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Abstract

This paper critically examines the applicability of markerless human posture estimation technology in real-world fitness
coaching environments. Aiming to bridge the gap between academic research and commercialization, this review study
focuses on the deployment readiness of four core functions: posture correction, repetition counting, range of motion analysis,
and exercise recognition. Following the PRISMA protocol, we analyzed 43 recent studies published between 2020 and 2025
to deeply examine not only the achievements of each technology but also the fundamental limitations and challenges it faces
in real-world settings. Our analysis reveals that despite advances in deep learning models, dataset bias, the absence of
standardized evaluation criteria, poor generalization across diverse users and environments, and fragmented feature
development remain key bottlenecks to technology commercialization. This paper proposes a concrete future research roadmap
to overcome these limitations and build a reliable and scalable Al fitness coaching system beyond prototype-level research.

B keywords : Human Pose Estimation Technology ; Machine Learning ; Deep Learning ; Al Fitness Coach
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AL (Pose Correction)
No. Author Focus Methods Comments
Achievement :The model's DIW loss is lower than the
(Zhao Posture baseline, indicating better performance.
1 etal.,2022)( Correct ion GCN Limitation: Framework struggles in correcting
71 specific types of motions, such as not low enough
lunges.
Achievement : The time-distributed CNN layer
(Gajbhiye et Posture effectively minimized errors from false keypoint
2 al., . SVM, CNN detection.
2022)[8] Correction Limitation: The CNN model indicated signs of
overfitting.
Achievement :The system offers an overall accuracy of
(Hassan et Posture 80% for providing correct feedback.
3 al., Correction DTW-based Limitation: The system's feedback relies on video
2020)[9] comparisons, which may vary in duration and actor
positions, affecting accuracy.
( Achievement : The system achieved an accuracy of
Rahmadani 96.87%.
4 et al., Egiiggiion SVM Limitation: The system may face issues with
2022)[10] susceptibility to unrelated backgrounds during
action recognition.
Achievement :Machine learning models outperform deep
(Raza et Posture learning methods in human pose estimation tasks.
5 al., Correct ion ML (LR, RF) Limitation: Low performance for human pose and
2023)[11] gesture estimation when all dataset features are
applied.
Achievement :The system presented promising results
(Delmas et Posture ML (cVAE, for text-based pose editing and correctional text
6 al., . Autoregressive | generation.
2024)[12] Correction Transformer) Limitation: The added metrics rely on imperfect
models, which have their own limitations.
Achievement :Machine learning models outperformed
7 (Ko et al., Posture ML, FCNN deep learning models for posture classification.
2024)[13] Correction ’ Limitation: The study does not evaluate muscle
engagement or activation patterns.
(Fieraru et Egiiggiion Achievement :Mean Absolute Error (MAE) reported as
8 al., Re etitionéo Angle-based 0.253, and Off-By-One (OBO) error is 0.140.
2021)[14] un?ing Limitation:Not mentioned in the paper.
(Hande et Egiiggiion Achievement : The model scored 97.25 % accuracy.
9 al., Repet itionCo Rule-based Limitation: Side view evaluation produced noticeably
2023)[15] un?ing lower ratings compared to frontal view.
Posture Achievement : The Feedback Group scored a mean of
(Kotte et Correct ion 42.1, outperforming the No Feedback Group's mean of

10 al., Re etitionéo Angle-based 38.4.

2024)[16] un?in Limitation: The controlled study environment may not

g reflect real-world gym conditions.
Achievemen@:LSTM blocks and temporal convolution
1 é?hae et Posture. LSTM + . ;izﬁgzchg%béggd the highest performance with a test
o) Correction Convolution T > : .

2023)[17] Limitation: System might lack robustness based on
camera positioning.
Achievement :High classification accuracy rates of
94.4% overall.

12 ég;g)ﬁgﬁ”-' Posture. | BiLsTH Limitation: The classification model only defined
correct and incorrect postures without further
categorization.

) Achievement : The paper claims a Pose Recognition
(Gadhvi et Posture . accuracy of 97.52%. '
13 al., Correction BiLSTM Limitation: The current system's latency needs
2025)[19] optimization for better real-time performance on

edge devices.
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No. Author Focus Methods Comments

Achievement : The regression model for posture
( correction attained 99.0% accuracy using mean
Rao et al., | Posture . squared error loss.

14 2025)[20] Correction LSTM (Bi~CGRU) Limitation: The study's findings are based on squat
analysis, limiting its applicability to other
exercises.

Achievement :Results indicate high accuracy in pose

15 é?garwal et Posture Rule-based estimation.

2021)[21] Correction Limitation: Compares static yoga poses, no feedback
on technique.
Achievement :Success rates are 83.3%, 100%, and 91.7%
(Liu et al., | Posture _ for different attributes.
16 . Rule-based P - - : .
2023)[22] Correction Limitation: Changing viewpoints affect the accuracy
of observational pose attributes.
Achievement :MDMECA proved more effective than video
(Park et streaming for improving quality of life and reducing
17 | al Posture. Rule-based pain. . :
o0 Correction Limitation: The participant numbers in the MDMECA
2022)[23]
and control groups did not match 1:1, which is a
limitation.
Posture Achievement : The system shows promising results on
(Dittakavi Correct ion the Yoga—-82 dataset.
18 et al., Re etitionéo CNN, KNN Limitation: The accuracy of the system can be
2022)[24] un?ing improved by labeling keypoints for a small subset of
train data.
(Dedhia et Posture Achievement :The logistic regression model achieved a
19 al Correction, ML (SVM, LR, 99% accuracy rate after hyperparameter tuning.
202é)[25] RepetitionCo | NBC, DT) Limitation: The small dataset size affects the
unt ing results' accuracy.
. Posture Achievement :Best F1 score is achieved with Random

2 é{alswal et Correction, Peak Forest.

2023)[26] RepetitionCo | Prominence, ML | Limitation: Reliance on pre-defined relational
unt ing attributes for each exercise’ s Interaction Network.
( Achievement :Self-supervised features outperformed
Parmar et Posture B . HMR-TDM features on detecting KIE, CCRB, and KFE
21 al., Correction, ge&{ SUPEIVISE | orrors.
2022)[27] ROMAnalysis Limitation: Manual annotation for domain-specific
datasets requires significant resources and effort.
Posture Achievement :Three machine learning classifiers
(Sideridou Correct ion, ?gg%eved test—set accuracies between 94.76% and
22 et al., ROMAnalysis, | Supervised ML P ) .
2024)[28] ExerciseReco L1m1§at1oni T?e m0d611§ reduced per{qrmance in
gnition precise calculations limits 1ts application

suitability.
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No. Author Focus Methods Comments
(H. Chen et Achievement :The results outperform previous

1 al Repetition Angle-based state-of-the-art PoseRAC methods.

2024)[29] Count ing Limitation: The paper does not explicitly state
limitations of its own proposed method.
(Y. Chen & Achievement :Accuracy exceeded 90% during testing on
. Repetition B a server platform.
2 gégé)[30] Count ing Angle-based Limitation: System did not provide feedback when
movements were performed incorrectly.
(Sonwani & Repet ition Achievement :Validation acurracies reported as:

3 Pegwar, Cogntin CNN Jumping jack 95%, and Shoulder lateral raise 86%.
2020)[31] g Limitation: Paper proposes only 2 exercises.
(Ferreira et Achievement : The model achieved over 92% precision in

4 al Repetition CNN counting valid repetitions for 4 out of 5 exercises.
2021)[32] Count ing Limitation: The system's ability to detect invalid

repetitions may have limitations in accuracy.
(Renugadevi Posture Achievement :Proposed Method claims to achieve 93%
5 et al., Correction Rule-based accuracy.
2023)[33] Limitation: Not mentioned in the paper.
(Japhne et Exercise Achievement :The neural network model achieved over

6 al P Recognition, LSTM. ML 90% accuracy for evaluating exercise poses.

2024)[34] RepetitionCo ’ Limitation: A large dataset and training is needed
unt ing for each exercise.
Achievement : The proposed model achieved better
- . results in counting and clipping compared to
7 é%éS?%S%%., ggﬁﬁ%i;lon GCN existing methods.
& Limitation: Overfitting issues arise with excessive
synthetic data, leading to poor generalization.
(Post Imayr Achievement :0OBO 0.81 MAE 0.99 on variations dataset
Repetition 1s achieved.
8 SéZi%fé6] Count ing ML (G Limitation: The model struggles with generalization
across different exercises.
(Dedhia et Posture Achievement :The logistic regression model achieved a

9 al Correction, ML (SWM, LR, 99% accuracy rate after hyperparameter tuning.

202é)[25] RepetitionCo | NBC, DT) Limitation: The small dataset size affects the
unt ing results' accuracy.
(Sinclair et Achievement : The system achieved 98.89% accuracy in

10 | al Repetition Lucas—Kanade real-world tests.
202é)[37] Count ing Optical Flow Limitation: Classification requires extensive

training data, posing data collection challenges.
Exercise Achievement :The paper achieved 95.69% accuracy in
(Yu et al., Recognition, exercise recognition on the Rep—Penn dataset.

11 CNN

2021)[38] RepetitionCo Limitation: Limitations of the datasets also apply
unt ing to the model.
_— Eéggcé?iion ?ﬁ21fgg?egééThe model achieved over 99% accuracy on

12 2024)[3é] Re e%itionCé CNN, BiLSTM Limitation: The model does not fully exploit

un?in temporal dependencies in exercise movements,
g treating frames independently.
Exercise Achievement : The proposed method achieved an accuracy
(Alatiah & Recoenition of 98.4% in exercise recognition.

13 | Chen, Re e%itionCé DNN Limitation: Performance is influenced by joint angle

2020)[40] un?in measurements and the effectiveness of data
g preprocessing techniques.
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Author Focus Methods Comments
- Achievement : The measurement error committed by
é$051que ¢ ROM Analysis | Angle-based ExerCam is less than 3%. . .
2021)[41] Limitation: Manual measurements may introduce bias
errors.
( Achievement :Self-supervised features outperformed
Parmar et Posture B . HMR-TDM features on detecting KIE, CCRB, and KFE
al., Correction, geﬁ{ SUPETVISE | orrors.
2022)[27] ROMAnalysis Limitation: Manual annotation for domain-specific
datasets requires significant resources and effort.
Posture Achievement :Three machine learning classifiers
(Sideridou Correct ion, . ?gg%eved test—set accuracies between 94.76% and
SéZi%iéS] Eggég?égﬁéié Supervised ML Limitation: The model's reduced performance in
anition precise calculations limits its application
suitability.
Achievement : Dynamic actions like Knee Lifts and
(Yeh & Yang, | Exercise DTW-based Bicep Curls reached 99.0% accuracy.
2025) [42] Recognition Limitation: Accuracy is affected by inconsistent

movement execution and background variation.
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No. Author Focus Methods Comments
Achievement : The time-distributed CNN layer
(Gajbhiye et Posture effectively minimized errors from false keypoint
1 gééé)[S] Correction SVM, CNN Egtgctlpn.. o )
imitation: The CNN model indicated signs of
overfitting.
(Y. Chen & Achievement :Accuracy exceeded 90% during testing on
9 Liu Repetition Angle-based a server platform. )
202é)[30] Count ing g Limitation: System did not provide feedback when
movements were performed incorrectly.
Achievement :The angle of the image affects the
3 (Ji §E a%., Posture Rule-based accuracy rate.
2022)[43 Correction Limitation:The prototype can only process two
fitness poses: "wall-sit" and "plank".
(Renugadevi Posture Achievement :Proposed Method claims to achieve 93%
4 et al., Correction Rule-based accuracy.
2023)[33] Limitation: Not mentioned in the paper.
(Japhne et Exercise Achievement :The neural network model achieved over
5 al b Recognition, LSTM. ML 90% accuracy for evaluating exercise poses.
0 RepetitionCo ’ Limitation: A large dataset and training is needed
2024)[34] : .
unt ing for each exercise.
(Dedhia et Posture Achievement :The logistic regression model achieved a
Correction, ML (SWM, LR, 99% accuracy rate after hyperparameter tuning.
6 al
2023)[25] RepetitionCo | NBC, DT) Limitation: The small dataset size affects the
unt ing results' accuracy.
Exercise Achievement :The paper achieved 95.69% accuracy in
7 (Yu et al., | Recognition, CNN exercise recognition on the Rep-Penn dataset.
2021)[38] RepetitionCo Limitation: Limitations of the datasets also apply
unt ing to the model.
Exercise Achievement : The model achieved over 99% accuracy on
.. DT the test set.
8 %%fgé] Recognition, | oy, BiLsT Limitation: The model does not fully exploit
un?in temporal dependencies in exercise movements,
g treating frames independently.
Exercise Achievement : The proposed method achieved an accuracy
(Alatiah & Recoenition of 98.4% in exercise recognition.
9 Chen, Re e%itionCé DNN Limitation: Performance is influenced by joint angle
2020)[40] un?ing measurements and the effectiveness of data
preprocessing techniques.
Achievement : Dynamic actions like Knee Lifts and
10 (Yeh & Yang, | Exercise DTW-based Bicep Curls reached 99.0% accuracy.
2025) [42] Recognition Limitation: Accuracy is affected by inconsistent
movement execution and background variation.




