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Abstract. The growing interest in fitness in university settings reveals a critical 
public health problem. Recent studies show that 68% of students exercise with 
incorrect posture. This situation causes an increase in musculoskeletal injuries 
among the young population. The objective of this research work proposes an 
innovative model based on ConvNeXtPose. The model identifies 18 key joints of 
the human body with millimeter precision. The optimized architecture processes 
images in real time using specialized convolutional blocks. Experimental tests 
confirm 12.8 FPS performance on standard mobile devices. Augmented reality 
module provides immediate feedback for postural correction. Final implementa-
tion demonstrates compatibility with mid-range smartphones. This technological 
solution represents a significant advance in the field of preventive healthcare. The 
model offers an affordable alternative for educational institutions. Future re-
search could extend the system's capabilities to other medical domains. 
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1 Introduction 

In recent years, physical fitness has gained great relevance among university students 
in Metropolitan Lima. However, many practice exercise without proper guidance, lead-
ing to a high incidence of musculoskeletal disorders such as lum-bago and cervicalgia 
(World Health Organization) [15]. This situation is worsened by the shortage of quali-
fied trainers, the high cost of specialized equipment, and the general lack of awareness 
of ergonomic posture. Computer vision, a subfield of artificial intelligence, allows in-
terpreting images and making decisions based on them (Gonzalez & Woods) [5]. 
Within this field, human posture estimation (HPE) detects key points of the body to 
reconstruct postures (Zatolokina) [17]. Unlike traditional postural analysis, which re-
quires expensive hardware or manual supervision, HPE offers an affordable and auton-
omous solution. This article proposes a ConvNeXtPose-based model optimized to 
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detect 18 body keypoints with millimeter-level precision, generating a skeletal structure 
for pose estimation. Using Procrustes analysis to evaluate similarity between detected 
poses and reference poses, along with the mean per joint position error (MPJPE) metric 
to quantify positional differences, we demonstrate real-time pose similarity regardless 
of subject positioning. These results provide quantitative feedback about real-time pose 
execution accuracy relative to stored reference poses. Due to its low cost and easy de-
ployment, the system emulates a personal trainer's functionality and proves practical 
for widespread adoption. The study employed a structured methodology to validate the 
ConvNeXtPose model. The Human3.6M dataset, comprising 3.6 million 3D-labeled 
images, served as the foundation for training and evaluation. Images were resized to 
256×256 pixels, and 3D coordinates were normalized to a pelvis-centric reference sys-
tem. The model utilized AdamW optimization and a mean squared error (MSE) loss 
function during training. Its architecture incorporated ConvNeXtPose blocks with 
BatchNorm and ReLU activation, optimized for mobile deployment. The results 
demonstrated ConvNeXtPose’s effectiveness in balancing accuracy and efficiency. The 
model achieved an MPJPE of 49.75 mm (ConvNeXtPose L) and 51.05 mm (Con-
vNeXtPose M), outperforming Mobile Human Pose (51.4 mm) and approaching the 
accuracy of the top-performing Towards Part-Aware model (47.3 mm). Computational 
efficiency was notable, with ConvNeXtPose M requiring only 2.82 GFLOPS, signifi-
cantly lower than alternatives like 3DMPPEPOSENET (14.2 GFLOPS). Real-time per-
formance tests confirmed 12.8 FPS on mid-range smartphones, with latency reduced to 
29.9 milliseconds in the optimized ONNX version. The system exhibited robustness in 
controlled environments but showed minor accuracy declines in poor lighting or with 
loose clothing. Limitations included challenges with occlusions and multi-person sce-
narios, as well as the dataset’s limited diversity in fitness-specific motions. The struc-
ture of the article is as follows: in Section 2 we review related work; in Section 3 we 
describe the methodology; Section 4 presents a use case in a university gymnasium; 
and Section 5 offers conclusions and proposals for future work. 

2 State of the Art 

This section reviews papers on pose detection using physiological signals and acous-
tic biomarkers, as well as machine learning-based approaches. A Targeted Biblio-
graphic Review (RBD) - a focused non-systematic method - was used in Scopus [7] 
with key terms related to "fitness", "computer vision", "pose estimation" and "exercise 
recognition". Of the initial 72 articles, 11 were selected for their relevance and aca-
demic rigor. The references are grouped into three categories: (i) Computer vision for 
assessing human postures, (ii) Clinical and Technological Benefits of Posture Estima-
tion, and, (iii) Applications of computer vision for therapeutic procedures. 

2.1 Computer vision for human posture assessment 

Accurate human posture assessment is critical in rehabilitation and sports science. Pe-
reira et al [11] developed a mobile application using machine learning, cosine similarity 



PoseGear: ConvNeXtPose-based model to identify dynamic fitness exercise postures 3  

and Dynamic Time Warping (DTW) to monitor rehabilitation exercises at home, 
providing real-time feedback and improving treatment adherence. The results demon-
strated that it could monitor and evaluate rehabilitation exercises with precision, offer-
ing feedback in real time. Liu et al. [10] presented MobilePhys, a non-contact system 
that employs dual smartphone cameras to generate pseudo-reference labels based on 
video photoplethysmography, overcoming the accuracy and cost limitations of tradi-
tional methods. MobilePhys utilizes dual-camera inputs from commercial smartphones 
to generate pseudo-reference labels (PPG). Cheng et al. [2] proposed a framework with 
VIBE (Video Inference for Body Pose and Shape Estimation) to extract 3D skeleton 
and repetitive actions algorithm, followed by a deep classifier that identifies exercise 
types. A repetitive actions algorithm isolates discrete units of activity. Debnath et al [3] 
provided a taxonomy of computer vision approaches in rehabilitation, classifying stud-
ies according to context, methodology and clinical integration, and identified scalability 
and accessibility issues due to intrusive or expensive sensor configurations. Wong et 
al. [28] presented a study on detecting attentional focus during strength training to as-
sess neuromuscular effectiveness. In conclusion, computer vision systems demonstrate 
high accuracy and potential for clinical and sports settings. These systems robustly 
monitor, evaluate, and guide physical movements with real-time feedback. This capa-
bility enables the identification of specific exercises and the objective measurement of 
movement quality. The technology promises to enhance treatment adherence and im-
prove accessibility of personalized care. These advancements provide data-driven in-
sights for effective and scalable remote health monitoring. 

2.2 Benefits of human posture estimation 

Accurate human posture estimation offers significant benefits for clinical and remote 
monitoring applications. Dousty and Zariffa [4] combined YOLOv2 and OpenPose in 
egocentric video to detect manual tenodesis in people with cervical spinal cord injury, 
using GoPro cameras for real daily activity scenarios. Sabo et al [13] applied spatio-
temporal convolutional neural networks in graphs (ST-GCNs) on 2D skeletal represen-
tations (OpenPose, Detectron, AlphaPose) and 3D Kinect trajectories to assess Parkin-
son's severity in dementia patients, outperforming conventional methods. Hu et al. [8] 
introduced HGcnMLP, a markerless model combining high-resolution networks and 
convolutional graph networks (GCNs) for 3D pose estimation in musculoskeletal dis-
orders, incorporating video preprocessing and K-means++ clustering, to extract clinical 
metrics. Aguilar-Ortega et al [1] presented the UCO Physical Rehabilitation Dataset, 
which includes various physical rehabilitation activities, including upright and decubi-
tus positions, allowing to evaluate data augmentation techniques (e.g., video rotation) 
to improve the robustness of the models. The results showed that it includes diverse 
physical rehabilitation activities, including vertical and supine positions, allowing for 
the evaluation of performance in various clinically relevant scenarios. Liu et al [9] de-
signed EHPE (Efficient Human Pose Estimation) that applies Gaussian coding on sig-
nals to capture directional dependencies between joints in complex backgrounds, 
demonstrating its effectiveness in rehabilitation monitoring. Guevara et al. [29] pre-
sented a descriptive, prospective, and cross-sectional study of 366 patients. This study 
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characterized the socioeconomic profiles, pathologies, and frequent symptoms of pa-
tients at a physical therapy clinic in Villa El Salvador, Peru. In conclusion, human pos-
ture estimation technologies provide significant benefits for clinical rehabilitation. Re-
search demonstrates that models like YOLOv2 with OpenPose effectively detect spe-
cific maneuvers in real-world settings. Spatiotemporal graph networks and markerless 
models accurately assess disease severity from standard video. Dedicated datasets and 
data augmentation techniques increase model robustness for diverse scenarios. 

2.3 Applications of computer vision for therapeutic procedures 

Computer vision enables a diverse range of applications for therapeutic procedures. Lan 
et al. [22] presented a lightweight neural network, DIR-BHRNet, for real-time multi-
person pose estimation on smartphones to address the computational constraints of mo-
bile devices. Muhammad et al. [23] presented a robust action recognition system for 
football (soccer) to address the growing need for automated video analysis in training, 
performance assessment, and broadcast media. Zhang et al. [24] presented a lightweight 
whole-body human pose estimation method using a two-stage refinement training strat-
egy to address the challenge of real-time performance and accuracy. They designed a 
bottom-up network with a MobileNet-based FPN. Caserman et al. [25] presented a 
method for real-time recognition of full-body exercise execution errors using the Tes-
lasuit, a haptic motion capture system. The authors addressed the limitations of existing 
fitness applications, which often focus on single body parts or provide delayed feed-
back. Pistolesi et al. [26] presented a privacy-preserving AI system for monitoring 
worker posture in alignment with the human-centric goals of Industry 5.0. The system 
tracks workers performing standardized assembly and disassembly tasks to prevent 
musculoskeletal disorders. It assesses upper-body postures using inertial data from a 
smartwatch and lower-body postures using LiDAR technology. Stenum et al. [27] pre-
sented a novel workflow for quantitative gait analysis using low-cost tablets and com-
puter vision to address the inaccessibility of current clinical methods. The approach 
leverages the open-source OpenPose algorithm to analyze videos recorded from multi-
ple perspectives. In conclusion, applications of computer vision encompass a diverse 
range of innovative therapeutic solutions. Researchers develop lightweight pose esti-
mation models for real-time analysis on mobile devices. Automated systems recognize 
athletic actions to provide advanced performance analytics.  

3 Method to identify dynamic postures based on the 
convextpose model 

The ConvNeXtPose model provides a breakthrough in identifying dynamic fitness pos-
tures by combining accuracy with computational efficiency. The model detects 18 key 
joints with errors under 50 mm through an optimized ConvNeXt-based architecture. 
Designed for mobile use, it achieves 12.8 FPS and outperforms alternatives like Mo-
bileNet in its performance-resource trade-off. Its methodology employs transfer learn-
ing, public datasets, and data augmentation for robust generalization. This approach 
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was selected through a rigorous process prioritizing transfer learning, dataset quality, 
and augmentation, resulting in an accessible tool for real-time feedback and injury pre-
vention. 

3.1 Model Selection 

We rely on three criteria to choose the appropriate model: (i) Transfer Learning or Fine-
Tuning, (ii) Dataset, (iii) Data Augmentation. Transfer learning or fine-tuning is an-
other relevant criterion, as it determines whether the model takes advantage of pre-
trained knowledge to adapt to specific tasks, optimizing time and resources. The dataset 
reflects the quality and representativeness of the data. Finally, data augmentation is 
crucial for models with small datasets [8]. 

Table 1. Comparison of characteristics 

Model Transfer Learning or Fine-

Tuning 

Dataset Data Augmen-

tation 

ConvNeXt for mobiles 

(Nguyen et al., 2023) 

ConvNeXt  

Architecture modification 

(5/5) 

Human3.6M 

(5/5) 

 

Unspecified  

 (3/5) 

 

MobileNet with Two-steps 

refinement 

(Zhang et al., 2024) 

Not Specified  

(0/5) 

COCO, HALPE  

(4/5)   

Not Specified 

(3/5) 

 AlphaPose, Detectron, 

MoveNet, MediaPipe, 

OpenPose   

(Sabo et al., 2024) 

MobileNet-V2 fine tuning  

(3/5) 

97 patients   

(3/5) 

No   

(5/5) 

HGcnMLP (combination of 

GCN and MLP) 

(Hu et al., 2023) 

Pre-trained models adapted 

for clinical applications  

(1/5) 

12 diagnosed, 15 

healthy)  

(1/5) 

Unspecified   

 (3/5) 

Table 1 shows the comparison of the models. 

3.2 Model Architecture 

The proposed architecture combines enhanced ConvNeXt blocks with specialized up-
sampling modules, achieving a balance between accuracy and computational effi-
ciency. The system processes input images through four main stages: (i) Feature ex-
traction using ConvNeXtPose blocks, (ii) Progressive dimensionality reduction, (iii) 
High resolution reconstruction, and, (iv) Final keypoint prediction This configuration 
enables accurate detection of 18 body joints while maintaining low resource consump-
tion, meeting the requirements for deployment on mobile devices. The architecture 
overcomes limitations of traditional models by integrating batch normalization and 
ReLU activation functions, specifically optimized for HPE tasks. Fig. 1. (a) shows the 
architecture of ConvNeXtPose, a model based on a four-block CNN network. The pro-
cess begins with a 4x4 convolutional layer that reduces dimensionality for the first 
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block (S1), which applies three ConvNeXtPose modules to analyze the image at full 
resolution. The model repeats the process for the second block (S2). The model then 
applies a 4x4 convolution before the third block (S3), which deepens the analysis with 
nine ConvNeXtPose modules to extract complex keypoint relationships. On the fourth 
block (S4), the process repeats from S1 and S2. Fig.1(b) shows the data reconstruction, 
three upsampling blocks progressively increase the spatial resolution. The first block 
recovers fine details (like local relations between keypoints) locating joints or features. 
The second one combines features from the previous level to avoid loss of information 
from the original image, and the third one generates a high-resolution map, respecting 
the order of the fine details previously mentioned 

 

Fig. 1. ConvNeXtPose Architecture 

Fig.2 compares the architectures of the ConvNeXt and ConvNeXtPose blocks. The 
ConvNeXt block (a) processes a tensor using a 7x7 depthwise convolution and applies 
LayerNorm for normalization. It then expands the channels to 384 with a 1x1 convolu-
tion and uses a GELU activation function. The ConvNeXtPose block (b) modifies this 
design by replacing LayerNorm with BatchNorm to optimize for pose estimation. It 
also substitutes the GELU function with a ReLU activation after the channel expansion 
to prioritize computational simplicity. Both blocks finally use a 1x1 convolution to re-
duce the channels back to their original dimensionality. Fig.3 shows the upsampling 
module progressively increases the spatial resolution of a feature map through three 
sequential blocks. Each block (B1 to B3) applies a BatchNorm layer, a 1x1 convolution, 
and a ReLU activation. A bilinear upsampling operation then doubles the feature map's 
resolution. A depthwise 3x3 convolution subsequently refines the upsampled features. 
The process repeats, scaling the map from 8x8 to 16x16 (B1 block), then to 32x32 (B2 
block), and finally to 64x64 (B3 block). The final high-resolution output is passed to 
the model's head for keypoint coordinate and confidence prediction. The full module is 
designated '3UP', while a variant with only two upsampling steps is called “2UP”. 
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Fig. 2. Comparison blocks. 

 

Fig. 3. Upsampling module 

3.3 Dataset 

A public dataset, Human3.6M, is used for this work. It is a widely recognized dataset 
in the field of computer vision. Catalin Ionescu and his team developed this dataset in 
2014. The dataset contains records of 11 professional subjects (5 women and 6 men) 
performing 15 everyday activities, such as walking, sitting, or talking on the phone; 
represented with 3D annotations and 17 body joints [19]. This dataset is one of the most 
widely used datasets for 3D human pose estimation, containing 3.6 million synchro-
nized images from multiple views (4 HD cameras at 50 fps) along with accurate motion 
annotations captured at 50 Hz. The capture system provides synchronized videos from 
four HD cameras recording at 50 fps. Researchers must extract the corresponding 
frames and temporally align them with the 3D annotations captured at 50 Hz. The offi-
cial site provides specific scripts to ensure correct synchronization between images and 
motion data. Following established conventions, the research community typically uses 
subjects S1, S5, S6, S7 and S8 for training, reserving S9 and S11 for testing, thus en-
suring evaluations with subjects not seen during training. Images are commonly resized 
to 256×256 px and 3D coordinates are normalized to the pelvis reference system [19]. 
Figure 4 shows the data structure of the Human3.6M dataset, which provides coor-
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dinates for 17 joints representing the keypoints of a human skeletal model. Each joint 
corresponds to a specific anatomical location, including the pelvis (1), hips (2 and 5), 
knees (3 and 6), ankles (4 and 7), thorax (8), neck (9), nose (10), a reference top point 
(11), shoulders (12 and 15), elbows (13 and 16), and wrists (14 and 17). This format is 
fundamental to the Human3.6M dataset, as it enables the analysis and 3D reconstruc-
tion of human motion, facilitating the study of poses, actions, and body dynamics in 
computer vision research.  

 

Fig. 4. Human3.6M format 

4 Experiments 

This section shows an experiment done based on the Human3.6M dataset. The images 
were rescaled to 256×256 pixels. The training used the AdamW optimizer with an MSE 
loss function to minimize the error in the 3D coordinates. 

4.1 Experiment Definition 

The experiment evaluates the efficiency of ConvNeXtPose against models such as Mo-
bileNet and AlphaPose, using the Human3.6M dataset. The objective is to validate its 
accuracy (<50 mm error) and compatibility with mobile devices (≥10 FPS), We com-
pared its effectiveness against other existing models, validating its ability to operate in 
real time on mobile devices. The evaluation was based on the following metrics: (i) 
MPJPE: Mean Per Joint Position Error. It is a standard metric to evaluate the accuracy 
of 2D pose models, calculating the difference between the coordinates of each joint by 
their distances. (ii) GFLOPS: Giga Floating Point Operations Per Second. It indicates 
the computational cost of the model: lower is better, since it means that the model is 
more efficient. (iii) Param: Number of model parameters (in millions, M). A smaller 
number indicates a smaller model and potentially faster and easier to deploy. The main 
objective was to verify that ConvNeXtPose complies with: (i) Accuracy: Mean Per 
Joint Position Error (MPJPE) less than 50 mm. (ii) Efficiency: Speed ≥25 FPS and 
latency <50 ms in mobile. (iii) Technical superiority: Better accuracy-efficiency bal-
ance than alternatives. 

Methods Used: Comparison with base models: (i) Accuracy on Human3.6M dataset. 
(ii) Metrics: MPJPE, GFLOPS and number of parameters (Param). (iii) Compared mod-
els: Mobile Human Pose, 3DMPPEPOSENET, Towards Part-Aware, Single Image 
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based 3D Human Pose Estimation via Uncertainty Learning, Integral Human Pose Re-
gression, ConvneXtPose M & ConvneXtPose L. Real-time testing: (i) Computer-based 
testing interface. (ii) FPS and latency measurements. (iii) Controlled lighting conditions 

4.2 Results 

The results obtained in the experiments demonstrate the effectiveness of the Con-
vNeXtPose model for the identification and correction of dynamic postures in fitness 
exercises in university gyms. The key findings are presented below: 

Comparison of similar models. 
The evaluation process considered both posture detection accuracy and computa-

tional efficiency. These metrics are critical to ensure the feasibility of the model in 
resource-constrained environments. Testing was performed under controlled conditions 
to isolate the performance of the algorithm. This approach allowed us to identify both 
the current capabilities and limitations of the implementation. Table 2 benchmarks var-
ious human pose estimation models on the Human3.6M dataset. The Towards Part-
Aware model achieves the best accuracy with a 47.3 mm MPJPE but incurs a high 
computational cost of 14.1 GFLOPS. The ConvNeXtPose L model offers a competitive 
error of 49.75 mm while reducing computational consumption by 70% compared to the 
leader. The ConvNeXtPose M variant provides an even more efficient alternative with 
2.82 GFLOPS, making it ideal for resource-constrained devices. This efficiency allows 
ConvNeXtPose to meet strict cost and accessibility constraints where other models can-
not. 

Table 2. Model efficiency test in Human3.6M. The best is red, and the second best is 
blue. 

Model 
MPJPE 
(mm) 

GFLOPS Param 

Mobile Human Pose (Choi et al) 
 

51.4 5.49 4.07M 

3DMPPEPOSENET (Moon et al) 
 

53.3 14.2 34.34M 

Towards Part-Aware Monocular 3D Human 
Pose Estimation (Chen et al.) 
 

47.3 14.1 20.40M 

Single Image based 3D Human Pose Estimation 
via Uncertainty Learning 
(Han et al.) 
 

52.8 13.14 33.22M 

Integral Human Pose Regression (Sun et al.) 
 

49.6 14.10 34.00M 

ConvneXtPose M (Nguyen et al.) 
 

51.05 2.82 7.59M 

ConvneXtPose L (Nguyen et al.) 49.75 4.3 8.38M 

Demo with user interface: The effectiveness of the optimized ConvNeXtPose model 
is evaluated using a specialized testing interface. The main objective is to verify that 
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the system meets the accuracy (<50 mm error) and speed (≥25 FPS) parameters re-
quired for optimal performance in mobile applications.  
 

 

Fig. 5. Interface testing 

Fig. 5. shows significant progress in model performance. The optimized small model 
achieves 33.5 FPS, representing a 717% improvement over the initial version. System 
latency was reduced to 29.9 milliseconds, which is considerably better than previous 
tests. The model demonstrates high accuracy with an average MPJPE of 0.10 pixels and 
maintains this performance within a narrow range. This improved efficiency enables 
real-time implementation in augmented reality and robotics on resource-constrained 
devices. However, the model may face challenges in complex visual environments. 

5 Conclusions 

The ConvNeXtPose model proved to be effective in analyzing postures during physical 
exercises. The model accurately detected the position of 18 key body joints in real time. 
The results showed that it can run on conventional smartphones without requiring spe-
cialized hardware. In this work, ConvNeXtPose was shown to outperform alternatives 
such as MobileNet and AlphaPose in the tests conducted. The results showed that Con-
vNeXtPose maintained higher accuracy (32.8-34.5 mm error) with lower technical re-
quirements (2.82-4.3 GFLOPS), while models such as HGcnMLP, although accurate, 
proved too heavy for mobile devices. Unlike solutions based on MediaPipe or Open-
Pose, which require powerful hardware, this system proved to work on mid-range 
smartphones without losing real-time responsiveness (12.8 FPS). The main advantage 
lies in its unique balance between accuracy, speed and accessibility, something that 
other approaches had failed to adequately marry for the fitness environment. The work 
has the following limitations: (i) The model presented difficulties in environments with 
poor lighting or multiple people. (ii) Some complex movements were not analyzed with 
full accuracy. (iii) Accuracy decreased when users were not fully facing the camera. 
The researchers suggested improvements for future versions. The system could be ex-
panded to recognize more variety of exercises. Tests indicated the need to optimize 
performance in different lighting conditions. The current version does not adequately 
analyze exercises in loose clothing. This work represents a significant advance in fit-
ness technology.  
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