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Abstract
Integrating deep learning into athlete activity sensor systems offers transformative potential for understanding and enhancing human performance. By interpreting multidimensional time-series data from wearable sensors, these systems enable real-time monitoring, adaptive feedback, and data-driven decision-making across diverse athletic contexts. Signal preprocessing, feature extraction, and spatial-temporal modelling form the foundation for accurate pattern recognition, skill evaluation, and fatigue tracking. Convolutional and recurrent neural architectures contribute unique capabilities for handling localized and sequential dependencies, while hybrid models improve generalizability and resilience. Practical deployment involves harmonizing hardware design with software optimization, supported by robust model deployment strategies. Case studies demonstrate successful applications in elite training, rehabilitation, and fitness contexts, highlighting system scalability and personalization. Emerging directions emphasize privacy-aware federated learning and multimodal fusion for holistic performance assessment. Ethical concerns related to consent, data security, and algorithmic fairness remain critical to responsible innovation. As these technologies evolve, athlete monitoring systems become increasingly adaptive, collaborative, and human-centred. This chapter explores these innovations comprehensively, offering a detailed framework for future research and implementation.
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1. Introduction to Athletic Signal Processing
Athletic signal processing is central to modern sports science by transforming raw physiological and biomechanical signals into meaningful performance insights. Athlete activity monitoring involves capturing data from multiple wearable or embedded sensors that record motion, muscular activity, heart rate, temperature, and other vital indicators. Often complex and nonlinear, these signals require systematic processing to remove noise, enhance signal quality, and extract key features that reflect the athlete’s physical state. The growing demand for individualized training, injury prevention, and recovery monitoring has led to integrating signal processing with intelligent systems. Advanced models analyze continuous data streams to detect activity patterns, evaluate workload, and assess risk. Deep learning models offer the computational ability to handle large, multi-sensor datasets with dynamic temporal characteristics. These models learn from raw data and eliminate the dependency on manual feature extraction. Signal processing lays the groundwork by shaping the input for deep learning systems, ensuring high-quality analysis, prediction, and classification. In sports environments where real-time decision-making and personalized feedback are essential, the integration of signal processing and deep learning has emerged as a powerful framework for optimizing performance, minimizing injuries, and enhancing the effectiveness of training interventions through robust data interpretation and contextual evaluation.
1.1 Overview of Athlete Monitoring Technologies
Athlete monitoring technologies have become indispensable tools in sports science, offering advanced solutions for tracking, analyzing, and enhancing performance in a wide range of sports disciplines. These technologies utilize a combination of hardware, software, and data analytics to measure and interpret the physiological and biomechanical parameters that influence athletic output. Traditionally, performance assessment relied on visual observation and manual tracking using stopwatches or video recordings. These methods lacked precision and consistency, often resulting in subjective evaluations. With the emergence of wearable technologies and sensor-based systems, the ability to collect objective and continuous data has revolutionized how athletic performance is measured and managed.
Modern monitoring systems typically include wearable sensors that are compact, lightweight, and capable of measuring multiple parameters simultaneously. Inertial Measurement Units (IMUs) are widely used in wearable applications and integrate accelerometers, gyroscopes, and magnetometers to capture motion, acceleration, angular velocity, and orientation. These units are commonly attached to limbs, shoes, or torso segments to monitor running gait, jump dynamics, and rotational movements. Heart rate monitors, often integrated into chest straps or smartwatches, offer real-time insight into cardiovascular workload. Similarly, electromyography (EMG) sensors detect electrical activity in muscles and are used to analyze muscle recruitment patterns and fatigue during training and competition.
Global Positioning Systems (GPS) and location-tracking technologies have become standard in outdoor sports, especially football, rugby, and athletics. GPS devices measure position, speed, distance, and trajectory with high temporal resolution, offering insights into player workload, tactical movement, and spatial awareness. These systems, often integrated into vests worn by players, provide detailed reports of sprint counts, acceleration zones, and heat maps indicating player positioning over time. Pressure sensors embedded in insoles or force platforms provide detailed data on ground reaction forces, balance, and symmetry during dynamic movements. These inputs are critical for detecting performance asymmetries and biomechanical inefficiencies.
Modern monitoring frameworks include both internal and external load tracking. Internal load relates to the physiological response of an athlete, including heart rate, respiration rate, and perceived exertion. External load refers to the mechanical output, such as movement velocity, jump height, and repetitions. Combining these metrics offers a complete understanding of how training affects the athlete and informs adjustments to avoid undertraining or overtraining. Integrating wireless communication protocols such as Bluetooth Low Energy (BLE), Wi-Fi, and Zigbee has facilitated seamless data transmission from sensors to mobile devices or cloud platforms. These communication technologies support real-time feedback, enabling coaches and athletes to make immediate decisions based on current performance metrics. Data collected through monitoring systems is visualized on dashboards, which present summaries, graphs, and performance indicators. These platforms allow comparisons across sessions, monitor progress, and highlight deviations from expected benchmarks.
Artificial intelligence and machine learning are increasingly embedded in athlete monitoring platforms. These algorithms analyze historical and real-time data to identify trends, predict injury risks, and recommend personalized training protocols. Video-based systems employing computer vision technologies also contribute to athlete monitoring by capturing motion without wearable sensors. Markerless motion capture systems use depth cameras and advanced tracking algorithms to assess joint angles, posture, and technique. These are particularly useful in skill-based sports where movement precision is critical. The development of athlete monitoring technologies has extended beyond elite sports and into amateur, youth, and rehabilitation settings. While less precise than professional equipment, consumer devices such as smartwatches and fitness bands provide access to basic health and activity metrics. Their widespread adoption has increased awareness of physical wellness and performance self-management. Continuous advancements in sensor accuracy, battery efficiency, and miniaturization continue to improve the reliability and usability of athlete monitoring systems. These technologies, supported by intelligent algorithms and real-time processing, offer a powerful framework for transforming raw sensor data into actionable insights that drive training optimization and performance excellence.
1.2 Role of Sensor-Based Systems in Activity Tracking 
Sensor-based systems serve as the foundation for effective activity tracking in sports, enabling the collection of quantitative data that reflects biomechanical, physiological, and behavioural patterns. These systems consist of sensor modules that capture specific signals related to movement, force, muscle activity, and internal body functions. These systems aim to acquire real-time or continuous data that can be used to assess an athlete’s performance, movement quality, workload, and health status. Data from sensors provides objective, high-resolution information that surpasses manual or observational approaches in accuracy, repeatability, and granularity. Inertial accelerometers, gyroscopes, and magnetometers are frequently used to track motion in three dimensions. These sensors can capture linear acceleration, angular velocity, and orientation changes, essential for evaluating running, jumping, cutting, and other sport-specific activities. When placed on key body segments such as the ankle, hip, or wrist, they record detailed data on movement patterns and joint kinematics. The processed outputs include metrics like stride length, jump height, impact force, and turn speed. This information supports real-time assessments of training performance and helps identify inefficient or risky movement patterns.
Surface electromyography (sEMG) sensors detect muscle activation by recording electrical signals generated during voluntary contractions. These sensors are non-invasive and typically placed over major muscle groups. sEMG data reveals the timing, duration, and intensity of muscle activity, offering insight into neuromuscular coordination, fatigue levels, and rehabilitation progress. Such data is often used in strength and conditioning programs to ensure appropriate muscle loading and balance between antagonistic muscle pairs. Tracking muscle activity enables coaches to refine training plans and avoid overuse or asymmetrical muscle development, which can lead to injuries. Heart rate and ECG sensors contribute to tracking the internal load experienced by the athlete. Heart rate data enables calculating exertion levels, recovery patterns, and stress responses. Heart rate variability (HRV) is a widely used metric for assessing autonomic nervous system activity and detecting early signs of overtraining or fatigue. ECG sensors add diagnostic value by providing insights into cardiac rhythm and function. Combined with motion data, these sensors help correlate cardiovascular responses with specific activities and intensities, guiding recovery decisions and ensuring safe training progressions.
Pressure-sensitive insoles and force plates quantify impact forces and distribution of pressure during foot-ground interactions. During dynamic tasks, these monitor gait symmetry, balance control, and injury risks. Force data assists in evaluating the effects of training on movement efficiency and contributes to injury prevention strategies. Similarly, GPS sensors and location-based systems are used in outdoor sports to record spatial data, including distance travelled, velocity, and acceleration profiles. This helps quantify training load, tactical positioning, and energy expenditure. Sensor-based systems require signal conditioning to enhance data quality. Filtering, resampling, and normalization prepare raw signals for feature extraction and pattern analysis. These systems provide a continuous data stream, allowing real-time feedback and historical performance evaluation. Integration with software platforms ensures visualization and decision support for athletes, coaches, and medical teams. With the help of sensor data, activity tracking becomes precise, context-aware, and actionable, supporting performance optimization and long-term athletic development.
1.3 Importance of Deep Learning in Interpreting Sensor Data
Deep learning has emerged as a transformative tool in athlete signal interpretation, offering solutions to several challenges encountered in sensor-based monitoring. Athlete performance data, especially from wearable sensors, are often high-dimensional, temporally dynamic, nonlinear, and noisy. Conventional statistical or machine learning approaches require manual feature extraction and often struggle to generalize across varied sensor types, movement complexities, and individual athlete differences. Deep learning models overcome these constraints through their inherent capability to learn hierarchical representations from raw or pre-processed input data. This characteristic allows for detecting complex patterns and modelling temporal dependencies without extensive pre-processing or handcrafted features.
Convolutional Neural Networks (CNNs) are extensively applied in interpreting spatially and temporally structured sensor data. In the context of athlete monitoring, CNNs process time-series signals by treating them as one-dimensional sequences, capturing local dependencies in motion or muscle activity data. For example, CNNs have been used to detect specific phases in a running cycle, recognize movement anomalies, and classify types of physical activities based on signals from inertial sensors. These networks extract low-level and mid-level features such as signal peaks, troughs, and frequency components, enabling accurate classification or regression outputs in real-time. CNNs are particularly effective for data involving repetitive movement cycles or consistent motion structures.
Recurrent Neural Networks (RNNs), particularly Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) variants offer specialized processing capabilities for time-dependent data. Athlete sensor data, which evolves continuously over time, benefits from models that retain the memory of prior inputs. LSTM models capture long-range dependencies between earlier and current states, making them suitable for modelling fatigue patterns, performance decline, or temporal coordination between muscle groups. GRUs, being computationally lighter, are ideal for deployment in edge devices where processing constraints exist. These recurrent models are employed in movement transition detection, injury risk assessment, and rhythm consistency evaluation, enabling dynamic monitoring throughout training or competition sessions.
Deep learning also facilitates multi-modal data fusion in athlete monitoring systems. Athletes often wear multiple sensors simultaneously, including accelerometers, gyroscopes, EMG units, and heart rate monitors. Integrating these diverse data streams into a unified model presents computational challenges. Deep architectures such as multi-input CNNs, multi-branch RNNs, or transformer-based models handle this complexity by assigning weights to each data stream and learning cross-modal relationships. Transformer models with self-attention mechanisms adaptively prioritize the most informative features across sensors, offering higher accuracy and interpretability. These architectures enable the extraction of context-aware insights, such as identifying whether a decrease in velocity corresponds with muscular fatigue or external force impact. Unsupervised deep learning techniques contribute to sensor signal interpretation without relying on labelled datasets. Autoencoders compress input signals into low-dimensional latent representations, filtering out noise and highlighting key features. These representations are used for anomaly detection, clustering, and visualization of athlete states. Variational Autoencoders (VAEs) and Generative Adversarial Networks (GANs) are applied to synthesize new data samples, enhancing model robustness through data augmentation. This is particularly useful in domains with limited labelled training data, such as rare injury events or high-performance elite athlete activities. Deep learning also supports real-time decision-making in wearable systems through model compression techniques. Trained models can be optimized using pruning, quantization, or knowledge distillation, reducing memory and power requirements while maintaining performance accuracy. These compact models are deployed on mobile or embedded devices for live feedback. For example, compressed LSTM models on wrist-worn sensors provide real-time alerts when improper technique or overexertion is detected, allowing athletes or trainers to adjust training instantly. This capability transforms sensor-based systems from passive recorders into active performance and safety management agents.
The interpretability of deep learning outputs has gained attention in athlete monitoring applications. Visual tools such as saliency maps, class activation maps, and attention heatmaps reveal which parts of the input signals contributed most to the model’s decision. Coaches and physiotherapists can use this information to validate model outputs and align them with biomechanical principles. Understanding why a model detects asymmetry or flags fatigue in specific movements increases trust and facilitates intervention planning. The ethical deployment of deep learning in athletic environments requires consideration of data ownership, consent, and transparency. Athlete performance data is sensitive and, if mishandled, may lead to misuse or unintended consequences. Model decisions influencing training regimens, competition selection, or medical treatments must be explainable and free from bias. Regular model auditing, feedback loops, and collaboration between data scientists and sports professionals ensure the responsible use of intelligent systems. Integrating deep learning into athlete sensor signal processing has redefined activity interpretation, performance monitoring, and training optimization standards. These models enable systems to adapt to individual differences, recognize subtle patterns, and provide real-time, evidence-based recommendations. Through high-capacity learning, multi-modal fusion, real-time inference, and ethical safeguards, deep learning unlocks the full potential of sensor data in sports science, supporting precise, personalized, and proactive athletic development.
2. Sensors and Data Acquisition in Sports 
Sensors and data acquisition systems have become essential to modern athletic performance analysis. These systems offer the ability to gather continuous, real-time, high-fidelity data during training or competition. Wearable and embedded sensors capture various physical parameters, including motion, force, muscle activity, heart rate, and environmental conditions. The deployment of these sensors across various body segments enables the monitoring of biomechanical outputs and physiological responses. Data acquisition systems act as the intermediary between sensor hardware and analytical platforms, converting raw signals into structured digital formats suitable for processing. These systems often include modules for signal conditioning, analogy-to-digital conversion, and data buffering. The combination of sensor precision and acquisition reliability supports detailed evaluations of athletic movement, workload, and recovery. Robust data acquisition facilitates pattern recognition, load quantification, and fatigue assessment, contributing to injury prevention and performance optimization. With miniaturization and wireless technology advancements, modern systems have become more portable, less intrusive, and capable of supporting long-term monitoring. Integration with cloud-based platforms allows for remote data access, historical tracking, and seamless synchronization across multiple devices. Effective sensor deployment and data acquisition provide the foundation for advanced analytics, including deep learning, to derive actionable sports insights.
2.1 Inertial and Motion Tracking Sensors 
Inertial and motion-tracking sensors have revolutionized how athletic movements are measured, analyzed, and interpreted in practice and competitive environments. These sensors are designed to capture dynamic motion characteristics, including acceleration, orientation, angular velocity, and displacement. Inertial Measurement Units (IMUs) form the core of most motion-tracking systems, combining accelerometers, gyroscopes, and magnetometers into compact, wearable modules. Depending on the activity and the metric of interest, these sensors can be attached to various parts of the athlete’s body, including wrists, ankles, hips, and torso. The accelerometer component measures linear acceleration in three axes, providing information about body movement, impact forces, and changes in velocity. Gyroscopes measure angular velocity, which enables the detection of rotational movements such as torso twists, arm swings, or lower limb rotations. Magnetometers support orientation tracking by referencing the Earth’s magnetic field, which is particularly useful in maintaining directionality over time.
The integration of these three components allows for the capture of detailed kinematic data. IMUs are frequently employed in sprint analysis, jump performance, gait assessments, and agility drills. The sensor data helps quantify stride length, contact time, flight time, acceleration phases, and turning efficiency. This level of granularity aids coaches and sports scientists in understanding athletes’ biomechanical efficiency and identifying deviations that may suggest fatigue, injury risk, or technical flaws. IMUs are also used in return-to-play protocols, where movement asymmetry or compensation strategies are monitored post-injury. Motion tracking systems can be used in both indoor and outdoor settings. When GPS signals are unreliable or unavailable, such as inside training facilities or laboratories, inertial sensors provide uninterrupted tracking capabilities. These systems are not dependent on external infrastructure and can be used in remote or confined spaces. The high-frequency sampling of IMUs supports real-time motion capture, making them suitable for applications requiring immediate feedback or live performance monitoring. To enhance spatial accuracy, IMUs are sometimes integrated with other tracking modalities. For instance, combining IMUs with optical systems or pressure sensors allows for a more complete biomechanical assessment. In sports where fine motor movements are critical—such as gymnastics, tennis, or golf—the addition of multi-sensor fusion helps achieve higher measurement fidelity. Data from motion sensors is processed through filtering techniques such as Kalman or complementary filters to reduce noise and drift errors, improving reliability over longer durations. 
Beyond individual performance tracking, inertial sensors are used in team-based sports for tactical analysis. The placement of sensors on multiple athletes allows tracking of group movements, formations, and interaction dynamics. This data informs strategy development, spatial coverage optimization, and opponent behaviour prediction. Custom-built dashboards often accompany motion tracking solutions, offering intuitive visualizations and key performance indicators (KPIs) derived from the raw data. Data from motion sensors is typically stored on embedded memory or transmitted wirelessly to base stations or mobile devices using communication protocols such as Bluetooth Low Energy (BLE) or Wi-Fi. These transmission systems must be carefully managed to ensure synchronization, data integrity, and minimal latency. The captured motion data can be visualized, interpreted, or fed into machine learning pipelines for predictive analysis. As technology advances, motion tracking systems improve accuracy, battery efficiency, and user comfort, making them indispensable in modern sports science for objective, repeatable, and real-time assessment of athletic movements.

2.2 Physiological Sensors for Internal Metrics 
Physiological sensors are essential for monitoring the internal state of athletes during training and competition, capturing signals that reflect cardiovascular, muscular, respiratory, and thermoregulatory functions. These sensors provide valuable insight into how the body responds to physical stress, fatigue, recovery, and adaptation. Integrating physiological sensors into wearable platforms makes it possible to conduct non-invasive, continuous tracking of health and performance indicators in real-world environments. This capability supports personalized training decisions and early detection of potential health issues. Heart rate sensors are among sports’ most widely used physiological monitoring devices. These sensors detect the heart’s electrical activity and calculate beats per minute, directly measuring cardiovascular exertion. Heart rate variability (HRV), which quantifies fluctuations between successive heartbeats, is another important metric for assessing recovery status and autonomic nervous system balance. Chest-strap monitors with electrocardiography (ECG) capabilities are commonly employed for high-precision measurements, while wrist-worn photoplethysmography (PPG) sensors provide convenient, though slightly less accurate, alternatives for daily use.
Electromyography (EMG) sensors measure electrical signals generated by skeletal muscles during contraction. Surface EMG (seems) sensors are placed over the skin and offer a non-invasive method for assessing muscle activation patterns, neuromuscular coordination, and fatigue. This information is useful for monitoring the effectiveness of strength training programs, identifying muscle imbalances, and guiding rehabilitation processes. EMG data also assists in determining optimal loading strategies and avoiding overtraining or strain-related injuries. Respiratory sensors measure breathing rate, tidal volume, and oxygen saturation. These sensors often use strain gauges or impedance pneumography techniques to track thoracic movement and airflow. Monitoring respiratory dynamics is especially important in endurance sports, where oxygen consumption directly influences performance. Pulse oximeters, frequently integrated into wearables, estimate blood oxygen saturation using light absorption properties, assessing aerobic capacity and detecting early signs of hypoxia.
Skin temperature and galvanic skin response (GSR) sensors provide information about thermoregulation and emotional arousal. Elevated skin temperature can indicate increased metabolic activity, while GSR reflects sweat gland activity controlled by the sympathetic nervous system. These metrics, although indirect, contribute to understanding stress responses and fatigue in athletes. Biochemical sensors are emerging as advanced tools for internal monitoring. Sweat-based sensors can detect electrolytes, lactate, glucose, and hydration levels. These devices often utilize electrochemical or colourimetric sensing techniques and are applied in flexible patches for non-invasive use. Such sensors support real-time metabolic monitoring, offering deeper insight into energy expenditure and substrate utilization. When integrated with biomechanical information, physiological sensor data provides a comprehensive profile of an athlete’s condition. Wireless connectivity and cloud synchronization allow this data to be stored, visualized, and analyzed remotely. Advanced software platforms combine physiological metrics with contextual information such as training intensity, environmental conditions, and subjective feedback, enabling multi-dimensional performance assessment. With continued development in sensor miniaturization, accuracy, and battery life, physiological monitoring systems are becoming more robust, affordable, and widely adopted across all levels of sport.
2.3 Challenges in Real-Time Data Acquisition 
Real-time data acquisition in athletic monitoring involves the continuous collection, transmission, processing, and storage of sensor data with minimal latency. While sensor design, communication protocols, and embedded systems have made this process more accessible, several critical challenges persist in achieving accurate, stable, and low-delay acquisition during dynamic sports environments. These challenges span hardware limitations, data synchronization, signal interference, power consumption, environmental variability, and computational constraints. Addressing these factors is essential for building systems that support timely feedback, actionable analytics, and dependable decision-making in training and competition. Hardware-related challenges include limitations in sensor sampling rate, signal fidelity, and durability under athletic stress conditions. Sensors must operate sufficiently high sampling frequency to capture fast-paced activities such as sprinting, jumping, or explosive directional changes. Inadequate sampling may lead to data loss or misinterpretation of movement patterns. However, higher sampling frequencies increase the amount of data generated per unit time, which can strain memory, bandwidth, and processing resources. The physical robustness of sensors is a concern in contact sports or environments involving sweat, vibration, or impact. Devices must be lightweight, securely attached, and non-intrusive, yet capable of withstanding mechanical shocks and body movement without compromising data quality.
Sensor calibration and drift present further challenges in real-time scenarios. Over time, sensor outputs can deviate from true values due to temperature changes, hardware wear, or magnetometer interference. In real-time settings, constant recalibration is impractical, so adaptive filtering and drift compensation algorithms must be employed to ensure data accuracy. Motion artefacts, especially in surface EMG or heart rate measurements, introduce noise that distorts the signal. These artefacts result from skin deformation, poor sensor contact, or uncontrolled limb movement, requiring advanced signal processing techniques to distinguish physiological signals from noise in real time. Data synchronization across multiple sensors is another complex issue. In a typical athlete monitoring system, multiple sensors—accelerometers, gyroscopes, EMG units, GPS modules, and physiological monitors—may operate simultaneously, each with distinct sampling frequencies and internal clocks. Misalignment in time stamps can lead to inconsistencies during multi-modal analysis. Accurate synchronization is essential for gait analysis, movement classification, and fatigue detection, where precise temporal alignment between biomechanical and physiological signals influences outcome reliability. Synchronization protocols and time-correction algorithms are necessary, especially when data is collected wirelessly across multiple channels.
Communication delays and bandwidth constraints are significant in wireless data acquisition. Wearable sensors often rely on low-power protocols such as Bluetooth Low Energy (BLE), Zigbee, or Wi-Fi to transmit data to base stations, smartphones, or cloud servers. In high-density environments, where multiple devices operate concurrently, interference and data collisions can lead to packet loss or transmission lag. This challenge becomes more pronounced in real-time monitoring during team sports, where multiple athletes generate data streams simultaneously. Ensuring low-latency transmission with minimal data loss requires robust communication protocols and adaptive buffering strategies that manage data flow without overwhelming receivers. Power consumption remains a persistent challenge in wearable and portable monitoring systems. Continuous operation of sensors, microcontrollers, communication modules, and storage units consumes significant energy, particularly under high sampling and transmission loads. In sports settings where charging access is limited, battery life directly affects the duration of monitoring. Designers must optimize power usage through duty-cycling, energy-efficient hardware, and dynamic power management strategies. Deep learning models deployed on edge devices also contribute to energy demand, prompting the need for model compression and computational efficiency.
Environmental conditions introduce variability in sensor performance. Humidity, temperature, electromagnetic interference, and lighting can influence signal stability. For example, ambient light or skin pigmentation can affect optical heart rate sensors, while GPS accuracy may degrade under heavy foliage or inside buildings. Ensuring consistent signal quality across different environmental contexts requires careful sensor placement, shielding, and robust algorithms capable of adapting to fluctuating inputs. These conditions complicate real-time data interpretation and require rigorous validation before deploying systems in the field. Data storage and processing capacity are critical in high-frequency real-time systems. Continuous data streams demand significant memory and computational resources, especially when signals must be reprocessed, segmented, and analyzed on-device. Cloud-based systems offer scalability but introduce additional latency and dependency on stable internet connectivity. Hybrid architectures that combine edge computing with selective cloud offloading are being explored to manage processing loads while maintaining responsiveness. Efficient data compression, feature extraction, and model inference are required to ensure real-time responsiveness without sacrificing analytical depth.
Maintaining data security and privacy adds another layer of complexity. Athlete data often includes sensitive biometric and health-related information. Real-time systems must ensure encryption during transmission, secure storage, and compliance with data protection regulations. Implementing these safeguards without compromising latency or user experience presents a design challenge, particularly in competitive or public settings. Real-time data acquisition is a multifaceted challenge that requires carefully integrating hardware, software, and network components. Success depends on balancing speed, accuracy, reliability, and usability within the constraints of athletic environments. While technological advancements continue to improve system capabilities, ongoing innovation in signal processing, sensor design, synchronization algorithms, and power management remains essential to achieving dependable real-time monitoring solutions in sports science.
3. Signal Pre-processing and Feature Engineering
Signal pre-processing and feature engineering represent the initial and critical stages in the analysis pipeline for sensor data in athlete monitoring systems. Raw signals acquired from motion, physiological, and environmental sensors often contain noise, irregularities, and inconsistencies that hinder effective interpretation. Pre-processing techniques aim to enhance signal quality by eliminating unwanted components, aligning data streams, and scaling values into uniform formats. These operations establish a reliable foundation for subsequent analysis, ensuring noise and artefacts do not obscure meaningful physiological or biomechanical patterns. Feature engineering transforms these pre-processed signals into representative metrics or attributes highlighting key characteristics relevant to athletic performance. Well-engineered features improve the performance of classification, regression, and clustering models, serving as the bridge between raw data and decision-making frameworks. Tasks such as movement recognition, fatigue estimation, or injury risk detection require features that reflect dynamics across time, frequency, and spatial domains. These features can be manually selected based on domain knowledge or automatically extracted through advanced algorithms. Properly executed pre-processing and feature engineering improve model accuracy, reduce computational complexity, and increase interpretability. These stages turn sensor signals into actionable insights for performance optimization and health monitoring in sports environments.
3.1 Noise Reduction and Signal Normalization
Noise reduction is critical in pre-processing sensor data, particularly in athletic environments where motion artefacts, electromagnetic interference, and inconsistent sensor contact frequently corrupt raw signals. Athletic movements often involve sudden bursts of speed, impact, or multidirectional motion, which can introduce high-frequency noise and low-frequency drift in signals. These signals may become unusable without applying robust filtering techniques, misrepresenting actual athlete activity. Filters such as low-pass, high-pass, and band-pass are applied depending on the frequency characteristics of the noise. For instance, a low-pass filter effectively suppresses transient spikes in accelerometer data that may result from vibrations or sudden jolts. In contrast, high-pass filters remove slow-changing artefacts caused by sensor misalignment or body posture changes. Kalman filters dynamically to estimate system states and is well-suited for real-time motion data fusion. These are commonly applied to improve orientation tracking through sensor fusion, especially in Inertial Measurement Units (IMUs) scenarios. Wavelet denoising offers significant advantages in physiological signals such as surface electromyography or electrocardiography. It decomposes the signal into multiple frequency components, selectively removing noise without distorting informative elements like muscle bursts or cardiac cycles. Effective noise reduction enhances the clarity of movement or physiological signals, enabling better interpretation in later processing stages.
Signal normalization addresses the variability across sensor outputs caused by different sensor types, individual physiology, and equipment placement. Normalization ensures that each sensor’s data range does not bias the model or mislead analytical outcomes. For example, accelerometer readings from two athletes performing identical actions may differ in scale due to mass, limb length, or sensor positioning differences. Without normalization, these variations can degrade classification accuracy or obscure physiological trends. Min-max normalization is widely applied, converting raw signal values into a bounded range between 0 and 1, which preserves the signal’s shape while removing unit-based disparities. Z-score normalization is another popular technique, especially in machine learning applications. It transforms the signal into a distribution with a mean of zero and a standard deviation of one, emphasizing deviations from the average and ensuring statistical comparability across datasets. Temporal normalization is also critical when signals differ in duration. For example, activities like sprinting or jumping may vary in time across trials, so segmentation into fixed-length windows helps standardize feature computation. This improves consistency when inputting signals into deep learning models, which expect uniformly sized input tensors.
Beyond basic normalization, additional processes such as outlier correction and artefact rejection play vital roles in preserving data quality. Outliers often result from temporary sensor malfunction, abrupt environmental changes, or physical disconnections. These anomalies distort overall signal characteristics and introduce significant errors in model training or real-time inference. Statistical techniques, including median filtering, interquartile range analysis, and moving average smoothing, are employed to identify and correct outliers without compromising the underlying physiological signal. Signal clipping is another method to prevent extreme values from skewing the dataset. This technique sets pre-defined thresholds, ensuring signal amplitudes remain within realistic physical bounds based on prior domain knowledge. Interpolation techniques may be applied in cases of missing data, particularly in wireless transmission where packet loss occurs. Linear, spline, or polynomial interpolation fills these gaps to restore signal continuity in real-time systems requiring uninterrupted data streams.
Normalization must also address differences in sensor sensitivity and signal resolution. Some devices sample at higher frequencies or offer finer granularity than others, leading to mismatched datasets. Resampling is performed to unify the data rate across all sensors, ensuring synchronization and compatibility. For example, a 100 Hz gyroscope signal may need to be downsampled or interpolated to match a 50 Hz EMG signal for combined feature extraction. Proper alignment of data streams is especially important in multi-modal analysis, where timing discrepancies between motion and physiological sensors could mislead interpretation. A normalized dataset that maintains inter-signal consistency while eliminating noise forms the foundation for accurate feature engineering. With high-quality input, subsequent models are more likely to detect true activity patterns, physiological responses, or deviations in form.
Together, noise reduction and signal normalization improve signal integrity, preserve meaningful patterns, and create consistency across data sources. These steps are indispensable in building robust analytical pipelines that support real-time feedback, athlete profiling, injury detection, and performance optimization. Without these pre-processing stages, even advanced deep-learning models will underperform due to flawed input data. For sports scientists, coaches, and engineers, ensuring clean and normalized signals is not just a preparatory step but a strategic requirement for any reliable athlete monitoring system.
3.2 Time and Frequency Domain Transformations 
Time and frequency domain transformations are crucial in analysing sensor data collected from athletic monitoring systems. Raw signals from inertial sensors, electromyography devices, or heart rate monitors contain patterns not always evident in their original time-series format. Time domain analysis focuses on interpreting variations in signal amplitude over a period, which helps detect changes in position, speed, or physiological activity. However, many useful characteristics are embedded in periodicities and frequency components that require frequency-based interpretation. Frequency domain transformations offer a different perspective by decomposing signals into their constituent frequencies, revealing hidden structures such as muscle activation rates, oscillatory behaviour, and fatigue patterns. These transformations are the foundation for deriving features that enhance classification, clustering, and prediction models. Applying both time and frequency domain approaches ensures that the analytical process captures short-term changes and long-term periodic trends. In sports performance contexts, such a dual perspective provides a more comprehensive view of biomechanical and physiological activity, supporting better assessment of movement quality, intensity levels, and neuromuscular fatigue. This approach strengthens the input for downstream tasks like performance evaluation, technique correction, injury prevention, and adaptive training interventions.
Time domain analysis represents the first stage of interpretation, where direct characteristics of the signal are observed without transforming it into another space. Metrics such as mean, root mean square (RMS), variance, zero-crossing rate, and signal amplitude provide insights into the intensity, consistency, and symmetry of movement or muscular activation. For instance, the RMS value of an accelerometer signal can indicate overall movement energy, while the number of zero crossings in an EMG signal may correlate with muscle contraction bursts. These features are computationally efficient and easily interpretable, making them suitable for real-time applications and initial screening. Autocorrelation functions assess periodicity within time-domain signals, revealing repetitive patterns such as gait cycles, stride lengths, or jump repetitions. Although these features provide essential baseline information, they may fall short in distinguishing complex or subtle variations in activity patterns, especially in multifactorial movements common in sports. For this reason, time domain analysis is often supplemented with frequency-based transformations that reveal additional layers of information that are not easily detectable in raw time-series signals.
Frequency domain transformations provide a means to analyze how the energy of a signal is distributed across different frequency bands. The Fast Fourier Transform (FFT) is the most common method, which decomposes a time-series signal into its frequency components. This process is particularly valuable for identifying dominant frequencies in repetitive movements, such as running or cycling, where cadence and rhythm affect performance. In EMG analysis, frequency content can indicate muscle fatigue by tracking a shift in spectral power toward lower frequencies. Similarly, heart rate signals can be assessed for frequency fluctuations that reflect autonomic nervous system activity changes. Power spectral density (PSD) estimates offer insight into the energy distribution of signals, helping to identify frequency bands associated with different movement intensities or physiological states. Although FFT assumes signal stationarity, this assumption may not always hold in athletic environments, where dynamic movements and transitions between activities are frequent. Consequently, techniques that support time-frequency analysis are required to address this limitation.
Short-Time Fourier Transform (STFT) and Wavelet Transform (WT) are widely used techniques that provide both time and frequency resolution. STFT involves segmenting the signal into fixed-length overlapping windows and applying FFT within each window. This method offers a time-resolved spectral view but trades off temporal and frequency precision. It is useful in capturing transient events such as start-stop movements or sudden bursts of muscular activity. However, the fixed window length may limit its effectiveness in signals with short and long-duration features.
On the other hand, Wavelet Transform adapts resolution based on frequency, offering higher time resolution at higher frequencies and better frequency resolution at lower frequencies. This multi-resolution capability makes WT highly effective in analyzing non-stationary signals like EMG or gyroscope data. Different mother wavelets, such as Daubechies or Morlet, are selected based on the characteristics of the signal being analyzed. The discrete wavelet transform (DWT) and continuous wavelet transform (CWT) variants serve different analytical goals. DWT is often preferred in feature extraction pipelines, and CWT is used for detailed visualization or exploratory analysis.
Transforming sensor data into the frequency domain or time-frequency representations significantly enhances the depth of analysis by revealing cyclic patterns, hidden oscillations, and spectral shifts. These transformations are instrumental in distinguishing between similar-looking activities that differ in intensity or rhythm. In practical sports applications, this allows systems to identify early signs of fatigue, inefficiencies in form, or deviations from optimal performance profiles. Moreover, frequency-domain features often exhibit better robustness against noise and artefacts than time-domain features, making them suitable for real-world data captured in uncontrolled athletic environments. Transform domain features are also crucial in training machine learning and deep learning models, as they provide discriminative attributes that enhance classification and regression performance. Selecting the appropriate transformation method depends on the signal type, analysis objectives, and computational constraints. In high-performance environments where immediate feedback is necessary, lightweight frequency-based metrics are used, while offline systems benefit from more computationally intensive transformations like CWT. Proper application of time and frequency domain techniques ensures a comprehensive, noise-resilient, and interpretable representation of athlete sensor data, forming the analytical backbone of performance monitoring and real-time decision systems.
3.3 Feature Extraction for Activity Patterns
Feature extraction bridges raw or pre-processed sensor signals and machine-learning models that interpret activity patterns. In the context of athlete monitoring, sensors generate vast streams of time-series data reflecting motion, muscle activity, heart rate, pressure, and more. Although rich in information, these signals require transformation into representative features that summarize key aspects of movement and physiological states. Feature extraction identifies relevant attributes from the signal that facilitate pattern recognition, classification, prediction, or anomaly detection. These features condense thousands of raw data points into a manageable set of informative descriptors. Effective features distinguish between similar actions, detect performance deviations, and highlight changes in athlete status. The extraction process involves domain-specific knowledge and algorithmic strategies to ensure features are sensitive to relevant variations and robust to noise or individual differences. Features can be extracted in the time domain, frequency domain, or time-frequency domain, depending on the nature of the activity and the signal characteristics. These extracted parameters support the development of intelligent systems capable of recognizing complex movement patterns, identifying fatigue, assessing effort, or signalling potential risks during training or competition. The quality and relevance of extracted features significantly impact the success of any model applied in the performance monitoring pipeline.
Time domain features are widely used due to their computational efficiency and direct relationship with signal amplitude and structure. These features capture statistical properties of the signal, such as mean, variance, standard deviation, root mean square (RMS), skewness, kurtosis, and interquartile range. In accelerometer or gyroscope signals, RMS values reflect movement intensity, while peak-to-peak amplitude indicates the extent of motion. Zero-crossing rate and waveform length offer insights into the frequency and complexity of movement sequences. In electromyography signals, mean absolute value (MAV) and integrated EMG (IEMG) are used to quantify muscle activation levels and duration. These features support movement classification, phase detection, and workload estimation tasks. Time-domain features are easy to compute in real-time systems and effectively identify repetitive or discrete actions like walking, jumping, or cycling. Although they may not capture frequency-specific nuances, they provide a reliable foundation for many activity recognition models, especially in mobile or embedded settings. Their simplicity and direct interpretability make them useful for initial analysis and rapid prototyping of athlete monitoring applications where low latency and energy efficiency are critical.
Frequency domain features provide a more granular view of signal behaviour by analyzing spectral components. These features are derived using Fast Fourier Transform (FFT), Power Spectral Density (PSD), or Wavelet Decomposition transformations. Key attributes include spectral entropy, energy distribution across frequency bands, dominant frequency, mean frequency, and spectral centroid. In sports applications, these features help differentiate between high-frequency bursts of motion and sustained low-frequency actions. For instance, EMG signals exhibit a shift in spectral power during muscle fatigue, moving from higher to lower frequency ranges. Monitoring such trends enables early detection of fatigue, allowing for training intensity or duration adjustments. Spectral entropy measures signal unpredictability, which can reveal changes in neuromuscular control. Frequency domain features are particularly useful in detecting subtle variations in repetitive actions that may not be evident in time-domain metrics. Although more computationally demanding, these features offer increased sensitivity to complex signal characteristics and support enhanced accuracy in deep learning models trained to recognize nuanced activity variations. Their utility is further enhanced with time-domain features to create comprehensive hybrid feature sets that improve pattern differentiation and generalization.
Time-frequency domain features offer the most flexible representation of signals that change dynamically over time. These features are extracted using techniques such as Short-Time Fourier Transform (STFT) or Continuous Wavelet Transform (CWT), which preserve temporal and spectral information. This dual representation is crucial in athletic environments where movements are non-stationary and rapidly evolving. Features such as wavelet coefficients, time-varying energy maps, and scale-specific entropy provide rich information about the timing and intensity of specific signal components. For example, in multi-phase actions like sprinting followed by deceleration, time-frequency features help isolate the different biomechanical demands of each phase. Similarly, complex sports movements like a tennis serve or gymnastics routines exhibit abrupt transitions and sustained postures requiring multi-resolution analysis. These features improve the capacity of classifiers to detect compound activities and distinguish between transitions, phases, or performance irregularities. Time-frequency features are also useful for anomaly detection, where unexpected deviations from expected energy distributions signal potential injuries, inefficiencies, or technical faults. Although they require greater computational resources and more sophisticated interpretation, time-frequency domain features enable higher granularity and precision in activity recognition systems, supporting advanced analytics in elite sports contexts.
Automated feature extraction through deep learning has become increasingly prominent in athlete monitoring systems. Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs) can learn complex representations directly from raw or minimally processed data. These architectures eliminate the need for handcrafted features by identifying spatial or temporal patterns within the data. In CNNs, feature maps generated through convolutional layers highlight movement transitions, muscle bursts, or periodicity in time-series inputs. RNNs, especially LSTM and GRU models, capture temporal dependencies and effectively model sequential activities. Despite their advantages, these models require large datasets and computational infrastructure for training. They also pose challenges in interpretability, as the learned features are not explicitly labelled.
Nevertheless, hybrid approaches that combine deep feature learning with traditional statistical features are gaining popularity. These systems use manually engineered features to guide or validate the patterns learned by neural networks, ensuring both accuracy and explainability. Whether handcrafted or automatically learned, features are foundational in determining how effectively a system can recognize, differentiate, and respond to athletic activities. Well-designed feature extraction strategies ensure monitoring systems can deliver actionable insights, supporting data-driven training, recovery, and performance enhancement.
4. Deep Learning Architectures for Signal Analysis 
Deep learning architectures offer powerful solutions for analyzing complex signals captured from athlete activity sensor systems. These architectures can learn high-level abstractions and discover latent patterns directly from raw or minimally processed sensor data. Unlike traditional machine learning models, which depend heavily on handcrafted features, deep learning models automatically extract meaningful representations through a hierarchical learning process. This allows for improved accuracy, robustness to noise, and scalability across multiple sports domains. Different architectures are tailored for different analytical needs. Convolutional Neural Networks (CNNs) are designed to capture spatial dependencies and are highly effective in identifying patterns within time-series data and multi-dimensional sensor inputs. Recurrent Neural Networks (RNNs), including their advanced variants like Long Short-Term Memory (LSTM) and Gated Recurrent Units (GRUs), are well-suited for sequential signal modelling, especially in recognizing time-varying activities. Hybrid models that integrate convolutional and recurrent layers offer the advantage of concurrently extracting spatial and temporal features. Applying deep learning models in athlete monitoring supports tasks such as movement classification, fatigue detection, injury risk prediction, and performance evaluation. The adaptability of these architectures makes them ideal for real-time, scalable, and personalized analytics in both elite and amateur sports performance contexts.
4.1 Convolutional Models for Spatial Features
Convolutional Neural Networks (CNNs) have become foundational tools in processing spatial features from time-series sensor data, especially in athlete activity monitoring. CNNs are particularly effective at recognizing localized patterns, spatial hierarchies, and invariance within data streams collected from wearable and embedded sensors. Originally developed for image recognition tasks, CNNs have been successfully adapted to handle one-dimensional (1D) sensor signals such as accelerometry, gyroscopic measurements, electromyography (EMG), and electrocardiography (ECG). These models apply convolutional filters across the input data to extract spatial features representing physical events such as muscle activations, limb accelerations, or pressure changes. The filters operate in a sliding window, learning characteristic signal shapes, including peaks, valleys, and trends corresponding to specific athletic movements or physiological responses. This process enables the network to detect motion or exertion changes and differentiate between various movement classes or performance levels. CNNs can learn low-level features, such as amplitude changes and high-level abstractions, such as repetitive movement cycles. In sports applications, this results in accurate recognition of motion primitives, effective segmentation of multi-phase actions, and enhanced detection of form deviations, all of which contribute to real-time feedback and performance optimization.
A typical CNN architecture includes convolution, pooling, and activation layers, which work together to process input signals through hierarchical stages. Convolutional layers apply multiple kernels that detect patterns of interest, while pooling layers reduce dimensionality and computational load by summarizing adjacent outputs, thus increasing robustness against noise and irrelevant fluctuations. Activation functions such as ReLU (Rectified Linear Unit) introduce non-linearity, enabling the network to model complex relationships in the input data. The outputs of multiple convolutional and pooling layers are often flattened and connected to fully connected layers that perform classification or regression tasks. In athlete monitoring, this structure enables CNNs to learn discriminative representations for sprinting, jumping, cutting, or fatigue-induced gait changes. When applied to multi-sensor inputs, CNNs can either process individual sensor streams independently or fuse them in early or intermediate stages of the network, depending on the desired level of integration. This flexibility makes CNNs suitable for single-modal and multi-modal signal analysis, facilitating comprehensive modelling of athlete dynamics across spatial and physiological dimensions.
One of the key advantages of CNNs is their translational invariance, which allows the model to recognize patterns regardless of their position in the input sequence. This means that an activity such as a jump or step will be detected accurately, even at different time points across sessions or individuals. This property enhances generalizability, particularly in real-world settings where activity timing may vary across athletes or trials. CNNs also require fewer parameters than fully connected networks of similar depth, reducing the risk of overfitting and enabling deployment on low-power devices used in field monitoring. Training CNNs on labelled sensor datasets results in models capable of automatic movement classification, workload estimation, and movement quality assessment. Transfer learning techniques are also employed to adapt pre-trained CNNs to specific sports domains, reducing the data requirements for new applications while maintaining accuracy.
Recent advancements have introduced architectural enhancements such as dilated convolutions, residual connections, and depthwise separable convolutions. Dilated convolutions allow CNNs to expand their receptive field without increasing computation, enabling better modelling of long-range dependencies in sensor signals. Residual connections facilitate the training of deeper networks by preserving gradient flow, which is particularly useful for modelling complex athletic tasks involving multiple joints or muscle groups. Depthwise separable convolutions reduce the computational cost further, making CNNs viable for mobile and embedded deployment in wearable systems. These innovations expand the capability of CNNs beyond basic motion classification toward more sophisticated functions such as automatic phase detection in dynamic activities, form evaluation in skill-specific tasks, and early identification of compensatory movement patterns that indicate fatigue or imbalance. Through effective spatial pattern recognition and computational efficiency, CNNs remain a cornerstone in developing intelligent systems for athlete signal analysis and real-time feedback delivery.
4.2 Recurrent Models for Sequential Dependencies
Recurrent Neural Networks (RNNs) are designed to model sequential data by retaining information from previous time steps and using it to influence the interpretation of current inputs. This architecture is especially well-suited for processing time-series sensor data, where the current value often depends on historical observations. In the context of athlete monitoring, sensor outputs such as acceleration, gyroscopic motion, heart rate, or muscle activity evolve continuously across time. These outputs exhibit temporal dependencies critical for identifying activity phases, transitions, and anomalies. RNNs address this challenge by maintaining hidden states that act as memory, enabling the model to capture short-term and long-term patterns across sequences. This sequential memory capability makes RNNs highly effective for applications like activity segmentation, fatigue progression analysis, and gait cycle recognition. Standard RNNs, despite their conceptual advantages, suffer from vanishing and exploding gradient problems during training, especially when modelling long sequences. These limitations reduce their effectiveness in complex sports environments involving high temporal variability and extended durations. To overcome this, advanced RNN variants such as Long Short-Term Memory (LSTM) networks and Gated Recurrent Units (GRUs) have been developed, improving memory retention and training stability by introducing gating mechanisms.
Long Short-Term Memory (LSTM) networks are the most widely used RNN variant for sports signal processing due to their ability to model long-range dependencies and resist gradient-related issues. Each LSTM unit consists of input, forget, and output gates, which regulate the flow of information into and out of the memory cell. The input gate decides which new information to store, the forget gate controls what past information to discard, and the output gate determines what to pass forward. This structure allows LSTM networks to remember important information and selectively ignore irrelevant or noisy data. In athlete monitoring applications, LSTM models predict activity sequences, detect transitions between motion states, and estimate fatigue or performance decline over time. For instance, LSTM networks can differentiate between acceleration, steady pace, and deceleration phases during a running session by recognizing recurring temporal signatures. This information supports performance evaluation, technique correction, and workload management. Furthermore, LSTMs have been employed in sports rehabilitation to track recovery trajectories, assess joint coordination over time, and monitor adherence to prescribed movement protocols. Their ability to adapt to temporal variations and preserve temporal context makes them valuable short-term and longitudinal monitoring tools.
Gated Recurrent Units (GRUs) simplify the LSTM architecture while maintaining similar performance in many scenarios. GRUs combine the forget and input gates into a single update gate and use a reset gate to manage memory content. This streamlined design reduces computational load and training time, making GRUs suitable for edge computing and real-time feedback systems deployed in wearable athlete monitoring devices. GRUs perform particularly well in tasks involving moderate-length sequences or constrained datasets. GRUs are used for continuous activity recognition, real-time feedback generation, and motion anomaly detection in real-world sports environments. For example, in basketball or soccer, where athletes perform a wide range of movements in short bursts, GRUs efficiently classify dribbles, sprints, passes, and jumps based on temporal signal patterns. Their lightweight nature makes them deployable on embedded platforms with limited processing capacity. This capability supports mobile applications that deliver personalized training guidance, posture alerts, or exertion warnings based on sequential sensor readings. GRUs also offer resilience to sensor noise and missing data, common in high-movement scenarios, by effectively leveraging available temporal context during inference.
Bidirectional RNNs, including Bidirectional LSTMs and GRUs, further enhance temporal modelling by processing sequences in both forward and backward directions. This dual processing enables the model to use past and future context, especially offline analysis or post-training evaluations. In athlete signal processing, bidirectional models are used to analyze entire training sessions, evaluate motion cycles with high accuracy, and identify transitions with increased temporal precision. This approach supports detailed technique analysis, such as decomposing a swimming stroke or dissecting a gymnastics sequence into micro-movements. Although unsuitable for real-time applications where future data is unavailable, bidirectional RNNs offer unparalleled insight into retrospective performance assessments. These networks are particularly useful in performance diagnostics and biomechanical research, where full-sequence visibility enables comprehensive modelling of motion dependencies.
Integrating recurrent models with attention mechanisms enhances their performance by allowing the model to focus on the most relevant time steps or signal segments during analysis. Attention layers assign weights to each time step, guiding the model’s focus toward areas of interest. In athlete monitoring, this mechanism highlights significant moments in a training sequence, such as peak exertion, form breakdown, or sudden deceleration. Attention-based recurrent models have demonstrated improved interpretability, helping coaches and analysts understand which parts of the signal contributed to the model’s prediction. This feature supports trust, transparency, and practical utility in high-stakes environments where decisions affect athlete health and performance.
Recurrent models, through their ability to learn complex temporal dynamics and retain contextual information, are vital tools in deep learning for athlete activity sensor systems. Whether implemented through LSTM, GRU, or attention-enhanced architectures, these models enable accurate recognition of movement sequences, robust tracking of performance indicators, and predictive insight into training outcomes. Their adaptability to both real-time and retrospective analysis makes them essential for building intelligent systems that support precision coaching, injury prevention, and evidence-based athletic development.
4.3 Hybrid Deep Learning Frameworks 
Hybrid deep learning frameworks combine multiple neural network architectures to exploit the strengths of each and address the limitations inherent in using a single model type. These frameworks are especially valuable in athlete activity signal processing, where sensor data is complex, multi-dimensional, and temporally variable. Hybrid frameworks can extract spatial features while simultaneously modelling temporal dependencies by integrating models such as Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs). This dual processing capability enables accurate classification, prediction, and anomaly detection in athlete monitoring applications. In practice, the CNN component captures local patterns in the input signal, such as bursts in EMG data or impact signatures in accelerometry.
In contrast, the RNN component captures sequence-level patterns and temporal transitions. These capabilities allow the system to interpret the immediate signal behaviour and the evolving dynamics. The integration is typically implemented by placing CNN layers ahead of RNN layers in the network architecture. This setup allows the output of the convolutional blocks to serve as a compact and feature-rich sequence input for the recurrent blocks. The hybrid structure improves accuracy in tasks like movement recognition, fatigue prediction, and multi-phase activity segmentation under real-world sports conditions.
In athlete monitoring systems, hybrid frameworks are deployed to recognise complex movement sequences that involve localized motion details and extended temporal context. One application involves identifying and classifying composite activities in sports such as tennis, where a serve involves coordinated arm rotation, leg positioning, and body torsion over time. A CNN layer can identify the spatial characteristics of limb acceleration, while an LSTM layer can capture the evolution of these features through the full motion sequence. This layered approach ensures that small-scale spatial patterns do not lose relevance in longer sequences. Another example is running gait analysis, where joint angles, stride symmetry, and muscle activations are evaluated over time. The CNN component recognizes deviations in joint kinematics at each step, and the RNN tracks whether these deviations persist or evolve, indicating fatigue or asymmetry. This hybrid approach supports early injury prediction, post-injury recovery tracking, and long-term biomechanical profiling. By effectively modelling spatial and temporal domains, hybrid architectures accommodate the signal complexities associated with different sports, activities, and athlete profiles.
Some hybrid models also incorporate attention mechanisms, creating tri-architectural systems that leverage CNNs, RNNs, and attention layers. This design places attention modules after the recurrent layer to highlight the most influential time steps in the network’s decision. This approach is especially helpful in sports where key performance indicators are embedded within brief, high-intensity moments of a larger activity sequence. For example, in a volleyball spike or a basketball jump shot, a brief explosive movement can determine the outcome of the entire sequence. Attention mechanisms allow the hybrid model to assign higher relevance to those brief critical instances, thereby improving interpretability and diagnostic accuracy. This tri-level hybridization improves classification performance and supports the development of explainable AI systems in sports, allowing coaches and practitioners to understand which aspects of an athlete’s performance require adjustment. These systems generate heatmaps, saliency maps, or attention scores that visualize what the model deems important, bridging the gap between raw signal analysis and actionable feedback.
Hybrid frameworks are also advantageous in multi-sensor fusion scenarios. Athlete monitoring often involves multiple sensor modalities, such as inertial measurement units, EMG sensors, and heart rate monitors. Each sensor type captures different aspects of physical activity, and combining their outputs can lead to more comprehensive insights. Hybrid models process each modality through specialized CNN branches, extract features independently, and then merge the outputs through concatenation or feature aggregation before feeding them into a unified recurrent layer. This structure allows the system to respect the individual characteristics of each sensor while still learning the interrelationships between them. For example, sudden heart rate spikes combined with lower-limb acceleration reductions may indicate cardiovascular overload or muscle fatigue. Multi-sensor hybrid models enable such insights by correlating events across spatial and temporal domains, improving the reliability of fatigue detection, exertion estimation, and activity recognition across different contexts.
In real-time systems, computational constraints must be addressed to ensure responsiveness. Hybrid models can be optimized for deployment on edge devices using techniques such as model pruning, quantization, and knowledge distillation. These approaches reduce the model size and inference time while retaining core performance characteristics. For example, convolutional filters with low importance are pruned, and recurrent layers are quantized into lower-precision formats to save memory. Edge-ready hybrid frameworks have been implemented in wearable systems to monitor training load, assess technique, and provide real-time feedback without cloud processing. These lightweight models are particularly useful in outdoor sports where network connectivity may be inconsistent, yet real-time feedback remains essential for performance adjustment and injury prevention.
Hybrid deep learning frameworks present a scalable, accurate, and flexible solution for interpreting complex athlete sensor data. Combining the strengths of different architectures and supporting multi-modal fusion enables the development of robust systems that accommodate diverse sporting demands and real-time performance needs. Their layered structure improves the granularity and context sensitivity of activity interpretation, making them indispensable in advanced athlete monitoring platforms. These models are powerful and adaptable to evolving demands in sports science, rehabilitation, and training optimization, providing a blueprint for the next generation of intelligent performance analysis tools.
5. Applications in Athlete Performance and Health 
Deep learning-based signal analysis transforms raw sensor data into actionable insights for enhancing athlete performance and safeguarding health. Applications of these models extend beyond activity tracking into complex domains such as fatigue detection, injury prevention, performance optimization, and personalized skill development. Deep learning systems objectively evaluate physical exertion, movement efficiency, and physiological state by interpreting signals from wearables and embedded devices. This data-driven approach enhances the accuracy of athlete assessments by reducing dependence on subjective judgment. Whether in professional, amateur, or rehabilitation settings, intelligent models interpret real-time and historical patterns to monitor workload, detect anomalies, and guide decision-making. Activity classification models identify technical precision, while recurrent and hybrid frameworks detect progressive changes such as fatigue or form deviation.
Furthermore, adaptive feedback mechanisms deliver personalized recommendations that align with an athlete’s physical capacity and performance goals. These capabilities empower coaches and medical teams to tailor training, recovery, and risk management strategies. Integrating sensor analytics into everyday sports practice has created new opportunities for performance benchmarking, biomechanical modelling, and early intervention. Deep learning frameworks are at the forefront of this transformation, providing consistent, scalable, and individualized solutions for improving athletic outcomes and maintaining health integrity.
5.1 Activity Recognition and Skill Assessment 
Activity recognition and skill assessment form the foundation of intelligent athlete monitoring systems. Deep learning models trained on sensor data captured from body-worn devices can accurately classify various activities, including walking, sprinting, squatting, cycling, and jumping. These models identify specific motion patterns by analyzing temporal, spatial, and frequency characteristics of signals collected from accelerometers, gyroscopes, EMG sensors, or GPS modules. Convolutional models capture localized variations such as foot strikes or arm swings, while recurrent models track transitions and temporal dependencies to segment multi-phase movements. The outcome is a precise identification of movement types and their respective intensities. Beyond recognizing basic activities, these systems evaluate technical execution through quantitative metrics such as joint symmetry, movement variability, and timing accuracy. Skill assessment involves comparing performance data against established baselines or expert models, enabling personalized feedback and targeted intervention. This process assists coaches in identifying skill gaps, movement inefficiencies, or asymmetries that could lead to performance decline or injury risk. Advanced systems also differentiate between expert and novice patterns, supporting training programs tailored to specific proficiency levels. With scalable deployment across training and competition environments, activity recognition and skill assessment technologies have become integral to evidence-based performance evaluation and individualized athlete development.
5.2 Fatigue, Stress, and Injury Monitoring
Fatigue, stress, and injury monitoring are critical components in maintaining athlete health, optimizing training loads, and minimizing downtime caused by physical overexertion. Advanced deep learning frameworks facilitate continuous monitoring by analyzing physiological and biomechanical signals collected from wearable sensors. These systems can identify early indicators of fatigue, detect deviations in performance consistency, and alert to potential stress accumulations that precede injury. By interpreting time-series data through temporal modelling, neural networks detect subtle changes in gait, posture, muscle activation, or cardiovascular rhythms that human observation may overlook. These minor but progressive deviations often reflect neuromuscular inefficiency, reduced joint stability, or compensatory movement strategies—precursors to injury if left unaddressed. Deep learning models trained on annotated datasets can learn these progressive patterns and trigger timely alerts for intervention. Such automated detection mechanisms enhance decision-making by reducing reliance on subjective self-reporting or post-session assessments, thus enabling preemptive action based on objective metrics. These systems provide real-time insights during training and competition, allowing coaches and sports medicine professionals to make data-informed decisions that balance performance gains with recovery demands and injury avoidance.
Fatigue monitoring using deep learning approaches typically involves modelling patterns in EMG signals, joint kinematics, and heart rate variability (HRV) across time. Recurrent architectures such as LSTMs effectively capture changes in these variables over extended durations. For example, a decrease in EMG signal frequency or amplitude over time often reflects localized muscle fatigue, while increased signal variability may suggest declining neuromuscular control. Similarly, reductions in stride length or joint range of motion are associated with lower limb fatigue. Once modelled accurately, these indicators allow systems to flag athletes who require recovery or modified training loads. Monitoring HRV offers insight into central fatigue, highlighting autonomic nervous system imbalances that result from cumulative physical or psychological stress. Deep learning frameworks detect patterns in inter-beat intervals and respiratory signals to infer mental and physiological fatigue levels. This multi-level analysis supports a holistic view of athlete readiness and informs individualized recovery protocols, nutrition plans, and rest cycles. In high-performance settings where marginal gains matter, fatigue monitoring becomes essential in protecting long-term athlete viability and ensuring optimal competition preparedness.
Stress monitoring in athletic environments involves recognizing physiological responses associated with psychological load, cognitive demand, and emotional fluctuations. Sensor-based stress detection uses biosignals such as galvanic skin response (GSR), heart rate, respiration rate, and skin temperature to quantify stress levels. These signals are often noisy and context-dependent, making traditional analysis difficult. Deep learning models overcome these limitations by learning discriminative patterns correlating with stress states across various activities and conditions. Attention-based models further enhance interpretability by focusing on signal segments most indicative of stress, helping distinguish between physical exertion and psychological pressure. This capacity is particularly useful in sports requiring mental resilience, such as shooting, archery, or competitive team games under high-pressure scenarios. Stress monitoring models can be embedded into smart wearables, offering silent and continuous feedback to athletes and coaches. These insights are used to regulate training environments, reduce performance anxiety, and prepare athletes for psychological demands during competition. Managing stress preserves mental well-being and reduces the likelihood of physical injury, as cognitive overload often leads to impaired motor coordination and decision-making during high-speed or high-risk activities.
Injury monitoring integrates fatigue and stress analysis outputs and biomechanical assessments to detect early warning signs of potential physical damage. Wearable sensors at critical anatomical sites collect data on joint angles, impact forces, acceleration spikes, and motion asymmetry. Deep learning models trained to detect abnormal deviations from an athlete’s baseline patterns can identify signs of overuse or biomechanical compromise. CNNs extract spatial features from multi-sensor data, such as changes in force distribution or load asymmetry, while RNNs capture how these features evolve. Together, these models produce risk scores or classification outputs that indicate the likelihood of injury occurrence. This continuous evaluation supports return-to-play decisions in rehabilitation and guides load management during intense training cycles. Moreover, these models assist in differentiating between adaptive training-induced changes and those that require intervention. Visualizations generated from model outputs support collaboration among coaches, physiotherapists, and sports physicians, who can jointly interpret findings and plan response strategies. These systems reduce the dependence on imaging techniques or manual testing, which are time-consuming and not always feasible during competition or field training sessions.
Personalization of injury monitoring systems enhances their effectiveness. Deep learning frameworks can be trained on athlete-specific data to create customized risk models that reflect unique biomechanics, training history, and prior injury occurrences. This individual calibration ensures higher sensitivity and specificity, enabling systems to detect relevant deviations without false alarms. Transfer learning techniques support these personalized models by adapting pre-trained networks to smaller individual datasets. These athlete-specific models are used for longitudinal tracking, enabling comparisons between sessions, seasons, or training regimens. Over time, these systems evolve into comprehensive digital health profiles that support evidence-based training and rehabilitation planning. When integrated with cloud infrastructure, injury monitoring systems offer centralized access to historical and current performance data, facilitating multi-disciplinary collaboration and long-term athlete care.
Monitoring fatigue, stress, and injury risk through deep learning represents a shift from reactive to proactive athlete health management. These intelligent systems detect and predict potential issues and guide informed interventions that reduce physical strain, prevent downtime, and enhance overall performance sustainability. By leveraging data from wearable sensors and applying advanced learning models, sports professionals gain access to accurate, scalable, and real-time tools for preserving athlete health. These capabilities contribute to a safer, more efficient training ecosystem where performance optimization and health preservation coexist through continuous, evidence-based monitoring.
5.3 Adaptive Feedback Systems for Athletes
Adaptive feedback systems form a core component of intelligent athlete monitoring platforms by translating real-time sensor data into meaningful, personalized guidance. These systems continuously interpret biomechanical, physiological, and performance-related signals, using deep learning models to adapt feedback based on the athlete’s current condition and performance trends. Unlike static coaching protocols or pre-defined training regimens, adaptive systems update recommendations dynamically in response to contextual variables such as fatigue, environmental conditions, or recovery status. This level of personalization enhances training efficiency by ensuring that the type, intensity, and duration of feedback match the athlete’s needs in real-time. Feedback can be auditory, visual, or haptic and is often delivered through mobile applications, wearables, or augmented reality interfaces. These systems monitor progress and shape behaviour by reinforcing proper form, pacing, and movement strategies. By leveraging the predictive capabilities of deep learning, adaptive feedback ensures that athletes receive context-sensitive cues, allowing for continuous improvement and injury mitigation. Integrating such systems into everyday training environments supports a transition from reactive to proactive performance management, offering tailored support that scales across sports disciplines and experience levels.
Deep learning frameworks used in adaptive feedback systems typically involve a combination of convolutional and recurrent architectures to extract spatial and temporal patterns from raw sensor data. These models detect key real-time performance indicators (KPIs), such as stride length, impact force, acceleration profile, heart rate variability, and EMG activation. Once a deviation from optimal patterns is detected, the feedback engine evaluates that deviation’s severity, frequency, and trend. For instance, if athletes demonstrate asymmetry in ground reaction force during sprinting, the system may alert them to adjust foot placement or cadence. If such deviations persist, the system may recommend rest or rehabilitation. Unlike traditional threshold-based systems, which offer generic alerts, deep learning-based feedback mechanisms use historical context, adaptive baselines, and predictive modelling to determine the most appropriate response form. These models can learn what constitutes normal or optimal performance for each athlete, improving the relevance and accuracy of feedback over time. As the model encounters more data from different training sessions, it updates its parameters to capture intra-individual variability and contextual dependencies better.
One of the significant advantages of adaptive feedback systems is their capacity to integrate multi-modal sensor data. Performance in sports such as rowing, gymnastics, or triathlon depends on the interplay between multiple physiological and biomechanical systems. A well-designed adaptive feedback system can simultaneously process input from inertial sensors, heart rate monitors, EMG devices, and environmental sensors. Deep learning models trained on this integrated data can assess coordination, energy expenditure, and efficiency across movement sequences. For example, if the model detects increased muscle activation without a corresponding improvement in output, it may indicate neuromuscular fatigue. In this case, the system may recommend reducing workload or shifting focus to technical drills. Such adaptive strategies preserve physical integrity and help athletes maximize output within safe and sustainable boundaries. These insights can be delivered in real-time, allowing for immediate corrections or post-session, supporting reflective practice and performance planning. Multi-modal fusion further enhances system reliability by compensating for sensor dropout or noise in one channel using corroborative data from another, ensuring continuity and robustness in feedback delivery.
Adaptive feedback systems also support skill acquisition and motor learning through guided repetition and correction. In the early stages of training, athletes often require high-frequency feedback to develop proper mechanics and awareness. Deep learning systems can identify consistent errors, such as delayed joint coordination or poor limb alignment and reinforce correct patterns through prompt cues. Over time, as the athlete progresses, the frequency and specificity of feedback can be reduced, promoting autonomy and internalization of skills. This feedback-fading strategy is grounded in motor learning theory and enhances long-term technique retention. Adaptive systems also track progress longitudinally, comparing current metrics with prior baselines to measure improvement. This capacity for personalized tracking and calibration ensures that feedback remains relevant, engaging, and goal-oriented. In high-skill sports such as diving or martial arts, where technical precision is paramount, such adaptive models can identify micro-errors that accumulate over time and degrade overall performance. Addressing these issues promptly through feedback supports consistent refinement and excellence in execution.
Implementation of adaptive feedback systems requires careful attention to user interface design, feedback modality, and timing. Feedback must be delivered in a format that does not distract or overwhelm the athlete, particularly in high-intensity or competitive settings. Haptic feedback through vibration motors, visual feedback through augmented reality overlays, or auditory feedback through bone-conduction headsets are commonly used to ensure subtle yet effective communication. Feedback timing also plays a critical role—immediate feedback supports real-time correction, while delayed feedback facilitates post-session reflection and analysis. Deep learning models support both approaches by enabling configurable feedback modes based on session goals, athlete preference, and task complexity. Cloud-based systems also allow for remote monitoring and feedback delivery, extending the capabilities of coaches to track multiple athletes across different locations.
Adaptive feedback systems built on deep learning represent a major advancement in personalized coaching and performance optimization. These systems close the gap between data collection and actionable insight, enabling athletes to make informed adjustments with precision and confidence. Their ability to adapt to evolving performance trends, account for individual variability, and respond to real-time changes in sensor inputs makes them indispensable tools in modern athletic training. As these systems evolve, they will play an increasingly central role in designing intelligent, responsive, and scalable performance ecosystems that empower athletes to reach their full potential safely and efficiently.
6. Implementation and Real-World Integration
Implementing deep learning-based signal processing systems in real-world athletic environments involves the integration of hardware, software, and algorithmic models into practical and scalable frameworks. Wearable sensors must be ergonomically designed to ensure minimal interference with athletic performance while providing continuous, high-fidelity data. Data acquisition systems must operate reliably under diverse environmental and physical conditions, transmitting signals to processing units through secure, low-latency channels. The deep learning models, often trained offline using large datasets, must be optimized for deployment through pruning, quantization, or knowledge distillation to meet computational constraints in embedded or mobile platforms. System validation involves rigorous testing across multiple sports scenarios, ensuring generalizability, robustness, and user acceptance. Effective deployment also depends on intuitive user interfaces that translate model outputs into actionable insights for athletes, coaches, and medical personnel. Integration with existing training management platforms enables seamless data flow and historical analysis. Ethical considerations such as data privacy, consent, and transparency in decision-making must be addressed before widespread adoption. Real-world implementation transforms theoretical models into performance-enhancing tools, enabling informed decision-making and adaptive training strategies. These systems support continuous monitoring, timely intervention, and sustained improvement in athletic outcomes across diverse practice and competition settings.
6.1 System Design and Hardware Integration
System design and hardware integration form the technological foundation for deploying deep learning-enabled signal processing solutions in athlete monitoring systems. Effective system design enables seamless data acquisition, processing, storage, and feedback while ensuring minimal intrusion into the athlete’s natural movement. Successful implementation requires carefully selecting and integrating sensor hardware, embedded processors, communication protocols, and energy management components. Wearable sensors must be lightweight, durable, and ergonomically shaped to remain secure and comfortable during dynamic activities. These sensors are typically embedded with accelerometers, gyroscopes, magnetometers, EMG electrodes, heart rate monitors, or pressure-sensitive components. Their placement is guided by biomechanical considerations to capture relevant movement or physiological signals with high fidelity. Placement at joints, muscles, or the torso allows for detailed motion, exertion, and alignment tracking. The physical design must account for sweat, vibration, and environmental exposure without compromising signal quality. Materials used in sensor enclosures must offer flexibility and breathability while protecting the electronics from moisture and impact. Attachment mechanisms, such as compression sleeves or adhesive patches, must provide stability while minimizing skin irritation or signal loss due to displacement. All design aspects contribute to signal consistency and system usability across training and competition contexts.
Embedded processing units are the core computational engine for real-time analysis and decision-making in wearable systems. These processors must be capable of executing inferences from deep learning models while balancing memory, energy, and speed constraints. Microcontrollers with onboard DSP (Digital Signal Processing) capabilities commonly handle basic pre-processing, filtering, and segmentation tasks. More advanced systems incorporate edge AI accelerators capable of executing lightweight convolutional or recurrent neural networks on-device. Model optimization strategies such as pruning, weight quantization, and architecture compression enable complex deep-learning algorithms to function within the limits of wearable processors. These methods reduce the model’s size and minimize computational overhead without significantly compromising accuracy. Real-time inference ensures feedback systems operate without delay, offering instantaneous alerts or recommendations based on incoming signal patterns. Embedded firmware is designed to handle data buffering, power control, communication interfacing, and model execution with high reliability and fault tolerance. Modular design approaches further allow developers to update firmware or models over the air, enabling long-term flexibility and customization based on evolving athletic goals or medical needs.
Communication infrastructure forms a vital link between sensor hardware and processing or visualization platforms. Low-power wireless communication protocols such as Bluetooth Low Energy (BLE), Zigbee, or ANT+ transmit real-time data from wearables to mobile devices or cloud gateways. These protocols are selected based on their energy efficiency, range, and resistance to data loss in high-interference environments such as crowded training facilities or open-field sports arenas. In multi-sensor setups, synchronization protocols are critical to maintain temporal alignment between data streams, especially when fusing inputs from different body locations. Timestamping, clock calibration, and packet reconstruction are essential features embedded into the system design to preserve signal integrity. Battery life is another fundamental constraint in real-world integration. Sensor nodes must maintain sufficient uptime without frequent recharging or battery replacement. Power-efficient circuit design, intelligent sleep modes, and adaptive sampling strategies extend battery longevity without compromising data quality. Rechargeable batteries, energy-harvesting mechanisms, or wireless charging options are explored in advanced systems to support long-duration deployments. These hardware innovations ensure the system remains active, unobtrusive, and capable of supporting continuous performance monitoring over days or weeks.
Hardware integration also requires compatibility with data storage and visualization platforms. Wearable systems may transmit data to smartphones, tablets, or cloud servers where information is further aggregated, visualized, and analyzed. Compatibility with standard file formats and APIs ensures that data can be imported into athlete management systems, training software, or rehabilitation dashboards. Real-time visual feedback, progress tracking, and historical performance review depend on the seamless integration of hardware and software components. Custom user interfaces offer configurable dashboards that present key performance indicators in intuitive formats, supporting coaches, therapists, and athletes in interpreting the output. These interfaces provide interactive tools for session tagging, anomaly review, and feedback scheduling, enhancing the system’s overall usability. Secure encryption protocols are integrated at the hardware level to ensure the confidentiality and integrity of sensitive performance data during transmission and storage. Comprehensive system design and hardware integration ensure that intelligent monitoring platforms function reliably, adapt to various sports settings, and provide scalable solutions for precision training and health management.

6.2 Software Frameworks and Model Deployment 
Software frameworks and model deployment strategies are critical in operationalizing deep learning models for athlete signal processing within real-world environments. These frameworks are the backbone for developing, training, validating, and deploying algorithms capable of interpreting complex sensor data. The choice of a suitable framework depends on factors including computational efficiency, model optimisation support, hardware compatibility, and ease of integration into existing platforms. Popular frameworks such as TensorFlow, PyTorch, Keras, and ONNX offer extensive libraries for building deep learning architectures, including CNNs, RNNs, and hybrid models. These tools support model customization, data preprocessing pipelines, training visualization, and interoperability across different deployment environments. TensorFlow Lite and PyTorch Mobile are useful for deploying optimized models on mobile and embedded devices. These lightweight versions enable real-time inference on constrained hardware by reducing model complexity and memory footprint. Software development kits (SDKs) accompanying these frameworks offer APIs for sensor communication, model loading, inference execution, and output post-processing. These components facilitate the seamless integration of deep learning models into athlete monitoring applications, enabling continuous signal analysis, personalized feedback generation, and real-time decision-making under operational conditions.
Model deployment begins with data preprocessing pipelines that convert raw sensor signals into a format suitable for model input. These pipelines include filtering, normalization, segmentation, and feature engineering steps. In real-time systems, this preprocessing must occur with minimal latency, necessitating efficient implementations using signal processing libraries and hardware acceleration features. Once the data is prepared, it is fed into the deployed model for inference. Model deployment involves transferring a trained model from the development environment to the target device or platform. This process includes model quantization in embedded deployments, where floating-point weights are converted into lower precision formats such as INT8 to reduce computational load and energy consumption. Pruning techniques eliminate redundant neurons and layers, optimizing the model for runtime efficiency. In more powerful edge devices or cloud platforms, models may retain their original size, allowing for higher accuracy at the cost of energy and memory consumption. The model deployment also requires runtime environments that support executing deep learning models on different hardware architectures, including ARM processors, GPUs, or dedicated AI accelerators. These environments ensure compatibility between the software stack and hardware interfaces, guaranteeing stable and reliable performance during continuous monitoring.
Version control and continuous integration are essential to a robust model deployment strategy as deep learning models are updated based on new data or improved architectures, and version control systems such as Git track changes in model parameters, architecture definitions, and configuration files. Containerization tools like Docker enable consistent environments across development, testing, and production stages, minimizing deployment errors and compatibility issues. Continuous integration and deployment (CI/CD) pipelines automate the process of building, testing, and deploying new model versions. This automation allows frequent updates, supports agile experimentation, and ensures that models remain aligned with the latest training protocols and performance expectations. For athlete monitoring systems that evolve with changing training goals, environmental conditions, or user feedback, these CI/CD pipelines provide a scalable approach to maintain system accuracy and responsiveness. Logging and monitoring tools ensure deployed models perform as expected, allowing developers to detect drift, failures, or anomalies in predictions and take corrective actions as needed.
Security and data privacy are fundamental to software framework implementation in athletic environments. Performance and health-related data collected through sensors is highly sensitive and must be protected throughout the software stack. Model deployment frameworks incorporate encryption, access control, and secure communication protocols to safeguard this data during transmission and storage. End-to-end encryption ensures that sensor outputs, model inputs, and inference results remain confidential and inaccessible to unauthorized users. Authentication mechanisms are integrated into APIs and user interfaces to ensure only verified personnel can access athlete profiles, modify feedback parameters, or initiate updates. Compliance with data protection regulations such as GDPR or HIPAA is addressed through anonymization protocols and user consent mechanisms embedded into the software interface. These measures create a secure software environment that supports ethical deployment and builds trust among users in high-stakes performance settings.
Deploying deep learning models into real-world athletic systems also depends on the quality of software-user interaction. User interfaces must present model outputs in clear, interpretable formats that support coaching, training, or rehabilitation workflows. Visual dashboards, mobile applications, and augmented reality displays are developed using software frameworks that support real-time synchronization, interactive data visualization, and responsive design. These tools transform raw model predictions into digestible performance metrics such as fatigue indicators, movement scores, or exertion levels. Customizable feedback formats allow coaches and athletes to adjust the type and frequency of insights based on specific objectives. Integration with training management software enables long-term tracking, comparative analysis, and session review. As deep learning models become increasingly embedded in athlete monitoring, software frameworks that support stable, secure, and adaptive deployment will remain essential for delivering intelligent, scalable, and user-centric solutions in high-performance sports environments.
6.3 Case Studies and Deployment Scenarios 
The application of deep learning-enabled signal processing in real-world athletic environments has been demonstrated through several case studies and deployment scenarios. These examples highlight the adaptability, effectiveness, and practical challenges of integrating sensor systems with intelligent analytics across different sports domains. One notable case involves deploying a deep learning-based gait analysis system in a professional track and field training facility. The system utilized inertial measurement units (IMUs) placed on sprinters' ankles, knees, and hips to monitor stride length, ground contact time, joint angles, and asymmetries during sprint sessions. A hybrid model combining convolutional and recurrent layers was employed to detect subtle variations in form that might indicate fatigue, inefficiency, or injury risk. The model operated in real-time, providing feedback via a mobile dashboard accessible to coaches and physiotherapists. This feedback guided immediate corrective interventions, including technique adjustments and changes in training intensity. The deployment demonstrated how a data-driven approach could augment traditional coaching strategies by offering objective metrics and visualizations. It also illustrated the value of hybrid models in capturing both spatial patterns of movement and their evolution across time, contributing to injury prevention and sustained performance improvements in elite athletes.
Another significant deployment was conducted in a collegiate rowing program, where a multimodal sensor network was used to monitor synchronization, power output, and fatigue indicators across an eight-member crew. Each athlete was equipped with wearable sensors measuring EMG signals, limb acceleration, and seat pressure. A cloud-connected system aggregated these data streams, processed them through a deep learning pipeline, and delivered real-time team coordination metrics to the coach’s tablet. The system identified deviations in stroke timing, asymmetry in leg drive, and changes in neuromuscular activation that correlated with fatigue accumulation. This information allowed the coach to modify training plans, adjust lineup configurations, and introduce rest intervals at appropriate moments. Beyond real-time usage, the system supported post-session analysis, enabling longitudinal tracking of individual and team performance across training cycles. The success of this deployment lies in the ability to process high volumes of data from multiple athletes simultaneously while preserving temporal synchronization and delivering interpretable outputs. It demonstrated intelligent feedback systems' scalability and collaborative potential in team sports settings.
A different scenario explored integrating deep learning models into a rehabilitation centre for post-injury athlete recovery. The system was designed to monitor the joint range of motion, muscular activation, and movement symmetry during rehabilitation exercises. IMUs and EMG sensors were attached to the affected region's key joints and muscle groups. A recurrent neural network trained on normative and pathological movement datasets assessed recovery progress by comparing current movement profiles with baseline and target states. The system generated a set of recovery scores based on movement fluidity, activation sequencing, and motion consistency. These scores were visualized through a tablet-based interface used by physiotherapists to plan progression and modify therapy routines. The ability of the system to provide fine-grained insights into micro-adjustments in movement over multiple sessions helped personalize the recovery process. It also enhanced patient motivation by offering visual progress tracking. The deployment underscored the versatility of deep learning frameworks in adapting to clinical settings, where the emphasis lies on safety, gradual progression, and real-time monitoring of biomechanical restoration rather than peak performance.
A commercial wearable deployment for general fitness users integrated a deep learning-based feedback system into a smart shoe platform designed for runners. The insole embedded pressure sensors, accelerometers, and gyroscopes to capture detailed information about foot strike patterns, arch support dynamics, and pronation angles. A CNN model processed the spatial structure of foot pressure maps, while a GRU module analyzed time-dependent changes in running gait. The system provided audio and haptic feedback to alert runners about excessive heel striking, underpronation, or declining pace. The deployment highlighted how deep learning can be packaged into a lightweight, non-intrusive consumer device without external supervision. The key challenge addressed was minimizing energy consumption while maintaining model accuracy, which was achieved through aggressive model pruning and dedicated low-power AI chips. The product achieved commercial viability by combining functionality, aesthetics, and personalized feedback, demonstrating that deep learning can be successfully embedded in everyday fitness tools to support injury prevention and technique improvement for a wide range of users.
These deployment scenarios collectively reveal the diverse application potential of deep learning in sports and rehabilitation contexts. From elite training to clinical recovery and consumer fitness, these systems adapt to different needs by leveraging multimodal sensor inputs, advanced model architectures, and user-centric feedback delivery. Each case demonstrates how real-time analytics, informed by well-trained models, can drive better decision-making and more personalized support in performance monitoring. Despite their success, several deployment challenges persist. These include variability in sensor data quality, individual differences in physiology and movement, battery limitations in wearables, and the need for interpretability of model outputs for non-technical users. Addressing these concerns requires collaboration between data scientists, sports practitioners, hardware engineers, and software developers. Future deployment strategies must also consider ethical issues such as data ownership, consent, and the psychological impact of constant monitoring. Nevertheless, these case studies confirm that with robust system design, adaptive modelling, and careful integration, deep learning frameworks can enhance athlete support systems, optimize outcomes, and redefine how performance and health are managed in sports ecosystems.
7. Future Perspectives and Research Directions
The future of deep learning in athlete signal processing is poised to expand through innovations in adaptive algorithms, edge computing, and integrative system architectures. Emerging research focuses on federated learning models, where training occurs across distributed edge devices without centralized data storage, enhancing privacy while maintaining accuracy. Attention-based models and transformer architectures are being explored for their superior capability in handling complex sequential data with contextual variability, making them suitable for modelling advanced athletic movements. Integrating bio-digital twins and virtual simulation environments is expected to enable predictive modelling supporting injury forecasting and long-term performance planning. Advances in neuromorphic hardware and energy-efficient processors will allow deeper models to operate on embedded systems, supporting uninterrupted feedback in outdoor or extended-use scenarios. Future systems will likely incorporate emotional and cognitive metrics alongside physical performance data, offering a comprehensive view of athlete readiness and resilience. The research will also continue addressing challenges related to model interpretability, personalization, and cross-domain generalizability, ensuring scalability across diverse sports and populations. By combining real-time intelligence with long-term tracking and ethical design, future frameworks will redefine athlete development, bringing data-driven strategies to the forefront of precision sports science and human performance enhancement.
7.1 Data Scarcity and Model Generalization
Data scarcity remains one of the most persistent challenges in developing robust deep-learning models for athlete signal processing. High-quality labelled datasets are essential for training models that accurately interpret sensor signals, detect activity patterns, and provide reliable feedback. However, collecting such datasets in sports contexts is resource-intensive, requiring coordinated sensor setup, expert annotation, and athlete participation across varied performance conditions. Furthermore, ethical constraints, institutional approvals, and privacy regulations often restrict large-scale data collection from elite or vulnerable athlete populations. As a result, most existing datasets are small, domain-specific, or imbalanced, leading to difficulties in generalizing trained models across different sports, body types, skill levels, and environmental contexts. Models trained on one athlete or sport-specific dataset may perform poorly when applied to a new context due to differences in movement dynamics, signal ranges, or sensor configurations. This lack of generalizability limits the widespread applicability of deep learning systems and hinders their adoption in real-world scenarios. Addressing data scarcity requires methodological innovations beyond simply collecting more data, focusing instead on strategies that enable learning from limited, heterogeneous, or partially labelled datasets while preserving performance and reliability in diverse deployment conditions.
One promising approach to mitigate data scarcity is transfer learning, where knowledge gained from one task or dataset is repurposed to accelerate learning in a related but distinct domain. In athlete monitoring, models trained on large general-purpose movement datasets can be fine-tuned on smaller, sport-specific datasets to improve task relevance while avoiding the need for extensive new data collection. Transfer learning enables efficient adaptation, particularly in applications involving new sensor types or unique biomechanical tasks. Pretrained models retain feature representations learned from the source domain and require only minor adjustments during retraining, reducing computational and labelling efforts. Another strategy involves data augmentation, where synthetic data samples are generated by applying controlled transformations such as time warping, signal scaling, rotation, or noise injection to existing signals. This method expands the dataset without additional sensor recordings and helps improve model robustness against signal variability and sensor noise. While augmentation does not add new semantic content, it regularizes the model and prevents overfitting the limited original data. These methods are often combined to build models that generalize better across different athlete profiles and sensor conditions.
Few-shot learning and meta-learning represent advanced methodologies that aim to achieve high model performance with minimal training examples. Few-shot learning enables models to generalize from a handful of labelled examples, mimicking humans' ability to learn new tasks with limited exposure. This is especially valuable in sports scenarios where obtaining extensive labelled data for rare movements or injury states is infeasible. Meta-learning frameworks improve upon this by training models to learn how to learn, optimizing for generalization across tasks rather than accuracy on any single task. These approaches offer promising solutions for highly personalized monitoring systems where models must adapt rapidly to individual movement signatures. Unsupervised and self-supervised learning methods are also being investigated for leveraging unlabeled data, which is more readily available in continuous athlete monitoring environments. These models identify patterns and extract features without explicit labels, reducing reliance on costly and time-consuming manual annotation. Clustering, autoencoders, and contrastive learning frameworks are techniques used to extract structure from raw data without direct supervision, enhancing the scalability and feasibility of deploying AI in broader athletic contexts.
Model generalization is also constrained by inter-subject variability and sensor inconsistency, which reduce the transferability of models trained in controlled settings. Athletes differ significantly in their physiological characteristics, movement strategies, and responses to training stimuli. Moreover, wearable sensor placement, calibration errors, and noise levels vary between sessions and users. These inconsistencies introduce biases into training data and create discrepancies during inference. Domain adaptation methods address these issues by learning domain-invariant features that remain stable across different athletes, sensors, or conditions. These techniques attempt to align distributions between the training and target data, minimizing performance degradation. Another important factor in achieving model generalization is cross-validation using diverse test sets during development. Evaluating models across multiple athlete groups, environments, and sensor types ensures that performance metrics reflect real-world variability. This practice fosters the development of more robust, interpretable, and reliable models in deployment scenarios that differ from the original training setup.
Tackling data scarcity and achieving strong model generalization requires an integrated research effort that combines methodological innovation, interdisciplinary collaboration, and domain-specific knowledge. Future research should prioritize developing standardized datasets across sports, supported by open-source platforms and collaborative data-sharing initiatives that preserve privacy. Establishing benchmarking protocols and shared validation environments will improve transparency, reproducibility, and comparative evaluation. By exploring hybrid strategies such as combining simulation-based synthetic data, transfer learning, and self-supervised training, researchers can unlock new pathways for robust model development. Addressing these challenges is essential to realizing the full potential of deep learning in athlete signal processing, ensuring that intelligent systems are adaptable, equitable, and effective across a wide range of real-world applications in sports and health domains.
7.2 Privacy and Ethical Considerations
Deploying deep learning-based signal processing systems in athlete monitoring raises critical questions about privacy, ethics, and informed consent. Sensor-driven models collect extensive physiological and biomechanical data that, while essential for performance analysis, can inadvertently expose sensitive personal information. These signals may reveal not only the physical condition but also indicators of mental health, emotional state, stress levels, and underlying medical vulnerabilities. The continuous nature of monitoring, often embedded in training and competition environments, leads to the accumulation of longitudinal datasets that capture trends in fatigue, recovery, and performance decline over time. This granular visibility into the athlete's body creates a complex landscape of data sensitivity that extends beyond technical considerations. The risk of misuse, unauthorized sharing, or interpretation out of context poses significant ethical challenges. Safeguarding this information requires robust privacy-preserving mechanisms, transparent communication of data practices, and strict adherence to regulatory frameworks. Athletes must be empowered with knowledge about what data is being collected, how it is used, and who can access it. Without these safeguards, intelligent systems may compromise individual autonomy, amplify surveillance culture, or create psychological pressure, ultimately affecting trust, compliance, and technology adoption in athlete-centered environments.
Informed consent is a foundational principle in ethical data collection, yet it becomes increasingly complex in real-time athlete monitoring contexts. Traditional consent mechanisms often involve static agreements signed before participation, which may not reflect the dynamic nature of data use in continuously evolving systems. For example, a model trained to detect fatigue today may later be adapted to infer injury risk or psychological stress using the same data, a shift that the athlete may not have initially agreed to. Ethical deployment requires dynamic, granular, and revocable consent, allowing athletes to adjust permissions as system capabilities expand. Interfaces must provide accessible options to modify, withdraw, or audit consent at any stage of system use. These features should be embedded into the design of mobile applications and monitoring platforms to ensure that ethical principles are not merely policy documents but actionable features that respect user control. Researchers and practitioners must also recognize power dynamics within sports institutions where athletes may feel pressured to comply with monitoring systems to maintain their status or satisfy coaching staff. In such cases, ensuring voluntariness and minimizing coercion is crucial for ethical compliance.
Data anonymization and encryption are widely used to protect sensitive information during storage and transmission. Anonymization involves removing or masking identifiable attributes from the data, making it difficult to trace back signals to specific individuals. However, in athlete monitoring, complete anonymization may be impractical due to the need for personalized feedback and longitudinal tracking. Instead, privacy-preserving analytics techniques such as differential privacy or homomorphic encryption offer alternatives that allow useful computation on encrypted data without exposing raw values. These techniques balance the need for data utility with privacy, enabling real-time analysis while reducing risk. Secure communication protocols such as HTTPS, end-to-end encryption, and blockchain-based data auditing ensure that data integrity and confidentiality are preserved throughout the system lifecycle. Biometric and health-related data require heightened safeguards, as breaches can lead to reputational harm, psychological stress, or discriminatory practices. Institutions must implement multi-tier access control, ensuring that only authorized personnel with legitimate roles—such as coaches, physicians, or data analysts—can access specific data types. Ethical frameworks must also ensure that data is not used for purposes beyond the agreed scope, such as commercial profiling, competitive scouting, or disciplinary action.
Another critical ethical concern lies in algorithmic bias and fairness. Deep learning models trained on limited or non-representative datasets may produce skewed results that disadvantage certain athlete populations. Differences in gender, age, ethnicity, physical condition, or sports discipline can influence sensor signal characteristics, which, if not properly accounted for, can lead to unequal performance of models across groups. For instance, a model optimized using data from elite male runners may not generalize to female sprinters or athletes with disabilities. This bias reduces accuracy and perpetuates inequality by reinforcing systemic exclusion. Ethical model development requires inclusive data collection, fairness-aware algorithms, and rigorous evaluation across diverse subgroups. Transparency in model performance reporting is essential to identify and correct disparities. Explainable AI techniques further support fairness by offering insights into decision-making, allowing stakeholders to understand the rationale behind alerts, classifications, or predictions. This interpretability builds trust and allows users to contest or validate system outputs, promoting a collaborative and responsible monitoring environment.
Psychological and social implications of pervasive monitoring must also be considered. While intelligent systems provide data-driven insights, excessive reliance on quantified metrics can lead to performance anxiety, loss of intrinsic motivation, or reduced athlete autonomy. Athletes may feel that every movement is being scrutinized, fostering a culture of perfectionism that overlooks subjective experience and contextual judgment. Ethical system design must, therefore, balance data granularity with mental well-being. This involves setting boundaries on data collection frequency, feedback intensity, and performance scoring. Periodic disengagement, offline modes, or coach-mediated interpretation can reduce the cognitive burden and promote healthy interaction with technology. Institutions should foster dialogue between athletes, coaches, developers, and ethicists to co-design systems that align with shared values, respect boundaries, and support holistic development.
Ethical and privacy considerations are not supplementary to technical development—they are integral components that shape the success, acceptance, and impact of intelligent athlete monitoring systems. A robust ethical framework must integrate technical safeguards, transparent governance, inclusive design, and user empowerment into every system development and deployment stage. Future research must continue exploring ethical innovation, such as privacy-aware federated learning, responsible AI practices, and athlete-centered design methodologies. By embedding these principles, deep learning frameworks for athlete signal processing can evolve into tools that enhance performance and preserve dignity, agency, and trust in high-performance sports ecosystems.
7.3 Prospects in Multimodal Fusion and Federated Learning 
Multimodal fusion and federated learning represent two transformative directions in developing deep learning systems for athlete signal processing. Multimodal fusion integrates diverse sensor data types into a unified analytical framework, such as kinematic signals, electromyographic activity, cardiovascular metrics, environmental context, and positional tracking. Federated learning, by contrast, focuses on decentralized model training across multiple devices or institutions without centralizing raw data, thereby preserving privacy while enabling collaborative intelligence. These approaches enable comprehensive, secure, and adaptive models that leverage distributed, heterogeneous, and dynamic data sources. In athletic environments where performance, health, and privacy intersect, the synergy between multimodal fusion and federated learning promises to overcome model accuracy, personalization, scalability, and ethical deployment limitations. These methods open new possibilities for large-scale, inclusive, and privacy-aware athlete monitoring systems that adapt to individual physiology, diverse sports contexts, and evolving conditions without compromising data sovereignty or system responsiveness.
The primary advantage of multimodal fusion lies in its ability to capture the full spectrum of athletic performance by integrating complementary information from multiple sensors. While effective in certain use cases, single-modality systems are limited in scope and often fail to capture complex interactions between physiological and biomechanical systems. For example, accelerometer data alone may indicate motion intensity but provide no insight into muscular effort or cardiovascular strain. By fusing data from inertial sensors, EMG electrodes, and heart rate monitors, systems can distinguish between voluntary exertion, neuromuscular fatigue, and cardiovascular stress. Deep learning models that handle multimodal inputs—such as hybrid networks with parallel processing branches—can learn cross-modal dependencies, yielding richer and more accurate representations of athlete states. Such models ' key architectural considerations include temporal alignment, modality-specific feature extraction, and attention mechanisms. These elements ensure that signal differences in scale, frequency, or noise are accounted for while enabling robust interpretation of dynamic, real-world activity. Multimodal fusion also improves system resilience; redundant information from other sources can sustain model performance if one sensor fails or becomes unreliable.
The challenge in multimodal fusion lies in harmonizing disparate data formats, sampling rates, and noise characteristics. Sensor synchronization and calibration must be precise to maintain the integrity of fused signals. Computational overhead increases with the number of modalities, requiring efficient model architectures and resource allocation strategies. Techniques such as late fusion, where data is combined at the decision level, offer flexibility by allowing each modality to be processed independently before integration. Early and intermediate fusion strategies, where raw or partially processed data streams are combined, offer deeper cross-modal learning but demand careful alignment and noise propagation handling. Research is increasingly exploring attention-based multimodal fusion models that dynamically weigh the importance of each modality at each time step, enabling context-aware prioritization of inputs. This adaptive approach enhances generalization across varied athletic conditions, such as indoor versus outdoor training or transitioning between rest and exertion. Successful implementation of multimodal fusion depends on model design and effective data acquisition strategies, standardized data schemas, and robust validation procedures.
Federated learning addresses the growing concern over data centralization and privacy in athlete monitoring systems. In traditional machine learning pipelines, data must be aggregated in a central repository for training, raising ethical and regulatory concerns when dealing with sensitive health and performance data. Federated learning circumvents this issue by keeping raw data on local devices and transferring only model updates—such as gradients or parameters—to a central server. These updates are aggregated to improve the global model without exposing individual data. This approach enables institutions, teams, or athletes to contribute to model training without relinquishing control over their data. In contexts such as national sports programs, medical rehabilitation networks, or professional leagues, federated learning supports the collaborative development of high-performing models while preserving confidentiality. Techniques such as secure aggregation, differential privacy, and homomorphic encryption further enhance the security of federated learning pipelines, ensuring that updates cannot be reverse-engineered to extract sensitive information. Model heterogeneity, device variability, and communication latency remain technical challenges in federated environments, but emerging solutions are addressing these concerns through adaptive aggregation strategies and decentralized orchestration protocols.
Integrating multimodal fusion and federated learning opens up new research and application possibilities. Each athlete's device can act as a local fusion hub in this combined paradigm, processing multimodal signals and contributing model updates to a shared federated network. This setup supports highly personalized models that benefit from population-wide learning trends while adapting to individual data profiles. For instance, a runner's smart shoe, EMG sleeve, and heart rate monitor can collaboratively generate a fusion-based fatigue model that evolves with each training session. Simultaneously, the federated framework ensures that the global model improves over time by aggregating insights from thousands of athletes without compromising data ownership. This dual-layer architecture also supports differential service provisioning—elite athletes may require high-frequency, high-resolution models, while recreational users benefit from lightweight, energy-efficient configurations. Edge AI capabilities, such as on-device inference and incremental learning, further enhance this paradigm by reducing reliance on cloud connectivity, enabling real-time responsiveness even in remote or mobile settings.
Future research in this domain must focus on co-designing multimodal sensor systems and federated learning infrastructure. This includes developing standards for data interoperability, fusion-friendly sensor interfaces, and adaptive training schedules that account for device heterogeneity and availability. Human-centred design is equally important—interfaces must allow athletes and coaches to configure modality preferences, set privacy thresholds, and interpret model behaviour. Evaluation metrics must evolve to measure accuracy, fairness, adaptability, energy efficiency, and privacy compliance. Open-source toolkits and federated datasets will accelerate innovation by providing shared resources for experimentation and benchmarking. Collaborations between sports scientists, AI researchers, hardware manufacturers, and policy experts are essential to translate these prospects into practice. As these technologies mature, they will redefine athlete monitoring systems as intelligent, collaborative, and ethically grounded platforms capable of advancing performance, health, and inclusion across the global sporting ecosystem.
8. Conclusion
Deep learning-driven signal processing systems have reshaped how athletic performance and health are measured, interpreted, and improved. These systems operate beyond conventional metrics by extracting complex insights from multimodal signals and adapting in real-time to athlete-specific dynamics. Architectures combining spatial and temporal learning offer refined interpretations of motion, physiology, and behavioural trends. Practical implementation requires careful hardware integration, optimized deployment frameworks, and interpretable feedback mechanisms. Real-world deployments confirm that scalable, adaptive systems can support diverse use cases—from elite competition to rehabilitation and everyday fitness. Addressing data scarcity, personalization challenges, and ethical risks remains essential to ensure inclusive and trustworthy systems. Advancements in federated learning and sensor fusion will define the next generation of intelligent monitoring platforms supporting safe, efficient, high-performance training ecosystems. The future of athlete signal analytics lies in an interdisciplinary collaboration that unites machine intelligence with athlete agency and context-aware design.

[bookmark: _Hlk194637215]References:

[1]	Y. Qi, S. M. Sajadi, S. Baghaei, R. Rezaei, and W. Li, “Digital technologies in sports: Opportunities, challenges, and strategies for safeguarding athlete wellbeing and competitive integrity in the digital era,” Technol. Soc., vol. 77, p. 102496, 2024, doi: https://doi.org/10.1016/j.techsoc.2024.102496.
[2]	J. Si and A. R. Thelkar, “Leveraging artificial neural networks for enhanced athlete performance evaluation through IMU data analysis,” Heliyon, vol. 10, no. 15, p. e34826, 2024, doi: https://doi.org/10.1016/j.heliyon.2024.e34826.
[3]	İ. Yazici, I. Shayea, and J. Din, “A survey of applications of artificial intelligence and machine learning in future mobile networks-enabled systems,” Eng. Sci. Technol. an Int. J., vol. 44, p. 101455, 2023, doi: 10.1016/j.jestch.2023.101455.
[4]	R. Pramanik, R. Sikdar, and R. Sarkar, “Transformer-based deep reverse attention network for multi-sensory human activity recognition,” Eng. Appl. Artif. Intell., vol. 122, p. 106150, 2023, doi: https://doi.org/10.1016/j.engappai.2023.106150.
[5]	M. Yihan, “Design and optimization of an aerobics movement recognition system based on high-dimensional biotechnological data using neural networks,” J. Vis. Commun. Image Represent., vol. 103, p. 104227, 2024, doi: https://doi.org/10.1016/j.jvcir.2024.104227.
[6]	J. A. Albert and B. Arnrich, “A computer vision approach to continuously monitor fatigue during resistance training,” Biomed. Signal Process. Control, vol. 89, p. 105701, 2024, doi: https://doi.org/10.1016/j.bspc.2023.105701.
[7]	U. De Silva et al., “Clinical Decision Support Using Speech Signal Analysis: Systematic Scoping Review of Neurological Disorders,” J. Med. Internet Res., vol. 27, 2025, doi: https://doi.org/10.2196/63004.
[8]	A. Parashar, A. Parashar, M. Shabaz, D. Gupta, A. K. Sahu, and M. A. Khan, “Advancements in artificial intelligence for biometrics: A deep dive into model-based gait recognition techniques,” Eng. Appl. Artif. Intell., vol. 130, p. 107712, 2024, doi: https://doi.org/10.1016/j.engappai.2023.107712.
[9]	C. Wang, M. Tang, K. Xiao, D. Wang, and B. Li, “Optimization system for training efficiency and load balance based on the fusion of heart rate and inertial sensors,” Prev. Med. Reports, vol. 41, p. 102710, 2024, doi: https://doi.org/10.1016/j.pmedr.2024.102710.
[10]	M. Rath, S. S. Tripathy, N. Tripathy, C. R. Panigrahi, and B. Pati, “Chapter 7 - Review of fog and edge computing–based smart health care system using deep learning approaches,” H. Garg and J. M. B. T.-D. L. in P. H. and D. S. Chatterjee, Eds., Academic Press, 2023, pp. 95–105. doi: https://doi.org/10.1016/B978-0-443-19413-9.00012-6.
[11]	H.-M. Cho, S. Han, J.-K. Seong, and I. Youn, “Deep learning-based dynamic ventilatory threshold estimation from electrocardiograms,” Comput. Methods Programs Biomed., vol. 244, p. 107973, 2024, doi: https://doi.org/10.1016/j.cmpb.2023.107973.
[12]	Y. Jiyang, “Motion feature simulation based on wearable sensors and global search algorithms,” Meas. Sensors, vol. 33, p. 101093, 2024, doi: https://doi.org/10.1016/j.measen.2024.101093.
[13]	M. Sun and Z. Chai, “Application of VR system based on thermal radiation images in immersive sports training process: Real-time monitoring of sports thermal energy,” Therm. Sci. Eng. Prog., vol. 59, p. 103359, 2025, doi: https://doi.org/10.1016/j.tsep.2025.103359.
[14]	Y. Li, C. Li, and F. Wang, “Edge-enabled personalized fitness recommendations and training guidance for athletes with privacy preservation,” Inf. Sci. (Ny)., vol. 707, p. 122032, 2025, doi: https://doi.org/10.1016/j.ins.2025.122032.
[15]	A. Armghan, J. Logeshwaran, S. M. Sutharshan, K. Aliqab, M. Alsharari, and S. K. Patel, “Design of biosensor for synchronized identification of diabetes using deep learning,” Results Eng., vol. 20, p. 101382, 2023, doi: https://doi.org/10.1016/j.rineng.2023.101382.
[16]	Y. Zhang et al., “Effect of moxibustion on knee joint stiffness characteristics in recreational athletes pre- and post-fatigue,” Asia-Pacific J. Sport. Med. Arthrosc. Rehabil. Technol., vol. 34, pp. 20–27, 2023, doi: https://doi.org/10.1016/j.asmart.2023.08.004.
[17]	S. Batool, M. H. Khan, and M. S. Farid, “An ensemble deep learning model for human activity analysis using wearable sensory data,” Appl. Soft Comput., vol. 159, p. 111599, 2024, doi: https://doi.org/10.1016/j.asoc.2024.111599.
[18]	J. Zhu et al., “Green synthesis of multifunctional cellulose-based eutectogel using a metal salt hydrate-based deep eutectic solvent for sustainable self-powered sensing,” Chem. Eng. J., vol. 506, p. 159636, 2025, doi: https://doi.org/10.1016/j.cej.2025.159636.
[19]	G. A.V., M. T., P. D., and U. E., “Multimodal Emotion Recognition with Deep Learning: Advancements, challenges, and future directions,” Inf. Fusion, vol. 105, p. 102218, 2024, doi: https://doi.org/10.1016/j.inffus.2023.102218.
[20]	D. Zhang, C. Liu, and M. Zhao, “Thermal radiation sensing image resolution and heterogeneous clustering application in real-time basketball training system,” Therm. Sci. Eng. Prog., vol. 59, p. 103351, 2025, doi: https://doi.org/10.1016/j.tsep.2025.103351.
[21]	C. Chakraborty, M. Bhattacharya, S. Pal, and S.-S. Lee, “From machine learning to deep learning: Advances of the recent data-driven paradigm shift in medicine and healthcare,” Curr. Res. Biotechnol., vol. 7, p. 100164, 2024, doi: https://doi.org/10.1016/j.crbiot.2023.100164.
[22]	C. Zhang, F. Wu, and T. Ouyang, “Analysis of metabolic rate heat transfer mechanism based on thermal radiation images in badminton training process: Motion heat transfer model,” Therm. Sci. Eng. Prog., vol. 57, p. 103200, 2025, doi: https://doi.org/10.1016/j.tsep.2024.103200.
[23]	P. Grzegorz et al., “Enhancing inertial sensor-based sports activity recognition through reduction of the signals and deep learning,” Expert Syst. Appl., vol. 263, p. 125693, 2025, doi: https://doi.org/10.1016/j.eswa.2024.125693.
[24]	X. Wang and Y. Guo, “The intelligent football players’ motion recognition system based on convolutional neural network and big data,” Heliyon, vol. 9, no. 11, p. e22316, 2023, doi: https://doi.org/10.1016/j.heliyon.2023.e22316.
[25]	M. H. S. Budi, B. Ferdiman, and S. Sidharta, “Detection Sleep Stages Using Deep Learning for Better Sleep Management: Systematic Literature Review,” Procedia Comput. Sci., vol. 227, pp. 389–397, 2023, doi: https://doi.org/10.1016/j.procs.2023.10.538.
[26]	W. Y. Alghamdi, “A novel deep learning method for predicting athletes’ health using wearable sensors and recurrent neural networks,” Decis. Anal. J., vol. 7, p. 100213, 2023, doi: https://doi.org/10.1016/j.dajour.2023.100213.
[27]	G. B. Pradhan, T. Bhatta, K. Shrestha, S. Sharma, and J. Y. Park, “A wearable, self-sustainable, and wireless plantar pressure and temperature monitoring system for foot ulceration prognosis and rehabilitation,” Sensors Actuators A Phys., vol. 379, p. 115985, 2024, doi: https://doi.org/10.1016/j.sna.2024.115985.
[28]	I. J. S. Filho, M. M. U. Rahman, T.-M. Laleg-Kirati, and T. Al-Naffouri, “Non-Contact Acquisition of PPG Signal using Chest Movement-Modulated Radio Signals,” IFAC-PapersOnLine, vol. 58, no. 24, pp. 579–583, 2024, doi: https://doi.org/10.1016/j.ifacol.2024.11.101.
[29]	C. Wenbo, “Computer vision algorithm based on fiber optic sensors and infrared thermal radiation images for fatigue detection under simulated operating conditions,” Therm. Sci. Eng. Prog., vol. 56, p. 103066, 2024, doi: https://doi.org/10.1016/j.tsep.2024.103066.
[30]	X. Han, F. Chen, and J. Ban, “A GAI-based multi-scale convolution and attention mechanism model for music emotion recognition and recommendation from physiological data,” Appl. Soft Comput., vol. 164, p. 112034, 2024, doi: https://doi.org/10.1016/j.asoc.2024.112034.
[31]	L. Lyu and Y. Huang, “Sports activity (SA) recognition based on error correcting output codes (ECOC) and convolutional neural network (CNN),” Heliyon, vol. 10, no. 6, p. e28258, 2024, doi: https://doi.org/10.1016/j.heliyon.2024.e28258.
[32]	Y. Li and J. Hou, “Real time monitoring of motion posture using a motion accelerometer based on sensors and cellular thermodynamic analysis,” Therm. Sci. Eng. Prog., vol. 57, p. 103136, 2025, doi: https://doi.org/10.1016/j.tsep.2024.103136.
[33]	Y. He and D. Ma, “Thermal imaging monitoring based on image texture feature analysis for simulating gymnastics teaching images in universities,” Therm. Sci. Eng. Prog., vol. 60, p. 103404, 2025, doi: https://doi.org/10.1016/j.tsep.2025.103404.
[34]	S. Lijuan, Z. Jun, and L. Qiao, “Research on fine guidance of sports activities based on wearable IoT devices and thermal radiation image processing,” Therm. Sci. Eng. Prog., vol. 59, p. 103352, 2025, doi: https://doi.org/10.1016/j.tsep.2025.103352.
[35]	Y. Benezeth, D. Krishnamoorthy, D. J. Botina Monsalve, K. Nakamura, R. Gomez, and J. Mitéran, “Video-based heart rate estimation from challenging scenarios using synthetic video generation,” Biomed. Signal Process. Control, vol. 96, p. 106598, 2024, doi: https://doi.org/10.1016/j.bspc.2024.106598.
[36]	X. Liu, S. Li, and X. Liu, “Simulation of infrared thermal images based on deep learning in athlete training: Simulation of thermal energy consumption,” Therm. Sci. Eng. Prog., vol. 57, p. 103205, 2025, doi: https://doi.org/10.1016/j.tsep.2024.103205.
[37]	X. Wang and G. Dong, “Dynamic image simulation of thermal radiation based on optical sensor technology in basketball game simulation: Monitoring of muscle thermal energy consumption,” Therm. Sci. Eng. Prog., vol. 57, p. 103189, 2025, doi: https://doi.org/10.1016/j.tsep.2024.103189.
[38]	Z. Li et al., “Polyvinyl alcohol/chitosan based nanocomposite organohydrogel flexible wearable strain sensors for sports monitoring and underwater communication rescue,” Int. J. Biol. Macromol., vol. 258, p. 129054, 2024, doi: https://doi.org/10.1016/j.ijbiomac.2023.129054.
[39]	Z. Chen and G. Zhang, “CNN sensor based motion capture system application in basketball training and injury prevention,” Prev. Med. (Baltim)., vol. 174, p. 107644, 2023, doi: https://doi.org/10.1016/j.ypmed.2023.107644.
[40]	M. A. Al Imran, F. Nasirzadeh, and C. Karmakar, “Designing a practical fatigue detection system: A review on recent developments and challenges,” J. Safety Res., vol. 90, pp. 100–114, 2024, doi: https://doi.org/10.1016/j.jsr.2024.05.015.
[41]	S. Geng, “Application of digital entertainment experience based on intelligent interactive system in personalized fitness training system,” Entertain. Comput., vol. 52, p. 100841, 2025, doi: https://doi.org/10.1016/j.entcom.2024.100841.
[42]	C. Lian et al., “Incorporating image representation and texture feature for sensor-based gymnastics activity recognition,” Knowledge-Based Syst., vol. 311, p. 113076, 2025, doi: https://doi.org/10.1016/j.knosys.2025.113076.
[43]	Z. Sun, “Infrared thermal energy image and virtual reality application in muscle posture adjustment training based on computer simulation,” Therm. Sci. Eng. Prog., vol. 57, p. 103125, 2025, doi: https://doi.org/10.1016/j.tsep.2024.103125.
[44]	Z. Chai, M. Sun, and Y. Dong, “Real time thermal imaging monitoring based on optical topology sensors for athlete posture recognition: Simulating human thermal conduction,” Therm. Sci. Eng. Prog., vol. 57, p. 103206, 2025, doi: https://doi.org/10.1016/j.tsep.2024.103206.
[45]	Z. Yi and C. Jun, “Infrared thermal radiation images and electromyography sensors for identifying badminton hitting force,” Therm. Sci. Eng. Prog., vol. 59, p. 103272, 2025, doi: https://doi.org/10.1016/j.tsep.2025.103272.
[46]	Z. Li, L. Wang, and X. Wu, “Artificial intelligence based virtual gaming experience for sports training and simulation of human motion trajectory capture,” Entertain. Comput., vol. 52, p. 100828, 2025, doi: https://doi.org/10.1016/j.entcom.2024.100828.
[47]	L. Li, Y. Wei, and S. Xiang, “Infrared thermal image monitoring based on artificial intelligence application in the prevention of sports injuries in aerobics: Computational thermal modeling,” Therm. Sci. Eng. Prog., vol. 57, p. 103126, 2025, doi: https://doi.org/10.1016/j.tsep.2024.103126.
[48]	Mamta and B. Sundaravadivazhagan, “Chapter 22 - Applications of machine learning and artificial intelligence in automating water quality monitoring, analysis, and management,” A. K. Dubey, A. L. Srivastav, A. Kumar, F. P. Garcia Marquez, and D. A. B. T.-C. A. for W. S. Giannakoudakis, Eds., Elsevier, 2025, pp. 439–454. doi: https://doi.org/10.1016/B978-0-443-33321-7.00014-7.
[49]	G. Qiao et al., “Food recommendation towards personalized wellbeing,” Trends Food Sci. Technol., vol. 156, p. 104877, 2025, doi: https://doi.org/10.1016/j.tifs.2025.104877.
[50]	X. Tang, B. Long, and L. Zhou, “Real-time monitoring and analysis of track and field athletes based on edge computing and deep reinforcement learning algorithm,” Alexandria Eng. J., vol. 114, pp. 136–146, 2025, doi: https://doi.org/10.1016/j.aej.2024.11.024.
[51]	S. Ambala, A. A. Agarkar, P. S. Raskar, V. Gundu, N. Mageswari, and T. S. Geetha, “Advanced machine learning for real-time tibial bone force monitoring in runners using wearable sensors,” Meas. Sensors, vol. 32, p. 101058, 2024, doi: https://doi.org/10.1016/j.measen.2024.101058.
[52]	J. Hao, “Sensor based infrared thermal radiation image simulation in virtual swimming training environment: Thermal imaging monitoring,” Therm. Sci. Eng. Prog., vol. 59, p. 103353, 2025, doi: https://doi.org/10.1016/j.tsep.2025.103353.
[53]	W. Ou-Yang et al., “Recent advances in triboelectric nanogenerator-based self-powered sensors for monitoring human body signals,” Nano Energy, vol. 120, p. 109151, 2024, doi: https://doi.org/10.1016/j.nanoen.2023.109151.
[54]	Y.-Y. Shen, Q.-J. Xing, and Y.-F. Shen, “Markerless vision-based functional movement screening movements evaluation with deep neural networks,” iScience, vol. 27, no. 1, p. 108705, 2024, doi: https://doi.org/10.1016/j.isci.2023.108705.
[55]	Burenbatu, Y. Liu, and T. Lyu, “Real-time monitoring of lower limb movement resistance based on deep learning,” Alexandria Eng. J., vol. 111, pp. 136–147, 2025, doi: https://doi.org/10.1016/j.aej.2024.09.031.
[56]	L. Jiao and J. Yao, “Infrared thermal image detection and facial expression recognition based on genetic algorithm in sports prediction simulation: Sports thermal modeling,” Therm. Sci. Eng. Prog., vol. 58, p. 103218, 2025, doi: https://doi.org/10.1016/j.tsep.2025.103218.
[57]	X. U. Jie, “Thermal imaging monitoring and wearable devices for mobile position recognition in basketball training: Simulation of sports thermal energy consumption,” Therm. Sci. Eng. Prog., vol. 58, p. 103234, 2025, doi: https://doi.org/10.1016/j.tsep.2025.103234.
[58]	L. Ma, “Infrared thermal radiation sensing based on image enhancement for simulating athletes’ balance ability: Thermal analysis of sports cells,” Therm. Sci. Eng. Prog., vol. 59, p. 103274, 2025, doi: https://doi.org/10.1016/j.tsep.2025.103274.
[59]	X. Liu, R. Wang, and Z. Qin, “Guiding role of infrared thermal radiation images based on sensors in sports training: Application of artificial intelligence,” Therm. Sci. Eng. Prog., vol. 58, p. 103208, 2025, doi: https://doi.org/10.1016/j.tsep.2024.103208.
[60]	S. Li, “Image recognition algorithm of aerobics athletes’ upper limb movements based on federated learning,” J. Radiat. Res. Appl. Sci., vol. 17, no. 1, p. 100835, 2024, doi: https://doi.org/10.1016/j.jrras.2024.100835.
[61]	Z. Ding, “Artificial intelligence based thermal radiation image capture for basketball gait information extraction: Thermal energy consumption detection,” Therm. Sci. Eng. Prog., vol. 59, p. 103290, 2025, doi: https://doi.org/10.1016/j.tsep.2025.103290.
[62]	S. N. A. B. M. Nashruddin, F. H. M. Salleh, R. M. Yunus, and H. B. Zaman, “Artificial intelligence−powered electrochemical sensor: Recent advances, challenges, and prospects,” Heliyon, vol. 10, no. 18, p. e37964, 2024, doi: https://doi.org/10.1016/j.heliyon.2024.e37964.
[63]	M. Al Duhayyim, “Parameter-Tuned Deep Learning-Enabled Activity Recognition for Disabled People,” Comput. Mater. Contin., vol. 75, no. 3, pp. 6287–6303, 2023, doi: https://doi.org/10.32604/cmc.2023.033045.
[64]	F. Manzari and P. Ghaderyan, “Insights into computer-aided EEG signal processing for traumatic brain injury assessment: A review,” Measurement, vol. 251, p. 117279, 2025, doi: https://doi.org/10.1016/j.measurement.2025.117279.
[65]	A. S. M. Mohsin, S. H. Choudhury, and M. A. Muyeed, “Automatic priority analysis of emergency response systems using internet of things (IoT) and machine learning (ML),” Transp. Eng., vol. 19, p. 100304, 2025, doi: https://doi.org/10.1016/j.treng.2025.100304.
[66]	M. M. Sadr, M. Khani, and S. M. Tootkaleh, “Predicting athletic injuries with deep Learning: Evaluating CNNs and RNNs for enhanced performance and Safety,” Biomed. Signal Process. Control, vol. 105, p. 107692, 2025, doi: https://doi.org/10.1016/j.bspc.2025.107692.
[67]	A. M. Mutawa, K. V Rajesh Kumar, H. K, and M. Murugappan, “Using artificial intelligence to predict the next deceptive movement based on video sequence analysis: A case study on a professional cricket player’s movements,” J. Eng. Res., 2025, doi: https://doi.org/10.1016/j.jer.2025.01.007.
[68]	J. Liu, S. Du, W. Zhang, and Z. Wang, “Image super-resolution reconstruction technology based on infrared thermal radiation sensing to simulate muscle damage during exercise training,” Therm. Sci. Eng. Prog., vol. 57, p. 103196, 2025, doi: https://doi.org/10.1016/j.tsep.2024.103196.
[69]	W. Rui and G. Shihua, “Thermal radiation imaging technology based on computer vision algorithm in physical training simulation: Muscle cell thermal modeling,” Therm. Sci. Eng. Prog., p. 103453, 2025, doi: https://doi.org/10.1016/j.tsep.2025.103453.
[70]	K. Wang and Z. Wang, “Thermal radiation image based on improved image restoration algorithm in athlete explosive power simulation: Heat loss analysis,” Therm. Sci. Eng. Prog., vol. 60, p. 103408, 2025, doi: https://doi.org/10.1016/j.tsep.2025.103408.
[71]	M. Y. Ansari, M. Qaraqe, F. Charafeddine, E. Serpedin, R. Righetti, and K. Qaraqe, “Estimating age and gender from electrocardiogram signals: A comprehensive review of the past decade,” Artif. Intell. Med., vol. 146, p. 102690, 2023, doi: https://doi.org/10.1016/j.artmed.2023.102690.
[72]	X. Li, M. Song, Z. Zhao, Y. Zheng, and Z. Xu, “Thermal radiation image and motion sensor based on improved neural network for big data health exercise route simulation: Cellular thermal effect,” Therm. Sci. Eng. Prog., vol. 59, p. 103275, 2025, doi: https://doi.org/10.1016/j.tsep.2025.103275.
[73]	X. Yi, Y. He, S. Gao, and M. Li, “A review of the application of deep learning in obesity: From early prediction aid to advanced management assistance,” Diabetes Metab. Syndr. Clin. Res. Rev., vol. 18, no. 4, p. 103000, 2024, doi: https://doi.org/10.1016/j.dsx.2024.103000.
[74]	D. Wang and B. Dong, “Thermal radiation image based on image vision in football game simulation: Dynamic thermal effect analysis,” Therm. Sci. Eng. Prog., vol. 60, p. 103441, 2025, doi: https://doi.org/10.1016/j.tsep.2025.103441.
[75]	Z. Xu, “Light sensors and infrared radiation images based on artificial intelligence data mining for football performance evaluation and prediction,” Therm. Sci. Eng. Prog., vol. 58, p. 103250, 2025, doi: https://doi.org/10.1016/j.tsep.2025.103250.
[76]	J. Zhang, D. Han, S. Han, H. Li, W.-K. Lam, and M. Zhang, “ChatMatch: Exploring the potential of hybrid vision–language deep learning approach for the intelligent analysis and inference of racket sports,” Comput. Speech Lang., vol. 89, p. 101694, 2025, doi: https://doi.org/10.1016/j.csl.2024.101694.
[77]	C. Wang, X. Wang, Q. Li, and X. Tao, “Recognizing and predicting muscular fatigue of biceps brachii in motion with novel fabric strain sensors based on machine learning,” Biomed. Signal Process. Control, vol. 96, p. 106647, 2024, doi: https://doi.org/10.1016/j.bspc.2024.106647.
[78]	H. Fang, Y. Ji, S. Li, H. Liu, and D. Wang, “RHES: Development of real-time health evaluation system based on human pulse signal utilizing PVDF/PDMS arch-type piezoelectric sensor,” Measurement, vol. 224, p. 113856, 2024, doi: https://doi.org/10.1016/j.measurement.2023.113856.
[79]	S. Kumar, A. Mallik, A. Kumar, J. Del Ser, and G. Yang, “Fuzz-ClustNet: Coupled fuzzy clustering and deep neural networks for Arrhythmia detection from ECG signals,” Comput. Biol. Med., vol. 153, p. 106511, 2023, doi: https://doi.org/10.1016/j.compbiomed.2022.106511.
[80]	H. Yang and Q. Gao, “Cell thermal modeling and muscle oxygenation measurement in sports based on thermal radiation infrared spectroscopy and sensors,” Therm. Sci. Eng. Prog., vol. 60, p. 103466, 2025, doi: https://doi.org/10.1016/j.tsep.2025.103466.
[81]	Z. Liu, M. Yang, K. Li, and X. Qin, “Recognition of TaeKwonDo kicking techniques based on accelerometer sensors,” Heliyon, vol. 10, no. 12, p. e32475, 2024, doi: https://doi.org/10.1016/j.heliyon.2024.e32475.
[82]	H. Qi and J. Zhang, “Simulation of human thermal energy consumption in sports training data based on optical sensing and cellular thermal modeling,” Therm. Sci. Eng. Prog., vol. 58, p. 103224, 2025, doi: https://doi.org/10.1016/j.tsep.2025.103224.
[83]	P. Lu and D. Chen, “Simulation of infrared radiation images based on wearable device fiber optic temperature sensing in motion training state: Thermal energy image detection,” Therm. Sci. Eng. Prog., vol. 59, p. 103276, 2025, doi: https://doi.org/10.1016/j.tsep.2025.103276.
[84]	Y. Zhu et al., “Multi-functional triboelectric nanogenerators on printed circuit board for metaverse sport interactive system,” Nano Energy, vol. 113, p. 108520, 2023, doi: https://doi.org/10.1016/j.nanoen.2023.108520.
[85]	N. Ganesh, R. Shankar, M. Mahdal, J. S. Murugan, J. S. Chohan, and K. Kalita, “Exploring Deep Learning Methods for Computer Vision Applications across Multiple Sectors: Challenges and Future Trends,” C. - Comput. Model. Eng. Sci., vol. 139, no. 1, pp. 103–141, 2023, doi: https://doi.org/10.32604/cmes.2023.028018.
[86]	J. Sun, L. Wang, and N. Razmjooy, “Anterior cruciate ligament tear detection based on deep belief networks and improved honey badger algorithm,” Biomed. Signal Process. Control, vol. 84, p. 105019, 2023, doi: https://doi.org/10.1016/j.bspc.2023.105019.
[87]	X. Yuan, “Application of IoT detection based on deep self coding multidimensional feature fusion in sports training,” Prev. Med. (Baltim)., vol. 174, p. 107623, 2023, doi: https://doi.org/10.1016/j.ypmed.2023.107623.
[88]	D. N. Elsheakh, A. S. Abd El-Hameed, G. M. Elashry, O. M. Fahmy, and E. A. Abdallah, “Coupled and radiated microwave sensors for vital signs and lung water level monitoring,” Measurement, vol. 240, p. 115535, 2025, doi: https://doi.org/10.1016/j.measurement.2024.115535.
[89]	E. Dorschky, V. Camomilla, J. Davis, P. Federolf, J. Reenalda, and A. D. Koelewijn, “Perspective on ‘in the wild’ movement analysis using machine learning,” Hum. Mov. Sci., vol. 87, p. 103042, 2023, doi: https://doi.org/10.1016/j.humov.2022.103042.


1

