
 

           Corresponding Author: nada.emad020@fci.zu.edu.eg 

                            Licensee International Journal of Computers and Informatics. This article is an open access article distributed under the  

                            terms and conditions of the Creative Commons Attribution (CC BY) license (http://creativecommons.org/licenses/by/4.0). 

 

 
 

 

 

 

 

 

1 |Introduction    

Human Pose Estimation (HPE) contributes as one of the core elements of video analytics to effectively 

describe and analyze human body motion by providing insight through applications that include healthcare, 

sports analysis, and surveillance, among others. While the majority of HPE models are created and 

benchmarked against datasets that contain high-resolution and well-aligned imagery, real-world video 

recordings often include visual artifacts, such as rotations, lower resolutions, blur, or noise—factors that can 

degrade model performance. 

This research provides a study of the reaction of two popular HPE models to these visual distortions. In 

contrast to using only quantitative measures of accuracy, we focus on a visual method of analysis by overlaying 

the predicted poses on both original and altered video frames, allowing for a comparative examination of 

model robustness under degraded visual conditions. 
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Human Pose Estimation (HPE) is a significant task in most computer vision applications. However, in the presence 

of visually degraded inputs, such as low-resolution or rotated video frames, its accuracy tends to reduce. This paper 

compared two frequently applied pose estimation models including MediaPipe (MP) and ViTPose in terms of their 

performance on carefully chosen frames extracted from three of our daily videos. In order to emulate non-optimal 

conditions, we used three kinds of visual filters on the videos, that is, loosy video compression (approximately 70% 

of the original size), clockwise 90-degree rotation, and 180-degree rotation. Then we used the original frames and 

compared them with their filtered counterparts using visual overlays of the predicted landmarks. Our results assist 

in shedding some light on the model reaction to such changes, as they provide a visual representation that could 

be used to explain anomalies in performance regarding different circumstances. These observations have been 

pivotal in determining the weakness of HPE systems in unpredictable environments and future opportunities to 

enhance pose estimation models with a view of their wider and real-life applications.  
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2 |Related Work 

The majority of studies on HPE aim at evaluating accuracy, speed, and generalization on specially designed 

datasets. MediaPipe (MP), for example, is more optimized for real-time inference, whereas ViTPose leverages 

transformer-based architectures to achieve higher prediction accuracy. Though these are notable strengths, 

there has been little emphasis on evaluating the visual performance of these models under challenging 

conditions—such as rotated or compressed images or videos as inputs  as discussed in recent robustness 

studies [1-6]. This paper seeks to help fill that gap by offering a visual comparison of pose predictions using 

overlaid landmarks, enabling a side-by-side analysis of model behavior in such non-ideal scenarios. 

3 |Methodology 

3.1| Video Dataset and Preprocessing 

In order to analyze the results of HPE models in various real-life environments, we compiled a small series 

of publicly downloadable videos. The environmental differentiation used in selecting the material explored 

human crowding, movement and low-light situations. Also, these complex scenarios were analyzed both 

before and after implementing particular visual filters, considered video compression, 90-degree rotation and 

180-degree rotation, to determine the model robustness once again. Three videos have been selected based 

only on the visual evaluation of how it performs when it comes to pose prediction with these different 

conditions. 

 Video 1: A person standing in a natural outdoor scene [7]. 

 Video 2: A man walking along a roadside at night [8]. 

 Video 3: A blurred crowd of people walking in an urban setting [9]. 

The duration of each chosen video is short ranging from 5 to 11 seconds. The evaluation is unaffected by 

the overall length of the video because the analysis is done frame by frame. To maintain uniformity and 

remove any potential selection bias during comparison, frames were extracted uniformly every 0.5 seconds. 

These videos serve as the baseline (ground truth) for comparison. We applied two types of degradations: 

compression and rotation, to each video in order to assess the robustness of two HPE models. MP and 

ViTPose. 

3.1.1| Video Transformation Procedures 

 Rotation: We applied two rotational transformations: 90° clockwise and 180° to simulate changes 

in camera orientation.  

Each video was rotated by 90° and 180° using the Clideo online video editor [10] before 

undertaking the extraction of frames. The rotated frames were directly fed to the HPE models to 

test its performance in those angles. This was done by comparing its output in terms of predictions 

against the annotated keypoints based on MediaPipe and ViTPose definitions. This was done 

without the need for modification in coordinate points or angles because the comparison is based 

on visual inspection. 

 Video Compression: Each video was compressed to approximately 70% of its original file size 

using the Clideo online video editor [10]. The compression percentage is calculated using Eq. (1). 
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𝐶𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛 𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒

=  
𝑂𝑟𝑖𝑔𝑖𝑛𝑎𝑙 𝐹𝑖𝑙𝑒 𝑆𝑖𝑧𝑒 −  𝐶𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑒𝑑 𝐹𝑖𝑙𝑒 𝑆𝑖𝑧𝑒

𝑂𝑟𝑖𝑔𝑖𝑛𝑎𝑙 𝐹𝑖𝑙𝑒 𝑆𝑖𝑧𝑒
 𝑋 100

= (1 −  
𝐶𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑒𝑑 𝐹𝑖𝑙𝑒 𝑆𝑖𝑧𝑒

𝑂𝑟𝑖𝑔𝑖𝑛𝑎𝑙 𝐹𝑖𝑙𝑒 𝑆𝑖𝑧𝑒
) 𝑋 100 

 

     

 

 

(1) 

 Frame Extraction: To enable both visual and coordinate-based comparison between models, each 

video was split into frames at a fixed interval of 0.5 seconds. The pseudocode for the frame 

extraction process is described in Algorithm Table 1. 

Table 1. Algorithm 1- Extract Frames from Video. 

Algorithm 1: Extract Frames from Video Every 0.5 Seconds 

1: Load video from predefined path 

2: function getFrame(time in seconds) 

3:         Set video pointer to time in seconds × 1000 milliseconds 

4:         Attempt to read a frame at the specified timestamp 

5:         if frame is successfully read then 

6:              Save frame as an image using a sequential filename 

7:         end if 

8:         return success status 

9: end function 

10: Initialize sec ← 0, frameRate ← 0.5, count ← 1 

11: success ← getFrame(sec) 

12: while success is true do 

13:        Increment count 

14:        sec ← sec + frameRate 

15:        Round sec to two decimal places 

16:        success ← getFrame(sec) 

17: end while 

 

For clarity, this procedure for frame extraction was intended to yield a fair representation of video frames to 

be compared in terms of the performance of an HPE model, rather than achieving an exact timing match. It 

is thus adequate to have a 0.5-second window for a uniform selection of video frames, considering that in 

this study, because of a limited length of all analyzed videos and a constant frame rate, differences resulting 

from FPS fluctuations or dropped and rounded video frames remain negligible. Following this preprocessing 

stage, we conducted visual assessments of the landmark predictions output by each HPE model for each 

filter. 

 
Figure 1. MediaPipe Keypoints. 
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3.2| Pose Estimation Models 

We used two commonly used models for landmark prediction:  

3.2.1| MediaPipe 

MediaPipe is an abstraction framework, created by Google, that was used to make perception pipelines cross-

platform and real-time. It combines lightweight and fast machine learning models and techniques based on 

computer vision to provide fast and lightweight solution to problems like pose estimation, facial feature 

landmark detection and hand tracking. MediaPipe uses BlazePose model, a two-stage detector and tracker, to 

detect 33 landmark points on the human body as shown in Figure 1. MediaPipe Keypoints, and the omission 

is rapid and precise. MediaPipe is designed to run on mobile and embedded systems, thus it works especially 

well for real-time applications because it has low-latency processing, resource-light computation, and its 

modularity. It is simple and durable regarding controlled environments and has won it a lot of fans in spheres 

of fitness monitoring, healthcare and augmented reality, and surveillance [11-16].  

3.2.2| ViTPose 

 Vision Transformer-based model with dense landmark predictions. ViTPose is a state-of-the-art human pose 

estimation model using plain vision transformers (ViT) to make a highly accurate guess at 17 anatomical 

keypoints human by human as shown in Figure 2, e.g. joints and limbs. ViTPose is simpler, non-hierarchical, 

has less structural complexity than previous models and depends neither on CNNs nor on a complex 

transformer architecture: it uses a simple transformer backbone with a lightweight decoder, where errors in 

the simple backbone are corrected in the lightweight decoder. It achieves extraordinary performance over 

numerous benchmarks, such as 80.9 AP on the MS COCO test-dev set and performs well in a variety of 

situations, such as occlusion, disparate resolutions and training across dataset. It has the advantages of scale 

(100M through 1B parameters), training and deployment flexibility, and effective knowledge transfer between 

model sizes, being a very generalizable solution to a wide variety of applications in healthcare, surveillance, 

sports, AR/VR, and others [17-20].  

 
Figure 2. ViTPose Keypoints. 
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4 |Results and Discussion 

4.1| Videos Visual Results 

4.1.1| Video 1: A Person Standing in a Natural Outdoor Scene 

 

(a) CompressedVideo - MediaPipe 

 

(b) CompressedVideo and with drawn ground 

truth - MediaPipe 

 

(c) 90° - MediaPipe 

 

 

(d) 90° and with drawn ground truth - 

MediaPipe 

 

(e) 180° - MediaPipe 

 

 

(f) 180° and with drawn ground truth - 

MediaPipe 

Figure 3. MediaPipe landmark outputs on Video 1. 
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(a) CompressedVideo and with drawn ground truth - 

ViTPose 

 

(b) 90° and with drawn ground truth - 

ViTPose 

 

(c) 180° and with drawn ground truth - ViTPose 

Figure 4. ViTPose landmark outputs on Video 1. 

4.1.2| Video 2: A man walking along a roadside at night. 

 

(a) CompressedVideo - MediaPipe 

 

(b) CompressedVideo and with drawn ground 

truth - MediaPipe 
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(c) 90°  MediaPipe 

 
(d) 90° and with drawn ground truth – 

MediaPipe 

 

(e) 180° - MediaPipe 

 

 

(f) 180° and with drawn ground truth - 

MediaPipe 

Figure 5. MediaPipe landmark outputs on Video 2. 
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(a) Compressed Video - ViTPose 

 

(b) Compressed Video and with drawn 

ground truth - ViTPose 

 

(c) 90° - ViTPose 

 

(d) 90° and with drawn ground truth - 

ViTPose 

 

(e) 180° - ViTPose 

 

(f) 180° and with drawn ground truth - 

ViTPose 

Figure 6. ViTPose landmark outputs on Video 2. 
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4.1.3| Video 3: A blurred crowd of people walking in an urban setting. 

 

(a) Compressed Video - MediaPipe 

 

(b) Compressed Video and with 

drawn ground truth - MediaPipe 

 

(c) 90° - MediaPipe 

 

 

(d) 90° and with drawn ground truth 

- MediaPipe 

 

(e) 180° - MediaPipe 

 

 

(f) 180° and with drawn ground 

truth - MediaPipe 

Figure 7. MediaPipe landmark outputs on Video 3. 
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(a) Compressed Video - ViTPose 

 

(b) Compressed Video and with drawn 

ground truth - ViTPose 

 

(c) 90° - ViTPose 
 

(d) 90° and with drawn ground truth - 

ViTPose 

 

(e) 180° - ViTPose 

 

 

(f) 180° and with drawn ground truth 

- ViTPose 

Figure 8. ViTPose landmark outputs on Video 3. 
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4.2| Discussion 

As can be seen in Video 1 Figure 3, the MediaPipe (MP) model shows profound deviations when compared 

to the manually created ground truth; the ground truth was manually created in Microsoft Paint by labeling 

every joint, pixel by pixel, to as closely resemble the corresponding MediaPipe and ViTPose keypoints as 

possible as outlined in Figure 1 and Figure 2. It can be seen that in video compression environments Figure 

3 (a) and Figure 3 (b), clear deviations in the predicted poses from the ground truth can be noticed. In both 

rotation cases (90 and 180 degrees), the model was able to detect a limited number of landmarks but with 

highly inaccurate placement, which highlights its inability to detect human poses under circumstances defined 

by low visibility and darkness. On the other hand, the ViTPose model fails to detect any poses in all filtered 

cases displayed in this video. As a result, Figure 4 only shows the manually created ground-truth poses, as no 

output was generated using the model. 

In Video 2, the MP system creates pose estimations that are imprecise and do not match any real individual 

in the frame. The imprecision is most notable under video compression and 90-degree rotation, as shown in 

Figure 5 (a) and Figure 5 (c), compared to the reference data shown in Figure 5 (b) and Figure 5 (d). 

Additionally, the MP system is challenged when processing multiple individuals, often trying to predict a 

single pose or misattributing landmarks. In contrast, the ViTPose model performs almost excellently under 

video compression, producing highly accurate estimations with minimal deviations in head landmarks, as 

shown in Figure 6 (a) and Figure 6 (b). However, it fails drastically when dealing with frames rotated by 90 or 

180 degrees, as presented in Figure 6 (c), (d), (e), and (f), thus pointing out the vulnerability of the model to 

changes in orientation. However, under rotated conditions (90° and 180°), ViTPose fails to detect any 

meaningful poses, whereas MP occasionally produces partial or distorted poses. Thus, MP shows a limited 

detection capability even when poses are inaccurate, while ViTPose fails to respond at all under such 

transformations. 

Video 3 is a unique case because its indistinct background adds a level of noise and ambiguity to the scenario. 

The MP system can detect some landmarks in frames of the compressed video as shown in Figure 7 (a) and 

Figure 7(b); however, these landmarks are not matched to any real individuals in the frame. In the 90-degree 

and 180-degree rotation frames, the MP system is unable to identify any landmarks whatsoever, as shown in 

Figure 7 (c), (d), (e), and (f). Additionally, it still fails in multi-person detection, generating no meaningful 

outputs in the crowded scenes. Ground truth in these cases has been manually labeled to give an idea of what 

ought to be detected in the original frame. For comparison, ViTPose does well in the compressed video 

scenario, producing close to accurate pose estimations of most people in the frame, ignoring the crowd and 

blur challenges, as shown in Figure 8 (a) and Figure 8 (b). It detects no landmarks in the 90-degree rotation 

frame but one full-body pose in the 180-degree rotation frame. This pose is, however, shown in the inverse, 

upside-down pose and is not as accurate as the true scene. It also fails to detect other people in the frame, as 

shown in Figure 8 (c), (d), (e), and (f). 

Briefly, ViTPose is more robust in cases involving blurriness, making it a preferable choice in such cases 

compared to MP, even with its poorer performance in cases involving rotational distortions. Improvement 

in robustness regarding orientation would further increase its effectiveness. Under illumination conditions, as 

evidenced by examples given in Video 1, MP shows relatively better performance compared to ViTPose, 

despite inaccuracies in their approximations. With further developments, MP can potentially be a better 

choice in cases where ViTPose fails in landmark identification altogether. In cases involving rotation, MP 

demonstrates limited yet comparatively better detection capability than ViTPose, as it occasionally identifies 

human poses even if they are misaligned or inaccurately drawn. ViTPose, on the other hand, generally fails to 

produce any detections under rotated conditions. Both models have some limitations that highlight the need 

for pose estimation improvements under deteriorated real-world conditions. 

It is noteworthy that compression degradation is a natural fusion of several degradation types, including 

resolution degradation, block degradations, and blur artifacts. This makes it quite tricky to identify a single 
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precise reason for its performance degradation in a particular experiment or study. In this work, all 

degradation types are considered as one category to assess how well the models of HPE generally perform in 

such conditions. In our future research, we will aim to study how multiple degradation types work together 

simultaneously in order to have a clear understanding of their individual impacts. 

In the current research, the performance of pose estimation was mostly evaluated through visual inspection 

of differences between the ground truth labeled by human expertise and estimates of keypoints provided by 

individual HPE models. This qualitative assessment enables one to visualize differences in structure and pose 

estimates in degradation conditions. Nonetheless, a more precise quantitative assessment in terms of 

differences in x and y-coordinates (Δx,Δy) of ground truth and estimates of keypoints, divided by model 

ground truth distances, would offer a fair assessment of individual model performance. This quantitative 

assessment framework was also described at a conceptual level within the current study but will be developed 

in forthcoming research. 

4.3| Models Settings 

4.3.1 | MediaPipe Pose 

MediaPipe Pose, a human pose estimation framework developed by Google Research, was used for analyzing 

human poses in a frame-by-frame manner. In fact, a full version of Google’s BlazePose was utilized through 

MediaPipe’s Python API (v0.10.9) in a static image analysis mode that prevents tracking of human poses from 

one frame to another. 

Every parameter was set to its defaults (mode=False, smooth=True, detectionCon=0.5, trackCon=0.5) to 

ensure that all experiments were reproduced in an identical manner. This was done in a Python 

implementation that utilized OpenCV for grabbing and displaying video frames as well as drawing 

functionality provided by MediaPipe’s drawing utilities (mp.solutions.drawing_utils) for depicting keypoints 

and skeleton lines [21]. 

This was run in a Google Colab workspace with its in-built hardware infrastructure; using Python 3.10 with 

a CPU runtime to provide a controlled environment. It was also specifically done in the state with the image 

mode being static, and it guarantees that each frame is handled individually without the assistance of either 

tracking or image filtering feature. This permits none of the processing of one frame influencing the rest in 

regards to motion tracking and is thus simply done based on image degradation capabilities like rotation or 

compression. 

4.3.2 | ViTPose – B 

Transformer ViTPose-B (Base) was utilized as a model of Vision Transformer architectures in human pose 

estimation. In this research, inference was done through use of a publicly accessible interface, known as 

Hugging Face Space, that incorporates YOLOX-l for person localization and ViTPose-B pre-trained in coco 

for key-point estimation. In order to provide a suitable comparison, this model was run with its set defaults. 

The most important variables were as follows: box score threshold=0.5 units, visualization threshold=0.3 

units, dot radius=4 units, line width=2 units, and a total of 60 processed frames. The reason for choosing to 

use the hosted inference environment was for ensuring robust methodology replication, as it leverages official 

pretrained models and pipelined detection/estimation routines in line with the open-source ViTPose library 

[22], [23]. 

In MediaPipe Pose, only the most confident detected person was considered in a single frame as per its single-

person detection functionality. ViTPose, coupled with the YOLOX-l detector, allowed single as well as 

multiple persons to be analyzed simultaneously. Nevertheless, as it was pertinent to conduct a study to analyze 

the performance of pose estimation in degradation conditions in general, a comparison between the models 

was done with respect to keypoints according to the most confident detection in a single frame. 
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5 |Conclusion and Future Work 

This work conducted visual analysis of the strength of two frequently used models within the area of Human 

Pose Estimation (HPE), i.e. MediaPipe and ViTPose, in low visibility and visual impairment situations, e.g. 

when the object is transformed in rotation and/or video compression. Taking a qualitative action to determine 

our evaluation, we examined the strength of each model regardless of quantitative evaluation. The visual 

analysis identified that the reasoning between the models was quite different in terms of the modified input 

responses, although it created a clear picture as to the inherent weaknesses of each methodology and its 

potential advantages when applied to difficult environments. 

Although subjective reviews are valuable information, it would be more accurate to include quantitative scales 

in further studies of the assessments of model performance. In particular, degradation of a frame could be 

evaluated more accurately by calculating the variations in the landmarks coordinates using values of the (X, 

Y) of the original and degraded frames. Also, it would be a good improvement to extend the research to cover 

a broader spectrum of degradation types, e.g., blurring, noise, and occlusion, to be able to better reflect the 

situation in the actual circumstances. 

Additional enhancements may involve utilization of image degradation recovery mechanisms prior to the 

implementation of pose estimation, which would in turn lessen the infliction of degradation. Lastly, 

investigation of fine-tuning of models with augmented training datasets with various distortions may be of 

worth in order to improve generalization and robustness, especially in adversarial environments, where pure 

input is not guaranteed. 
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