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Abstract
In this study, we focus on recent developments in the use of artificial intelligence (AI) and deep learning
for fitness movement assessment and human pose estimation. The incorporation of AI techniques has
become important in fitness tracking; therefore, methods such as convolutional neural networks and pose
estimation models, including PoseNet and ConvNeXt, are increasingly utilized. Identified article topics are
based on 2D and 3D pose estimation methods, real-time feedback technology, and augmented reality
implementation plans. We also state that these technologies can be used to correct exercise postures,
prevent injuries, and, generally, augment all fitness-related exercises because of accurate real-time
feedback. The survey is rounded off with a focus on mobility and issues concerning it, while also extending
the reach towards mobile-based applications.

Categories: AI applications, Expert Systems, Health Informatics
Keywords: deep learning, human pose estimation, convolutional neural networks (cnn), 2d/3d pose estimation, pose
correction

Introduction And Background
Introduction
The average blending of artificial intelligence (AI) with fitness has led to the adoption of technologies that
seek to optimize workout experience. For instance, real-time body posture correction, human pose
estimation or movement appraisal, and real-time pose correction have been the main areas for
implementing deep learning techniques. Since physical fitness can be easily assessed and controlled with
the help of portable gadgets and augmented reality (AR) technologies, increased accuracy in the
assessment and timely correction [1] of movement in the course of training is possible, which is quite
promising for users and trainers.

Human pose estimation [2], where the goal is to localize certain joints in images or videos, has turned out
to be an essential component of fitness apps. For movement analysis, both 2D and 3D pose estimation
models have been used with postural and technique feedback provided to the user. Recent developments
of convolutional neural networks (CNNs), including PoseNet [3] and ConvNeXt [4], among others, make it
possible to identify positions of the human body and draw body maps on the scene even on low-memory
devices such as the mobile platforms.

Here, in this paper, we discuss and review the advanced deep learning methodologies for fitness
movement assessment and pose estimation. The techniques in human pose recognition [5] provide real-
time feedback, along with the roles of fitness, with special emphasis on ways to prevent exercise
adherence issues and enhance form. This survey also explores the utilization of AR and mobile
technologies in advancing fitness and extending its interactivity. Finally, we discuss the possible
limitations and future research directions in this rapidly growing field.

Background and related work
The applications of deep learning in fitness applications have improved the ability to identify movements
and estimate poses enormously. Monitoring of physical activity, assessment of movements, and postural
adjustments are some of the roles previously played by fitness trainers and instructors [6], which have now
partly shifted to AI-based solutions. This section offers a review of the fundamental of deep learning
approaches encompassing human pose estimation and movement assessment in fitness applications.

Deep Learning in Fitness

Some sub-branches of deep learning such as CNNs have been found useful in the identification and
categorization of human motions in fitness facilities [7]. It is worth mentioning that CNNs are intended to
learn features of the images or the frames of the videos on their own, which makes them suitable for pose
estimation, action recognition, etc. It is capable of learning large inputs about human motion and then
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recognizing specific patterns [8] in the input data.

Human Pose Estimation

Human pose estimation is a computer vision where one is able to point out the landmarks on the human
body in the form of joints or movement in images or videos. Therefore, based on a certain type, the
different pose estimation models can be classified under 2D and 3D. Pose estimation models can be
categorized into 2D and 3D approaches:

2D pose estimation: In 2D pose estimation, models detect keypoints in the 2D plane of an image,
identifying body parts such as elbows, knees, and shoulders. These models, like PoseNet, are lightweight
and widely used in mobile and web-based applications due to their efficiency. PoseNet [9] has been
successfully applied in fitness applications where real-time correction of posture is essential.

3D pose estimation: More advanced 3D pose estimation models predict the spatial (3D) arrangement of
key body points, allowing for more precise analysis of movement. For example, ConvNeXtPose, a model
described in the study by Newell et al. [10], offers higher accuracy by mapping joints in 3D space. This
technique is more computationally intensive but opens new possibilities for fitness applications, such as
tracking complex movements and offering in-depth feedback through AR.

Real-Time Feedback in Fitness

The ability to provide real-time feedback is a major advantage of deep learning in fitness. Real-time pose
estimation systems allow users to receive instant corrections on their posture during exercises. For
instance, the Fitness Tutor system [11] uses PoseNet to match users' exercise postures with reference
images of trainers. This system enables users to receive corrections on body positioning without
assistance from another person, enhancing performance during home exercises. Such real-time feedback
options make it easy to participate in fitness training without exercise trainers, ensuring that users are
attended to in real-time, even when exercising remotely or at home.

AR and Mobile-Based Applications

AR is among the most viable areas of fitness where pose estimation will be effective. AR fitness
applications, such as those designed with the help of ConvNeXtPose [12], allow users to overlay guides or
avatars on top of their workout videos in real-time. These applications provide an excellent way to offer
feedback to users regarding their form, enabling real-time corrections through an interactive medium.
The synergy of AR and deep learning pose estimation presents considerable opportunities for enhancing
user interaction, exercise adherence, and workout correctness without the need for expensive equipment.
Also, some fitness technology applications are now being developed for mobile platforms. Recent deep
learning models, including OpenPose [13] and ConvNeXtPose, have been proposed for mobile devices due
to their efficient computational requirements. Despite being lightweight, these models provide sufficient
accuracy for real-time feedback, making it easier for users to access fitness tools on the go.

Existing Fitness Evaluation Systems

Several deep learning-based systems for the evaluation of fitness movements have been discussed in this
paper. He et al. [14] proposed a system using CNNs to classify movements and offer relevant scores to
users. This system enables users to track changes over time and provides feedback on their movement
profiles [15]. Similarly, Ueta [8] presents an AR application that estimates the user's pose and gives
instantaneous feedback during exercises.

These systems demonstrate that, along with continuous advancements in deep learning, fitness
technologies allow for accurate movement assessment and the creation of new fitness programs based on
users' records [16].

Review
Key techniques for pose estimation and movement evaluation
In fitness applications, human pose estimation and movement evaluation were done in a traditional way,
but now deep learning methods, especially CNNs, have changed how it is done. This section addresses
some of the most critical approaches that include CNNs, pose estimation techniques both in 2D and 3D,
real-time feedback system, and ARs, with the main focus being mathematical applications [17] that
provide the basic foundation for these technologies.

Convolutional Neural Networks
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CNNs are an essential part of the human pose estimation systems. These networks pass a sequence of
convolutional filters that help in extracting relevant features when it comes to modeling the joints of the
body in images or even videos [18]. The general operation of a CNN can be expressed as follows:

 

where the parameters are detailed as follows:

z(l): The feature map at layer l. This represents the processed information at the current convolutional
layer and serves as the input for the next layer.

W(l): The weight matrix at layer l This represents the learned features. These weights are adjusted during
training to help the model learn spatial hierarchies in images.

∗: Convolution operation, where the input z(l − 1) is convolved with the filter W(l), producing a feature
map for the next layer. The convolution operation is key to detecting patterns in images that correspond
to human joints.

z(l−1): The feature map from the previous layer. It serves as input for the current convolutional layer and
holds essential spatial information about the image.

b(l): The bias term, added to the result of the convolution to help the model learn more complex features.
It ensures that the activation function can adjust more flexibly.

σ: The activation function (e.g., ReLU), applied to the output of the convolution. This introduces non-
linearity, which is essential for the model to learn complex relationships in the data.

Comparison of existing 3D pose estimation techniques
Several techniques are used for 3D pose estimation, each with varying accuracy, computational
complexity, and robustness. The main categories include traditional optimization-based approaches, deep
learning-based models, and hybrid methods.

Traditional Optimization-Based Methods

These methods rely on geometric constraints and handcrafted features to estimate 3D poses [16].

Examples: Perspective-n-Point (Figure 1) and Bundle Adjustment.
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FIGURE 1: Perspective-n-Point Pose Computation
OpenCV: Perspective-n-Point pose computation, www.bharatagritech.com

Advantages:

1) Interpretable and mathematically grounded

2) Works well with limited data

Disadvantages:

1) Prone to errors due to occlusions and ambiguities

2) Less effective in complex real-world scenarios [19]

Deep Learning-Based Methods

These methods leverage CNNs or transformer-based architectures to learn pose representations from
large datasets.

Examples: OpenPose (Figure 2), PoseNet [5], High-Resolution Networks, and Graph Convolutional
Networks (Figure 3)
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FIGURE 2: OpenPose Estimation
https://aienthusiastic.com/use-openpose-with-controlnet-and-its-editor/

FIGURE 3: Graph Convolutional Network
Layers in a graphical flow, with connections between them. Source: ResearchGate

Advantages:

1) High accuracy due to large-scale learning

2) Robust to occlusions and variations

Disadvantages:

1) Requires large amounts of annotated training data

2) High computational cost

3) Pose estimation models

Hybrid Methods

Combining optimization-based and deep learning approaches can lead to more robust and efficient
solutions.
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Examples: Deep kinematic priors [12] and physics-informed models

Advantages:

1) Improved generalization across different datasets

2) Incorporates domain knowledge for better accuracy

Disadvantages:

1) Can be challenging to balance computational efficiency and model performance

Pose estimation
In 2D pose estimation, models detect human joints in the image plane ( xi, yi) for each joint.

Pose estimation can be framed as a regression problem, where a deep learning model is trained to predict
the joint locations. The loss function for 2D pose estimation is typically based on the mean squared error
between the predicted joint coordinates:

, : The ground truth coordinates of the i-th joint in the image.

, : The predicted coordinates of the i-th joint.

N: The total number of joints being predicted.

This loss function quantifies the error between the predicted and actual joint coordinates. The goal is to
minimize this error to improve the model’s accuracy in joint location prediction.

Real-Time Movement Evaluation

Real-time feedback is essential in fitness applications to help users correct their form immediately. This
feedback loop calls for the use of pose estimation models that will be in a position to analyze data and
produce a feedback [20] within milliseconds. A study proposed a Fitness Tutor system that tracks body
movements using the PoseNet model [21] and offers corrective feedback in real-time. The system
minimizes the error in body joint positions between the user and a reference posture through a form of
real-time error minimization, which can be expressed as:

: The position of the i-th joint at time t in the user’s real-time pose.

: The reference joint position at time t from the ideal posture.

: The total error between the user’s and the reference pose, calculated for each joint over time.

This error helps track deviations from the ideal posture, providing immediate feedback for corrections.

Table 1 presents a comparative overview of pose estimation models, PoseNet, OpenPose, HRNet [22], and
BlazePose, used in fitness applications. It highlights their key features, advantages, and limitations. This
comparison helps in understanding the trade-offs between accuracy, efficiency, and hardware
requirements for each model.
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Model Type Description Advantages Limitations

PoseNet 2D
Utilizes convolutional neural networks to estimate
human poses from images.

Lightweight; suitable for
mobile applications.

Limited accuracy in complex
poses.

OpenPose 2D
Detects multiple person poses in real-time using part
affinity fields.

High accuracy; real-time
multi-person detection.

Computationally intensive;
requires powerful hardware.

HRNet 2D
Maintains high-resolution representations through the
network for precise pose estimation.

High accuracy; robust to
occlusions.

High computational cost;
complex architecture.

BlazePose 2D
Designed for mobile devices; provides real-time pose
estimation.

Optimized for speed; efficient
on mobile platforms.

May sacrifice some accuracy for
efficiency.

TABLE 1: Comparison of Pose Estimation Models in Fitness Applications

AR Applications

AR has been identified as ideal for enhancing the fitness experience since it incorporates real-world views
with information superimposition [23]. In fitness, AR applications use pose estimation models to provide
users with immediate feedback by placing reference poses or skeleton videos on the user's screen. In the
study by Srijeyanathan et al. [24], a real-time application of skeletonization is presented, where 3D pose
estimation, termed human pose estimation, is used to give real-time feedback on users' movements. The
system calculates the discrepancy between the user's joints and the target joints using a cost function:

 

It plays a critical role in evaluating and refining human pose estimation models in fitness applications.
This formula measures the Euclidean distance between the predicted and ground-truth joint positions in
3D space, providing an error metric that helps optimize the pose estimation model.

, , : The ground truth coordinates of the i-th joint in 3D space.

, , : The predicted coordinates of the i-th joint in 3D space.

N: The total number of joints being predicted.

The 3D pose estimation model evaluates the discrepancies in all three spatial dimensions, helping to
assess more complex, realistic movements during exercises.

Importance of cost function
Captures Full-Body Movements

Unlike 2D pose estimation [7], which only considers x and y coordinates, this function accounts for depth
information (z), making it more robust for real-world movement assessment in fitness applications.

Precision in Fitness Form Correction

By quantifying the difference between the user's posture and the ideal form, the model can provide real-
time feedback, allowing users to adjust their movements and minimize the risk of injuries.

Optimization of Pose Estimation Models

The function serves as an objective criterion for training deep learning models [1], enabling them to learn
from errors and improve accuracy over time. Lower D values indicate that the model is performing well in
tracking human movements accurately.

Generalization Across Exercises

Whether it is yoga, strength training, or rehabilitation, this function helps evaluate complex motions
where alignment, depth, and joint coordination is crucial.
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Review methodology
The process through which the present studies were selected and evaluated was developed to provide a
clear and balanced picture of deep learning in fitness pose estimation and movement assessment.

Search Strategy

Searches were conducted on online databases such as as Google Scholar, IEEE Xplore, PubMed, and
Scopus. The keywords used in the search were ‘human pose estimation’, ‘deep learning fitness’, ‘real time
feedback’, ‘AR fitness’, ‘positional analysis’, and ‘preventing injury through pose estimation’.

Inclusion Criteria

1) Papers published in journals and conferences within the last decade, between 2013 and 2023.

2) Current work revolved around deep learning algorithms used in human pose estimation and the
evaluation of human movements, specifically for fitness.

3) Research articles that involve real-time feedback paradigms, AR applications, or mobile fitness systems
using pose estimation methods.

4) Research papers and case studies describing experiments and applications more precisely for the
accuracy of human pose estimation and its consequences for fitness or in cases of preventing an injury.

Exclusion Criteria

1) Works that focus on approaches other than deep learning for pose estimation.

2) Generally, papers not specifically related to fitness applications, such as those on gaming or robotics.

3) Peer-reviewed studies that could not be accessed in full-text searches or were behind paywalls.

4) Submissions that cannot be peer-reviewed, including white papers, abstracts, or conference papers.

By applying these inclusion/exclusion criteria, this review aims to include the most recent, high-quality
studies that offer the most up-to-date analysis of recent developments in deep learning-based pose
estimation and movement assessment for training exercises.

Critical analysis and expanded literature review
Despite being in its nascent stage, the literature for deep learning in fitness pose estimation and
movement assessment has surged. In this section, the descriptions of the research studies themselves will
be offered to those readers who seek more nuanced criticism of the studies reviewed herein.

Deep Learning Models for Pose Estimation

The review highlights several related studies demonstrating that CNN-based models are efficient for pose
estimation in fitness applications. For instance, PoseNet and OpenPose have become the most
conventional structures for 2D pose estimation, achieving accuracies significantly better than traditional
models. However, many of these models are limited by short training sequences and cannot effectively
apply to specific exercises such as yoga or dancing [7]. It is suggested that future work should address
these limitations by incorporating larger datasets that include various exercise forms and body types.

Real-Time Feedback Systems

Several papers (for instance, Wang et al. [6]) show the effectiveness of applying real-time feedback for the
correction of posture in fitness environments. However, one of the issues of these systems is the conflict
that can exist between accuracy and performance. Some of the models offer very good feedback, but they
have high resource utilization and hence not advisable for portable user devices. The future models have
to strike a balance between high accuracy and real-time necessity.

Applications of deep learning in fitness
Deep learning has been applied in the fitness industry and has proven to enhance the practice and
documentation of exercise routines. This section discusses five major deployment areas: correction of
movement [25] in fitness, real-time feedback applications, AR, and mobile fitness. All of these areas adopt
deep learning-based pose estimation and assessment models.
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Fitness Movement Correction

Perhaps one of the most typical uses of deep learning advancements in fitness is movement correction on
autopilot. When it comes to exercise performance, pose estimation models integrated into deep learning
systems can identify small distortions in a user’s posture during exercises and provide immediate feedback
on correct performance. This can be especially useful for those training at home or without a trainer.

The Fitness Tutor system shows how pose estimation can assist users in adopting the correct posture. The
system takes a picture of the user, then superimposes the preferred posture [26] on it, highlighting areas
that need correction in real-time. This system is facilitated by a 2D pose estimation model named
PoseNet, which identifies key points on the body and checks whether they are correctly aligned with the
reference posture.

As a second use case, CNN-based models are applied to recognize movements and assign a score to the
user's form during exercise. This score helps users identify gaps in their fitness movements that need
improvement and provides a fact-based evaluation.

Real-Time Feedback Systems

Real-time feedback is crucial in fitness apps as it enables users to adjust their form during specific
workouts, reducing the chances of injury and increasing the effectiveness of their workouts. Real-time
analysis, tracking of body movements, and providing feedback in the same live feed [27] are tasks that
deep learning models can accomplish. Real-time fitness evaluation systems operate similarly to the
system described in the work by Chen et al. [2], comparing the user's posture frame by frame to the ideal
movement using deep learning algorithms.

Also, users' posture during yoga and workout exercises is tracked with the help of real-time pose
estimation in the Fitness Tutor system. Since such systems constantly compare the user's pose to a
reference and prompt necessary corrections, workout accuracy is improved even without human guidance.

Mobile Fitness Applications

The use of mobile devices has continued to advance due to their portability and flexibility, spurring the
creation of fitness applications with deep learning models to estimate a person's pose and the quality of
their movements. These applications allow users to monitor their fitness, track their progress, receive
real-time feedback, and correct their mistakes with the help of their smartphones.

Models such as BlazePose [28] and ConvNeXtPose have been adapted for mobile devices, enabling pose
estimation algorithms to be executed without the need for substantial computational resources. Fitness
applications on smart mobile devices can record a user's motion in real-time and make corresponding
recommendations [29]. This has made deep learning-based fitness tools accessible to many people,
especially those who prefer exercising at home or outdoors.

Injury Prevention and Rehabilitation

There are also methods using deep learning models to protect people against injuries and assist with
rehabilitation by ensuring that exercises are performed with proper body positioning. Poor mechanics
while exercising can lead to overuse injuries, which is why addressing these issues early is crucial. Many
applications have built-in pose estimation [30], allowing them to inform users about their posture and
suggest modifications to minimize stress on joints and muscles.

In rehabilitation environments, deep learning models can monitor patient movements and ensure that
physical therapy exercises are performed correctly. These systems provide feedback and adjustments to
help patients recover from injuries and avoid causing further harm to themselves.

Challenges and limitations
Although deep learning has brought significant improvements to fitness applications through pose
estimation and real-time feedback, several problems and drawbacks remain. These concerns impact the
efficacy, usability, and feasibility of such systems, especially in real-world conditions. The section below
discusses some of the major challenges related to data requirements, efficiency, accuracy, and more.

Data Requirements

Pose estimation, in particular, is a vital application of deep learning models that require extensive
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volumes of accurately labeled data with diverse variations. Human pose estimation models need large
amounts of data containing multiple poses and variations in body structure, background, and illumination.
For instance, research papers discussing the training of these systems often highlight that they work well
with curated images of fitness models, which have been prepared with considerable data enhancement
and labeling.

Gathering such accurate datasets is time-consuming and expensive, and the data must incorporate as
many human motions as possible to achieve generalization. Datasets like COCO or Human3.6M [12] are
more suitable for 2D and 3D pose estimation [10]; however, a particular fitness movement or the number
of samples can be insufficient, thereby limiting the model's application across different exercises.

Generalization Across Body Types and Movements

One of the key challenges in fitness applications is ensuring that deep learning models generalize well
across different body types, ages, and fitness levels. Most pose estimation models are trained on datasets
with limited variability, meaning they may not perform equally well for all users. Variations in height,
weight, body shape, and flexibility can affect how well the model detects key body joints, particularly in
complex fitness movements.

The study on human pose estimation also notes that achieving high accuracy in recognizing diverse
fitness poses remains a challenge. Fitness apps that rely on these models may fail to provide accurate
feedback if the model is not fine-tuned for various body types or if the user performs non-standard
movements. For example, exercises like yoga or pilates, which involve intricate postures, may be harder to
assess accurately without extensive training data for those specific movements.

Accuracy vs. Efficiency Trade-Offs

There is often a trade-off between the accuracy of a deep learning model and its computational efficiency.
Highly accurate models, such as those used for 3D pose estimation [10], require more processing power
and memory, making them less suitable for real-time use on mobile devices. A fitness movement
evaluation system that incorporates efficiency in its CNN-based system may be highly effective but not as
accurate for detailed evaluations, as it may take a lot of time to complete complex assessments.
Meanwhile, lightweight models such as PoseNet excel in speed performance but are less accurate when
identifying specific poses or working with occlusions or low-resolution inputs. Achieving the right balance
between these factors remains a considerable challenge, especially in mobile and real-time applications
where users expect speedy results in a small memory space.

Future scope
The future of deep learning in fitness holds significant promise, with a lot of scope for potential
advancements:

Enhanced Data Collection and Diversity

The next steps should focus on expanding datasets to cover a greater diversity of fitness movements,
human body types, and conditions. Expanding new fitness-specific datasets that provide detailed
description of exercises such as yoga, pilates, and strength training will help improve model feedback
across a wider range of activities.

Integration With Wearable Devices

Additional physiological data from wearable sensors mounted on the human body can enhance any pose
estimation models by including muscle activation, joint angles, and heart rate data. Integration of deep
learning [11] with the movement data from sensors could help in the detailed analysis of movements,
which could assist in the prevention of injuries and better rehabilitation.

Personalization and Adaptation

Future fitness applications should use adaptive learning to adjust according to the user's progress and
exercise goals. This probably means that these systems could provide more personalised and thus
potentially more efficient workouts by adjusting training schedules and correction feedback in real time.

Extended Use of AR and VR in Fitness

With deep learning integrated with AR and VR [8], it is possible to enhance fitness by providing engaging
experiences. Future systems can create virtual environments where users interact with virtual trainers,
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receive feedback on their positions, and correct them on the spot. Additionally, users can track their
progress in a virtual gym.

Expanding the Scope of 3D Pose Estimation

Although significant progress has been made in 3D pose estimation, providing increased accuracy in
fitness movement analysis, future research could focus on incorporating 3D motion capture and
biomechanical analysis techniques to enhance the understanding of movements. Additional
advancements that could intensify these improvements include the creation of real-time 3D models that
occupy reasonable space on mobile devices while maintaining high accuracy and efficiency.

Conclusions
The use of deep learning has changed the way people assess and transform human movements in fitness
applications. With advanced models such as CNNs, PoseNet, and ConvNeXtPose, pose estimation
enhancements have enabled real-time workout feedback and posture adjustments. These technologies
have afforded people the opportunity to engage in a more specific and specialized mode of training
without the need to hire a physical trainer. While correcting the subject's movements in real-time and
enabling applications in AR, the role of deep learning in fitness tracking and assessment has emerged.
However, challenges remain, including data requirements, computational complexities, and
generalization. For feedback to be effectively implemented across a range of environments, body types,
and exercises, precision is critical. Also, the problem of achieving an optimal combination of speed and
reliability, particularly in correctly identifying the search query in mobile applications, represents a
significant issue for future advancements. Current deep learning applications in fitness are still
developing, and further research will be needed to eliminate these drawbacks and optimize the
functionality of these technologies.
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