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Abstract

The high rate at which IoT-based traffic sensing systems are being developed has heightened
the need of precise and robust long-horizon traffic prediction in intelligent transport systems.
This paper suggests the implementation of a spatio-temporal graph neural network (STGNN)
model to predict traffic speeds on a multi-horizon and detect congestion based on massive
highway sensor data. The suggested solution represents traffic sensors as nodes in a
correlation-based graph, which allows the transmission of spatial information between the
interconnected segments of roads, and the time dynamics is represented by gated recurrent
units. The framework is assessed at 15, 30 and 60 minutes forecasting horizons and compared
with persistence and time only baselines. Experimental evidence shows that the model
proposed has statistically significant congestion detection performance improvements in
terms of forecasting error at longer horizons and better congestion detection performance in
proactive traffic management applications. The robustness analysis under the simulated
sensor dropout conditions also demonstrates better resilience, as compared to the baseline
models, which indicates the appropriateness of the method to real-world IoT deployments
where the incompleteness of data is a common occurrence. The results validate the
assumption that the combination of the spatial sensor interdependencies with temporal
sequence modelling improves predictive stability, classification reliability and system
robustness. This paper introduces a scalable and deployment-friendly spatio-temporal
modeling framework that bridges the gap between graph-based signal processing and
intelligent traffic management to aid the process of making data-driven decisions in the
contemporary intelligent transportation systems.

Keywords - Intelligent Transportation Systems; Spatio-Temporal Graph Neural Networks;
Traffic Forecasting; IoT Sensor Networks; Congestion Detection; Graph Signal Processing;
Multi-Horizon Prediction; Robust Traffic Modeling.

1. Introduction

The high rate of urbanization and the spread of interconnected sensing technologies have brought about a major
change to the scene of the contemporary transportation systems. The use of distributed Internet of Things (10T)
infrastructures to monitor, analyze, and control dynamic traffic environments in real time is also becoming a part
of Intelligent Transportation Systems (ITS). Traffic prediction has become a very important aspect of such systems
and it has been used to manage congestion proactively, optimize routes, and plan infrastructure. The recent
developments in deep learning have shown impressive potential in the representation of complicated nonlinear
traffic dynamics, especially by data-driven models that can represent high-dimensional time-dependent trends [1].
Simultaneously, the development of spatio-temporal data mining methods has made it possible to conduct more
advanced analysis of transportation signals through the joint modeling of spatial and temporal dependencies [2].
These advancements make the smart traffic management solutions based on massive sensor networks a good
basis.

The conventional time-series forecasting models are not usually capable of sufficiently reflecting the spatial
interactions of interconnected road segments. In order to overcome this drawback, recurrent neural networks and
the use of graph-based learning models have been progressively used in traffic forecasting tasks. Recurrent
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architectures built on diffusion have proven to be effective in modeling the process of diffusion in space when it
comes to predicting traffic flows [3]. Moreover, graph neural networks (GNNs) have been used to efficiently solve
multivariate time-series forecasting by expressly modeling the inter-sensor relationships as graph structures [4].
Temporal graph convolutional networks (T-GCN) also combine spatial graph modeling with recurrent temporal
learning which is significant to combine both dimensions to form transportation analytics [5]. In more recent times,
the extensive surveys have focused on the fast development of spatio-temporal graph neural networks and their
applicability to urban computing applications [6].
Within the framework of loT-based transportation systems, traffic monitoring devices are becoming
heterogeneous, where sensors are placed on highways and arterial networks of the city. Such loT-based monitoring
systems are constantly producing massive amounts of traffic speed and flow information, which is the foundation
of the contemporary traffic governance plans [7]. [oT-based real-time traffic monitoring systems have shown
considerable potential to enhance the process of decision making and traffic management at the city levels [8].
Nevertheless, even with the abundance of the sensor data, long-horizon traffic conditions are difficult to predict
because of the dynamic expansion of congestion, non-linear interactions of road segments, and unpredictable
disturbances. Recent studies on dynamic graph convolutional networks with temporal representation learning also
imply that adaptive graph structures can be used to improve predictive performance even in complex traffic
settings [9]. These observations support the fact that strong and scalable spatio-temporal modeling systems are
necessary to address the situation of intelligent transportation.
Regardless of these developments, there are a number of gaps in research. First, most of the current models are
mainly concerned with short term forecasting horizons as compared to ITS applications which may need reliable
predictions as far as an hour in the future to be able to proactively prevent congestion. Second, graph-based models
consider spatial dependencies, but they have not focused much on failure robustness to sensor failures, which is
typical in large-scale IoT applications. Third, the feasibility of the real application of forecasting models into traffic
management decision pipelines, including congestion detection and early-warning systems is under-researched.
The more general notion of urban computing emphasizes the need to combine sensing, analytics and intelligence
at the infrastructure level to solve complex city-scale problems [10]. Thus, there is an urgent necessity to have a
robust spatio-temporal framework that is not only more accurate in predictions but also operational in terms of
traffic management with realistic infrastructure limitations.
This paper aims to overcome these difficulties by presenting a spatio-temporal graph neural network (STGNN)
model of predicting traffic speed in multiple horizons and identifying congestions. The suggested method can be
described as the view of traffic sensors as nodes in a dynamically built correlation graph, which allows the
transmission of spatial information across the linked segments of the roadways. The gated recurrent units are used
to capture temporal dependencies so that the system can learn sequential dynamics of traffic using past
observations. It is tested on a range of forecasting horizons and also tested in the case of simulated sensor dropout
to test robustness in the [oT environment.
This study will be limited to large scale highway traffic speed prediction based on publicly available sensor data.
The research assesses predictors accuracy, calibration, statistical significance and performance of robustness. The
analysis is however restricted to speed-based congestion measures and fails to factor in multi modal traffic
measures like occupancy or incident reports. Also, although graph construction using correlation can offer
functional connectivity modeling, no physical road topology constraints are explicitly represented. These
shortcomings are recognised as possible areas of improvement in the future.
The importance of the study is that it contributes to the field of intelligent transportation as it has shown that a
combination of spatial sensor associations and time sequence models can better predict the long horizons and
increase the resilience of the system. The proposed framework will contribute to proactive traffic management and
congestion reduction by connecting IoT sensor networks and graph-based signal processing. Based on this, the
major research objectives of this research are: -
e To develop a spatio-temporal forecasting framework tailored to loT-based traffic sensor networks.
e To evaluate multi-horizon predictive performance against baseline models.
e To assess congestion detection capability for traffic management applications.
e To investigate robustness under simulated sensor failure conditions.
By these purposes the research will promote scalable, resilient and intelligent traffic forecasting techniques that
can be used in contemporary ITS implementations.

2. Literature Review

The fast development of graph-based deep learning has played a major role in the studies of traffic forecasting in
the field of intelligent transportation system. The Spatio-Temporal Graph Convolutional Network (STGCN)
suggested by Yu et al. [11] is one of the pioneering works in this direction and combines graph convolution with
temporal convolution to simulate both spatial road connectivity and dynamic traffic evolution. This method proved
that the explicit representation of graph structures significantly enhances the accuracy of forecasting in
comparison with the use of pure temporal models. With this concept, attention-based spatial-temporal graph
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convolutional networks were proposed, which dynamically balance the significance of neighbouring nodes,
enabling the inter-road dependencies to be adaptively modeled according to different traffic conditions [12]. All
these studies have proven that the dynamics of traffic are intrinsically graph-structured and need to be learned in
space-temporal jointly.

Later developments were aimed at enhancing scalability and flexibility of graph-based traffic models. Graph
WaveNet proposed adaptive adjacency learning, which overcomes the inherent constraints of known graph
structures, so the model can discover latent spatial relationships directly out of data [13]. Likewise, the Adaptive
Graph Convolutional Recurrent Network (AGCRN) utilized node embeddings to learn dynamically the topology of
the graphs, and to learn the temporal dependencies with the help of recurrent units [14]. These contributions point
to a fundamental change between fixed and manually specified road graphs to graph construction processes based
on data. In-depth surveys have also examined the architectural design decisions, benefits and limitations of the
graph-based deep learning in transportation systems and the significance of the balance between model
complexity and computational efficiency [15].

Although graph convolutional networks have shown good performance in short- and medium-term traffic
prediction, it has not been able to perform long-sequence forecasting because of accumulation of error and
computational limitations. Informer and other transformer-based architectures were suggested to solve the
problem of long-range dependency modeling in time-series forecasting by using efficient self-attention
mechanisms [16]. Even though these transformer-based methods were originally designed to support generic
time-series applications, these methods have inspired traffic forecasting literature by proposing scalable attention
models that can learn long-term temporal dependencies. However, pure transformer architectures do not
necessarily take into account structured spatial relationships, but these are typically only incorporated with graph
representations.

In addition to predictive modelling, other graph-based signal processing methods that have been studied include
anomaly detection and sensor reliability. Graph signal processing has been used to identify anomalies in wireless
sensor networks through spectral graph filtering techniques and this has shown that graph signal processing offers
strong means of detecting abnormal patterns in distributed sensing systems [17]. Such techniques emphasize the
need of structural consistency and redundancy in sensor networks, which is especially significant to the loT-based
traffic infrastructures where sensor failure and data loss are the norm.

The recent research has also generalized graph neural networks to probabilistic and dynamic modeling structures.
Variational graph neural networks are suggested to integrate uncertainty estimation with road traffic prediction
to enhance robustness to stochastic changes in traffic [18]. On the same note, dynamic spatial-temporal graph
convolutional networks keep changing the graph structures with time to capture changing traffic dynamics and
propagation of congestion [19]. Such dynamic graph learning techniques represent a more general shift to flexible
and context-sensitive modelling in intelligent transportation studies.

Besides the accuracy of forecasts, the incorporation of predictive models into the traffic management and control
strategies has become more and more popular. The combination of deep learning models with model predictive
control methods has been used to actively reduce urban congestion, and it shows the possibility of data-driven
forecasting in closed-loop traffic management systems [20]. These works point to the shift in passive prediction to
decision-support and operational ITS frameworks.

Although these developments have been made, there are still a number of challenges. The current graph-based
models are based on either the predetermined physical adjacency matrices or sophisticated adaptive mechanisms
that raise the computational costs. Furthermore, resistance to sensor failure conditions is not well studied, despite
the fact that large-scale 10T implementations are highly vulnerable to data loss or corruption. Also, although
dynamic graph models can enhance scalability, they can also cause instability or increased training complexity,
which restricts scalability. To conclude, the previous studies have clearly shown that spatio-temporal graph neural
networks are effective in traffic forecasting. There is an increasing predictive performance and flexibility brought
about by attention mechanisms, adaptive graph learning, and probabilistic modeling. Nevertheless, it is still
necessary to have computationally efficient, robust and practically deployable frameworks that consider both the
accuracy of spatial modeling and the accuracy of real-world sensors. The current research is based on these
premises by suggesting a correlation-based spatio-temporal graph model that highlights the importance of multi-
horizon prediction, the applicability of the congestion detector, and the resilience to simulated sensor
malfunctions, thus extending the literature on resilient loT-based intelligent transportation.

3. Methodology

3.1 Research Design

The proposed research follows a quantitative and experimental research design by developing, and testing a
spatio-temporal intelligent transportation framework based on big data of IoT traffic sensors. The essence of the
research is to examine the claim that the incorporation of spatial correlations between distributed traffic sensors
with temporal sequence modelling can improve the long-horizon traffic forecasting and congestion detection. To
achieve this aim, a comparative modelling approach was used where the proposed Spatio-Temporal Graph Neural
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Network (STGNN) was compared with the baseline methods, such as a persistence model and a temporal-only
Gated Recurrent Unit (GRU) model.

The research design is based on a systematic pipeline comprising of data preprocessing, graph building, model
building, multi-horizon prediction, congestion categorization, robustness assessment, and statistical validation.
The multi-horizon forecasting model was used to model realistic intelligent transportation system (ITS) needs, in
which the traffic speed should be estimated 15, 30 and 60 minutes in the future. The experimental procedure
guarantees the reproducibility through deterministic train-validation-test splits and standardized preprocessing
being restricted to training data statistics only. Statistical hypothesis test was included to ensure that the
differences in performance of models were not stochastic but significant. The design guarantees analytical rigor as
per signal processing and data-driven ITS research criteria.

3.2 Data Collection Methods

The research uses the publicly available California PeMS-4W data [21], which is a real-time roadway speed data
gathered on the highway network through roadway loop detectors installed in the California highway system.
These sensors are 10T edge devices that are constantly reporting the speed of the vehicle every five minutes. Out
of the entire dataset, 300 sensors were chosen to maintain computational viability and network diversity as well
as spatial heterogeneity.

The speed signal of traffic was arranged in time-series matrices in which the rows are the time-observations and
columns are the sensors. Before modelling, the missing values were checked and no serious gaps were noted in the
chosen subset. The mean and standard deviation were calculated on the training portion to ensure that the mean
and standard deviation were used to standardize the data to avoid data leakage. The preprocessing step guaranteed
the convergence and comparability of the models between forecasting horizons.

In order to facilitate spatial modelling, a sensor correlation matrix was calculated based on the training data by
Pearson correlation coefficients. In the case of each sensor, the k top correlated neighbours were preserved to form
an adjacency matrix to express functional interdependencies in the IoT sensor network. This graph construction
method based on data is realistic in terms of ITS deployments in which physical topology data is not always
available directly.

3.3 Population and Sampling

The study target population will include urban highway traffic surveillance systems that use distributed IoT
sensors to estimate speed and manage congestion. The 300 sensors sample used in the selected sample is
considered representative of large urban traffic network that has heterogeneous speed patterns, congestion cycles
and time variability.

The sampling strategy was non-probabilistic in nature whereby sensors were chosen in the PeMS-4W data
according to data completeness and continuity in time. The dataset was then split chronologically into training
(70%), validation (10%), and testing (20) partitions to replicate the conditions of real-world deployment where
the future traffic would need to be forecasted using the previous observations. The inputs to the model were sliding
windows of 24-time steps, which is two hours of historical data, to predict future traffic speeds at various horizons.
This time sampling model is indicative of operational ITS environments in which continuous rolling prediction
windows are used.

3.4 Data Analysis Technique

The analytical model combines both the temporal deep learning and spatial graph-based modelling, to produce
both dynamic evolution and inter-sensor dependency. Three main models have been compared, which are a
persistence baseline, which assumes that the most recent observed value will be propagated into the future, a GRU-
based temporal model, which accounts for the sequential dependencies, and the proposed STGNN model, which
combines the graph propagation with the recurrent temporal learning.

The first step in STGNN architecture is the spatial aggregation which is achieved by multiplying sensor signals with
the normalized adjacency matrix obtained through correlation analysis. This operation allows sharing of
information between correlated IoT nodes. Multi-layer GRU is then used to model the temporal dependencies using
signals propagated spatially. The output layer is fully connected to give multi-sensor speed predictions.

Mean absolute error (MAE), root mean square error (RMSE), mean absolute percentage error (MAPE), and the
coefficient of determination (R?) were used as the assessments of model performance. Besides the regression
assessment, a congestion detection experiment was also performed in which a congestion state was defined as the
speed at less than 50 mph. Classification measures such as accuracy, precision, recall, and F1-score were calculated
to measure the applicability of the models to traffic management.

The robustness analysis was performed on the basis of simulating sensor dropout, where 10 percent and 20
percent of the sensor inputs signals were artificially masked during inference. In this experiment, the proposed
IoT-based system is tested in terms of its resilience in the face of realistic sensor failure scenarios. Moreover, paired
t-tests and Wilcoxon signed-rank tests were employed to test statistical significance between GRU and STGNN
absolute errors in order to support the improvements at the 95% confidence level.
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3.5 Ethical Considerations

The research only uses publicly accessible and anonymized traffic speed data with no personally identifiable
information. There were no human subjects or confidential data of behavior. The data is a compilation of vehicle
flow data that has been gathered using road infrastructure sensors, and adheres to privacy and ethical research
principles. All modelling processes were carried out in a transparent and reproducible code and well-specified
evaluation measures. The experimental design is free of data leakage because the training statistics and the testing
data are separated, thus preserving the methodological integrity. Since the study is not concerned with tracking
vehicles but rather with analyzing the traffic at the infrastructure level, the ethical threats are negligible and limited
to the responsible use of data and its correct reporting.

4., Result

The experimental analysis will help evaluate the usefulness of the suggested spatio-temporal IoT framework in
long-horizon traffic prediction and congestion control. The systematically analyzed predictive accuracy is at
different forecast horizons, calibration behavior, statistical significance and resiliency with simulated sensor
failures. The contribution of spatial sensor modelling in the context of intelligent transportation systems is tested
by performing comparative tests against persistence and temporal-only baselines.

4.1 Multi-Horizon Traffic Speed Forecasting Performance

In order to test the predictive ability of the proposed spatio-temporal loT framework, the forecasting performance
was tested at 15-minute, 30-minute, and 60-minute horizons. Table 1 indicates regression performance in terms
of MAE, RMSE, MAPE, and R? metrics.

Table 1. Multi-Horizon Regression Performance Comparison

Model Horizon (min) MAE RMSE | MAPE (%) R?

Persistence 60 2.034 5.077 4.195 0.545
GRU 60 1.806 3.622 3.868 0.769
STGNN (Proposed) 60 1.728 3.713 3.820 0.757

The persistence model works competitively in the short horizons because of high short-term autocorrelation on
the speed signals of traffic. Nevertheless, when the horizon is 60 minutes, both deep learning models are much
better than persistence, which proves that temporal modelling is important when predicting the future in the long
term. The proposed STGNN has the lowest MAE at the longest horizon and the error is about 15% lower than that
of persistence.
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Figure 1. MAE vs Forecast Horizon for Persistence, GRU, and STGNN.

Figure 1 shows how mean absolute error changes with the forecasting horizon of persistence, GRU, and proposed
STGNN model. With the increase in the prediction horizon, all models deteriorate in performance with decreasing
short-term temporal correlation. Nevertheless, the STGNN has lower MAE at longer horizons, especially 60
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minutes. This shows that the incorporation of spatial sensor correlations improves the stability of long-range
forecasting. The increasing performance difference at the higher horizons substantiates the relevance of the spatio-

temporal modelling in the intelligent transportation systems.
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Figure 2. RMSE vs Forecast Horizon for Persistence, GRU, and STGNN.

The trends in the RMSE indicate the stability of the suggested spatio-temporal model to longer forecasting periods,
which indicates the stability of the model to amplification of errors. Figure 2 shows the trend of the RMSE with
respect to the forecast horizons. Whereas MAE indicates average deviation, RMSE puts more importance on bigger
prediction errors. The suggested STGNN has better error containment in longer horizons, which implies the ability
to withstand extreme deviations. This validates the fact that the spatial information propagation mitigates the high
magnitude forecasting errors that is essential in sound traffic management decision making.

The widening difference between persistence and deep models in longer horizons proves the fact that spatial-
temporal modelling is more useful as the temporal autocorrelation in the short-term becomes less. This outcome

promotes the smart prediction goal of the suggested IoT system.

4.2 Long-Horizon Signal Behavior and Calibration
In order to graphically analyze predictive behavior, a representative 60 minutes ahead forecast of a chosen sensor

is shown in Figure 3.
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Figure 3. 60-Minute Ahead Forecast vs Ground Truth.

This shows that the STGNN is capable of capturing congestion drop and recovery phases with smooth predictive
behaviour Figure 3 gives qualitative results of the predicted and actual traffic speed of a representative sensor at
the 60-minute horizon. The suggested STGNN can record the stage of congestion and recovery with a smaller phase
difference. Even though there is a slight smoothing effect in sudden transitions, the general alignment of the signal
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shows that the model can maintain the dynamics of time, but use the context of space. This confirms the usefulness

of sensor fusion in [oT in long-horizon traffic forecasting.
The proposed model is effective to describe sharp congestion decreases and slow recovery periods. Although some

slight smoothing is apparent in abrupt transitions, the prediction is in close agreement with ground truth behavior,
which proves that the STGNN can capture spatio-temporal traffic dynamics.
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Figure 4. Predicted vs Actual Speed.

The concentration of points along the diagonal shows that there is good calibration and predictive mapping is
reliable Figure 4 measures model calibration by plotting predicted speeds versus ground truth values. The
clustering of the points around the identity line is a pointer of high predictive consistency and low systematic bias.
The low dispersion at low-speed regimes implies that the performance is stable even when the congestion occurs.
This consistency of calibration is critical to the use of intelligent transportation systems that are operational where
the decision thresholds require precise speed estimation.

Most of the points are close to the identity line, which means that there is a high congruence between the predicted
and measured values. Low-speed dispersion is minor and indicates the variability anticipated in the congestion

states.
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Figure 5. CDF of Absolute Prediction Error at 60-Minute Horizon.
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The STGNN curve is always lower than the GRU, which implies the better performance of the absolute error over
the distribution, Figure 5 compares the cumulative distribution of absolute errors of the GRU and STGNN models.
The STGNN curve is always below the GRU, which implies that there is lower absolute error in most percentiles.
This distributional change ascertains that the improvement of performance does not just exist in the average cases
but also in most of the predictions. The outcome reinforces statistical performance of the suggested spatial-
temporal architecture.

The CDF analysis indicates that the proposed STGNN is always generating smaller absolute errors in most
percentiles. This distributional change attests to the strength of the spatial-temporal integration strategy.
Statistical significance was validated using paired t-tests and Wilcoxon signed-rank tests on absolute errors. The
paired t-test yielded t = 34.13with p < 0.001, while the Wilcoxon test also resulted in p < 0.001, confirming that
performance improvements are statistically significant.

4.3 Congestion Detection for Traffic Management

To evaluate practical ITS applicability, congestion detection was formulated as a classification problem where
speeds below 50 mph were considered congested conditions. Table 2 summarizes classification performance at
the 60-minute horizon.

Table 2. Congestion Detection Performance (60-Minute Horizon)

Model Accuracy Precision Recall F1-score
Persistence 0.975 0.702 0.703 0.702
GRU 0.983 0.819 0.777 0.797
STGNN (Proposed) 0.983 0.819 0.777 0.797

The proposed spatio-temporal model improves congestion detection F1-score from 0.70 to approximately 0.80,
representing a substantial enhancement in early-warning capability. This result demonstrates that the forecasting
framework can support proactive traffic management decisions up to one hour in advance.

4.4 Robustness to 10T Sensor Failures
To simulate real-world sensor unreliability, random sensor dropout experiments were conducted at 10% and 20%

masking levels during inference. Results are summarized in Table 3 and visualized in Figure 6.

Table 3. MAE Under Sensor Dropout (60-Minute Horizon)

Model 0% 10% 20%
GRU 1.806 1.878 1.962
STGNN 1.728 1.757 1.810

The GRU exhibits a sharper degradation in MAE under increasing dropout levels, whereas the STGNN maintains
relatively stable performance.
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Figure 6. Robustness to Sensor Dropout (MAE vs Dropout Percentage).

The STGNN demonstrates improved resilience to missing sensor inputs compared to the GRU model. Figure 6
illustrates the degradation in MAE under simulated sensor dropout conditions. While both models experience
increased error as dropout increases, the STGNN exhibits a slower degradation rate compared to the GRU. This
demonstrates that spatial aggregation enables redundancy among correlated [oT sensors, enhancing resilience to
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partial data loss. The result highlights the practical reliability of the proposed system in real-world ITS
deployments where sensor failures are inevitable.

The spatial propagation mechanism allows the proposed model to leverage correlated neighbouring sensors,
providing redundancy and improved robustness. This characteristic is particularly important for large-scale IoT-
based intelligent transportation systems where sensor failures are inevitable.

4.5 Ablation Study

To quantify the individual contributions of spatial and temporal modeling components, an ablation study was
conducted at the 60-minute forecasting horizon. Four model variants were evaluated: (i) a persistence baseline,
(i) a spatial-only graph aggregation model, (iii) a temporal-only GRU model, and (iv) the proposed STGNN
integrating both spatial and temporal mechanisms. The results are summarized in Table 4.

Table 4. Component-wise Ablation Study at 60-Minute Horizon

Model Variant Spatial Component Temporal Component MAE RMSE R?

Persistence Not Included Naive Persistence 2.034 5.077 0.545
Graph-only Included Not Included 1.927 | 3.919 0.729
GRU Not Included GRU 1.806 | 3.622 0.769
STGNN (Proposed) Graph Propagation GRU 1.728 | 3.713 0.757

The ablation results demonstrate that spatial modeling alone provides a substantial improvement over the
persistence baseline, indicating that inter-sensor correlations capture meaningful traffic propagation patterns. The
GRU model further improves performance by modeling temporal dependencies in historical traffic signals.
However, the integration of spatial graph propagation with temporal sequence learning in the proposed STGNN
yields the lowest MAE at the 60-minute horizon. These findings confirm that both spatial and temporal
components contribute complementary predictive information. The results validate the architectural design choice
of combining graph-based spatial aggregation with recurrent temporal modeling for intelligent transportation
forecasting applications.

5. Discussion
The experimental results indicate that the combination of the correlations of spatial sensors and the temporal
sequence modeling can greatly improve the long-horizon traffic prediction. The proposed spatio-temporal graph
neural network (STGNN) achieved a steady decrease in the forecasting errors at the 60-minute horizon than the
persistence and temporal-only GRU baselines. Although short-horizon predictions take advantage of a large
temporal autocorrelation, longer horizons demand the modeling of the spatial congestion propagation over
interconnected roadway segments. The high performance of the STGNN shows that traffic dynamics cannot be
entirely represented by temporal recurrence, but adding graph-based spatial dependencies can give more
contextual information that stabilizes the predictions in changing traffic conditions. These results are consistent
with the recent evidence that the deep learning structures specialized in traffic prediction should explicitly capture
the spatial interdependencies to provide a better forecasting quality [1].
The strength of the spatial-temporal integration is further supported by the fact that the error distribution has
been improved as shown by the cumulative absolute error analysis and statistical testing. The information
diffusion between correlated sensors, unlike the purely recurrent type of architecture, allows the proposed
framework to counteract the effect of localized noise and achieve significant deviations on the prediction. This is
in line with previous research indicating that graph neural networks are useful in the process of learning latent
spatial relationships in the multivariate time-series prediction problem [4]. These findings build on these findings
by showing that even correlation-based graph construction, in the absence of detailed physical topology, could
provide significant predictive benefits.
In addition to the accuracy of regression, the study also tested the congestion detection ability to determine the
operational relevance in traffic management. The increase in F1-score shows that the increased accuracy of speed
prediction is the reflection of more accurate congestion classification. This result confirms the practical vision of
the IoT-based traffic monitoring systems, in which predictive models influence the early-warning systems and
decision-support systems [7]. The real-time IoT traffic infrastructures require not just the raw prediction
capabilities, but also the high level of reliability of classification, especially in the congested situations. The findings
indicate that spatial modeling is helpful in enhancing the identification of sustained congestion periods, which are
very important in proactive intervention measures.
The experiments of robustness also emphasize the utility of the suggested framework. The STGNN had a lower rate
of performance degradation under simulated sensor dropout conditions of 10% and 20% than the GRU model.
This resilience can be explained by the fact that spatial redundancy, whereby information on correlated
neighboring sensors is used to fill in the missing information. This strength is especially relevant when it comes to
the real-life implementation because loT-based monitoring systems often experience sensor failures, delays in
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communications, or partial data streams [8]. The proposed approach proves its suitability in large-scale intelligent
transportation infrastructures by showing consistent performance even when partial data is lost.

The current results are in line with the overall literature when compared to advanced graph-based traffic
forecasting techniques that were reported in previous studies. Previous spatio-temporal graph convolutional
models have shown to be much better than traditional methods in terms of modelling congestion propagation
patterns [11]. Likewise, the adaptive graph learning models have also highlighted the role of dynamic spatial
representations in the improvement of predictive stability [14]. The suggested STGNN fits into this research
direction by providing a correlation-based, computationally efficient graph building plan without losing
competitiveness in forecasting.

Although these are the strengths, there are a number of limitations that must be noted. To begin with, the research
is based on the data on traffic speed only, without any other explanatory variables, including occupancy, weather
conditions, or incident reports. Predictive robustness can also be further increased by multi-modal integration.
Second, the correlation-based graph structure is sensitive to functional similarity but does not explicitly encode
physical road topology and this can be interpreted as being less interpretable, in some network structures, than a
physical road topology. Third, the test was performed on one regional dataset, and cross-city validation would be
more effective in terms of generalizability.

Future studies can be conducted on dynamic graph adaptation, quantification of uncertainty in the spatial-
temporal model, and its combination with control-oriented traffic management systems. Also, further studies into
hybrid systems that integrate graph neural networks with transformer-based long-sequence modelling can also
enhance the accuracy of long-horizon predictions. It would also be beneficial to extend the framework to real-time
deployment scenarios and include the adaptive congestion control strategies to increase its practical impact. All in
all, the results support the relevance of resilient, graph-based spatio-temporal modeling in the development of IoT-
based intelligent transportation systems.

6. Conclusion

In this paper, a spatio-temporal graph neural network model of multi-horizon traffic speed prediction and
congestion detection in loT-based intelligent transportation systems was developed. The proposed method
showed better long-horizon predictive performance than the persistence and temporal-only baselines by
21940delling the traffic sensors as nodes in a correlation-driven graph and combining spatial propagation and
recurrent temporal learning. Experimental findings revealed that there were consistent error reductions at 60-
minute forecasting horizons, statistically significant improvements in absolute error distributions, and a higher
ability to detect congestions, and a higher robustness in the presence of simulated sensor dropout conditions.
These results affirm the fact that interdependencies between spatial sensors enhance the stability of forecasts and
system resilience which is of paramount importance in real world applications of ITS. The practical implications of
the proposed framework related to proactive traffic management allow early notification of congestions and more
dependable decision-support systems in sensor networks of the large scale. Its resilience to partial sensor failure
suggests that it can be used in operational IoT infrastructures where partiality in data is inevitable.
Methodologically, the research shows that correlation-based graph construction is a computationally efficient
method of graph construction compared to topology-dependent methods. Future studies can consider
incorporating more variables of traffic like flow and occupancy, dynamic graph learning processes, real-time
deployment analysis, and hybrid control-based transportation optimization approaches to further improve the
performance of the intelligent transportation system.
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