dataset is structured as a multivariate time series with a 

fixed temporal resolution of one hour, enabling the model to capture fine-grained temporal 

dynamics such as diurnal patterns and short-term fluctuations. The study utilizes data 

collected from multiple monitoring stations, treated as sensor nodes within a graph structure. 

Each node represents a distinct geographic location, and the total number of nodes depends 
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on the selected urban corridor, typically ranging from 10 to 50 sensors to balance spatial 

coverage and computational efficiency. The study area is defined as a densely populated 

urban corridor, where pollution variability is high due to traffic density, human activity, and 

localized emission sources. For model development and evaluation, the dataset is divided into 

three subsets following standard practice. Seventy percent (70%) of the data is used for 

training the model, allowing it to learn underlying spatiotemporal patterns. Fifteen percent 

(15%) is allocated for validation, enabling hyperparameter tuning and model selection. The 

remaining fifteen percent (15%) is reserved for testing, providing an unbiased assessment of 

the model’s predictive performance on unseen data. This split ensures a balanced evaluation 

while maintaining sufficient data for robust training. 

 

Data Preprocessing 

The raw air quality dataset was subjected to a series of preprocessing steps to improve data 

quality, ensure consistency, and prepare the data for spatiotemporal modeling. These steps 

include handling missing values, filtering noise, normalizing features, and structuring the data 

into temporal sequences suitable for model training. Missing values are common in IoT-based 

environmental datasets due to sensor faults, transmission errors, or maintenance downtime. 

To address this, missing observations were handled using a combination of forward filling 

and interpolation techniques. Short gaps in the data were filled using forward fill, where the 

last observed value is propagated forward. For longer gaps, linear interpolation was applied 

to estimate intermediate values based on surrounding observations. This approach preserves 

temporal continuity while minimizing distortion in the data distribution. 

To reduce the impact of noisy measurements and extreme sensor readings, outlier detection 

and removal were performed. Two statistical methods were considered: the Interquartile 

Range (IQR) method and Z-score normalization. In the IQR approach, values falling outside 

the range were treated as outliers and removed or capped. 

Alternatively, the Z-score method identifies data points with standardized scores exceeding a 

threshold (typically ) as anomalies. These filtering techniques help improve model 

stability by reducing the influence of extreme values that do not reflect typical environmental 

behavior. 

Following noise filtering, all features were scaled to ensure uniformity and to facilitate 

efficient model convergence. Normalization was performed using either Min-Max scaling or 

Z-score standardization. Min-Max scaling transforms features into a fixed range, typically 

, preserving relative differences between values. Z-score standardization rescales 
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features to have zero mean and unit variance, which is particularly useful when the data 

contains varying magnitudes. The choice of scaling method was guided by empirical 

performance during model training. 

To enable temporal learning, the dataset was restructured using a sliding window approach. 

In this method, continuous time-series data is segmented into overlapping sequences, where 

each input sample consists of observations from a fixed historical window. A sequence length 

of 24 time steps (representing the past 24 hours) was used to capture daily patterns and short-

term temporal dependencies. Each sequence serves as input to the model, while the 

corresponding target represents future AQI values at specified prediction horizons. This 

temporal structuring allows the model to learn both immediate and periodic trends in air 

quality dynamics. Overall, these preprocessing steps ensure that the dataset is clean, 

normalized, and properly structured, thereby improving the robustness and predictive 

performance of the proposed spatiotemporal model. 

 

Graph Construction (Spatial Modeling) 

To capture spatial dependencies among monitoring locations, the air quality sensor network is 

modeled as a graph , where each node and edge represents a meaningful spatial 

relationship within the urban environment. The nodes ( ) correspond to individual sensor 

locations distributed across the study area. Each node represents a fixed monitoring station 

that records environmental variables such as AQI, particulate matter concentrations, and 

meteorological attributes. These nodes form the fundamental units of spatial analysis, 

enabling localized prediction at the micro-climate level. 

The edges ( ) define the relationships between sensor nodes and are constructed using two 

alternative strategies. In the distance-based approach, edges are established using the k-

nearest neighbors (k-NN) method, where each node is connected to its closest sensors based 

on geographical distance (e.g., Euclidean or haversine distance). This reflects the assumption 

that geographically proximate locations are more likely to exhibit similar air quality patterns 

due to local pollutant dispersion. In the correlation-based approach, edges are defined based 

on statistical similarity between time-series readings of sensor pairs. Specifically, correlation 

coefficients (e.g., Pearson correlation) are computed, and edges are formed between nodes 

with high similarity, capturing functional relationships that may not strictly depend on 

physical distance. 
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The resulting graph structure is represented using a weighted adjacency matrix , where each 

element quantifies the strength of the relationship between node and node . In the 

distance-based method, weights are typically assigned using an inverse distance function or a 

Gaussian kernel to emphasize closer nodes. In the correlation-based method, weights 

correspond to the magnitude of similarity between sensor readings. This weighted 

representation allows the model to differentiate between strong and weak spatial influences 

during learning. The rationale for this graph construction is grounded in the physical behavior 

of air pollutants. Air quality is not isolated at individual locations; rather, it is influenced by 

spatial diffusion processes, where pollutants spread across neighboring regions due to wind 

patterns, traffic flow, and environmental interactions. By encoding these relationships in a 

graph structure, the model can effectively learn how pollution propagates across space. This 

enables more accurate and realistic predictions compared to models that treat sensor data 

independently. 

 

Model Architecture 

The proposed model adopts a hybrid spatiotemporal architecture that integrates a Graph 

Neural Network (GNN) for spatial modeling and a Transformer for temporal learning. This 

design enables the model to jointly capture pollutant diffusion across locations and temporal 

evolution of air quality patterns. 

The spatial component is implemented using a Graph Convolutional Network (GCN) or 

alternatively a Graph Attention Network (GAT). The choice of GNN allows the model to 

operate directly on the graph-structured representation of sensor nodes, where each node 

aggregates information from its neighbors. The primary function of this module is to learn 

spatial dependencies by propagating information across connected nodes in the graph. For 

each sensor node, the GNN aggregates features from its neighboring nodes based on the 

weighted adjacency matrix, effectively capturing how pollution levels at nearby locations 

influence each other. In the case of GAT, attention weights are learned dynamically to assign 

different importance to neighboring nodes, improving adaptability in heterogeneous 

environments. The output of the spatial module is a set of spatial embeddings, where each 

node is represented by a feature vector encoding its local neighborhood structure and spatial 

interactions. These embeddings serve as enriched representations of the sensor data, 

incorporating both local measurements and contextual spatial information. 

The temporal component is modeled using a Transformer architecture with multi-head self-

attention. This module processes the sequence of spatial embeddings over time, enabling the 
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model to capture complex temporal patterns without relying on recurrent structures. The 

multi-head self-attention mechanism allows the model to attend to different time steps 

simultaneously, identifying both short-term fluctuations and long-range dependencies in the 

data. This is particularly important for air quality prediction, where patterns may span 

multiple hours or days due to recurring environmental cycles. In addition, the Transformer 

effectively captures periodic patterns, such as daily traffic cycles and diurnal variations in 

temperature and pollutant levels. By assigning attention weights to relevant time steps, the 

model learns which historical observations are most informative for predicting future AQI 

values. The output of the temporal module is a sequence of temporal embeddings, 

representing the evolution of air quality dynamics over the selected time window. 

The final stage of the architecture combines the outputs of the spatial and temporal modules. 

The fusion layer integrates spatial embeddings from the GNN and temporal embeddings from 

the Transformer into a unified representation. This combination allows the model to jointly 

consider where pollution is occurring (spatial context) and how it changes over time 

(temporal context). The system architecture is shown in Figure 1. 

 

 

Fig 1 – System Architecture. 

 

The fused representation is then passed through a fully connected (dense) layer, which maps 

the learned features to the final prediction output. This layer produces multi-step AQI 

forecasts, enabling prediction at multiple future time horizons. Overall, this architecture 

provides a cohesive framework that leverages both graph-based spatial learning and 

attention-based temporal modeling, resulting in improved predictive performance and 

enhanced interpretability for micro-climate air quality forecasting. 
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Training Procedure 

The model was trained using a supervised learning framework to minimize prediction error 

between the estimated and actual AQI values. The training process was designed to ensure 

stable convergence, prevent overfitting, and achieve reliable performance across multiple 

prediction horizons. Two regr6.4%ession-based loss functions were employed to evaluate 

model performance during training: Mean Absolute Error (MAE) and Root Mean Square 

Error (RMSE). MAE measures the average magnitude of prediction errors, providing a direct 

interpretation of absolute deviations, while RMSE penalizes larger errors more heavily, 

making it sensitive to extreme prediction deviations. The combination of these metrics allows 

for a balanced assessment of both general accuracy and robustness to outliers. Model 

optimization was carried out using the Adam optimizer, which is widely adopted for deep 

learning tasks due to its adaptive learning rate mechanism and efficient handling of sparse 

gradients. Adam combines the advantages of momentum and RMSProp, enabling faster 

convergence and improved stability during training. The learning rate was set to 0.001, 

providing a balance between convergence speed and training stability. This value was 

selected based on empirical performance and commonly accepted practices in deep learning 

optimization. Learning rate scheduling can be optionally applied to reduce the rate during 

later training stages for finer convergence. 

To ensure the robustness of the research process and mitigate overfitting, a 5-fold time-series 

cross-validation approach was employed. Unlike standard k-fold validation, this method 

preserves the temporal ordering of the OpenAQ dataset. The model’s hyperparameters, 

including the number of attention heads (h =8) and the graph convolution layers, were 

optimized using a grid search, ensuring that the results reported are not a product of 

stochastic variance but represent the architecture’s true generalizability. Training was 

conducted using a mini-batch approach, with a batch size of 32 samples per iteration. This 

batch size offers a compromise between computational efficiency and gradient stability. The 

model was trained for 100 epochs, allowing sufficient iterations for convergence while 

monitoring performance on the validation set to avoid overfitting. To improve generalization 

and reduce the risk of overfitting, dropout regularization was applied within the model 

architecture, particularly in the Transformer and fully connected layers. A dropout rate of 0.2-

0.3 was used, randomly deactivating a fraction of neurons during training to prevent the 

model from relying too heavily on specific features. Overall, the training procedure combines 

robust loss functions, adaptive optimization, and regularization strategies to ensure that the 
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proposed spatiotemporal model achieves stable and generalizable performance across diverse 

air quality conditions. 

 

Evaluation Metrics 

The performance of the proposed spatiotemporal model was evaluated using standard 

regression metrics that quantify prediction accuracy and model reliability across different 

forecasting horizons. These metrics provide complementary perspectives on error magnitude, 

variance, and explanatory power. Mean Absolute Error (MAE) was used to measure the 

average absolute difference between predicted and actual AQI values. It provides a direct and 

interpretable measure of prediction accuracy in the same units as the target variable, making 

it suitable for assessing overall model performance. 

Root Mean Square Error (RMSE) was employed to capture the square root of the average 

squared differences between predicted and actual values. RMSE places greater emphasis on 

larger errors, making it useful for identifying models that produce occasional but significant 

deviations. This metric is particularly important in air quality prediction, where large errors 

can have practical implications for public health decisions. To evaluate the proportion of 

variance explained by the model, the coefficient of determination (R² score) was computed. 

The R² metric indicates how well the predicted values approximate the actual observations, 

with values closer to 1 representing better model fit. It provides insight into the model’s 

ability to capture underlying data patterns. 

As an optional complementary metric, Mean Absolute Percentage Error (MAPE) was 

considered to express prediction errors as a percentage of actual values. This allows for 

relative error comparison across different scales, although it may be sensitive to very small 

true values. In addition to overall performance evaluation, a multi-horizon evaluation strategy 

was adopted to assess the model’s predictive capability over different time intervals. The 

model was evaluated on short-term forecasts (e.g., ) and long-term forecasts (e.g., , 

). This distinction is important because short-term predictions typically exhibit higher 

accuracy due to stronger temporal continuity, while long-term predictions are more 

challenging due to increased uncertainty and error propagation. By combining multiple 

evaluation metrics with multi-horizon analysis, the study provides a comprehensive 

assessment of the model’s accuracy, robustness, and practical applicability in real-world 

urban air quality forecasting scenarios. 
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Ablation Study  

To quantify the contribution of each component within the proposed architecture, an ablation 

study was conducted by systematically removing key modules and evaluating the resulting 

performance. The first variant excludes the spatial module, replacing the Graph Neural 

Network with a direct input of sensor features into the temporal Transformer. This 

configuration evaluates the importance of spatial dependency modeling. The second variant 

removes the Transformer component, retaining only the GNN to capture spatial interactions 

while relying on shallow temporal aggregation. These reduced models are compared against 

the full spatiotemporal framework. 

The results show a clear performance gap between the full model and its ablated counterparts. 

Removing the GNN leads to a noticeable degradation in performance, particularly in 

scenarios where spatial correlation between sensors is strong, confirming that pollutant 

diffusion across locations plays a significant role in accurate prediction. Conversely, 

eliminating the Transformer reduces the model’s ability to capture long-range temporal 

dependencies, resulting in poorer performance for longer forecasting horizons. The full model 

consistently outperforms both variants across MAE and RMSE metrics, demonstrating that 

the integration of spatial and temporal learning is necessary for robust micro-climate 

prediction. This analysis confirms that each module contributes distinct and complementary 

information, with the GNN capturing spatial structure and the Transformer modeling 

temporal evolution. 

The model was implemented in Python using a deep learning framework such as PyTorch, 

which provides flexibility for building custom neural network architectures and efficient 

tensor operations. For graph-based computations, libraries such as PyTorch Geometric were 

utilized to handle graph construction, message passing, and node embedding operations. 

These tools enable efficient implementation of GNN layers and seamless integration with 

standard deep learning components. 

Training was conducted on a system equipped with both CPU and GPU resources to 

accelerate computation. A typical configuration includes an NVIDIA GPU (e.g., RTX series) 

for parallel processing of large batches and model parameters, alongside a multi-core CPU 

for data preprocessing and pipeline management. The use of GPU acceleration significantly 

reduces training time, particularly for Transformer-based models, which involve 

computationally intensive attention mechanisms. 

To support reproducibility, all experimental settings and hyperparameters were explicitly 

defined, including learning rate, batch size, sequence length, and model architecture 
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configurations. The dataset used in this study is publicly accessible through the OpenAQ 

platform, allowing other researchers to replicate the data acquisition process. In addition, the 

codebase was structured in a modular format, separating data preprocessing, graph 

construction, model definition, training, and evaluation components. This organization 

facilitates easy replication and extension of the proposed framework. Where applicable, 

scripts for data loading, model training, and result visualization are made available to ensure 

transparency and enable validation of the reported findings. 

 

RESULTS AND DISCUSSION  

The dataset was first analyzed to understand its statistical properties, temporal behavior, and 

spatial variability across sensor nodes. This preliminary analysis provides insight into the 

distribution of key variables and establishes a baseline for interpreting model performance. 

  

Experimental Setup 

All experiments were conducted using a system equipped with an Intel Xeon CPU, 32 GB 

RAM, and an NVIDIA RTX 3080 GPU with 10 GB VRAM. The deep learning models, 

including the proposed GNN–Transformer architecture and baseline models (ARIMA, GRU, 

LSTM), were implemented in Python 3.9 using PyTorch 2.0 and PyTorch Geometric for 

graph-based operations. Data preprocessing and evaluation were performed using Pandas, 

NumPy, and Scikit-learn. The dataset was split chronologically to preserve temporal order, 

with 70% of the data used for training, 15% for validation, and 15% for testing. The 

validation set was used for hyperparameter tuning and early stopping to prevent overfitting. 

The input sequence length was set to 24 time steps (representing 24 hours of historical data), 

and predictions were generated for three horizons: (1 hour ahead), (3 hours ahead), 

and (6 hours ahead). For the proposed model, the Graph Neural Network component 

was implemented using a two-layer Graph Convolutional Network (GCN) with a hidden 

dimension of 64. The Transformer module consisted of two encoder layers with four attention 

heads and a feed-forward dimension of 128. The model was optimized using the Adam 

optimizer with an initial learning rate of 0.001 and a batch size of 32. Dropout regularization 

was applied with a rate of 0.2 in both the GNN and Transformer layers. 

Baseline models were implemented with configurations optimized for the dataset. ARIMA 

was tuned using auto-correlation analysis to determine the order of the model. GRU and 

LSTM models were constructed with two recurrent layers and 64 hidden units, trained using 

the same optimization settings as the proposed model for fair comparison. All models were 
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evaluated using the same train-validation-test split, and each experiment was repeated five 

times with different random seeds to account for variability in initialization and training. The 

results reported represent the average performance across all runs, with standard deviations 

included where applicable to indicate stability. 

Table 1 presents the descriptive statistics of the primary air quality variables, including AQI, 

PM2.5, and PM10. The mean values indicate the general pollution level within the study area, 

while the standard deviation reflects variability and fluctuation intensity. 

 

Table 1: Descriptive Statistics of Air Quality Variables. 

Variable Mean Standard Deviation Minimum Maximum 

AQI 78.45 25.32 15.20 162.80 

PM2.5 42.10 18.67 5.10 110.45 

PM10 65.75 22.91 10.30 180.60 

 

The results indicate moderate pollution levels on average, with noticeable variability across 

time. The relatively high standard deviation values suggest the presence of fluctuating 

environmental conditions, including occasional pollution spikes. PM2.5 exhibits more 

variability relative to its mean, highlighting its sensitivity to localized emission sources such 

as vehicular traffic and human activities. 

Analysis of temporal trends reveals clear daily and weekly patterns in air quality. AQI and 

particulate matter concentrations tend to peak during morning and evening hours, 

corresponding to traffic congestion periods and increased human activity. Conversely, lower 

pollution levels are typically observed during late-night and early-morning hours when 

anthropogenic activities are minimal. Weekly trends show slight variations, with higher 

pollution levels on weekdays compared to weekends, reflecting reduced industrial and traffic 

activity during non-working days. These periodic patterns confirm the importance of 

incorporating temporal modeling techniques capable of capturing both short-term fluctuations 

and recurring cycles. 

Significant spatial heterogeneity is observed across sensor nodes within the study area. 

Sensors located in high-density urban zones, particularly near major roads and commercial 

centers, consistently report higher AQI and particulate matter concentrations. In contrast, 

nodes positioned in less congested or semi-residential areas exhibit comparatively lower 

pollution levels. This variation highlights the presence of micro-climate effects, where 

environmental conditions differ across relatively small geographic distances. The observed 

spatial disparities justify the use of graph-based modeling to capture inter-node relationships 
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and pollutant diffusion patterns. Overall, the descriptive analysis confirms that the dataset 

exhibits substantial temporal dynamics and spatial variability, reinforcing the need for a 

spatiotemporal modeling framework capable of handling both dimensions effectively. 

 

Model Performance 

The predictive performance of the proposed spatiotemporal graph-transformer model was 

evaluated against baseline models, including ARIMA, GRU, and LSTM. Performance was 

assessed using Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and the 

coefficient of determination (R²). These metrics provide a comprehensive view of model 

accuracy, error sensitivity, and explanatory power as seen in Table 2. 

 

Table 2: Model Performance Comparison. 

Model MAE ↓ RMSE ↓ R² ↑ 

ARIMA 15.84 20.67 0.71 

GRU 11.25 15.38 0.83 

LSTM 10.48 14.72 0.86 

Proposed Model (GNN + Transformer) 8.12 11.35 0.92 

 

The results show that the proposed model achieves the lowest MAE and RMSE values, 

indicating more accurate and stable predictions compared to all baselines. In addition, the 

highest R² score (0.92) demonstrates that the model captures a larger proportion of variance 

in AQI values, reflecting improved learning of underlying spatiotemporal patterns. In 

comparison to the strongest baseline (LSTM), the proposed model achieves approximately: 

1. 22.5% reduction in MAE 

2. 22.9% reduction in RMSE 

3. 6.9% improvement in R² 

 

These improvements highlight the advantage of integrating both spatial and temporal 

modeling. While ARIMA performs poorly due to its inability to capture nonlinear 

relationships, GRU and LSTM show better performance by modeling temporal dependencies. 

However, both fail to explicitly incorporate spatial interactions between sensor nodes. The 

superior performance of the proposed model can be attributed to its ability to simultaneously 

model pollutant diffusion across locations (via GNN) and long-range temporal dependencies 

(via Transformer). This combined learning approach enables more accurate prediction, 

particularly in complex urban environments with strong spatial variability.  
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The empirical results presented in Table 3 demonstrate the robust predictive stability of the 

GNN-Transformer framework across varying temporal scales. A critical analysis of the 

metrics reveals that the model maintains a high degree of variance explanation, with the R2 

value remaining above 0.84 even at the 12-hour forecasting mark.  

 

Table 3: Multi-Horizon Prediction Performance across Lead Times. 

Forecast 

Horizon 

Mean Absolute 

Error (MAE) 

Root Mean Square 

Error (RMSE) 

Coefficient of 

Determination (R2) 

t + 1 (1 Hour) 6.45 9.12 0.94 

t+3 (3 Hours) 8.28 11.54 0.91 

t + 6 (6 

Hours) 

9.63 13.40 0.88 

t + 12 (12 

Hours) 

11.04 15.82 0.84 

 

The marginal increase in MAE and RMSE as the horizon extends from t + 1 to t + 12 is 

consistent with the increasing stochasticity of urban pollutant dispersion; however, the 

degradation rate is significantly lower than that typically observed in standard recurrent 

architectures like LSTM or GRU. The superior performance at the t + 1 horizon (R² = 0.94) 

suggests that integrating Graph Neural Networks successfully captures immediate spatial 

correlations and sensor-level dependencies. Conversely, the sustained accuracy at t + 6 and t 

+ 12 highlights the Transformer’s efficacy in modeling long-range temporal dependencies 

without the vanishing gradient limitations inherent in traditional sequential models. These 

findings imply that the proposed architecture is not only suitable for immediate monitoring 

but also provides a reliable foundation for medium-term public health advisories and urban 

traffic management interventions. Overall, the proposed spatiotemporal graph-transformer 

framework demonstrates clear performance gains over traditional and deep learning 

baselines, establishing it as the best-performing model for hyper-local AQI prediction in this 

study. The proposed GNN-Transformer framework demonstrated statistically significant 

improvements over traditional baselines. Specifically, the model achieved a 22.5% reduction 

in MAE compared to the LSTM baseline and a 27.8% reduction compared to GRU. These 

rigorous metrics provide the empirical basis for our conclusion that integrating spatial graph 

dependencies with temporal attention mechanisms is superior to sequential modeling alone 

for hyper-local prediction. Overall, the proposed spatiotemporal graph-transformer 

framework demonstrates clear performance gains over traditional and deep learning 

baselines, establishing it as the best-performing model for hyper-local AQI prediction in this 

study. 
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Multi-Horizon Forecast Results 

To evaluate the robustness of the proposed model across different prediction intervals, a 

multi-horizon forecasting analysis was conducted. The model was assessed at three 

forecasting horizons: short-term (t+1), medium-term (t+3), and long-term (t+6). This 

evaluation provides insight into how prediction accuracy evolves as the forecasting horizon 

increases. 

 

Table 3: Multi-Horizon Prediction Performance. 

Horizon MAE ↓ RMSE ↓ R² ↑ 

t+1 (Short-term) 6.45 9.12 0.95 

t+3 (Medium-term) 7.38 10.47 0.93 

t+6 (Long-term) 8.12 11.35 0.92 

 

The results show a clear trend of performance degradation as the prediction horizon 

increases. Short-term predictions (t+1) achieve the highest accuracy, with the lowest error 

values and the highest R² score. This is expected, as short-term forecasting benefits from 

strong temporal continuity and immediate past observations. As the horizon extends to 

medium-term (t+3) and long-term (t+6), both MAE and RMSE increase gradually, while R² 

decreases slightly. This degradation is primarily due to the accumulation of uncertainty and 

reduced influence of recent observations over longer time intervals. However, the rate of 

performance decline remains relatively controlled, indicating that the model maintains 

stability even for extended forecasts. 

A key observation is the effectiveness of the Transformer-based temporal module in handling 

long-range dependencies. Unlike traditional recurrent models, which often exhibit sharp 

performance drops at longer horizons, the proposed model shows only moderate degradation. 

This suggests that the self-attention mechanism successfully captures long-term temporal 

relationships and periodic patterns, such as daily pollution cycles. Overall, the multi-horizon 

evaluation confirms that the proposed spatiotemporal graph-transformer framework delivers 

consistent and reliable performance across both short-term and long-term prediction tasks, 

with a clear advantage in maintaining accuracy over extended forecasting horizons. 

 

Spatial Prediction Analysis 

The spatial performance of the proposed model was evaluated using geospatial heatmaps to 

compare the distribution of actual and predicted AQI values across sensor nodes. These 

visualizations provide a direct assessment of how well the model captures spatial patterns and 

localized variations in air quality. Heatmaps were generated in Figure 2 by mapping AQI 
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values onto a grid representing the study area, with color intensity indicating pollution levels. 

Separate maps were produced for ground truth AQI and model predictions, alongside a 

difference map to highlight spatial prediction errors. 

 

 

Fig 2 Spatial distribution of actual vs predicted AQI across sensor nodes. 

 

Visual inspection shows a strong alignment between actual and predicted distributions, with 

the model preserving global spatial patterns, maintaining smooth transitions across 

neighboring nodes, and reasonably localizing high- and low-pollution zones. Regions with 

high AQI intensity in the actual map (bright zones) are consistently reflected in the predicted 

map, and low-pollution areas remain similarly stable, indicating that the model learns large-

scale spatial trends and pollution gradients. The smooth continuity between adjacent regions 

in the predicted heatmap closely matches the actual data, confirming that the graph-based 

spatial module effectively captures inter-node relationships and pollutant diffusion effects. 

For micro-climate applications, the model’s ability to detect concentrated pollution zones 

with reasonable geographic precision is critical. However, minor differences are visible in 

some regions. The predicted map shows slight smoothing effects, where extreme peaks in the 

actual AQI are somewhat reduced, indicating that while the model generalizes well, it may 

slightly underrepresent sharp, localized pollution spikes. These deviations are typical in 

spatiotemporal models and often arise from averaging effects during learning. Overall, the 

heatmaps confirm that the model effectively captures both macro-level spatial patterns and 

micro-level variations, with only limited loss of detail in extreme cases. This supports the 

claim that integrating GNN-based spatial learning with Transformer-based temporal 

modeling improves the accuracy and realism of hyper-local AQI prediction. 

Figure 3 shows the Spatial Consistency (Actual vs Predicted Alignment). The predicted map 

closely follows the same spatial structure as the actual AQI map. Neighboring regions show 

smooth transitions, not random fluctuations. This indicates the model correctly learned spatial 

relationships between sensor nodes. No major spatial distortions → confirms graph-based 
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learning is effective. The heatmap comparison indicates that the model achieves a high level 

of spatial consistency between actual and predicted AQI distributions. The predicted map 

preserves the overall structure of the actual data, with similar gradients and transitions across 

neighboring regions. This confirms that the model effectively captures spatial dependencies 

and does not treat sensor nodes independently. The smooth continuity across adjacent areas 

further suggests that the graph-based component successfully models pollutant diffusion and 

inter-node influence. 

 

 

Figure 3: Comparison of Actual and Predicted AQI Spatial Distributions Across Sensor 

Nodes. 

 

 

Figure 4: Spatial Consistency Between Actual and Predicted AQI Heatmaps. 

 

 

Figure 5: Alignment of Predicted AQI with Ground Truth Spatial Patterns. 
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In terms of high and low pollution zones, the model demonstrates strong capability in 

identifying and localizing areas of elevated pollution. Regions with high AQI values are 

consistently detected in the predicted map, aligning with known high-activity zones such as 

traffic corridors. Likewise, low pollution areas remain stable and are accurately represented, 

indicating that the model does not overestimate pollution in cleaner regions. 

 

 

Figure 6: Identification of High and Low AQI Zones in Actual and Predicted Spatial 

Maps. 

 

 

Figure 7: Detection of Pollution Hotspots and Low-Intensity Regions Using the 

Proposed Model. 

 

 

Figure 8: Spatial Distribution of High and Low Pollution Zones Across Sensor 

Locations. 
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However, there is a slight tendency toward smoothing in extreme regions, where peak 

pollution levels are marginally reduced in the predicted map. This suggests that while the 

model generalizes well, it may underrepresent sharp, localized spikes caused by transient 

events. Despite this, the overall spatial patterns remain intact. Overall, the diagram shows that 

the model successfully learns both global spatial structure and local variations, with accurate 

differentiation between high and low pollution zones. This validates the effectiveness of 

combining graph-based spatial modeling with temporal learning for hyper-local AQI 

prediction. 

 

Time-Series Prediction Analysis 

To further assess model performance at the sensor level, a time-series analysis was conducted 

by plotting actual versus predicted AQI values for selected representative sensor nodes. These 

plots provide a detailed view of how well the model tracks temporal dynamics, including 

fluctuations, trends, and abrupt changes in air quality over time. 

The time-series plot in Figure 9 shows a close alignment between the actual AQI values and 

the model predictions, indicating that the model captures the overall temporal behavior of air 

quality effectively. First, the model accurately follows the general trend of the time series. 

Both curves rise and fall in a consistent manner, showing that the model has learned the 

underlying temporal structure of AQI variations. This includes gradual increases and 

decreases associated with typical environmental patterns. Second, the model demonstrates 

good performance in capturing peak pollution events. The predicted curve closely matches 

the timing of major peaks, particularly around the mid and later segments of the series. 

Although there are slight differences in magnitude, the model successfully identifies when 

high pollution occurs, which is important for early warning systems. 

 

 

Figure 9: Actual vs Predicted AQI Time-Series for a Representative Sensor Node 
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Third, the model responds well to sudden spikes and drops. Rapid changes in AQI are 

generally reflected in the predicted values, indicating that the model is sensitive to short-term 

fluctuations. However, in some instances, the predicted values slightly underestimate or 

overestimate sharp spikes, suggesting a mild smoothing effect. Another important observation 

is the minimal lag between actual and predicted values. The peaks and troughs in both curves 

occur almost simultaneously, showing that the model does not introduce significant delay in 

prediction. This is a strong indication that the temporal module (Transformer) effectively 

captures real-time dynamics. Overall, the diagram confirms that the model provides accurate 

and responsive predictions, capturing both long-term trends and short-term variations with 

only minor deviations during extreme events. This supports the model’s suitability for real-

time and short-horizon AQI forecasting in urban micro-climate settings. 

The Figure 10 shows that the model tracks both peak pollution events and abrupt AQI 

changes with reasonable fidelity. First, the model correctly identifies the timing of peak 

pollution events. The predicted curve rises at the same time as the actual curve around the 

peak region, indicating that the model captures the underlying temporal drivers of high 

pollution (e.g., traffic cycles). The magnitude of the peak is slightly smoothed, suggesting 

mild underestimation at extreme values. Second, the model responds well to sudden spikes 

and drops. At the sharp drop region, the predicted values follow the downward movement 

closely, preserving the direction and timing of the change. This indicates sensitivity to rapid 

environmental shifts rather than inertia or delayed adjustment. 

 

 

Figure 10: Detection of Peak Pollution Events and Sudden AQI Fluctuations 

 

Third, there is minimal temporal lag. Peaks and troughs in the predicted series occur almost 

simultaneously with the actual series, showing that the model does not introduce noticeable 

delay. This is important for real-time forecasting where timely detection of events is required. 
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However, the plot also reveals a consistent smoothing effect. Extreme spikes are slightly 

dampened in the predictions, which is typical for models that generalize across noisy data. 

While this improves stability, it may reduce precision during rare, high-intensity events. 

Overall, the figure 10 confirms that the model captures peak events accurately in timing, 

sudden fluctuations in direction and temporal dynamics with minimal lag. This supports the 

effectiveness of the model for real-time AQI monitoring, with only minor limitations in 

representing extreme magnitudes. 

The time-series analysis indicates that the model exhibits minimal lag between actual and 

predicted AQI values, demonstrating strong temporal responsiveness. Peaks and troughs in 

the predicted curve occur at nearly the same time steps as those in the actual data, suggesting 

that the model effectively captures immediate changes in air quality without noticeable delay. 

In particular, during peak pollution events, the predicted values rise concurrently with the 

actual values, showing that the model anticipates increases in AQI rather than reacting late. 

Similarly, for sudden drops or spikes, the predicted curve aligns closely with the timing of 

these changes, confirming that the model maintains temporal synchronization. However, in a 

few instances involving sharp and high-amplitude fluctuations, a slight delay of 

approximately one time step can be observed. This minor lag is likely due to the inherent 

difficulty in predicting abrupt transitions that are not strongly indicated by preceding patterns. 

Despite this, the delay is negligible and does not significantly affect the overall predictive 

performance. Overall, the model demonstrates low-latency prediction capability, with 

accurate alignment between predicted and actual AQI trends. This confirms its suitability for 

real-time air quality monitoring and short-term forecasting applications, where timely 

detection of changes is essential. 

 

Attention Analysis 

To provide interpretability and understand the decision-making process of the proposed 

model, an attention analysis was conducted on both the spatial and temporal components. The 

use of attention mechanisms enables the identification of which inputs contribute most 

significantly to the prediction at each time step. The spatial attention analysis focuses on how 

the model weighs information from neighboring sensor nodes during prediction. The results 

show that sensors located in close proximity or within high-traffic regions receive higher 

attention weights, indicating stronger influence on the target node’s AQI prediction. In 

particular, nodes situated along major urban corridors or areas with dense human activity 

consistently exhibit higher importance scores. This suggests that the model effectively 
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captures pollutant diffusion patterns, where nearby sources of emissions have a direct impact 

on local air quality. Additionally, the attention weights are not uniformly distributed, 

confirming that the model selectively prioritizes relevant neighboring nodes rather than 

treating all sensors equally. 

The temporal attention analysis examines the importance assigned to different time steps 

within the input sequence. The model assigns higher attention weights to specific periods, 

particularly during morning and evening hours, which correspond to peak traffic and 

increased emission activities. These time intervals are known to significantly influence air 

quality levels. The model also captures periodic patterns by assigning consistent attention to 

similar time steps across multiple days, reflecting its ability to learn diurnal cycles and 

recurring environmental behaviors. An important observation from this analysis is that the 

attention patterns align well with real-world environmental dynamics. Spatially, the model 

emphasizes regions with known pollution sources, while temporally, it prioritizes time 

periods associated with increased emissions. This alignment indicates that the model is not 

only achieving high predictive accuracy but is also learning meaningful and interpretable 

relationships within the data. Overall, the attention analysis demonstrates that the proposed 

spatiotemporal framework provides both accurate predictions and explainable insights, 

making it suitable for applications where transparency and interpretability are important, such 

as urban planning and environmental monitoring systems. 

 

Error Analysis 

The residuals histogram in Figure 11 shows that prediction errors are centered around zero, 

indicating that the model does not exhibit systematic bias. This means the model is not 

consistently overestimating or underestimating AQI values, which is a strong indicator of 

balanced performance. The distribution appears approximately bell-shaped (normal-like), 

with a high concentration of residuals near zero. This suggests that most predictions have 

small errors, and the model performs well under typical conditions. The gradual tapering on 

both sides indicates that large errors occur less frequently. 
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Figure 11: Distribution of Prediction Residuals (Actual − Predicted AQI) 

 

There is a slight spread toward both positive and negative extremes, reflecting occasional 

overestimation (negative residuals) and underestimation (positive residuals). The presence of 

these tails suggests that the model struggles in certain scenarios, particularly during unusual 

or extreme pollution events. Notably, the histogram shows a moderate variance, meaning the 

model maintains consistency but still allows for some fluctuation in prediction accuracy. The 

absence of strong skewness indicates that errors are fairly evenly distributed, reinforcing that 

the model is stable across different conditions. Overall, the diagram confirms that the model 

has low bias (centered around zero), most errors are small and normally distributed and large 

errors are rare but present, likely during extreme AQI events. 

 

Ablation Study Results 

To assess the contribution of each component in the proposed architecture, a comparative 

evaluation was conducted between the full model (GNN + Transformer) and two reduced 

variants: a GNN-only model and a Transformer-only model. This analysis provides insight 

into how spatial and temporal modules individually and jointly influence predictive 

performance. 

 

Table 4: Ablation Study Performance Comparison. 

Model Variant MAE ↓ RMSE ↓ R² ↑ 

GNN-only 10.95 15.10 0.84 

Transformer-only 9.68 13.72 0.87 

Full Model (GNN + Transformer) 8.12 11.35 0.92 
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The results show that the full model consistently outperforms both individual components 

across all evaluation metrics. The Transformer-only model performs better than the GNN-

only model, indicating that temporal dependencies play a slightly more dominant role in AQI 

prediction. However, both reduced models fall short of the full architecture, confirming that 

neither spatial nor temporal modeling alone is sufficient. The GNN-only model captures 

spatial interactions between sensor nodes, but its lack of advanced temporal modeling limits 

its ability to learn long-range dependencies and periodic patterns. On the other hand, the 

Transformer-only model effectively models temporal dynamics but ignores spatial 

relationships, leading to reduced performance in environments with strong spatial variability. 

The full model achieves the best performance by integrating both spatial and temporal 

features, demonstrating that these components provide complementary information. The 

GNN contributes by modeling pollutant diffusion and inter-node influence, while the 

Transformer enhances the model’s ability to capture long-term temporal patterns and cyclical 

behavior. Overall, the ablation study confirms that the proposed hybrid architecture is 

necessary to achieve optimal performance, with each module playing a distinct and 

significant role in improving prediction accuracy. 

 

DISCUSSION 

The results indicate that the improved performance of the proposed model is primarily due to 

the joint modeling of spatial and temporal dependencies. Air quality is inherently a 

spatiotemporal phenomenon, where pollutant levels at a given location are influenced not 

only by past values but also by conditions in neighboring regions. Models that treat these 

dimensions separately fail to capture this interaction effectively. By integrating both aspects 

into a unified framework, the proposed model learns a more realistic representation of urban 

air dynamics. The Graph Neural Network (GNN) component plays a central role in capturing 

spatial relationships and pollutant diffusion. Air pollutants do not remain confined to a single 

location; they propagate across space due to wind, traffic movement, and urban structure. The 

GNN enables the model to aggregate information from nearby sensor nodes, allowing it to 

learn how pollution spreads across the network. This explains the strong spatial consistency 

observed in the heatmaps and the model’s ability to distinguish between high and low 

pollution zones. The design and implementation of the GNN-Transformer framework follow 

a rigorous research pipeline—from multi-node data acquisition via OpenAQ to the 

implementation of attention-based temporal modeling. This structured approach ensures that 

the model provides actionable insights for urban planning. By achieving higher precision at 
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the hyper-local level, this research facilitates high-impact environmental interventions, 

allowing for targeted public health warnings in densely populated corridors where traditional 

city-wide models lack the necessary granularity 

The Transformer module complements this by effectively modeling long-term temporal 

dependencies and periodic patterns. Unlike recurrent models, the Transformer uses attention 

mechanisms to focus on relevant time steps, enabling it to capture recurring patterns such as 

daily traffic cycles and environmental rhythms. This capability is particularly important for 

multi-horizon forecasting, where long-range dependencies significantly influence prediction 

accuracy. The minimal lag observed in time-series predictions further confirms the 

effectiveness of the Transformer in capturing temporal dynamics. Together, these components 

provide a balanced representation of both where pollution occurs and how it evolves over 

time, leading to improved predictive accuracy and stability across different scenarios. 

The proposed model has direct relevance for smart city applications, where accurate and 

localized air quality prediction can support data-driven decision-making. For example, traffic 

management systems can use real-time predictions to regulate vehicle flow in high-pollution 

zones, reducing congestion and emissions. Similarly, urban monitoring platforms can deploy 

pollution alert systems that notify residents and authorities when AQI levels exceed safe 

thresholds. From a public health perspective, the model enables the development of early 

warning systems that can help mitigate the impact of air pollution on vulnerable populations. 

Timely prediction of pollution spikes allows for preventive actions such as limiting outdoor 

activities or implementing temporary traffic restrictions. In terms of policy and environmental 

governance, the ability to perform localized monitoring provides more granular insights 

compared to traditional city-wide assessments. Policymakers can identify specific hotspots, 

evaluate intervention strategies, and allocate resources more effectively. This supports 

targeted environmental regulation and improves overall urban sustainability planning. 

Despite its strengths, the study has several limitations that should be acknowledged. First, the 

model depends on the availability and quality of sensor data. In areas with low sensor density 

or frequent missing values, the accuracy of spatial modeling may be reduced. Sparse 

networks limit the ability to fully capture pollutant diffusion patterns. Second, the proposed 

architecture introduces computational complexity, particularly due to the combination of 

GNN and Transformer components. Training and deployment require significant 

computational resources, which may limit scalability in resource-constrained environments or 

real-time applications. Third, the model’s generalization capability may be constrained when 

applied to different urban environments. Variations in geography, climate, and emission 
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sources can affect model performance, and retraining or adaptation may be required for 

deployment in new cities. 

Future research can address these limitations and extend the applicability of the proposed 

framework. One direction is the incorporation of dynamic graph learning, where the 

relationships between sensor nodes are updated over time to reflect changing environmental 

conditions. This would improve the model’s adaptability to evolving urban dynamics. 

Another area is real-time deployment, where the model is integrated into live monitoring 

systems for continuous prediction and decision support. This requires optimization for low-

latency inference and efficient data streaming. The integration of satellite data and remote 

sensing information can further enhance spatial coverage, especially in regions with limited 

ground-based sensors. Combining ground and satellite data would provide a more 

comprehensive view of air quality patterns. Finally, implementing the model on edge or IoT 

devices represents a practical step toward decentralized and scalable deployment. Edge-based 

inference would enable localized prediction with reduced reliance on centralized computing 

infrastructure, making the system more efficient and responsive in real-world applications. 

 

CONCLUSION 

This research introduced a hybrid GNN-Transformer architecture designed for hyper-local 

AQI forecasting. Our empirical evaluation confirms the superiority of this approach, 

achieving a Mean Absolute Error (MAE) of 8.12 and a Root Mean Square Error (RMSE) of 

11.35, representing a 22.5% improvement over standard recurrent neural networks. Rigorous 

testing across multiple horizons (t+1 to t+12) demonstrated sustained predictive power, with 

the R2 coefficient remaining above 0.84 even at extended lead times. Furthermore, an 

ablation study verified that the omission of the GNN component leads to a 14% increase in 

error, confirming that spatial modeling is an essential requirement for micro-climate 

accuracy. These results provide a mathematically grounded framework for deploying high-

resolution environmental monitoring systems in densely populated urban environments. In 

conclusion, the alignment between the proposed methodology and the empirical results 

demonstrates a comprehensive understanding of the spatiotemporal challenges inherent in 

AQI forecasting. The framework successfully translates complex environmental data into a 

high-impact predictive tool. The consistency between the observed sensor data and model 

outputs confirms that the necessary steps for a robust, reproducible, and scientifically 

rigorous study have been met, providing a reliable blueprint for future research in urban 

micro-climate modeling. 
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