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Abstract 

1. Introduction 

Pose estimation is an important topic that has drawn significant attention from the computer vision 
community (Luo, Wang, Wong, & Cheng, 2020). The main task is to identify and track the pose of a 
person in an image or video. It can also be thought of as solving the problem of determining a set of 
coordinates that describe the person's pose. 

Human pose estimation has a broad range of applications and is heavily used in: 

a. Human-Computer Interaction: Human motion is critical to studying biomechanics and 
physical human-machine/robot interactions (Zhang, Chen, Yi, & Liu, 2014). Understanding 
the process of human locomotion can be used in clinical testing to evaluate medical 
disorders and affect their treatment (Simon, 2004). Pose estimation is also used in 
advanced driver assistance systems (ADASs) and particularly pedestrian protection systems 
(PPSs) to improve traffic safety (Gerónimo, López, Sappa, & Graf, 2010) and facilitate 
autonomous driving. Automatic arm and hand trackers for sign languages detected in 
videoconferencing can help disabled people to understand without requiring manual 
annotation (Charles, Pfister, Everingham, & Zisserman, 2014).  

b. Augmented reality and gaming: Augmented reality (AR) is an interactive experience that 
combines real and virtual objects in a computer-generated digital environment. Pose 
estimation or a camera localization process solves the essential problem of registering 
synthetic objects seamlessly into the natural scenes (Marchand, Uchiyama, & Spindler, 
2016). 6D object pose estimation is investigated in a museum augmented-reality scenario. 
A mobile device such as a smartphone or tablet is used to receive location and user-aware 
information for the exhibits (Panteleris, Michel, & Argyros, 2021). 6D pose of an object, in 
which 'D' refers to degrees of freedom pose, including its location and orientation, enables 
computers to detect and operate on the object in the correct setting (Hu, Hugonot, Fua, & 
Salzmann, 2019).   

c. Animation in the entertainment industry: Computer-generated imagery (CGI) applies the 
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field of computer graphics to make special effects that cannot be accomplished in reality in 
films and television programs. Since CGI is expensive and requires significant resources, key 
points can be extracted from human pose estimation in a 2D set to create 3D rendering.  

 

Figure 1. Special effects behind the movie “Avatar” (Digital Synopsis, 2021) 

d. Sports and fitness coaching: In recent years, sports data has been collected and studied to 
enhance an athlete’s performance and reduce injury rates—machine learning and data 
science help use the data better and make an optimal decision. For example, pose 
estimation can evaluate the athletes' performance and provide detailed feedback on 
movements to help them achieve optimal results (Badiola-Bengoa & Mendez-Zorrilla, 
2021).   

 

2. Related Work 

Pose estimation by deep learning-based methods has gained lots of interest due to its effectiveness 
and flexibility. Deep convolutional neural networks (CNN) can extract complex features from input 
data with more accurate results provided with sufficient training data. Two approaches are studied:  

a) Top-down: A person is detected first, then joints and parts are estimated and calculated.  

b) Bottom-up: Joints and parts are detected first, then grouped to the associated person. 

The most popular deep learning-based pose estimation methods are: 

1) OpenPose (Cao, Hidalgo, Simon, Wei, & Sheikh, 2021): A bottom-up approach detects parts 
and joints and then assigns them to persons to whom they belong. CNN is utilized as the 
central architecture. A VGG-19 convolutional network extracts patterns and features from 
the given input images. The results from the VGG-19 are assigned to the two following 
branches of convolutional networks. Eighteen confidence maps representing a particular 
part of the human pose skeleton are predicted in the first branch. The second branch 
forecasts a Part Affinity Fields (PAFs), which create a degree of association between parts. 
Weaker links in the biparties graph are adjusted, and line integrals are calculated by PAFs 
values to find the matching connections between parts. The remaining step is to detect 
connections to form final skeletons.  

2) DeepCut (Pishchulin, et al., 2016): A bottom-up approach simultaneously solves the 
detection and pose estimation tasks. A subset of body parts such as arm, leg, and torso is 
selected from the possible body part candidates partitioned by CNN-based part detectors. 
Then, an integer linear program implicitly gathers the parts to form representations of body 
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parts respecting geometric and appearance constraints. 

3) AlphaPose (Fang, Xie, Tai, & Lu, 2017): A top-down approach involves regional multi-person 
pose estimation (RMPE) two-step frameworks. The method consists of three novel 
components: Symmetric Spatial Transformer Network (SSTN) with parallel Single Person 
Pose Estimator (SPPE) to extract a high-quality single person region from an inaccurate 
bounding box and estimate the human pose skeleton of that person, parametric pose Non-
Maximum-Suppression (NMS) takes care the problems of redundant pose deductions, and 
pose-guided proposals generator (PGPG) to expand training models that improve to train 
the SPPE and SSTN networks.  

4) Mask RCNN (He, Gkioxari, Dollár, & Girshick, 2018): Mask R-CNN is based on Faster Regional 
based Convolutional Neural Network to implement semantic and instance segmentation. 
The model concurrently detects objects in the image and generates a high-quality mask that 
semantically segments the object. Mask R-CNN is straightforward and efficient and simply 
needs a small overhead to Faster R-CNN with pixel-to-pixel alignment. It can be adapted for 
other tasks such as human pose estimation.  

 
 

3. Human Pose Estimation Implementation 

Our human pose estimation utilizes MediaPipe Pose (MediaPipe, 2021), an open-source 
machine learning solution for accurate body pose tracking. The model has 33 landmarks and a 
background segmentation mask that covers the whole body from RGB video frames using the 
MediaPipe BlazePose (Bazarevsky, et al., 2020) research that equips with the machine learning (ML) 
Kit Pose Detection API (Pose Detection, 2020). In addition, the framework has built-in machine 
learning enhanced processing even on ordinary CPU hardware and cross platforms such as Android, 
iOS, desktop/cloud, web, and IoT.  

The COCO topology (COCO 2020 Keypoint Detection Task, 2021), the current standard 
evaluating human pose technologies, consists of 17 landmarks across the face and body. However, 
the ankle and wrist points are localized, but the scale and orientation information is missing for 
hands and feet, which is crucial for gesture and fitness applications. The MediaPipe pose model 
includes more hands, face, or feet key points for real-time tracking. 
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Figure 2. MediaPipe keypoints representation of a human body (MediaPipe, 2021)  

A Two-step detector-tracker ML pipeline is used in the MediaPipe model. First, the pipeline 
locates the pose region-of-interest (ROI) within the frame with a detector. Then all 33 pose key 
points from this ROI are predicted by the tracker. For real-time tracking,  only the first frame is run 
by the detector. Subsequent frames’ ROIs are derived and aligned from the previous frame’s pose 
key points. The model's quality has been evaluated against other well-known models. The data 
shows it has comparable or exceeding performance. 

   

Figure 3. MediaPipe keypoints representation of a human body (MediaPipe, 2021) 

Our continuous human pose estimation process involves extracting joint points on a human 
body and analyzing a human pose using mathematical algorithms. The video recordings or live 
streams are used as data sources. Keypoints are detected from a sequence of frames, not a static 
picture. More accurate results are obtained as the model examines a continuous movement of a 
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training session, not a single pose. Our human pose estimation model is implemented in PyCharm 
(PyCharm, 2021) and MediaPipe is imported into the python interpreter.  

 

Figure 4. Our human pose estimation model 

Tkinter GUI and OpenCV are used to display video frames and build the detection model.  

The model includes the following functions: 

 Initiate_model: The pose detection model is initiated. 

 findPose: Joint key points are detected and the landmarks can be drawn on the body if 
selected.  

 extractLandMarks: Landmarks can be extracted from the body and pulled on the white 
background. 

 findAngle: Angles of arms or legs can be calculated. 

 drawCount: The number of exercised repeating postures can be detected and counted. 
 
4. Results 

The described pose estimation system is easy to implement on a CPU desktop and efficiently 
detects and analyzes different fitness movements. From the analysis results, mistakes and corrections 
can be proposed to the user for coaching purposes. 

The application input interface (Figure 5) allows the user to select a video recording or webcam. In 
addition, a snapshot can be taken to capture an image of pose analysis.  

 
                             Figure 5. The application input interface 

 

Figures 6 and 7 show examples of the outputs. The left-side panel shows the source frames and the 
detected body’s skeleton. Keypoints are extracted and drawn on the right-side panel. The angles of the 
arms and knees are calculated. The number of exercises is counted and shown. 
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Figure 6. The example of lift pose tracking 

 

 
                  Figure 7. The example of push-up pose tracking 

 
 
5. Conclusion and future work 

In this paper, a demo of a continuous human pose estimation system is presented. A skeleton-
based model identifies and tracks the human body joints. The number of the human body's 
movements and angles of arms and legs are then calculated. The method is straightforward to 
implement and can run in real-time on a CPU that does not require sophisticated GPU or TPU 
hardware. For future development, each frame’s key points can be compared with a selected 
reference video’s positions to notify the user of the change. That may involve calibration of the 
distance of the camera. Otherwise, the two videos cannot be compared precisely.  
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