

NON-INVASIVE ATHLETIC MONITORING SYSTEM
                                                    ABSTRACT

The primary objective is to detect the vitals of the body by using non invasive measures. It will filled with multiple sensors which will measure body temperature, heart rate, Accelerometer to health condition and upload in database. When the device senses a level of heart rate , it will alert the player who will be able to take measures to prevent  possible injury. The data will also have the ability to be stored on a Database or directly monitored in application and analyzed by players.
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CHAPTER 1
1.1  INTRODUCTION

Approximately 420,000 athletes participate in collegiate sports, and over 12,000 injuries occur every year. While the National Collegiate Athletic Association (NCAA) has enforced rules to mitigate the risk of accidents, the amount of injuries is still alarming. According to the National Center for Catastrophic Injuries (NCCSI), there have been 66 sports-related heat stroke  deaths since 1975. Between 2000-2007, NCCSI reported 20 deaths from heat stroke where dehydration was a contributing factor to the incident . Furthermore, it was estimated that between 1.6 and 3.8 million concussions  occur in sports and recreational activities annually. Although there are existingproducts that address this issue, the high cost of the current devices suggest the need for a cost effective device that can monitor various physiological signals from an athlete. 
Several experimental approaches have been used for the detection of physiological parameters to evaluate the athletes performance during training and competitions. An appropriate load monitoring can aid athletes, coaches and support staff in minimizing the risk of injury, illness and overreaching fatigue. The monitoring of the physical effort requires many specialists to be present during the training sessions. In the common practice self-report measures are most commonly used, such as the RPE, Rate of Perceived Exertion (ranging from 1 that classifies Rest to 20 that identifies Maximal) or the Borg scale (its rate is ranging from 6: ’no Exertion’ to 20: ’Maximal Effort’). The athletes will quantify their perceived effort according to a scale, selected on the basis of that sportspecific performance assessments. These measures are not objective and in some cases it can be difficult to ask for a self-report effort. The use of sensors able to track the evolution of the athletes physical conditions is mandatory. In order to design and realize the desired wearable sensor, it is crucial to take into account the following specifications: low power, low energy, small sizes and easy integration in an IoT system. The system should not act as a barrier for the athletes activity. Due to a large amount of features involved in the analysis of athletics performance, usually several sensors are used to obtain a satisfactory compression system or variable analysis. These sensors can be classified into motion sensors, physiologic sensors and contextual ones. Motion sensors includes accelerometers that quantify the distance covered by the athletes, measuring steps, velocity and total sleep time. Physiologic sensors are the most used in experimental set up, this type of sensors monitors parameters as heart rate using chest belt, muscle activity using electromyographt, gas exchange in breath and blood, blood pressure, temperature, heat flux, sweating, blood chemistry, electromyogram, breathing frequency and volume . Also the environment conditions such as temperature, relative humidity, altitude can affect the exercise. Thus several sensor systems have been developed, some for research aims, other for commercial applications. Nowadays it is possible to find smart sensors embedded directly into clothes as shirt, short, hats, socks or wrist-worn device or ear-worn device that can trasmit data to a smartphone using a Wi-Fi, Bluetooth Classic or Bluetooth Low Energy connections. The current state of art shows several physiologic sensors ranging from ECG sensors and accelerometers embedded into a Tshirt, used to monitor the respiratory rate, to optical Bragg fibers sewn into clothes in order to monitor respiratory parameters. The monitoring of the physiological parameters allows to evaluate the physical condition of the athletes. In recent years the anaerobic threshold has prevailed as a training effectiveness index: when the athlete reaches his anaerobic threshold, there is a massive activation of the anaerobic mechanism with the sudden production increase of carbon dioxide, respiratory acts and lactate level. Thus the monitoring of blood lactate level and respiratory parameters during exercise are critical tools for assessing the effectiveness of training for the specific athletes. 
Non-invasive devices are used for the continuous monitoring of health, exercise activity, assessing performance and other monitoring activities. With real-time information, those devices allow individuals to change their lifestyle, optimize exercises or training, prevent hazards, and optimize sleep patterns, among other use cases. Different sensors are combined and incorporated into wrist-wearable devices to be used in a plethora of applications. Devices, when commercially available, are known as Commercial-Off-The-Shelf (COTS) wearables. They are used in a variety of domains, such as medicine, education, sports, and construction.
The application of wrist-wearable devices are possible in different domains:
· Medicine—to monitor a patient’s health (as well as activity and environmental parameters) in order to prevent injuries and allow for the early detection of illnesses and/or disorders as well as early interventions, offer preventive actions to avoid the deterioration of a health condition; 

· Risky professions (such as construction, firefighting, aviation, and military)—to monitor a person’s vital health functions (as well as activity and environmental parameters) to prevent potential risky situations such as accidents and injuries and offer corrective or preventive actions to be undertaken to avoid further deterioration or risk; 

· Education—monitoring stress levels and health conditions to offer personalized learning plans, time management recommendations, the scheduling and development of classroom activities, and establishing students’ working groups.

· Office environment and industry—to monitor employee’s health parameters, especially monitoring stress levels and to prevent the potential deterioration of health conditions caused by occupational stress.

· Sports (recreative or professional) and lifestyle—monitoring health parameters and training activities (as well as environmental parameters) to prevent potential injuries, to reach optimal fitness, help change lifestyle, assess sleep quality, and so on.        
Wrist-wearable devices using non-invasive measurements can contain: sensors which produce raw data of measurements, computers (integrated into a wearable device or external) for intelligent analysis of raw data obtained from sensors and monitors that visualize data obtained from sensors or results of the intelligent analysis. There are many commercial devices available today but there are also different studies that focus their research on sensors and intelligent analysis of data obtained from those sensors integrated into prototypes which are not available as commercial devices. 
1.2 Sensors 

Wearable devices use sensors to collect raw data from measurements which are stored and used for the continuous monitoring of health, exercise activity, assessing performance, and others. In addition, using a different kind of sensor is currently as modular as a plug-and-play option in the popular Arduino or Raspberry Pi computer hardware, where sensors (e.g., temperature, sound, light, and potentiometers) can directly be put into the boards. Furthermore, the list of possible distinct sensor types is rapidly growing, enabling users to monitor a range of concerns including air quality, barometric pressure, carbon monoxide, capacitance, gas leaks, humidity, hydrogen, etc. We focused on reviewing sensors used in wrist-wearable devices for non-invasive monitoring of human physiology, activity or environmental parameters. We also focused on covering sensors which could be used as part of a wrist-wearable device, while currently only marketed as part of a specific non-wrist-wearable device. 

1.2.1. Physiological Sensing 
An overview of sensors used to monitor physiological parameters. The wrist can be used to obtain a vast amount of physiological signals such as temperature, heart rate, oxygen saturation or bioelectronics. 
1.2.1.1 Heart Rate 
Heart rate (HR) or pulse is the frequency of cardiac cycles, and is expressed as beats per minute. The most popular technique for HR measurement is photoplethysmography (PPG). It is used to detect volumetric changes in blood in peripheral circulation. On the wrist, the pulse signal can be obtained from the plethysmogram by using optical and pressure sensors. In the optical sensing method (i.e., photoplethysmography), PPG detects blood flow rates by capturing the light intensity reflected from skin based on LEDs and photodetectors. A light source is used to illuminate the arteries, while a photo-detector collects light reflected from, or transmitted through, the tissue. The transmitted or reflected light intensities through and from the skin while tissue change depends on the blood volume. The signal obtained using a photodiode represents the pulsatile blood volume changes of peripheral microvasculature, induced by pressure pulse within each cardiac cycle. Transmitted light can be obtained in a relatively good signal, but the measurement site is limited to those parts of the body where the signal can be quickly detected. This is not an option for a wrist-wearable device. On the other hand, a reflective signal can be used on a variety of measurement sites, including the wrist. Nevertheless, it has another limitation since it is affected by motion artefacts, pressure disturbances and skin pigmentation. The accuracy of the HR obtained with PPG sensing from a wrist can be improved using signal processing techniques.
Multi-channel WPPG sensor signals and acceleration signals can be used to measure HR. Infrared technology can be used to monitor and calculate heart rate (HR). Infrared wireless conveys data through infrared radiation. According to commercially available infrared sensors are used in conjunction with Bluetooth technology for connectivity. In addition, an ultrasensitive pulse driven sensor made using tellurium dioxide triangular microwires is used to obtain pulse measurements.
1.2.1.2 Body Temperature 

Body temperature varies depending on the measurement site. It can be estimated from the skin temperature, which can be measured with infrared thermopile, thermistors, thermoelectic effects or via optical means. Thermistor configuration is mostly used in wearable sensors, whereas the resistance of the thermistor varies depending on the temperature. Thermistors show a strain dependence. The challenging issue remains separating strain effects from temperature effects in thermistors. Another important issue is to accurately estimate body temperature. Wrist-wearable devices measure skin temperature, which is a few °C less than the body temperature. In addition, skin temperature shows oscillations depending on environmental temperature, whereas body temperature varies less than 1°C throughout the day . Another challenge rests in the evaporation of sweat and in the low thermal contact between skin and the sensor, which results in a reduced relationship between skin and body temperature. There are different studies demonstrating the possibility of relating the two. In the authors present skin temperature wrist measurement with added domain specific knowledge to obtain the estimated body temperature. Skin temperature together with other measurements are used to measure stress and detect emotions. It has been shown that skin temperature is negatively correlated with stress (skin temperature increases when stress levels decrease). Sim et al. presented a wrist band that monitors skin temperature from the wrist and estimates subjective thermal sensation using the monitored wrist skin temperature. 

1.2.1.3 Blood Pressure 

Blood pressure (BP) represents the pressure of the blood against the inner walls of the blood vessels due to blood circulation. Systolic and diastolic values are used to analyze the BP. A pressure sensitive transistor is used for blood pressure wave measurement. These pressure sensors are in the form of capacitors, which use a compressible dielectric to induce a change in capacitance or a piezoelectric to induce a voltage across the device. An external instrument or a monolithically integrated device on a thin film transistor can be used to amplify the signal from the capacitive elements. In addition, piezoelectric materials are used for creating strain-sensitive devices. When a piezoelectric material is strained, a voltage signal is induced across the device. Detailed information on piezoelectric materials is provided. The system of a pulse pressure sensor is important as the sensor itself. In these systems, the amplification is necessary since the result of the background pressure is substantially larger than the pulse pressure. The amplification is provided through monolithic integration of an amplifier next to the sensor. In addition, PPG sensing is used for BP measurement. In the pressure sensing method, systolic peaks (the light absorption peaks due to a high volume of blood) are detected using capacitive pressure sensor for radial or the carotid artery. Lee et al. proposed an algorithm for estimating the BP. It is based on an analysis of the non-pressurized pulse wave obtained from the wrist-wearable pulsimeter with a Hall device. The developed device detects minute changes in the magnetic field of a permanent magnet. Hsu et al. presented an approach to blood pressure measurement using two silicone-coated micro electromechanical (MEMS) pressure sensors in order to non-invasively detect blood pressure waveforms through skin contact. Sensors are placed at two points of the body to measure BP waveforms simultaneously. The local pulse wave velocity (PWV) can be determined by obtaining the delay time between two waveforms. Even though there is a plethora of research demonstrating being capable to measure the pulse pressure, there are no many that were able to demonstrate the correlation between the measured signals and blood pressure. Some of those that did manage to determine blood pressure found non-linear relationships between systolic/diastolic BPs, and sensor output. We can conclude that there is still a lot to be done considering the reliability of these sensors. 

1.2.1.4 Blood Oxygen Saturation 

Oxygen saturation or oxygenation is the concentration of oxyhemoglobin in the blood divided by the sum of the concentration of oxy- and deoxy-hemoglobin in the blood. Due to its non-invasive nature, adequate for measurements on the wrist, we only took into account peripheral oxygenation (SpO2). It is determined by an optical measurement where two LEDs, operating at two different wavelengths, alternately shine light through, or on, the sensing location. The blood volume and the concentration of oxyhemoglobin in the blood determine the intensity of the transmitted or reflected light through, or from, the tissue and skin. A photo detector is used to collect this optical signal. Hemoglobin in the blood has a different absorptivity depending on whether it is bound to oxygen or not. This fact,as well as the wavelength of light, make optical measurements possible. The oxygenation is derived from the ratio of the photo detector signal upon excitation at each wavelength and the known molar absorptivity of oxy- and deoxy-hemoglobin at each wavelength. In addition, PPG sensing can be used for SpO2 measurements.  Motion artefacts and ambient light interference are the most common issues that hinder the accuracy of obtained measurements. Those issues can be overcome by placing the sensor more closely to the skin as well as enabling the sensor to flex and move with the skin. Considering these research directions, organic and textile optoelectronics can be integrated into novel oximetry sensing devices.

 1.2.1.5 Blood Sugar 

Non-invasive electrochemical sensors for monitoring skin interstitial fluid (ISF) and sweat can be mainly divided into two types: fabric-based and epidermal-based sensors . Glucose in these bio-fluids is diffused from glucose in blood vessels through the endothelium or sweat glands, reflecting the blood glucose concentration. Even though sweat has emerged as a very useful bio-fluid for non-invasive glucose monitoring, there are still many challenges to overcome. A key issue for achieving reliable sweat and blood glucose correlations remains sweat sampling which should be constant and without any contamination. To obtain continuous sampling, the contact between the electrode and the biofluid should be constant, which can be challenging in the case of fabric-based sensors. To overcome this hurdle, an enzyme-based amperometric glucose sensor is used in the form of a temporary tattoo adhered to the skin. Here, reverse iontophoretic extraction is used to transport interstitial glucose from the skin to the sensor . Reverse iontophoresis uses a small current applied between two electrodes to move sodium ions through the skin towards the sensing electrodes. As the sodium ions flow across the skin, a flow of interstitial skin fluid is induced, transporting the glucose contained within to the sensing area. Furthermore, researchers are focusing their investigations on combining epidermal glucose measurements with the sensing of other physiological parameters to improve the accuracy of the obtained measurements as well as to find a correlation between other physiological parameters and glucose levels. In addition, special attention should be given to technological issues such as: resiliency, long-term stability and biocompatibility. Epidermal-based sensors are subject to mechanical deformations during body movements while fabric-based sensors are faced with deformation and degradation issues due to textile washing.
1.2.1.6 Blood Volume Pulse 

Blood volume is the amount of blood in blood tissue during a certain time period. Blood volume pulse (BVP) measures the amount of light reflected by the skin. BVP measurements can be obtained using photoplethysmography (PPG) sensing, which optically detects changes in the blood flow volume and provides information on the pulse rate. HR and HR Variability can be derived from the Blood Volume Pulse. HR variability (an indicator of the dynamic and cumulative load) is used as a measure to detect cardiovascular conditions and as a primary measure for stress.

1.2.1.7 Electrodermal Activity 

Electrodermal activity (EDA) (i.e., galvanic skin response or skin conductance) is a measurement of the flow of electricity through the skin. The changes arise when the skin receives specific signals from the brain. They may be due to emotional activation, cognitive workload or physical exertion. EDA can be measured with two electrodes placed next to each other on the skin surface with a weak electrical current applied between them. EDA sensor can capture the electrical change measuring a nervous system reaction to stress, engagement, excitement, etc. Skin conductance is increased when a person is under stress due to an increase in moisture on the surface of the skin. When the person becomes less stressed, the skin conductance is reduced. It is widely used in stress and emotion detection. 

1.2.1.8 Electrolytes and Ions 

Electrolyte (e.g., H+, Na+, K +, and Na+) imbalance can cause several health problems, therefore monitoring the level of these in human fluids can enable the early prevention of some diseases (e.g., hyperkalemia and cystic fibrosis). The monitoring of electrolytes is feasible also through wrist-wearable devices using ion sensing as the analyte for wearable electrochemical sensors. There are three types of analytic methods which are classified based on the electrochemical ion sensor, potentiometric, voltammetric and amperometric sensor, of which the first is the most widely used. The potentiometric sensor works with two electrodes, one being the working electrode and the other the reference electrode. The latter’s potential is determined by the fixed ion of interest, whereby the other is determined by the environment, therefore the difference can be deduced and related to the concentration of the dissolved ion. In contrast, the amperometric sensor senses the current flow in the cell level within an applied potential, while a voltammetric sensor detects the potential difference across an electrochemical cell.

1.2.2 Activity Sensing 

An overview of sensors used for monitoring activity parameters. The wrist can be used to obtain different activity signals such as motion, gestures, rotation, and acceleration. 

1.2.2.1 Motion and Gestures 

An accelerometer is the most commonly used sensor for measuring the motion of the human body. It measures acceleration in one or more axes. The acceleration can be determined by duty cycles which measure the length of the positive pulse width and period. The outputs are digital signals whose duty cycles are proportional to acceleration. Triaxial accelerometers (which measure vibration in three perpendicular axes) and magnetometers (measuring the strength and direction of magnetic fields) can be used to detect different human arm and body movements , while RGB-D sensors, in combination with triaxial accelerometers, can be used to detect 20 different human activities . Gyroscope sensors are used to determine the rotation of different parts of the body. They monitor activity by measuring body rotation and angular velocity around one or more axes while magnetic field sensors are useful in determining orientation relative to the earth’s magnetic north. Gyroscopes are mostly used in combination with accelerometers. Surface electromyography (sEMG) is used to detect musculoskeletal movements and activities which are controlled via nerves emitting signals which can be measured at the skin’s surface. These sensors can be used to detect hand gestures. Piezoelectric pressure sensors are used for surface mechanomyography (sMMG) to recognize gestures. Since the palm side of the wrist deflects noticeably during finger flexion gestures, the deflections can be measured using an array of piezoelectric contact sensors. Wrist-based actigraph devices have been utilized in research settings for monitoring sleep quality. Usually, the gyroscope, accelerometer and magnetometer are combined in the same device, since each sensor has its own strong sides. For example, the gyroscope reacts quickly to changes and is more reliable in the measurement of angles, while the magnetometer has poor accuracy for fast movements but with no deviation over time. 

1.2.2.2 Body Acceleration 

An accelerometer as an impact sensor for measuring accelerations up to ±2 g. The acceleration can be determined by duty cycles which measure the length of the positive pulse width and the period. The outputs are digital signals whose duty cycles are proportional to acceleration. 

1.2.2.3 Proximity Detection 

There are many proximity avoidance systems developed using various technologies, such as an ultrasonic-based sensor, radio frequency sensing, magnetic field, radar, sonar and GPS to prevent contact accidents. These systems are especially used in construction environments to prevent accidents caused by collisions with the equipment. Awolusi et al. argued that the most commonly used system for proximity detection is Radio Frequency Identification (RFID). It is based on the projection of radio waves and signals to transmit data and conduct wireless data retrieval and storage to identify the status of persons and objects . The advantage of ultrasonic-based sensors is in their good resistance to background noise, while a disadvantage is in the possibility of erroneously responding to loud noises. Additionally, the main advantage of GPS-based systems is in its ease-of-use and high accuracy. Measurements such as position, speed and orientation are the advantage of GPS-based systems over other technologies, such as ultrasound, radio frequency and infrared sensing. 

1.2.2.4 Pressure/Strain 

Strain sensors are used to track human body pressure information. Conventional strain sensors, are usually made of thin metal foils or semiconductors and can be placed on multiple body parts, thereby sensing that specific body part’s strain changes. Strain sensors can also be placed on a wrist-wearable, thereby sensing and recording wrist movement, useful for specific professions (e.g., tennis player). There are three common strain–pressure sensor types: (1) piezoelectric; (2) capacitive; and (3) FET-based type. The former two are the most commonly used ones. The piezoelectric type reads electrical charges generated by external forces (i.e., pressure, strain). Such piezoelectricity is generated only when materials with noncentrosymmetric crystal structures are used (e.g., ZnO nanowires and lead zirconate titanate), thus being ultra fast. These materials are however costly for manufacturing and have high lead toxicity, thus polymer-based piezoelectric materials are also used (e.g., PVDF). For flexible capacitive-type strain sensor, usually golden films are used as top and bottom electrodes, which produce flexible capacitive devices. However, nowadays there are also experiments with carbon nanotubes and silver nanowires.
1.2.3 Environmental Sensing 

An overview of sensors used for monitoring environmental parameters. Environmental parameters can present challenges for accurate physiological sensing due to its direct or indirect effect on those. Avoiding environmental effects is almost impossible in a person’s natural environment, therefore it is desirable to have a thorough knowledge of its state, thereby being able to deduce the effect it has on physiological parameters. According to McGrath et al., environmental monitoring can generally be categorized into indoor and outdoor. The former typically focuses on home and/or workplace environments, thus measuring temperature, humidity, light, quality of air, noise and gasses. The later cover air pollution, water quality, traffic noise, weather among others. In this section, we present some of the environmental sensors. 

1.2.3.1 Air Temperature 

The reflection of the rotational, vibrational and translational motion of physical matter represents the temperature itself. There are four common types of thermal sensors: (1) Negative Temperature Coefficient (NTC) thermistor; (2) Resistance Temperature Detector (RTD) or resistance thermometer; (3) thermocouple; and (4) semiconductor-based sensors. An NTC thermistor is a highly accurate thermally sensitive resistor. RTD is based on the resistance of the RTD element with temperature and can consist of a film or a wire wrapped around ceramic or glass. Thermocouple sensors, as the name suggests, consists of two wires of different metals connected, whereby the varying voltage represents the proportional changes in temperature. Semiconductor-based sensors are based on two identical diodes with temperature-sensitive voltage and are placed on integrated circuits. It is also noted that some capacitive and resistive read-outs have been integrated in a polyimide foil for temperature detection. A part of an ISO standard is the so-called predicted mean vote (PMV), which aims to anticipate the average thermal sensation of a mass, whereby the thermal sensation is the sense of temperature between hot and cold. Using the data of the air temperature in combination with skin temperature is a useful pointer towards assessing an individual’s thermal sensation. Each of the mentioned thermal sensor types has its own shortcomings. NTCs work best for low temperatures and due to its exponential nature, requires linearization for its output. RTDs are commonly made from nickel and copper but these are not as stable or repeatable, thus platinum is a better choice albeit a far more expensive one. The thermocouple and semiconductor-based sensors have low accuracy, while the latter also have the slowest responsiveness. 
1.2.3.2 Altitude 
Altitude is commonly determined using barometric pressure sensors (MEMS). These barometric pressure sensors are also used in embedded devices (e.g., mobile phones) for vertical position detection based on barometric altitude readings. The barometric sensor has two outputs: the pressure value and the temperature, which when combined are converted into altitude value. Combining these sensor measurements with GPS data improves the accuracy of the navigational systems. Recording the altitude readings are desirable for sporting activities, such as climbing or diving. The most common challenges of barometric pressure sensors are stability related and thereby accuracy, since with time they fall outside of the acceptable range of performance (i.e., installation shift, drift). Especially piezo-resistive pressure sensors drift over time. One problem is also the fact that pressure sensors have to breathe under dry, humid and wet conditions, which can be a challenging task in wet environments. Often changes in barometric pressure result in inaccurate pressure measurements, which could be resolved with differential-pressure measurements.

1.2.3.3 Light Sensing 

light intensity is quite common in current smartphones, whereby the brightness of the display is in harmony with the external light, based on the readings of the illumination sensor. These illumination sensors are typically silicon PIN-type photodiodes, photodetectors that convert light into either current or voltage. These can receive wavelengths from 400 to 1100 nm. Photons striking the depletion region of a diode may hit an atom, releasing and creating a free electron and a positively charged electron hole, whereby one moves towards the anode, and the other towards the cathode, creating a current. There are also other types of photodetectors, such as phototransistors and light-dependant resistors . The light sensor in the form of ambient ultraviolet or fluorescent light sensing in wrist-wearable devices is also present e.g., in the Fitbit Surge or Microsoft Band.

1.2.3.4 Sound/Noise 

Sound sensors are commonly used in several smart devices (e.g., mobile phone) or in dedicated devices such as the infant sound and movement sensor device (e.g., Angelcare). However, placing such a noise sensor and recording option on a wrist-wearable device, could be used to analyze a person’s stress level and its correlation with the environmental noise level (e.g., noise pollution in urban areas) or just by measuring the pitch level. A prototype for such a wearable device has already been tested [93]. In some cases, piezoelectric pressure sensors are used to detect changes in pressure due to sound vibrations, thus filtering decibel readings.

 1.2.3.5 Atmospheric Pressure 

There are several wearable pressure sensors, which detect different pressure ranges, i.e., under 10 kPa, between 10 and 100 kPa and over 100 kPa. The high pressure range (>100 kPa) covers the atmospheric pressure (e.g., also vocal cords), while others are too sensitive, thus, worn on a wrist, it can be used to detect blood pressure. These pressure sensors are based on mechanisms which include piezoeletrics, piezoresistive and capacitance, which turn atmospheric signals into environmental information. The most commonly used pressure sensor, the piezoelectric, is based on electrical charges occurring in specific solid materials (e.g., lead titanate) under pressure, thereby causing polarization, which is proportional to the applied pressure. These pressure sensors have a fast response time and are thus also used for sound detection, due to the sound vibrations that cause dynamic pressure. A piezoresistive pressure sensor can detect a wide range of pressures and is based on the resistance of specific materials, which in turn changes when physical pressure is applied. Capacitive pressure sensors are based on capacitors and on the thickness of dielectric materials (e.g., polyurethane), thus proportionately, when thickness reduces, capacitance increases. An example of a wrist-wearable that enables the detection of atmospheric pressure is the LG Watch R.

1.2.3.6 Humidity 

The air quality also depends on the humidity level; therefore, many stationary sensory devices measure the environmental air on a specific scale. Nevertheless, such humidity measuring can also be applied on movable sensor devices, as the SensPod from Sensaris, which, besides humidity, has sensing capabilities including several gasses, noise and temperature. Gathering the humidity level on the go can also be performed while being deployed on a wrist-wearable. Humidity sensing can be performed with fiber-based technology.  More precisely, luminescent systems with fluorescent dyes, moisture-absorbing fiber-coating polyimides and reflective, thin, film-coated tin dioxide and titanium dioxide fibers. These sensors also have some challenges, which, if not addressed, pose problems for accurate readings. First, the wide humidity and temperature ranges, which can exist in an environment, add to imprecise measurements and thus give a non-linear response.
1.2.3.7 Chemical/Gas 

Gas sensors, which are commonly placed in/on a physical location, are highly desirable in sensitive environments (e.g., mines, schools and nuclear facility), since they provide an additional security feature in the case of the presence of a hazardous gas, thus automatically alarming the affected public. Furthermore, such sensors can also be attached directly on a person (e.g., human skin) enabling dynamic gas detection, thus protecting the individual in case of hazardous gas detection. Gas sensor are commonly focused on molecules of specific gasses (e.g., CO2 and NO2). Gas detection is based on sensing mechanisms, such as resistive mechanism, piezoelectric devices, surface acoustic waves, electrochemical processes and colorimetric methods. There are also capacitive read-outs which have been integrated into a polyimide foil, for gas detection. Resistive gas sensors based on graphene (they can also be based on metal oxide, conducting polymers or colloidal nanocrystals) are commonly used in wearable gas sensors, because of their flexibility, surface-to-volume ratio and electric response. The electrochemical-based gas sensors operate on the notion of gas molecules reacting and creating electrical current flow due to two sensing electrodes separated by an electrolyte. These types of gas sensors are promising for wearable devices due to low power requirements, high sensitivity and low cost. Another promising gas sensor type for wearable devices are colorimetric gas sensor, which produce visual signals due to their flexibility, reliability and have none of the disadvantages that come with electrical issues such as electronic circuits. Due to their architectural design, wearable chemical sensors experience stability problems with lower power, since these require an active power source to bias the sensor, amplify the output and calibrate the sensor. Additionally, some of the main challenges for chemical sensors are viable materials and fabrication techniques. 

1.2.3.8 Ultraviolet (UV) light 

The ultraviolet light (UV) spectrum is known to be harmful for human skin, causing problems from wrinkles to skin cancers. Measuring UV exposure can be performed with specific light sensors, which can be placed on wristbands (My UV Patch), bracelets or wristbands (Microsoft Band) . Such UV sensor backed smart devices can be used as a safety precaution. The UV sensors are part of the optical sensor family, whereby each of them are sensitive for a specific spectral region, i.e., ultraviolet, infrared, etc. These sensors are based on the principles of photoconductivity, whereby they measure changes in light intensity in relation to light emissions or even the changes of light beams in relation to any other interaction.

 1.2.3.9 Location 

Location-based sensing is primarily done using GPS trackers or Inertial Measurement Unit (IMU) but are sometimes combined with other sensors such as accelerometers, gyroscopes, magnetometers and pressure sensors. Such readings are used in various scenarios, from sports tracking to elderly safety monitoring devices. There are several wrist-wearable devices which enable environmental location, using the aforementioned sensor types. Determining the location could also be possible via an internet connection and wireless communication via 3G or LTE, but such Cellular Triangulation scheme techniques are not adapted for wrist-wearable devices since a telecommunication receiver is not present. Even though it is a frequently used sensor, some challenges still arise with it, mainly accuracy as well as indoor GPS positioning problems and non-response challenges. According to GPS itself, the GPS-enabled smartphones are typically accurate in the range of approximately 5 m, since their accuracy depends on several factors, such as satellite geometry, signal blockage (i.e., indoor problems) and atmospheric conditions.
1.2.3.10. Gravitational Force 

The gravitational force, or G-force, is an acceleration measured in meters per second squared, which is the rate of change of the velocity of an object. The measurement is performed using electromechanical devices - accelerometers, which can be used to sense either static or dynamic forces, including gravity or vibrations and movement. These devices can typically measure acceleration on a three-pronged axis. The accelerometer contains capacitive plates, whereby some are fixed and others move internally, and as acceleration forces act these plates move in relation to each other, thus the capacitance between them changes, resulting in the acceleration determination. Piezoelectric materials are sometimes also used. Tiny crystal structures output electrical charge when placed under acceleration. Such sensing is used in a variety of domains, most commonly in aviation, whereby lately also in the sporting domain, as an impact sensor in American football or in snow sports . By focusing on the vibrations, the g-force sensing could be applied on a wrist-wearable, indicating or recording changes in acceleration. 

1.2.4 Accuracy Issue as Future Research Direction 

The accuracy of the sensors used in wrist-wearable devices is one of the main issues in the current commercial market. Many devices are considered to be good enough in different settings, excluding the clinical setting as the most delicate one. Studies are rarely executed on patients and especially on hospital inpatients. They largely focus on activity tracking such as in the study conducted by Case et al. to evaluate the accuracy of step counts of commercially available devices. Their results indicate that measurements could be up to 20% lower compared to the observed step counts. On the contrary, Kroll et al. conducted an observational study on patients in the intensive care unit to monitor the accuracy of the heart rate measurements of commercially available personal fitness trackers. Their results indicate that the heart rate measurements obtained by a personal fitness tracker were less accurate and consistent than the heart rate recorded by gold-standard measurements derived from electrocardiographic (ECG) monitoring. Performance was even worse among patients who were not in sinus rhythm. These results suggest that wrist-wearable devices will require more clinical studies conducted in a real-world setting to test the accuracy of devices and detect which groups of people are suitable for monitoring physiological parameters with commercially available wrist-wearable devices.
1.3 DESCRIPTION OF THE NEW METHOD OR SYSTEM 

This study was conducted in close cooperation with the Italian National Olympic Committee (Comitato Olimpico Nazionale Italiano) CONI Institute of Sports Sciences and Medicine and involved 12 triathlon athletes.
Athletes are all male between the age of 19 and 55 years old: all of them perform training for running, swimming and cycling. The athlete performs a running test on a treadmill divided in 5-steps with different increasing speeds (12, 13.5, 15, 16.5 km/h); each step lasts 5 minutes and it is separated from the next one by a 2 minute pause.
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Athlete performing a running test on the treadmill
During the test, the following parameters are monitored: VO2: maximal oxygen consumption; VCO2: maximal carbon dioxide production; Pet O2: oxygen partial pressure; Pet CO2: carbon dioxide partial pressure; ReRe: respiratory rate; ReRa: respiratory ratio (Produced CO2/Consumed O2); HR: heart rate; TV: tidal volume; Ti: duration of inspiration; Te: duration of expiration. During the pause between the steps, Earlobe blood sampling and saliva sampling with Salivette® sampler are performed. Salivette sampler consist of a plastic tube containing a cotton roll. Athletes had to put the cotton roll in their mouth for 1 minute and gently chew it to stimulate saliva production: the cotton roll will adsorb the saliva sample. Moreover a sample of exhaled breath for each athlete was collected before and after the execution of the Mader test: each athlete had to normally breath for 3 minutes into a dedicated storage device for direct sampling of exhaled breath (Pneumopipe® , European patent n. 12425057.2, Rome, Italy) on an adsorbing cartridge (Tenax GR, by Supelco). Exhaled breath and saliva samples were analysed using a sensor system for biological fluids fingerprinting in a sensor system arrangement endowed with BLE (Bluetooth Low Energy) module transmission.
[image: image2.png]5 min 5 min 5 min 5 min
12km/h 13,5 km/h 15 km/h 16,5 km/h

v v v v

Start Finish

Vsaliva sanplng # Earobe blood sumpling
'V Exhaled breath sampling W Respiratory parameters monitoring




Test Mader and sampling
A. Exhaled breath analysis 

Exhaled breath samples were analyzed using a gas sensor array based on an array of seven quartz microbalances covered by seven different anthocyanins extracted by three different plant tissues: red rose, red cabbage and blue hortensia. The cartridge content is desorbed in four different steps (at 50, 100, 150 and 200 ◦C) and independently processed into the sensor chamber. Finally, the cleaning of the cartridge was obtained holding the temperature at 300 ◦C for 5 minutes. Once desorbed from the adsorbing cartridge, VOCs of the exhaled breath chemically bind with different anthocyanins above the seven quartz microbalances of the gas sensor array, inducing a frequency shift from the fundamental resonance frequency that is registered as the sensor response. The final fingerprint of the exhaled breath (BreathPrint, BP) is composed of 28 responses, given by the seven sensors’ outputs at four different temperatures.
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Set-up for exhaled breath analysis
B. Saliva Analysis 

Saliva sampled using Salivette® needs a simple post process centrifugation of cotton rolls (2min; 1000xg; 25 ◦C) to allow the release of saliva. Saliva is diluted in deionized water in a ratio 1:6.5. Samples, after this preparation process, are analysed using an electronic tongue inspired by electrochemical measuring techniques that performs cyclic analysis on liquid sample. The system is composed by: Micro-Fabricated Electrode (it constitutes an electrochemical cell: working electrode made of gold, counter electrode made of platinum and reference electrode made of silver); a custom electronic interface that drives the electrode; a microcontroller for the generation of the input signal and the acquisition of the output signal. Data are transmitted using a BLE module that allows the management of the measure using an external device as smartphone or tablet. The device has a low power consumption (about 80 mW: 3.6V, 22 mA) and reduced size (about 12 cm2 ) A triangular input signal with a frequency of 0.01 Hz and amplitude ranging from -1 to 1 V is used to drive the electrocheimical cell. When the input signal is applied to the solution, a redox reaction is induced and the output signal is measured in the working electrode. A current flows from the counter electrode to the working electrode and it is converted to a voltage value using a trans-impedance stage. The e-tongue device provides a numeric output data array of 500 elements per analyzed sample and the e-nose system produces a numeric output data array of 28 elements per analyzed sample: the complete analysis for each athlete generates a numeric array of 528 elements. The obtained data were analysed with multivariate data analysis techniques using both unsupervised (Principal Component Analysis - PCA) and supervised methods, Partial Least Square Regression (PLS regression). Data analysis was performed using the PLS Toolbox SW (Eigenvector, Wenatchee, WA, USA) in the MATLAB environment (The Mathworks, Natick, MA, USA).
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Sensor system overview
Camera system 

The hardware used for this paper consisted of a 9 camera setup with cameras along both sides of a push-track training facility. Such facilities allow for off season training of skeleton and bob-sleigh and consist of a concrete declined hill with straight metal rails on which a wheeled practice sled can be used. The cameras used were JAI machine vision cameras set to record HD images (1920×1080) at 200 Hz, with a 200 Hz trigger signal used to ensure frame synchronisation. The cameras were arranged along the track as, and cover an approximately 8 metre span at the start of the track where it is sloped but has constant gradient of 2%. The camera system was calibrated using standard techniques. A circle-grid calibration board is presented to each camera in turn for intrinsic calibration, and then moved through the scene, ensuring it is seen by multiple cameras at any one time. Camera extrinsic parameters are calculated from these shared observations and then optimised using Bundle Adjustment to reach a globally optimal calibration. Marks on the ground are used to align the calibration such that z = 0 is the floor plane, with +z up. The y-axis of the system is aligned to be parallel with the sled track, such that +y is down the hill parallel to the sled rails. Fixing the alignment of the calibration in this way means that the sled orientation is both known and easy to work with. In parallel with the machine vision camera system, ground truth data were captured using a 15 camera markerbased motion capture system (Oqus, Qualysis AB, Gothenburg, Sweden). 12 international skeleton athletes performed up to 4 maximal pushes on a dry land skeleton training track. A full body marker set comprising of 44 individual markers and four clusters were attached to each participant to create a full body six degrees of freedom (6DoF) model (bilateral feet, shanks and thighs, pelvis and thorax,upper and lower arms, and hands). Four additional markers were placed on the sled to track position and orientation. Following labelling and gap filling of trajectories (Qualysis Track Manager v2019.3, Qualysis, Gothenburg, Sweden) data were exported to Visual 3D (v6, C-Motion Inc, Germantown, USA) where raw trajectories were low-pass filtered (Butterworth 4th order, cut-off 12 Hz) and a 6DoF inverse kinematics (IK) constrained model was computed. Athlete mass centres were computed using the model described by de Leva. Additionally, the sled was modelled as a rigid object with uniformly distributed mass. Filtered marker data and mass centre locations were used to compute mass centre derivatives using a finite central differences method and touch-down (TD) and toe-off (TO) events were computed based on foot marker kinematics. Computing TD and TO events permitted the calculation of the average velocity of the sled and athlete mass centre across each step.
1.4 Estimating athlete velocity 

To measure the velocity of the athlete as they proceed along the track, this paper proposes an algorithm based on multiple processing stages. 

· Label athlete body parts in each camera view using a CNN based segmentation algorithm. 

· Get bounding boxes of head and torso regions in each view. 

· Use back-projection to fuse the head and torso observations. 

· Optimise a 3D bounding box to fit the head and torso observations. 

· Track the bounding box over time using a Kalman filter.
A number of different approaches could be taken for detecting the athlete in the images. One of the most widely seen approaches to human detection and pose estimation uses CNNs to detect a sparse collection of points corresponding to the approximate image location of body joints(e.g. shoulders, elbows, wrists, hips, knees, ankles). Initial testing with OpenPose suggested that the highly occluded, bent over position of the athlete caused quite noisy and unreliable detections. Systems which estimate a full 3D model from uncalibrated single views such as could provide an alternative, but it is unclear exactly how to fuse the results of individual cameras as the athlete traverses the scene. Ideally each individual camera view would produce the same result, however in practice the 2D ambiguity is not fully resolved by these systems and the models will be different. There is also a question over accuracy when these systems typically forgo a calibrated camera in favour of a generic projection matrix during training, and additionally, questions of how scale can be fully resolved. The velocity of the athlete is taken to be the rate of change of their centre of mass displacement. Previous works have shown that centre of mass can be estimated using volumetric reconstructions such as a voxel hull. These can generally be constructed from segmentation masks of the athlete from multiple views, but require that the cameras are arranged to maximise the performance of space carving - ensuring that individual limbs can be separated from each other and the rest of the body, and that no negative space is filled in. The pose of the skeleton athlete while running with their sled makes it very difficult to accommodate this need, especially if cameras are required to also span a significant length of track and the recording system is to remain economical. Rather than attempt to recover a high fidelity volumetric reconstruction of the athlete in the scene, this work demonstrates that the motion of the athlete’s mass centre along the track can be recovered by tracking a 3D bounding box that is optimised to best fit the observations from each individual view. For the first stage, human segmentation is performed using the approach of. This provides a segmentation that labels pixels of the image as belonging to various parts of the body - lower and upper leg, torso, lower and upper arm, and head. Despite the pose of the athlete, and their wearing of a helmet, the algorithm produced useable segmentations. Some common failures were observed, such as partial or fragmented segmentations, particularly of the head, and some mislabelling of body parts; the most common misslabelling being to label the arm that pushes the sled as a leg. Although it can be guaranteed that only one athlete will be performing during any one video, it cannot be guaranteed that there will not be other people in the background of images or that the athlete’s body parts will be segmented into single perfect blobs. As such, a robust method of fusing the segmentations between views is needed to get a 3D estimate of the athlete’s body parts.
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Occupancy grid overlaid on the push-track (actual grid is higher resolution)
To this end, a variant of occupancy maps (also termed synergy maps) is proposed. The camera system is calibrated and the extents of the observed region of the pushtrack are known, as well as the plane of the ground - which is assumed to be the z = 0 plane. An occupancy map is typically created by dividing the region of the ground plane up into a grid of cells as, and projecting each cell into the images. Usually, the occupancy of a cell is computed as the sum of images for which the projection is inside the segmentation, although variants exist which allow for the occupancy to be based on multiple scene planes above the ground. Due to occlusions, miss-labelling, broken up segmentation regions and indeterminate height of the athlete above the ground, this work changes the computation of occupancy slightly. First, connected components is used to place a bounding box around each body part segmentation region. Specifically, only the head and torso regions are currently used to minimise the impact of moving legs and arms on estimates of the centre of mass. An occupancy map for each body part is computed by projecting each cell of the occupancy map into each camera view to provide a resulting point pi in the image. If pi lies between the horizontal extents of one or more bounding boxes in the view, the occupancy of the cell is incremented by 1. As there will only ever be one athlete on the push-track at one time, localising the head or torso body parts can be done by searching for the peak value in the occupancy map. Once the peak has been found, a tracking bounding box can be initialised at the location corresponding to that occupancy cell. If the location of the body part is known from previous frames then the occupancy map can serve for verifying that the part is still present.
1.5 Non-invasive monitoring of an athlete's training and health.

1.5.1 Monitoring training status
Monitoring of an athlete's training status must take into consideration the external load applied (i.e., the work completed) in relationship to the individual's response to this load, and a recent review has nicely summarized the various internal and external parameters of potential interest in this context. These parameters and their response to training are highly complex and it is beyond the scope of the present review to discuss them in detail. The external load is usually reflected in parameters such as distance (e.g., when running), velocity (e.g., of running), the duration and frequency of training sessions, etc. In addition, environmental conditions such as altitude, temperature, and relative humidity can influence the external load and should therefore be monitored as well. Among the great variety of relevant internal parameters, some can only be monitored with sophisticated instruments and/or are invasive (e.g., blood analysis) and thereby impractical for daily use. From a practical point of view, monitoring of internal parameters should not only be non-invasive, but also efficiently provide daily simple, yet scientifically trustworthy feedback designed to improve performance and maintain health. Examples include heart rate (HR) during exercise (HRex), as well as recovery (HRR) and variability (HRV) of HR. The HRR is defined as the rate of decline in HR following termination of exercise, which is regulated by the autonomic nervous system and thereby provides information concerning sympathetic and parasympathetic activity. In general, the more rapid the HRR, the better the fitness. However, since in trained endurance athletes a period of functional overreaching also appears to be associated with more rapid HRR, this parameter must be evaluated in the context of the training schedule. The HRV, defined as the time that elapses between two heart beats, can reveal alterations in the autonomous nervous system of the heart. Even though its applicability is debated, when assessed longitudinally and at specific time-points (during the night or immediately after waking-up) HRV can help reveal an athlete's training and health status.In addition to these parameters related to the heart, elevated neuromuscular fatigue (defined as a reduction in force generation due either to central and/or peripheral factors) has been associated with symptoms of overtraining and should be monitored frequently. Moreover, different lactate thresholds are commonly used to determine an athlete's internal loading and can be used to access the results of training interventions. Consequently, in connection with monitoring an athlete's training status, blood levels of lactate should also be taken into consideration.
1.5.2 Monitoring health status
Even though the parameters described above are related to those discussed in this section, we highlight here those that provide deeper insight into the training related health status of athletes.Assessment of hydration status (which is influenced both by the extent of sweating and drinking behavior) is necessary, since dehydration can impair performance and, moreover, is associated with several deleterious health consequences, including heat strokes. At the same time, overdrinking can result in hyponatremia and subsequent fatigue, confusion, coma, and even death. Consequently, monitoring both fluid loss by sweat and fluid intake is of considerable importance. When exercising in extreme environments, the athlete's core temperature can exceed 40°C (hyperthermia) or be less than 35° C (hypothermia), which can lead to several kinds of injuries and even threaten life . Ultraviolet (UV) radiation can damage DNA and is a major risk factor for melanoma and other forms of skin cancer. Consequently, athletes exercising outdoors should monitor their exposure to sunlight, both direct and reflected. An alteration in the athlete's arterial blood oxygenation (SpO2) may explain decrements in performance, especially at altitudes where this value is lowered, and may also help to predict acute mountain sickness. The quality and quantity of sleep, especially slow-wave sleep during which growth hormones are secreted, are important for recovery, performance, and health and should also be monitored. Impaired sleep disrupts cognitive and immune functions, enhances daytime sleepiness, and reduces overall performance. Subjective parameters, such as mood disturbances or perceived stress and inadequate recovery, can be assessed with different questionnaires that actually appear to provide a more sensitive and consistent evaluation of an athlete's well-being and training load than objective markers. Accordingly, such questionnaires should be applied with confidence in daily practice.
1.6 Wearable technologies designed for individual consumers
To evaluate how wearables may assist in monitoring an athlete's training and health, the technologies involved and their abilities to detect specific parameters must be understood.
Several wearables can calculate or estimate body position, movement velocity, distance traveled, and acceleration employing information provided by Global Navigation Satellite Systems (GNSS; such as the Global Positioning System; GPS). With this technology, a good line-of-sight and high-sampling frequency are important for obtaining accurate data. Consequently, GNSS measurements do not function indoors or underwater and, moreover, their accuracy may be compromised in densely built-up areas. Inexpensive GPS systems are latent, a problem avoided by high-frequency sampling by professional systems. In contrast, speed tracking appears to be accurate even with inexpensive systems. Position, velocity and distance measured at low-to-moderate velocities (<20 km·h−1) by such systems are also reliable, but acceleration data are prone to error and should be interpreted with caution. Accelerometers, which are commonly piezoelectric, piezoresistive, capacitive, or based on strain gauges, are used to quantify the distance an athlete covers during training, as well as to evaluate total sleep time and estimate sleep quality, thereby providing an estimate of the quality of sleep. Distance is derived by most accelerometers from the number of steps taken and most count accurately at velocities >67 m·min−1 (1.12 m·s−1), which, however, does not necessarily mean that they measure distance accurately. Accelerometers are reasonably reliable and valid for monitoring the quality and quantity of sleep in certain populations with an accuracy of 80% compared to polysomnography. However, each accelerometer must be fitted securely to prevent motion artifacts and accelerometers often fail in detecting the state of wakefulness in sleep periods. Therefore, other methods for the purpose of sleep monitoring are warranted. Pulse oximetry exploits the fact that oxyhemoglobin and deoxyhemoglobin absorb near-infrared light maximally at different wavelengths to monitor the oxygen saturation of arterial blood continuously. These sensors are inexpensive, small and simple to use, but prone to potential error due to vasoconstriction, hypovolemia and artifacts caused by excessive movement, which limits their usefulness in cold environments and while exercising. Parameters associated with HR can be monitored with chest belts, photoplethysmography, or various sensors incorporated into clothing. Although chest belts are widely used by athletes, they are experienced as uncomfortable. Photoplethysmography involves a diode on the skin that emits red or near-infrared light that penetrates the underlying tissue and is then reflected back and detected by a photo sensor. This allows assessment of pulse rate with sufficient accuracy at rest, but the error of measurement can be dependent on the photosensitivity of the skin and increases during exercise due to motion artifacts. Consequently, such data should be interpreted with caution. In the case of smart clothing, conducting or metal-coated fibers can be woven into the fabric or conducting inks can be printed onto the garment to monitor HR and associated parameters. However, even though promising, only a few studies to date have evaluated the accuracy and reliability of smart clothing  and more are warranted. To monitor muscle activity by electromyography (EMG), electrodes woven into fabrics have been found to provide values similar to those obtained with traditional surface electrodes. 
The drawback of skin electrodes, however, is that
· They must be positioned accurately, preferably “in the midline of the muscle belly between the nearest innervation zone and the myotendinous junction furthest from this zone”since even small movements away from the innervation zone (e.g., 10% of the muscle length) reduce signal amplitude considerably .
· They must have a tri-polar configuration to allow utilization of “the double differential technique to eliminate the presence of crosstalk” between different muscles; and
· The signal-force relationship is non-linear and dependend on the number of motor units recruited in the vicinity of the electrode.
Therefore, EMG fabrics designed to assess muscular activity are considered inaccurate. An alternative and promising approach involves incorporation of pressure sensors into compression garments.
CHAPTER 2
LITERATURE SURVEY

1. “HEART RATE MONITORING: APPLICATIONS AND LIMITATIONS” ACHTEN J., JEUKENDRUP.A.E.(2003) 
HRMs are mainly used to determine the exercise intensity of a training session or race. Compared with other indications of exercise intensity, HR is easy to monitor, is relatively cheap and can be used in most situations. In addition, HR and HRV could potentially play a role in the prevention and detection of overtraining. The effects of overreaching on submaximal HR are controversial, with some studies showing decreased rates and others no difference. Maximal HR appears to be decreased in almost all ‘overreaching’ studies. So far, only few studies have investigated HRV changes after a period of intensified training and no firm conclusions can be drawn from these results. The relationship between HR and oxygen uptake (VO˙ 2) has been used to predict maximal oxygen uptake (VO˙ 2max). This method relies upon several assumptions and it has been shown that the results can deviate up to 20% from the true value. The HR-VO˙ 2 relationship is also used to estimate energy expenditure during field conditions. There appears to be general consensus that this method provides a satisfactory estimate of energy expenditure on a group level, but is not very accurate for individual estimations. Heart rate monitors (HRMs) have become a common training tool in endurance sports. Most endurance athletes have at least tried HRMs and many use them consistently to monitor their training and to help them train at the planned intensity. HRMs have developed rapidly from large instruments suitable only for laboratory use (around the 1900s) to the size of a watch in recent years. There have been developments in the accuracy of the measurements, increased storage capacity, and new functions have been added. There are various ways in which HRMs can be used and this review discusses their possible applications.
DRAWBACKS
· These problems are overcome when EE is estimated from calorimetry. However, the major drawback with this method is the fact that the equipment necessary to do the measurements can interfere with the normal performance of the activities.
· The environment will also have a large impact on HR.
2. “THE DEVELOPMENT OF FUNCTIONAL OVERREACHING IS ASSOCIATED WITH A FASTER HEART RATE RECOVERY IN ENDURANCE ATHLETES” AUBRY A., HAUSSWIRTH C., LOUIS J., COUTTS A.J., BUCHHEIT M., LE MEUR Y.(2015)
The aim of the study was to investigate whether heart rate recovery (HRR) may represent an effective marker of functional overreaching (f-OR) in endurance athletes. Increases in training intensity and volume are typically undertaken by athletes in an attempt to enhance physical performance. However, when the balance between appropriate training stress and adequate recovery is disrupted, an abnormal training response may occur and functional overreaching (f-OR) may develop. Intensified training can then result in a decline in performance; however, when appropriate periods of recovery are provided, a ‘‘supercompensation” effect may occur with the athlete exhibiting an enhanced performance compared with baseline levels. When this ‘‘intensified training” continues, the athletes can evolve into a state of extreme OR or non-functional overreaching (nf-OR) which will lead to a stagnation or decrease in performance that will not resume for several weeks or months. In contrary to the nf-OR stage, f-OR is often intentionally induced by coaches–typically through periods of intensified training such as training camp periods–with the intent that the temporary performance decrement is followed by a taper-induced performance supercompensation The currently accepted method for detecting f-OR is to assess changes in physical performance following a resting period of several days or weeks, and the diagnosis is confirmed when performance is decreased and the athlete perceived high fatigue. However, this method is not well accepted by coaches and athletes because it may disrupt the planned training schedule and lead to detraining. It is therefore important to identify markers of f-OR that can effectively identify athletes who are not adapting to training, but also be easily applied without interfering with the training process. Among the different biological markers, heart rate (HR) has been suggested as a promising tool for monitoring if athletes are adapting to training . For example, a reduced HR response has been observed during standardized exercise bouts in f-OR endurance athletes. 
DRAWBACKS

· The aim of the present study was to clarify if the use of HRR could facilitate the diagnosis of functional overreaching in endurance trained athletes, while controlling the above mentioned methodological issues.
3.“DEVELOPMENT OF NEXT-GENERATION COMPRESSION APPAREL” BELBASIS A., FUSS F.K.(2015) 
In particular, the muscles and joints in the lower limbs suffer from a higher likelihood of injuries due to muscle and ligament overloading/straining. High-end compression gear is currently limited only to providing passive muscular and vascular exercise response. Smart Apparel introduces the integration of a pressure mapping system into a compression garment, further extending its functional support in a range of applications, from an indispensable training aid within competitive sports through to the health industry. The purpose of this research was to investigate the design considerations and developmental steps necessary in developing such a ‘Smart Garment’ for monitoring muscle and limb activity. It investigates the use of a novel approach to quantifying muscular exertion and loading through the measurement of surface pressures between a target muscular group and a compressive elastic garment. To contrast the current magnitude of fitness tracking solutions, one only has to look back a decade where consumers were once content to track activity through a single information stream; the heart rate. As both technology and consumer tastes evolve, the once prominent lines between Clinical and Consumer measurement systems have become blurred. Constant progression of instrumentation simplification and miniaturisation has led to once cost-prohibitive technology solutions to be widely affordable to the mass public. Increasingly we see not only consumer devices but also sporting garments that are adopting this trend and spanning these now blurred lines; Smart- Watches, -Headbands, -Socks, etc. Of particular focus to the research team is that of the progressive developments in compression apparel. Novel approaches in material-based sensor technology now allows for the integration of soft sensors within compression garments, creating smarter apparel with the ability to record, store, stream and deliver high-end muscle and joint data for real-time user feedback. Current passive compression garments provide little to no feedback on performance and behaviour to the wearer, functioning mainly as a proprioceptive aid during recovery. The prominence of these garments within the sporting industry does provide the avenue for instrumentation of the athlete. Where monitoring select muscle groups and joints within a smart garment allows for the opportunity to move from lab-based analysis to a wearable platform where evaluated performance is done within the athlete’s training environment. 
DRAWBACKS
· Through the use of internally built and calibrated sensors over commercially available Force-Sensitive resistors (FSR’s) the issues of excessive signal noise seen to plague the data in McLaren was overcome.
· The challenges and solutions used in similar fields of preventative support (diabetes, heart management) where a user-centered design approach has yielded significant improvements into the impact and effectiveness of the critical data relayed to a participant.
4. “PRO: PULSE OXIMETRY IS USEFUL IN PREDICTING ACUTE MOUNTAIN SICKNESS” BASNYAT B. (2014). 
Pulse oximeters are easy to use, noninvasive tools for the assessment of individuals at high altitude. These instruments provide an estimate in percentage of arterial hemoglobin oxygen saturation, which is a function of arterial partial pressure of oxygen. The percentage denotes the hemoglobin binding sites that are occupied at any one time by oxygen. At sea level, healthy individuals will be on the flat portion of the oxyhemoglobin dissociation curve, but at high altitude as the partial pressure of oxygen decreases with ascent, individuals will be at the steep portion of the curve (a slippery slope by comparison) where saturation changes significantly with respect to small changes in the partial pressure. There are no randomized controlled trials (RCTs) of hypoxemic individuals to determine if starting them on AMS prophylaxis after they are identified as having a low Spo2 prevents AMS later in the trip. Most trekking and expedition groups use pulse oximeters as a novelty item, and many groups carry an inexpensive, pocket pulse oximeter (some as little as US $30) to periodically check the oxygen saturation (Spo2) as they as ascend up the trail. Based on medical literature, the pulse oximetery, though not 100% accurate, is useful in predicting acute mountain sickness (AMS).
DRAWBACKS
· The popularity of pulse oximeters, mountain sojourners will continue to use them to try to predict AMS, regardless of where we stand on this issue today.
· It is therefore very important to do further studies on this topic (including accuracy of particular pulse oximeters and their error ranges, uniform measurement methods, and avoiding misinterpretation of data) to “refine” this science.
5. “THE USE OF SURFACE ELECTROMYOGRAPHY IN BIOMECHANICS” DE LUCA C.J. (1997).
Electromyography is a seductive muse because it provides easy access to physiological processes that cause the rnuscle to generate force, produce movement, and accomplish the countless functions that allow us to interact with the world around us. The current state of surface electromyography is enigmatic. It provides many important and useful applications, but it has many limitations that must be understood, considered, and eventually removed so that the discipline is more scientifically based and less reliant on the art of use. To its detriment, electromyography is too easy to use and consequently too easy to abuse. The scope of this paper is not to review past contributions to the advancement of electromyography in biomechanics. Many researchers have contributed to that chronicle. 1 Instead this discussion will focus on the complex and interrelated factors underlying the relationship between the electromyographic (EMG) signal and the force produced by a muscle. One of the most frustrating, or appealing (depending on your perspective), aspects of the surface EMG signal is that when rectified and sufficiently smoothed, its amplitude is qualitatively related to the amount of torque (or force) measured about a joint, but more often than not, an accurate quantitative relationship is elusive. The reason for this quandary is that the EMG signal is the result of many physiological, anatomical, and technical factors. The effects of some of these factors may be managed by proper detection methods, but others are not easily regulated with current technology, and their potential effect on the signal may only be surmised and considered. To use the signal effectively, it is first necessary to understand as much as possible the sources of, and the influences on, the signal. This task is daunting and complicated because the current state of knowledge does not enable us to consider quantitatively the cause and effect of all the processes and phenomena that influence the EMG signal. Even if the influences could be completely characterized, the analytical rendition would be complicated by the anisotropy and inhomogeneity of the tissues between the muscle membranes and the detection electrode.
DRAWBACKS
· It is conceivable that in the future, elegant and complex models will be used in conjunction with means for describing the anatomy, physiology, and electrical field properties to allow a direct consideration of this problem.
· When comparing among subjects, the lengths of moment arms in individual subjects may present a problem because they may vary while the EMG signal remains related to the force produced by the muscle.

2.1 EXISTING SYSTEM

· Athletes adapt their training daily to optimize performance, as well as avoid fatigue, overtraining and other undesirable effects on their health. 
· To optimize training load, each athlete must take his/her own personal objective and subjective characteristics into consideration and an increasing number of wearable technologies (wearables) provide convenient monitoring of various parameters.
· But there is no proper day by day data maintained in existing system.
2.2 PROPOSED SYSTEM
· It is important to help athletes decide which parameters are of primary interest and which wearable can monitor these parameters most effectively. 
· Here, we discuss the wearable technologies available for non-invasive monitoring of various parameters concerning an athlete's training and health. 
· Using IOT Technologies we store temperature ,heart rate and accelerometer value in database and predict his health condition based on that data.
2.3 FEASIBILITY STUDY
The feasibility of the project is analyzed in this phase and business proposal is put forth with a very general plan for the project and some cost estimates. During system analysis the feasibility study of the proposed system is to be carried out. This is to ensure that the proposed system is not a burden to the company.  For feasibility analysis, some understanding of the major requirements for the system is essential.

Three key considerations involved in the feasibility analysis are:

· Economical feasibility

· Technical feasibility

· Operational feasibility

2.3.1 Economical Feasibility
This study is carried out to check the economic impact that the system will have on the organization.  The  amount  of  fund  that  the  company  can  pour  into  the  research  and development of the system is limited. The expenditures must be justified. Thus the developed system as well within the budget and this was achieved because most of the technologies used are freely available. Only the customized products had to be purchased.

The economic feasibility based on the terms of:

· Time

· Cost

· Man power

2.3.2 Technical Feasibility
This study is carried out to check the technical feasibility, that is, the technical requirements of the system. Any system developed must not have a high demand on the available technical resources. This will lead to high demands on the available technical resources. This will lead to high demands being placed on the client. The developed system must have a modest requirement, as only minimal or null changes are required for implementing this system.

2.3.3 Operational Feasibility
The aspect of study is to check the level of acceptance of the system by the user. This includes the process of training the user to use the system efficiently. The user must not feel threatened by the system, instead must accept it as a necessity. The level of acceptance by the users solely depends on the methods that are employed to educate the user about the system and to make him familiar with it. His level of confidence must be raised so that he is also able to make some constructive criticism, which is welcomed, as he is the final user of the system.

CHAPTER 3
SYSTEM SPCIFICATION
3.1 HARDWARE REQUIREMENTS:
· NODE MCU.
· Accelerometer sensor.
· GSR Sensor.
· LCD Display. 
3.2 SOFTWARE REQUIREMENTS:
· Operating System: Windows 10
·  Code: NODE MCU 

CHAPTER 4
SYSTEM DESIGN AND DEVELOPEMENT

DATA FLOW DIAGRAM
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CHAPTER 5
TESTING AND IMPLEMENTATION

5.1 TESTING

 Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one.

 5.1.1Unit Testing


Unit testing comprises the set of tests performed by an individual programmer prior to integration of the unit into a larger system. The module interface is tested to ensure that information properly flows into and out of the program unit. The local data structure is examined to ensure that data stored temporarily maintains its integrity during all steps in an algorithm’s execution. Boundary conditions are tested to ensure that the module operates properly at boundaries established to limit or restrict processing. All independent paths through the control structure are tested. All error-handling paths are tested.

5.1.2 Block Box Testing

Black-box testing is a method of software testing that examines the functionality of an application without peering into its internal structures or workings. This method of test can be applied virtually to every level of software testing: unit, integration, system and acceptance. It is sometimes referred to as specification-based testing.

5.2 SYSTEM IMPLEMENTATION
Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one. 

CHAPTER 6
CONCLUSION
CONCLUSION
In summary, wearables designed to monitor a variety of non-invasive parameters must be evaluated scientifically before these can be confidently employed to assess the training and health status of athletes. Otherwise, the athlete should be skeptical about the usefulness of a wearable in practice. Furthermore, certain important parameters are completely ignored by today's wearables, even though effective approaches to measuring these parameters are already available. Since monitoring training and health is rather complex, requiring that several parameters be evaluated at different times of the day and on different parts of the body, we propose that a combination of wearables is needed to obtain an overall picture while disturbing the athlete as little as possible. This would help athletes to improve their performance and reduce the risk of injuries from exercise and training.
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