01010

01010

Y information

Article

Toward Robust Human Pose Estimation Under Real-World
Image Degradations and Restoration Scenarios

Nada E. Elshami ¥?>1®, Ahmad Salah 3*1©, Amr Abdellatif !

check for

updates
Academic Editors: Seyed Sahand
Mohammadi Ziabari and Ali
Mohammed Mansoor Alsahag

Received: 28 September 2025
Revised: 23 October 2025
Accepted: 26 October 2025
Published: 10 November 2025

Citation: Elshami, N.E.; Salah, A.;
Abdellatif, A.; Mohsen, H. Toward
Robust Human Pose Estimation
Under Real-World Image
Degradations and Restoration
Scenarios. Information 2025, 16, 970.
https://doi.org/10.3390/
info16110970

Copyright: © 2025 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license

(https:/ /creativecommons.org/
licenses /by /4.0/).

and Heba Mohsen 2

College of Computers and Informatics, Zagazig University, Zagazig 44519, Egypt;
nada.emad020@fci.zu.edu.eg or nada.hussien@fue.edu.eg (N.E.E.); amaemam@fci.zu.edu.eg (A.A.)
Department of Computer Science, Faculty of Computers and Information Technology,

Future University in Egypt, New Cairo 11835, Egypt; hmohsen@fue.edu.eg

College of Computing and Information Sciences, University of Technology and Applied Sciences,
Ibri 516, Oman

*  Correspondence: ahmad.salah@utas.edu.om

These authors contributed equally to this work.

Abstract

Human Pose Estimation (HPE) models have varied applications and represent a cutting-
edge branch of study, whose systems such as MediaPipe (MP), OpenPose (OP), and Al-
phaPose (ALP) show marked success. One of these areas, however, that is inadequately
researched is the impact of image degradation on the accuracy of HPE models. Image
degradation refers to images whose visual quality has been purposefully degraded by
means of techniques, such as brightness adjustments (which can lead to an increase or a de-
crease in the intensity levels), geometric rotations, or resolution downscaling. The study of
how these types of degradation impact the performance functionality of HPE models is an
under-researched domaina that is a virtually unexplored area. In addition, current methods
of the efficacy of existing image restoration techniques have not been rigorously evaluated
and improving degraded images to a high quality has not been well examined in relation
to improving HPE models. In this study, we explicitly clearly demonstrate a decline in the
precision of the HPE model when image quality is degraded. Our qualitative and quantita-
tive measurements identify a wide difference in performance in identifying landmarks as
images undergo changes in brightness, rotation, or reductions in resolution. Additionally,
we have tested a variety of existing image enhancement methods in an attempt to enhance
their capability in restoring low-quality images, hence supporting improved functionality
of HPE. Interestingly, for rotated images, using Pillow of OpenCV improves landmark
recognition precision drastically, nearly restoring it to levels we see in high-quality images.
In instances of brightness variation and in low-quality images, however, existing methods
of enhancement fail to yield the improvements anticipated, highlighting a large direction
of study that warrants further investigation and calls for additional research. In this regard,
we proposed a wide-ranging system for classifying different types of image degradation
systematically and for selecting appropriate algorithms for image restoration, in an effort
to restore image quality. A key finding is that in a related study of current methods, the
Tuned RotNet model achieves 92.04% accuracy, significantly outperforming the baseline
model and surpassing the official RotNet model in predicting rotation degree of images,
where the accuracy of official RotNet and Tuned RotNet classifiers were 61.59% and 92.04%,
respectively. Furthermore, in an effort to facilitate future research and make it easier for
other studies, we provide a new dataset of reference images and corresponding degener-
ated images, addressing a notable gap in controlled comparative studies, since currently
there is a lack of controlled comparatives.
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1. Introduction

HPE is a core technology with revolutionary applications in a wide range of fields
including healthcare, sports [1], security and virtual reality [2—4]. Using HPE, we can opti-
mize how we monitor physical therapy, optimize athlete performance, and ensure public
safety. As HPE provides the ability to detect and preciously analyze human movements.
For example, doctors can use it remotely to monitor the rehabilitation progress of patients,
help athletes optimize their exercises, and detect suspicious activities in strength security
systems. However, any minutetiny error in pose detection could have serious consequences,
such as injuries, delayed recovery, or security breaches. HPE, as a foundation base for
human-centric applications, has huge potential to save time, reduce effort, and deliver
tailor-made solutions; hence, it is one of the most important enablers of precision and
efficiency in today’s technology-driven world.

Image quality has always been a significant difficulty for all HPE systems in realistic
surroundings. Most training datasets are high resolution, such as Max Planck Institute for
Informatics (MPII) [5] and Frames Labeled in Cinema (FLIC) [6], but in practical applica-
tions, there are many low resolution, blurred, and environmentally degraded images due
to fog, low light exposure, or rainstorms. Such low-quality images significantly reduce
the accuracy of pose detection because the HPE model cannot find some small-scale key
human features. Poor image quality would generally introduce critical failures lead to some
serious issues: false detection and a general loss of precision, even with the most advanced
algorithms. The examples given above indicate several critical fields where optimal good
results are expected: health, sports, and security applications. Most current models are not
robust enough to handle such different image quality problems; therefore, improving relia-
bility and generalizing the HPE system in various real environments remains a formidable
challenge but is still a challenging goal worth trying. Of course, making sure these image
quality issues are overcome is what makes an HPE technology effective for practical use. In
addition, several recent studies investigated at deep learning approaches applied to image-
based challenges that are beyond the scope of this study. The authors in [7,8] developed
methodologies that help to understand model robustness and performance in visual data
analysis, offering a broader context for the future of our research.

MediaPipe (MP) [9-11] and OpenPose (OP) [12,13] are two open-source frameworks
that are commonly used for real-time pose estimation and body tracking, exhibiting show-
ing different strengths in various applications. While MP has been engineered allowed for
the lightweight and efficient tracking of 33 body keypoints, exhibiting high performance-
proving very performant under hard conditions such as partial occlusion and changing
lighting conditions, OP has been developed by the Carnegie Mellon Perceptual Computing
Lab and focused on high-precision multi-person two-dimensional pose estimation. Esti-
mation is conducted on 18 body keypoints, including face features and hands. Both have
found extensive applications in fitness, health, sport analytics, gaming, animation, and
human-computer interaction owing to their computational efficiency and cross-platform
adaptability due to their time efficiency and wide range of platform adaptability in harsh
environmental conditions [14,15].
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However, for recent work, the AlphaPose (ALP) model as the authors described in [16]
is an end-to-end full system to estimate multi-person pose and track and estimate 136 body,
face, hand, and foot landmarks. Employing a top-down paradigm, the system improves
detection and pose refinement by applying the state-of-the-art feature of Symmetric Integral
Keypoint Regression (SIKR) to mitigate remove the imperfection of heatmap quantization,
Parametric Pose Non-Maximum Suppression (NMS) to mitigate remove redundant poses,
and pose-sensitive identity embedding to support built-in tracking. These limitations
in body annotations are offset by training on the Halpe—Full Body data, and additional
training on a wide range of additional datasets, including COCO, COCO-WholeBody,
PoseTrack, 300WFace, FreiHand, and InterHand. The system has been seen to achieve 48.4
mean Average Precision (mAP) on Halpe-FullBody, 57.7 mAP on COCO-WholeBody, and
washout tracking results of 66.4 mAP and 59.0 MOTA on PoseTrack and therefore offers
new state-of-the-art performance, and also it provides accuracy and efficiency to support
applications that require large scale human analysis.

HPE is an crucial point in research, with diverse applications in various disciplines. In
spite of having several models and tools for HPE, two models, which are MP and OP, stand
apart for their robustness and flexibility. Still, though such models have found extensive
applications in various ranges, extensive quantitative and qualitative studies on the effects
of degradations on HPE models’ performance have remained considerably rare.

Images that have poor quality defined by either low resolution, variability in bright-
ness, or rotation at multiple angles pose a considerable challenge to models to predict
human posture. In addition, the lack of a dataset that combines low- and high-quality im-
ages makes a systematic evaluation of how degradations in images affect the performance
of models challenging.

To address such a shortage, we suggest proposed performing an evaluation to identify
whether HPE models are effective in the case of degraded images. The evaluation to be
conducted in our work will be preparing an innovative dataset of compromised images
to provide better evaluation. In addition, our goal is analyzing how different types of
degradations affect HPE models’ behavior. Having identified the type of degradation, our
approach will subject such images to standard restoration and analyze to what extent HPE
models’ behavior is benefited by such restored images. An integral component of our
work is comparing HPE models’ behavior on compromised images against their behavior
on subsequently corrected images, in order to assess whether such mechanisms of image
improvement hold.

This work treats the challenge of a unclear images, a fact that has been rarely dis-
covered in the literature, mainly dealing with high-quality images. Here, we present
three contributions:

1. A new dataset is created that contains a set of filtered versions of the original images
in the MPII dataset. This makes up for an important gap in the currently available
datasets, as no dataset addressing these issues has ever been compiled.

2. We propose an unclear image detection and classification framework that achieves
better results compared to the state-of-the-art in these specific tasks by employing
RotNet as one of the central classifiers.

3. We present an image restoration process to help enhance and reverse the degraded
images to their original quality before feeding them into the HPE model for better
pose detection accuracy. Together, these contributions improve the effectiveness and
reliability of HPE systems in unconstrained real-world conditions.
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The remainder of this paper is organized as follows. Section 2 explores the relevant
literature, focusing on important achievements and concerns concerning this field. Section 3
covers the suggested proposed methodology, including the preparation of the dataset, the
design of the framework, and the procedures applied. Section 4 contains the experiment
results, complemented by a detailed analysis of image degradation. Section 5 discusses
the findings, addresses limitations, and potential areas for improvement. Finally, Section 6
summarizes the paper and recommends areas for future research.

2. Related Work
2.1. Human Pose Estimation Methods

Recent deep learning developments, notably new frameworks and approaches, have
significantly improved model performance in a wide range of applications. This part
surveys presents the most recent researchers, concentrating on significant technical devel-
opments, and assesses their relevance to the scope of our investigation, and evaluates its
relevance to our concerns and aims. This section contextualizes our contributions and situ-
ates our work within the evolution of deep learning, highlighting key trends and milestones
that informed our methodology.

The authors in [17] were addressing the challenges of 2D HPE in low-resolution
images by proposing an end-to-end network that combines super-resolution (SR) with
pose estimation. Their model consists of two parts for enhancing image resolution using a
deep back projection network (DBPN) and for pose detection using a Stacked Hourglass
Network (HG). These parts optimized using a combined loss function that accounts for
both SR reconstruction and pose estimation errors. Their model was evaluated tested on
images that have been down sampled from MPII [5] and LSP [18] datasets. Significantly,
they achieved a PCKh@0.5 score of 78.9% on MPII, validating its efficacy and demonstrating
its effectiveness in improving the accuracy of pose estimation in low-resolution scenarios.

Building upon the issue of low-resolution images in [17], this problem was further
explored by proposing a novel approach SRPose in [19], which was a two-part approach that
included a Super-Resolution sub-network (SRN) for upgrading low-resolution images and
an HPE sub-network (HPEN) for estimating poses from these upgraded images. Datasets
which used for evaluation were MPII [5] and Common Objects in Context (COCO) [20].
SRPose outperformed baseline methods by up to 34.8% in Percentage of Correct Keypoints
(PCKh@0.5) using MPII dataset at 32 x 32 and 64 x 64 resolutions. While when evaluated on
the COCO dataset, SRPose was shown a robust strong performance under low-resolution
conditions, specifically at 96 x 72 and 48 x 36 resolutions. Additionally, the model achieved
performance on par with state-of-the-art methods comparable to state-of-the-art approaches
in high-resolution scenarios.

The authors of [21] presented an innovative architecture that was labeled multi-
resolution representation learning, which is vital in computer vision applications such as
movement diagnostics and surveillance. This strategy increased the heatmap accuracy
and key point detection. The model has shown high performance, which outperforms
Hourglass and CPN with high AP on MPII and 70.9 AP on COCO. Despite using a
smaller backbone and lower resolution images, it has surpassed bottom-up approaches
for human recognition, with a COCO AP of 60.9. All these evaluations highlight the
architecture’s efficiency, the huge accuracy and robustness benefits of multi-resolution
learning in HPE.
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In [22], the authors presented a distinctive approach to address the distortion of
extreme rotational in HPE, providing the limits of previous techniques that frequently
focus on smaller rotations. The architecture recommended has combined standard super-
vised techniques, a Siamese network and self-supervised learning to assess significant
rotational variances. To evaluate the model’s effectiveness in managing extreme ro-
tational shifts, the system consisted of two integrated learning paths include one for
original images and another which has employed a spatial transformer network to han-
dle different rotating angles. A convolutional fusion module has merged these paths,
making them dependable.

Authors in [23] proposed a self-supervised learning approach where a ConvNet was
learned to recognize image rotations in four degrees 0°, 90°, 180°, and 270°. This predefined
challenge has promoted the network to acquire semantic properties important for object
identification, detection, and segmentation without using labeled data. This approach was
evaluated and showing its effectiveness using different datasets as the RotNet model with
four convolutional blocks attained a respectable accuracy of 91.16% on CIFAR-10, closely
approaching the 92.80% of fully supervised models. Using the ImageNet dataset, the model
attained top-1 accuracies of 50.0% for Conv4 and 43.8% for Conv5. Using the PASCAL
VOC dataset for transfer learning, the model achieved 54.4% mean average accuracy (mAP)
in object identification, demonstrating its robust feature transferability and potential to
compete with supervised techniques in unsupervised learning.

HPE uses various tools, and the most used frameworks for detecting the landmarks of
a human pose are MP [24,25] and OP [14]. Each of them has different architectures with
different capabilities to be applied to applications.

MP is a lightweight model which is normally used in real-time applications, mostly
on mobile devices and edge devices. It detects up to 33 landmarks of faces, bodies, and
hands as shown in Figure 1a. MP is for single-person pose estimation. It is applied for
a 2D and 3D pose estimation. The model of the BlazePose framework by Google is the
foundation for MP. MP does pose estimation using a top-down approach; first, a bounding
box around the person is recognized, then it detects and renders the landmarks within an
identified region. It is a very efficient approach and can offer real-time processing; hence,
its application in tracking fitness and VR games.

Where OP comes in for 2D pose estimation, it detects up to 18-25 points of the facial,
body, hand, and foot keypoints as shown in Figure 1b. On the other hand, OP does
support multi-person detection but uses a bottom-up architecture. First, it detects all
keypoints and associates them with every person; it then draws bounding boxes around
every detected subject. It is very accurate but computationally expensive and hence
difficult to integrate with other modules. Most of the widest applications are created in
healthcare, sport analytics, and animation, since these are the fields where multi-person
tracking of detail is very important.

Additionally, ALP is a top-performing human pose estimation system with high accu-
racy that can work in both single- and multi-person environments. It locates 17-26 body
keypoints as shown in Figure 1c with a top-down mechanism, i.e., first detect person
bounding boxes and then localize with keypoint detection for refinement. While being
more computationally expensive than slim models, ALP has excellent robustness for busy
or obscure scenes and hence suits applications like sports performance assessment and
large-scale video comprehension.
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Figure 1. Comparison of body landmarks across different pose estimation models: (a) MediaPipe

(MP), (b) OpenPose (OP), and (c) AlphaPose (ALP).

2.2. Image Quality Factors in Computer Vision

The authors in [26] explained how image resolution generally plays an important role

in many computer vision tasks, but low resolution usually degraded visual data quality,

causing a great loss of important details and contrast and hence leading to lower accuracy

in object detection. It further led to a disconnection of low-level and high-level vision tasks

simply because one totally relied on low-resolution and unrealistic datasets in low-level

tasks such as image deraining. Therefore, in practice, a clear need for a representative

high-resolution dataset becomes evident. The urgent need for a representative dataset
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at high resolution is felt to facilitate effective model training for rain removal and object
detection, ultimately leading to improved overall performance.

In [27], the authors have shown that many computer vision tasks degrade due to the
nature of the image, losing details, being more sensitive to noise, and complicating image
dehazing due to the insufficiency of low-frequency features. Most of the conventional
methods majorly neglected the interrelation between low- and high-frequency features,
which granted bounded performance. From this perspective, the paper introduces a
network architecture with a frequency and a content stream combined for a sharper result
and for the restoration of details. This new method outperformed the existing one while
pointing out that better datasets and modeling will result in further improvements in image
restoration and computer vision performance.

Moreover, in [28] the authors have identified that one of the fundamental issues
in computer vision applications, especially in deep learning-based image classification
methods, is variation in brightness. Further, the brightness augmentation introduced
a structural distortion that confounded mislead and confused the classifier by feature
extraction. Severe adjustment made those images unrecognizable in order to further
degrade the performance of the models. Experimental results have shown that models
performed better only when the brightness level is approximates proximate to the origi-
nal because if it were farther, the model could not recognize the correct classification.
Minor adjustment of brightness has a limited improvement, whereas geometric aug-
mentation, zooming, and shifting work for many cases. Therefore, this study has given
emphasis that brightness augmentation hardly improves the performance but disturbs
model stability and therefore needs cautious usage during preprocessing.

In [29], the authors addressed the challenges imposed by brightness variations in face
recognition and further on computer vision tasks. The large uneven lighting in the captured
images results in huge brightness variations that decrease the visibility of face features
and further degrade the recognition performance. This work was demonstrated that such
variabilities, together with blur, can induce extremely significant performance gaps across
datasets under the same recognition algorithm. Hence, the authors have proposed a face
image quality assessment framework, which checks brightness and sharpness to grade
images based on their quality level. As a result, filtering low-quality images reduced false
non-match rates through improved recognition performance. In summary, the experimental
results emphasized that a high-quality image with an optimal brightness and sharpness
value can guarantee stable and accurate recognition; thus, great attention needs to be given
to quality assessment in the pre-processing stages.

In [30], the authors discussed how often rotation in computer vision destroys the
features due to changed object orientation and hence, traditional convolutional neural
networks (CNNs) were incapable of accomplishing such tasks. They pointed out that
while the CNNs may strongly depend on the identification of such variations by data
augmentation, doing so heightens the risk of overfitting and computational resources. A
bit differently, they have leveraged the rotation-equivariant neural network, which has
intrinsically encoded rotational symmetries using group convolutions. They show that
this may allow for significant benefits regarding network architectures: an increase in
accuracy of up to 7.6% and a reduction of training hours of 23.1% with respect to baseline
CNNSs. This points toward the fact that large-scale data augmentation is not needed
anymore. They concluded that adopting rotation-equivariant models reduced training
time, achieved higher generalization, and boosted accuracy—especially in biomedical
image analysis—since rotational invariance was intrinsically embedded in them.
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While this paper [31] is focused on the problems brought about by rotation and
change in viewpoint that most computer vision tasks face, particularly those that need
very accurate rotation angle estimation. Due to these changes, the object’s appearance
features are distorted, which made these traditional models heavily dependent on data
augmentation. This was leading to a greater possibility of overfitting, thus requiring
significant computational resources. In this paper, a new ensemble transfer regression
network was proposed, coupled with the histogram of oriented gradients features, as
well as a specially designed loss function called Rotate Loss. This given rise to a greater
capability for extracting directional features, boundary angle errors are reduced, and
accurate prediction of rotation angles over a full range of 0° to 360° through reduced
extensive preprocessing and enhanced generalization. It greatly improved the reliability
and accuracy of the computer vision substantially, especially in very important applications
like industrial forgery detection and forensic analysis.

2.3. Image Quality Assessment and Enhancement

The research proposed in [32] described a system intended to estimate human
joints in a three-dimensional space using low-resolution depth images as input data.
For this project, 80,000 depth images were created with Blender3D in order to enable
synthetic data creation. The created dataset was used as the basis to train two types
of artificial neural network models, namely multilayer perceptrons (MLPs) and deep
neural networks (DNNs). The experiments demonstrated that the DNN performed better
compared to MLP, especially with accuracy in terms of localizing the hand. Both models
can process images in real time, with DNN processing more than 530 images per second
and MLP processing more than 32,000 images per second. The technique’s accuracy,
however, remained restricted, particularly when calculating position of hand, where
errors can approach 30 cm. The study also identified a lack of generalization inherent in
the technique due to limited variety of postures used in training, where gaps were left in
representing frontal and dorsal poses as well as limb motions. The findings of this study
present possible areas for future research, including extending the current database by
including more variety in body motions and using GPU-based computations to increase
accuracy as well as processing speeds.

Estimating human pose from low-resolution depth measurements poses great chal-
lenges, largely due to limitations in hardware sensors and large observation ranges. To
improve on these challenges, scholars [33] proposed a new approach based on CNNs
to obtain vital features from depth measurements and estimate pose joints with an aim
towards improving accuracy and computational speed compared to the state-of-the-art
Kinect algorithm. To train and test their model, the authors created a purpose-designed
dataset [34] of low-resolution depth images with their respective pose annotations, in-
cluding a representative range of upper body poses. The designed approach achieved
higher performance compared to its baseline, as indicated by lowered joint localization
error and processing duration.

The authors in [35] highlighted the challenge of lack of annotation in training computer
vision models, especially in the operating room context. They offered AdaptOR, a new
unsupervised domain adaptation model that employs a self-training technique based on
generating pseudo-labels with geometric consistency constraints and normalized features,
as well as a separate strategy to mitigate domain shift. AdaptOR was based on extending
the Mask R-CNN architecture and enables transfer of posture estimation and instance
segmentation expertise to unlabeled datasets MVOR+ [36,37] and TUM-OR-test [38] created
from COCO labeling [20]. Experimental results were proving AdaptOR outperformed state-
of-the-art baseline methods, particularly when employed on downsampled low-resolution
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images by a factor of 12x due to issues of privacy. The deeper research, however, remains to
facilitate improved domain correspondence in limited source supervision setting, thereby
facilitating accurate development of context-aware operating room systems in spite of
sparsity-of-annotations issues.

In [39], authors investigated the accuracy of localizing human body joints in 3D
using low-resolution depth images. In addition, they were creating a new dataset [34]
which consists of 200,000 depth images to evaluate various DNN architectures, including
MobileNet, ResNet, and CNNs. The results indicated that DNN models with depth image
restrictions increase accuracy and resilience of pose estimation. The most effective model
performed similarly to the Kinect system despite processing 100 times less pixels, indicating
increased speed and sensor noise resistance.

Each applied filter has its own set of image restoration techniques, such as variation in
brightness, low resolution, and rotation with different degrees. The following paragraphs
will describe them and their limits. One alternative in restoring brightness can be using
an API provided by Cloudinary [40]. This method uploads the picture to the servers
of Cloudinary. It introduces a change in brightness between —100 to +100, defining the
value for the restoration of the brightness corresponds to the earlier modification that has
been done, then the brightness can be restored. When the Cloudinary servers apply the
transformation, the improved image is downloaded to your local system.

The other alternative is a ImageMagick library, which is called through its python interface,
Wand. It does the brightness adjustment with much more fine control using its function
brightness_ contrast. In order that a change in brightness gets reverted, the value should be the
opposite. For instance, applying —120 reverts an earlier brightness change of +120.

Another approach uses OpenCV'’s convertScaleAbs function [41], where the alpha
parameter controls contrast—usually left at its default value of 1.0 to not change the
contrast—and the beta parameter controls brightness. As an example, if there was previ-
ously an increase in brightness of 100 units, then by setting beta —100, this cancels out that
increase in brightness to return the image to the original brightness level.

Each of these methods has its benefits and drawbacks. Cloudinary version 1.41.0
in Section 2.3 works fine when trying to undo increased brightness, although this is less
effective when trying to undo decreased brightness since the change often is barely percep-
tible. ImageMagick provides good control but can overexpose an image when trying to
undo an increase in brightness. On the other hand, OpenCV version 4.8.1.78 in Section 2.3
tends to be good in both cases since it can handle both increased and decreased brightness
adjustment highly quite well.

Although many techniques have been developed for improving the resolution of
low quality images, particularly in upscaling the resolution by a specified factor. The
most widely used pre trained models are the Fast Super Resolution Convolutional Neural
Network (FSRCNN) [42,43], the Enhanced Deep Super Resolution (EDSR) model [44], and
Efficient Sub Pixel Convolutional Neural Network (ESPCN) model [43,45]. In which, after
downloading the pre trained model, they are implemented using OpenCV’s dnn_superres
module. These models are specifically developed to upsample images by a factor of two,
three, and four. The procedure begins with importing an image, determining whether it
is grayscale, then converting it to color as needed. The image is then upscaled using the
specified upscaling model, either FSRCNN or EDSR. The resultant image has a higher
resolution and preserves much of the original detail. It should be noted that FSRCNN
has an advantage in computational speed over EDSR. The image quality is considerably
improved, and the deterioration of complex details is well suppressed by these deep
learning-based methods.
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The Pillow (PIL) library [46] with its high-level image processing abilities, in common
with its broad extent of usage, was utilized to transform image orientation by rotating an
image. An affine transformation to rotate by a certain degree, i.e., 270 degrees, is performed
after uploading an image. PIL handles most image modes, like grayscale and RGB, well
and uses interpolation techniques to make sure rotations are smoothly done. Once rotated,
the image can be readied for subsequent uses.

While the other technique, which is described in [47], involves geometric transfor-
mations to determine pixel positions in the rotated image. Rotation is mathematically
represented using trigonometric functions cos(f) and sin(#) for the rotation angle 6 (in
radians). The pixel coordinates of the rotated image, denoted as (7, j), are mapped to their
original locations using the following Equations (1) and (2):

X' = (i—Cx)cosf + (j — Cy)sinf 4 Cyx (1)

y' = ({i—Cyx)sinf+ (j—Cy)cosd+Cy ()

where (Cy, Cy) denotes the center of the image. The method offers two ways for producing
the output image; the first way is the same option , which maintains the original image’s
dimensions. Pixel coordinates beyond the constraints are assigned a default black value
(0). The second way is full option, which completely fits the output image’s size to rotated
image. The new dimensions are determined using Equation (3).

height, . = [|sin6| + |wcos 6],

3
widthyot = [|wcos 8| + |hsinf]]. ©)

where I and w are the height and width of the original image.

The process iterates over each pixel in the rotated image, transferring it to the cor-
responding pixel in the original image using inverse transformations. Nearest-neighbor
interpolation allows non-integer source coordinates, thus enabling accurate pixel mapping
in line with spatial arrangements. The technique was used to reverse rotations of 90, 180,
and 270 degrees. While both methods have proven to reverse the aforementioned angles of
rotation effectively, the first approach was proven inadequate since it was based on using
image cropping, where many details were lost in the process. The second approach, on the
other hand, presents a greater advantage; only, it suffers from the limitation of introducing
fine black padding about the image.

While prior research has concentrated on certain elements of image distortion, such
as poor resolution, our study covers a broader range of challenges, including low reso-
lution, brightness variations, and image rotation. Furthermore, while there are several
datasets addressing low resolution in depth images, datasets covering low-resolution
ordinary images are limited. By highlighting these gaps, we want to contribute to the
progress of deep learning algorithms for dealing with diverse visual distortions. This
method emphasizes the unique contributions of our study in addressing an unexplored
part of this topic.

Most recent works between 2023 and 2025 focused on improving the strength and
accuracy of human posture estimation (HPE) models under challenging or degraded visual
scenes. Table 1 shows the latest methods that overcome the challenges of low-light scenes,
occlusion, and image degradation through restoration and multimodal learning techniques.
Such works provide an excellent foundation to future comparative studies and further
enhancement of the state-of-degradation HPE models.
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Table 1. Comparative summary of recent Human Pose Estimation (HPE) studies under challenging
or degraded visual conditions (2023-2025).

Study Type of
(Reference) Year Dataset Model/Framework Degradation/Challenge Methodology and Key Results
Provided a comprehensive review of
[48] 2023 g;]lgt g’;fa};;z fic 2D Systematic Literature ~ General robustness and :ee};olzsg ?tg\;bﬁﬁeitzlr? IiPSn
Review visual degradation pp 7 USISHNE Op N
(COCO, MP1I, LSP) challenges in robustness, generalization,
and degraded image handling.
Proposed a universal image restoration
Synthetic and real Image degradation and method based on diffusion models,
Text-Prompt
[49] 2024 degraded image Diffusion Model restoration (blur, noise, enhancing image quality for
datasets resolution) downstream vision tasks including
pose estimation.
Introduced an illumination-adaptive
50 225 iagesond Poses)  lowightpose . Lowlightand remoration and pose essionaton,
& Vusht p illumination degradation . . P !
dataset estimator improving accuracy and robustness
under dim lighting.
Utilized multimodal feature fusion
Custom RGB-D RGB-D Fusion Neural . combining RGB and depth cues,
[51] 2025 dataset (occluded Network (modified aBr?g}(l)-\tlz;lljaOinr?CCh:)zle(;n reporting a 13.3% improvement in
scenarios) OpenPose) ppng p recall over conventional RGB-only
estimators under occluded conditions.
Multiple public 2D Review of deep General degradations Prov1de.d an extensive review and
- . . comparison of state-of-the-art 2D HPE
[52] 2025 HPE datasets learning-based 2D (blur, occlusion, noise, models. identifvine kev limitations in
(COCO, MPII, etc.) HPE models low resolution) ’ ying key

handling degraded visual inputs.

2.4. Gap Analysis

Although numerous studies have examined the application of HPE models to various
applications, most have focused on high-quality images. Still, current models lack capability
in performing HPE on low-quality images, mainly attributed to the lack of quantitative and
qualitative evaluation on how low-quality image affects HPE’s performance. Furthermore,
no dataset combines low- and high-quality images. However, no evaluation is available to
assess whether current image enhancement strategies effectively enhance quality according
to given reasons for degradations.

3. Methodology
3.1. Overview

Figure 2 shows the proposed pipeline utilized in this study. The first step was to create
a dataset of degraded images, which will constitute serve as the foundation for the next
phases. Second, several models were constructed to categorize each degraded image and
assign it to the appropriate class. The classification results were used to choose a restoration
algorithm based on the type of image that was degraded. The chosen algorithm was then
used to restore the images back to their original state. Finally, the HPE model had been
applied to the restored images, allowing for further analysis. The process started with
the creation of a dataset, which is then used to process the rest of the images. Following
classification, the appropriate restoration algorithm was chosen for each image. Then the
pictures were repaired within the appropriate categories. The HPE models were then
utilized to evaluate the recovered images. All of these steps will be discussed in more detail
in the following sections.
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Figure 2. The proposed full pipeline of HPE architecture.

3.2. Dataset Preparation

The MPII dataset [5] for single-person pose estimation includes 25,000 images, of
which 15,000 were used for training, 3000 for validation, and 7000 for testing. These images
were taken from YouTube videos, covering 410 different activities of humans, and manually

annotated up to 16 body joints. However, since most of the generally used datasets do not
contain degraded images, we modified the MPII dataset into a new one that will contain
such images. Specifically, we will focus our attention on the generation of low-resolution
images, rotation at 90°, 180°, and 270°, and brightness variation: increasing brightness
by 80, 90, and 100 and decreasing brightness by —100, —110, and —120. Initially, a set of
4000 original images was used that can be reused several times in generating their variants

through the application of various filtersowing to applied filters. As can be seen from

Figure 3, each class created will correspond to a concrete type of degradation. The result is

a more diverse dataset with variations in image quality for better model robustness.
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Figure 3. The main steps of the proposed dataset generation to reduce the images quality.
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Image degradation methods include:

Resolution Reduction Procedure: The algorithm was used to transform low-resolution
images by using a one reduction percentage of the following 66.7%, 80%, 87.5%, or
90% to change image resolution. It is used the class image from the PIL library. The
algorithm was applied by firstly calculating the target size based on the chosen reduc-
tion percentage and using nearest-neighbor interpolation to reduce image size. To
reverse the resized image to its original size, bilinear interpolation was used to smooth
transitions and maintain superior greater detail preservation. The above methodology
ensured low-resolution images preserved image quality even when reduced in size.
The algorithm processes all images in a given input directory sequentially, applying
those methods to each image and then writing the results into an output directory,
thereby facilitating efficient batch processingthus enabling efficient batch processing
as well as storage.

Brightness Adjustment Algorithm: The process used to adjust brightness changes
illumination levels of images by two primary processes, namely, increasing and de-
creasing level of brightness. The process uses the convertScaleAbs function of the
OpenCV library to apply these changes. Scaling factors of 80, 90, and 100 were used
to enhance brightness, while —100, —110, and —120 were used to reduce brightness,
resulting in values ranging from 0 to —255. The first step in this process was to convert
each image to HSV color space, where hue, saturation, and value are separated com-
ponents. The brightness was adjusted by changing the value channel in accordance
with specified brightness levels. The image was then restored to its original BGR
format. The conversion to HSV space was important because it enabled for modest
brightness adjustments without affecting color hue and saturation quality. Finally, the
technique generated a balanced dataset with varying brightness levels, which may be
used for subsequent analysis or model training.

Rotation Algorithm: This approach proceeded by applying image rotations with an
affine transformation matrix, which was obtained based on the image’s center and
a selected rotation angle from 0°, 90°, 180°, and 270°. To reduce image cropping
during rotation, the method recalculated the image dimensions using trigonometric
calculations that account for the change in orientation. The affine transformation
matrix was then updated to ensure that the original image’s center is aligned with the
center of the resized output, maintaining all visual content while avoiding distortion
or data loss. Following image rotation, the method uses a geometric transformation
to determine the predicted locations of human pose landmarks in the original image.
A 2D rotation matrix for a given angle 8 was defined using Equation (4):

cosf —sinf

Rotation Matrix = l 4)

sinf cosf

Using Equation (5), the original landmark coordinates (X, Y) are transformed into
new coordinates (X', Y’) after rotation.

x cos —sinf| |x
[y’] - lsin@ cosf ] L/} ©)

where there are rotations about the image’s center of rotation, these coordinates are
translated so as to take into consideration this point of rotation.

This approach provides a collection of expected landmark positions, which corre-
spond to the predicted locations of the landmarks after rotating the original image by
a specific angle. These produced coordinates provide a baseline for evaluating the
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accuracies of the HPE models’ landmark predictions for rotated images. The com-
parison illustrates how closely the predicted landmarks correspond to the expected
positions, assessing the HPE model’s resilience to rotated inputs.

3.3. Performance Evaluation Framework

The MPII dataset, recognized identified as a gold standard in HPE, was used as the
basis for this study, where a particular subset of 8000 images was used to serve as the
primary case studyanalyze extensively as a case study. The dataset of images was analyzed
with two state-of-the-art HPE models, namely MP and OP. The findings revealed that MP
performed better consistently compared to OP, particularly with single person cases.

To thoroughly evaluate how strong these models are against different image qualities,
we created a new dataset with a diverse image quality of filters on 14 different categories.
The categories ranged from original images to rotations of 90°, 180°, and 270°, brightness
changes (increases by 80, 90, and 100; and decreases by —100, —110, and —120), as well as
low-resolution images with reduction percentage of 66.7%, 80%, 87.5%, or 90%. All of these
filtered images were retested using the very same pose estimation models to determine
how these changes compared to original images.

The methodology used involved sequential organized steps. First, all images were
run through the models, generating output based on images with overlaid landmarks.
The X and Y coordinates of each joint were recorded in individual CSV files of their
original images. The individual CSV files were merged into a single workbook with
information related to 33 landmarks detected by MP and 19 detected by OP, with missing
predictions having the label of ‘NaN.” The individual CSV files were merged into a single
workbook, with each sheet designed to match a particular image and arranged as (Joint,
X, Y) when using MP and (Body part, X, Y) when using OP. Following the completion
of the image processing stage, we conducted a comparison of the two datasets, namely
the Ground Truth from MP and the Ground Truth from OP. This comparison allowed us
to identify overlapping images that contained shoulder values, which gave us a total of
1370 common images. It was from this overlapping image set that we went on to develop
our further calculations.

To compare the ground truth (original images) with the filtered images, a normalized
calculation was used. Specific constraints were applied:

1. If a landmark was present in the original but absent in the filtered image, NaN
was recorded.

2. If a landmark was absent in the original but present in the filtered image, Null
was noted.

3. When both values were available, the absolute difference was computed.

The calculation focused on specific anatomical landmarks to account for the influence
of person’s size within the images. We start by searching about common metrics used to
deal with corrected landmarks and we found Percentage of Correct Key points (PCK), as it
is a detected joint and is considered correct if the distance between the predicted and the
true joint is within a certain threshold. The threshold distance is usually a fraction of the
reference distance (e.g., 0.5 times the shoulder width). The reference distance is calculated
in various ways, such as Head Size, which is the distance between the eyes or ears, or
Shoulder Width, which is the distance between the left and right shoulders, and other
ways, but those are the common ways, such as knee and hip. We checked the frequency
of each pair of joints, as shown in Figure 1a,b. We already tested on two datasets FLIC
(500 images) and MPII (2500 images) using MP and OP and this table shows the frequency
of each joint. Thus, we chose the shoulder joints pair to calculate the reference distance to
be used in further calculations. An additional note to consider, we consider in the code if
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the reference distance is equal to zero, so there is no calculated reference distance and Zero
Error is written to neglect calculations for this one.

After we calculate the reference distance for ground truth images, we perform the
other two evaluations metrics, which are

1. Absolute Differences of X and Y from Equation (6) divided by reference Distance as
the shown in Equation (7)
2. Euclidean distance of shoulder joints divided by reference Distance

Absolute Differences of X and Y divided by reference Distance can be calculated using
Equation (6)

AX; = | XGroundTruthi — XFilter,i

' (6)

AYi = |YGroundTruth,i - YFilter,i|

After that, we normalized the value by dividing by Reference Distance using Equation (7).

XgroundTruth — Xfilter

‘ YgroundTruth — Yfilter

(7)

ReferenceDistance - ReferenceDistance
So for all, we normalized the value of Difference by dividing by Reference Distance

using Equation (8).

A Xi _ |XGr0undTruth,i - XFilter,i|

ReferenceDistance
YGroundTruth,i — Yilter,i|
AY — | round lruth,? 1lter,1 8
! ReferenceDistance ®)
After that, we calculate average of all X and all Y using Equation (9).

1Y 1Y
AXjoint = 37 Y AXi,  AYjoine = N ) AY; )

i=1 i=1

The last one is calculating the Euclidean distance of shoulder joints divided by refer-
ence Distance can be calculated using Equation (10)

Point = \/ (XgroundTruth - Xfilter)2 + (YgroundTruth - Yﬁlter)z (10)

After that we normalized the value by dividing by Reference Distance for each joint as
shown in Equation (11).

(XgroundTruth — Xfilter ) 2+ (YgroundTruth — Yiilter ) 2 (1)

Apoint =
Point ReferenceDistance

After we performed these calculations, we calculated average the Differences for Each
Joint : For each joint (same keypoint across multiple images), the average difference for all
points was calculate using Equation (12).

z

1

Average Apgint; = N
i

Apoint,i (12)

l
—

All calculations were conducted for every filter class, excluding those involving ro-
tational adjustments. For rotated images, a transformation matrix was utilized to update
the ground truth values, ensuring alignment with the respective rotation angles (90°, 180°,
270°). Following this, the absolute difference between the updated ground truth and the
corresponding rotation type was calculated. The averages for all X and Y landmarks
across all images were then computed. Similarly, the difference values were normalized
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by dividing by a reference distance. Additionally, the averages of all X and Y coordinates
for all images were obtained, and the Euclidean distance was determined using the same
approach as in the previous calculations.

3.4. Quality Assessment Models

To investigate the influence of various image qualities, we examined frequently used
pre-trained models for image classifying, particularly posture estimation. We utilized
and fine-tuned models such as ResNet50, ResNet152, DenseNet201, RotNet, and Mo-
bileNetV2 [53,54]. Following that, we conducted a more detailed evaluation. Once the best
classifier is found, it will be used to identify the image quality degradation origin. Based
on these classification results, a corresponding restoration algorithm is applied to revert
each degraded image to its original state.

To identify the most effective techniques used for restoring image quality, we will
examine commonly used techniques; especially those for enhancing the brightness level,
even increasing or decreasing it, fixing rotated images to their original state, and enhancing
the resolution of low-resolution images. These aspects will be evaluated using different
restoration methods to determine their effectiveness in restoring images to their original
state to be used for further analysis. To know a detailed overview of various restoration
techniques that we will use, the following section will be shown.

3.5. Image Restoration Approaches

After comparing the performance of our classifiers, we propose reversing the effect
of each applied filter to restore the filtered images to their original state. This approach
allows us to re-evaluate and compare the results before and after the restoration, providing
an indication of the error percentage. We evaluated many approaches for comparing
each filter’s influence and chose the most effective techniques based on quality or visual
assessment of the images and quantity assessment of real coordinates landmarks in CSV
files. We used Cloudinary in Section 2.3 and OpenCYV, both discussed in Section 2.3, for
brightness adjustments, FSRCNN for recovering low-resolution images, and naive image
rotate technique to restore image rotation.

We evaluate our results experimentally by applying all classifiers to the test dataset.
By knowing the prediction classes of each classifier’s test set, we reverse the applied filter
depends on each predicted class that enable a comparative study of the results before and
after the restoration.

3.5.1. Reverse Brightness

The following two procedures are used to reverse the impact of a brightness adjustment
level change whether increasing or decreasing that which has previously been applied to
the image. These methods in Section 2.3 focus on retrieving the true luminance and contrast
levels of the image, maintaining its quality while reversing the applied brightness changes.

Method 1: Cloudinary: This approach utilized is used to adjust the brightness levels of
an image by utilizing the Cloudinary image transformation engine [40] to make brightness
adjustments ranging from —100 to 100, where 100 represents highly lighted images and
—100 represents highly dark images. With this, this adaptive adjustment ensures proper
delivery of lighting and contrast by accurately setting the brightness factor as well as
maintaining image quality and integrity intact.

Method 2: OpenCV: [41] It controls brightness levels by implementing compensatory
adjustments. The function convertScaleAbs controls both brightness and contrast param-
eters, thereby controlling the overall luminosity of an image. A negative value of beta
is used to decrease brightness, and a positive value of beta is used to increase it. For
example, if an image’s brightness has been increased by +100, using a beta parameter of
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—100 will restore brightness to its original state. Alpha adjusts the contrast parameter,
and as there are no changes made to this contrast setting, it defaults to 1.0. It limits the
amount of brightness variations possible without compromising on the visual quality
of the image. Additionally, it allows brightness levels to change while maintaining the
quality of the image.

3.5.2. Reverse Low Resolution

We created a dataset with different classes in reference to different reduction percent-
age of resolution to aid in training our classifier. However, in the reverse effect application
scenario context, we suggested proposed to start work with resolution with reduction
percentage 66.7% alone as a representative sample to test objectives. In order to improve
these low-resolution images, FSRCNN [42,43] addresses the drawbacks of low-resolution
images by upscaling their resolution to three times that of the downsampled image.
This is a deep learning model that stands out for its lightweight and high efficiency
in creating super-resolution for single images. The approach was implemented using
the cv2.dnn_superres module of OpenCV. The procedure takes the submission of low-
resolution images with appropriate color formatting and applies the FSRCNN model to
triple the resolution. The enhanced images were then saved in a specified directory. This
approach successfully restored image resolution and demonstrated FSRCNN’s ability to
address quality decline in low-resolution datasets.

3.5.3. Reverse Rotation

In Section 2, we discussed the commonly used techniques and their restrictions, so we
chose the geometric transformation method, discussed in Section 2.3. After increasing the
image quality, the proper tool is used to reverse the degradation of image quality.

4. Experimental Results and Discussion
4.1. Classifiers Results

In terms of a preliminary study to analyze and compare experimental results of our
research, we develop a comprehensive series of experiments on the dataset using the
classifiers of ResNet50, ResNet152, DenseNet201, RotNet, and MobileNetV2; this mandate
was given in order to generate optimal results. This is very noteworthy, which is a key
part for the following evaluations. The initial settings of these pre-trained models were
used for our models then they were fine-tuned using our dataset to experiment with their
performance variations. This is done to identify the optimal models to get an idea regarding
the best performing models for the classification of these degraded images. Moreover, the
dataset for each classifier is partitioned into training, validation, and testing subsets, as
summarized in Table 2.

Table 2. Dataset split for different degradation types.

Degradation Type Number of Classes Images/Class Total Images Training Validation Testing Split (Train/Val/Test)

Brightness 7 8040 56,280 38,270 6754 11,256 68%/12%/20%
Resolution 5 8040 40,200 27,336 4824 8040 68%/12%/20%
Rotation 4 8040 32,160 21,869 3859 6432 68%/12%/20%

The findings will be given in the following manner: initially, all classifiers’ results will
be provided as they are shown in Tables 3-5 demonstrate the results of every classifier at
training and validation levels on three degradation factors, and then the best models of
deterioration will be chosen for future assessments.

In the following, the state-of-the-art RotNet model was proposed in [23]. Furthermore,
we proposed a tuned version of RotNet to fit the current dataset, and we call it tuned-
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RotNet. The results for Rotation indicate a high overfitting for DenseNet201 and a severe
overfitting for RotNet official, and a light overfitting for the tuned-RotNet, which suggests
that the high score models are ResNet152, MobileNetV2, and RotNet [23]; however, we
decided to compare MobileNetV2, RotNet, and tuned-RotNet. In addition, the top model
for brightness was MobileNetV2, while there is overfitting found in the ResNet152 model
and the DenseNet201 model has a lower overall accuracy. For low-resolution, as shown
in Table 5, MobileNetV?2 is selected as the best classifier, while all other models fail due to
severe overfitting.

We created a prediction for the test set in order to validate the outcome of our model
before proceeding with any additional experiments, during which we remain confident in
the prediction.

Table 3. Performance comparison of different classifiers for rotation-degraded images.

Model

Training Training | o Validation Validation Stopped at

Precision Recall F1-Score

Accuracy Loss Accuracy Loss Epoch No.

ResNet50 1.0000 0.0016  0.000010 0.9572 0.2118 77 09594 09594 0.9594
ResNet152 1.0000 0.0018  0.000010 0.9788 0.0789 74 09799 09799 0.9799
DenseNet201 0.9904 0.5565 0.000100 0.9236 2.3973 23 0.8518 0.8459 0.8460
MobileNetV2 1.0000 0.0003  0.000010 0.9777 0.1175 108 09786 0.9785 0.9785
RotNet Official 2  0.8470 0.3412  0.100000 0.6159 0.6992 250 0.7000  0.7000 0.7000
Tuned-RotNet 0.9869 0.0398  0.001000 0.9204 0.2698 20 0.9200  0.9200 0.9200

2 Data for RotNet Official reproduced from Gidaris et al. [23].

Table 4. Performance comparison of different classifiers for brightness-degraded images.
Model Training  Training , p  Validation Validation Stoppedat Precision Recall F1-Score

Accuracy Loss Accuracy Loss Epoch

ResNet50 0.9619 0.0882  0.000010 0.9109 0.3590 84 0.8978  0.8881  0.8889
ResNet152 0.9656 0.1187  0.000100 0.7210 1.2536 34 0.5662  0.5473  0.5479
DenseNet201  0.6605 0.7371  0.000100 0.5642 0.9305 54 0.5583 0.5462 0.5347
MobileNetV2  0.9509 0.1180  0.000010 0.9091 0.2753 83 0.9075 0.9030 0.9036

Table 5. Performance comparison of different classifiers for low resolution-degraded images.
Model Training - Training LR Validation Validation Stopped at Precision Recall F1-Score

Accuracy Loss Accuracy Loss Epoch

ResNet50 0.9948 0.0193  0.000100 0.8912 0.5730 46 0.8932  0.8894 0.8893
ResNet152 0.9924 0.0422  0.000100 0.7622 1.0796 54 0.7109 0.7070 0.7069
DenseNet201  0.9076 0.2753  0.000100 0.6928 0.9740 63 0.6775  0.6695 0.6699
MobileNetV2  0.9880 0.0322  0.000010 0.9320 0.2523 59 0.9415 09414 0.9415

With the importance of image classification, as this classifier is going to serve as
the backbone for applying HPE models, we tried to build a robust system for better
improvement of the accuracy of the model. The classifier will predict the class of the
degraded image, which tells what type of degradation occurs in that image. According to
its class and degradation type, different algorithms are applied to that image to restore it to
the original form. This makes the HPE model work optimally.

Our contribution started with a small-sized dataset and was built up by different trials
to 8000 images per class. We divided the classifier into three separate classifiers because
each one dealt with one particular degradation type. Because if all the degradation classes
are combined and tried as one single classifier, then the accuracy would be drastically
reduced, which is not required.
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We fine-tuned some other hyper-parameters, such as the learning rate, stochastic
gradient descent, L2 regularization, epoch, early stopping, and learning rate reduction, and
found that they further improved the model for better accuracy.

Additionally, we adopted the RotNet model in two ways: one was the official
model [23], and the proposed model that has some modifications was done in prepro-
cessing and changing hyperparameters in training by changing the handling of the dataset
before training the classifier to suit other pre-trained models. In that case, the tuned-RotNet
outperformed the official RotNet model.

Finally, we used MobilenetV2 for all degradation approaches since it gave the best
training and validation accuracies throughout. For rotation, brightness, and low reso-
lution, the accuracies of training were 100%, 95.09%, and 98.80%, while for validation,
the accuracies were 97.87%, 90.91%, and 93.20%. We also applied RotNet with its two
versions (Official and the tuned-RotNet) in addition to MobileNetV2 for the rotation
degradation approach.

To start running HPE models, we need to have a baseline or reference to compare with,
so ground-truth data were obtained by running the MP, OP, ALP HPE models directly on
non-degraded images without any degradation. All the detected joints from all images
were incorporated in the creation of the ground-truth; that is, all non-NaN values in both
X and Y coordinate information for all joints were utilized. The predictions in terms of X
and Y coordinates provide a reference against which all subsequent comparisons with the
degraded images are made. A reference is provided by this baseline through which one can
assess the effect image degradation has on model performance by viewing the differences
relative to the unchanged, non-degraded images.

The training and validation accuracy and loss curves of MobileNetV2 under brightness
Figure 4a,b resolution as shown in Figure 4c,d, and rotation Figure 4e,f degradations are
presented. In addition, Figure 4g,h illustrate the performance of the tuned RotNet under
rotation degradation. These figures complement the classifier results by demonstrating
stable convergence behavior and consistent performance across different degradation types.
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Figure 4. Training and validation performance of Classifier MobileNetV2 and Tuned RotNet across
different image degradation types. Each row presents accuracy (left) and loss error (right) plots for
MobileNetV2 under (a,b) Brightness, (c,d) Resolution, (e, f) Rotation, and for (g,h) Tuned RotNet
under rotation degradation.

4.2. Quality Assessment Models Performance

To accurately assess how image degradation and restoration techniques affect these
state-of-the-art HPE models, we ran trials of three types of degradation (brightness,
resolution and rotation) of each of the three state-of-the-art HPE models (MP, OP, and
ALP). An overview of the average normalized error over all three types of degradation.
This shows that rotation degradation has a larger effect on overall performance than both
brightness and resolution degradation, and that the restoration techniques exhibit vari-
able efficacy and have differing levels of success based on the nature of the degradation
and the HPE being used.

We then used the test set for each classifier to assess the effect before and after
reversing the filters or restoring the original state of the images and calculated the error
percentage before and after this restoration technique was performed. Moving on to
the comparison for low resolution, the results are presented in Figure 5 for MP, OP, and
ALP. While Figure 6a—c represent the results for MP, OP, and ALP for brightness for
MobileNetV2 classifier. However, for rotation, the results before and after restoration
are shown in Figure 7a for MobileNetV2, Figure 7b for tuned-RotNet, and Figure 7c
for Official RotNet. All of these results are achieved using the evaluation metric of
the normalized point divided by the reference distance, which is mentioned before
in Equation (11).
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Figure 5. Point divided by reference distance for classifier MobileNetV2 with degraded images
(Resolution) and after restoration using the MP HPE model.

The findings show that Cloudinary in Section 2.3 and OpenCYV, both discussed in
Section 2.3, have different strengths for various classes of brightness degradation in MP,
OP, and ALP. Although their overall efficacy is comparable, each approach performs better
in different situations. In MP, Cloudinary improves the outcome for the Decrease_110 class
by decreasing the average error from 1.1301 to 1.1095, whilst OpenCV does not. For OP,
Cloudinary improves performance in the Increase_80 and Decrease_110 classes by lowering
errors from 2.6000 and 3.1296 to 2.5477 and 3.1226, respectively. OpenCYV, on the other
hand, performs better in the Increase_80, Increase_90, and Increase_100 classes, with errors
reduced from 2.6000, 2.7278, and 3.2312 to 2.5224, 2.6049, and 3.1814, respectively. On the
other hand, for ALP Cloudinary improves the performance for Increase_100, Decrease_100,
and Decrease_110 to decrease the average error from 9.2801, 9.7274, and 9.9285 to 8.7318,
8.9525, and 9.7347, respectively. While for ALP using OpenCV, the results are improved on
Decrease_100 and Decrease_110 by decreasing the average error from 9.7274 and 9.9285 to
9.0813 and 8.6307, respectively.

As a conclusion, these results show that image quality restoration techniques cur-
rently in the process of being developed to improve image quality possess limitations,
which require further research and trails to achieve optimum solutions. However, when
considering the low-resolution degradation type, the application of FSRCNN yields
unfavorable results, as it significantly increases the average pose estimation error—from
0.1881 to 24.9770 for MP, from 2.0122 to 28.9446 for OP, and from 8.6625 to 34.3943 for
ALP, indicating that this enhancement method is far from beneficial in such cases. Hence,
it is an open challenge for all researchers to improve the results of FSRCNN algorithm or
propose new ones. Although there are different reduction percentages in our dataset to
promote diversity in classifier training, a reduction percentage of 66.7% was selected as
an example to allow investigating its complex consequences. This was done in order to
maintain a clear and concise analysis.

Furthermore, the understanding that a large portion of the current research is pred-
icated on a limited range of reduction percentages, potentially limiting its applicability
in various contexts, provides justification for the development of distinct resolution re-
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duction percentages. In addition, note that the average error rate for all three models
for Brightness and Low Resolution shows that MP, OP, and ALP come in this order from
minimum average error values to maximum average error values. Also, with regards to
rotation degradation type, each of the classifiers, which are MobileNetV2, RotNetOfficial,
and Tuned_RotNet was tested independently before and after application of the restoration
process. This was due to the separate test sets related to each rotation class present for
every classifier, which meant that there were no shared test sets between models. Thus, we
tested the restoration process by testing each individual classifier over relevant degraded
images followed by another test after application of the restoration process in an attempt to
rectify the degradations. Interestingly, rotation did not contribute any improvements to
MP in all three classifiers.
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Figure 6. Point divided by reference distance for classifier MobileNetV2 with degraded images
(Brightness) and after restoration using different HPE models (a) MP, (b) OP, and (c) AlphaPose.
(a) MobileNetV2 with degraded images (Brightness) and after restoration using the MP HPE
model; (b) MobileNetV2 with degraded images (Brightness) and after restoration using the OP
HPE model; (c) MobileNetV2 with degraded images (Brightness) and after restoration using the
AlphaPose HPE model.
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Conversely, in OP, all three classifiers showed improvements in both the Rotate_90 and
Rotate_270 classes. While in ALP, there is no impovement in any rotation class, but overall
the average error rate is smaller than the average error rate for MP and OP, which indicates
the ALP is worked well in detecting landmarks in accurate way. Specifically, MobileNetV2
reduced its error from 22.5590 to 20.5914 for Rotate_90 and from 21.8237 to 19.0651 for
Rotate_270. Similarly, rotation showed improvement with error rates reducing from 20.4381
and 20.2862 to 19.9548 and 19.3323, respectively. Similarly, Tuned_RotNet also showed
improvements with reduced error from 21.9426 and 19.7584 to 19.7533 and 19.1890. From
these observations, MobileNetV2 boasted the best restoration, followed by RotNetOfficial
then Tuned_RotNet. These findings illustrate the practical significance of HPE detection
even under degraded image settings, demonstrating the ability of restoration approaches
and strong classifiers to retain consistent performance.

B OP - Degraded I AlphaPose — Degraded B MP - Degraded B OP - Degraded I AlphaPose — Degraded
[ OP - After i . Alpl — After i N MP - After Restoration ~ F  OP - After i . Alpt — After

354

2935 30.20

301

254
21.89 2171

2044 .
19.95 10.33

204

154

Normalized Point

104

180° 270° 90° 180° 270°
Rotation Type Rotation Type
(a) MobileNetV2 (b) Official RotNet
=== MP - Degraded === OP - Degraded mmm AlphaPose — Degraded
N MP - After Restoration s OP — After = Alp — After

35

30 2871

21.43 21.96 2194
19.75

Normalized Point

Rotation Type

(c) Tuned RotNet

Figure 7. Point divided by reference distance for classifiers (MobileNetV2, Official RotNet, and Tuned
RotNet with degraded images (Rotation) and after restoration using different HPE models (MP, OP,
and ALP) in each subfigure of: (a) MobileNetV2, (b) Official RotNet, and (c) Tuned RotNet.

Our proposed model is analyzed against the state-of-the-art in [23] as a comparative
basis for rotation operations. There, 50.37% and 89.76% accuracy in image classification
using five and two convolutional layers, respectively, is reported. The works reported
89.06% accuracy in classification for CIFAR-10 as in angles of 0°, 90°, 180°, and 270° with
image rotation detection. During our research, we used the same source code but modified
data preprocessing operations such as augmentation operations as RandomResizedCrop,
RandomHorizontalFlip, and CenterCrop. We also employed the Adam optimizer for
playing with a learning rate value of 0.001 and used StepLR to decay it with a decimation
value of 0.1 every five epochs. With these enhancements, the achieved training accuracy
and the validation accuracy were 98.96% and 92.04%, respectively. On the other hand, with



Information 2025, 16, 970

24 of 32

no changes regarding these in our source code with our dataset, in both experiments the
accuracies in training and validation were 84.70% and 61.59%, respectively.

Finally, we take all the degraded images and apply restoration techniques to them.
We present the results for each HPE model (MP, OP, ALP) for each degradation approach,
comparing between before and after restoration. We provide for each degraded type the
evaluation criteria, which is the average of points divided by reference distance.

In addition to quantitative measurement showing changes in landmark detection be-
fore and after restoration techniques are applied, validation is also incorporated with visual
inspection of detected landmarks of running HPE Models MP , OP, and ALP. Verification
can be done by superimposing landmarks on images or by checking their coordinates
as saved in a CSV file. The restoration technique is considered effective with respect to
this is when the HPE model detects and outlines landmarks with improved accuracy
after restoration.

Before restoration, the applied degradations significantly reduce the model’s accuracy,
sometimes making it impossible to detect landmarks. However, once the degradation is
reversed, the model’s ability to identify and outline landmarks improves, often closely
resembling the original image, although accuracy may still vary across different cases. The
actual run time for all types of degradation, before and after restoration, is presented in

Figures 8-11.

(c) (d)

(8) (h)

(k) o

Figure 8. Comparison of brightness increasing degradation and restoration across HPE models. Each

row shows original, degraded, and restoration results using Cloudinary and OpenCV for (a-d) MP,
(e-h) OP, and (i-1) ALP. (a) MP: Original; (b) MP: Degraded; (c) MP: Cloudinary (after restoration);
(d) MP: OpenCV (after restoration); (e) OP: Original; (f) OP: Degraded; (g) OP: Cloudinary (after
restoration); (h) OP: OpenCV (after restoration); (i) ALP: Original; (j) ALP: Degraded; (k) ALP:
Cloudinary (after restoration); (1) ALP: OpenCV (after restoration).

The visual results, which are the actual output at the run time, illustrate how different
types of degradation impact the performance of the HPE models MP, OP, and ALP. As seen
in Figure 8b,f,j for brightness increase, Figure 9b,{,j for brightness decrease, Figure 10b,e,h
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for resolution reduction, and Figure 11b,e,h for rotation 180 as a sample for rotation degra-
dation type, whether all landmarks are detected or not, the comparison is always made
against the original images as ground truth techniques. Figure 8c,d,g,h k1 for brightness
increase, Figure 9¢,d,g,h k1 for brightness decrease, Figure 10c¢ f,i for resolution reduction,
and Figure 11c,fh for rotation show that use of these restoration techniques has resulted in
a significant improvement in accuracy of HPE models MP, OP, and ALP. Although not all
such output from these models is consistently identical with the original image (ground
truth), there exist cases where restored images actually outperform ground truth. That fact
is recognized as having great value, as it sets a benchmark for future researchers seeking
further precision improvements within this area. However, Figures 12 and 13 depict the
overall performance in three HPE models (MP, OP, and ALP) for resolution, brightness,
and rotation) using MobileNetV2 classifier’s test set.

(b)

(8)

() (k) o

Figure 9. Comparison of brightness decreasing degradation and restoration across HPE models. Each
row shows original, degraded, and restoration results using Cloudinary and OpenCV for (a-d) MP,
(e-h) OP, and (i-1) ALP. (a) MP: Original; (b) MP: Degraded; (c) MP: Cloudinary (after restoration);
(d) MP: OpenCV (after restoration); (e) OP: Original; (f) OP: Degraded; (g) OP: Cloudinary (after
restoration); (h) OP: OpenCV (after restoration); (i) ALP: Original; (j) ALP: Degraded; (k) ALP:
Cloudinary (after restoration); (1) ALP: OpenCV (after restoration).

Figure 10. Cont.
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(g) ALP: Original (h) ALP: Degraded (i) ALP: Restored (FSRCNN)

¥ i

Figure 10. Comparison of low-resolution degradation and restoration across HPE models. Each row
shows original, degraded, and restored images using FSRCNN for (a—c) MP, (d—f) OP, and (g—i) ALP.

(a) MP: Original (c) MP: After restoration

(d) OP: Original (e) OP: Rotated_180 Degraded (f) OP: After restoration

Figure 11. Cont.
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(g) ALP: Original
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(h) ALP: Rotated_180 Degraded

(i) ALP: After restoration

Figure 11. Performance of rotation 180 degree degradation type across HPE models. Each row shows:

original image, degraded image, and restoration result. (a—c): MP; (d—f): OP; (g-i): ALP.
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Figure 12. Performance comparison of three HPE models (MP, OP, and ALP) under resolution and

brightness variations using MobileNetV2 classifier’s test set.
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Figure 13. Performance comparison of three HPE models (MP, OP, and ALP) under rotation variations
using MobileNetV2 classifier’s test set.

5. Limitation

The analysis of the HPE models (MP, OP, and ALP) reveals significant errors, indicating
that degradation factors such as low resolution, brightness variation, and rotation critically
degrade the performance of HPE models when applied to degraded datasets compared to
non-degraded datasets. Moreover, the results substantiate the effectiveness in restoration
through comparisons between before and after-restoration performance. In terms of bright-
ness degradation, Cloudinary in Section 2.3 demonstrates notable effectiveness, particularly
in minimizing errors for MP when brightness is reduced especially in the Decrease_110
class. For OP, Cloudinary shows strong performance in the Increase_80 and Decrease_110
classes, while OpenCV outperforms in Increase_80, Increase_90, and Increase_100. While
for ALP, Cloudinary shows the increase of the performance in Increase_100, Decrease_100,
and Decrease_110 and for OpenCV, performance gains are observed for the improvement
for Decrease_100 and Decrease_110. This indicates that the effectiveness of each method is
limited to specific brightness classes, which in turn restricts the overall robustness of HPE
detection under varying brightness conditions.

Regarding rotation degradation, all classifiers—including Tuned_RotNet, RotNetOf-
ficial, and MobileNetV2—fail to improve performance for MP and ALP. However, for OP,
improvements are explicitly clearly observed in the Rotate_90 and Rotate_270 classes.
MobileNetV2 yields the most substantial error reductionachieves the most significant
reduction in error, followed by RotNetOfficial and then Tuned_RotNet. In addition,
the average error rate for ALP is smaller than MP and OP even if there is no improve-
ment before and after restoration but the small average error indicates that the model
works largely almost good in detecting more landmarks than MP and OP. Again, the
performance gains are constrained to particular rotation classes, emphasizing the class-
specific nature of each method’s success and underscoring a key limitation in the model’s
generalizability of HPE detection.

Conversely, in the case of resolution degradation, applying FSRCNN leads to a dra-
matic increase in error for all models MP, OP, and ALP, suggesting that the restoration
technique is ineffective and even detrimental in low-resolution scenarios. These findings
underscore that while restoration methods and classifiers can be effective, their benefits are
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often confined to specific degradation types and classes, which limits the overall consistency
and reliability of HPE detection systems.

For assessing whether restoration actually reduces the average error in the perfor-
mance of the HPE models, a comparison in the performances before and after the restoration
of degraded images were performed. Predicting landmarks to be as exact as possible in de-
graded images also means our target is to establish how restoration improves the prediction
to at least show its effectiveness.

There are many issues with the existing approach, especially in the repair process.
However, black padding added in the process of restoring the rotated image to its original
location could negatively influence the landmarks’ localization. On brightness changes,
as already stated in the case of Cloudinary in Section 2.3 or OpenCYV, both discussed in
Section 2.3, they are worked well for certain types of brightness degradation; however,
they now do not follow for the others. Further adjustments need to be made to cover
beyond the original class and also increase the accuracy. Likewise, for low-resolution
images, improvements should be performed on the algorithm, so that it could support
more scaling variations since most algorithms currently apply with fixed-scale variations
like two, three, and four times, which limits its adoption. Moreover, its performance
against is much worse than the brightness and rotation.

6. Conclusions and Future Work

HPE is becoming increasingly important in fields such as healthcare, sports, security,
and virtual reality applications. In HPE, prediction of the landmarks has to be precise,
since all the processes following rely on this fundamental step. Primary factors influ-
encing major factors observed in affecting HPE models include brightness, resolution,
and rotation.

A new dataset was introduced, which, for the first time, included degraded images—a
previously overlooked dimension in this research area, and a factor overlooked until now
in the field. Thereafter, classifiers were developed for identifying the type of degradation
in an image, and restoration algorithms were applied accordingly for each unique
degradation type. Then, the restored images were evaluated using the HPE models,
MP, OP, and ALP, before and after the restoration process to analyze the improvement
in performance.

Our experiments indicate the possibility of improving the restoration efficacy by
employing rotated images; however, we did notice minor padding artefacts in the
restored images, indicating a clear avenue for subsequent refinement suggesting an
obvious potential for further improvement. While successful performance was obtained
for cases with brightness and low-resolution degradations, the performance was not
consistently achieved for all conditions, thus opening the door for further optimizations.

We look forward to future research activities that will require an exhaustive study
of the algorithms used for reconstructing degraded images, along with an exploration
of other types of degradation not considered in this work. In addition, the algorithms
introduced show limitations in the detection of full joints in all cases; thus, there is an
increasing imperative need for improved methodologies in the field of multi-person
detection. Although models like MP achieve acceptable performance in single-person
cases, they underperform in multi-person settings, while ALP achieves high performance
in detecting single or multi-person images.Therefore, it becomes necessary to create
new concepts intended to resolve these issues, especially with the aim of improving the
performance of HPE models.
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