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Abstract

Loss of consciousness (fainting) is a critical condition that requires prompt
treatment, especially in the context of elderly health services and independent
patient care. This research aims to develop a web-based information system
that is able to detect fainting events in real-time using the You Only Look Once
(YOLO) algorithm version 11, which is one of the latest approaches in deep
learning-based object detection. The system is designed to monitor video from
the surveillance camera directly, make visual inferences of the patient's
posture, and provide automatic notifications if a loss of consciousness
condition is detected. The dataset was obtained from the Roboflow platform
and consists of 9,081 annotated images representing the fainting position. The
YOLOv11 model was trained and tested using training data sharing, validation,
and testing methods. The test results showed that the model achieved mAP,

https://doi.org/10.22219/kinetik.v10i4.2407 precision, recall and F1-score values of 98.70%, 98.00%, 97.30% and 97.65%,

respectively. The developed information system is able to display the detection
visually through the bounding box on the dashboard and record the time of the
incident. With this performance, this system shows great potential in improving
patient safety through intelligent monitoring and automated response in
hospital, nursing home, and residential environments. This research also
opens up opportunities for the development of more adaptive Al-based health
monitoring systems and computer vision in the future.

*Corresponding author.
Wiwit Agus Triyanto
E-mail Address:
at.wiwit@umk.ac.id

1. Introduction

The rapid development of computer vision and artificial intelligence (Al) has had a major impact on various fields,
with the healthcare sector being one of the most potential areas. In clinical settings, computer vision allows for automatic
monitoring and analysis of patient activities, reducing reliance on manual observation and increasing response speed
in emergency situations [1]. Computer vision technology is increasingly used in the healthcare sector [2] to detect critical
events such as fainting or loss of consciousness—conditions that require immediate medical attention to prevent further
complications. Various models of computer vision algorithms have been developed due to the growing interest in object
identification, detection, and recognition [3]. The implementation of treatment in healthcare settings requires the ability
to accurately track and identify objects, which is essential for directly monitoring patient activities, such as detecting
fainting or falls.

The development of computer vision system integration in healthcare settings provides various benefits, including
continuous monitoring, reduced reliance on manual observations, and faster response times in emergency situations
that require immediate attention. The importance of real-time processing is exposed, especially in time-sensitive events,
such as respiratory failure, where every second is critical in providing relief, increasing the likelihood of desired
outcomes, and preventing potential hazards [4]. Remote monitoring for rural patients is carried out using telehealth
technology, including services for the elderly who use wearable devices [5]. The application of machine learning and
artificial intelligence in the visualization of patient health metrics has the potential to improve the support provided to
healthcare practitioners.

The development of real-time detection systems for critical events, such as loss of consciousness or fainting, is
gaining traction due to its potential to significantly improve safety and well-being across a wide range of domains [6]. In
particular, computer vision techniques offer a non-invasive and efficient approach to continuously monitor individuals
and detect early signs of such events [7]. Among various object detection algorithms, the You Only Look Once (YOLO)
family has emerged as a popular choice for real-time applications due to its speed and accuracy [8]. The pursuit of
replicating human vision on computers is essential to advance everyday technology and enable machines to understand
and interpret visual data [9]. Object detection, a critical aspect of computer vision, enables the automatic identification
and localization of objects in images or video frames, laying the groundwork for a wide range of applications, including
autonomous vehicles, surveillance systems, and medical diagnostics [10]. This development is particularly relevant in
dealing with time-sensitive events, such as cases of fainting in a nursing home or aged care facility, where every second
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counts. On the other hand, integration with web-based information systems provides new opportunities in the provision
of real-time monitoring solutions. Web technologies such as WebRTC and WebSocket enable live video streaming,
instant notification delivery, and responsive dashboards that can be accessed across devices. This integration ensures
scalability, remote access, and operational efficiency in the implementation of smart healthcare systems.

Camera-based (non-wearable) systems are widely used because they are non-intrusive, although they still face
challenges in the form of occlusion, lighting variations, and privacy issues. On the other hand, wearable and telehealth
approaches offer high accuracy yet rely on patient compliance. The latest trend is leading to multi-modal systems that
combine cameras with health sensors to improve clinical reliability. The proposed system utilizes the YOLO algorithm,
which is renowned for its speed and accuracy in object detection. YOLO divides the image into grid cells, creating a
bounding box around the recognized item. The system's ability to immediately identify an incident of fainting can
substantially improve patient safety and well-being in a healthcare setting [11]. Real-time monitoring of patients’ vital
signs and algorithms can further automate and improve the detection of clinical malfunctions in the ward environment
[12]. This approach reduces the likelihood of delayed interventions and improves the overall quality of care provided
[13].

Although research in the field of fall detection has developed rapidly, the detection of fainting (syncope/fainting)
is still relatively under-reported. In fact, fainting has a different dynamic than a regular fall, often occurring suddenly,
and can pose a serious risk if not treated immediately. Delays in detecting these events can lead to delayed medical
treatment and lower the chances of patient safety. In addition, most of the existing systems are not yet real-time [14]
and are not designed to be web-native, resulting in limitations in video streaming and instant notifications. Another issue
is the limitated dataset for fainting cases, which leads to low generalization performance of the model. On the operational
side, many studies only report on model accuracy (e.g. mAP or F1-score), without considering practical metrics such
as time-to-alert, or false alarm rate, which are very important in real-world applications. As such, there is an urgent need
to develop a web-based, real-time fainting detection system that can operate quickly and accurately within a smart
healthcare environment, thereby improving the safety and quality of patient care.

To answer these problems, this study proposes the development of a web-based information system for real-
time detection of fainting by utilizing the YOLO algorithm. This algorithm was chosen for its ability to balance inference
speed and detection accuracy, making it suitable for clinical application that demand immediate response. The system
will utilize the optimized YOLOv11 architecture through quantization techniques and compression models to maintain
computing efficiency without compromising detection performance [15]. The system is designed with a web-based
architecture that allows for real-time video streaming integration using WebRTC, instant notification delivery via
WebSocket, and responsive dashboards. This approach supports cross-device access, both by medical personnel and
patients' families, while ensuring system scalability in a hospital or community-based healthcare setting.

In addition, the study also emphasizes the evaluation of time-to-alert and false alarm rate, in addition to traditional
accuracy metrics. Thus, the solutions offered not only focus on the success of the detection model, but also ensure the
readiness of real implementation in the clinical world. By combining YOLQO's cutting-edge algorithms and integrated web
architecture, the system is expected to improve patient safety through faster, more accurate, and more accessible
fainting detection. The main contribution of this solution is to provide a real-time, automated, and accessible approach
to improve patient safety, reduce reliance on manual observation, and accelerate medical intervention in emergency
situations.

2. Research Method

Development of a web-based computer vision information system to detect loss of consciousness using
YOLOv11 involves several key steps. This method starts with the acquisition of relevant datasets [16], which include
video footage of individuals experiencing loss of consciousness as well as control situations. After obtaining the dataset,
the video is pre-processed to improve image quality and consistency. The YOLOv11 model was then trained using a
pre-processed dataset to identify indicators of loss of consciousness [17], such as sudden, unresponsive, or unusual
movements.

The training procedure entails refinement of model parameters to improve detection accuracy and reduce false
positives [18]. The YOLOv11 model can produce a higher level of precision and performance. After training, the
YOLOv11 model is integrated into a web-based system that allows real-time video stream analysis. The YOLOv11
model is implemented as a core detection engine in a web-based system, using its architecture to process video frames
efficiently and accurately. The system is designed to receive video data from a variety of sources, including webcams,
surveillance cameras, and pre-recorded video files. The implementation process involves several software components
and hardware configuration.

The system is built using scalable and reliable web technologies, such as Flask, to handle high volumes of
concurrent users and data streams. The front-end interface is built with HTML, CSS, and JavaScript, offering users an
easy-to-use platform to access detection results and manage system settings. The system architecture combines load
balancing and automatic scaling to ensure optimal performance and availability, especially during peak usage times.
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The system includes real-time video streaming, object detection visualization, and alert management. The real-time
video streaming capability allows users to view the video feed directly from the connected camera, while the object
detection visualization overlays the detection results to the video stream, showing a bounding box around the
recognized object. The alert management feature allows users to configure notifications for specific events, such as

loss of consciousness detection, ensuring that the right response is triggered immediately. The research method is
shown in Figure 1 below.
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Figure 1. Research Methods

2.1 Dataset Collection and Preparation

The quality and relevance of the datasets used for model training and evaluation are critical [19] in the
development of a real-time fainting detection system using the YOLO method. The dataset serves as the foundation in
building reliable object detection models to recognize fainting events with high accuracy.

The dataset was collected using a high-quality camera and a public dataset called "Fainting Detection", which is
available on the Roboflow Universe platform, resulting in a total of 9,081 annotated images showing people in various
positions of fainting or losing consciousness. This dataset is licensed under CC BY 4.0, which allows its use for
academic and research purposes by including relevant features. Each image is annotated by marking the label "fainted"
if it is detected to faint. An example of the fainting dataset used in this study can be seen in Figure 2.

spiit11_063.png 399.png spit11.042.png 422.png

Figure 2. Example of Fainting Detection Dataset

Before the model training was carried out, the collected datasets were preprocessed and augmented, which can be
seen in Table 1.

Table 1. Parameters for Preprocessing and Augmentation

Auto-Orient: Applied

Resize: Fit within 640x640

Outputs per training example: 8

Flip: Horizontal, Vertical

Increases Crop: 0% Minimum Zoom, 25% Maximum Zoom
Rotation: Between -10° and +10°
Grayscale: Apply to 20% of images

Preprocessing
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Saturation: Between -20% and +20%
Brightness: Between -20% and +20%
Blur: Up to 1px

2.2 YOLO Model Training and Testing

The proposed system utilizes the YOLO algorithm, which is renowned for its speed and accuracy in object
detection [20]. YOLO divides the image into grid cells, creating a bounding box around the recognized item [21]. The
system's ability to immediately identify an incident of fainting can substantially improve patient safety and well-being in
a healthcare setting. Real-time monitoring [22] of patient vital signs and algorithms can further automate and improve
the detection of clinical malfunctions in the ward environment. This approach reduces the likelihood of delayed
interventions and improves the overall quality of care provided.

The datasets that have been annotated, preprocessed, and augmented are then divided into three main subsets:
training data (70%), validation data (20%), and testing data (10%). This division is carried out to maintain a balance
between the model training process, parameter adjustment, and final evaluation objectively. This study uses the
YOLOv11 model, the latest variant of the YOLO family, which offers a lightweight architecture, fast inference
performance, and full support for a wide range of dataset formats. The initial parameters used include: 16 Batch Size,
100 Epochs, and 0.001 Learning Rate. Datasets that have been processed in YOLO format are used as inputs. The
training process includes: Forward propagation, Loss calculation, Backpropagation and Checkpoint saving where the
model is stored at a specific epoch with the best performance (based on mAP).

2.3 Evaluation Model

The evaluation of the YOLO model uses metrics to measure various aspects of its performance, including
efficiency and accuracy [10]. Mean Average Precision (mAP) serves as the basic metric that provides a broad measure
of object detection accuracy across different categories of objects [23]. The mAP calculates the average precision for
each class and then calculates the average value for each class, providing a thorough assessment of the model's ability
to correctly detect and localize objects [24]. Two basic metrics, Precision and Recall, provide an idea of the difference
between a correctly identified object and an actual proportion of an object detected. Recall measures the accuracy of
positive predictions, which show the proportion of objects correctly identified among all objects predicted by the model.
Precision, on the other hand, measures the completeness of positive predictions, which indicate the proportion of actual
objects correctly identified by the model [25]. The F1 score, which is the harmonic mean of precision and recall, provides
a balanced measure of accuracy. This metric is particularly useful when dealing with imbalanced datasets, where one
class has significantly more instances than the other. The evaluation metrics of mAP, Precision, Recall, and F1-score
are shown in Equations 1-4.

n
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precision = recall

2.4 System Architecture Design

This information system is designed as a web-based platform that integrates: Fainting detection model using
YOLO, Browser-based user interface, Backend server for data processing & inference, and Database for storage of
detection results. The system design is illustrated through a use case diagram, which can be seen in Figure 3.
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Figure 3. Use Case Web-based Fainting Detection Information System

From the use case diagram, it can be seen that the main component in this system is the user actor who can do
several actions such as logging in, uploading video or streaming from a camera, viewing fainting detection, viewing
fainting detection history, and receiving fainting detection notifications. Meanwhile, the functional system needs analysis
can be seen in Table 2.

Table 2. Functional System Needs Analysis

Module Technology Main Functions
Fainting Detection YOLOv11, WebRTC, WebSocket Detect fainting objects from video streams or file uploads
Backend API Flask Provide detection services and connections to the frontend
Database MySQL Storing detection results and user data
Frontend Web HTML5, CSS3, JavaScript Display the monitoring dashboard

2.5 System Integration and Implementation

The system consists of two main components that are integrated, namely YOLO Detection Engine and a web-
based monitoring system. YOLO Detection Engine serves as a detection model that uses a trained YOLOv11 model,
running on the server backend to process video input or camera pounds in real time. Meanwhile, the web-based
monitoring system functions as a web-based user interface that allows operators to see live streaming video from the
camera, video upload, detection results (status and bounding box), and history of fainting events.

The integration of the YOLO model into the server backend is carried out by first exporting the trained YOLOv11
model into .pt format. The backend is developed using a Python framework, Flask, which serves as an API provider for
the model inference process. Video streaming originating from the camera is processed, where each frame received is
sent to the YOLO model for object detection. The result of this process is bounding box coordinates and object class
labels which are then passed to the system logic module for further handling of data storage.

Integration with web-based information systems is carried out by building a backend using Python (Flask) that
connects to the MySQL relational database to store detection data and user information. On the frontend side, the user
interface is developed using HTML5, CSS3, and JavaScript. The detected data, including the time of the incident,
location, and imagery captured by the system, is dynamically displayed on the monitoring dashboard to provide real-
time information to users.

3. Results and Discussion

The results of the implementation show that web-based information systems were successfully developed by
utilizing a client—server architecture, which allows for the flexibility of access through different devices without the need
for additional installations. This approach is in line with research [5], which emphasizes that web-based systems with
client—server architecture support are able to improve scalability and efficiency in intelligent healthcare. The successful
use of this architecture ensures that the system can be used both in a hospital environment and in the context of remote
patient monitoring. In addition, the integration of the YOLO (You Only Look Once) algorithm to detect fainting events in
real-time shows significant performance. These results support the findings [8], stating that YOLO is one of the superior
object detection paradigms due to its speed and precision, making it ideal for time-sensitive applications such as
emergency healthcare. With this integration, the system can immediately recognize fainting events and provide early
warning, potentially reducing delays in medical interventions.
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From the interface side, the system is equipped with an intuitive monitoring dashboard, featuring live video
streaming features and automatic notifications when a fainting event is detected. This feature strengthens the results
of the research [4], which emphasizes the importance of real-time monitoring mechanisms and instant notifications to
increase the speed of response to medical emergencies. Thus, the developed interface serves not only as an
information center, but also as an effective means of early warning. Furthermore, the system supports two main input
sources, namely real-time cameras and video file uploads, providing flexibility in its use. A similar approach has also
been put forward by [12], which suggests that a combination of input from live sources and video archives can improve
the reliability of clinical detection systems. With this multi-input support, the system can adapt to a wide range of
situations, both for direct monitoring of patients in healthcare facilities and for analysis of previous medical records.

3.1. Detection Accuracy and Performance

After training using the YOLOv11 model on a dataset of 9,081 annotated images, the system achieved a fairly
good detection performance. Based on the results of the evaluation on the test data, the model achieved an mAP of
98.70%, with a precision of 98.0%, a recall of 97.30%, and an F1-score of 97.65%. Meanwhile, the YOLOv8 model has
lower results with an mAP of 99.10%, a precision of 96.90%, a recall of 97.50% and an F1-score of 97.20%. These
results show that the YOLOv12 model is capable of detecting fainting events with high accuracy and low false detection
rate. The detailed results are presented in Table 3.

Table 3. Results of the Evaluation of the YOLOv8 and YOLOv12 Models
mAP Precision Recall F1 Score

YOLOv8  99,10% 96,90%  97,50% 97,20%
YOLOv11 98,70% 98,00%  97,30% 97,65%

This achievement is in line with research [2], emphasizing that the development of computer vision algorithms,
including YOLO, has further improved the performance of object identification, detection, and recognition in a real-world
context. Thus, the successful implementation of YOLOv11 in this study confirms that the method is feasible for use in
smart health applications that require a high level of precision. In terms of performance, the system is capable of running
at real-time speeds, reaching an average of 30 frames per second (FPS) on standard hardware. This performance
demonstrates good processing efficiency, supporting the implementation of patient monitoring without significant lags.
These findings are consistent with research [15], which states that the YOLO family has advantages in speed, computing
efficiency, and relatively lightweight architecture, making it suitable for real-time applications. The speed is a crucial
factor in detecting medical emergencies such as fainting, where every second is critical to patient safety.

3.2 Web-based system integration

The integration of web-based systems in this study provides ease of access and flexibility for users. The system
can run directly through a standard browser without the need for additional installation, supporting a wider range of
implementations across various devices, including computers, tablets, and smartphones. This approach is consistent
with the findings [5], emphasizing that the utilization of web technology in telehealth allows for remote patient monitoring
with more cost-efficient and wider service coverage. Being web-based, the system is also easier to update and maintain
compared to conventional desktop applications. Key features integrated into the system include instant alert notifications
as well as a real-time monitoring dashboard that displays detection results from the YOLO algorithm. Instant notifications
displayed through the web interface allow medical personnel to respond more quickly to emergencies. This is in line
with research [4], which emphasizes the importance of real-time-based early warning systems to reduce delays in
medical responses to time-sensitive events, such as fainting or respiratory failure.

In addition, this system is also equipped with automatic storage of event logs within the database. Each detection
is stored with supporting information, such as time, date, input source, and links to video recording details. This
approach is in line with the findings [12], which suggests that systematic management of health data through web-based
database integration can help improve the accuracy of diagnosis and the quality of medical interventions. With a
combination of real-time monitoring, instant notifications, and data storage features, the integration of web-based
systems in this study provides a comprehensive and adaptive solution to support smart healthcare.

Figure 4 shows the system interface in the file upload menu section which is designed to make it easier for users
to perform video analysis automatically. Through this menu, users can select and upload video files stored on their
devices to be processed by the YOLO-based fainting detection system. The interface is presented in a simple and
intuitive way, equipped with a "Choose File" button to select a video as well as an "Upload" button to send files to the
server. Once the file is successfully uploaded, the system will run the analysis process and display the detection results
on the monitoring dashboard.
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Figure 4. File Upload Menu Display

Figure 5 shows the system interface used to monitor the patient's condition directly through a real-time camera.
In this menu, users can access live streaming from a connected camera, and the system automatically runs the YOLO
algorithm to detect fainting events instantly. If an indication of fainting is detected, the system will provide a warning
notification, allowing medical personnel to intervene immediately. This feature is essential in supporting continuous
patient monitoring without having to perform manual observations continuously. In addition, the use of web-based

streaming technology enables cross-device access through standard browsers, allowing it to be used on both computers
and mobile devices.
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Figure 5. Streaming Camera Menu Display

Figure 6 shows the results of the implementation of the YOLO algorithm in detecting fainting events in real-time.
In this display, the system automatically provides a marker in the form of a purple bounding box that surrounds the
detected object, accompanied by a Fainted label to clarify the patient's condition. This visualization is proof that the
system is able to accurately identify critical events and immediately display them on the monitoring dashboard. With
clear markings, medical personnel can more quickly recognize emergency situations and take necessary intervention
steps. The integration of bounding boxes and detection labels is also in line with previous research, where visual
representations are considered effective in increasing the speed of decision-making in the field of smart healthcare.
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Figure 7 shows the history of the fainting detection that have been recorded by the system. In this menu, each
entry contains detailed information in the form of time (hours), date, detection status (true or false), and data sources
used, both from real-time cameras and video file uploads. This history feature allows medical personnel or system
managers to retrace incidents that have occurred, making it easier to analyze and evaluate.
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Figure 7. Fainting History Detection Display

Figure 8 shows the automatic notification feature that the system generates when a fainting event is detected.
This notification appears in real-time on the web interface, with a clear warning message that says "Detected Fainting".
The presence of notifications serves as an early warning for medical personnel or supervisors, enabling them to take
quick action immediately. The notification design is made simple but firm, making it easy to recognize even when the
user is accessing other features on the dashboard.

© 2025 The Authors. Published by Universitas Muhammadiyah Malang
This is an open access article under the CC BY NC SA license (https://creativecommons.org/licenses/by-nc-sa/4.0/)


https://creativecommons.org/licenses/by-nc-sa/4.0/

Kinetik: Game Technology, Information System, Computer Network, Computing, Electronics, and Control 611

[ @ rainting Detection Information s, % == _ o -

& G @ 127.0.0.1:5500/index html -9 - O

Fainting Detection '
Information System — Detected Fainting!

Figure 8. Notification Detection Fainting Display

3.3 Advantages and Limitations

The analysis shows that the developed system has a number of advantages over manual observation methods.
With YOLO-based automatic detection, the system is able to reduce delays in responding to fainting events, as
notifications are given in real-time to medical personnel or supervisors. These findings are in line with research [13],
which emphasizes that automation in clinical detection can significantly improve the quality of patient care while
reducing the likelihood of delayed interventions. Additionally, the implementation of serverless architecture in this
system provides advantages in terms of scalability and cost efficiency. This approach allows the system to operate with
dynamic resources as needed, without the reliance on traditional server infrastructures that tend to be expensive and
complex. This is in line with the findings [9], explaining that cloud-based technology innovations and serverless
architecture provide a great opportunity to improve the flexibility and performance of smart health systems.

Another advantage that stands out is the responsive web that allows the system to be accessed across platforms
through a variety of devices with similar user experiences. This feature ensures that the system remains usable in
environments with both hardware and software limitations. [5] It also emphasized the importance of cross-device
accessibility in telehealth to expand the reach of health services, particularly for people in remote areas. Thus, these
advantages confirm that the developed system is not only effective, but also adaptive to the needs of users in various
healthcare contexts.

Although the system shows promising performance, there are some limitations that need to be noted. One of the
main challenges is the detection performance in extreme lighting conditions or when there are obstructive objects in
front of the camera. In situations like this, the accuracy of the system decreases because the model has difficulty
recognizing the patient's posture clearly. These findings emphasize that limited lighting and visual quality are critical
factors that still limit the performance of computer vision-based systems in health monitoring. In addition, the system
also has the potential to produce false positives, especially when the patient performs movements that resemble
fainting, such as sitting up suddenly or looking down quickly. This can lead to unnecessary alarms and increase the
workload of medical personnel. This limitation is in line with research [3], which notes that even though modern object
detection algorithms are becoming more precise, complex differences in human movement can still trigger detection
errors. Therefore, it is necessary to develop a more contextual model, for example by combining posture analysis
sequentially to differentiate between fainting and normal activity.

System performance is also still greatly influenced by the capacity of the hardware, both in terms of servers and
cameras used. If run on low-spec devices, the frame rate may drop and reduce the effectiveness of real-time monitoring.
This is in line with research [10], emphasizing that computing efficiency and hardware optimization are important aspects
to ensure stable performance in vision-based healthcare applications. Thus, although this system is effective,
optimization strategies are still needed at both the algorithm and infrastructure levels to minimize current limitations.

4, Conclusion

This research has resulted in a web-based information system that uses the YOLOv11 object detection algorithm
in real-time. It enables healthcare workers to quickly and accurately recognize the occurrence of loss of consciousness
by combining computer vision technology with an interactive monitoring interface. With mAP, precison, recall and F1-
score values of 98.70%, 98.00%, 97.30% and 97.65%, respectively, this system can be applied in a smart healthcare
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environment. Live video monitoring, visual tagging with bounding box, and automatic recording to the database can be
performed effectively by this system.

User test results show that the dashboard interface is easy to understand and easy to use for everyday tasks.
Although the results are promising, there are some limitations. Some of these are lower accuracy in low-light conditions
and the possibility of false positives when the user is in an unusual body position. Advanced development can include
support for more than one camera, the use of temporal analysis for event validation, and the adaptation of the system
for more complex environments. Overall, the system contributes to intelligent health monitoring solutions, especially for
hospitals, nursing facilities, and home-based patient care. By incorporating YOLO into a web-based platform, artificial
intelligence can improve responsiveness, security, and automation in healthcare.
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