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Abstract- AI and wearable sensors are revolutionizing the modern workout routine, offering real-time health tracking, tailored 

exercise plans, and intelligent performance optimization. The present research provides an extensive survey of AI-driven smart 

fitness systems with focus on upcoming machine learning and deep learning techniques that could be incorporated with wearable 

gadgets for instant wellness measurement and guidance. It explores cutting-edge techniques such as Convolutional Neural 

Network, Recurrent Neural Network, Spatio-temporal Graph Convolutional Network, Transformer-based model, and Virtual 

Fitness Assistants powered by Large Language Model, and delves into the applications of these models for posture correction, 

activity recognition, adaptive training, physiological recovery analysis, injury-risk prediction, and personalized wellness 

management. The paper also explores major technical hurdles like multimodal sensor data fusion, computational efficiency on 

the edge, privacy-preserving federated learning, explainable AI, and long-term personalization. Finally, new research trends 

such as digital twins, generative AI, and intelligent coaching with context are discussed to pave the way to the future of AI-

powered fitness ecosystems. This research offers a technical foundation and insights to computer science researchers, 

practitioners and students on next generation intelligent fitness systems. 
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I. INTRODUCTION 

 
Fitness for consumers has quietly been revolutionized by 

algorithm. Ten years ago, a fitness tracker used a threshold of 

an accelerometer signal to count steps. The same wrist band 

transmits 6-axis IMU data, optical heart-rate 

photoplethysmography, skin-temperature measurements and 

blood-oxygen saturation today into a cloud-pipeline which 

infers on near real-time basis training load, sleep staging and 

cardiovascular stress. This change is brought about by the use 

of applied machine learning. 

 

As a distributed system, each smart fitness platform consists of 

three tiers: lightweight (edge nodes such as smartwatches, 

smart insoles, chest straps, camera-equipped mirrors) to lighten 

the load for the heavy duty model training, fleet-wide 

personalization, and LLM-driven coaching, which take place in 

the backend tier; the mobile application tier is responsible for 

generating actionable feedback. The three tiers each present 

unique challenges for computer science research: retrieval-

augmented generation (RAG) for contextual advice on 

coaching [1] and model compression for edge deployment [4] 

and federated learning for privacy-preserving personalization. 

The article is structured as follows. In Section II, sensing 

modalities are reviewed. In Section III, core AI techniques are 

discussed. The system architecture is given in Section IV. Open 

challenges are discussed in Section V. Proposals for a research 

agenda are offered in Section VI, and Section VII concludes. 

 

II. SENSING MODALITIES AND DATA 

REPRESENTATIONS 

 

A. Inertial Measurement Units (IMU) 

The 6-DOF IMU (3-axis accelerometer + 3-axis gyroscope) is 

the type of sensor that is ubiquitous in fitness wearables. If the 

sampling is set to 50–200 Hz, each set of training will result 

thousands of frames of raw 6-channel time-series. Commonly 

used examples include: (i) sliding-window feature vectors for 
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 shallow classifiers; (ii) 2-D spectrogram images for CNN 

ingestion; and (iii) raw sequences directly into temporal 

models, e.g. LSTMs and 1-D CNNs [5]. The use of a quaternion 

for orientational tracking eliminates gimbal lock and is crucial 

for computing joint angles accurately. 

 

B. Optical signals 

The volumetric changes in blood-flow are measured using 

photoplethysmography (PPG) which is used as a basis for 

heart-rate estimation and heart-rate variability (HRV) analysis. 

HRV in the frequency domain (LF/HF ratio, RMSSD) is a 

popular measure of autonomic nervous system state and 

therefore recovery readiness. The physiological-signal based 

prediction paradigm is similar to other machine-learning based 

cardiovascular risk assessment methods like hybrid models 

used in heart disease prediction [12]. Newer equipment 

includes body-composition estimation, using bioelectrical 

impedance analysis (BIA), and sympathetic arousal detection, 

through electrodermal activity (EDA). 

 

C. Computer Vision and Skeleton Tracking 

Camera-based systems, such as depth-sensing cameras or 

monocular RGB cameras with pose-estimation models like 

MediaPipe BlazePose [6] or OpenPose, are able to obtain 

skeleton keypoints at 30+ FPS. At 17 keypoints and 30 FPS, a 

simple skeleton provides a 510 dimensional observation per 

second, allowing for biomechanical analysis at fine granularity 

without wearing anything on the body. 

 

III. WARM-UP AND COOL DOWN 

EXERCISES. 

 

A. CNNs for Motion Classification and Rep Counting 

CNNs are trained well on recognition of exercise and counting 

the number of repetitions in windowed IMU or skeleton 

sequence. The typical pipeline performs 1-D temporal 

convolutions on sensor channels, transforms the resulting 

embedding to a fixed length via global average pooling, and 

adds a softmax head for making the multi-class exercise 

identification prediction. These state-of-the-art architectures 

achieve over 95% accuracy on benchmark datasets like 

OPPORTUNITY and PAMAP2. A reduced model size of 

MobileNet-V3 allows it to be executed at 30 FPS on a mid-

range smartphone CPU, which falls within the latency budget 

for real-time feedback [7]. 

 

B. Recurrent and Transformer Architectures for Load 

Prediction 

The first attempt to tackle adaptive training load was with 

sequence-to-sequence LSTMs: a multi-week history of the 

completed training sessions, as well as recovery measurements, 

were used to forecast the best session volume and intensity for 

the following session. Since then, multi-head self-attention [7] 

has replaced LSTMs on longer contexts, since they can work 

with long-range dependencies without vanishing gradients and 

have efficient parallelization on GPU. An open area of study 

are positionals encodings for irregular sampling intervals, 

where workouts aren't clocked at regular intervals. 

 

C. Graph Neural Networks for Biomechanical Analysis 

Natural graph is made by skeleton keypoints (nodes = joints, 

edges = bones). This can be achieved by using a spatial-

temporal graph convolutional network (ST-GCN) [1] that 

propagates messages along spatial (neighboring joints) and 

temporal (same joint across frames) edges, which produces 

geometrically-aware representations. ST-GCN models based 

on motion-capture data obtain state-of-the-art injury-risk 

prediction, capturing asymmetries and compensatory 

movement patterns that are not apparent from a frame-by-frame 

assessment. 

 

D. LLM-Powered Coaching via Retrieval-Augmented 

Generation 

Large language models store vast amounts of knowledge from 

exercise science, but don't have access to the athlete's long 

stream of data and can hallucinate specific protocols. One 

method for overcoming both these limitations is Retrieval-

Augmented Generation (RAG) [4]: It involves using a vector 

store to store the user's workout history, lab-test results, and a 

vetted collection of literature, then feeding the top-k retrieved 

chunks to the LLM's context window when it receives a query. 

It is a general-knowledge and personal-history-based coaching 

response that maintains latency below 2 seconds – via 

streaming inference. 

 

TABLE I.  AI Approaches, Enabling Technologies, and CS 

Sub-fields 

Approach Technology Application CS Sub-field 

Motion 

Analysis 

CNN + IMU Rep counting, 

posture 

CV, Edge AI 

Load 

Prediction 

LSTM / 

Transformer 

Adaptive 

periodization 

Time-series 

ML 
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 Recovery 

Scoring 

HRV + Sleep 

NLP 

Rest-day 

recommendat

ion 

Multimodal 

fusion 

Injury 

Prevention 

ST-GCN 

Biomechanic

s 

Pre-injury 

alert 

Graph 

learning 

AI Coaching LLM + RAG Virtual coach NLP, RAG 

pipelines 

 

IV. SYSTEM ARCHITECTURE 

 

As shown in Fig. 1, an AI platform for intelligent fitness has a 

three-layer structure.As depicted in Fig. 1, an AI platform for 

intelligent fitness has a three-layer architecture. The sensing 

and edge layer collects raw data from multiple types of sensors 

(IMUs, PPG/HRV sensors, depth cameras, GPS/barometers, 

BIA/EDA devices), and runs a quantized CNN to reduce uplink 

bandwidth for on-device pre-inference. The entire model suite, 

including a data fusion module, CNN motion classifier, ST-

GCN biomechanics engine, LSTM/Transformer load predictor, 

HRV recovery scorer, federated learning synchronization, 

injury risk predictor and the LLM+RAG coaching engine, are 

all run on the AI processing core on a cloud server or fog server.  

 
Fig. 1. System architecture of an AI-driven intelligent fitness platform showing the three-layer pipeline from edge sensing to 

user-facing application. 

 

V. SYSTEMS CHALLENGES WITH OPEN 

SYSTEMS. 

 

A. On-Device Inference Latency 

For closed loop posture correction, end to end latency must be 

less than 100ms from the time that the sensor samples the 

posture to the time that the user receives the feedback. Cloud 

round trips add unacceptably long delays. There are 

compression techniques that need to be applied to deploy 

inference on-device, such as structured pruning, INT8 post-

training quantization, and knowledge distillation. In order to 

design a wearable model for hardware, the neural architecture 

search (NAS) with FLOPs and memory footprints has become 

common practice [8]. 

 

C. Federated Learning and Privacy 

Fitness information is very particular information. Federated 

learning (FL) [2] can provide a global model trained by 

thousands of users without the raw data being transferred out 

of the device. There is statistical heterogeneity in fitness-

specific FL: users are very different in terms of fitness, sport, 

and data volume. FedProx [10] and personalised FL variants, 

which allow to have a local adaptation layer on a shared global 

backbone, are appropriate to this distribution mismatch. 
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 H. Personalization Drift and Continual Learning 

Physiology will change over the course of a few months: 

VO2max will improve, body composition will change, and 

injury history will develop. As the models are trained using the 

past data, they lose their effectiveness, which is known as 

personalization drift. Partial solutions can be found by 

continual learning frameworks like Elastic Weight 

Consolidation (EWC) [9] but the problem is still open in the 

fitness domain. 

 

D. Multi-modal Sensor Fusion 

There are several challenges involved with fusing IMU, PPG, 

GPS, and video information—such as asynchronous sampling 

rates, missing modalities, and modality-specific noise 

characteristics. Attention-based fusion networks learn the 

relative importance of each modality as it comes, and smoothly 

degrade if it is missing, a useful property for real-world 

deployment. 

 

E. Media Authenticity and Trust 

With the growing number of fitness devices and AI-generated 

coaching content, establishing the authenticity of inputs (such 

as video and images) is a parallel concern. The techniques 

presented in the deepfake detection literature from the machine 

learning community [11] provide a relevant basis to protect 

integrity of vision-driven fitness pipelines from manipulated or 

spoofed media. 

 

VI. FORWARD-LOOKING RESEARCH 

AGENDA 

 

The following are high impact open problems which require a 

dedicated investigation: 

 Current models learn correlations – causal models that 

estimate individual treatment effects would allow for 

counterfactual prescription recommendations for training. 

 To mitigate data hunger, a large-scale pre-trained model 

(foundation models) trained on a wide range of motion 

capture datasets, and fine-tuned with few-shot adaptation 

to specific athletes. 

 Explainability for clinical trust: for smart fitness tools to 

enter rehabilitation, clinicians need interpretability in the 

form of gradient-based saliency maps or concept-

bottleneck models. 

 Digital twin integration: A unique physiological digital 

twin would enable experimentation with training plans 

without risk of overtraining, at least offline, before they are 

implemented in reality. 

 Reliable and reproducible progress requires standardized 

benchmarks as community-curated, long-term, multi-

modal and ground-truth datasets of injuries to analog to 

ImageNet. 

 

VII. CONCLUSION 

 

Smart fitness systems are a cross between ubiquitous 

computing, the application of machine learning, and 

biomedical engineering. This technical stack includes edge 

deployed CNN and ST-GCN for real-time motion analysis, 

transformer based load prediction, federated learning for 

privacy-preserving personalisation, and LLM-RAG pipelines 

for contextual coaching. These layers in this stack offer specific 

and tangible computer science research challenges. 

 

The fitness domain provides a compelling testbed for computer 

scientists due to its high data diversity, easily quantifiable 

performance, and its direct impact on society. The emerging 

intelligent fitness systems will not just monitor activity, but 

reason about physiology, predict failure, and real-time adapt to 

make human health optimization a computational science. 

 

REFERENCES 

 

1. S. Yan, Y. Xiong, and D. Lin, “Spatial temporal graph 

convolutional networks for skeleton-based action 

recognition,” in Proc. AAAI Conf. Artif. Intell., 2018, pp. 

7444–7452. 

2. B. McMahan, E. Moore, D. Ramage, S. Hampson, and B. 

A. y Arcas, “Communication-efficient learning of deep 

networks from decentralized data,” in Proc. 20th Int. Conf. 

Artif. Intell. Statist. (AISTATS), 2017, pp. 1273–1282. 

3. Z. Li and D. Hoiem, “Learning without forgetting,” IEEE 

Trans. Pattern Anal. Mach. Intell., vol. 40, no. 12, pp. 

2935–2947, Dec. 2018. 

4. P. Lewis et al., “Retrieval-augmented generation for 

knowledge-intensive NLP tasks,” in Proc. Adv. Neural Inf. 

Process. Syst. (NeurIPS), 2020, pp. 9459–9474. 

5. F. J. Ordóñez and D. Roggen, “Deep convolutional and 

LSTM recurrent neural networks for multimodal wearable 

activity recognition,” Sensors, vol. 16, no. 1, p. 115, Jan. 

2016. 



 
 

 

© 2026 IJSRET 
5 
 

 

International Journal of Scientific Research & Engineering Trends                                                                                                         
Volume 12, Issue 3, May-Jun-2026, ISSN (Online): 2395-566X 

 

 6. C. Lugaresi et al., “MediaPipe: A framework for building 

perception pipelines,” arXiv preprint arXiv:1906.08172, 

2019. 

7. A. Vaswani et al., “Attention is all you need,” in Proc. Adv. 

Neural Inf. Process. Syst. (NeurIPS), 2017, pp. 5998–

6008. 

8. B. Zoph and Q. V. Le, “Neural architecture search with 

reinforcement learning,” in Proc. Int. Conf. Learn. 

Representations (ICLR), 2017. 

9. J. Kirkpatrick et al., “Overcoming catastrophic forgetting 

in neural networks,” Proc. Natl. Acad. Sci., vol. 114, no. 

13, pp. 3521–3526, Mar. 2017. 

10. T. Li, A. K. Sahu, M. Zaheer, M. Sanjabi, A. Smola, and 

V. Smith, “Federated optimization in heterogeneous 

networks,” in Proc. Mach. Learn. Syst. (MLSys), 2020. 

11. J. S. Samagh, Suhasini, D. Singh and Mahak, "Machine 

Learning Based Deepfake Detection Research: Trends, 

Collaborations, and Future Directions," 2025 2nd 

International Conference on Advanced Computing and 

Emerging Technologies (ACET), Ghaziabad, India, 2025, 

pp. 1-7, doi: 10.1109/ACET67282.2025.11430324 

12. Jasjit Singh Samagh, Dilbag Singh. 2021. “Machine 

Learning Based Hybrid Model for Heart Disease 

Prediction”. Annals of the Romanian Society for Cell 

Biology, April, 2199 -. 

http://annalsofrscb.ro/index.php/journal/article/view/2753

. 


