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ABSTRACT 

The convergence of the textile industry and electronics presents new frontiers in functional apparel. This research details 

a system for personalized athletic guidance, rooted in advanced textile processing and materials science. The foundation 

is a smart garment fabricated from a blend of synthetic fibers using industrial knitting techniques. These methods are 

also applicable to natural fibers such as cotton or wool for enhanced comfort. The core innovation is a novel piezoresistive 

yarn, developed by dip-coating a base polyester yarn with poly (3,4-ethylenedioxythiophene):polystyrene sulfonate 

(PEDOT:PSS), a conductive polymer. This process transforms conventional fiber into a motion-sensing element. A 

lightweight machine learning model is embedded within the garment’s microcontroller, enabling on-device analysis of 

data from the yarn sensors. This approach avoids energy-intensive cloud computing and represents a step toward 

sustainable development in electronic textiles by minimizing the system’s overall energy footprint. The system accurately 

interprets complex movements, providing real-time feedback. This work demonstrates the integration of computational 

intelligence directly into fiber products, showcasing a scalable manufacturing pathway for a new generation of 

interactive textiles and moving beyond traditional applications of materials such as leather for wearable enclosures. 
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INTRODUCTION  

The prolifera�on of wearable technology has fundamentally altered the landscape of personal health and 

fitness monitoring [1]. Devices ranging from wristbands to smartwatches have empowered individuals to 

track a myriad of physiological and biomechanical parameters, fostering greater awareness of their physical 

well-being [2,3]. Concurrently, the field of smart tex�les has emerged as a transforma�ve force, enabling the 
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seamless integra�on of electronic sensing capabili�es directly into the fabric of everyday apparel [4,5]. This 

convergence of electronics and tex�les has given rise to a new class of wearable systems that offer 

unobtrusive, con�nuous, and high-fidelity monitoring of human movement [6]. Unlike rigid, single-point 

sensors, smart tex�le-based wearables can conform to the body, capturing distributed pressure, strain, and 

mo�on data across mul�ple muscle groups and joints, thereby providing a more holis�c view of a user’s 

kinema�cs [7,8]. 

Despite these advancements in hardware, a cri�cal gap remains in transla�ng raw sensor data into ac�onable, 

personalized guidance [9]. Most current commercial systems rely on offloading data to a smartphone or the 

cloud for processing [10]. This cloud-centric approach introduces significant latency, making real-�me 

feedback for correc�ng athle�c form imprac�cal [11,12]. A basketball player comple�ng a jump shot or a 

runner adjus�ng their stride needs immediate, not delayed, correc�ve cues [13]. Furthermore, the 

con�nuous transmission of sensi�ve health and movement data raises substan�al privacy concerns [14-16]. 

The dependency on an external processing unit also increases the overall power consump�on of the system 

and renders the wearable non-func�onal in environments without reliable connec�vity [17,18]. Therefore, 

the next fron�er in intelligent sportswear lies in the development of on-device intelligence, where data 

processing and decision-making occur directly within the wearable itself [19,20]. 

This research addresses the cri�cal need for embedded intelligence by developing a lightweight machine 

learning system specifically designed for resource-constrained wearable devices integrated into smart tex�les. 

The primary challenge lies in the inherent conflict between the computa�onal intensity of sophis�cated 

machine learning models, such as deep neural networks—which excel at patern recogni�on—and the limited 

processing power, memory, and energy budget of microcontrollers used in wearables. To overcome this 

hurdle, this paper proposes a holis�c system that encompasses both hardware and so�ware innova�ons. We 

introduce a smart garment with integrated tex�le sensors for comprehensive mo�on capture and, at its core, 

a lightweight convolu�onal neural network (Lw-CNN) architecture op�mized for on-device inference. This Lw-

CNN is engineered to provide not only accurate classifica�on of different athle�c movements but also to 

analyze the quality of those movements, enabling the system to deliver personalized, correc�ve feedback in 

real �me. By embedding the en�re intelligence pipeline—from data acquisi�on to ac�onable guidance—

within the garment, our system enhances user experience, ensures data privacy, and provides the low-latency 

feedback essen�al for effec�ve motor learning and injury preven�on. This work contributes to the 

advancement of smart tex�les and applied machine learning, demonstra�ng a viable pathway toward 
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crea�ng truly autonomous and intelligent wearable coaching systems. 

SYSTEM ARCHITECTURE AND METHODS 

This sec�on details the comprehensive architecture of the proposed system, from the design of the smart 

tex�le garment and its sensing mechanism to the development and implementa�on of the lightweight 

machine learning model. The methodology for data collec�on and the experimental protocol used to validate 

the system’s performance are also described. 

Smart Textile Garment Design and Data Acquisition 

The founda�on of the system is a form-fi�ng, long-sleeved compression shirt fabricated from a blend of nylon 

(85%) and spandex (15%). This material choice ensures high elas�city and a snug fit, which is cri�cal for 

maintaining consistent contact between the sensors and the skin, and for accurately transducing body 

movements into electrical signals. 

The sensing modality is based on a piezoresis�ve yarn developed in-house. The fabrica�on process involved 

a dip-coa�ng technique. A mul�filament polyester core yarn was con�nuously passed through a 1.5 wt% 

aqueous dispersion of poly (3,4-ethylenedioxythiophene) polystyrene sulfonate (PEDOT:PSS). A�er 

immersion, the yarn was drawn through a set of precision rollers to ensure a uniform coa�ng thickness and 

then cured in a tube furnace at 120°C to evaporate the solvent. This process yielded a flexible, conduc�ve 

yarn suitable for integra�on into tex�les. The resul�ng yarn exhibits a change in electrical resistance in 

response to mechanical deforma�on such as stretching or pressure. These func�onal yarns were strategically 

integrated into the garment during the kni�ng process using an industrial flat-bed kni�ng machine (Stoll). 

The sensor patches were placed in loca�ons chosen to capture the kinema�cs of complex compound 

movements based on established biomechanical principles. The goal was to monitor not only the primary 

mover muscles but also key stabilizers that are cri�cal for maintaining correct form. The specific ra�onale is 

as follows: 

Pectoralis Major and Anterior Deltoids: These are primary movers in pressing movements such as the push-

up. Sensors here directly measure muscular effort and contrac�on paterns throughout the exercise. 

Elbow Joint: A sensor across this joint provides a direct measurement of flexion and extension, which is crucial 

for assessing the range of mo�on in push-ups. 

La�ssimus Dorsi: This large back muscle is a key torso stabilizer. In push-ups, its ac�vity indicates core 
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engagement, helping to detect errors such as hip sag. In squats and lunges, it is essen�al for maintaining an 

upright posture and preven�ng the common error of the torso leaning too far forward. 

This distributed configura�on was deemed sufficient for this study’s scope, as it provides a holis�c view of 

upper body ac�on and postural stability, which are cri�cal for correctly performing all three chosen exercises. 

Following fabrica�on, the piezoresis�ve yarns underwent rigorous electromechanical characteriza�on to 

verify their sensi�vity and stability prior to integra�on into the garment, as detailed in the subsequent sec�on. 

The data acquisi�on hardware is a custom-designed, miniature electronic module (3 cm × 2.5 cm) securely 

housed in a small pocket on the shirt’s hem. The module is built around a low-power microcontroller (ARM 

Cortex-M4), chosen for its balance of processing capability and energy efficiency. The microcontroller 

interfaces with a 16-channel analog-to-digital converter (ADC) to sample the resistance values from the tex�le 

sensor arrays. The sampling rate was set to 50 Hz, which is sufficient to capture the dynamics of typical athle�c 

movements without genera�ng excessive data. The module also incorporates a small vibra�on motor for 

providing hap�c feedback and a Bluetooth Low Energy (BLE) module for ini�al setup and poten�al data 

logging, though all primary processing occurs on-device. The en�re system is powered by a small, 

rechargeable 150 mAh Li-Po batery, providing over eight hours of con�nuous opera�on. 

Piezoresistive Yarn Characterization 

To validate the sensor’s suitability for human mo�on capture, the electromechanical proper�es of the 

fabricated PEDOT:PSS yarn were systema�cally characterized using a universal tes�ng machine (Instron 5943) 

coupled with a Keithley 2450 SourceMeter. 

Sensitivity (Gauge Factor): The sensor’s sensi�vity was evaluated under quasi-sta�c stretching condi�ons (0% 

to 50% strain). The rela�ve resistance change (ΔR/R0) exhibited high linearity (R2 > 0.98) within the working 

range of typical skin deforma�on (0–30% strain). The Gauge Factor (GF), calculated as GF = (ΔR/R0) /ε, was 

measured to be 18.5. This high sensi�vity confirms the yarn’s capability to detect subtle muscle movements, 

far exceeding conven�onal metal foil strain gauges. 

Hysteresis and Response Time: Low hysteresis is cri�cal for differen�a�ng between flexion and extension 

phases. During loading-unloading cycles at 30% strain, the yarn demonstrated a low hysteresis error of <6.5%. 

The sensor response �me was measured at approximately 15 ms, which is well below the sampling interval 

of the system (20 ms at 50 Hz), ensuring no signal lag during rapid athle�c movements. 

Cyclic Durability and Washability: Long-term stability was tested over 1,000 stretching cycles at 30% strain. 
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The baseline resistance dri� was <4.2%, indica�ng excellent mechanical fa�gue resistance. Furthermore, to 

address the requirement for sustainable, everyday use, the yarn underwent standardized washing tests (ISO 

6330). A�er ten wash cycles, although the baseline resistance increased by 15% due to par�al coa�ng 

degrada�on, the sensi�vity (GF) remained stable (varia�on <8%). This stability validates the effec�veness of 

the user calibra�on rou�ne described in Sec�on Data Preprocessing and Feature Engineering, which 

compensates for baseline shi�s while relying on the stable GF for mo�on detec�on. 

Data Preprocessing and Feature Engineering 

Raw data from piezoresis�ve sensors are o�en noisy due to mo�on ar�facts, electromagne�c interference, 

and baseline dri�. Therefore, a mul�-stage preprocessing pipeline was implemented directly on the 

microcontroller. First, a digital second-order Buterworth low-pass filter with a cutoff frequency of 10 Hz was 

applied to each sensor channel to remove high-frequency noise. Subsequently, the signal from each sensor 

was normalized to a range of [0, 1] based on the minimum and maximum resistance values observed during 

a brief calibra�on rou�ne performed by the user at the start of each session. This normaliza�on step 

compensates for inter-user variability and slight differences in sensor placement. Although the sensor exhibits 

excellent mechanical stability (Sec�on Piezoresis�ve Yarn Characteriza�on), minor baseline shi�s due to 

sweat or thermal expansion are inevitable in wearable environments. The start-of-session calibra�on rou�ne 

(detailed in Sec�on Pilot Study Protocol and Personalized Guidance Valida�on) effec�vely neutralizes these 

shi�s by establishing a fresh [0, 1] normaliza�on range for each user session. This ensures that the Lw-CNN 

receives consistent input distribu�ons regardless of absolute resistance dri�. 

The con�nuous stream of normalized data was then segmented into fixed-size windows. A window size of 

128 samples (corresponding to 2.56 seconds) with a 50% overlap (64 samples) was determined to be op�mal 

for capturing a complete repe��on of the target exercises without introducing excessive latency. As a 

preliminary step to establish a baseline and jus�fy the use of a deep learning model, a set of �me-domain 

features was extracted from each data window for use with tradi�onal machine learning classifiers (e.g., 

Support Vector Machines). These extracted features included mean, variance, standard devia�on, root mean 

square (RMS), and the 25th and 75th percen�les. While this feature engineering approach provides a compact 

data representa�on, our final Lw-CNN model, as detailed below, was designed to operate directly on the raw 

windowed sensor data to leverage end-to-end feature learning. 



MO M et al.                                                       TEXTILE & LEATHER REVIEW | 2025 | 8 | 1210-1230 
 

https://doi.org/10.31881/TLR.2025.1210                                                                     1215 

Lw-CNN Architecture 

The core of the embedded intelligence is the Lw-CNN, a model specifically designed to balance high accuracy 

with the stringent computa�onal constraints of the wearable’s microcontroller. The architecture is inspired 

by modern efficient networks such as MobileNet but is further scaled down. 

The Lw-CNN was designed to learn features directly from the sensor signals. As such, the input to the network 

is the raw, normalized, and windowed �me-series data, formated as a 2D matrix of size 𝑁𝑁 ×  𝑊𝑊, where 𝑁𝑁 

is the number of sensor channels and 𝑊𝑊 is the window size (128). The network structure is as follows: 

Input Layer: 16 (channels) x 128 (samples) 

Convolu�onal Block 1: A 1D convolu�onal layer with 8 filters of kernel size 5, followed by a ReLU ac�va�on 

func�on and batch normaliza�on. This is followed by a max-pooling layer of size 2. This block is designed to 

learn low-level temporal features from the sensor signals. 

Convolu�onal Block 2: A second 1D convolu�onal layer with 16 filters of kernel size 3, again followed by ReLU 

and batch normaliza�on, and a max-pooling layer of size 2. This block captures more complex feature 

combina�ons. 

Flaten Layer: The output from the convolu�onal blocks is flatened into a 1D vector. 

Dense Layer: A fully connected layer with 32 neurons and a ReLU ac�va�on func�on. 

Output Layer: A final dense layer with 𝐶𝐶  neurons, where 𝐶𝐶  is the number of classes (C = 9 in this 

implementa�on). A so�max ac�va�on func�on is used to produce the probability distribu�on over the classes. 

To make this model lightweight, two primary op�miza�on techniques were employed post-training: 

Knowledge Dis�lla�on: To maximize the accuracy of our small model, we used knowledge dis�lla�on. First, 

a larger, more complex “teacher” model was trained on an offline dataset. The Lw-CNN (the “student” model) 

was then trained to mimic the teacher’s outputs. This process transfers what is o�en called “dark knowledge.” 

An analogy is a master cra�sman (teacher) training an appren�ce (student). Instead of just showing the final, 

correct product (the hard label, e.g., “Correct Squat”), the master explains their nuanced thought process. 

The teacher model does something similar: its output might indicate that a specific movement is classified as 

a Correct Squat with 90% probability, but also 7% similar to a “Squat with Insufficient Depth” and 3% similar 

to a “Correct Lunge.” This informa�on about class similari�es—the dark knowledge—is incredibly valuable. It 

teaches the lightweight student model a more nuanced understanding of the data, allowing it to achieve 

higher accuracy than if it were trained only on the simple right or wrong labels. For this study, the teacher 
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model was a larger CNN architecture comprising four convolu�onal blocks, each with double the number of 

filters of the student model, and two dense layers with 128 and 64 neurons, respec�vely. Both the teacher 

and student models were trained using the Adam op�mizer with an ini�al learning rate of 0.001 and a batch 

size of 64. The knowledge dis�lla�on process used a temperature parameter (τ) of 2 and a loss func�on that 

was a weighted average of the standard cross-entropy loss (weight α = 0.3) and the dis�lla�on loss (weight 1 

– α = 0.7). Training was conducted for 100 epochs with an early stopping protocol that monitored the 

valida�on loss with a pa�ence of 10 epochs to prevent overfi�ng. 

Post-Training Quan�za�on: A�er training, the model’s weights and ac�va�ons, typically stored as 32-bit 

floa�ng-point numbers, were quan�zed to 8-bit integers (INT8). This significantly reduces the model’s 

memory footprint by a factor of four and allows for faster computa�on on microcontrollers that have 

specialized instruc�ons for integer arithme�c, leading to lower latency and reduced power consump�on. The 

final quan�zed model had a memory footprint of less than 100 KB, making it suitable for on-chip deployment. 

Pilot Study Protocol and Personalized Guidance Validation 

To evaluate the feasibility and system-level performance of the proposed Lw-CNN architecture, a pilot study 

was conducted with 10 healthy par�cipants (6 male, 4 female, age 25 ± 4 years) with intermediate fitness 

experience. This specific demographic was selected to establish a baseline for sensor performance and 

algorithmic efficacy in a controlled environment before expanding to broader popula�ons. Each par�cipant 

was fited with the smart shirt and instructed to perform three common exercises: squats, push-ups, and 

lunges. The protocol for each par�cipant was as follows: 

Phase 1: Sensor Normaliza�on (30 s): To account for electrode shi� and skin impedance changes, the user 

performs a brief 30-second rou�ne involving prescribed range-of-mo�on gestures (e.g., T-pose, torso twists). 

This establishes the dynamic minimum and maximum resistance values (Rmin, Rmax) for the signal 

normaliza�on step described in Sec�on Data Preprocessing and Feature Engineering. 

Correct Form Data Collec�on: Under the guidance of a cer�fied personal trainer, each par�cipant performed 

20 repe��ons of each exercise with correct form. To ensure consistency, a metronome was used to 

standardize the pace (e.g., a 4-second count for each repe��on). All sessions were video-recorded. The trainer 

used a �mestamped input to label the start and end of each “correct” repe��on in real �me. This ground 

truth was later verified by a second cer�fied trainer using the video footage to ensure inter-rater reliability. 

Incorrect Form Data Collec�on: To generate error data, a standardized elicited protocol was employed. The 
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trainer instructed par�cipants to perform 10 repe��ons of specific, archetypal errors (e.g., “valgus collapse”). 

This approach was strictly chosen to priori�ze high-fidelity ground truth labeling. Unlike natural fa�gue-

induced errors, which are o�en subtle and progressive (leading to ambiguous labeling boundaries), these 

elicited archetypes provide dis�nct biomechanical signatures. This ensures that the ini�al training of the Lw-

CNN is based on clear, uncontaminated kinema�c targets. For squats, this included insufficient depth and 

excessive forward knee movement. For push-ups, it included hip sag and incomplete range of mo�on. For 

lunges, it involved the front knee extending past the toes. This data was crucial for training the model to 

recognize specific error states. 

Model Training and Personaliza�on: The system employs a transfer learning approach to ensure both 

generalizability and personaliza�on. 

(1) Base Model Pre-training: First, a general base Lw-CNN model was trained offline using the aggregated 

data from all par�cipants in the study. This base model learns the general features of correct and incorrect 

forms across a diverse set of movements. 

(2) On-Device Fine-Tuning (Model Personaliza�on): Following sensor normaliza�on (Phase 1), the user 

completes a guided Enrollment Set (approx. 2 min). This pre-trained base model is loaded onto the device, 

and the user performs five repe��ons of each target exercise (squat, push-up, lunge) with correct form, 

standardized by a metronome (4 s/rep). Crucially, this phase u�lizes only correct examples to ensure user 

safety. These specific data points are used to fine-tune the dense layers of the Lw-CNN (while keeping feature 

extractors frozen), anchoring the model to the user’s unique biomechanics without the need to train a full 

model from scratch. 

(3) Real-Time Tes�ng: Following the brief fine-tuning, the now-personalized model is used for real-�me 

classifica�on. To ensure a fair and unbiased evalua�on of the personalized model’s real-�me performance, 

the data collected for the subsequent tes�ng phase was strictly separated from the ini�al data used for on-

device fine-tuning. Par�cipants took a brief rest period between the fine-tuning data collec�on and the final 

tes�ng sequence to ensure temporal isola�on, thereby preven�ng any overlap or data leakage between the 

training and tes�ng sets for the personaliza�on assessment. When an incorrect form was detected for more 

than two consecu�ve repe��ons, the vibra�on motor provided a specific hap�c patern corresponding to the 

detected error. 

Following the session, each par�cipant completed a short ques�onnaire to provide qualita�ve feedback on 

their experience with the system, focusing on the intui�veness and effec�veness of the hap�c feedback. For 
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a comprehensive evalua�on, we also benchmarked the Lw-CNN against two alterna�ve models: a tradi�onal 

Support Vector Machine (SVM) trained on the extracted �me-domain features, and a scaled-down version of 

the well-established MobileNetV2 architecture. 

Haptic Feedback Design 

The effec�veness of the system hinges on the user’s ability to intui�vely understand the hap�c feedback. We 

designed a set of dis�nct vibra�on paterns, each corresponding to a specific, common error. The paterns 

were designed to be simple and easily dis�nguishable during a workout: 

Insufficient Squat Depth: A series of three short, quick pulses (buzz-buzz-buzz), designed to feel like a 

“tapping” cue to encourage the user to go lower. 

Excessive Forward Knee Movement (Squat/Lunge): A single, long, con�nuous vibra�on (buzzzzz), intended 

as a clear “warning” or “hold” signal to prompt the user to correct their knee alignment. 

Hip Sag (Push-up): A dis�nct double pulse (buzz-buzz), ac�ng as an alert to “tense up” or “re-engage” the 

core muscles. 

Incomplete Range of Mo�on (Push-up): A slow, pulsing patern (buzz...buzz...), indica�ng that the movement 

was not fully completed. 

During the study, a�er the data collec�on phase, par�cipants were familiarized with these paterns. While a 

formal usability study was outside the scope of this ini�al research, informal feedback indicated that users 

were able to correctly dis�nguish between the paterns and associate them with the intended correc�on a�er 

a brief training period. 

RESULTS 

The performance of the embedded lightweight machine learning system was evaluated based on its 

classifica�on accuracy, computa�onal efficiency, and the effec�veness of its real-�me feedback mechanism. 

The results demonstrate the system’s viability for on-device personalized sport guidance. 

Classification Performance 

The Lw-CNN model, a�er being trained and deployed on the microcontroller, was tasked with classifying the 

user’s movements into nine dis�nct classes to enable granular feedback. These included: Squat (Correct), 

Squat (Depth Error), Squat (Knee Error), Push-up (Correct), Push-up (Hip Sag), Push-up (ROM Error), Lunge 
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(Correct), Lunge (Knee Error), and a “Null” class represen�ng transi�ons or no ac�vity. To ensure a robust and 

unbiased evalua�on of the model’s generalizability and to prevent data leakage between training and 

valida�on sets, a Leave-One-Subject-Out (LOSO) cross-valida�on strategy was employed. For each fold of the 

valida�on, data from nine par�cipants were used for training the model, while the data from the remaining 

one par�cipant were used for tes�ng. This process was repeated ten �mes, with each par�cipant serving as 

the test subject once, and the final performance metrics were averaged across all folds. The performance of 

the model, averaged across all ten par�cipants, is presented in the confusion matrix in Table 1. 

 

Table 1. Detailed Confusion Matrix of the Lw-CNN Model’s Performance 

Predicted 

True 

Squat 

(Correct) 

Squat 

(Depth 

Error) 

Squat 

(Knee 

Error) 

Push-up 

(C) 

Push-up 

(Sag 

Error) 

Push-up 

(ROM 

Error) 

Lunge 

(C) 

Lunge 

(Knee 

Error) 

Null 

Squat (Correct) 97.5% 1.0% 1.0% 0.0% 0.0% 0.0% 0.5% 0.0% 0.0% 

Squat (Depth Error) 2.5% 95.0% 1.5% 0.0% 0.0% 0.0% 0.0% 1.0% 0.0% 

Squat (Knee Error) 2.0% 1.8% 94.2% 0.0% 0.0% 0.0% 1.0% 1.0% 0.0% 

Push-up (Correct) 0.0% 0.0% 0.0% 98.0% 0.5% 1.0% 0.0% 0.0% 0.5% 

Push-up (Sag Error) 0.0% 0.0% 0.0% 1.5% 96.0% 1.0% 0.0% 0.0% 1.5% 

Push-up (ROM Error) 0.0% 0.0% 0.0% 2.0% 1.5% 95.0% 0.0% 0.0% 1.5% 

Lunge (Correct) 1.0% 0.0% 0.5% 0.0% 0.0% 0.0% 96.5% 2.0% 0.0% 

Lunge (Knee Error) 0.0% 0.5% 1.0% 0.0% 0.0% 0.0% 3.0% 94.0% 1.5% 

Null 0.5% 0.0% 0.0% 0.5% 0.0% 0.0% 0.0% 0.0% 99.0% 
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The diagonal values represent the percentage of correct classifica�ons for each class. To strictly evaluate the 

model’s robustness across different users, we analyzed the inter-subject variability from the LOSO cross-

valida�on. The overall accuracy of the system was calculated to be 96.2% ± 1.4% (mean ± SD), with a 95% 

confidence interval (CI) of [95.2%, 97.2%]. This low variance confirms that the model generalizes effec�vely 

across individuals, with no single subject exhibi�ng an accuracy below 93.5%. To address the poten�al for 

metric infla�on due to the high-performing Null class (99.0%), we further calculated the Ac�ve Class Accuracy 

(excluding the Null state). The mean accuracy across the eight ac�ve exercise classes remains robust at 95.7%. 

This minimal discrepancy (<0.6%) confirms that the model’s high performance is driven by genuine 

discrimina�on of complex biomechanical paterns, rather than being skewed by the easier detec�on of 

inac�vity. Consequently, the model demonstrated excellent performance in dis�nguishing among the three 

main types of exercises. The most common confusions occurred between the correct and incorrect forms of 

the same exercise, which is expected. For example, 2.3% of incorrect squats were misclassified as correct 

squats. This is a reasonable trade-off for a lightweight model, but it highlights an area for future improvement. 

The Null class was iden�fied with 99.0% accuracy, indica�ng the system’s robustness in ignoring transi�onal 

movements and periods of rest. 

The key performance metrics, including precision, recall, and F1-score, are summarized in Table 2. The high 

F1-scores across all classes (ranging from 0.941 to 0.975) indicate a strong balance between precision and 

recall, confirming that the system is not only accurate but also reliable in its predic�ons. 

 

Table 2. Performance Metrics of the Lw-CNN Model (Averaged) 

Class Precision Recall F1-Score 

Squat (Correct) 0.956 0.975 0.965 

Squat (Depth Error) 0.955 0.950 0.952 

Squat (Knee Error) 0.941 0.942 0.941 

Push-up (Correct) 0.970 0.980 0.975 

Push-up (Sag Error) 0.965 0.960 0.962 

Push-up (ROM Error) 0.950 0.950 0.950 
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Lunge (Correct) 0.962 0.965 0.963 

Lunge (Knee Error) 0.949 0.940 0.944 

Overall 0.956 0.958 0.957 

 

Impact of On-Device Personalization (Ablation Study) 

To quan�fy the efficacy of the transfer learning framework, we compared the Base Model (trained only on 

offline data) against the Personalized Model (a�er on-device fine-tuning). As shown in Table 3, the Base 

Model achieved an average accuracy of 88.5% ± 3.1%. Following the rapid calibra�on phase, performance 

significantly improved to 96.2% ± 1.4%. A paired sample t-test confirmed this improvement is sta�s�cally 

significant (t(9) = 5.42, p < 0.001). Furthermore, the effect size (Cohen’s d = 1.71) indicates a substan�al 

prac�cal benefit, confirming that personaliza�on is cri�cal for adap�ng to individual biomechanics. 

 

Table 3. Ablation Study: Impact of Personalization 

Model Stage 
Accuracy  

(Mean ± SD) 
p-value Effect Size (Cohen’s d) 

Base Model 88.5% ± 3.1% 

<0.001 1.71 

Personalized (Lw-CNN) 96.2% ± 1.4% 

 

Computational Performance and Power Consumption 

A primary goal of this research was to ensure the system was lightweight enough for on-device execu�on. 

The computa�onal performance of the final quan�zed Lw-CNN model was benchmarked on the ARM Cortex-

M4 microcontroller. 

Memory Footprint: The final model size a�er quan�za�on was 94.7 KB, which is well within the typical on-

chip flash memory capacity of modern microcontrollers (o�en 256 KB or more). 

Inference Time: The average �me taken to perform a forward pass (i.e., classify one 2.56-second window of 

data) was 38 milliseconds. This low latency is cri�cal for real-�me applica�ons, as it allows the system to 
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process incoming data much faster than it is generated (50 Hz sampling). 

Power Consump�on: The system exhibits a dynamic power profile dependent on user performance. 

Monitoring State (Baseline): During standard opera�on (data acquisi�on, processing, and BLE maintenance), 

the average current consump�on is 16.5 mA. 

Feedback State (Ac�ve): When the hap�c motor is ac�vated, current consump�on spikes to approximately 

85 mA. 

Consequently, batery life is user-dependent. For a Proficient User (monitoring mode with <1% feedback 

ac�va�on), the system achieves the reported ~9 hours of opera�on. However, under a Heavy Correc�on 

scenario (e.g., a novice user receiving feedback 10% of the �me), the weighted average current rises to ~23.5 

mA, reducing the opera�onal life to approximately 6.4 hours. Even in this worst-case scenario, the 150 mAh 

batery remains sufficient for extended workout sessions. 

For comparison, a standard, non-quan�zed CNN model with a similar architecture but using 32-bit floats had 

a memory footprint of over 380 KB and an inference �me of 152 ms, making it unsuitable for real-�me 

deployment on the target hardware. This comparison highlights the cri�cal importance of the model 

op�miza�on techniques employed. 

Real-Time Feedback Latency 

The effec�veness of a coaching system depends on the �meliness of its feedback. For this study, we measured 

the processing latency, defined as the �me from the moment a complete 2.56-second data window is 

available to the ac�va�on of the hap�c feedback motor. 

This was empirically measured to be 215 ms on average. A breakdown of this latency reveals the dis�nct 

contribu�ons of computa�onal and physical factors: 

Model Inference (38 ms): The core classifica�on task on the Cortex-M4. 

Data Preprocessing & Signal Acquisi�on (~25 ms): Includes sequen�al ADC readout of 16 channels, filtering, 

and normaliza�on. 

BLE Stack Overhead (~50 ms): Due to the high-priority interrupt handling of the Bluetooth Low Energy stack 

for maintaining connec�on intervals, process preemp�on introduces intermitent delays. 

Hap�c Actuator Rise Time (~100 ms): Cri�cally, the measurement accounts for the mechanical iner�a of the 

vibra�on motor. Unlike a digital LED which switches instantly, the eccentric rota�ng mass (ERM) motor 

requires approximately 100 ms to ramp up from a stands�ll to the percep�ble vibra�on intensity required for 
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feedback. 

Therefore, while the computational latency is minimal (~63 ms), the system-level latency is dominated by the 

physical constraints of the hap�c hardware, which represents a hardware-level op�miza�on target for future 

itera�ons (e.g., switching to Linear Resonant Actuators). 

It is important to note that the total system latency comprises the inherent data acquisi�on �me for the 

window overlap (1.28 s) plus the processing �me (0.215 s), resul�ng in a total feedback loop of approximately 

1.5 s. While this exceeds the strict sub-second threshold for intra-movement correc�on (modifying a mo�on 

while it is occurring), it is highly effec�ve for “repe��on-level feedback.” Given that a typical repe��on in our 

protocol lasts approximately four seconds (Sec�on Pilot Study Protocol and Personalized Guidance Valida�on), 

a 1.5-second delay ensures the user receives hap�c cues immediately upon comple�ng the eccentric phase 

or during the transi�on, ac�ng as an effec�ve ac�ve spoter for the subsequent repe��on. 

User Experience Feedback 

In addi�on to the system’s quan�ta�ve performance, user experience feedback was collected through post-

session ques�onnaires, which included both quan�ta�ve ra�ngs and qualita�ve comments. The results 

indicated a highly posi�ve recep�on of the system. On a 5-point Likert scale (1 = Strongly Disagree, 5 = 

Strongly Agree), par�cipants agreed that the hap�c feedback was helpful in correc�ng their form (average 

score: 4.6) and that the guidance felt intui�ve a�er a brief familiariza�on period (average score: 4.4). 

Open-ended comments frequently highlighted the immediacy of the feedback. One par�cipant noted, “The 

long buzz when my knee went too far forward was an instant reminder to pull back, much faster than a coach 

yelling.” Another commented, “I felt more confident that I was doing the squats correctly, especially with the 

go deeper tapping signal.” This qualita�ve feedback supports the conclusion that the system not only 

func�ons accurately but also provides a posi�ve and effec�ve user experience. 

Benchmark Comparison with Alternative Models 

To validate the effec�veness and efficiency of our proposed Lw-CNN, we compared its performance against 

both a tradi�onal machine learning model (SVM) and another lightweight deep learning architecture (a 

scaled-down MobileNetV2). The results, summarized in Table 4, highlight the trade-offs between accuracy, 

model size, and computa�onal cost. 
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Table 4. Performance Benchmark of Lw-CNN Against Alternative Models 

Model Overall Accuracy (%) Model Size (KB) Inference Time (ms) 

SVM (with feature engineering) 91.5 N/A 8 

Scaled-down MobileNetV2 97.1 312 115 

Proposed Lw-CNN (Quan�zed) 96.2 94.7 38 

 

The SVM, while extremely fast, achieved lower accuracy, struggling to differen�ate the subtle varia�ons 

between correct and incorrect forms. While the scaled-down MobileNetV2 achieved a marginally higher 

average accuracy (97.1%) compared to our Lw-CNN (96.2%), a Wilcoxon signed-rank test revealed no 

sta�s�cally significant difference between the two models (p > 0.05). This lack of sta�s�cal significance is a 

crucial finding: it validates that the proposed Lw-CNN achieves predic�ve performance sta�s�cally equivalent 

to deeper architectures, yet it does so with a 3.3× reduc�on in model size and a 3× faster inference speed. 

This confirms Lw-CNN as the sta�s�cally op�mal choice for resource-constrained embedded constraints. 

These results validate that our custom Lw-CNN architecture provides the op�mal balance of high accuracy 

and computa�onal efficiency for this embedded applica�on. 

DISCUSSION 

The results presented in this study demonstrate the successful development and valida�on of a lightweight 

machine learning system embedded in a smart tex�le garment for personalized sport guidance. Our findings 

have several important implica�ons for the future of wearable technology, smart tex�les, and personal fitness. 

The high classifica�on accuracy of 96.2% achieved by the on-device Lw-CNN model is a significant outcome. 

It indicates that highly op�mized, lightweight deep learning models can indeed rival the performance of more 

complex, cloud-based counterparts for specific tasks such as ac�vity recogni�on. This challenges the 

prevailing paradigm that high-performance AI requires powerful, energy-intensive hardware, and it opens up 

new possibili�es for embedding sophis�cated intelligence at the very edge of the network—directly into our 

clothing. The ability to accurately dis�nguish not only among different exercises but also between correct and 

incorrect execu�on of the same exercise is a cri�cal step toward crea�ng truly smart coaching systems. 

The comparison between the quan�zed Lw-CNN and a standard, non-quan�zed version—as well as the 
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benchmark against the SVM and MobileNetV2—underscores the necessity of a custom, op�mized 

architecture. While tradi�onal models like SVM are fast but less accurate, and established deep models like 

MobileNetV2 are powerful but too resource-intensive, our Lw-CNN occupies a crucial middle ground. This 

aspect of our work provides a prac�cal blueprint for other researchers and engineers looking to deploy 

machine learning models on resource-constrained embedded systems. It highlights that the design of the AI 

so�ware is as crucial as the design of the wearable hardware. The low power consump�on and resul�ng 

mul�-hour batery life further confirm the feasibility of this approach for consumer-grade products that 

require both intelligence and prac�cality. 

A core contribu�on of this research is the system’s capacity for real-�me, personalized feedback. The 

measured latency of 215 ms is a crucial performance metric. In motor learning, �meliness is cri�cal. While 

some literature suggests sub-second feedback is ideal for con�nuous tracking, our system provides near real-

�me guidance. By delivering hap�c feedback within 1.5 seconds—well within the dura�on of a typical exercise 

repe��on—the system func�ons as an ac�ve spoter, no�fying the user of errors just as they complete a 

movement segment. This allows for inter-repe��on correc�on, enabling the user to adjust their form before 

the next repe��on, crea�ng a �ght and effec�ve feedback loop. This immediacy allows the user to mentally 

connect the hap�c sensa�on with their propriocep�ve feeling of the incorrect movement, facilita�ng faster 

and more effec�ve correc�on. The personaliza�on aspect, achieved through rapid on-device fine-tuning, is 

another vital element. By adap�ng a robust, pre-trained base model to an individual’s specific data, the 

system accounts for unique biomechanical differences. This transfer learning approach provides tailored 

guidance that is more accurate than a generic model, while remaining prac�cal and scalable for a consumer 

product, avoiding the need for lengthy, data-intensive training sessions for each new user. This accounts for 

individual biomechanical differences, ensuring that the guidance provided is tailored to the user’s unique 

body and movement paterns, rather than a generic, one-size-fits-all template. 

However, we must also acknowledge the significant limita�ons of this study, which frame the direc�ons for 

future research. While the sensor characteriza�on (Sec�on Piezoresis�ve Yarn Characteriza�on) confirmed 

the yarn’s robustness and high sensi�vity (GF ≈ 18.5) for detec�ng athle�c movements, the current study 

implies prac�cal challenges for mass deployment. 

Furthermore, it is acknowledged that the current valida�on relied on a homogeneous cohort of young, 

healthy individuals with intermediate fitness levels. This represents a best-case biomechanical scenario. 

Addi�onally, the use of elicited, archetypal error paterns limits the direct generalizability to the high-entropy 
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movement paterns typical of natural, fa�gue-induced form degrada�on. 

However, these constraints were accepted to priori�ze internal validity and safety. Valida�ng the system on 

archetypes establishes a necessary baseline without the injury risks associated with inducing failure-level 

fa�gue. Moreover, the inherent limita�on of small sample sizes and specific error types highlights the 

necessity of the proposed transfer learning approach. Instead of relying on a massive, universal dataset to 

cover every possible human varia�on (which is computa�onally expensive and imprac�cal for embedded 

systems), our architecture relies on the on-device fine-tuning mechanism. This design allows the system to 

adapt the general features learned from the pilot group to the specific biomechanics of a new user—

effec�vely mi�ga�ng the issue of demographic overfi�ng. This suggests that the system is architecturally 

ready to scale to diverse popula�ons, provided the individual calibra�on step is performed. Furthermore, the 

personaliza�on protocol was inten�onally designed to train exclusively on correct form data. Requiring novice 

users to perform specific incorrect movements for calibra�on would introduce significant safety risks and 

confusion. By freezing the feature extrac�on layers that encode the archetypal error paterns (learned from 

the elicited dataset), the system effec�vely detects devia�ons from the user-calibrated correct baseline. This 

ensures reliable error detec�on without exposing the end-user to the risk of performing faulty repe��ons 

during setup. Finally, while the system’s processing latency is low, the window-based approach introduces an 

inherent data acquisi�on delay that must be addressed, and the system has not been benchmarked against 

commercial wearables such as smartwatches. Future work must therefore focus on robust sensor 

characteriza�on, developing intui�ve self-calibra�on for novice users, exploring more efficient “few-shot” 

personaliza�on methods, and conduc�ng larger-scale valida�on studies with a direct comparison to exis�ng 

market solu�ons. 

In conclusion, this research serves as a proof of concept for a new genera�on of intelligent wearables. By 

synergis�cally combining smart tex�le sensors for rich data capture with highly op�mized, embedded 

machine learning for on-device intelligence, we have created a system that is more than just a passive 

tracker—it is an ac�ve, personalized coach that provides real-�me guidance. This shi� from data logging to 

ac�onable intelligence represents a significant leap forward, paving the way for wearable systems that not 

only inform users about their past ac�vity but ac�vely shape and improve their future performance in a safe 

and effec�ve manner. 
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CONCLUSION 

This paper presented a complete embedded system for personalized sport guidance, integra�ng a smart 

tex�le garment with a lightweight machine learning model. We have successfully demonstrated that by 

leveraging advanced sensor-integrated fabrics and applying rigorous model op�miza�on techniques such as 

knowledge dis�lla�on and quan�za�on, it is feasible to deploy an intelligent system on a low-power 

microcontroller without sacrificing performance. The developed system achieves high accuracy in classifying 

complex athle�c movements and, more importantly, in iden�fying common form errors. The on-device Lw-

CNN model provides the computa�onal efficiency required for a minimal memory footprint and low-latency 

inference, enabling a long batery life suitable for prac�cal use. 

The key contribu�on of this work is the realiza�on of a closed-loop feedback system en�rely within a wearable 

garment. By elimina�ng the reliance on external processing units such as smartphones or the cloud, our 

system ensures user privacy, minimizes latency, and offers a seamless user experience. The ability to provide 

immediate hap�c feedback transforms the smart garment from a passive data logger into an ac�ve coaching 

tool that can guide users toward beter form, poten�ally enhancing workout efficacy and reducing the risk of 

injury. The findings of this research provide a robust framework and a significant step toward the 

commercializa�on of truly intelligent apparel, highligh�ng a promising future where our clothing ac�vely 

collaborates with us to achieve our health and fitness goals. The methodologies and principles established 

herein offer valuable insights for the con�nued development of the next genera�on of smart tex�les and 

embedded AI systems. 
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