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Abstract

This paper addresses the design of an intelligent IoT system interface that handles automated and motorized horizontal passenger
transfer from one railway platform to another while at the same time increasing overall efficiency of the railway systems. The
system employs NodeMCU as the main controller with a motorized rolling stage (interface) for motion control, various LEDs for
displaying status and alarm signals and one screen display for displaying the incoming train information. Through computerised
opening and closing of the platform edges, the passengers are able to have a smooth and secure passage between the platforms.
The railway train detection is implemented in Python with the help of OpenCV and YOLOv5 object detection model. The design
also accommodates wheelchair users by providing an accessible transfer platform, hereby enhancing mobility and safety for all
passengers. To enable recognition of the train under different environmental conditions, a custom dataset of train images with
annotations was developed specifically for training. When the approaching train is detected, the platform interface movement
mechanism is activated and the information on the display together with the signal lights is changed.
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1. Introduction

Railway transport is a fundamental part of combined world economies and is responsible for rendering mobility of
both commodities and people over extensive distances. But, safety and operation efficiency of railway are the difficult
issues which are hard to ensure with high traffic density and the demand for quick decision making. One of the most
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important factors which affect the railway station safety and efficiency is the design to control passengers transfer
between the platform and the capability to deliver real-time information about the train arrival to the passengers for
their efficient commute [1-2]. Some previous techniques used to manage the platform intersection are through using
footbridges as well as tunnels or hand operations which may take time and are sometimes hazardous in crowded sta-
tions [6]. To overcome these difficulties, this paper proposes the design of the Smart Platform Interface that controls
the movement of passengers between railway platforms using IoT technology and real-time train identification system
for passenger automation [10-11]. Our system employs NodeMCU as the central processor which has incorporated
a motorized platform interface, signalling LED and an LED display for train information and safety precautions in
real-time [16]. The train detection mechanism uses advanced computer vision technologies, which include OpenCV
and YOLOv5 which is a fast convolutional neural network (CNN) designed to detect objects in real time. This sys-
tem proposes advances safety and operation of railway stations by automating the process of platform access based
on real-time information and detection of trains [4-9]. In implementing the project, several specific steps are taken
starting from generation and labelling of train image dataset with environmental conditions of interest. This dataset is
employed to fine-tune of the YOLOv5 model in terms of train detection accuracy [4]. This real time response system
makes it possible to open or close the special platform interface depending on the input detected train events and
hence enhances the security of passengers and efficient station operations [13].
1.1. Use Case Diagram

Fig. 1. Use Case Diagram

The use case diagram in fig 1 depicts the main functions of a smart platform-crossing interface system.

• Actors
– Users: Represents passengers or individuals who want to cross the platform.
– Railway Officer: A staff member responsible for monitoring and controlling platform access, especially in

emergency situations.
• Use Cases

– Cross Platform: Represents the action of passengers crossing from one platform to another. This action
depends on whether the platform is safe and accessible.

– Screen Display and LED Signals: Manages the visual signals (e.g., screen displays and LED indicators)
that inform users about platform accessibility and the approach of any train. This feature likely communi-
cates “safe to cross” or “do not cross” messages to users.

– Monitor Train Detections: Detects the presence or absence of trains approaching the platform. This detec-
tion triggers safety mechanisms that may restrict access or update the signals accordingly. It is essential
for real-time platform management and user safety.

– Control Platform Interface: Manages platform access controls, likely opening or closing platform gates
based on whether a train is detected. It acts as the central control for restricting or allowing passage.
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– Emergency Stop Access: Allows the Railway Officer to immediately stop platform access in emergencies,
providing an extra safety layer.

2. Major Contribution

• Enhanced Passenger Mobility and Safety: The proposed system facilitates efficient passenger flow between
platforms by automating crossing access, significantly reducing congestion and minimizing risks, especially
during peak hours.
• Cost-Effective and Scalable Solution: Unlike traditional footbridges or tunnels, which are costly and time-

consuming to build, this system provides an affordable and scalable solution that can be deployed at multiple
railway stations without extensive infrastructure changes.
• Accessibility for All Passengers: With a focus on inclusivity, the system ensures smooth transitions for all

passengers, including those with disabilities, by eliminating the need for stairs or ramps, which are often chal-
lenging for some passengers.
• Real-Time, Low-Power Detection and Control: Leveraging the low-power NodeMCU with the efficiency of

YOLOv5 and OpenCV, the system offers real-time responses to train detection, operating seamlessly on a low-
resource setup suitable for the constraints of railway environments.

3. Related Work

In the current Indian railway system, platform management primarily relies on manual operations and static in-
frastructure, with limited automation. The transfer of passengers between platforms is typically managed through
footbridges, subways, and manually operated level crossings. Such methods are slow, and pose potential safety risks,
especially during peak travel hours when stations are congested [12-13]. Additionally, real-time train arrival and de-
parture information is often communicated through basic public announcement systems and manual displays, which
are prone to human error and delays. This lack of automation and precision can lead to inefficiencies, such as longer
wait times for passengers and a higher risk of accidents in the absence of controlled movement between platforms.
These manual approaches are often insufficient to cope with the growing demand for safety and operational effi-
ciency in densely populated urban railway stations[8-9]. Moreover, they are challenging for handicapped or elderly
passengers to use bridges or stairs.

4. Literature Review

The integration of IoT technology in railway systems has significantly advanced safety, efficiency, and real-time
monitoring. IoT-based systems are crucial for preventing railway accidents, as shown by Sagar et al. (2016) in their
calamity avoidance system using cloud computing [1]. Similarly, Jo et al. (2018) highlighted IoT’s potential in smart
railways for predictive maintenance and large-scale monitoring [2]. Rail track health monitoring, as discussed by
Chellaswamy et al. (2017), exemplifies how IoT can continuously monitor track conditions, enhancing track safety
[3].

Combining IoT with machine learning and computer vision allows for precise, real-time responses, as demonstrated
by Wu et al. (2021) with YOLOv5 for object detection [4]. Chandan et al. (2018) showcased deep learning for platform
security, which is crucial for detecting incoming trains and anomalies [5]. IoT-based automated level crossing systems,
like those by Amjath and Kartheeswaran (2020), underscore the importance of real-time detection to prevent accidents
[7].

”Railway as a Thing,” proposed by Oransa and Abdel-Azim (2015), suggests centralized IoT control systems for
enhanced train scheduling accuracy, aligning with the requirements of automated platform interfaces [12]. Li et al.
(2017) expanded on IoT’s role in smart railways, emphasizing real-time diagnostics and monitoring [13]. Sustainable
IoT applications, as discussed by Singh et al. (2022), focus on energy-efficient, safe railways, while Mansingh et al.
(2015) illustrated machine learning’s role in unmanned crossings, emphasizing the need for reliable object recognition
[14, 17].
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5. Block Diagram

Fig. 2. Block Diagram

Figure 2 explains the working of the different blocks involved in the proposed smart platform interface. It includes:

• Python Train and Distance Prediction System: This refers to a toy train which is operated by a program written
in Python language. This system involves the measurement of distance with a train and most probably an object
or an untoward thing.
• Node MCU: This is a microcontroller board that is the main control centre of the entire distance prediction

system. It gathers the information from the sensors and analyses the same.
• Servo Motor: This motor is also connected to the Node MCU and could be utilized to control the opening and

closing of platform interface based on the predicted distance value of the train.
• LED Bulbs (Red, Green): These are used to display the status as to the condition of the train or to measure

distance. For instance, red light may mean that the train is near and interface has to be closed while a green light
is used when the train is at a safe distance away from the platform.
• 16 x 2 LCD Screen: This Liquid Crystal Display screen could be employed to display the measured distance or

any other information that may be necessary.
• Blynk Cloud: This could be a cloud platform used for monitoring or controlling the train remotely through a

Smartphone application or a web-based application. However, the Blynk Cloud is not essential for the core
functionality of the system.
• Power Supply: This offers electrical energy required to energise the components of the system.
• Wi-Fi: This we believe signifies the presence of Wi-Fi link, maybe between the Node MCU and a computer or

maybe an application on a smart phone for monitoring or controlling the train. However, Wi-Fi connectivity is
not necessary for the basic operation of the system itself.
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6. Implementation Details

Fig. 3. Circuit Diagram

Figure 3 illustrates the use of NodeMCU, an ESP8266-based microcontroller, in controlling the platform interface
system. The Circuit Diagram includes:

• LEDs (Red and Green): Include details of the availability status of the platform interface (Is it open or closed)?
• Servo Motor: Responsible for the movement of the platform from one side to the other to allow passengers

transfer from one platform to another.
• LCD Display: Displays such things like time table of trains and other safely procedures to be followed.
• Camera Module: Records real-time footage of the platform, using either a laptop-integrated or camera module.
• Breadboard and Jumper Wires: Facilitate temporary and organized connections between the NodeMCU and

components for easy circuit assembly.

6.1. Criteria for Model Selection
• Real-Time Processing for Safety: YOLOv5 and CNN models provide rapid inference times, ensuring the system

can detect and react to an approaching train without delay, enhancing passenger safety.
• Compatibility with Low-Power Hardware: YOLOv5 and CNNs are efficient enough to be deployed on lower-

power hardware setups while maintaining high accuracy, allowing the system to operate in resource-limited
environments typical of public railway platforms.
• Adaptability and Scalability: The combination of YOLOv5 and CNN allows for easy model fine-tuning, letting

the system adapt to different lighting conditions and platform environments, while OpenCV’s extensive image
processing tools provide flexibility in data handling and preprocessing.

6.2. Distance prediction algorithm

To achieve object detection with the use of YOLO, the class called YOLOPredictions was developed. The model
was reloaded from ONNX file and labels from a yaml file containing the corresponding labels. The prediction function
takes every frame or image and resize it to the input size of the model and then extract the object prediction from the
YOLO model output. In order to remove redundant detections, Non-Maximum Suppression (NMS) algorithm was
used by bounding the boxes with respect to confidence scores. The detected objects on the video frames had bounding
boxes drawn around them, and the class labels gave the actual results together with the confidence scores attached to
them.

Distance Estimation Formula

The distance to the detected object was calculated with the help of the reference image to find the focal length
proportional to the real size of the face of the train and pixels width. The following formula was employed:

Focal Length = (Width in reference image× Measured distance) / Real width

Once the focal length was determined, the distance to the object in each video frame was calculated using:
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Distance = (Real object width × Focal Length) / Width in frame

Automated Control in Accordance to Distance

NodeMCU microcontroller was used to open and close a gate with the help of servo motor according to the distance
sensed. The distance was considered in real time from the video feed in the screen and a message was passed to the
NodeMCU to power the servo according to the distance measure to the object (train).

6.3. Machine Learning Results

Fig. 4. F1 Confidence Curve Fig. 5. Precision Curve Fig. 6. Recall Curve

Figure 6 Shows how the F1 score (a balance of precision and recall) changes with confidence for the trained model.
It peaks in the middle, suggesting optimal performance at moderate confidence levels.

Figure 7 Illustrates how precision (accuracy of positive predictions) improves as confidence increases for the trained
model. The steep rise indicates higher precision with higher confidence.

Figure 8 Demonstrates how recall (ability to find all positive cases) decreases as confidence increases. This suggests
a trade-off where higher confidence leads to missing more positive cases for the trained model.

Fig. 7. Results

Figure 9 shows the performance of a machine learning model, for train detection:

• Loss graphs (top and bottom left 6) Shows decreasing losses for bounding box prediction and object detection
in both training and validation sets, indicating improving performance.
• Classification loss (3rd column) is flat at zero, suggesting excellent class prediction.
• Precision and Recall (top right) are both generally increasing, showing better accuracy.
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• mAP scores (bottom right) shows Increasing Mean Average Precision, indicating overall improvement in detec-
tion performance.

Overall, the graphs suggest the model is learning effectively across various metrics as training progresses.

Fig. 8. Train Batch

Figure 10 above is a sample of training data for an object detection model with an emphasis on detecting trains. The
family has many snapshots of toy, or model trains inside probably on the floor or on a table. They are circumscribed
with red rectangles to indicate the labelled objects which the model has to be trained on the trains. The pictures
show trains with different orientations and from different perspectives as to their size, angles, depths, and lighting or
background settings; this gives the model diverse examples of the object so that it can identify trains.

Fig. 9. Predictions/Test (Value Batch)

Figure 11 above is a sample of predictions from given object detection model to detect trains. Every prediction is
given a value from 0 to 1, thereby pointing out the model’s confidence in how effectively the trains will be identified
in the given image. It is an important thing that higher values in such attributes contribute to greater confidence in the
correctness of the prediction.

Each figure represents a frame captured and processed by the system, where trains are identified and tracked in
real-time with bounding boxes. These visual outputs validate the model’s effectiveness in distinguishing train objects
from the background and other elements within the environment, while simultaneously estimating the distance of the
detected train from the platform.
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7. Demonstration

Fig. 10. Initial State
Fig. 11. Train Detection and its Distance Prediction

Figure 11 shows the initial state of the smart interface, with a green signal indicated by an LED bulb and a ”Safe
to cross” message displayed on the LCD. The camera module is ready to detect the train and predict its distance.

Figure 12 shows the detection of the train, indicated by a red bounding box, and the prediction of the train’s
distance.

Fig. 12. Interface opening indication for passengers

Figures 14 show that when the detected train’s distance is less than 50 cm, the red signal is activated, indicated
by the red LED bulb. During the red signal, passengers are not allowed to use the platform interface as the train is
passing. The LED screen displays a 10-second countdown, after which the platform interface will reopen

Fig. 13. Fifteen seconds after the train passes, the motor reopens the interface.

Figure 15 shows that 15 seconds after the train has passed, the motors reopen the platform interface, making it safe
for passengers to use.
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8. Major Factors Considered

• Detection Accuracy: Precise train detection is vital for safe platform management. YOLOv5 and OpenCV were
chosen due to their strong performance in real-time object detection, which ensures the system can accurately
distinguish trains from other objects or movements on the platform.
• Real-time Processing: The program requires rapid processing to detect trains as they approach, providing timely

responses to open or close crossings. The NodeMCU microcontroller offers efficient connectivity and processing
speed, allowing the system to work continuously with low latency.
• Distance Estimation Precision: Accurate distance prediction ensures that passengers can safely cross before

the train arrives. Using camera-based detection and machine learning algorithms, the system can estimate the
train’s distance from the platform reliably, accounting for factors like train size and speed.
• Environmental Adaptability: The system will be designed to function in diverse lighting and weather conditions

often encountered in railway environments. OpenCV’s pre-processing features aid in adjusting for variations in
lighting, while YOLOv5 can recognize trains across different backgrounds and conditions.

9. Limitations

• Physical Interface Complexity and Folding Challenges: The motorized rolling platform interface involves a
complex folding and unfolding or rolling mechanism that must align precisely with the platform edges. Ensuring
smooth operation of this mechanism under frequent use and varying loads (including passengers with assistive
devices like wheelchairs) is a challenge. Furthermore, frequent folding and unfolding can lead to mechanical
wear, alignment issues, or malfunctions, requiring regular calibration and maintenance. If the mechanism jams
or fails to fold or roll properly, it could delay the platform’s retraction, posing safety risks and operational
interruptions.
• Environmental Sensitivity: The system’s object detection model may struggle in extreme weather conditions

such as heavy rain, fog, or snow, which could impair the camera’s ability to detect approaching trains accurately.
This may lead to delays or incorrect activation of the platform interface.
• Integration with Legacy Systems: Many railway systems still rely on older, analog technology. Integrating this

IoT-based system with legacy railway infrastructure might be challenging, requiring modifications to both new
and existing systems to ensure seamless operation.
• Data Privacy and Security Risks: As with any IoT system, there are concerns related to data privacy and cy-

bersecurity. Unauthorized access to the system could lead to false activations or deactivations, posing risks to
passenger safety and system integrity.

10. Conclusion and Future Work

Thus, the proposed solution is suitable for the analysed task and offers a viable solution to the problem of direct-
ing passenger traffic between platforms, thus quitting the need for using footbridges or underpasses. Thus, including
NodeMCU for control, Python along with OpenCV for train detection, mechanisms of motor for the platform’s move-
ment, LED indicators for signalling, and an LED screen to display messages, the platform interface is both functional
and user-friendly. If expanded and developed with cooperation the platform interface can be tailored towards the pas-
senger’s needs and the context, while keeping in mind the concept of accessibility for all. In conclusion, this solution
can be claimed to be a step forward towards more effective railway station design.

In the future, it would be useful to expand the range of interfaces in the smart platform with additional types of
sensors. The focus will be on implementing piezoelectric sensors to harness energy from the footsteps of passengers,
thus contributing to energy efficiency. Furthermore, integrating solar sensors could further improve energy efficiency
by utilizing solar power, thereby increasing the overall sustainability and performance of the platform interface.
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