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Abstract: Urban bus systems are essential for public transport, especially in fast-growing cities.
However, traditional timetable scheduling often struggles to handle real-world conditions such as traffic
congestion and changing passenger demand. This leads to delays and inefficient service.

Recent work has explored the use of Artificial Intelligence (A1), Machine Learning (ML), and data-driven
methods to improve scheduling. Techniques like Long Short-Term Memory (LSTM) models help predict
bus arrival times, while reinforcement learning and optimization methods support better scheduling
decisions. Real-time data analysis also allows systems to adjust based on current conditions.

This paper reviews recent developments in Al-based bus scheduling systems and compares different
approaches in terms of accuracy, efficiency, and real-time performance. The findings show that these
systems can reduce waiting times and improve reliability. At the same time, challenges such as system
complexity, data integration, and infrastructure requirements still need attention. Future work should
focus on making these systems easier to deploy and scale in real-world environments..
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L. INTRODUCTION
Urban transportation systems are under increasing pressure as cities grow and populations rise. Public buses remain one
of the most affordable and widely used transport options, but their performance often depends on how well schedules
are managed.
Traditional scheduling methods are mostly fixed and do not adjust to changing conditions like traffic, road disruptions,
or varying passenger demand. This results in delays, longer waiting times, and inconsistent service quality.
Advances in Al and machine learning offer new ways to address these issues. These technologies can analyze both
historical and real-time data to predict traffic patterns, estimate arrival times, and improve scheduling decisions.
Models such as LSTM are commonly used for time-based predictions, while reinforcement learning supports decision-
making in uncertain conditions.
In addition, IoT devices and real-time data systems make it possible to monitor transport networks continuously. This
allows scheduling systems to respond more effectively to current conditions. This paper focuses on how these Al-based
approaches can improve urban bus scheduling and overall system performance.
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Figure 2: Architecture of Al-Based Bus Transit System [4]
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Figure 3: Real-Time Bus Tracking and Scheduling System using [oT [7]

II. LITERATURE SURVEY
Recent research shows a clear move toward using Al and data-driven methods in bus scheduling systems. With better
data availability and improved computing power, more adaptive and efficient solutions are being developed.
Some studies focus on automated scheduling systems that use predictive models to reduce delays and improve
efficiency. While these systems perform well under stable conditions, they may struggle to adapt quickly when traffic
or demand changes.
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Other approaches integrate real-time tracking and ticketing using GPS and mobile applications. These systems improve
transparency and user experience but depend heavily on reliable infrastructure and connectivity.

Edge-based Al models have also been introduced to process data closer to the source. This reduces delays and allows
faster predictions, though limited hardware capacity can restrict scalability.

LSTM-based models are widely used for predicting bus arrival times because they can capture patterns in time-series
data. They generally offer high accuracy but require large datasets and significant computing resources.

Reinforcement learning methods focus on improving scheduling decisions by learning from changing conditions. These
approaches adapt well to dynamic environments but involve complex training and tuning.

Optimization techniques such as Dijkstra’s algorithm and genetic algorithms are used for route planning and
scheduling. While effective, they can be difficult to apply in real-time systems due to their computational demands.
IoT-based systems provide continuous data through sensors and GPS devices, helping improve decision-making.
However, they require investment in infrastructure and proper data management.

Some recent work combines multiple techniques, such as integrating LSTM with reinforcement learning or using IoT
data with optimization models. These hybrid approaches tend to perform better but increase system complexity.
Overall, these studies show that Al-based methods improve efficiency, reduce waiting time, and enhance passenger
experience. However, issues such as cost, scalability, and system complexity still limit large-scale implementation.
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III. FUTURE SCOPE
Future research should focus on making Al-based bus scheduling systems more practical for real-world use. One
important area is improving how real-time data is collected and used. Data from GPS, IoT devices, and traffic systems
can help create more accurate predictions and allow schedules to adjust based on current conditions.
More advanced Al methods, including deep reinforcement learning and multi-agent systems, could improve decision-
making in complex situations. Technologies like edge computing can reduce delays by processing data locally, while
digital twin models may help simulate and test transport systems before deployment.
There is also room to improve the passenger experience through features like smart ticketing, demand prediction, and
better communication through mobile applications.
At the same time, challenges such as high costs and system complexity need to be addressed. Future systems should
aim to balance performance with simplicity, making them easier to deploy and maintain at scale.

IV. CONCLUSION
This paper reviewed recent approaches to improving urban bus timetable scheduling using Al-based methods.
Techniques such as machine learning, reinforcement learning, and optimization algorithms have shown clear benefits in
improving scheduling accuracy and reducing delays.
These systems can make public transport more reliable and efficient, leading to better passenger satisfaction. However,
practical challenges such as high implementation costs, complex system design, and large data requirements still limit
their widespread use.
With continued improvements in technology and system design, Al-based scheduling has strong potential to support
more efficient and sustainable urban transportation in the future.
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