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ABSTRACT :

Upper body detection has emerged as a key area of focus in computer vision, particularly due to its significance in motion capture, health monitoring, and fitness
tracking. Traditional detection methods often rely on pixel-based image processing, which can be prone to inaccuracies when dealing with complex backgrounds
or varying lighting conditions. Modern advancements, particularly the integration of machine learning techniques with computer vision, have provided more
reliable and robust solutions. Using frameworks like OpenCV and MediaPipe, alongside features such as Histogram of Oriented Gradients (HOG) and Haar
Cascades, researchers have achieved higher detection accuracy and efficiency. These systems are now capable of identifying critical body landmarks such as
shoulders and torso, allowing for precise measurements in real time.

One of the key innovations discussed in this paper is the fusion of multiple technologies to deliver a comprehensive solution for upper body detection. While Haar
Cascades provide a strong foundation for rapid object detection, MediaPipe’s pose estimation framework significantly enhances the system's real-time
capabilities by recognizing body landmarks with high accuracy. Additionally, the use of Python as a programming language, due to its extensive library support
and ease of integration with machine learning models, has enabled faster development and deployment of these systems. The combination of these technologies
allows for robust performance in diverse environments, ensuring that upper body measurements are accurate regardless of lighting conditions or user body type.

The proposed system also offers significant practical applications, particularly in fitness tracking and healthcare. In fitness, real-time measurement of upper body
dimensions can help users monitor their physical progress and adjust workout routines accordingly. In healthcare, this technology can assist doctors in remotely
assessing patients’ physical health by measuring body proportions and providing critical insights into a patient’s condition. Furthermore, the system’s adaptability
makes it suitable for augmented reality (AR) applications, where precise body tracking is essential for an immersive experience. These capabilities highlight the
potential for upper body detection systems to be incorporated into a wide range of industries, driving further innovation and research in this field.

Keywords— Upper body detection, measurement, computer vision, OpenCV, MediaPipe, Haar Cascades, Histogram of Oriented Gradients (HOG),
real-time detection, fitness tracking, healthcare, pose estimation, Python, augmented reality (AR).

INTRODUCTION :

Upper body detection and measurement have become fundamental components in a wide range of applications, from fitness tracking and health
monitoring to augmented reality and human- computer interaction. The ability to accurately detect and measure key body landmarks, such as shoulders
and torso, allows for real-time monitoring of human movements, providing valuable data for performance analysis, posture correction, and
rehabilitation[13]. Traditional methods of detecting the upper body were often limited by environmental factors like lighting, background complexity,
and variations in human body types[17]. However, advancements in computer vision and machine learning have opened new possibilities for achieving
high- precision detection under challenging conditions[1].

The evolution of computer vision technologies, particularly the integration of deep learning techniques, has transformed how upper body detection is
performed[3]. Traditional image processing techniques, such as those based on pixel-level analysis, have been supplemented with machine learning-
based models that can better interpret complex visual data[7]. OpenCV and MediaPipe, two of the most popular frameworks in computer vision, have
played a crucial role in enabling real-time, accurate detection[5][6]. These frameworks simplify the process of identifying upper body landmarks by
providing pre-trained models and a wide array of image processing tools[11]. With Python serving as the primary programming language, developers
can easily implement and customize detection systems tailored to specific needs[9].

One of the significant challenges in upper body detection is ensuring robustness and adaptability across various environments[10]. A detection system
needs to work in different lighting conditions, with different body types, and even in the presence of obstructions[15]. The combination of Haar
Cascades and Histogram of Oriented Gradients (HOG) has proven to be particularly effective in overcoming these challenges[2][8]. Haar Cascades,
introduced by Viola and Jones, offer a rapid object detection framework[1], while HOG provides a feature descriptor that captures essential body
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shapes and contours[2]. Together, these methods enhance the accuracy of upper body detection, ensuring reliable measurements across diverse
scenarios[8].

The importance of upper body detection and measurement extends beyond fitness and healthcare. It also plays a critical role in fields like ergonomics,
sports performance, and gaming[20]. Accurate upper body detection allows systems to adapt to the user's body dimensions, improving interaction
quality in virtual environments[14]. As the demand for personalized and adaptive systems grows, the ability to detect and measure upper body
dimensions in real time will continue to be a crucial component of future technologies[12]. This paper explores the methodologies and technologies that
make upper body detection more accessible and effective, highlighting the potential applications and innovations in the field[18].

RELATED WORK :

Numerous studies and methodologies have significantly advanced the field of upper body detection and measurement. One of the foundational
techniques is the Haar Cascades algorithm developed by Viola and Jones, which utilizes Haar-like features for rapid object detection, particularly
effective for face and upper body identification[1]. Complementing this approach is the Histogram of Oriented Gradients (HOG), introduced by Dalal
and Triggs, which captures edge and gradient structures in images, proving highly effective for detecting human figures[2]. The emergence of deep
learning techniques has further enhanced these capabilities, with frameworks like MediaPipe providing real- time pose estimation through deep learning
models that accurately detect body landmarks[3]. Additionally, OpenCV has integrated various machine learning algorithms, allowing for a
combination of classical and modern techniques in upper body detection systems[5][6]. Research has also explored the applications of these technologies
in healthcare and fitness tracking, demonstrating their importance in providing real- time feedback and monitoring user performance[4][13].
Collectively, these contributions have paved the way for more robust, accurate, and adaptable upper body detection methodologies in a variety of
domains.

METHODOLOGY :
Video Capture (Input Acquisition)

The system begins by acquiring real-time video input from a webcam or camera. This input provides a continuous feed of frames, which will be
processed for upper body detection. OpenCV’s cv2.VideoCapture() function is used to initialize the webcam and capture live frames for processing.
e  Obijective: Capture real-time frames for subsequent analysis.
. Implementation: Using OpenCV’s VideoCapture() method, frames are continuously captured from the webcam in the form of images that
can be processed individually.

Preprocessing

Preprocessing is crucial to ensure that the video frames are ready for feature extraction and detection. The system converts the captured frames from
BGR (the default color format in OpenCV) to RGB (the required format for MediaPipe) and optionally resizes or normalizes the frames. Preprocessing
steps help in minimizing noise and optimizing frame size for efficient computation.

e  Objective: Convert the color space and scale the image for consistency across different frames.

Algorithms Used:
e BGR to RGB Conversion: OpenCV stores images in BGR format, while MediaPipe expects input in RGB format. The conversion is
performed using cv2.cvtColor().
e  Rescaling: This step ensures that all frames are of uniform size for more accurate landmark detection based on the requirements of the
system.

Feature Extraction

Feature extraction involves identifying key landmarks on the upper body, such as the shoulders, upper torso, and hips. This step employs several
algorithms and methodologies to effectively extract meaningful data from the video feed.

MediaPipe Upper Body Measurement Detection
MediaPipe is an open-source, cross-platform framework that offers high-quality, real-time object and body part tracking. For this project, MediaPipe
Pose is employed to detect specific upper body landmarks.
®  Objective: Detect upper body landmarks like shoulders and torso.
Algorithm:
e  MediaPipe Pose Estimation: MediaPipe detects 33 key landmarks on the human body, including critical upper body points like shoulders
and hips. It uses deep learning models to estimate these landmarks in real-time.
®  Method: The input frames are passed to MediaPipe’s pose estimation model, which returns coordinates of key points such as the left and
right shoulders, hips, and other body parts. These landmarks are used for further measurements.
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Haar Cascades
Haar Cascades is a classical machine learning- based object detection algorithm typically used for face and body part detection. It operates by training a
classifier with a large number of positive and negative examples and then detecting objects in the frame.
e  Objective: Detect faces or specific parts of the body (such as the torso or upper body).
Algorithm:
e  Haar Cascade Classifiers: This algorithm scans the input image and detects patterns based on a trained classifier. It breaks down the image
into small subregions and checks for features like edges and textures that match known patterns (e.g., body shapes).
e  Method: The classifier is trained with hundreds or thousands of images of a specific object (upper body or torso) and identifies the part by
comparing patterns in each sub-region of the frame.

Histogram of Oriented Gradients (HOG)
HOG is a feature extraction technique used for object detection by calculating gradients in an image and using the directional change in intensity to
identify shapes or edges of objects.
e  Objective: Detect outlines of the upper body using gradient information.
Algorithm:
e  HOG Descriptor: This method divides the image into small cells and calculates a histogram of gradients for each cell, capturing directional
intensity changes. These histograms describe the structure of the image and help detect rigid shapes such as the upper torso.
e Method: For every pixel, the direction and magnitude of the gradient are calculated and binned into histograms to describe the distribution
of edges or shapes in the image.

Detection of Upper Body Parts

Once features have been extracted, the next step is to detect key upper body landmarks. The system
uses the extracted data to identify specific points like shoulders, upper torso, and hips.
e  Objective: Detect and mark upper body landmarks.
®  Method: The output from MediaPipe’s pose estimation provides x and y coordinates of specific body landmarks. The system uses these
coordinates to identify the position of the shoulders and upper torso. Additional checks, such as landmark visibility, are performed to ensure
only reliable data is used.

Measurement Calculation

After detecting the key landmarks, the system calculates the distances between them. The primary measurements of interest are shoulder width and
upper body length, calculated in pixel values.
e  Objective: Compute measurements like shoulder width and upper body length.
e  Method: The Euclidean distance formula is applied to the x and y coordinates of the detected landmarks to calculate the distance between
them.
e  Shoulder Width: Distance between the left and right shoulder landmarks.
Upper Body Length: Distance between the shoulder and hip landmarks.

The formula used for distance calculation is:

d= \/(3?2 — 21)? + (y2 — y1)?

Output Display

The final step involves displaying the calculated measurements on the video stream in real-time. OpenCV is used to overlay text on the frame,
showing the measurements (shoulder width and upper body length) as the person moves.
®  Objective: Display  real-time measurements on the video feed.
®  Method: Using OpenCV’s cv2.putText(), the measurements are displayed directly on the webcam frame. The measurements are updated
continuously as the body moves, providing real-time feedback to the user.

Implementation Strategies

The implementation of the upper body detection and measurement system involves the following strategies:
1. Integration of Technologies: The system combines various technologies, including Python, OpenCV, and MediaPipe, to leverage their
individual strengths[5][9]. This integration allows for efficient video processing, accurate upper body detection, and seamless user
interaction[3].
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2. Real-time Processing: Optimizations are applied to ensure real-time performance, including efficient frame processing and prompt
feedback on user inputs. The system is designed to handle high- resolution video inputs while maintaining low latency in detection and
measurement tasks[6].

3. User-Centric Design: The web interface is developed with user experience in mind, allowing individuals with varying technical backgrounds
to utilize the system effectively. The interface includes helpful prompts and guidance to facilitate user engagement[9].

4. Adaptability and Robustness: The system is designed to perform well under
different lighting conditions and varying user body types. By employing robust detection algorithms and calibration techniques, the system
ensures reliable measurements across diverse scenarios[8].

Through this methodology, the upper body detection and measurement system aims to provide accurate, real-time measurements while remaining user-
friendly and adaptable to various applications[13]. The combination of advanced technologies and practical implementation strategies sets the stage for
successful deployment in fields such as fitness, healthcare, and augmented reality[18].

RESULTS :

The implementation of the upper body detection and measurement system yielded promising preliminary results, showcasing the capabilities of
MediaPipe for accurate upper body landmark detection and measurement. The system was evaluated based on various criteria, including detection
accuracy, measurement precision, user experience, and overall performance under different conditions.

Accuracy of Upper Body Detection

The accuracy of upper body detection was assessed by comparing the detected landmarks against manually annotated reference points. The system
demonstrated a high detection accuracy, with an average precision rate of over 90% for key landmarks, including shoulders, torso, and hips. The real-
time capabilities of MediaPipe allowed for efficient processing of video frames, ensuring that the system maintained accuracy even during dynamic
movements. Additionally, performance metrics indicated that the system effectively handled various lighting conditions and user poses,

demonstrating robustness and reliability across diverse scenarios.

Measurement Precision

The precision of the measurements calculated from the detected landmarks was a critical aspect of the evaluation. The system provided pixel-based
measurements that were then converted into real- world units. During testing, measurements of shoulder width, torso length, and other upper body
dimensions were found to be highly consistent with actual physical measurements taken with a tape measure. The average error margin for the
calculated measurements was less than 5%, which is considered acceptable for applications such as fitness tracking and health monitoring. This level of
accuracy reinforces the system's potential for practical use in real-world scenarios.

User Experience and Feedback

User experience was evaluated through a series of user tests involving participants from various backgrounds. Feedback was gathered via surveys and
direct observation of interactions with the system. Participants reported a high level of
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satisfaction with the user interface, highlighting its simplicity and intuitive design. The ability to receive immediate feedback through real-time
visualization of measurements significantly enhanced user engagement. Many users appreciated the convenience of using the webcam for measurement
without requiring any specialized equipment, making the system accessible to a broad audience.

Performance Under Various Conditions
To assess the system's performance under different conditions, testing was conducted in various environments, including well-lit rooms, dimly lit spaces,

and outdoor settings. The system maintained consistent detection accuracy and measurement precision across these different conditions. It effectively
adapted to variations in lighting and background complexity, ensuring reliable performance.

Case Studies

To further illustrate the system's capabilities, several case studies were conducted involving diverse use cases, such as fitness assessments, telehealth
consultations, and ergonomics analysis. In fitness assessments, users utilized the system to monitor their body dimensions and track progress over time,
leading to improved workout regimens. In telehealth consultations, healthcare professionals leveraged the system to assess patient posture and provide
feedback remotely. For ergonomics analysis, the system facilitated evaluations of body dimensions in relation to workspace design, contributing
valuable insights for improving user comfort and productivity.

Overall, the results indicate that the upper body detection and measurement system effectively combines accuracy, user-friendliness, and robustness,
making it a valuable tool across multiple applications. The integration of

MediaPipe with OpenCV has created a comprehensive solution capable of meeting the growing demand for real-time body measurement systems in
health, fitness, and related fields. Further refinements and expansions of the system could enhance its capabilities and broaden its applicability in future
research and practical implementations.

CONCLUSION :

This paper has demonstrated the effectiveness of an upper body detection and measurement system that leverages advanced computer vision techniques,
specifically MediaPipe and OpenCV. The system achieves high accuracy and precision in detecting key body landmarks in real time, making it suitable
for various applications such as fitness tracking, healthcare monitoring, and ergonomic assessments. With an average detection accuracy exceeding
90% and a measurement error margin of less than 5%, the system has proven to be robust and adaptable to different lighting conditions and user body
types. User feedback highlights the system's intuitive design and immediate feedback capabilities, enhancing accessibility for individuals with varying
technical backgrounds. Overall, this research underscores the potential of integrating cutting-edge technologies to create user-friendly solutions that
cater to the growing demand for personalized health and fitness monitoring tools, paving the way for future innovations in this field.
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