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Abstract 
Traffic forecasting in urban areas is a pivotal component of 
intelligent transportation systems (ITS). The paper proposes a 
novel Spatio - temporal predictive modelling methodology for 
traffic flow. An advanced deep learning model has been developed 
that integrate graph-based spatial learning with sequence-based 
temporal learning to capture complex road network interactions 
and traffic dynamics. The model leverage graph convolutional 
neural networks (GCN) and long short-term memory (LSTM) 
units to learn spatial dependencies between road segments and 
temporal patterns of traffic flow. The model has been evaluated on 
real-world traffic datasets and demonstrates improved accuracy 
and efficiency in short-term traffic prediction compared to state-
of-the-art methods. The results show that the approach can better 
anticipate traffic congestion hot-spots and flow variations, 
contributing to proactive traffic management, reduced congestion, 
and enhanced urban mobility. A comprehensive analysis has been 
performed for related spatio-temporal prediction techniques. The 
proposed methodology offers a promising direction for intelligent 
traffic forecasting in urban settings. 
Keywords: 
Intelligent Transportation Systems (ITS); Traffic Prediction; 
Spatio-Temporal Modelling; Graph Neural Networks; Deep 
Learning; Urban Mobility Forecasting. 

  
1. Introduction 
 

Traffic congestion is a growing challenge in urban 
areas, and accurate short-term traffic prediction is critical 
for efficient transportation management. By forecasting 
traffic conditions (e.g., speeds, volumes) ahead of time, city 
authorities can implement proactive measures to alleviate 
congestion, improve travel times, and enhance road safety. 
The problem is inherently spatio-temporal – traffic state at 
any location and time depends on temporal patterns (daily 
rush hours, weather and events) and spatial interactions 
(conditions on upstream/downstream roads). Traditional 
time-series models and machine learning approaches (e.g., 
ARIMA, SVR) often fall short because they assume 
independent time series or require stationary, failing to 
capture non-linear dynamics and network effects. In recent 
years, deep learning models have revolutionized traffic 
prediction by learning complex patterns from large-scale 
spatio-temporal data. Notably, recurrent neural networks 

(RNNs) like LSTM can model temporal dependencies, and 
graph neural networks (GNNs) can model road network 
spatial correlations. Figure 1 represents intelligent 
transportation system. 

 
 

 
Figure 1. Intelligent Transportation System 

 
 

The paper focuses on a planned city with a growing 
transportation network, as a case study for developing a 
novel spatio-temporal traffic prediction methodology. 
City’s road network, featuring grid-like sectors and arterial 
roads, presents unique traffic flow patterns that demand 
advanced modelling beyond simplistic approaches. An 
integrated Graph Convolutional LSTM model has been 
proposed that learns spatial dependencies among road 
segments (via graph convolutions on a road network graph) 
and temporal dependencies from historical traffic time 
series (via sequence modelling). By combining these, the 
model can capture how traffic at one location influence and 
is influenced by traffic at other locations over time. Figure 
2 represents graph-based Spatio-temporal deep learning for 
enhanced short-term traffic prediction. 
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Figure 2. Graph-Based Spatio-Temporal Deep Learning 

for Enhanced Short-Term Traffic Prediction 
 

The contributions of the work includes a novel deep 
learning architecture for traffic forecasting that fuses GCN 
and LSTM modules to learn joint spatio-temporal 
representations; it is followed by pre-processing techniques 
and data integration of traffic data, including graph 
construction from the road network and inclusion of 
contextual features (time-of-day, etc.); a thorough literature 
review of recent (2017–2025) research in spatio-temporal 
traffic prediction, highlighting their techniques, strengths, 
and limitations, and positioning the approach relative to 
state-of-the-art; experimental evaluation showing that the 
model improves prediction accuracy (reducing error by up 
to 10–15% over baseline models) and computational 
efficiency, which can directly translate to better traffic 
management decisions in practice. The structure of the 
paper is as follows: - section II looks at the literature review, 
section III explains how the proposed model, section IV, 
walks through the system's actual implementation and 
shows how the model performs, with results and 
comparisons and the last section wraps up with conclusion. 

 

2. Literature Survey 
 

Research on traffic prediction has evolved rapidly in 
the past decade, shifting from statistical models to machine 
learning, and more recently to deep learning approaches that 
exploit spatio-temporal data. In the section, a review of 
relevant studies from 2017 to 2025 has been done along 
with summarization of their techniques, key findings, and 
pros/cons. Table 1 provides a comparative summary of 
related work on spatio-temporal traffic prediction. Early 
deep learning efforts extended neural networks to capture 
temporal trends in traffic data. For example, Zhang et al. [2] 

proposed ST-ResNet, a deep residual convolutional 
network to predict citywide crowd flows (inflows/outflows) 
on grid maps. ST-ResNet employed separate residual CNN 
branches to model temporal closeness, period, and trend 
properties and then fused them, also incorporating external 
factors like weather. This model achieved notable accuracy 
gains, outperforming six previous methods on crowd flow 
data in Beijing and NYC. Its strength is in handling periodic 
demand patterns via dedicated network components; 
however, it was designed for region-based flows and uses 
regular grid convolution, not accounting for road network 
topology – limiting its direct use for road-level traffic 
without modification.  

To explicitly model road network structure, 
researchers formulated traffic prediction on graphs. Yu et al. 
[3] introduced the seminal Spatio-Temporal Graph 
Convolutional Network (STGCN), which represents sensor 
readings as graph signals and replaces recurrent units with 
purely convolutional operations (graph convolutions for 
spatial dependencies and 1-D convolutions for temporal 
sequences). STGCN’s fully convolutional architecture led 
to faster training with fewer parameters while still capturing 
complex spatio-temporal correlations. It consistently 
outperformed baseline methods (like ARIMA and fully 
connected neural nets) on highway traffic datasets. The 
downside of removing recurrent units is a fixed temporal 
receptive field; very long-term dependencies must be 
captured via stacking more layers, which can increase 
model depth. Another milestone was the Diffusion 
Convolutional Recurrent Neural Network (DCRNN) by Li 
et al. [4]. DCRNN integrated graph diffusion convolutions 
into a sequence-to-sequence recurrent framework. In 
DCRNN, road sensor networks are modelled as directed 
graphs with a diffusion process to model traffic flow 
directions, and these graph convolutions are embedded 
inside GRU (gated recurrent units) to capture spatial 
dependencies at each time step. By using an encoder–
decoder with scheduled sampling, DCRNN achieved stable 
multi-step forecasts and captured both spatial and temporal 
dependencies effectively. It consistently outperformed prior 
state-of-the-art (e.g., FC-LSTM, ARIMA) on real-world 
traffic speed datasets, with higher accuracy and stability for 
longer horizons. The model’s strength lies in its ability to 
handle non-Euclidean structure (road graph) and sequence 
learning jointly. A noted limitation is the computational 
intensity due to recurrent structure, which can be mitigated 
but not eliminated by techniques like scheduled sampling. 
Following DCRNN, many works explored architectures 
combining graph convolutions with temporal sequence 
models. Zhao et al. [7] proposed T-GCN: Temporal Graph 
Convolutional Network, which essentially integrates a 
GCN layer with a GRU cell. T-GCN was applied to traffic 
speed prediction and demonstrated improved accuracy over 
separate GCN-only or RNN-only models by simultaneously 
learning from spatial neighbours and the node’s own history
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. Its architecture is relatively simple and efficient, though as 
a single-layer fusion it may not capture very complex non-
linear relationships compared to deeper hybrids. 

Hou et al. (2021) went further to combine attention 
mechanisms with GCN and LSTM, yielding an AST-GCN-
LSTM model (Attention-based Spatial-Temporal GCN + 
LSTM) [8]. Their model first extracts spatial features via an 
attention-enhanced GCN and then feeds the output into an 
LSTM to capture temporal dynamics, targeting multi-step 
traffic flow prediction. By using attention, the model can 
weigh the influence of different road segments adaptively, 
improving performance especially when the relevance of 
neighbours varies over time (e.g., incidents causing unusual 
flow patterns). The complexity of this approach is higher, 
and careful training is needed to avoid over-fitting due to 
the larger number of parameters introduced by attention 
layers. Another important category is graph attention 
networks and transformers for traffic. Yao et al. [5] 
addressed the limitation of static spatial dependencies by 
proposing Spatial-Temporal Dynamic Network (STDN). 
STDN introduced a flow gating mechanism to learn 
dynamic, time-varying inter-location dependencies and a 
periodically shifted attention to handle temporal patterns 
that shift (e.g., peak hours that are not exactly the same each 
day). This was one of the first to explicitly model dynamic 
graphs – the spatial adjacency is allowed to change with 
time through learned gates. STDN improved prediction 
accuracy on taxi demand and traffic flow datasets, showing 
the benefit of capturing non-stationary spatial correlations. 
However, it has the drawback of increased model 
complexity and the need for sufficient data to learn those 
dynamics; if traffic patterns are relatively stable, a simpler 
static adjacency may suffice. Guo et al. [6] introduced 
ASTGCN (Attention-based STGCN), which combines 
spatial and temporal attention with graph convolutions. 
ASTGCN contains three parallel components to separately 
capture recent, daily, and weekly traffic trends (similar to 
ST-ResNet’s idea) and applies a spatial-temporal attention 
mechanism in each to dynamically adjust to traffic 
conditions. Graph convolutions model spatial patterns, and 
1D convolution capture short-term temporal features. The 
outputs of the three components are fused to produce the 
final forecast. On traffic flow datasets from California 
(PeMS sensors), ASTGCN outperformed prior models, 
demonstrating that incorporating periodicity and attention 
boosts accuracy. A merit of ASTGCN is its ability to handle 
multiple periodicities in traffic (daily/weekly seasonality) 
within one framework; a potential disadvantage is the 
requirement to train and tune multiple parallel components, 
which increases model and training complexity. 

Graph attention was also used in a different way by 
Zheng et al. [12] in GMAN (Graph Multi-Attention 
Network). GMAN is an encoder–decoder model entirely 
based on attention layers (spatial and temporal attention) 
with no recurrent units. It employs multiple spatio-temporal 

attention blocks and a transform attention in the middle to 
directly connect encoded historical features with future time 
steps. By doing so, GMAN mitigates the common issue of 
error propagation in multi-step forecasting, since the model 
can learn direct mappings from past to future time points. 
On traffic speed and volume prediction tasks, GMAN 
achieved up to 4% lower MAE than previous best models 
for 1-hour-ahead forecasts. The advantage of GMAN is its 
fully attention-based design which can capture long-range 
dependencies in both space and time. However, attention 
models can be data-hungry and computationally heavy for 
large graphs, and they require careful regularization to 
avoid over-fitting. GMAN also outputs a sequence 
(multiple horizons) in one shot, which is powerful but could 
be less flexible if one is only interested in a single-step 
forecast. Wu et al. [9] proposed Graph WaveNet, which 
introduced a learnable adaptive adjacency matrix in 
addition to using the physical road network. By learning 
node embeddings and computing their affinities, Graph 
WaveNet can uncover hidden connectivity patterns (e.g., 
two intersections with similar traffic profiles even if far 
apart). This adaptive graph is used alongside diffusion 
convolution. Moreover, Graph WaveNet uses stacked 
dilated temporal convolutions (a WaveNet-style module) to 
capture long-range temporal trends without recurrence.  

This model achieved superior performance on Los 
Angeles (METR-LA) and Bay Area (PEMS-BAY) highway 
datasets. Its strengths are in capturing long sequences and 
learning latent graph links; on the flip side, interpretability 
can suffer because the learned adjacency is not directly tied 
to physical roads, and one must ensure the model doesn’t 
over-fit noise as “connections.” Bai et al. [13] took 
adaptivity further with AGCRN (Adaptive Graph 
Convolutional Recurrent Network). AGCRN argues that 
different sensors (nodes) have distinct traffic patterns that a 
global model may not capture. It introduces node-specific 
learnable parameters (via a Node Adaptive Parameter 
module) so that each node can have a personalized model 
component, and a Data Adaptive Graph Generation module 
that learns inter-node dependencies from data instead of 
using a fixed graph. Essentially, AGCRN learns both a 
unique representation per node and the graph structure. The 
model, built on GRU-based recurrent architecture, 
significantly outperformed state-of-the-art baselines on two 
traffic datasets without using a pre-defined adjacency 
matrix. This demonstrates the value of letting the model 
infer spatial relationships (especially for cities with 
incomplete sensor coverage or unknown connectivity). A 
con of AGCRN is increased parameter count (proportional 
to number of nodes for the adaptive parameters), which 
could be an issue for very large graphs, though the authors 
mitigated it by embedding techniques. Also, the learned 
graph may vary by random initialization, so reproducibility 
of the exact learned structure can be tricky (though 
performance remains stable). 
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Meta-learning has been explored to make traffic models 
more transferable. Pan et al. [9] (2019) proposed ST-
MetaNet which is a deep meta-learning framework for 
urban traffic prediction. The idea is to train a model on 
multiple cities or multiple regions such that it can quickly 
adapt to a new city (or new road network) with minimal 
additional training. ST-MetaNet used meta-learning to 
initialize model parameters in a way that is sensitive to 
spatio-temporal data distributions, enabling fast fine-tuning 
on a target city’s data. They showed improved performance 
when transferring knowledge from a data-rich city to a data-
sparse city, compared to training a model from scratch on 
the latter. The advantage is clear in scenarios like deploying 
a traffic prediction system in a new city where historical 
data is limited. The downside is that meta-learning 
frameworks can be complex to train (bilevel optimization) 
and require careful design of tasks for training. Also, the 
gains diminish if the target city’s patterns are very different 
from any city seen in meta-training (domain shift issue). 

Another recent trend is incorporating external 
knowledge or additional features. For example, Zhang et al. 
[20] (2018, Baidu) developed a deep sequence model that 
integrates auxiliary information (e.g., weather, events) into 
traffic prediction. Their model used an RNN to encode 
traffic flow and an embedding vector to encode external 
features, combining them to improve forecasting accuracy. 
Results showed that including relevant exogenous factors 
improved prediction, especially during unusual events 
(holidays, rainstorms) that pure historical patterns might not 
predict. Such approaches highlight that while spatio-
temporal models are powerful, context (beyond basic 
day/time) can further enhance performance. The drawback 
is the need for reliable external data sources and the risk of 
model over-reliance on them (e.g., if a forecast horizon 
extends beyond a reliable weather forecast). Song et al. [11] 
introduced STSGCN (Spatial-Temporal Synchronous 
GCN), which captures spatial and temporal dependencies in 
a unified graph framework rather than sequentially. 
STSGCN constructs synchronous spatial-temporal blocks 
(connecting nodes across a short time window into one 
graph) and applies graph convolutions to capture 
interactions both in space and time simultaneously. This 
approach was shown to better model short-term traffic 
pattern interactions (e.g., sudden jams propagating through 
a network) compared to models that treat space and time 
separately. However, STSGCN’s synchronous graph grows 
in size with the time window, raising computational cost; it 
must balance window length with efficiency. 

Fang et al.[14] proposed STGODE (Spatial-
Temporal Graph ODE Network) which introduces 
continuous-time modelling into traffic forecasting. 
STGODE uses neural ordinary differential equations to 
model the traffic state evolution, effectively allowing 
deeper networks and continuous spatial-temporal feature 
dynamics. They also incorporate a learned semantic 

adjacency matrix to capture relationships beyond the 
physical connections, and use dilated temporal 
convolutions for long-term trends. STGODE achieved 
superior performance on multiple traffic flow benchmarks, 
indicating that the continuous-time approach can capture 
long-range dependencies with fewer discrete layers. The 
model’s novelty is in treating the traffic system’s evolution 
as a continuous process, which offers elegance and 
potentially finer-grained insights. Li et al. [15] (2021) 
developed a Conv-BiLSTM model with spatio-temporal 
folding for traffic congestion prediction. Although not 
graph-based, we include it as it specifically addressed traffic 
in a region (highways of Shanghai) and was applied in a 
manner that could be relevant to a city. They constructed a 
3D tensor from speed data (folding the time dimension and 
road segments) and applied CNN to extract spatial features 
and a Bidirectional LSTM to extract temporal features.  

This model (Conv-BiLSTM) improved congestion 
state prediction accuracy compared to traditional LSTM or 
CNN alone, as it could capture both upstream and 
downstream traffic context on a highway. The result was a 
higher prediction accuracy of traffic congestion states 
versus conventional approaches. In addition to accuracy, 
efficiency and scalability have become important. Zhang et 
al. [18] (2025) introduced LightST, a knowledge distillation 
framework to compress GNN models for traffic prediction. 
They train a high-capacity teacher GNN and then distill its 
spatial-temporal knowledge to a lightweight student model 
(in their case, even a simple MLP). The student mimics the 
teacher’s outputs with much lower complexity, alleviating 
the runtime and deployment issues of large GNNs. LightST 
achieved 5× to 40× speed-ups in inference while 
maintaining accuracy comparable to state-of-the-art GNNs. 
This is particularly relevant for real-time systems or edge 
devices (like an in-vehicle system or a roadside unit in a 
city’s ITS) where computational resources are limited.  
Another emerging direction is self-supervised learning for 
traffic. For example, Yue et al. [19] (2022) proposed a 
Spatio-Temporal Self-Supervised Learning (ST-SSL) 
approach, where auxiliary tasks (such as reconstructing 
masked traffic readings or predicting future relative 
changes) are used to pre-train the model on unlabeled data.It 
helps the model learn robust traffic pattern representations 
even before fine-tuning on the prediction task. ST-SSL 
methods have reported improved accuracy, especially when 
labeled training data is limited, as the model can leverage 
abundant historical data through self-supervised objectives. 
The literature shows a clear progression towards models 
that are increasingly adept at capturing the complex spatio-
temporal correlations in traffic data. Techniques like graph 
convolutions, attention mechanisms, adaptive graphs, and 
meta-learning have addressed many limitations of earlier 
approaches. Table 1 compiles a comparison of 
representative works in terms of their methods, results, and 
pros/cons. 
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Table 1: Comparative summary of related work on spatio-temporal traffic prediction (2017–2025). 

Ref 
(Year) 

Approach & Key 
Techniques 

Dataset / 
Domain 

Key Results / 
Findings 

Pros Cons 

[2] 
2017 

ST-ResNet – Deep 
residual CNN; models 
Closeness/Period/Trend 
with separate residual 
blocks; external factors 
integration. 

Citywide crowd 
flows (taxi 
trips) – Beijing, 
NYC. 

Outperformed 6 
baselines (CNN, 
ARIMA, etc.), 
achieving lowest error 
on inflow/outflow 
prediction. 

Captures multiple 
temporal scales; 
residual learning eases 
training; integrates 
exogenous data. 

Grid-based (requires 
partitioning city into regions); 
not directly applicable to road 
networks; high model 
complexity with multiple 
branches. 

 
[3] 
2018 

STGCN – Spatio-
temporal graph CNN; 
Chebyshev graph conv + 
1D conv instead of RNN 

Highway loop 
sensor data (Los 
Angeles, etc.). 

Faster training (no 
RNN); outperformed 
FC-LSTM, ARIMA 
on traffic flow; 
improved RMSE by 
~12% over prior best 

Efficient convolutional 
structure; jointly learns 
spatial & temporal 
features; fewer 
parameters. 

Fixed temporal window 
(limited long-term memory 
unless stacking layers); assumes 
static graph structure. 

[4] 
2018 

DCRNN – Diffusion 
Graph Convolution + 
GRU (seq-to-seq); uses 
directed graph diffusion 
for spatial dependency; 
encoder-decoder with 
scheduled sampling. 

Traffic speed on 
METR-LA, 
PEMS-BAY. 

Best overall accuracy 
at the time: ~3-7% 
lower MAE than 
STGCN and others; 
robust multi-step 
forecasts 
. 

Accounts for directional 
road influence 
(inbound/outbound); 
strong multi-step 
forecasting; captures 
non-linear spatial 
dynamics. 

High training cost (RNN-
based); tuning required for long 
horizons; needs explicit graph 
diffusion matrix. 

[5] 
2019 

STDN – Spatial-
Temporal Dynamic 
Network; Flow gating 
learns time-varying 
inter-location similarity; 
Periodic shifted 
attention for temporal 
patterns. 

Ride-hailing 
demand (DiDi) 
and highway 
traffic. 

Improved accuracy vs. 
non-dynamic graph 
models (e.g., 2–5% 
MAE reduction); 
handled irregular 
demand pattern shifts. 

Dynamic spatial graph 
adapts to changing 
traffic; addresses non-
strict periodicity in time 
series. 

More parameters (gating + 
attention); can overfit without 
enough data; slightly increased 
inference time due to dynamic 
computations. 

[6] 
2019 

ASTGCN – Attention-
based ST GCN; spatial 
& temporal attention in 
each component; models 
recent, daily, weekly 
trends separately. 

Highway flow 
(PeMS sensors) 
– California. 

Outperformed STGCN 
and DCRNN on 
PeMS; ~5–10% lower 
MAE. Particularly 
better during peak 
hours due to attention. 

Dynamically captures 
importance of different 
nodes/times; handles 
multiple periodicities 
explicitly. 

Complex model with three 
parallel sub-networks; larger 
memory footprint; attention 
mechanism adds computation 
overhead. 

[7] 
2019 

T-GCN – Temporal 
Graph Conv Network; 
simple GCN layer 
integrated into GRU cell
. 

Urban traffic 
speeds 
(Shanghai). 

Reported higher 
accuracy than 
standalone GCN or 
LSTM (~3% MAPE 
improvement); good 
performance in peak 
and off-peak times. 

Simpler architecture 
(easy to implement); 
combines benefits of 
GCN and RNN; 
relatively lightweight. 

Limited depth (single GCN 
before GRU); may not capture 
very complex spatial patterns as 
deeply as multi-layer models. 

[9] 
2019 

ST-MetaNet – Meta-
learning framework for 
traffic; learns meta-
parameters to quickly 
adapt to new tasks (e.g., 
new city). 

Multiple city 
traffic datasets 
(cross-city 
training). 

Achieved faster 
adaptation and lower 
error on target city 
with few data points 
compared to transfer 
learning baselines. 

Addresses data sparsity 
via knowledge transfer; 
flexible to new domains. 

Meta-training is complex; 
performance depends on 
similarity between source and 
target distributions. 
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Ref 
(Year) 

Approach & Key 
Techniques 

Dataset / 
Domain 

Key Results / 
Findings 

Pros Cons 

[8] 
2020 

ACFM (Attentive 
Crowd Flow Machine) – 
Two-stage ConvLSTM 
with attention; first 
LSTM generates hidden 
state, conv layer infers 
spatial attention map, 
second LSTM uses 
weighted input. 

Citywide crowd 
flow (taxi/bike) 
– Shanghai, 
NYC. 

Improved short-term 
(hourly) and long-term 
(daily) flow prediction 
accuracy over non-
attentive ConvLSTM 
(by ~5%). Also 
applied successfully to 
subway ridership. 

Attention mechanism 
identifies key regions 
influencing flow; 
sequential ConvLSTMs 
capture temporal 
context at different 
scales. 

Designed for grid-based flow 
data; may not directly translate 
to road network sensors; 
attention computation adds to 
training time. 

[11] 
2020 

STSGCN – Spatial-
Temporal Synchronous 
GCN; constructs 
localized spatial-
temporal graphs 
(connecting nodes across 
a recent time window) 
and applies GCN on 
these. 

Traffic flow 
(hangzhou taxi) 
and speed data. 

Outperformed STGCN 
and ASTGCN on 
short-term (5, 15 min) 
forecasts, especially 
during sudden events 
(4–6% MAE gain in 
event scenarios). 

Captures interactions of 
traffic in both space & 
time together; good for 
short-term event-related 
prediction. 

Graph size grows with time 
window (higher computation 
for larger windows); not as 
straightforward for long-term 
prediction. 

[12] 
2020 

GMAN – Graph Multi-
Attention Network; 
encoder-decoder with 
multi-head spatio-
temporal attention 
blocks; transform 
attention connects 
encoded past with future 
directly. 

Traffic volume 
(Beijing) and 
speed 
(Shenzhen) 
datasets. 

Up to 4% lower MAE 
for 1-hour prediction 
vs. previous best (on 
SZ-taxi and Los-loop 
data); particularly 
excels at 30–60 min 
horizon. 

Fully attention-based 
(learns long-range 
dependencies 
effectively); mitigates 
error propagation in 
multi-step forecasts. 

High model complexity; 
requires substantial memory for 
multi-head attention; possibly 
less effective with very sparse 
data (needs enough data to learn 
attention weights). 

[13] 
2020 

AGCRN – Adaptive 
GCN Recurrent 
Network; learns node-
specific parameters and 
a data-driven graph 
adjacency (no fixed 
graph needed). 

METR-LA, 
PEMS-BAY 
(traffic speeds). 

Significant gain over 
DCRNN/GraphWave
Net (~5–8% MAE 
reduction); no 
performance drop 
when physical graph is 
omitted (learned 
adjacency sufficient). 

Customizes model per 
node (captures 
heterogeneity); learns 
hidden relationships 
(latent graph) 
automatically. 

Large number of parameters for 
big networks (node-specific 
weights); learned graph can be 
hard to interpret; needs careful 
regularization to avoid trivial 
solutions (like all nodes fully 
connected). 

[10] 
2019 

Graph WaveNet – 
Diffusion GCN with 
adaptive adjacency 
learned via node 
embeddings; dilated 
casual 1D convolutions 
for long temporal range. 

METR-LA, 
PEMS-BAY. 

Outperformed earlier 
GCN-RNN models, 
especially on 1-hour 
horizon (e.g., 10% 
lower RMSE than FC-
LSTM on PEMS). 
Adaptive graph 
captured non-obvious 
sensor relations, 
boosting accuracy. 

Learns true hidden 
spatial dependencies 
beyond the given graph; 
handles very long 
sequences through 
dilated conv (large 
receptive field). 

Some loss of interpretability 
(learned adjacency not directly 
physical); dilation requires 
setting a max receptive field 
(might miss ultra long-term 
trends beyond that). 
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Ref 
(Year) 

Approach & Key 
Techniques 

Dataset / 
Domain 

Key Results / 
Findings 

Pros Cons 

[14] 
2021 

STFGNN – Spatial-
Temporal Fusion GNN; 
generates an additional 
temporal graph based on 
time-series similarity 
between nodes; fuses 
spatial & temporal 
graphs in parallel; 
employs gated CNN for 
long sequences. 

Multiple public 
traffic flow sets 
(PEMS, METR-
LA, etc.). 

Consistently best or 
second-best on all 
reported datasets 
(outperformed 
DCRNN, ASTGCN); 
demonstrated the 
benefit of adding a 
temporal graph 
(improved correlation 
capture among distant 
but behaviorally 
similar nodes). 

Introduces a novel view 
of graph in time domain, 
capturing nodes with 
synchronized patterns; 
fusion module learns 
complex dependencies; 
good long-sequence 
handling via gated conv. 

Computational cost is higher 
due to maintaining and 
processing two graphs (spatial + 
temporal); complexity in 
hyperparameter tuning (fusion 
parameters, graph construction 
criteria). 

[15] 
2021 

STGODE – Spatial-
Temporal Graph ODE 
Network; uses 
continuous-time ODE to 
model deep spatial-
temporal dynamics; 
includes semantic 
adjacency learning and 
dilated temporal conv. 

PEMS traffic 
flow datasets; 
METR-LA. 

Achieved state-of-art 
performance; 
noticeably better at 
longer horizons 
Superior to static GCN 
models by capturing 
dynamic behaviors. 

Conceptually elegant 
continuous modeling; 
can build very deep 
equivalent networks 
without discrete layer 
stacking; accounts for 
dynamic spatial 
relations via semantic 
adj. 

Training involves solving ODE 
– can be slow and sensitive to 
solver settings; model 
interpretation is math-intensive; 
may be overkill for short-term 
horizons where discrete models 
already do well. 

 
[16] 
2021 

Conv-BiLSTM -CNN 
along with Bidirectional 
LSTM hybrid; traffic 
speed data folded into 
3D tensor (space and 
time matrices); CNN 
extracts local spatial 
features, Bi-LSTM 
captures 
forward/backward 
temporal dependencies. 

Highway traffic 
congestion 
(Shanghai ring 
road); also 
evaluated on 
Chandigarh city 
simulation. 

Outperformed vanilla 
LSTM by >10% 
accuracy in congestion 
state prediction; better 
captured 
upstream/downstream 
speed interactions, 
yielding more timely 
congestion alerts. 

Combines spatial and 
temporal feature 
extraction effectively; 
Bi-LSTM can utilize 
future context (useful 
for classification of 
congestion levels). 

Requires structuring input into a 
grid/tensor (less flexible for 
arbitrary network topology); Bi-
LSTM not suitable for real-time 
forecasting (since it peeks into 
future time in sequence). 

[17] 
2020 

STTN – Spatial-
Temporal Transformer 
Network; applies 
transformer self-
attention on traffic series 
segmented by graph 
structure (e.g., attention 
across nodes and times). 

METR-LA, 
PEMS-BAY 
(benchmark 
datasets). 

Matched performance 
of GCN-RNN models 
with simpler 
architecture; easier to 
parallelize (no 
recurrence). Showed 
advantage in capturing 
global temporal 
patterns (transformer 
able to learn 
periodicity with 
positional encoding). 

Completely removes 
recurrence – efficient 
and parallelizable; 
attention focuses on 
most relevant time steps 
and sensors adaptively. 

Needs large data to train due to 
lack of inductive bias 
(compared to structured 
GCN/RNN); can overfit if 
traffic patterns are very 
complex and data is limited; 
requires setting appropriate 
sequence length and position 
encoding for periodicity. 
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Ref 
(Year) 

Approach & Key 
Techniques 

Dataset / 
Domain 

Key Results / 
Findings 

Pros Cons 

[18] 
2025 

LightST (KD)- 
Knowledge Distillation 
for traffic GNNs; trains a 
large teacher GNN and 
distills spatio-temporal 
knowledge to a small 
student MLP. 

PEMS-BAY, 
METR-LA (for 
evaluation of 
speed 
prediction). 

5×–40× faster 
inference than GNNs 
with comparable 
accuracy (within 1-
2% error of teacher); 
enabled near real-time 
forecasting on low-
power devices. 

Greatly improves 
deployment efficiency 
(small model size, fast 
runtime); retains 
performance via 
carefully designed 
distillation (student 
preserves graph-
structured knowledge). 

Two-stage training (teacher 
then student); student may not 
generalize to conditions outside 
teacher’s training distribution; 
relies on teacher quality 
(garbage in, garbage out). 

[19] 
2022 

ST-SSL – Spatio-
Temporal Self-
Supervised Learning 
framework; pre-trains 
model with self-
supervised tasks (e.g., 
reconstruct masked 
traffic data, temporal 
order prediction) to learn 
robust representations. 

Highway traffic 
and taxi demand 
data (various 
cities). 

Boosted downstream 
prediction accuracy by 
~5% when using 
limited labeled data, 
vs. training from 
scratch; model learned 
smoother traffic 
patterns and anomalies 
detection through SSL 
tasks. 

Can leverage unlabeled 
historical data (which is 
abundant) to improve 
feature learning; yields 
more generalized model 
initialization. 

Additional complexity in 
designing and training pretext 
tasks; marginal gains if plenty 
of labeled data is available; 
training time is longer due to 
pre-training stage. 

[20] 
2018 

Auxiliary Features 
Model (Baidu Traffic) – 
RNN-based sequence 
model enhanced with 
external features 
(weather, events, 
holidays) embedded and 
fused into the prediction 
model. 

Beijing traffic 
volume (ride-
hailing data) 
with weather 
records. 

Including 
weather/events cut 
error by ~8% on rainy 
days and ~5% overall 
compared to model 
without externals; 
captured holiday 
traffic spikes that 
purely historical model 
missed. 

Incorporates domain 
knowledge; improves 
robustness to atypical 
conditions; easy to 
extend any base model 
with feature inputs. 

Requires reliable external data 
streams; model complexity 
grows with number of features; 
need to handle missing/noisy 
external data. 

 
[21] 
2020 

Conv-GCN (Multi-
graph + 3D CNN) – 
Combines multi-graph 
GCN (separate graphs 
for recent, daily, weekly 
patterns) with 3D CNN 
to integrate inflow-
outflow information (for 
subway station demand). 

Beijing subway 
passenger flow 
(smart card 
data). 

Achieved ~7–9% 
RMSE improvement 
over baseline LSTM 
and CNN models for 
10, 15, 30 min 
prediction; best 
performance among 7 
models compared. 

Uses multiple adjacency 
matrices to capture 
different periodic 
patterns; 3D CNN 
extracts high-level 
features across time and 
multiple graphs; well-
suited for systems with 
strong daily/weekly 
cycles. 

Specifically designed for grid-
like or regular transit networks 
(stations in order); may not 
directly translate to arbitrary 
road networks; constructing 
multiple graphs and tuning 3D 
CNN is complex. 

[22] 
2021 

HTFM (Hybrid Traffic 
Flow Model) – A hybrid 
model combining 
ARIMA (for linear 
trends) with LSTM (for 
nonlinear patterns) in a 
VANET context. 

Simulated 
vehicular ad-
hoc network 
traffic. 

Showed lower error 
than using ARIMA or 
LSTM alone (about 
5% improvement in 
long-term trend 
accuracy vs. LSTM). 
The hybrid captured 
both seasonal trend via 
ARIMA and short-
term fluctuations via 
LSTM. 

Leverages strengths of 
statistical and deep 
models; ARIMA 
component adds 
interpretability for 
trend; suitable for 
moderate data sizes 
where pure deep model 
might overfit. 

Two models to train and 
integrate; ARIMA assumes 
some stationarity – may not 
adapt quickly to sudden 
changes; not as effective if deep 
model alone can capture trends 
given enough data. 

Where, GCN = Graph Convolutional Network; RNN = Recurrent Neural Network; CNN = Convolutional Neural Network; GRU = Gated 
Recurrent Unit; MAE = Mean Absolute Error; RMSE = Root Mean Square Error; MAPE = Mean Absolute Percentage Error; KD = 
Knowledge Distillation; SSL = Self-Supervised Learning. 
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From the review, it is evident that graph-based deep 

learning models dominate the traffic forecasting landscape. 
They effectively encode road network topology, which is 
crucial as nearby or connected roads exhibit correlated 
traffic behaviour. Methods like STGCN and DCRNN 
established that incorporating the graph structure yields 
significantly better predictions than treating each sensor 
independently or assuming a Euclidean grid. Subsequent 
enhancements (attention, adaptive graphs, etc.) further 
improved performance by addressing limitations like static 
assumptions or inability to capture long-term dependencies. 
Many top models share a common backbone of GCN and 
temporal sequence modelling. Whether the temporal part is 
a CNN (as in STGCN, Graph WaveNet) or an RNN (as in 
DCRNN, AGCRN) or attention (as in GMAN, STTN), the 
consensus is that separate mechanisms are needed to handle 
the two dimensions of the data. The proposed approach 
follows the paradigm; leveraging proven components (GCN 
and LSTM) while introducing innovations to address 
specific challenges.  

In terms of accuracy, the gap between successive 
model generations has gradually narrowed (e.g., from 
double-digit percentage improvements in early years to 
single-digit in recent years), indicating a maturing field. For 
instance, STFGNN and STGODE show only modest gains 
over earlier models on well-studied datasets. Thus, 
researchers have also started focusing on other metrics like 
model efficiency, scalability, and interpretability. It is 
relevant for a practical deployment in a city; a slightly less 
accurate but much faster model might be preferable for real-
time systems. The emergence of distillation approaches 
(LightST) and simpler alternatives like hybrid ARIMA-
LSTM for smaller systems are also available as pointing 
towards the need to balance accuracy with deploy-ability. 
None of the reviewed works dealt specifically with Indian 
city traffic data. City’s traffic patterns could be different 
(e.g., heterogeneous traffic mix including autos, two-
wheelers; possibly less lane discipline leading to different 
sensor correlation patterns). The work addresses it by 
focusing the methodology on robustness and generality, 
using a flexible graph representation and allowing the 
model to learn from data. Moreover, the inclusion of 
contextual features and an attention mechanism aims to help 
with any irregular events or patterns common in the region. 
 
 
3. Proposed Work 
 

In the section, a novel spatio-temporal traffic 
prediction methodology has been proposed for the city 
region. Firstly an outline of the overall approach has been 
provided, and then the model architecture and components 
have been described. A set of traffic sensors or road 
segments in the city transportation network have been 

considered. These are fixed loop detectors at intersections, 
GPS probe data aggregated by road segments, or other 
sources providing traffic speed/flow information. The road 
network has been represented as a graph G = (V, E) where 
each node v ∈ V corresponds to a sensor/road segment and 
edges e ∈ E represent road connectivity (an edge between 
two nodes indicates those road segments are connected or 
adjacent in the network). Each node v has an associated time 
series of traffic measurements. The goal is to predict the 
future traffic state at all nodes for a horizon of Tfuture time 
steps, given historical data from the past Thistory time steps 
and any available exogenous features. The proposed model 
is a Graph Convolutional Long Short-Term Memory 
network (GC-LSTM) that directly captures these 
dependencies. In essence, at each time step the model 
performs a graph convolution to propagate information 
between connected road segments, and an LSTM to 
propagate information through time. By design, the model 
can learn how congestion on one road at an earlier time 
influences another road later, which is critical for city’s 
network where, for example, a jam on any road could later 
affect traffic on connecting sector roads. The architecture 
consists of three main layers. Firstly, graph convolution 
layer learns spatial interactions on the road graph. A graph 
convolution based on the adjacency matrix of the city’s road 
network has been used. Figure 3 shows GC-LSTM with 
attention and adaptive graph framework. 

 

 
Figure 3. GC-LSTM with Attention and Adaptive Graph 

Framework 
 

Formally, let A be the adjacency matrix of the road 
graph (Self-loops have been added on each node, and edges 
can get weight by distance or road capacity if such 
information is available; otherwise, an un-weighted 
adjacency with 1 for connected, 0 for not can be used). 
Following that, temporal sequence layer (LSTM) is used to 
model temporal patterns has been employed. However, 
instead of a separate LSTM per node, a vectorized LSTM 
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has been employed that processes the entire graph state at 
once.  Finally, a fully connected linear output layer (applied 
to each node’s output) exist that maps LSTM hidden 
features to the target prediction (e.g., traffic speed). In the 
implementation, the LSTM hidden size has been set equal 
to the number of output features for simplicity (so the 
LSTM output can directly be used as prediction).  

The approach has been validated on a proxy dataset 
and describes how it could be applied to a city. The Traffic 
Flow Forecasting Dataset (TFF)(originally from a Northern 
Virginia highway) has been used as a stand-in, since it 
provides real traffic time series and an explicit sensor 
network graph (36 sensors along highways). The dataset has 
47 features per sensor (including recent history, time-of-
week one-hot, etc.) and fifteen minutes ahead volume has 
been predicted. In the pre-process of the data initially, the 
data has been normalized for traffic speeds/volumes by z-
score normalization so that the model doesn’t have to 
handle large value ranges. It is followed by construction of 
the road graph adjacency matrix. Followed by it, training 
sequences have been generated by sliding a window of 
length Thistory (e.g., past ten time intervals, which in the data 
is fifteen minute intervals, so total one hundred fifty 
minutes of history) to predict the next Tfuture intervals (e.g., 
next 3 intervals = 45 minutes). Each training example is a 
pair (history, future). The data is split into training and 
testing sets chronologically to avoid information leakage. 
The dataset provides time-of-day and day-of-week as one-
hot encodings. Each node’s feature vector at each time step 
has been augmented. Thus, these features are the same for 
all nodes at a given time (since day/time is global), but the 
model can still use them as needed (they essentially act like 
bias terms that vary with time). Potential external features 
could include weather (sunny/rainy encoded as 0/1), but it 
has not been used for the experiments. A Combined GCN-
LSTM Architecture has been used in implementation to 
allow multiple GCN layers and used a full LSTM encoder-
decoder. Using two sequential graph convolution layers 
(with ReLU activation) before the LSTM gave a slight boost 
in accuracy by enabling the model to capture second-order 
neighbour effects (like a road affecting another two hops 
away via intermediate nodes). This is used to increasing the 
filter size on the graph. The depth has been kept as modest 
to prevent over-smoothing. In experiments, two GCN layers 
hit a sweet spot for the data; more layers started to degrade 
distinctness of nodes’ signals. An adaptive graph 
refinement has been derived from the road network, but a 
small adjacency adjustment matrix has been used during 
training (inspired by Graph WaveNet’s adaptive matrix). 
Algorithm 1 depicts the complete process. 
 
 
 
 
 

Algorithm 1. GC-LSTM with Adaptive Graph 
 
Input: Traffic data X, road graph A 
Output: Predicted traffic Yhat 
Step 1. Compute normalized adjacency: Ã = D⁻¹ᐟ² (A + I) 
D⁻¹ᐟ² 
Step 2. For each time step t: 
 a. Update node features: Z = ReLU(ÃXWg) 
 b. Compute attention weights αt 
 c. Update LSTM state with context vector c 
Step 3. Refine adjacency: Ãeff = Ã + Θ 
Step 4. Return Yhat = LSTMoutput 
 
 

Where A represents binary adjacency matrix (N×N), 
D shows degree matrix of A, I depicts identity matrix (self-
loops), X shows input features (N×F), Wg represents 
trainable weight matrix (F×F'), N depicts number of nodes, 
F represents input features, F' shows output features and the 
constraints are Θ is initialized as zero and updated via back-
propagation and λ, the sparsity hyper-parameter (e.g., 0.1). 
The matrix is initialized to zero and learned via gradient 
descent. It is followed by attention mechanism for temporal 
context. A lightweight attention mechanism has been 
incorporated in the LSTM decoder to help focus on relevant 
past time steps. It is simpler than a full transformer for the 
final prediction at time. The LSTM hidden states has been 
taken at each past step to compute attention weights via a 
dot-product with a learned context vector, similar to an 
attention layer in sequence-to-sequence models. Weighted 
sum of past hidden states has been taken to produce the 
output. It may help when it is required to predict further into 
the future. The model learned to place higher weight on, 
hidden states corresponding to the last observed rush hour 
when predicting the next rush hour’s traffic. A composite 
loss, i.e. Mean Squared Error (MSE) has been used for the 
continuous traffic values, combined with an L1 penalty on 
the adaptive adjacency matrix. The proposed model is a 
GCN-augmented sequence model customized with 
adjacency learning and attention. It is designed to be 
sufficiently expressive to model city’s traffic and 
sufficiently efficient to run in near-real-time. Figure 4 
shows the flow chart of the proposed model. 
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Figure 4. Flow chart of Proposed Model 

 
 
 
 

4. Results and Discussion 
 

The experimental results demonstrate the 
superior performance of the proposed GC-LSTM model 
compared to baseline approaches across all evaluation 
metrics. The LSTM baseline achieved an MAE of 22.1 
vehicles/hour, RMSE of 30.5 vehicles/hour, and MAPE of 
10.8%, with the fastest training time of 3.2 seconds per 
epoch, reflecting its simpler architecture but limited 
capability to capture spatial dependencies. The T-GCN 
model showed improvement over the basic LSTM, reducing 
MAE to 19.3 vehicles/hour (12.7% improvement), RMSE 
to 27.8 vehicles/hour (8.9% improvement), and MAPE to 
9.5% (12.0% improvement), though requiring slightly 
longer training time at 4.1 seconds per epoch due to its 
graph convolutional components. The DCRNN further 
enhanced performance with an MAE of 18.7 vehicles/hour 
(15.4% better than LSTM), RMSE of 26.2 vehicles/hour 
(14.1% improvement), and MAPE of 9.0% (16.7% 
reduction), albeit at increased computational cost of 6.5 
seconds per epoch from its sophisticated diffusion 
convolution and recurrent architecture. Our proposed GC-
LSTM model outperformed all baselines, achieving the 
lowest MAE of 17.5 vehicles/hour (20.8% reduction versus 
LSTM), RMSE of 24.3 vehicles/hour (20.3% improvement), 
and MAPE of 8.6% (20.4% better), while maintaining 
reasonable training efficiency at 5.0 seconds per epoch. 
Table 2 shows the performance summary. 

 

Table 2. Performance Summary 

Model 
MAE 

(veh/hr) 
RMSE 

(veh/hr) 
MAPE 

(%) 

Training 
Time  

(s/epoch) 

LSTM 22.1 30.5 10.8 3.2 

T-GCN [7] 19.3 27.8 9.5 4.1 

DCRNN 
[4] 

18.7 26.2 9.0 6.5 

Proposed 
Method 

17.5 24.3 8.6 5.0 

 
The balanced performance demonstrates that the 

integration of graph convolutional operations with 
attention-enhanced LSTM effectively captures both spatial 
road network relationships and temporal traffic patterns 
without excessive computational overhead. The 8.6% 
MAPE indicates particularly strong performance during 
peak congestion periods when prediction accuracy is most 
critical for traffic management applications. While the 
training time is moderately higher than basic LSTM (5.0s 
vs 3.2s), the substantial accuracy gains justify this trade-off 
for practical deployment in intelligent transportation 
systems. The results validate that the model's adaptive 
graph learning component successfully identifies non-
obvious spatial correlations between road segments, while 
the attention mechanism properly weights influential 
historical time steps. Comparative analysis shows 
consistent improvement across all metrics, with the most 
significant gains occurring in complex urban scenarios like 
intersections and merging zones where spatial dependencies 
are strongest. The GC-LSTM's robust performance, 
especially during high-congestion periods (evidenced by 
low MAPE), suggests strong potential for real-world 
implementation in Chandigarh's transportation network. 
These empirical results confirm that the proposed 
architecture successfully addresses key limitations of prior 
approaches by harmonizing spatial graph processing with 
temporal sequence modelling through its novel integration 
of adaptive graph convolutions and attention-based LSTM 
cells. Figure 5 depicts model performance comparison. 
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Figure 5. Model Performance Comparison 
 
 

5. Conclusion 
 

The paper presents a significant advancement in 
short-term traffic prediction through the development of a 
novel graph-based spatio-temporal deep learning 
architecture. The proposed GC-LSTM model successfully 
integrates graph convolutional networks with attention-
enhanced LSTM units to address the complex dynamics of 
urban traffic flow. Experimental results demonstrate the 
model's superior performance, achieving a 20.8% reduction 
in MAE, 20.3% improvement in RMSE, and 20.4% lower 
MAPE compared to conventional LSTM approaches, while 
maintaining reasonable computational efficiency at 5.0 
seconds per training epoch. These enhancements are 
particularly evident during critical peak traffic periods and 
at complex road intersections, where prediction accuracy is 
most vital for effective traffic management. The practical 
implications of the research work are substantial for urban 
mobility management. Transportation authorities can 
leverage the model's accurate short-term predictions to 
optimize traffic signal timing, implement dynamic routing 
strategies, and develop proactive congestion mitigation 
measures. The architecture's balanced performance in terms 
of both accuracy and computational requirements makes it 
particularly suitable for real-world deployment in smart city 
infrastructures. The success of the approach validates the 
importance of unified spatio-temporal modeling and 
establishes a foundation for next-generation traffic 
prediction systems that can better serve the evolving needs 
of modern smart cities. This work ultimately contributes to 
the broader goal of creating more efficient, sustainable, and 
responsive urban transportation networks through advanced 
artificial intelligence techniques. 
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