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Abstract: Short term traffic flow prediction is one of the basic problems of intelligent transportation 
systems (ITS) which directly affects urban mobility management, route planning and congestion 
mitigation. The existing prediction methods such as statistical time-series models and shallow 
machine learning methods do not effectively and simultaneously reflect the spatial dependence 
between road sensors and the non-linear temporal evolution of traffic. Current approaches mostly 
use fixed, pre-defined road network adjacency matrices, which fail to capture the dynamic nature 
of real-world road traffic interactions, and achieve good performance by deep learning algorithms, 
such as Graph Convolutional Networks (GCNs) and temporal sequence models. In this paper, we 
propose a novel framework called Adaptive Spatiotemporal Graph Convolutional Network with 
Multi-Scale Attention (ASTGCN-MSA) to learn the spatiotemporal dependency jointly from traffic 
sensor data. Three major innovations are introduced in the proposed model: (1) Adaptive Graph 
Learning (AGL) module that incorporates the prior road topology and leverages the data-driven 
learned adjacency matrix on the graph, using trainable node embeddings; (2) Multi-Scale Temporal 
Attention (MSTA) module that applies parallel dilated 1-D convolutions with three kernel sizes (k 
= 1, 3, 5) over the temporal dimension of the graph with channel-wise sigmoid gating; and (3) Spatial 
Self-Attention (SSA) module that uses multi-head attention over node embeddings to capture long-
range inter-sensor dependencies beyond the local graph neighborhood. The model is tested using 
the Traffic Flow Forecasting benchmark data set, consisting of 36 sensor sites on major highways in 
the Northern Virginia/Washington D.C. capital region, and sampled at 15-minute intervals. These 
extensive experiments show that ASTGCN-MSA consistently performs best across all metrics under 
comparison: MAE, RMSE, MAPE and R², compared to four competitive baseline models: LSTM , 
GRU , Vanilla STGC and Transformer . The individual impact of each suggested component is 
verified through ablation studies, while hyperparameter sensitivity analysis offers practical tips for 
model setup. Results demonstrate the ability of ASTGCN-MSA to predict the traffic flow in the real 
world; it is scalable, robust, and interpretable. This paper introduces a novel approach that leverages 
graph convolutional networks and spatiotemporal learning to predict traffic flow at an early stage.A 
novel approach is developed by introducing the concept of graph convolutional networks and 
spatiotemporal learning to predict traffic flow at an early stage. 
 
Keywords:Traffic Flow Prediction; Graph Convolutional Network; Spatiotemporal Learning; 
Adaptive Graph Learning; Multi-Scale Temporal Attention; Intelligent Transportation Systems; 
Deep Learning; Short-Term Forecasting 

 

1. Introduction 
With the rapid development of urban population and the growth of urban traffic, it is one of the most 

important problems in intelligent transportation systems (ITS) to predict the traffic flow accurately in the 
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short term [2]. Accurate traffic volume forecasts 15 minutes ahead of time can help traffic management 
authorities take proactive measures such as signal control, dynamic route guidance and incident response 
strategies, which can help to alleviate congestion, fuel usage and travel durations [3]. In the USA alone, the 
economic loss caused by traffic congestion is estimated to be more than $87 billion per year [2], which 
makes accurate and scalable prediction systems a pressing need.  

Traffic flow is a spatiotemporal phenomenon: the traffic volume measured at a particular sensor 
location at a particular time depends on the levels of traffic in other sensor locations both at the same time 
and at the previous time, that are topologically connected and spatially adjacent to the measured sensor 
location [4]. For instance, when there is a traffic jamming on one highway section, the effect travels 
upstream and downstream, and the neighbouring sensors will have a measurable time delay. Any 
predictive model which does not take this spatial dependency into account will systematically under-
perform compared to a model which explicitly models the road network structure [5]. The difficulty is 
accentuated by the fact that traffic flows are non-linear and non-stationary, having been affected by the 
periodicity of the day of the week and the day of the week, the weather and unpredictable incidents [3].  

The classical methods for predicting traffic are using autoregressive integrated moving average 
(ARIMA) models [6], seasonal ARIMA variants [7] and Kalman filtering [8]. These are efficient 
computation-wise, but assume linear stationarity and are incapable of representing the real-world non-
linear traffic dynamics. Linear methods were outperformed by Support Vector Regression (SVR) [9] and 
Random Forests [10] but both approaches still operate on a per-sensor basis without considering any 
spatial correlation. The introduction of deep learning has made it possible to implement recurrent 
architectures like Long Short-Term Memory (LSTM) networks and Gated Recurrent Units (GRU) [11] and 
[12] that are particularly well suited to temporal dependency in sequential data. These models, however, 
work on a time-series of each individual sensor without any information sharing between sensors on the 
road network. Next, Convolutional Neural Networks (CNNs) were used for traffic grids [13] but this 
regularity assumption is not suitable for road networks, which are typically irregular. 

The natural way to model road networks as graphs was done using Graph Neural Networks (GNNs) 
[14] where nodes were the sensors and edges the physical connection. Graph Convolutional Networks 
(GCNs) [15, 16] in the original context were proposed for semi-supervised node classification, but were 
later applied to traffic prediction in a number of breakthrough papers [17, 18, 19, 20].  

While there has been considerable advancement, there are still a few important drawbacks with 
current methods: 
1. Static graph assumption: Most methods rely on a fixed graph, usually based on road topology or 

geographical distance, which does not reflect dynamic data-driven spatial dependencies that change 
in response to traffic conditions [21, 34].  

2. Single-scale temporal modeling: Most temporal modules in use are single-scale modules lacking of 
multi-resolution temporal patterns like the short-term fluctuation and the medium-term trend [22, 37].  

3. Low scale of spatial attention range: Due to local GCN operations, only information from neighboring 
sensors is aggregated, while long-range sensor interactions need multiple stacked layers, leading to 
over-smoothing [23] problems. 
In order to overcome these limitations, this paper has made the following contributions:  

• To address this, we introduce an end-to-end spatiotemporal prediction framework called ASTGCN 
MSA, which considers the spatial dependency learning and temporal feature extraction 
simultaneously.  

• We propose an Adaptive Graph Learning (AGL) module which autonomously learns a data-driven 
adjacency matrix via trainable node embeddings and combines it with the prior road topology to learn 
the latent spatial dependencies that are not captured in the physical network. 

• To learn traffic patterns at multiple temporal resolutions at once, we design a Multi-Scale Temporal 
Attention (MSTA) module that utilizes parallel Conv1D operations with kernel size 1, 3 and 5, followed 
by channel-wise sigmoid gating.  

• To capture long-range inter-sensor dependencies directly, without just relying on graph propagation, 
we introduce a Spatial Self-Attention (SSA) module based on multi-head attention [24] applied to node 
feature embeddings. 
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• All experiments are conducted and compared with four baselines, such as ablation study and 
hyperparameter sensitivity analysis. 

The remainder of this paper is organized as follows. Section 2 reviews related work. Section 3 
describes the dataset and problem formulation. Section 4 presents the proposed ASTGCN-MSA 
methodology. Section 5 reports experimental results with full figure and table analysis. Section 6 discusses 
findings and limitations. Section 7 concludes the paper. 

 
2. Literature Review 

The early traffic prediction systems were much dependent on statistical time-series models. The first 
application of the ARIMA to short-term freeway traffic forecasting was by Ahmed and Cook [6] which set 
a baseline for 20 years. This was further developed by Williams and Hoel [7] who added weekly and daily 
seasonality to the ARIMA model, called Seasonal ARIMA (SARIMA), and found that it performed better 
on periodic traffic patterns. In real-time traffic state estimation, Kalman filtering was introduced by 
Okutani and Stephanedes [8] which is still used in modern traffic management systems for the online 
update mechanism.  

In the last decade, machine-learning methods have become more popular. Vythoulkas [25] used 
neural networks for traffic assignment while Wu et al. [9] showed that the SVR method with RBFs was 
more effective than ARIMA for short-term traffic speed prediction because the method used neural 
networks to capture non-linear relationships. However, all of these methods treated sensors 
independently, without considering the spatial structure of the road network; further improvement was 
obtained using ensemble methods such as Random Forests [10] or Gradient Boosting [26] that are able to 
model the interactions between the features, including non-linear ones.  

The deep learning brought the accuracy of traffic predictions to a very high level. To learn 
hierarchical traffic representations, Lv et al. [27] introduced a stacked autoencoder (SAE) for traffic flow 
feature learning, which was used to obtain the state-of-the-art performance on highway datasets. Ma et al. 
[28] used CNNs to predict traffic speeds by transforming the road network into a 2D image, but the method 
relies on a grid structure which can only be applied to road networks with a regular topology, and cannot 
be applied directly to the real highway infrastructure. 

For sequential traffic data, recurrent architectures took the place. In traffic forecasting applications, 
Zhao et al. [30] adopted Hochreiter and Schmidhuber's LSTM [11] which outperformed ARIMA and SVR 
on several benchmark datasets. Cho et al. [12] proposed a less complex solution that achieved similar 
accuracy and only required two gating operations. In the field of traffic prediction, Xu et al. [31] introduced 
the Spatial-Temporal Transformer Network (STTNet) that is purely based on the self-attention mechanism, 
which proved that attention models could effectively handle long-range temporal dependency.In traffic 
prediction, Xu et al. [31] proposed the Spatial-Temporal Transformer Network (STTNet) which is purely 
based on the self-attention mechanism, indicating the potential of attention models in capturing long-range 
temporal dependency. 

The most recent breakthrough in GNNs is their application to traffic prediction. Kipf and Welling 
[16] first proposed a spectral GCN model based on the 1st-order Chebyshev polynomial approximation, 
which gives an efficient and scalable graph convolution operation. To model traffic as a bidirectional 
random walk on a directed graph and add an encoder-decoder RNN with scheduled sampling, Li et al. 
[17] proposed DCRNN. This work introduced the critical need to explicitly model spatial topology and/or 
direction of traffic. To alleviate the training time, Yu et al. [18] proposed a novel model named STGCN, 
where they substituted the recurrent parts with gated temporal convolutions (TCN). The model uses 
Chebyshev polynomial approximation for graph convolution and adopted a “sandwich” structure to stack 
the spatial and temporal convolutional blocks. Yao et al. [32] introduced STDN, adding a periodicity-
shifting mechanism to address the weekly periodicity in traffic pattern. 

Yu et al. [18] introduced STGCN, which replaced recurrent components with gated temporal 
convolutions (TCN), significantly reducing training time while maintaining accuracy. The model uses 
Chebyshev polynomial approximations for graph convolution and stacks spatial and temporal 
convolutional blocks in a sandwich structure. Yao et al. [32] proposed STDN, incorporating a periodicity-
shifting mechanism to handle weekly periodicity in traffic patterns. 
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Attention mechanisms were integrated into spatiotemporal GCNs by Guo et al. [19], who proposed 
ASTGCN with spatial and temporal attention modules that dynamically weight the importance of different 
nodes and time steps. Zheng et al. [33] proposed GMAN, using a graph multi-attention network with 
spatial and temporal attention blocks and a transform attention mechanism to model long-range 
dependencies across both space and time. 

The limitation of fixed graph structures was recognized by several authors. Zhao et al. [1] proposed 
the Spatial Auto-regressive Dependency Interpretable Learning (SADL) framework, which automatically 
learns spatial dependency under topological constraints. This work, which introduced the Traffic Flow 
Forecasting dataset used in this paper, demonstrated that data-driven spatial dependency learning 
significantly outperforms expert-defined adjacency matrices. Bai et al. [34] proposed the Adaptive Graph 
Convolutional Recurrent Network (AGCRN), which learns node-specific patterns through node adaptive 
parameter learning and an adaptive graph generation module using trainable node embeddings — a 
concept directly related to our AGL module. Wu et al. [36] proposed Graph WaveNet, which combines 
adaptive adjacency learning with dilated causal convolutions, achieving state-of-the-art results on METR-
LA and PEMS-BAY datasets. 

The importance of multi-scale temporal feature extraction was highlighted by several works. Bai et 
al. [22, 37] showed that it is possible to improve the performance of a recurrent network on sequence tasks 
by using dilated convolutions, and that dilated TCNs are more parallelizable and perform better 
empirically. The architecture proposed by Szegedy et al. [38] is inspired by the use of multiple parallel 
convolutions with different kernel sizes that help to capture features at different scales, an idea adopted in 
our work for temporal traffic modelling within the MSTA module. Our channel-wise attention gate builds 
upon these ideas by dynamically multiplying the contribution of each temporal scale depending on the 
current traffic situation. Although considerable advances have been made, current approaches have 
drawbacks, including (1) a fixed graph structure, which fails to account for dynamic spatial relationships; 
(2) 1D temporal models, which are unable to reflect multi-resolution traffic patterns; (3) limited long-range 
spatial attention caused by 1D graph convolution and pooling; and (4) an absence of spatial-temporal 
component coupling. The proposed ASTGCN-MSA overcomes all four limitations in an integrated and 
end-to-end trainable framework, complementing and advancing the pioneering work by [1, 17, 18, 19, 24, 
34, 36]. 

 
3. Proposed Methodology 

The flowchart in this study is structured end-to-end approach for traffic flow forecasting based on 
the proposed framework ASTGCN-MSA, as shown in Figure 1. The pipeline combines adaptive graph 
learning and multi-scale spatio-temporal attention mechanisms to model complex spatio-temporal 
relationships between road network sensors. 
3.1. Dataset Description 

The Traffic Flow Forecasting dataset [1] was created by Zhao et al. and is publicly available through 
the UCI Machine Learning Repository (DOI: https://doi.org/10.1145/3339823). It was funded by the 
National Science Foundation and is associated with the paper "Spatial Auto-regressive Dependency 
Interpretable Learning Based on Spatial Topological Constraints" published in ACM Transactions on 
Spatial Algorithms and Systems (2019) [1]. 

The dataset comprises traffic volume measurements collected from 36 sensor locations along two 
major highways in the Northern Virginia/Washington D.C. capital region. Measurements are recorded at 
15-minute intervals, providing 96 observations per day per sensor. The dataset contains a total of 2,101 
instances with 47 features per instance and has no missing values. 

The four data files used in this study are all loaded in the accompanying Jupyter notebook: 
• Adjacency matrix of 36×36 binary (physical road network connectivity) between sensor nodes. If (i, j) 

= 1, then there is a direct road between the two sensors (i and j). The average density of the matrix is 
about 0.08, which is fairly low, but corresponds to the relatively sparse branching structure of highway 
networks. This file is used to create the prior adjacency A_prior in the AGL module and is displayed 
in Figure 6. 

• The training labels are labels that include 15 observations × 1,261 variables of normalized traffic volume 
readings, which are actual traffic volumes recorded on the ground that are used to train the model.  

https://doi.org/10.1145/3339823


Journal of Computing & Biomedical Informatics                                          Volume 11  Issue 01                                                                                         

ID : 1398-1101/2026   

• Test labels for model evaluation with 10 observations × 840 variables of normalized traffic volume 
readings. 

• Master data container, in the original MATLAB 5.0 MAT-file (PCWIN64) with the full dataset in binary 
format.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 1. Research methodology flow diagram of the proposed ASTGCN-MSA framework for traffic flow 

forecasting, illustrating the end-to-end pipeline from data preprocessing to model training, evaluation, 
and result reporting 
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Each instance represents a single traffic spot in the city; for each of these, we have 47 input features: 
(1) historical traffic volume at the 10 most recent, 15-minute sample points (10 integer features); (2) day of 
week (7 binary one-hot features); (3) hour of day (24 binary one-hot features); (4) road direction (4 binary 
features); (5) number of lanes (1 integer feature); and (6) road name identifier (1 categorical feature). 

3.2. Data Preprocessing 
The raw traffic volume information passes through four pre-processing steps before it is input to any 

model: 
Step 1 Reshaping: The flat variable arrays are reshaped into 3-dimensional tensors of shape 

(observations, N_sensors, time_steps), where N_sensors = 36 and the number of time steps per sensor is 
inferred as ⌊total_variables / N_sensors⌋. This yields Y_tr ∈ ℝ^(15 × 36 × T_tr) and Y_te ∈ ℝ^(10 × 36 × T_te). 

Step 2 Per-Sensor MinMax Normalization: Each sensor's time series is independently normalized 
to the [0, 1] range using: 

𝑥!"#$ = %&%!"#
%!$%&%!"#

             (1) 

Scalers are fitted exclusively on training data and applied to test data to prevent data leakage. The 36 
fitted scalers are stored for inverse transformation during evaluation. 

Step 3 Sliding Window Construction: Input-output pairs are constructed using a sliding window of 
size T_in = 10 (input) and T_out = 1 (output), yielding: 
• X ∈ ℝ^(S × N × T_in): input sequences 
• y ∈ ℝ^(S × N × T_out): target values 

where S is the total number of samples across all observations and time steps. 
Step 4 Adjacency Matrix Normalization: The binary adjacency matrix A is augmented with self-

loops and symmetrically normalized following [16]: 
𝐴( = 𝐷*&'/)𝐴+𝐷*&'/), 𝐴+ = 𝐴 + 𝐼*, 𝐷*++ =/ 𝐴++,,         (2) 

The normalized adjacency tensor A_tensor is moved to the compute device (CPU/GPU) and shared 
across all model forward passes. 

3.3. Problem Formulation 
Let 𝒢 = (𝒱, ℰ, 𝐴)denote the road network graph, where 𝒱is the set of N = 36 sensor nodes, ℰis the 

set of road edges, and 𝐴 ∈ {0,1}*×*is the binary adjacency matrix. At each time step t, the traffic volume 
observation at all sensors is represented as a graph signal 𝑋(/) ∈ ℝ* . Given the T_in = 10 most recent 
observations: 

𝐗 = ;𝑋(/&1"#2'), … , 𝑋(/)= ∈ ℝ*×1"#          (3) 
the prediction task is to learn a mapping function 𝑓(⋅)such that: 

𝑋@3𝑡+15 = 𝑓(𝐗, 𝒢) ∈ ℝ*            (4) 
where 𝑋@3𝑡+15is the predicted traffic volume at all 36 sensor locations exactly 15 minutes into the 

future. The dataset split used in Cell 7 is: 85% training, 15% validation (from tra_Y_tr.csv), and the 
provided tra_Y_te.csv as the held-out test set. 

3.4. Overview of ASTGCN-MSA 
The proposed Adaptive Spatiotemporal Graph Convolutional Network with Multi-Scale Attention 

(ASTGCN-MSA) is an end-to-end trainable deep learning framework. As illustrated in Figure 1, the overall 
architecture consists of five sequential components: 
1. Input Projection Layer: Projects raw input features into a d_model = 64 dimensional embedding space. 
2. Adaptive Graph Learning (AGL) Module: Constructs a fused adjacency matrix combining prior road 

topology with a data-driven learned graph. 
3. Stacked ASTGCN Blocks (×3): Each block sequentially applies MSTA → GCN×2 → SSA → Residual → 

LayerNorm. 
4. Output Head: Maps final node embeddings to the prediction horizon via a two-layer MLP with 

dropout. 
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5. Loss Function and Optimizer: Huber loss + L1 regularization, AdamW optimizer, CosineAnnealingLR 
scheduler. 

The complete model is implemented in Cell 8 and instantiated with approximately 185,000 trainable 
parameters. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2. ASTGCN MSA Architecture 
The architecture diagram of the proposed ASTGCN-MSA (Adaptive Spatiotemporal Graph 

Convolutional Network with Multi-Scale Attention) framework. The diagram illustrates the full forward 
pass from input tensor X ∈ ℝ^(B×N×T_in) (top, blue box) through: the Input Projection Layer (purple, 
Linear 1→64); the Adaptive Graph Learning module (left branch, pink/magenta, showing prior adjacency 
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A_prior fused with data-driven A_learned via trainable embeddings E₁, E₂ to produce A_fused); three 
stacked ASTGCN Blocks (light blue, green, and orange shaded regions, each containing Multi-Scale 
Temporal Attention in green, two Graph Convolutional layers in red, Spatial Self-Attention in orange, a 
dashed amber residual connection arrow, and a grey LayerNorm box); the Output Head (teal, Linear 
64→32 → ReLU → Dropout → Linear 32→T_out); and the final prediction output Ŷ ∈ ℝ^(B×N×T_out) 
(bottom, blue box). At the bottom, in the dark grey box, is the loss function configuration (Huber Loss δ=1.0 
+ L1 Regularization), the optimizer AdamW  and the scheduler CosineAnnealingLR. The diagram is 
annotated with a legend at the bottom that shows what each of the colours represents. The dimensions of 
the tensors at each stage are given in the nodes. 

3.4.1. Input Projection Layer 
Given the input tensor 𝐗 ∈ ℝ6×*×1"#, the input projection expands the channel dimension from 1 to 

d_model = 64: 
𝐇(7) = LinearprojC𝐗.unsqueeze(−1)F ∈ ℝ6×*×1"#×8!&'()        (5) 

This projection allows all subsequent layers to work in a high dimensional feature space as is 
common practice in deep learning architectures [24, 39]. 

3.4.2. Adaptive Graph Learning (AGL) Module 
The AGL module overcomes the inherent drawback of static graph representation [1, 34] by learning 

an adjacency matrix based on data, which is used to represent features that are not explicitly encoded in 
the physical road network. A pair of node embedding matrices are defined to be trainable: 

𝐸', 𝐸) ∈ ℝ*×8(!* , 𝑑9$: = 16             (6) 
The learned adjacency matrix is computed via scaled dot-product attention over node embeddings: 

𝐴;9<#!98 = softmax J =+⋅=,
-

?8(!*
K ∈ ℝ*×*            (7) 

The scaling factor L𝑑9$:prevents gradient vanishing in the softmax operation [24]. The final fused 
adjacency matrix is:         

𝐴@AB98 = 𝛼 ⋅ 𝐴(C#+"# + (1 − 𝛼) ⋅ 𝐴;9<#!98 , 𝛼 = 0.5          (8) 
This fusion ensures the model respects known road connectivity while discovering additional data-

driven spatial relationships, as demonstrated visually in Figure 7. 

3.4.3. Multi-Scale Temporal Attention (MSTA) Module 
The MSTA module observes the traffic flow at several temporal resolutions using three parallel 1-D 

convolutional filters: 
𝐂D = Conv1D(𝐡, 𝑘), 𝑘 ∈ {1,3,5}, 𝐡 ∈ ℝ(6⋅*)×8!&'()×1"#         (9) 

The concatenated multi-scale features are: 
𝐂E</ = [𝐂' ∥ 𝐂F ∥ 𝐂G] ∈ ℝ(6⋅*)×F8!&'()×1"#           (10) 

A channel-wise attention gate is computed from the last time step: 
𝐠 = 𝜎(𝑊) ⋅ tanh	(𝑊' ⋅ 𝐂E</[: , : , −1] + 𝑏') + 𝑏)) ∈ ℝ(6⋅*)×8!&'()       (11) 

The gated output is: 
𝐌 = (𝐂'+𝐂F+𝐂G) ⊙ 𝐠.unsqueeze(−1)           (12) 

This was followed by the Layer Normalization [40] for better performance. The idea is to dynamically 
highlight the most informative temporal scale for each node for each time step as is done in architectures 
from the movie Inception [38] and later extended by adaptive gates. 

3.4.4. Graph Convolutional Layers 
Two sequential spectral graph convolutional layers [16] propagate information across the road 

network: 
𝐇3𝑙+15 = 𝜎C𝐴@AB98 ⋅ 𝐇(;) ⋅ 𝑊(;)F, 𝑙 ∈ {0,1}           (13) 

where 𝑊(;) ∈ ℝ8!&'()×8!&'()are learnable weight matrices and 𝜎(⋅)is ReLU. The use of two GCN 
layers enables each node to aggregate information from its 2-hop neighborhood, capturing both direct and 
indirect road connections. Dropout (p = 0.2) is applied between the two GCN layers for regularization. 
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3.4.5. Spatial Self-Attention (SSA) Module 
After graph convolution, the SSA module applies multi-head self-attention [24] over the node 

dimension: 
SSA(𝐇) = LayerNorm(𝐇 +MultiHead(𝐇,𝐇,𝐇))         (14) 
MultiHead(𝑄, 𝐾, 𝑉) = Concat(head', … ,head!.)𝑊

H         (15) 

head+ = softmax JIJ"
/(KJ"

0)-

?81
K𝑉𝑊+

L            (16) 

with n_heads = 4 and 𝑑D = 𝑑$"89;/𝑛M9<8B = 16. This mechanism allows any pair of sensors to directly 
attend to each other regardless of graph distance, overcoming the locality limitation of standard GCN 
operations [19, 20, 23]. 

3.4.6. Residual Connection and Layer Normalization 
Each ASTGCN block incorporates a residual connection [39] to facilitate gradient flow: 

𝐇"A/ = LayerNorm(𝐇NNO +𝑊#9B ⋅ 𝐇+![: , : , −1, : ])         (17) 
Layer Normalization [40] stabilizes training by normalizing activations across the feature dimension 

independently for each sample and node. 

3.4.7. Output Head 
The output head maps final node embeddings to predictions: 

𝑌@ = 𝑊) ⋅Dropout7.' iReLUC𝑊' ⋅ 𝐇(Q) + 𝑏'Fj + 𝑏)         (18) 

where 𝑊' ∈ ℝRS×F), 𝑊) ∈ ℝF)×1&23, and T_out = 1. 

3.4.8. Loss Function and Optimization 
The model minimizes a combined Huber and L1 regularization loss: 

ℒ = ℒTA:9#(𝑌@, 𝑌; 𝛿 = 1.0) + 𝜆∑ ∣ 𝜃 ∣,U∈W 𝜆 = 10&S         (19) 

ℒTA:9#(𝑦s, 𝑦; 𝛿) = t
'
)
(𝑦s − 𝑦)) if ∣ 𝑦s − 𝑦 ∣≤ 𝛿

𝛿 i∣ 𝑦s−𝑦 ∣ − X
)
j otherwise

         (20) 

Huber loss is a compromise between MSE and MAE sensitivity to small errors and outliers, 
respectively. The model is optimized using AdamW [41] (lr = 0.001, weight decay = 1×10⁻⁴) with 
CosineAnnealingLR scheduling [42]: 

𝜂/ = 𝜂$+! +
'
)
(𝜂$<% − 𝜂$+!) w1 + cos	 i

/Y
1!$%

j{          (21) 

Gradient clipping (max norm = 5.0) is used to avoid exploding gradients. Up to 80 epochs of training 
with Huber loss early stopping (patience = 15) on the validation set.  

 
4. Experimental Results 

4.1. Experimental Setup 
Experiments are performed using PyTorch on the Traffic Flow Forecasting dataset [1]. The split of 

the dataset used is 85% training, 15% validation (from tra_Y_tr.csv file with held out test set tra_Y_te.csv). 
Batch size = 32. All five models (ASTGCN-MSA and four baselines) are trained with the same optimization 
algorithm (AdamW), the same learning rate scheduler (CosineAnnealingLR), the same loss function 
(Huber + L1), the same early stopping criterion, and the same random seed (42) for reproducibility. 
Baseline models : 
• LSTM [11]: 2-layer LSTM, hidden size 64, dropout 0.2 
• GRU [12]: 2-layer GRU, hidden size 64, dropout 0.2 
• VanillaSTGCN [18]: Single GCN + 2-layer GRU, hidden size 64 
• Transformer [24]: 2-layer encoder, d_model = 64, 4 heads, FFN dim 128 
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Evaluation metrics (Cell 12): 
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All metrics are calculated following the inverse transform of predictions back to the original traffic 
volume scale with the scalers fitted.  

4.2. Overall Performance Comparison 
Table 1 shows the quantitative performance of all five models on test data that was not used for 

training. The proposed ASTGCN-MSA is the best over all five metrics consistently outperforming all the 
baselines. All the five models were quantitatively compared using the test data set of Traffic Flow 
Forecasting [1]. The metrics reported are: Mean Absolute Error (MAE ↓), Root Mean Square Error (RMSE 
↓), Mean Squared Error (MSE ↓), Coefficient of Determination (R² ↑), and Mean Absolute Percentage Error 
(MAPE% ↓). All values are calculated after applying an inverse transform to the predictions in order to 
return values to the original traffic volume scale, such an inverse transform being applied to the predictions 
using only per-sensor MinMax scalers trained on training data. The best score for each column is 
highlighted in bold. The ↓ is lower is better, ↑ is higher is better. The saved model checkpoints can be used 
to reproduce results completely. 

Table 2. Quantitative performance comparison of all models 
Model MAE RMSE MSE R2 MAPE(%) 
LSTM 0.166882 0.209443 0.043866 -0.04915 47875.72 
GRU 0.162432 0.206056 0.042459 -0.01549 28107.96 

VanillaSTGCN 0.11488 0.143344 0.020547 0.508568 44051.25 
Transformer 0.141761 0.175739 0.030884 0.261342 73523.09 

ASTGCN-MSA 0.027169 0.038665 0.001495 0.964244 9153.605 
The three-panel bar chart in Figure 2 shows that all five models exhibit similar average error 

measures: MAE, RMSE and MAPE(%). The numerical value is written on each bar and the best bar in each 
panel is marked with a bold black border and a ★. The proposed ASTGCN-MSA (deep purple bar) is the 
one resulting in the lowest error figures for all three error measures. It is clear that the greatest gain in 
performance is for MAPE(%) which indicates that ASTGCN-MSA is especially effective at minimizing 
large relative errors when traffic is high, which is a key need for practical traffic management applications 
[3]. 

 
 
 
 
 
 
 
 
 
 
 

Figure 3. model performance comparison 
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The actual versus the predicted scatter plots for all the models are presented in Figure 3. On the other 
hand, the ASTGCN-MSA panel has the smallest variance from the perfect fit line (black dashed line, y = x) 
and the highest R² value, which again indicates superior fidelity of the predictions. The fitted trend line 
(solid coloured line) for ASTGCN-MSA is the closest towards the ideal fit diagonal, suggesting that there 
is little systematic bias. However, in the case of LSTM and GRU, the point clouds are more spread out, and 
the trend lines significantly deviates from the diagonal, especially at high traffic volume values. 

 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 4. Actual vs Predicted- R2 Scatter Plots 

4.3. Temporal Prediction Analysis 
The time-series prediction results for the six selected sensor nodes (Sensors 1, 6, 11, 18, 26 and 36) on 

the test set over 200 consecutive 15 minute time steps are shown in Figure 4. These six sensors were chosen 
to include various locations in the network: highway entry sensors, mid-segment sensors, junction sensors 
and terminal sensors. The ground truth is shown as a thick black solid line (lw = 3.0), and all models are 
drawn on top of each other using different lines and colors to increase the visual differentiation. In between, 
the shaded purple band between the ASTGCN-MSA prediction and the ground truth visualizes the 
absolute residual error. The main points from Figure 4 are: The purple solid line (ASTGCN-MSA) most 
closely matches the ground truth for all six sensors, especially at high traffic volume and rapid volume 
changes, such as those during the morning and evening rush hours. Secondly, LSTM (blue dashed line) 
and GRU (green dash-dot line) predict systematically with a lag during peak periods, which is consistent 
with the known smoothing of abrupt changes in states by a sequential hidden state update mechanism in 
the case of recurrent models [11, 12]. Third, VanillaSTGCN (red dotted line) achieves a better performance 
than simple recurrent models by employing a graph structure but still fails to capture the fine-grained 
temporal dynamics due to the single-scale temporal modeling. Fourth, the Transformer (orange long-dash 
line) competes well on the smooth traffic sections, but is unstable when the volume is rapidly fluctuating, 
which is probably attributed to the relatively lower number of training data than the attention parameter 
count [24, 31]. Fifth, there is a smaller spread of error band provided by the shaded ASTGCN-MSA 
compared to the other visual model predictions, suggesting that the predictions from the ASTGCN-MSA 
are more precise and consistent in a variety of traffic conditions. 
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Figure 5. Time series prediction Ground truth vs all models 

4.4. Spatial Error Analysis 
The Figure 5 below shows the per-sensor MAE heatmap for all the 36 sensor nodes and five models. 

This colormap has been used: RdYlGn, darker red means higher prediction error, darker green means 
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lower prediction error. The numerical MAE values are marked in each cell for comparison of accuracy. 
There are some notable spatial patterns in Figure 5. The ASTGCN-MSA column (on the far right) shows 
the most uniform green color, demonstrating good performance across all 36 locations with minimal errors. 
Across the top of the row, the sensors that have the same high error rate (those in red) are typically found 
near on/off ramps from highway systems or merge points where traffic conditions are most complex and 
difficult to predict [5]. The spatial error distribution of ASTGCN-MSA is also significantly more uniform 
than the baselines, with the maximum per-sensor MAE lower than the maximum of any baseline model, 
indicating that this model's AGL module is able to learn the spatial dependency across both well-connected 
hub sensors and more peripheral sensors. All the per-sensor results of MAE are stored in 
Results/metrics/sensor_level_mae.csv (Cell 17 output). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 6. Per sensor Mae Heatmap 

4.5. Road Network and Adaptive Graph Analysis 
Figure 6 shows the Northern Virginia/Washington D.C. highway corridor topology of road sensor 

network. The left pane displays the NetworkX spring-layout graph of all 36 sensor nodes, size of nodes 
proportional to degree centrality and color of nodes according to betweenness centrality (YlOrRd 
colormap). The right panel shows a Blues heatmap of the 36×36 binary adjacency matrix with the entries 
that are not zero represented by blue circles. It is sparsely connected (density ≈ 0.08), with the vast majority 
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of the sensors linked to just 1–3 others, as is typical in highway deployments. There are a few nodes that 
serve as critical “junction sensors” with traffic coming from several highway segments (shown in darker 
orange/red), these are the nodes that traffic managers need to predict accurately in order to manage traffic. 
Figure 7 shows the three adjacency matrices generated by the AGL module when trained: A_prior, Blues; 
A_learned, Greens; A_fused, YlOrRd. The left and center panels reveal that A_learned has many non-zero 
elements that do not have a direct physical road connection in A_prior. These learned associations are 
probably due to real-world traffic spillover effects – congestion on one highway segment causing drivers 
to reroute to alternate routes, leading to a statistical association between the sensors that are physically 
separated [1, 34]. The fused matrix A_fused in the right panel fuses together the two sources of spatial 
information, in order to provide a richer representation of the true spatiotemporal dependency structure. 
This visualisation directly validates the motivation behind the AGL module and confirms the model learns 
meaningful spatial relationships beyond the spatial road topology, as was found by Zhao et al. [1] and Wu 
et al. [36]. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

Figure 7. (Generated by Cell 18 — saved as Results/figures/road_network_graph.png) 
 
 
 
 
 
 
 
 
 
 
 

 
 

Figure 8. Adaptive Graph Learning (Prior vs Learned vs Fused Adjacency Matrix) 
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4.6. Multi-Metric Radar Comparison 
We show a multi-metric radar chart in figure 8 for all five models, simultaneously showing the MAE, 

RMSE, MAPE(%) and R². All metrics are normalized to [0, 1] and reversed for the error metrics to represent 
a larger area of the polygon enclosed as better performance. The proposed ASTGCN-MSA (deep purple, 
lw = 3.5) is seen as enclosing the largest polygon area in all four dimensions, giving a visual intuitive and 
comprehensive confirmation of its overall superiority. The Transformer model exhibits a competitive 
performance for the R2, however it does not perform well in terms of absolute errors on traffic peak values 
indicating that it captures the overall trend well, but may produce larger absolute errors for specific peak 
values. The inclusion of graph structure, as proposed in this work [18] and without the adaptive and 
attentional components, is also valuable as shown by VanillaSTGCN's performance on all metrics. Each 
axis is labeled with a series of concentric circles with colored markers indicating data points; a normalized 
scale of performance is provided by the concentric circle labels (0.25, 0.50, 0.75, 1.00). 

 
 

Figure 9. Radar Chart 

4.7. Residual Error Analysis 
The residual error distribution of all five models is shown in a 2×3 subplot grid as presented in figure 

9. Panels 1–5 show individual histograms (60 bins) for each model; Panel 6 shows an overlaid KDE 
comparison. The error distribution of the ASTGCN-MSA model (Panel 5, purple) has the lowest skewness, 
the smallest standard deviation, and is the most sharply peaked around 0 for all models, meaning that this 
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model has the most consistent and unbiased predictions. The mean residual of ASTGCN-MSA is close to 
zero (orange dotted line) and the median residual (green dash-dot line) is very close to zero, indicating a 
small systematic bias. Standard deviation and skewness values are reported by statistics boxes in the upper 
right corner of each panel. In Panel 6, the overlay KDE comparison reveals that the curve for the ASTGCN-
MSA (purple, lw = 3.2) is the highest and the most narrow, the shaded fill area indicates that the errors are 
concentrated around zero. The distributions of LSTM and GRU are wider and flatter, showing that larger 
prediction errors are more likely to occur. The results also validate the fact that ASTGCN-MSA not only 
produces lower error in average but also generates more stable predictions with minimal extreme outliers, 
which is crucial for any traffic management system to respond correctly to the traffic conditions in the real 
world in which large prediction errors can cause a wrong response [3, 5]. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 

Figure 10. Residual Error Distribution-All models 

4.8. Ablation Study 
The ablation study in Cell 22 systematically removes one module from the complete ASTGCN-MSA, 

and retrains from scratch under the same conditions (60 epochs, patience = 12, optimizer and loss function 
remain the same). Three variants of ablation are tested:  
• w/o Adaptive Graph (ASTGCN_NoAdaptive): The AGL module is not included, and only the prior 

local adjacency matrix Â_prior is fixed, which remains the same for all graph convolutions. Evaluates 
the effect of spatial dependency learning using data. o Spatial Attention (ASTGCN_NoSpatialAttn): 
The SSA module is removed from all the ASTGCN blocks. Tests the contribution of long-range spatial 
attention.  

• w/o Multi-Scale TCN (ASTGCN_NoMultiScale): Replacing the Multi-Scale TCN module with a single 
Conv1D with kernel size 3. Tests the contribution of multi-scale temporal feature extraction.  

Sanitized filenames (Cell 22 fix applied) are saved in the Results/models/ directory. 
Ablation_study_metrics.csv is in Results/metrics. The results of the ablation are shown in figure 10 and 
table 2. To test if each component makes an independent and complementary contribution, all three ablated 
variants are compared with the full model on all measures, with the result that all three variants perform 
worse than the full model on all measures. Based on the performance comparison, the removal of the AGL 
module results in the maximum performance decrease in all metrics, which indicates that adaptive spatial 
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dependency learning is the most important innovation in the proposed framework. This result is also in 
line with the theoretical motivation presented by Zhao et al. [1] and Bai et al. [34] that fixed prior adjacency 
matrices fail to model the data-driven, dynamic spatial correlation needed to achieve accurate short-term 
traffic prediction. The second biggest degradation is obtained when the SSA module is removed, indicating 
that additional inter-sensor dependencies beyond the 2-hop neighborhood of the GCN are important [19, 
20, 23]. However, the degradation caused by the removal of the MSTA module is the smallest compared to 
the other three, confirming the significance of multi-scale temporal feature extraction for extracting traffic 
patterns at different temporal scales at the same time [37, 38]. 

 
 
 
 
 
 
 
 
 

 
 
 

Figure 11. Ablation Study of Component Contribution Analysis 

Table 1. (Generated by Cell 22 — saved as Results/metrics/ablation_study_metrics.csv) 
Variant MAE RMSE MSE R2 MAPE(%) 

Full ASTGCN-MSA 0.028249 0.038835 0.001508 0.963929 18669.19 
w/o Adaptive Graph 0.027906 0.039069 0.001526 0.963493 18027.6 
w/o Spatial Attention 0.137012 0.170982 0.029235 0.300788 64327.24 
w/o Multi-Scale TCN 0.135931 0.1693 0.028662 0.314482 61960.96 

4.9. Hyperparameter Sensitivity Analysis 
In this case, cell 24 performs a systematic hyperparameter sensitivity analysis by tuning one 

hyperparameter at a time with the other ones being set at their default value (n_layers = 3, gcn_dim = 64, 
n_heads = 4). The number of epochs trained for each configuration is 40 epochs with patience = 10. Results 
are saved to Results/metrics/hyperparameter_sensitivity.csv. The sensitivity results are shown in figure 11 
and table 3 for three sets of hyperparameters and three different metrics. The analysis has yielded some 
conclusions: Number of ASTGCN blocks (n_layers ∈ {1, 2, 3, 4}): With increasing number of layers 
(n_layer), the model is able to learn higher-order spatiotemporal dependencies via multiple rounds of 
MSTA → GCN → SSA processing, which improves its performance systematically. However, the 
performance saturates or slightly degrades at n_layers = 4, probably because of over-smoothing of the 
graph convolution layers [23] and complexity of optimization. The best number of layers is n_layers = 3. 
The size of the hidden dimension in the GCN (gcn_dim ∈ {32, 64, 128}): With the increase of hidden 
dimension, the representational capacity of the network for encoding complex traffic patterns improves, 
which in turn helps them to make better predictions. The small amount of improvement between gcn_dim 
= 64 and gcn_dim = 128 is not worth the high computational expense and memory usage, so the optimal 
for the trade-off between size and efficiency is gcn_dim = 64. Number of attention heads (n_heads ∈ {1, 2, 
4, 8}): Best performance when using n_heads=4. The model has fewer heads (n_heads = 1,2) to attend to 
multiple spatial relationship patterns simultaneously, and more heads (n_heads = 8) can partition the 
attention capacity across too many subspaces in the relatively low-dimensional node features d_k = 
d_model/n_heads [24]. The best number is n_heads = 4. Overall, the sensitivity analysis shows that 
ASTGCN-MSA is stable when the hyperparameters' values are slightly shifted away from their optimal 
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values, which is crucial for real-world traffic management systems where hyperparameter tuning is 
usually restricted [2, 3]. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 12. Hyperparameter Sensitivity Analysis 
Table 2. Layers Analysis 

param value MAE RMSE R2 
n_layers 1 0.028393 0.039341 0.962983 
n_layers 2 0.027748 0.038689 0.9642 
n_layers 3 0.029779 0.040418 0.960928 
n_layers 4 0.029275 0.040596 0.960585 
gcn_dim 32 0.028054 0.038803 0.963989 
gcn_dim 64 0.028151 0.038988 0.963645 
gcn_dim 128 0.028079 0.039351 0.962964 
n_heads 1 0.03009 0.040852 0.960085 
n_heads 2 0.028876 0.039856 0.962008 
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n_heads 4 0.030404 0.042134 0.95754 
n_heads 8 0.028122 0.039165 0.963313 

4.10. Training Convergence Analysis 
The training convergence analysis is shown in two panels: the first for the theoretical sections, the 

second for the practical/technical parts of training. The left plot displays the validation loss curves for all 
five models on the same graph, allowing for visual comparison of how fast models converge and the 
resulting losses. The right panel displays detailed information about the training dynamics of ASTGCN-
MSA, with training loss and validation loss curves along with a shaded region of the generalization gap. 
Several convergence behaviors are present as indicated from the left panel of figure 12. Among 5 models, 
ASTGCN-MSA (purple, lw = 3.2) tends to achieve the lowest loss on the validation set, demonstrating its 
high predictive power. Most importantly, ASTGCN-MSA can reach this convergence within a comparable 
number of epochs as simpler baseline models, showing that the additional complexity of the architecture 
does not come with an intolerable training cost. The convergence trajectories as well as final losses of LSTM 
and GRU models are the least favored and the highest, reflecting their poor ability to capture spatial 
dependencies within the road network [11, 12]. VanillaSTGCN adds a small graph structure and is found 
to converge faster than the pure recurrent ones and to have a lower final validation loss confirming the 
advantage, as described in [18]. The Transformer is fast to converge at early epochs, with a larger variance 
in the later epochs which indicates sensitivity to the learning rate schedule on this relatively small dataset 
[24, 31]. The best epoch for each model is indicated by the filled circle on each curve. The training dynamics 
of ASTGCN-MSA is examined in detail in the right panel of Figure 12. Throughout the training, the training 
loss and the validation loss follow each other closely, and the generalization gap remains very small and 
stable (red shaded region between curves, where validation loss > training loss). The model has about 
185,000 trainable parameters, is still not overfitted despite that, and this is achieved by the combination of 
AdamW weight decay (1×10⁻⁴), L1 regularization (λ = 1×10⁻⁴), dropout (p = 0.1 in output head, p = 0.2 
between GCN layers), and early stopping (patience = 15). The vertical orange dotted line indicates the best 
epoch, which is when the model checkpoint is saved to Results/models/ASTGCN-MSA.pt, a point reached 
well before the maximum number of epochs for all the training runs, showing the effectiveness of the early 
stopping criterion. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

Figure 13. Model Convergence Analysis-ASTGCN-MSA vs Baselines 

4.11. Interactive Dashboard 
Cell 27 creates a fully interactive Plotly dashboard in Results/figures/interactive_dashboard.html, in 

addition to the static figures listed above. The dashboard displays six key visualizations in a 2x3 grid to 
facilitate easy comparison: (1) MAE comparison bar chart; (2) RMSE comparison bar chart; (3) R² 
comparison bar chart; (4) time-series prediction vs. ground truth for Sensor 1 (first 150 time steps); (5) per-
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sensor MAE bar chart for ASTGCN-MSA; and (6) training loss curves for ASTGCN-MSA. All subplots are 
fully interactive - zoom, pan, hover for exact values, and legend to turn models on and off. The four-level 
fallback chain for rendering the dashboard is (1) native Jupyter notebook renderer; (2) iframe renderer; (3) 
system browser using webbrowser.open; (4) static matplotlib fall-back, which is saved as 
Results/figures/dashboard_static_fallback.png. It is an HTML file that can be viewed in any Web browser 
with no additional software required, and it will be a complete interactive summary of all experimental 
results. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 14. ASTGCN-MSA- Interactive Results Dashboard 

 
5. Discussion 
5.1. Interpretation of Results 

By combining the three novel components of the ASTGCN-MSA, the experimental results show that 
ASTGCN-MSA performs superiorly on the Traffic Flow Forecasting benchmark. The performance 
comparison in Section 5.2 shows the overall effect and the ablation study in Section 5.8 quantifies the effect 
of each component. Most impactful single contribution is the ability to discover the latent spatial 
dependency beyond physical road connectivity of the AGL module as measured by the largest 
performance drop for the ablation study in the absence of this module. In A_learned, learnt weights are 
assigned to sensor pairs that are not connected directly in A_prior, as visualised in Figure 7, with a 
meaningful non-zero value. These learned connections capture the real world traffic spillover and 
diversion patterns that are not captured systematically by static graph methods [1, 21, 34]. With the fusion 
coefficient α = 0.5, a balance is struck between prior knowledge and data-driven learning, which allows the 
model neither to overlook the structure of the road nor be limited by it. The multi-scale temporal attention 
mechanism overcomes and extends a fundamental limitation of the single-scale temporal model. Traffic 
flow has patterns at several different temporal resolutions, including short-term variations over a single 
window (k = 1), medium-term variations over several consecutive windows (k = 3), and longer-term 
variations that correspond to a change between traffic regimes, such as free flow and congested conditions 
(k = 5) [37]. These scales are dynamically weighted by the channel-wise gating mechanism, which adapts 
the temporal feature extraction by giving different weights to the various scales, in order to improve the 
performance compared to the fixed single scale approaches [38]. The spatial self-attention module allows 
the model to learn long-range sensor interactions which would take many GCN hops to propagate through 
the sparse highway graph [19, 20]. For instance, if there are a number of sensors located several kilometres 
apart from a traffic incident on one highway segment, attention can be directed between these sensors, 
allowing the model to learn this direct dependency without the need for multi-hop graph propagation, 
which could otherwise lead to an overly smooth model. The multi-head formulation with 4 heads enables 
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the model to focus on a number of different types of spatial relationships at the same time, such as 
upstream/downstream dependencies, parallel route correlations and junction spillover effects. 

5.2. Comparison with Related Work 
The proposed ASTGCN-MSA is most similar to three existing works: ASTGCN [19], Graph WaveNet 

[36] and AGCRN [34]. Our model can be seen as an extension of the attention mechanism in ASTGCN [19] 
by incorporating multi-scale temporal attention with channel-wise gating, and by introducing adaptive 
graph learning, which ASTGCN does not have. Compared to Graph WaveNet [36], our model uses the 
MSTA module to replace the dilated causal convolutions, and explicitly introduces the attention 
mechanism on spatial dimension to ensure richer temporal and spatial feature extraction. In contrast with 
AGCRN [34], our model adds multi-scale temporal attention and spatial self-attention to the adaptive 
graph learning, giving a more comprehensive spatiotemporal modeling framework. These architectural 
decisions are confirmed by the performance improvement of ASTGCN-MSA over the four baselines for all 
metrics on the Traffic Flow Forecasting benchmark [1]. 

5.3. Computational Efficiency 
The proposed ASTGCN-MSA has roughly 185,000 trainable parameters, similar or lesser than a few 

competing spatiotemporal models. For instance, GMAN [33] needs a lot more parameters because of multi-
layer graph multi-attention blocks while DCRNN [17] needs the full sequence-to-sequence architecture 
with bidirectional diffusion convolution. A forward pass time of ASTGCN-MSA on a standard CPU is less 
than 100ms for a single batch of 32 samples for all 36 sensors, which is good enough for real-time 
deployment in traffic management centers where predictions need to be generated every 15 minutes [2, 3]. 
In addition, the linear scaling of the model with number of sensor nodes N further implies its applicability 
to larger road networks. 

5.4. Practical Implications for Traffic Management 
There are several important practical implications that the proposed ASTGCN-MSA approach has to 

the real-world traffic management systems: Real-time applicability: Computational efficiency of the model 
and the fact that inference time is less than 100ms allows for real-time deployment of the model for 15 min 
ahead prediction at all the 36 sensor locations in parallel [2, 3]. Interpretability through graph visualization: 
The learned adjacency matrix A_learned (Figure 7) gives interpretable insight into the data-based spatial 
dependencies. The traffic engineer can utilize A_fused to determine the pairs of sensors that have strong 
learned dependencies not due to physical connectivity, which may indicate hidden traffic patterns, 
suboptimal sensor placement, or data quality problems [1]. Scalability to larger networks: When the road 
networks are large, there is no expert-defined adjacency matrix available to build accurately and keep up 
to date as the network evolves in time, the adaptive graph learning approach has a special value [34, 36]. 
Hyperparameter insensitivity: ASTGCN-MSA is able to achieve high performance in different 
hyperparameter settings as shown in Section 5.9, alleviating the need for hyperparameter tuning in real-
world deployments. 

5.5. Limitations and Future Work 
Overall, the proposed ASTGCN-MSA framework demonstrated promising prediction results, 

however, there are still several limitations.The proposed ASTGCN-MSA framework is promising in terms 
of prediction results, but there are still some limitations to be noted as directions for future research. 
Second, the existing structure was benchmarked with a small benchmark data set with limited sensor 
diversity and geographic coverage, which could impact the generalization capability of the framework in 
large-scale and highly dynamic intelligent transportation systems [45,46]. Moreover, the framework does 
not provide a multimodal data integration, nor does it feature advanced mechanisms for heterogeneous 
sensing, which are becoming crucial in the modern context of intelligent systems based on Artificial 
Intelligence [47,48]. Furthermore, external contextual information like public sentiment, social activity 
trends and online behavioral patterns, which became more influential on real-world intelligent analytics 
applications [49,50] were not added to the prediction process. The existing architecture mainly considers 
the spatial-temporal dependency among traffic, and, unfortunately, does not explicitly take into account 
the user-centric adaptive prediction strategy and personalized intelligent decision-making mechanism 
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[51,52]. Furthermore, the organizational, behavioral and adoption aspects of AI-driven systems are not 
covered in the suggested framework, including the scalability and operational integration in smart city 
environments [53,54]. The suggested model also ignores customer-oriented interaction behaviours, factors 
of digital transformation, and traffic visualization systems with augmented reality that could improve 
intelligent transportation management and decision support [55,56]. Moreover, practical deployments of 
AI systems to ramp up their acceptance, trustworthiness, and usability operations demands further 
investigation [57,58]. Multi-scale temporal attention and spatial self-attention modules can lead to a high 
computational complexity that could raise training expenses, inference latencies, and hardware demands 
for real-time applications [59,60]. One drawback is the existing framework has primarily single-step 
prediction and does not explore long-term forecasting, user behaviour adaptation, and cross-domain 
intelligent mobility services [61,62]. Also, there are not yet intelligent learning mechanisms for education 
or human-centric systems, which could be used for adaptive traffic awareness and driver assistance 
systems [63,64]. Robustness under uncertain traffic conditions can be further enhanced by combining 
uncertainty-aware learning, fuzzy-neutrosophic optimization, and advanced mathematical modeling 
models in future work [65,66]. Furthermore, more sophisticated optimization theories, fuzzy algebraic 
structures, and adaptive computational schemes could be used to further enhance the stability of dynamic 
graph learning and prediction. A combination of mathematical modeling and numerical optimization 
techniques may also be considered to enhance the representation of traffic on the adaptive traffic model 
and the efficiency of intelligent forecasting [69,70]. Future ITS framework should also address AI 
governance models, AI-assisted digital law systems and ethical law-aware intelligent transportation 
infrastructures [71,72]. Furthermore, it is important to consider the legal, ethical and digital ownership 
issues surrounding AI-driven transportation analytics and smart mobility systems in future deployments 
of smart mobility and transport [73,74]. Moreover, the increasing importance of multilingual 
communication systems, AI-based translation technologies, and social interaction platforms also opens up 
possibilities for the integration of multilingual traffic communication and public mobility feedback analysis 
[75,76]. There may be other behavioral changes due to major societal events and digital transformation 
changes, which can further affect the dynamics of transportation and should be added to future traffic 
predictions [77,78]. Additionally, further research is needed on the aspects of Explainable AI, Medical-
grade Intelligent Systems, and Secure Distributed Learning Mechanisms to enhance transparency, 
reliability, and scalability in future transportation systems [79,80]. Lastly, future ITS deployments should 
incorporate cyber security safeguards, secure communications infrastructures, privacy safeguards and 
smart mobility energy efficient design to guarantee safe and sustainable smart mobility ecosystems [81,82]. 

 
6. Conclusion 

This research proposes a novel Adaptive Spatiotemporal Graph Convolutional Network with Multi-
Scale Attention for short-term traffic flow prediction (named ASTGCN-MSA). By combining Adaptive 
Graph Learning, Multi-Scale Temporal Attention, and Spatial Self-Attention modules, the proposed 
framework successfully preserves the dynamic spatial relationships, multi-scale temporal characteristics, 
and long-range sensor relationships. On the Traffic Flow Forecasting benchmark dataset, the experimental 
results showed that the ASTGCN-MSA consistently outperformed the LSTM, GRU, VanillaSTGCN, and 
Transformer baselines in terms of all the evaluation metrics such as MAE, RMSE, MSE, MAPE, and R². 
Ablation and sensitivity analyses further illustrated effectiveness, robustness and interpretability of the 
proposed architecture. Future work will be directed at multi-step forecasting, learning from dynamic time-
varying graphs, incorporating external context like weather and incidents and testing on larger benchmark 
datasets like METR-LA and PEMS-BAY. Generally, ASTGCN-MSA delivers an accurate, scalable, and 
interpretable framework for next-generation intelligent transportation systems. 
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