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. . fine-grained motion understanding and, at the same time, is able to run
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in real time. The trained model is deployed into a SUMO-based digital
twin, making it possible to keep prediction simulation in sync at 0.1
second intervals. GeoLife experimental results indicate good
performance, with a validation loss of 0.000443, an RMSE of 0.021, an
ADE of 0.025, and 97.27% accuracy at a threshold of 0.05 in

centimeter accuracy and higher than LSTM based baselines.
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1. INTRODUCTION
Autonomous driving is among the most
significant research fields in recent years. The
current literature and systems focus on structured
traffic situations, like those found in developed
nations, where the roads have well-defined lane
markings, traffic signs, and foreseeable driving
patterns [1]. In developing countries, however,
traffic tends to be unorganized, a mix of different
types of vehicles, with no regular movement
pattern, and insufficient road infrastructure. They
reduce the ability of the current autonomous
driving systems to perform in such real-world
scenarios. However, the situation is considerably
networks of most

different in the traffic

developing countries. The roads are usually
unmarked with their lanes, the signage is usually
incomplete and not standardized, intersections
are often not controlled, and the movement of
pedestrians or non-motorized vehicles is extremely
unpredictable [2]. Besides, the traffic ecosystem is
also heterogeneous; it includes cars, motorbikes,
rickshaws, buses, bicycles, and carts pulled by
animals, as well as pedestrians that share the same
unorganized space. These conditions are
characterized by unpredictable flow patterns,

excessive concentration, and random maneuvers

that are not provided in the assumptions of the

3181

majority of current autonomous driving models
[3]. Such systems that have been trained on
structured data are therefore prone to poor
performance and poor generalization, and their
decision-making is also unstable in the real-world
environment where no structure is provided to
them. This gap brings to our attention the
necessity to come up with autonomous driving
frameworks that would specifically address the
nuances of traffic in developing regions [4, 5].
Actual GPS trajectory data are employed in the
real world to get real vehicle movement behavior.
The model is able to implicitly learn driving
patterns, changes in speed, and even trends in
motion, which are hard to express in rules
designed manually by designers. This solution is
particularly appropriate to traffic situations in
developing countries when the driving behavior
can be considered heterogeneous and irregular in
most cases [4].

The trajectory prediction problem is given as a
supervised sequence learning problem in which
previous vehicle locations are the input and
predicted future location is the output. The
formulation has greatly been used in earlier
literature on trajectory prediction [5].

The existing traffic simulation tools mainly

depend on a set of defined behavioral guidelines
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and do not extend to smoothly integrate data-
friendly prediction models, which decrease an
aptitude to mimic realworld driving behavior.
This limitation underscores the fact that a single,
data-driven digital twin system is necessary, which
can combine the actual GPS trajectory data of the
real world, machinelearning-based trajectory
prediction, and real-time traffic simulation to
enhance the realism and efficiency of autonomous
driving studies in developed region countries. The
proposed framework has several practical
applications in Intelligent Transportation Systems,
in Autonomous Driving and in the development
of smart cities.

LITERATURE REVIEW

Alahi et al. [6] introduced the Social LSTM model,
which uses recurrent neural networks with a social
pooling mechanism to capture interactions
between agents. It was an important step in the
modeling of pedestrian behavior in a crowded
setting, but it has problems with longrange
dependencies. Song et al. [7] suggested a human
mobility prediction neural network based on
spatial-temporal. The model learns movement
patterns using large-scale GPS information. It
shows good results in urban mobility analysis. But
it needs big datasets to train. Liu et al. [8]
which

formulated a deep mobility model,

represents periodic movement patterns. The

model recognizes the repeatable human mobility
behaviors. It enhances the accuracy of prediction
of habitual motions. Nevertheless, it is not
effective in non-regular situations. Wang et al. [9]
suggested hybrid CNN LSTM model of trajectory
prediction. The model is an integration of spatial
feature extraction and temporal modeling. It
achieves good performance on GPS datasets.
Nonetheless, it has the disadvantage of being
A graph based

computationally expensive.

mobility prediction model was presented by Feng
et al. [10]. The model is a graph-based model that
represents spatial relationships between sites. It
enhances the predictive success with big mobility
data. Nonetheless, it involves a complicated graph
construction.

Deo et al. [11] introduced the convolutional social
pooling methodology, which uses convolutional
layers with LSTMs to capture the spatial and time
dependence. The model also has increased
computational complexity, but it increases the
accuracy of prediction. Gupta et al. [12] created
Social GAN, a generative adversarial model
capable of generating several plausible future
paths, which deals with the multimodality of
prediction. Nevertheless, GAN-based methods are
computationally inefficient and hard to train.
Yuan et al. [13] proposed a hierarchical trajectory

prediction model, which decouples world route
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planning and local motion prediction. Such a

stratified treatment enables the improved
modelling of both longterm and shortterm
dependencies. Their model enhances the accuracy
of predictions in complicated roads. It however
needs more computational power to do
hierarchical processing. Hong et al. [14] presented
a lane-aware trajectory prediction framework that
uses information on road geometry and lanes.
The model enhances the accuracy of predictions
since it matches the trajectories to the lane
constraints. It is able to work under highway
conditions. Nevertheless, it is dependent on lane
information and therefore it is not effective in
unstructured traffic [16].

Thus, there is an evident research gap in the
efficient, scalable, and

development of an

integrated  framework  integrating  further
trajectory predictions with digital twin simulation,
tailored to the dynamic and unpredictable traffic
conditions of developing areas, and this study will

fill this gap.

RESEARCH METHODOLOGY

The primary data source was the GeoLife
GPS Trajectories dataset [16] that comprises
millions of GPS trajectory records of pedestrians
and vehicles (in the reallife urban setting).
Despite the fact that the dataset was initially
mapped in organized Chinese cities, it contains
fine-grained movement traces that are rich and
good enough to trace various mobility patterns.
The data was further refined and enhanced with
variation in speed, direction and time interval
between trajectory points in order to provide a
more realistic representation of unstructured
traffic areas. This

patterns in developing

augmentation mimics the abnormal driving
patterns that include changing lanes abruptly,
following too closely, as well as mixed engagement
between vehicles. In this way, the dataset was
transformed  to  simulate  chaotic  and
heterogeneous traffic states, which is why it is
appropriate to train the Transformer model to
simulate unstructured traffic and integrate digital
twins. Sample Trajectory Data from GeoLife GPS

Dataset is described in Table 1 and 2.

Table 3.1: Samples of GeoLife GPS Dataset

Traj_id | Time Latitude Longitude Altitude Date Time
0 0 39.984702 116.318417 492.0 08-10-23 | 02:53:04
0 1 39.984683 116.318450 492.0 08-10-23 02:53:10
0 2 39.984686 116.318417 492.0 08-10-23 02:53:15
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0 3 39.984688 116.318385 492.0 08-10-23 | 02:53:20
0 4 39.984655 | 116.318263 492.0 08-10-23 | 02:53:25
Table 2: Dataset Statistics
Sr. No Description Value
01 Total training samples 12,264,374
02 Total validation samples 2,628,080
03 Total test samples 2,628,081
04 Sequence 10
length
05 Number of features 4 (x, y, speed, heading)
06 Output dimensions (x,)

The processed data were split into training (70%),
validation (15%), and test (15%) sets to enable
model development and performance testing. The
proposed framework is based on a closed-loop
digital twin system that allows the simulation
environment and  prediction model to
continuously share information with each other as
shown in Figure 1. A closed-loop digital twin
involves  continuously  collecting, analyzing,
predicting and returning system states to the
virtual environment to keep the system behavior
synchronized between the real and virtual worlds.
The SUMO traffic simulator is used as the virtual
traffic environment, and the Transformer model

is used as the predictive intelligence component

in this research. SUMO provides the Vehicle

states, such as position, speed, heading, etc., for
each step of the simulation via the Traffic Control
Interface (TraCl). The Transformer model takes
these observations and creates future trajectory
predictions. These predicted trajectories are then
displayed and analyzed in the simulation
environment and a feedback loop is established
between the simulator and the prediction model.
The integration allows the digital twin to observe
the current traffic situation but also predict future
traffic flows, which can be used for realtime
traffic  analysis and autonomous driving
applications. It is possible through this integration
to have the predictive model and the simulation

engine interacting in a bidirectional fashion:
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1. Input Phase: GPS sequential inputs or vehicle
states are generated as simulation inputs to the
DT.

2. Prediction Phase: The Transformer model is a
prediction of the subsequent spatial positions and
velocities.
3.Visualization Phase: SUMO displays the

predicted trajectories and renders the digital

environment with them as well.

Python Environment TraClI Interface
Trained Tramsformer Model
). TCP/AP Communication
Feature Scaler y
4
Trajectory Buffer

Commands and Responses

Data Processing Layer

Road Network (unstructured)

4. Feedback Phase: The system will get the results
of a simulation (e.g., collisions, density, speed)
and will reverse them back to the model to
optimize or approve it.

As Figure 3.4 depicts, the conceptual design of the
Digital Twin integration reflects a closed-loop
interaction Transformer

among data input,

prediction, and visualization based on SUMO.

SUMO Environment

SR e Digital Twin Framework

Real-time Prediction Loop

Vehicle Fleet GUI Display

Figure 1: Real-time Digital Twin Integration Framework

The general workflow has four significant
elements:

Data Interface Layer: In charge of collecting actual
or recorded GPS data in CSV format in the
GeolLife dataset. The interface takes the data and
streams it to the model at a fixed interval to
mimic a live data flow.

Prediction Engine: The model takes as input the
trajectories and gives forecasted latitude-longitude
returns. The predictions are provided as XML or

CSV files that can be imported into SUMO

routes.

Simulation Layer (SUMO): SUMO is based on
these predicted movements to model the behavior
of a multi-vehicle system. The speed, acceleration,
and position of each vehicle are updated at
discrete  simulation time steps. Different
parameters of driver behavior in the model of
unstructured or mixed traffic conditions include
aggressiveness, following distance, and so on, but
not all possible combinations are represented [6].

Feedback and Synchronization Layer: An output
loop is set up between SUMO and the Python

environment (e.g., travel time, average speed,
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collisions). This allows the system to verify

simulation results against predicted values,

dynamically adjust system parameters, and
enhance the relevance of the digital twin model.

The real-time synchronization process consists of a
series of steps based on the digital twins, which
are based on previous digital twin-based traffic

control frameworks. As shown in

3.4.1 SUMO GUI Visualization Framework
A tailored framework for the SUMO GUI was

developed to visualize vehicle motion with the

Transformer in real time. The GUI shows the
early unstructured traffic configuration, online
trajectory forecasting and live visualization of
digital twin. TraCl facilitates the synchronization
of updates and ensures that the state of every
vehicle is updated at every step of the simulation.
This interactive visualization enables users to
pause, replay, and dynamically analyze traffic flow

patterns and prediction accuracy.

Figure 2: SUMO GUI Visualization Vehicle Predictions

Figure 2 shows the real-time connection between
the SUMO simulation environment and the
Transformer-based prediction model using TraCI.
The figure showcases the real-time position of
several vehicles in an unstructured traffic
environment, and their predicted trajectories. The
state of individual vehicles is updated in real time,

facilitating smooth interaction between the real

(simulation) and digital twins. It also shows how
the system enables users to interactively explore
traffic dynamics, observe the prediction model's
behavior, and assess its performance in real time.
This showcases the effectiveness of the proposed
approach in offering an interactive and scalable
environment for research in

digital twin

autonomous driving.
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RESULTS AND DISCUSSION

the predicted vehicle positions are highly accurate

in realworld, uncoordinated traffic.

The proposed digital twin-based framework 1.1 Experimental Setup

of trajectory prediction implementation is
described. Real-world GPS trajectory data are used
to conduct experimental studies to quantify the
behavior of vehicles in unstructured traffic. The
data is first preprocessed and then applied to train
a deep learning model based on a Transformer to
predict the future vehicle paths. The trained
model is next connected to the SUMO traffic
which digital  twin

simulator, creates a

environment  where the prediction can
communicate in real-time with the simulation.
The implementation will enhance the accuracy of
the trajectory prediction and make the traffic
simulation more realistic in developing areas.

4.1 Experimental setup and Evaluation

The fundamental step in this study is model
training and evaluation, during which the
provided Transformer model is trained on spatial-
temporal  associations  between  sequence
trajectories and then tested for predictive quality.

The aim is to tune the model parameters so that

All testing was done in Python 3.10 and PyTorch
2.1 on a CPU-based workstation with an Intel
Core i7 (2.6 GHz) and 16 GB of RAM. Although
the model does not use GPU acceleration, it is
optimized for efficient computation due to its
small number of trainable parameters (around
108,000) and mini-batch processing. The small-
footprint design enables training and inference on
a regular computer without specialized hardware,
making the proposed architecture suitable for low-
resource settings and emerging markets.

The Transformer was implemented in PyTorch in
a -~ compact  configuration  to  balance
computational efficiency and prediction accuracy.
The hyperparameters used in this study are
summarized in Table 3 in which lightweight
design  enables the model to remain
computationally efficient while maintaining high
predictive accuracy, achieving an optimal balance

between real time performance and modeling

precision.

Table 3: Transformer Model Parameters

SR.No Parameter Value
01 Input Dimension 4 features
02 Hidden Dimension 64
03 Attention Heads 4
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04 Encoder Layers 2
05 Feed-Forward Dimension 256
06 Dropout Rate 0.1
07 Output Dimension 2(x,y)

4.2 Quantitative Results and Analysis
In this section, the overall training behavior of the
described, including

Transformer model is

convergence  patterns and  generalization
properties observed during training. In this model,
we define the training behavior of the
Transformer-based trajectory prediction model in
general, as well as its convergence behavior and
overall generalization performance. Even though
the model was set to train for 20 epochs, it
achieved its best validation loss at epoch 8 as

shown in Figure 3. Beyond this, no significant

improvement was observed, and further training
would not lead to improvements in time to
compute or performance. Thus, training was
terminated at the optimal epoch when it had been
attained as shown in Table 3. It can be seen that
the loss curves converge quickly and stabilize, and
the model learns trajectory patterns within the
initial few epochs. The fact that the validation loss
is always low and smooth further supports the
model’s strong generalization, indicating that it
extracted the underlying spatio-temporal structure

of the data without overfitting.
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Figure 3: Training and Validation improvements and logscale view

Table 3: Training Performance Metrics

Metric Initial Value Final Value Improvement (%)
Training Loss 0.007964 0.003959 50.3%
Validation Loss 0.000936 0.000443 52.7%

The gradual decrease is indicative of stable

dynamics in optimization and an efficient
relationship between learning rate, batch size, and
model capacity. The gap between the final
training and the validation losses was used to

measure generalization as Generalization gap = -

0.003516. The minor difference suggests that
during training, this model acquired consistent,
generalizable trajectory dynamics rather than
memorizing the training data. On the whole, the
training phase demonstrates that the Transformer

architecture is very effective for predicting short-
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term  vehicle trajectories, achieving  fast

convergence and high generalization despite its

small size. Figure 4 proves that validation loss was

lower in all epochs in comparison to training loss,
which is a peculiar but positive feature that shows

the strength of the model.

Train Loss / Val Loss

= = Optimal (1.0)

Figure 4: Depicts the Loss Ratio Generalization

This scatter plot which shown in Figure 5
compares the X- and Y-direction prediction errors
for each test point. The majority of the points are
very close to the origin (0,0), indicating that the

errors in predicting both X and Y are very small.
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The dispersion is also evenly distributed,
indicating that the model does not favor a single
vertical

axis  and predicts horizontal and

movement equally well.

004 oo o.08
X Error
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Figure 5: X vs. Y Dimensional Error Correlation Plot

4.3.1 Accuracy Analysis

The model was tested in various spatial thresholds as illustrated in table 4.

Table 4: Accuracy at Distance Thresholds

Threshold (units) Accuracy (%) Interpretation
<0.01 82.85% High precision
<0.02 93.50% Very accurate
<0.05 97.27% Highly reliable
<0.10 99.66% Excellent coverage
<0.20 99.95% Near-perfect

This precision is appropriate in digital twin simulation, microscopic traffic simulation, and autonomous

driving. The model predicts the positions of vehicles at varying distance thresholds in the future. The

model’s high accuracy at small thresholds (0.01 to 0.05 units) indicates it is reliable for making very

precise shortterm predictions, which is crucial for. tasks such as realtime digital twins, SUMO

microscopic traffic simulation, decision-making, and collision avoidance in autonomous driving.

CONCLUSION AND FUTURE WORK

The proposed model in combination with traffic
simulation, can yield better prediction accuracy
and simulation realism in unstructured traffic
conditions. This paper proposed an effective In
this study, we proposed a novel and efficient
short-term

Transformer-based approach for

vehicle trajectory prediction, embedded in a

digital twin simulation environment using SUMO.

The developed framework effectively integrates

machine learning with simulation tools,

facilitating a real-time interaction between the

prediction model and the digital twin using TraCI.

3191

Our performance suggests that it outperforms
conventional methods like LSTM, SociallLSTM
and graph-based models, which may fail to
capture longterm and spatial dependencies.
Additionally, the Transformer model captures
spatio-temporal interactions in trajectory data
without  recurrence,  enabling  enhanced
performance and efficiency. These future research
directions will help build a more reliable, scalable
and smart digital twin-based system for next-
generation autonomous driving and smart
transportation systems. Extend the framework to

multistep trajectory prediction to enable long-
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[1].

term forecasting and autonomous driving

decision-making.
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