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Abstract 

 

Introduction: The present review aims to provide an overview of the most common uses of wearable 

inertial sensors in the field of clinical human movement analysis.  

Areas covered: Six main areas of application are analysed: gait analysis, stabilometry, instrumented clinical 

tests, upper body mobility assessment, daily-life activity monitoring and tremor assessment. Each area is 

analyzed both from a methodological and applicative point of view. The focus on the methodological 

approaches is meant to provide an idea of the computational complexity behind a variable/parameter/index 

of interest so that the reader is aware of the reliability of the approach. The focus on the application is meant 

to provide a practical guide for advising clinicians on how inertial sensors can help them in their clinical 

practice.  

Expert Commentary: Less expensive and more easy to use than other systems used in human movement 

analysis, wearable sensors have evolved to the point that they can be considered ready for being part of 

routine clinical routine. 

 

Keywords: 

Accelerometry, gait analysis, kinematics, biomechanics, motor assessment, rehabilitation  
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1. Introduction to human movement analysis 

 

The instrumented human movement analysis consists in  sensor-based measurement techniques 

aimed to objectively describe and quantitatively assess the motor functions and the motor abilities 

of a subject [1,2]. It is fundamental for assessing pathological conditions, compensatory motor 

strategies, and for evaluating the improvements during a rehabilitation pathway, in a more sensible 

and objective manner than the ordinal scores of “semi-quantitative” clinical scales[3]. 

Through instrumented movement analysis, the kinematic and kinetic parameters of human 

movements can be determined, and musculoskeletal functions can be quantitatively evaluated. As a 

result, instrumented movement analysis has been employed in clinical assessment, rehabilitation, 

sports and even diagnostics.  

A standard laboratory of human movement  analysis is composed of  multi-camera motion capture 

systems for the measurement of human movement via the kinematics and kinetics of body joints [4-

7]. However, this requires specialized laboratories, expensive equipment, and lengthy set-up and 

post-processing times, with limitations in terms of measurement volume.  

Since the start of the new millennium, technology advances in the field of motion measurement 

techniques have allowed to measure the kinematics of body segments via wearable inertial sensors 

such as accelerometers and gyroscopes [8] instead of optoelectronic systems. Potential benefits of 

wearable inertial devices include: their low cost with respect to the more commonly used gait 

analysis equipments, their small dimensions and light weight, and the absence of limitation of the 

testing environment to a laboratory[8].  

The aim of the present review is to provide the reader with an expert (despite non-systematic) 

overview of the most common uses of wearable inertial sensors in the field of clinical human 

movement analysis, by focusing both on the methodological approach, and on the clinical 

application (updated at December 2015). The focus on the methodological approaches is meant to 

provide an idea of the algorithms behind a variable/parameter/index of interest, and on the validity 

and reliability of each approach. The focus on the application is meant to provide a practical guide 

for advising clinicians on how inertial sensors can help them in their clinical practice. 

 

1.1 Functioning principle of Inertial Sensors 

The term “Inertial sensors” refers to a family of sensors essentially represented by linear 

acceleration sensors (accelerometers) and angular velocity sensors (gyroscopes). The term “inertial” 

refers to the fact that these sensors measure their own movement (and hence the movement of the 

rigid body to which they are fixed), by using the inertia principle: the acceleration can be related to 
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the reluctance to move (inertia) of a free mass contained in the sensor, when it is accelerated by an 

external force or torque (for accelerometer or gyroscope, respectively).  

Accelerometer and gyroscope measure linear acceleration and angular velocity along and about a 

so-called sensible axis, respectively. Recent technology advances have led to the miniaturization of 

these sensors, which can be assembled and contained in small cases. An assembly of three 

orthogonal gyroscopes and three orthogonal accelerometers, mutually aligned to each other, is 

generally referred to as an Inertial Measurement Unit (IMU). An IMU measures three-dimensional 

(3D) linear acceleration and angular velocity with respect to the axes of a sensor-embedded system 

of reference, generally coinciding with the geometrical axes of the case in which the IMU is housed.  

Commercially available off-the-shelf inertial sensors turn up in small, light-weight, wireless units, 

that can be easily fixed to a body segment without affecting movement. Depending on their 

application, they are generally embedded with Bluetooth/wireless transmitters or SD cards, 

respectively for real time data streaming, or on-board long term data recording. In experimental 

settings, either the inertial sensors are fixed to a single body segment, or a network of two or more 

inertial sensors is used to retrieve synchronous data from multiple body segments. When using 

several inertial sensors, they need to be synchronized for maintaining data aligned in time, but 

commercial device based on more sensors already have an internal synchronization. 

 

1.2 Problems, artifacts and solutions 

Accelerometers and gyroscopes can be used to directly quantify the movement of a rigid body in 

terms of linear acceleration or angular velocity, to estimate other mechanical quantities (such as 

angular and linear displacement) and/or to extract other types of information from time- and 

frequency- domain signal analysis. Prior to listing all the information that can be retrieved from an 

inertial sensor for quantifying and characterizing human movement, it is important to introduce 

some typical problems and artifacts that affect the computation and that lead to the variables of 

interest, starting from the measured signal. This may help readers and users in critically 

discriminating robust inertial sensor based applications from those still suffering of poor reliability.   

Mechanical quantities typically affected by problems are all those estimated from numerical 

integration of the measured inertial sensor signals. These include: angular displacement (e.g., joint 

angles) obtained from numerical integration of angular velocity, and linear velocity and 

displacement (e.g., gait step length) as estimated, respectively, from first and second numerical 

integration of linear acceleration. Integration may be affected by a large time-increasing drift 

affecting the computed parameter, that makes the measure unreliable[9]. 

D
ow

nl
oa

de
d 

by
 [

U
ni

ve
rs

ity
 o

f 
C

al
if

or
ni

a 
Sa

nt
a 

B
ar

ba
ra

] 
at

 0
7:

51
 1

7 
Ju

ne
 2

01
6 



Another problem is that acceleration due to gravity has to be removed from the accelerometer data 

prior to numerical integration [10]. To this end, the orientation of the accelerometer in space has to 

be known. The orientation of a rigid body in space is typically computed by numerical integration 

of the angular velocities measured by a gyroscope. Drift affecting the angular displacement [11] can 

be reset each time an a priori known kinematic state of the system is detected. This can be done 

either using event identification, or by the accelerometer data, each time a (quasi-)static condition is 

detected. The practice of fusing gyroscope and accelerometer signals for the estimate of IMU 

orientation is typically referred to as “sensor fusion”. Dedicated algorithms (usually already 

implemented in commercially available off-the-shelf IMUs) can correct the orientation computed 

from numerical integration of angular velocity solely with respect to gravity (the so called roll and 

pitch angles), but lack information on the sensor’s orientation about the vertical direction (heading 

or yaw angle). The latter can be provided by using a magnetometer, which senses the local magnetic 

North, used as an absolute reference to reset drift about the vertical direction, so that a full 3D 

orientation of the sensor in space can be obtained[12,13]. Unfortunately, this approach suffers of 

interferences, due to the presence of ferromagnetic objects in the surrounding environment.  

Finally, the last concern to be aware of, when using inertial sensors in clinical human movement 

analysis, is the fixation of these sensors to the body segments. During this procedure, two aspects 

need attention: the sensor should be rigidly fixed to the body segment, to avoid motion artifacts, and 

the axes of the sensor’s embedded reference system should be aligned with the anatomic axes of the 

segment the sensor is attached to. Many studies used accelerometers for detecting and removing 

motion artifacts affecting other kind of measures (for example electrocardiogram, 

electroencephalography, electromyography), whereas the motion artifacts affecting accelerometers 

is less investigated. The more rigid the connection between sensor and body segment, the more 

reliable the measure. However, spurious accelerations, such as artifacts due to soft tissue movement 

or external vibrations, can be minimized, through careful instrument placement, and signal filtering 

[14]. The other concern is the sensor alignment with the anatomic reference system, that can be 

performed either by manual alignment of the sensor on the body segment, or by ad hoc anatomic 

calibration procedure that will be further discussed. Of course, manual alignment may lack of 

accuracy, but it is easy to be performed and it can be corrected in post processing using gravity 

alignment. Besides, it is still acceptable in applications like gait stability and static balance 

assessment by trunk accelerometry or bidimensional joint angular kinematics, while it is not 

required for gait event identification.    

 

2. Clinical Applications of Wearable inertial devices 
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In this review, we will report the most common areas of application of wearable inertial devices for 

human movement analysis: 1) gait analysis, further divided in 1a) upright gait stability (or dynamic 

balance assessment), 1b) spatio-temporal variables of gait and 1c) lower limb joint kinematics 

during gait; 2) stabilometry (or static balance assessment); 3) instrumented clinical tests; 4) upper 

body  mobility assessment; 5) daily-life activity monitoring; 6) tremor assessment. As previously 

stated, each typology of use is analyzed both from a methodological, and from an applicative point 

of view. 

 

3. Gait analysis 

Conventional gait analysis has mainly focused on spatio-temporal gait parameters (such as walking 

speed, step length, step duration, stance-to-swing ratio), and on joint angular kinematics. In the 

1990s , poor attention was given to trunk and head, since the mainstream idea was that the upper 

body was a static passenger unit of a locomotor apparatus, primarily located at lower limb level [1]. 

This idea was then challenged by empirical evidence. In fact, many following studies confirmed 

that the trunk plays a fundamental dynamic role during walking, by attenuating acceleration, 

ensuring the upright posture, and stabilizing the optical flow and vestibular signals[15-18]. 

Following these studies, interest in upper body movements during the gait has increased in the past 

decade. A review performed in 2008 analyzed 33 reports on the use of accelerometry for gait 

analysis, noting that the most common location for these devices was the trunk (36% of studies), 

followed by head (21%), and lower limbs (21%)[8].  

In the following, the applications of wearable inertial devices for assessing dynamic balance 

during gait, spatio-temporal gait parameters, and relevant joint kinematics are reviewed. 

 

3.1 Upright gait stability  

The expression “stable gait” may refers to three different features of physiological walking: 1) 

the ability of maintaining upright balance during walking [16], 2) step-to-step repeatable walking 

[19], or 3) a gait resilient to external and internal perturbations [20]. Ninety-two different 

quantitative measures of “gait stability”, obtained using five different categories of devices, and 

mainly related to spatio-temporal gait parameters, lower limb joint kinematics, and upper body 

kinematics have been summarized in a wide review focused on gait stability [21].  

Wearable devices have been used for all the above three types of stability, although the most 

common application was related to the dynamic balance of upper body during walking or “upright 

gait stability” [22]. The upper body plays a fundamental role for ensuring gait stability dynamically: 
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its function of attenuating accelerations allows to stabilize the optical and vestibular informational 

flow. [15-17,23].  

 

3.1.1 Upright gait stability: Methodological approach 

The measure of acceleration dispersion is the most commonly used approach for assessing 

upper body stability using IMUs. To this end, acceleration root mean square (RMS) or more simply 

acceleration standard deviation (equivalent to the RMS, when the mean is removed from the signal), 

are usually evaluated along the 3 axes of sensors aligned to anteroposterior (AP), laterolateral (LL), 

and craniocaudal (CC) segmental axis. Since the 1990s, it has been suggested that acceleration 

RMS is a valid parameter for assessing balance during walking, differentiating between subjects 

with and without balance impairment or between walking on solid and soft terrains (p<0.05) [24-

26]. Subsequently, many other studies confirmed the validity of this approach in quantifying upright 

gait stability [27-29]. Further, high reliability of the three acceleration components, with sensor 

located at head, neck, trunk or shank level was found in test-retest conditions (a mean coefficient of 

multiple determination of 0.87 across all test conditions, ranging between 0.60 to 0.98) [30]. The 

most common sensor placement is on the lower trunk in correspondence of L2-L3 spinous process, 

as shown in Table 1. However, several studies have advocated normalizing upper body acceleration 

as a function of gait speed [26-28,31]. In fact, increasing or decreasing gait speed implies a 

corresponding quadratic rise or decline in acceleration amplitude. Therefore, acceleration 

parameters must be normalized between subjects and populations walking at different speeds, to 

assess only the dynamic instabilities, that are suitably imputable to balance impairment [27,28]. In 

summary, in the absence of a suitable normalization of accelerometric values, an increase in upper 

body accelerations can be attributed either to an unsteady speed due to gait instabilities, or to a rise 

in walking speed [27,32]. To take into account the relationship between acceleration and speed, 

many different methods have been suggested and validated [26-28,32,33]. 

Another important approach, for assessing upright gait stability, is the analysis of acceleration in 

the frequency domain. Among the many proposed parameters, a valid and reliable one is the 

harmonic ratio (HR). Gait harmony can be defined as the capacity to transfer the symmetry of our 

body into alternated, synchronized, symmetric and rhythmic movements, by means of intra-

limb[34], inter-limb[35] and lower-upper body [36,37] coordination. The HR, in particular, has 

focused on symmetry of movements, being defined as the ratio of the sum of even and odd (for 

antero-posterior axis, AP, and craniocaudal one, CC) or odd/even (for latero-lateral axis, LL) 

harmonic amplitudes, calculated via  discrete Fourier transform, [16]. The trunk movement during a 

stride is theoretically formed by two symmetric units (the steps) along AP and CC, and by a single 
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unit along LL. Thus, along AP and CC, all the even harmonics are in accordance with the 

theoretical symmetry of movement, whereas the odd harmonics can be considered as altering this 

harmony, and hence as noise. Therefore, higher values of HR correspond to a more physiologically 

temporally symmetric walking. Another parameters proposed for analysis in the frequency domain, 

and related to the smoothness of gait movements, is the relative power of the first signal harmonic, 

with respect to the total power of the signal [23]. 

 

3.1.2 Upright gait stability: Clinical application 

According to the above reported definitions of “stable gait” [27,30,31], many different 

applications of IMUs have been used in clinical studies. The physiological importance of a stable 

gait is related to the stabilization of the body center of mass for avoiding falls and of the head for 

steadying the optic flow and increasing the control of equilibrium with a more effective processing 

of vestibular system signals[38, 39]. These and other advantages, such as keeping the hands free 

and seeing farther, might have spurred the development of upright walking in humans[39,40].  

The ability of a subject to maintain balance during walking can be properly assessed by measuring 

upper-body kinematics[15,18] using optoelectronic systems [23,26,29] or wearable inertial devices 

as described above. Examples of trunk AP-acceleration collected by using an IMU (FreeSense, 

Sensorize, Roma, Italy, located with an elastic belt on the low back in correspondence of L2-L3 

during the 10 meter walking test) have been shown in Figure 1.  

In a review of 2011 [21], only 3 out of 92 outcome measures of kinematic measures used for 

assessing gait stability were performed using inertial sensors, but in the last 5 years, a large and 

growing body of literature has investigated the use of wearable inertial devices for assessing upright 

gait stability in healthy subjects [41], patients with stroke[27,32,42], children with cerebral 

palsy[28,43], people with low-back pain[44], those with cognitive impairments[45], subjects with 

autism and Down Syndrome[46], and people with lower limb amputation[47] (for a more recent 

specific review see[17]). 

Since the nineties, dispersion of accelerations has been suggested as a valid parameter for 

assessing balance during walking, differentiating between subjects with and without balance 

impairment or between walking on solid and soft terrains[24,25]. Further, acceleration dispersion 

was found increasing with aging[48] and when subjects walk on an irregular surface[16], or in 

subjects with pathological conditions [27,28]. For example, Senden and colleagues enrolled 100 

elderly subjects, finding that acceleration-RMS had a high discriminative power to classify elderly 

according to their clinical balance assessment performed by Tinetti scale [49].  
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About the analysis in frequency domain, the HR has been showed as a good predictor of the risk of 

falls in elderly, independently of their physical performance, in 1 year after the accelerometric 

assessment[50]. The HR of trunk acceleration was taken into account also in the study of Senden 

and colleagues, showing moderate association with the Tinetti score, but not entering into the final 

regression model for identifying subjects with unstable gait[49].  

All these studies showed as the analysis of trunk accelerations can be informative about the 

excessive and disperse trunk movements strictly inter-connected with upright gait instabilities. The 

relationship between upright gait stability assessment performed with IMUs and risk of falls needs 

further studies, however it has recently been suggested that the involuntary control of locomotion 

can be favoured by the intrinsic gait temporal harmony, implying that its loss can increase the 

difficulties in controlling gait[51].  

Researchers showed as also stride-by-stride acceleration variability, and not only its dispersion, is 

an important feature related to the risk of fall and/or to the clinical status of the patient. For 

example, the interstride trunk acceleration variability has been found as more sensitive to 

discriminate between fit and frail older adults than the step width variability [33]. Further, more 

irregular and variable trunk acceleration patterns and a reduced local stability were found when 

subjects are asked to walk performing a cognitive task (dual task) in the meantime [45].  

 

 

3.2 Spatio-temporal variables of gait 

Spatio-temporal variables of gait are generally referred to length and duration of step and stride, 

support and swing times, cadence (or step frequency) and walking speed. Spatio-temporal variables 

are probably the most commonly used data in clinical gait analysis for their straightforward clinical 

meaning. For example, walking speed has been used as a global index of locomotor deficits, 

prolonged stance phases and/or wide steps are associated with instabilities, short steps is a feature of 

pathological gait, as well as a reduced step frequency, whereas high step frequency often represents 

a compensatory strategy [1]. Spatio-temporal variables can be easily measured using 

stereophotogrammetric systems and force platforms, or instrumented insoles or sensorized mats. 

The advantages of using IMUs for detecting spatio-temporal gait parameters are related to the fact 

that they are easy-to-use, low-cost, non-obtrusive and wearable. The latter aspect allows for 

measuring spatio-temporal gait parameters in an environment without the conventional laboratory 

restrictions, such as under real-life conditions (see section 5) [52]. 

 

3.2.1 Spatio-temporal variables of gait: Methodological approach 
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The assessment of temporal parameters of gait using inertial sensors is based on gait events 

detection performed by means of signal feature extraction: peaks, valleys and zero-crossing are the 

typical features sought in the signal[53]. A variety of methods have been developed by adopting this 

approach. Generally, these features may be indicative of an impact in correspondence of a foot 

strike (mainly from accelerometer’s signal either placed on the lower trunk or on the foot) or may 

reveal an inversion of rotation just like that of the shank at the end of stance phase which can be 

recognized from zero-crossing of sagittal angular velocity as measured by a gyroscope placed on 

the shank. However, when a method of feature extraction is proposed, it is generally “calibrated” 

using a gold standard (such as mats, cameras or force platforms) synchronized with the inertial 

sensor. Several approaches have been proposed for estimating spatio-temporal variables of gait 

using inertial sensors, some using solely accelerometers, some relying on gyroscope only and some 

using both in a sensor fusion approach. About sensor positioning, temporal event identification has 

been performed by placing the sensor on the lumbar spine[52-56], thigh [57], shank[58-60], 

foot[61] or on multiple segments of the lower limb[62,63]: generally, the closer the sensor is to the 

ground, the better gait event identification will be. Of course, lower trunk inertial sensing allows an 

easy setup since only one sensor is needed, but gait events identification may be tricky in 

pathological gait. A comparison of five different approaches for determining temporal parameters 

of gait by using a single inertial sensor on the lower trunk revealed, indeed, a high reliability of all 

the considered methods in a healthy population[64], while a similar study performed on 

pathological populations (elderly, post-stroke, Parkinson's disease and Huntington's disease) 

revealed that none of the tested methods outperformed the others in terms of accuracy of the gait 

parameters determination[65]. The error in identifying the stride duration, for example, resulted 

between the 4-5% of the actual values [65]. 

 The only gait temporal parameter that maintains consistency in pathological gait using lower trunk 

inertial sensing is probably cadence, which does not require further signal elaborations, since it can 

be determined in the frequency domain rather than in time domain[33]. 

About the estimate of spatial parameters such as step length and velocity, many methodological 

approaches have been proposed and applied by researchers in clinical practice as well as 

implemented in commercially available solutions. One of these methods relies on estimating step 

length by double numerical integration of the AP-acceleration of the shank[60] or foot[61]. A 

second typology of approach is that of using an inverted pendulum model fed with the vertical 

excursion of the centre of mass, computing step length from double numerical integration of the 

CC-acceleration as measured using an accelerometer on the lumbar spine[54]. Another proposed 

possibility is based on a single IMU placed on the lower trunk estimating step length from a double 
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integration of AP-acceleration[52]. A further methodological approach used a double inverted 

pendulum fed with the inclination on the sagittal plane of thigh and shank as estimated from 

numerical integration of angular velocity[58,66].  

Another common type of analysis is the autocorrelation used for estimating the step frequency and 

the regularity of the signal (and hence parameters such as step and stride variability). A cyclic 

signal such as that of human gait produces autocorrelation coefficients with peak values for lags 

equivalent to the periodicity of the signal: plots and coefficient of an autocorrelation estimate can 

thus be used to inspect and quantify the cyclic structure of gait within a time series [67,68]. 

Unbiased autocorrelation procedures can be used to estimate cadence, step length and measures of 

gait regularity and symmetry in a valid and reliable manner [33].  

Also the use of general linear regressive model has been proposed for an adaptive step length 

estimate algorithm operating with optimal parameters derived after measurement errors. This 

algorithm was applied to pedestrian navigation obtaining errors lower than 5% with respect to the 

actual walked distance [56]. 

With regard to the accuracy of such approaches, it has to be noted that numerical integration is 

always required. In the first and third approach, drift errors are compensated using kinematical reset 

using gait event detection by assuming foot velocity as zero and shank inclination as vertical during 

midstance, respectively[60,61]. In the lower trunk sensor approach, kinematical reset is not possible 

since the pelvis always moves during gait. Researchers tried to compensate for drift by using  

recursive direct and inverse numerical integration[57] (i.e., forcing signal to return to its initial 

condition at every integration step). Because of the higher signal-to-noise ratio and the lower 

variability of lower trunk vertical acceleration with respect to foot AP-acceleration, drift affecting 

vertical positional data is less challenging. This drift is usually removed applying a high-pass filter 

to the estimated positional data[52]. However, this drift correction approach can be hardly 

applicable in pathological gait where the amplitude of vertical lower trunk acceleration is lower and 

its variability is higher with respect to normal gait.   

With regard to the ecological validity of such approaches for step length estimation, the second 

approach is less cumbersome (solely one sensor is needed) even if it is probably the less reliable as 

well, especially for spatial parameters of gait. The second approach requires two sensors (one on 

each foot), while the double inverted pendulum model is the most cumbersome (two sensors per 

side) but it also provides lower limb joint angular kinematic data. 

 

3.2.2 Spatio-temporal variables of gait: Clinical application 
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Inertial sensing assessment of spatio-temporal variables of gait started to be applied in clinical 

contexts for functional electrical stimulation of peroneal muscle in patients with drop-foot: either 

shank or foot angular velocity and foot accelerations were used from the nineties for stance and 

swing detection for automating peroneal muscle stimulation during gait[69]. A comparison of all 

these approaches was performed in subjects with spinal-cord injury: the detection of initial and end 

contact was based on foot linear accelerations or foot sagittal angular velocity or shank sagittal 

angular velocity[70]. The results showed that all the three methods were accurate as foot switches 

for normal gait patterns (p>0.05), but shank angular velocity was significantly less accurate in 

patients (p<0.02). Lower body accelerometry approach was used for gait assessment in patients 

with diabetes (good reliability and validity of measures during single and dual walking tasks) [71] 

and for gait recovery assessment after total hip arthoplasty [72], both these studies used the same 

device to measure step length, step duration, cadence and gait speed. Double inverted pendulum 

approach was applied in Parkinson’s disease[73] and in hip osteoarthritis and after total hip 

replacement[74] (see Table 1 for details on the performed measures and sensor location). A simple 

inverted pendulum model based on sagittal angular velocity and vertical acceleration measured by a 

single IMU placed on the shank was used for long-term monitoring of gait in subjects with 

Parkinson’s disease[59]. Finally, temporal parameters of gait were identified from shank sagittal 

angular velocity for identifying gait patterns in subjects with anterior cruciate ligament 

reconstruction[75]. The information provided by these sensors (validated in the above studies) 

could be clinically useful both for a quantitative evaluation of patients’ gait, for example for 

assessing the outcomes of rehabilitation or of another type of intervention [72,74,75], or for long-

term monitoring [59,73]. When clinicians are interested in a quantitative assessment of spatio-

temporal gait parameters they may use stereophotogrammetric systems (expensive in terms of costs 

and time), some simpler optoelectronic systems based on photocells or baropodometric platforms 

(but only on a pathway of few meters, limiting the measure of variation coefficients), or using 

wearable inertial devices. The latter approach has the advantages of reduced costs of devices and 

the possibility of monitoring patients on a long pathway without any laboratory restrictions. The last 

advantage of the absence of laboratory restriction is fundamental for allowing a long-term 

monitoring of daily life gait and other motor activities, that is possible only with wearable inertial 

devices. The latter issue will be further faced in the section about daily life activity monitoring. The 

disadvantages of these devices are related to the validity and reliability of these measures, that are 

generally good, but quite lower than those obtained using other systems estimating the spatio-

temporal gait parameters in a more direct manner. 
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3.3 Joint kinematics during gait 

In laboratory settings, lower limb joint angular kinematics during gait is typically assessed by using 

camera-based stereophotogrammetric system which measures the 3D position of retro-reflective 

markers opportunely placed on anatomical landmarks. Once the position of these points is known, 

triaxial anatomical system of references can be defined and the relevant 3D joint angular kinematics 

can be computed by trigonometry. This approach is considered as the gold standard for its accuracy, 

although the analysis is limited to few steps. Furthermore, setup is cumbersome and instrumentation 

is expensive. 

 

 

3.3.1 Joint kinematics during gait: methodological approach 

First, let us distinguish between methodologies leading to the estimate of 2D joint angular 

kinematics (i.e., rotation on a single plane such as joint flexion-extension angle) and 3D joint 

angular kinematics (i.e., rotations on three planes such as joint flexion-extension, ab-adduction and 

internal-external rotation angles).  The former is simpler from a computational point of view, while 

the latter requires more complex computation (sensor fusion), assumptions (joint constraints) and 

may require the use of magnetometers.  Setup is not different between the two approaches, since the 

combination of accelerometer, gyroscopes and magnetometers does not increase the dimension of 

the sensor case with respect to a single-type sensor configuration.  

With regard to the estimate of 2D joint angular kinematics, the first attempt goes back to 1990 when 

four biaxial accelerometers on the thigh and on the shank were employed for measuring 

accelerations on the segment’s sagittal plane to solve rigid body equation of motion and computing 

knee flexion-extension angle[76]. The method did not require any numerical integration but, on the 

other hand, implied a cumbersome setup. This setup was lightened to one biaxial accelerometer per 

segment about fifteen years later by adding a single axis gyroscope to sensor configuration for 

directly measuring segments planar angular velocity instead of computing it from a pair of biaxial 

accelerometer as done before[77]. This approach was further enhanced recently when joint 

constraints were considered in computing joint kinematics (at knee level the root mean square error 

was <3 degrees and at ankle level <1 degree) [78]. A gyroscope-only approach was used for 

estimating knee flexion-extension by numerical integration of sagittal angular velocity of thigh and 

shank as measured by a single-axis gyroscope[79]. The same approach was used also compensating 

drift by using the inclination read from an accelerometer added to the gyroscope every time a static 

condition was detected, instead of using a reset every time thigh and shank are vertical in 

midstance[80]. This approach was further enhanced when resetting process was performed by a 

D
ow

nl
oa

de
d 

by
 [

U
ni

ve
rs

ity
 o

f 
C

al
if

or
ni

a 
Sa

nt
a 

B
ar

ba
ra

] 
at

 0
7:

51
 1

7 
Ju

ne
 2

01
6 



sensor fusion algorithm (with an average error ranging from 0.7 degrees during slow walking to 3.4 

degrees during running) [81].   

3D joint angular kinematics requires the estimate of 3D sensor’s orientation in space. For this 

reason, these solutions are based on sensor fusion algorithms of IMU signals[82] and most of them 

imply the use of a magnetometer[83-85]. In some cases sensor orientation is readily furnished by 

proprietary “black-boxed” sensor fusion algorithms provided by the vendor of the sensor[83,84], 

while in other cases the sensor orientation algorithm is proposed by the researchers and explicated 

in the papers[82,85]. When dealing with 3D joint angular kinematics, the problem of a proper 

sensor to segment axes alignment raises up. This procedure, typically referred to as anatomical 

calibration of the sensor, can be performed using two approaches: a pure anatomical approach 

implies the use of anatomical markers for defining the axes of the anatomical system of 

reference[83], and a “functional” approach consisting of defining the axes of the segment as the 

direction of the rotation axis while performing selected joint rotations[82-85]. All of the mentioned 

methodological approaches for the estimate of 3D joint kinematics shower high reliability with 

respect to a video-based stereophotogrammetric system assumed as gold standard. However this 

reliability was higher for flexo-extension angles (variability ranging between 0.2 and 2.9 degrees) 

than for other angles such as internal-external rotation (variability ranging between 1.6 and 7.3 

degrees) [83]. The strength of such approaches is the possibility to assess an unlimited number of 

gait strides during unconstrained walk, although users should be aware of ferromagnetic 

disturbances affecting magnetic sensors[86]. 

 

3.3.2 Joint kinematics during gait: Clinical application 

It seems that the most of the scientific literature about the estimate of 3D joint angular kinematics 

by means of inertial sensors is methodological. Even when studies involved pathological 

populations, it was done more for validating the approach than to obtain new quantitative clinical 

insights about patients. To the best of authors’ knowledge, the assessment of joint angular 

kinematics for gait analysis of subjects with anterior cruciate ligament injuries[87] and of children 

with cerebral palsy are the only cases in which inertial and magnetic sensors have been used for 

clinically assessing pathological gait[88]. For the authors of the present review, this might be 

symptomatic of a low feasibility of assessing 3D lower limb joint angular kinematics in 

pathological gait using inertial and magnetic sensors. 

 

4. Stabilometry (static balance assessment) 
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Stabilometry is commonly used to quantify postural steadiness during quite standing on a force 

platform providing a global measure of posture control. Main parameters are typically extracted 

from the position of the application point of the resultant of ground reaction forces acting under the 

two feet, evolving on the horizontal plane as measured by the force platform, and coinciding with 

the centre of pressure in baropodometry. The parameters related to the centre of pressure sway 

during quite upright standing are sensitive to postural performance and allow for a straightforward 

and meaningful clinical interpretation of the results[89].  

 

4.1 Stabilometry: Methodological approach 

All the approaches for assessing standing balance by means of inertial sensors basically rely on the 

use of a single triaxial accelerometer placed on the lumbar spine, in correspondence of the centre of 

mass of the subject during quite standing. The main methodological approach using inertial sensors 

for static balance assessment relies on an inverted pendulum model to mimic body sway[90-93]. In 

(quasi-)static condition, the accelerometer measures solely gravity and its output is proportional to 

the alignment (or deviation) of the sensor’s axis with respect to gravity. The time-varying position 

of the tip of the pendulum on the horizontal plane can be easily determined using trigonometry so 

that a sway path, such as other typical parameters of conventional stabilometry, can be obtained. 

Reliability and sensitivity of such approach has been successfully assessed against conventional 

stabilometry[90] under various sensory conditions[92] or pathology[93]. For example, test-retest 

reliability showed an intraclass correlation coefficient (ICC) ranging between 0.60 to 0.89 in 

healthy subjects and between 0.55 and 0.84 in patients with Parkinson’s Disease [92]. Another, 

simple and reliable approach is that of quantifying body sway by assessing the root mean square 

(RMS) of the antero-posterior (AP) and latero-lateral (LL) accelerations[94]. As stated above, the 

RMS is a measure of dispersion of the signal and in static condition it can be, hence, considered as 

representative of the dynamic adjustments performed to control balance (the lowest the RMS the 

stablest the posture). The conditio sine qua non is that gravity, spread on the axes of the sensor 

according to the time-varying orientation in space of the sensor case, is subtracted from the 

accelerometer’s readings so that RMS can be computed solely taking into account acceleration due 

to horizontal body sway. Finally, an alternative approach to time-domain signal analysis is that of 

using wavelet analysis (i.e., multi-level analysis of the frequency content of a signal) applied to the 

accelerometer readings[95]. This approach was proved to be even more sensitive than the inverted 

pendulum in distinguishing between healthy subjects and elderly subjects with frailty syndrome. 

 

4.2 Stabilometry: Clinical application 
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Inertial sensing of human balance has been largely used in patients with Parkinson’s Disease for 

detecting their postural abnormalities[96], assessing their postural strategies[97] and even for 

successfully training their static balance control with audio biofeedback[98]. Accelerometers have 

been used as well for detecting postural abnormalities in subjects with early-staged multiple 

sclerosis[99], in frail elderly population[95], subjects with a mild traumatic brain injury[100] and 

bilateral vestibular loss [101]. These researchers suggested an interesting application of IMUs not 

only for the postural assessment but also for the postural training of patients providing them 

biofeedback about their performances. However, stabilometric and baropodometric platforms can 

be easily used for the same objective, and being not largely more expensive than IMUs and often 

providing many more information. For these reasons, platforms seem to remain the best solution for 

clinical use. So, despite IMUs can also be used for stabilometric assessment obtaining reliable 

results, to purchase them for this purpose does not seem an optimal solution.   

 

5. Instrumented clinical tests 

Another clinically relevant application of inertial sensors is that for instrumenting clinical tests used 

for the assessment of motor function in simple mobility tasks. Gait tests such as the ten meter 

walking test[28,32] and the six minute walking[42] tests have often been used in daily clinical 

practice for their simple administration, and the only need of a chronometer and a pathway of a 

determined distance. The adjunction of IMUs during these tests can contribute providing more 

quantitative information, mainly those above reported about gait analysis, without any excessive 

complication of the tests. Other important instrumented tests not limited to walking are the sit-to-

stand (STS) and the more complex timed-up-and-go (TUG) test. The latter is usually composed by 

sit-to-stand, steady-state gait, turning and turn-to-sit.  

 

5.1 Instrumented clinical tests: methodological approach  

Generally, STS is typically equipped with a single sensor placed on the trunk of the subject, 

whereas TUG is extended to wrists, thigh and shank on both sides. Conventional metrics for 

assessing STS performance are time of sit-to-stand and stand-to-sit transitions as measured from 

event identification performed either on trunk  sagittal angular velocity (by using a single gyroscope 

on the chest)[102] or on trunk sagittal angular displacement (using a single IMU on the lumbar 

spine)[103,104]. In the latter scenario, vertical acceleration can be additionally used to estimate 

external mechanical power for characterizing muscle work during raising from the chair [103]. 

Reliability of instrumented STS has been assessed against conventional movement analysis 

systems[103,104], whereas its sensitivity has been proved by comparing young and older adults  
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[105,106]. For example, Regterschot and colleagues reported ICC≥0.90 and standard error of the 

measurement ≤9.9% [105]. Finally, in the instrumented TUG protocol, in addition to timing 

analysis, spatio-temporal variables of gait, knee flexion-extension, arm swing (in terms of angular 

displacement and velocity) and analysis of turning are provided as well[107].  

 

5.2 Instrumented clinical tests: clinical application 

Instrumented STS has been proposed and validated in patients with Parkinson’s disease[108, 109], 

and used for assessing the functional status of elderly[110]. TUG protocol has been used for 

quantifying Freezing of Gait in Parkinson’s disease[111] and performance under dual-task 

demands[112]. It is worthwhile to mention a series of papers showing combined methodological 

solutions based on networks of body-worn sensors, used to assess standing balance, gait analysis 

and TUG at the same time[113]. Such approach has been used in clinical settings as a diagnostic 

tool in subjects with Parkinson disease[114,115] and multiple sclerosis[116], and as a general 

monitoring tool for balance and gait rehabilitation[117]. Figure 2 shows the raw data obtained with 

an IMU during the execution of TUG test by a patient with stroke. 

 

6. Upper body mobility assessment 

Upper Iimb and spine kinematics (assessing range of motion or quantifying back loading, 

respectively) is typically assessed in laboratory settings using stereophotogrammetric systems 

[118]. In this section, methods and applications for upper body kinematic analysis during motor 

tasks different from gait (already reported in section 1.3) are described. 

 

6.1 Upper body mobility assessment: methodological approach and clinical application 

While the methodological bases for the estimate of spine and upper limb joint angular kinematics 

by means of inertial and magnetic sensors are well discussed in the scientific literature, clinical 

application of such approaches is still little explored. With regards to upper limb joint kinematics, 

most of papers are, indeed, methodological and focused to show how to estimate 3D shoulder and 

elbow angular kinematics by means of inertial[119,120] or inertial and magnetic[121-123] sensors, 

facing as well the requirement of the sensor-to-segment axes alignment[122,124]. Those approaches 

usually require to know the 3D orientation in space of thorax, upper arm and forearm. The use of 

chain-linked models based on joint constraints[119,120] allows to avoid the use of magnetometer 

that, as discussed in the previous sections, is used to extend the estimate of the orientation of the 

IMU to a 3D space. All these methodological approaches have been validated against a gold 

standard (stereophotogrammetry or robot arms). One of the most relevant and clinically-significant 
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methodological approach is that of estimating scapular and upper arm orientation for the 

quantitative assessment of the scapular rhythm (intra- and inter-operator agreement was acceptable: 

median coefficient of multiple correlation ≥ 0.85)[125]. The solely clinical application of wearable 

sensors for upper limb kinematics is that assessing scapular dyskinesis in baseball pitchers[126]. 

Easier approaches for the assessment of shoulder mobility during arm elevation have also been 

proposed. Setup is less cumbersome since a single IMU is used and placed on the upper arm, but the 

level of detail is limited to planar shoulder mechanics[127]. Reliability of such approach has been 

assessed on a healthy population (ICC ≥0.93, coefficient of multiple determination >0.84, mean 

error <1 degree)[128], while its practical usability in a clinical context was proved by monitoring 

shoulder ROM recovery after slap surgery throughout the rehabilitation program. The main 

limitation of an approach based on the use of a single sensor is related to the fact that the analysis of 

the movement of a single body segment could be affected by compensation strategies acting on the 

proximal adjacent body segment, for example when shoulder range of motion is measured by an 

IMU placed on the arm, a concurrent trunk tilt can generate a bias on the accelerometric signal. 

 

7. Daily life activity assessement  

One of the most important advantages of wearable inertial sensors is to allow for moving 

conventional human movement analysis from laboratory out to ambulatory settings with a 

reasonable reliability. Furthermore this technology also opened up a brand new perspective: long-

term and unconstrained monitoring of human movement in real-life conditions. Monitoring the 

amount of daily life activity is important in older adults since physical activity is associated with 

both physical and mental health and is a primary determinant of quality of life, in children and 

obese subjects for understanding their lifestyle and quantify the prevalence of sedentarism, in 

pathological subjects (both with neurological and orthopedic disorders) to have an understanding of 

their autonomy, especially after rehabilitation or surgery. Many methods are reported in literature 

and the information provided is extremely wide ranging, deserving a more specific and extensive 

review (such as [129]). Here, we briefly summarized this literature to provide an overlook of this 

field of application of wearable inertial devices and of the two main reported approaches. In fact, 

IMUs can be used as actigraphs for quantifying the volume of activity or for identifying the type of 

performed activities. Estimating the time of sedentary behaviours (lying or sitting), time of activity, 

and detecting number of dynamic events independently by the type of actions are examples of the 

former, while acceleration analysis for categorizing movements in sitting or lying or stepping, or for 

estimating the energy expenditure are examples of the latter [130].  
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7.1 Daily life activity assessment: methodological approach 

The methodological approach that turns an inertial sensor into an activity monitor is quite 

straightforward and classifiable in few steps: 1) accelerometers are basically used to distinguish 

between a moving or still subject; 2) accelerometers are used for sensing segments’ inclination in 

order to provide information on the types of subject’s posture or movements.  

One uniaxial accelerometer placed on the trunk and one uniaxial accelerometer placed on the thigh 

(both with their sensible axis aligned along the cranio-caudal direction) have been showed to be 

sufficient for distinguishing among different postures, such as sitting, standing or lying, or motor 

activities [14,130]. However, the quantification (classification) of the amount of movement (low, 

moderate, high) is not so easy. The key point is the correct identification of activity thresholds. For 

this reason, a number of population-specific threshold have been proposed and validated in a variety 

of populations such as toddlers[131], children[132], sedentary children[132], youth[129], 

adults[134], subjects with multiple sclerosis[135] and Parkinson’s disease[136-138]. Accuracy in 

activity identification resulted ranging between 81.7% and 99.9% depending on the type of 

performed activity [137]. Typical outcome of such assessment is a pie chart, generally representing 

a 24 hours period of time, with slices representing percentage of static and dynamics activities. 

 

7.2 Daily life activity assessment: clinical application 

Scientific literature on clinical applications of inertial sensors based daily life activity monitors in 

the last two decades is wide and nearly hardly revisable in a systematic manner [139]. As a 

reference for readers, inertial sensors have been employed for daily life activity monitoring in 

Parkinson’s disease[140], stroke[141], hip arthoplasty[142], chronic diseases[143], elderly[144] and 

obese[145] populations. The most significant and promising solution is probably that of fall 

detection and quantification of the risk of fall[146]. In this field, two alternative applications 

deserved a mention: the use of four accelerometers (one for each limb) for assessing mobility in 

newborns to assess the risk of cerebral palsy (for example measuring less movements from one 

side)[147] and the use of five IMUs for assessing the quantity of movements in different motor 

rehabilitation programs in children with cerebral palsy[148].  

 

 

8. Tremor assessment 

From a physiological point of view, tremor can be defined as any involuntary approximately 

rhythmic and roughly sinusoidal movement that can be detected in an oscillating limb[149,150]. 

Tremor is hence a change of positions, but rhythmic and sinusoidal features are preserved when the 
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acceleration is analysed. In fact, the second derivative of a sinusoidal function is still a sinusoidal 

function with the same frequency of oscillation of the original function. Other advantages of using 

an accelerometer (besided those already reported of low weight and low cost) are that acceleration 

is proportional to the total force acting on the limb for the second law of dynamics and that 

acceleration may reveals in a more clear manner the high-frequency components, because faster 

oscillations will generate more power within higher frequencies[151]. 

 

8.1 Tremor assessment: methodological approach 

An accelerometer attached to a limb segment can be easily used to assess the frequency and 

amplitude of tremor, both widely varying with respect to the type and degree of pathology 

[152,153]. An accelerometer has the advantage of being usually slight and wireless, but it could be 

not enough slight for example for assessing a finger’s tremor. It is known that the application of an 

external load on the treming body part, may reduce both amplitude and frequency of rest tremor and 

altering these features in postural or action tremor (rest tremor is that occurring when the body part 

is fully supported against gravity, postural tremor is that in which limb is voluntary mantained firm 

against gravity, action tremor is that occurring during any type of voluntary movement[152]). In 

this cases optoelectronic[151], or electromagnetic[154] systems can be used. Another possible 

problem in the accelerometric assessment of tremor is the gravitational artifact that is larger at 

lower frequencies. A proposed solution was to use two accelerometers mounted in parallel[155]. 

For a more complete assessment of tremor, accelerometry has often been coupled to 

electomiography to highlight which agonist and antagonist muscles may be at the basis of 

tremor[156]. 

 

8.2 Tremor assessment: clinical application 

The identification of the main frequency of oscillation may even help clinicians in formulating a  

diagnosis. In fact, the main frequency of essential tremor, as well as tremor caused by alcohol or 

drug withdrawal, or metabolic disturbances ranges from 5 to 9 Hz, and it is different from the main 

frequency of tremor in Parkinson’s disease, multiple system atrophy, progressive supranuclear palsy 

ranging from 3 to 6 Hz. Other tremors, such as psychogenic one, that due to drug assumption, or 

due to cerebellar lesions have a wider range for the main frequency going from 3 to 10Hz[152]. 

Physiological tremor is a normal variant, occurring at frequency of 8 to 12Hz in the hands yet as 

slow as 6.5Hz in the other parts of the body during posture. Obviously its amplitude is very 

low[157]. Figure 3 shows the data of dorso-ventral hand accelerations collected (using Vibracting, 
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Sensorize, Rome, Italy) in a healthy subject and in a subject with Parkinson’s Disease with and 

without a weight of 1kg located around the wrist. 

 

9. Expert commentary  

Recent advances in miniature devices, as well as mobile and ubiquitous computing, have fostered a 

dramatic growth of interest for wearable technology based on inertial sensors. Despite this review 

was not a systematic one, also because too many papers exist on the use of IMUs in the many fields 

of human movement analysis, it provides an overview, based on authors’ experience and on the 

many cited studies, for technicians and clinicians about the advantages and disadvantages related to 

the use of these sensors. Less expensive and more easy to use than other systems used in human 

movement analysis, wearable sensors have evolved to the point that they can be considered ready 

for being part of routine clinical evaluations. This is due not only to the tremendous increase in 

research efforts devoted to wearable sensors in the past few years but also to the large number of 

commercial companies that have recently started investing in the development of wearable products 

for clinical applications[158].  

In particular, we have identified seven main fields related to human movement analysis in which 

IMUs have been applied. These fields are related to the assessment of: upright gait stability, spatio-

temporal gait parameters, joint kinematics during walking, posture, upper body mobility, tremor, 

and to the monitoring of daily life activities. For all these fields, most of the cited studies reported 

positive results in terms of validity and reliability of using IMUs. However, the clinical diffusions 

of IMUs among these seven fields is different. Scientific literature usually suffers of the potential 

bias due to the difficulties in publishing negative results with respect to positive ones [159], and it 

may contribute to enlarge the discrepancy between research results and clinical applications. 

Therefore, out of the seven identified fields of application, the potential of IMUs as real added value 

for human movement analysis will be reconsidered at the light of three aspects: the amount of 

publications reporting positive results, the level of accuracy and reliability of the measures, and, 

finally, the level of computational complexity behind the determination of the parameters of interest 

(i.e., information extracted from derived mechanical quantities are more prone to errors with respect 

to those directly extracted from the measured signal). 

At the light of these criteria, the assessments of upright gait stability and of daily life activities seem 

to be the most important fields in which IMUs represent the most suitable technological solution  

and hence the gold standard. In fact, only the development of IMUs favoured researches and 

clinical applications in these two fields [30,137]. Other two important fields of application are the 

instrumentation of clinical tests and the assessment of upper body mobility. The importance of 
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IMUs in these two last fields are mainly related to the fact that, at the moment, clinicians still 

perform these assessments mainly with too simple tools such as chronometers and goniometers. 

Analogously, tremor is often assessed using clinical criteria, whereas IMUs can provide a more 

objective information related to the frequency and intensity of oscillations, especially in absence of 

a well defined gold standard. About spatio-temporal gait parameters, IMUs have achieved a good 

level of accuracy for healthy subjects, but seem to be still far from gold standard in pathological gait 

. Analogous observation can be made for joint kinematics, where IMUs seem to be a valid 

alternative to conventional gait analysis  certainly for the assessment of sagittal joint kinematics (i.e 

flexo-extensions), both in healthy and pathological gait, while its reliability seems to decrease on 

the coronal and transverse planes in correspondence of higher signal-to-noise ratios [83]. Finally, 

IMUs proved reliability in assessing the static postural control of both healthy and pathological 

subjects [92]  but, because of the affordability and ease of use of conventional stabilometric 

platforms, the advantage of using IMUs is not straightforward. 

 

10. Five year perspective view 

We expect that the interest for wearable inertial systems will even increase in the next years, 

becoming a common tool for clinicians involved in the motor assessment and rehabilitation. It 

implies that the wearable IMUs will be widely commercialized not only for research applications 

but also as clinical tools. 

Likely, we already have in our pocket the most important next application of these sensors: 

smartphones already contain inertial devices, and they will be the perfect candidate for a continuous 

physical monitoring of subjects’ activities. They also include internet connection to send data to a 

medical doctor or to some clinical databases, and also GPS-systems for the assessment of 

displacement (including elevation) during outdoor activities. The smartphones are widely popular 

devices, and the rapidity of app development is a fertile soil for developing many low-cost systems 

providing a lot of data about daily life activities of subjects (for example, many apps assessing 

running performance are already available for joggers). Recent studies showed a degree of accuracy 

using smartphone with a gait analysis app comparable to that of a conventional tri-axial 

accelerometer specifically developed for gait assessment (ICC ranging between 0.75 to 0.90, 

validity p<0.01) [160, 161].  

Further, with the development of motion-sensing technology, an increasing number of wearable 

sensors will be developed for gait analysis in the future, increasing the use of wearable sensors in 

the clinical field. Bonato[162] supported the idea of this prevision of a further increment also for the 

potential use of wearable inertial devices in daily life monitoring patients over extensive periods of 
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time, similarly to the ambulatory systems for electrocardiographic monitoring (such as the Holter) 

which has been part of the routine evaluation of cardiovascular patients for almost three decades. 

Another potential application of these devices will be their combined use with other machines. In 

fact, we think that in the next years, these devices will be more and more used in clinical practice, 

not only for research purposes and not only for the assessment of motor functioning, but they will 

also be included in other devices specifically developed for a clinical intervention such as for 

rehabilitation. For example, some authors[163] suggested to use electromiographyc biofeedback for 

a behavioural relaxation training in patients with essential tremor. With the same purpose, it is 

possible to use accelerometers coupled with a proper software for providing a biofeedback about 

tremor. Another example is a balance training in patients with poor equilibrium performed using 

IMUs[98]. Many companies are already using IMUs integrated in video-game based rehabilitation 

systems such as in the RiabloTM system (CoRehab, Trento, Italy) [164], as shown in Figure 4, in the 

Werium system (Madrid, Spain) [165,166], or in other systems such as that Microgate (Bolzano, 

Italy) is developing in a manner similar to Mirelman and colleagues[98].  

So, it is conceivably that in the next few years, wearable inertial devices will allow human 

movement analysis to do a step further, from the assessment to a combined approach including 

assessment and rehabilitation at the same time. 

 

 

 

Alternative devices 

As stated above, the gold standard for a laboratory of human movement kinematic analysis is 

composed of  a multi-camera motion capture system with passive or active markers [4-7]. However, 

this standard gait analysis requires specialized laboratories, expensive equipment, and lengthy set-

up and post-processing times, with limitations in terms of the moving area and gait cycles. Despite 

these problems this system remains the best instrument in terms of valid and reliable measures, 

making it the reknown gold standard for the human movement analysis. Other devices exist for 

measuring specific aspects of human movements, such as electrogonyometers for joint angle, or 

sensorized mats (including baropodometric platforms) and optoelectronic systems with photocells 

for spatiotemporal parameters of walking. However these alternative devices do not have the benefit 

during the assessment of movements to enable the subject to walk relatively unrestricted, even out 

of laboratory, measuring their performance (it means also in real life condition) and not only their 

capability (i.e. their ability measured in the standard environment of a laboratory) [167].   
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Key points 

1. From the beginning of the new millennium, technology advances in the field of motion 

measurement techniques allowed to measure kinematics of body segments without the need of 

camera-based systems using wearable inertial sensors. 

2. Some of the potential benefits of using wearable inertial devices to assess movements in 

clinical settings include the low cost, small dimensions and light weight of these devices, and the 

absence of any limitation of the testing environment to a laboratory. 

3. The main problems of IMUs are: drift affecting numerical integration in estimation a non-

directly measured parameters, artefacts due to gravity acceleration, needs of a correct alignment 

between sensor and anatomical axes. Many algorithms have been proposed to compensate these 

problems. 

4. The most common and promising areas of application of IMUs are gait analysis, 

instrumented clinical tests; daily-life activities, and tremor.  

5. Gait analysis performed by using IMUs may allow for suitably assessing upright gait 

stability, and spatio-temporal variables of gait; 

6. One of the most important advantages of wearable IMU is the possibility of collecting data 

without laboratory restrictions: it allows for a continuous and objective assessment of activities of 

daily living. 

7. IMUs also allow the possibility of a quantitative assessment of tremor in terms of amplitude 

and frequency.  

8. The interest for wearable inertial systems will probably even increase in the next years, 

becoming a common tool for clinical motor assessment. 

9. In the next future, these devices will also be combined with other machines, for example 

embedded in video-game based therapy and in neurorobots for rehabilitation.  
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Table 1. Clinical applications of IMUs. 

In this table, type of sensor (more than of device) for gathering the desired information are reported 

(e,g, if a MIMU was used for collecting triaxial accelerations, then “type” will be simply referred 

to as “accelerometer”). IMU = inertial measurement unit; MIMU = magnetic and inertial 

measurement unit; FES = functional electrical stimulation; TUG = timed up-and-go test; SLAP = 

superior labrum anterior to posterior lesion 

 

Study Number 
and type 
of 
sensors 

Sensor 
placement 

Aim and main outcomes Number of 
subjects  

Type of pathology 

healthy patients 

Upright gait stability 
Mizuike et 
al. 2009 
[27] 

1 triaxial 
accelero
meter 

low back at the 
level of L3 

Assess the upright gait stability of 
patients with stroke  by 
accelerations (RMS and 
autocorrelation) 

21 63 Stroke 

Iosa et al. 
2012 [28] 

1 triaxial 
accelero
meter 

low back at the 
level of L3 

Analysis of upright gait stability on 
children with cerebral palsy (RMS, 
HR) 

17 17 Children with 
Cerebral Palsy 

Iosa et al. 
2012 [32] 

1 triaxial 
accelero
meter 

low back at the 
level of L3 

Assessment of upper-body 
dynamic stability during walking 
in patients with subacute stroke 
(RMS, HR) 

30 15 Stroke 

Moe-
Nilssen & 
Helbostad 
2005 [33] 

1 triaxial 
accelero
meter 

low back at the 
level of L3 

Spatio-temporal gait parameters, 
autocorrelation and variability 

64 0 Not pathology but 
frail elderly (32) and 
fit elderly (32) 

Iosa et al. 
2012 [41] 

1 triaxial 
accelero
meter 

low back at the 
level of L3 

Assess the effects of visual 
deprivation on gait dynamic 
stability (RMS) 

28 0 - 

Iosa et al. 
2012 [42] 

1 triaxial 
accelero
meter 

low back at the 
level of L3 

Effects of walking endurance 
reduction on gait stability in 
patients with stroke. (RMS) 

10 20 Stroke 

Iosa et al. 
2013 [43] 

1 triaxial 
accelero
meter 

low back at the 
level of L3 

Analysis of walking and running 
stability on children with cerebral 
palsy (RMS, HR) 

20 20 Children with 
Cerebral Palsy 

Henchoz et 
al. 2015 
[44] 

2 IMUs an IMU on low 
back at the level 
of L3, an IMU 
on left foot 

Spatiotemporal parameters of 
walking 

13 13 Men with low back 
pain 

Lamoth et 
al. 2011 
[45] 

1 triaxial 
accelero
meter 

low back at the 
level of L3 

Assessment of gait stability and 
variability in dual tasking of 
cognitively frail people (spatio-
temporal parameters, stochastic 
dynamic measures, local stability 
exponents) 

13 13 Cognitive impairment 

Iosa et al. 
2014 [46] 

1 triaxial 
accelero
meter 

low back at the 
level of L3 

Assessment of upright stability in 
young adults with intellectual 
disabilities while walking, running, 
and dual-task running (RMS) 

7 18 7 Down Syndrome,  
4 Autism,  
7 Pervasive 
developmental 
disorders 

Iosa et al. 
2014 [47] 

1 triaxial 
accelero
meter 

low back at the 
level of L3 

Assessment of gait stability, 
harmony, and symmetry (RMS, 
HR, Simmetry Index) 

22 22 Lower-limb 
amputation using 
prosthesis 

Menz et al. 2 triaxial 1 on head  Aging and assessment of upright 60 0 Not pathology but 
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2003 [48] accelero
meters 

1 at low back at 
the level of S1 

gait stability (spatio-temporal 
parameter, RMS, HR) 

aging (n=30) 

Senden et 
al. 2012 
[49] 

1 triaxial 
accelero
meter 

low back at the 
level of S1 

Assessment of dynamic balance 
and risk of fall (spatio-temporal 
gait parameters, RMS, HR, inter-
stride amplitude variability). 

50 50  Elderly with balance 
impairment  

Doi et al. 
2013 [50] 

2 triaxial 
accelero
meters 

1 on C7 
1 on L3 

Assessment of HR as predictor of 
fall risk 

73 0 Not pathology but 
fallers (16) and not-
fallers (57) 

       
Spatio-temporal gait parameters 

Moore et al. 
2007 [59] 

1 IMU  shank Stride length 10 7 Parkinson’s Disease 

Willemsen 
et al. 1990 
[69]  

2 biaxial 
accelero
meters 

shank stance-swing detection for FES 0 4 Hemiplegic 

Jasiewicz et 
al. 2006 
[70] 

1 IMU shank or foot gait event detection 26 15 14 spinal cord injury  
1 Charcot-Marie-
Tooth syndrome 

de Bruin et 
al. 2012 
[71] 

1 triaxial 
accelero
meter 

low back at the 
level of L2 

walking speed, cadence, mean step 
duration and length 

0 29 Diabetes (type II) 

van den 
Akker-
Scheek et 
al. 2007 
[72] 

1 triaxial 
accelero
meter 

lower back 
spine 

walking speed, step length, step 
duration 

0 63 Total hip arthoplasty 

Salarian et 
al. 2004 
[73] 

4 
uniaxial 
gyroscop
es 

thigh and 
shank, both 
sides 

spatio-temporal parameters of gait 10 10 Parkinson’s Disease 

Aminian et 
al. [74] 

4 
uniaxial 
gyroscop
es 

thigh and 
shank, both 
sides 

spatio-temporal parameters of gait 9 19 11 unilateral 
coxarthrosis 
8 unilateral total hip 
prosthesis 

Patterson et 
al. 2014 
[75] 

2 
uniaxial 
gyroscop
es 

shank, both 
sides 

temporal parameters of gait cycle 17 14 anterior cruciate 
ligament 
recontruction 

Joint kinematics 
Favre e t al. 
2006 [87] 

2 triaxial 
gyroscop
es 

thigh and shank 3D knee angular kinematics 6  6  ACL reconstruction 

van den 
Noort et al. 
2013 [88] 

7 
MIMUs 

pelvis, thigh, 
snah and foot 
(both sides) 

3D joint angular kinematics 0 10 children with celebral 
palsy 

Stabilometry 
Martínez-
Ramírez et 
al. 2011 
[95] 

1 MIMU low back at the 
level of L3 

sway assessment from sway path 
and frequency-domain signal 
analysis 

24 32 14 frail elderly 
18 pre-frail elderly 

Mancini et 
al. 2011 
[96] 

1 triaxial 
accelero
meter 

 low back at the 
level of L5 

sway path analysis 12 13 Parkinson’s Disease 

Baston et al. 
2014 [97] 

2 triaxial 
accelero
meters 

low back at the 
level of L5 and 
shank 

sway assessment (RMS); trunk and 
shank signals phase coordination  

7 12 5 Parkinson’s 
Disease; 
7 Progressive 
Supranuclear Palsy 

Mirelman et 
al. 2011 
[98]  

1 triaxial 
accelero
meter 

at the level of 
L2-L5 

standing balance training with 
audio biofeedback based on sway 
path 

0 7 Parkinson’s Disease 
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Solomon et 
al. 2015 
[99]  

1 triaxial 
accelero
meter 

low back at the 
level of L5 

sway path analysis 20 20 multiple sclerosis 

King et al. 
2014 [100] 

1 triaxial 
accelero
meter 

low back at the 
level of L5 

balance error scoring system 13 13 mild traumatic brain 
injury 

Dozza et al. 
2005 [101] 

1 biaxial 
accelero
meter 

low back at the 
level of L5 

sway path analysis 9 9 bilateral loss of 
vestibular function 

Instrumented clinical tests 
Zijlstra et 
al. 2012 
[108] 

1 IMU low back at the 
level of L2-L4 

TUG timing 12 10 Parkinson’s Disease 

Zampieri et 
al. 2010 
[109] 

2 
uniaxial 
and 2 
biaxial 
gyroscop
es, 1 
IMU 

shank and wrist 
(both sides), 
sternum 

TUG metrics 12 12 Parkinson’s Disease 

Regterschot  
et al. 2015 
[110] 

1 MIMU hip or sternum TUG timing and chair raising 
muscle strength assessment 

0 36 older adults 

Mancini et 
al. 2015 
[111] 

3 IMUs lower back and 
shank (both 
sides) 

TUG metrics 21 48 Parkinson’s Disease 
21 freezers 
27 non-freezers 

Dewey et al. 
2014 [114] 

6 IMUs low back, 
sternum, wrist 
and  shank 
(both sides) 

sway path, TUG metrics and 
spatio-temporal parameters of gait 
during TUG 

66 135 Parkinson’s Disease 

King et al. 
2013 [115] 

6 IMUs low back, 
sternum, wrist 
and  shank 
(both sides) 

sway path, TUG metrics and 
spatio-temporal parameters of gait 
during TUG 

0 39 Parkinson’s Disease 

Spain et al. 
2012 [116] 

6 IMUs low back, 
sternum, wrist 
and  shank 
(both sides) 

TUG metrics 28 31 Multiple sclerosis 

Pellegrini et 
al. 2013 
[126] 

4 
MIMUs 

scapula, 
sternum, upper 
arm and 
forearm 

Scapulo-humeral rhythm 0 13 Scapulo-humeral 
rhythm alteration 

Tranquilli et 
al. 2013 
[127] 

1 IMU upper arm shoulder abduction mobility and 
strength 

0 1 Shoulder slap 

Daily life activity assessment 
Dijkstra et 
al. 2010 
[137]  

1 triaxial 
accelerom
eter 

low back at the 
level of L2 

activity classification 0 20 older people 

Haeuber et 
al. 2004 
[141] 

1 accelero 
meter 

Hip level Assessment of home and 
community based activity in stroke 

- 17 Stroke 

Allet et al. 
2010 [143] 
(review)  

1 uniaxial 
accelerom
eter 

waist or ankle amount and intensity of activity n/a n/a chronic disease 

Cooper et 
al. 2000 
[145] 

1 uniaxial 
accelerom
eter 

left hip activity amount and intensity 84 0 Not pathology, but 
overweight (n=31) or 
obese (n=12) 

Heinze et al. 
2010 [147] 

4 
accelerom
eters 

Forearms and 
feet 

Monitoring activities in pre-term 
newborns for assessing risk of 
cerebral palsy 

19 4 Pre-term newborns 
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Zoccolillo 
et al. 2015 
[148] 

5 IMU Low trunk, 
limbs 

Monitoring activities during video-
game based therapy vs. 
conventional physiotherapy 

0 8 Cerebral palsy 

Tremor assessment 
Elble 2003 
[156] 

1 triaxial 
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Figure Legends 

Figure 1. Trunk Acceleration during gait 

Trunk antero-posterior acceleration recorded during the central 5 seconds of 10 meter walking test. 

From above to below, the data are of: a healthy adult (46 years old), a child with typical 

development (2 years old), a healthy elderly (79 years old), a patient with stroke (51 years old), a 

child with cerebral palsy (4 years old), a boy with Down syndrome (15 years old), a boy with 

autism (13 years old), and a patient with lower limb amputation walking with a prothesis (55 years 

old). 
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Figure 2. Trunk Acceleration and angular speed during TUG 

Raw data of trunk antero-posterior acceleration (above) and trunk angular velocity around cranio-

caudal axis (below) are shown for a subject with stroke performing the Timed-up and go test. The 

phases of TUG are clearly identifiable (stand-up, walking, turning around the target, walking, 

turning in place and sitting down). 
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Figure 3. Hand acceleration for tremor assessment. 

Hand dorso-ventral acceleration of a healthy subject (35 years old, above) and a patient with 

Parkinson’s disease (77 years old, below) with (on the left) and without (on the right) a 1kg load 

fixed around the wrist. For the patients, the wide sinusoidal vibration has been clearly identifiable, 

and it has been partially reduced with the load. 
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Figure 4. A system for rehabilitation embedding IMUs 

RiabloTM, a system for video-game based therapy controlled by 5 (or less) IMUs. On the left a 

configuration for upper extremities rehabilitation (alternatively, IMUs can also be located on lower 

extremities), on the right a patient during the rehabilitation in the Private Inpatient Unit of our 

Foundation: shoulder abduction with the flexed elbow moves up the spaceship on the screen 

allowing the required passage in the rings. 
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