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Abstract:

 The trajectory of the whole body center of mass (CoM) is useful as a reliable metric of postural stability. If the evaluation of a subject-specific CoM were available outside of the laboratory environment, it would improve the assessment of the effects of physical rehabilitation. This paper develops a method that enables tracking CoM position using low-cost sensors that can be moved around by a therapist or easily installed inside a patient's home. Here, we compare the accuracy of a personalized CoM estimation using the statically equivalent serial chain (SESC) method and measurements obtained with the Kinect to the case of a SESC obtained with high-end equipment (Vicon). We also compare these estimates to literature-based ones for both sensors. The method was validated with seven able-bodied volunteers for whom the SESC was identified using 40 static postures. The literature-based estimation with Vicon measurements had a average error 24.9 ± 3.7 mm; this error was reduced to 12.8 ± 9.1 mm with the SESC identification. When using Kinect measurements, the literature-based estimate had an error of 118.4 ± 50.0 mm, while the SESC error was 26.6 ± 6.0 mm. The subject-specific SESC estimate using low-cost sensors has an equivalent performance as the literature-based one with high-end sensors. The SESC method can improve CoM estimation of elderly and neurologically impaired subjects by considering variations in their mass distribution.
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1. Introduction

It is estimated that by the year 2050, 16% of the world's population will be over 65 years old. The steady increase in the population's age will not occur uniformly all over the world. Instead, this percentage is expected to be larger in the developed world, including the USA, Japan and European countries [1]. Such predictions are today driving the demand for tools that can improve quality of life for the elderly population with financially reasonable solutions. For example, robot-based rehabilitation systems and sensors meant to detect and prevent falls are now being created to support unassisted living[2–6] and to maintain high-level motor functions without increasing the cost of human resources.

Human balance is strongly related to the position and velocity of the whole body center of mass (CoM).For instance, the ground projection of the CoM must remain inside the support polygon(the convex hull defined by all supporting contacts[7]) during both quiet standing and functional reach tasks. Therefore, balance can be determined by observing the CoM trajectory. Lafond et al. [8] and Jaffrey [9] have described the methods most commonly used for CoM estimation and discussed their applications. The so-called segmentation methods (sometimes also referred to as kinematic methods) are the most widely used, due to the ease of their implementation. The body's CoM is obtained as the weighted sum of the CoM position of each body segments. The weight of each segment's CoM position is the ratio of the segment to total body mass. Currently, the information required for this calculation is taken from tables compiled in anthropometric studies. However, these studies were performed mainly on cadavers or in live, young and fit individuals [10,11] and only represent the population from which they were compiled. These values should be adjusted for age, sex and fitness level [12],in order to minimize the estimation error. In addition, segmentation methods for CoM estimation require tracking the position of individual body segments, and this is usually achieved using marker-based motion capture systems, available only in a laboratory setting. Baker [13] detailed the clinical uses of such motion capture systems and enumerated their faults.

Different methods have been developed to obtain a subject-specific whole body CoM position. For example: in [14], simple planar measurements are used to determine either the mass or the CoM position of a body segment, while the other is obtained from an anthropometric table. Another approach is to approximate body segments as known geometric bodies, e.g., [12]; the accuracy of this method is dependent on the geometric segmentation of the body and the quality of the measurements. Based on the work of Espiau and Boulic [15], Cotton et al. [16] proposed the statically equivalent serial chain (SESC) method to determine whole body CoM position and showed how the same model could be used to locate the subject-specific CoM. In short, the SESC method translates the subject's mass distribution to the geometry of a linked chain, and like other segmentation methods, it requires tracking the subject's movements. A personalized SESC can be established after an identification phase, which requires high-end sensors, such as a motion capture device and a force platform. Venture et al. [17] presented a real-time estimation of dynamic parameters for human subjects. They contain mass distributions and inertial parameters that can also be used to estimate CoM position and can be identified by measuring ground reaction forces while tracking body segment positions. For this, they require an accurate motion capture system and prior knowledge of the segments' lengths. In addition, the method described in [17,18] requires the subject to move each individual segment with a certain speed; something that may be difficult for some motor-impaired subjects.

Portable tools are necessary to make CoM estimation available in both the clinical settings and the home environment. Stone and Skubik [19], for example, used a Kinect (Microsoft® Corporation, Redmont, WA, USA) to measure step time and length in older adults. They found good agreement with measurements obtained with a Vicon system (Oxford Metrics Group, Oxford, UK). Additionally, Clark et al. [20] and Yang et al. [21] have evaluated the Kinect's skeletal measurements for postural analysis and CoM determination, respectively. Both of these works found a good correlation between the angular measurements made by the Kinect and a high-end motion capture system. Similarly, several studies analyzed the Wii balance board (WBB by Nintendo® Co. Ltd., Kyoto, Japan) to assess balance [22] and its accuracy during postural tasks [23–25]. Their major findings were the following: the instantaneous estimates of the center of pressure (CoP) location obtained with a WBB and a laboratory grade force platform are fairly similar [23], with an offset difference smaller than 5 mm [24]; the measurements are reliable across trials performed with the same WBB [24]; and the WBB noise makes estimating CoP velocity a difficult task [23,25].

If body kinematics can be obtained in the patient's home, a real-time subject-specific and whole body CoM can be determined and used to assess balance in a customized manner, complementing home-based physical rehabilitation programs [26]. In [27], we reported a preliminary result showing that color and depth (RGB-D) cameras, such as the Kinect, can be used to accurately perform a subject-specific CoM estimation through SESC. The identification phase was performed using CoP information obtained with a WBB, demonstrating that creating a subject-specific SESC with portable, low-cost sensors is possible.

In this work, we investigate the performance of the personalized CoM tracking when compared to a literature-based estimate. We also compare the results of a personalized CoM estimation obtained from portable and high-end sensors. That is, we estimate whole body three-dimensional CoM position with: (i) a SESC identified using a Vicon motion capture system and an AMTI-OR6 (AMTI6 by Advanced Mechanical Technology Inc., Waterton, MA, USA) force-platform; (ii) literature-based parameters [10] and Vicon measurements; (iii) a SESC obtained using the Kinect and WBB;(iv) and literature-based parameters and Kinect's angular measurements. We compare the estimated CoM ground projection for each case to the measured AMTI6 data, which we considered as the ground truth. In this way, we aim to show the performance of the subject-specific CoM estimate using portable sensors and compare its accuracy to the high-end sensor case.



2. Methods

In order to determine a personalized CoM position, two SESCs were identified for each subject: one using high-end sensors, the other with low-cost portable ones. In addition, a literature-based estimate was performed using the anthropometric data provided by Winter [10] and kinematic measurements from the Vicon and the Kinect. Thus, wee valuated the performance of the following estimates:


	(i)

	Vicon-SESC, identified from the Vicon-AMTI6 data;



	(ii)

	Vicon-Winter using Vicon's body posture measurements and Winter's anthropometric data;



	(iii)

	Kinect-SESC, identified from data obtained with the Kinect-WBB; and



	(iv)

	Kinect-Winter using Kinect's postural measurements and Winter's anthropometric data.





Due to the limited information available from the Kinect, we assume a skeletal model composed of nine rigid bodies (see Figure 1). The hands, feet and head were grouped with their neighboring links, since due to their relative small masses or range of motion (for the head), they have only a small influence on the variation of the whole body CoM position. Details on the SESC method and its identification procedure can be found in [16]. As described in [28], we assume the same mass distribution on the subject's right and left sides. Currently, the identification of SESC parameters requires a subject to perform a series of static postures. To determine if a certain posture can be considered static, we observe CoP displacement and the change in orientation of body segments during a 1 s window. We then compare the standard deviation (std) of the displacements to experimentally set thresholds, and if the displacements were smaller than these thresholds, the window was considered static.

Figure 1. A human-like skeleton model made up of nine rigid body segments. The statically equivalent serial chain (SESC) representing the center of mass (CoM) position is attached to the torso and depicted in blue.
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Once the subject-specific SESC models were established, the ground projection of the estimated CoM of the four configurations, i.e., (i)–(iv), were compared to the measured CoP position from the AMTI6 force platform. We considered measured CoP during static postures to be the ground truth of the ground projection of the CoM. To compare the different CoM estimations, we determined: the root mean square error (rmse) between them and the measured CoP, as well as their std for 40 static postures not used for the identification of the SESC models.


2.1. Statically Equivalent Serial Chain

For the sake of completeness, we briefly present the SESC method, which can be used to determine a subject-specific CoM. The position of the CoM (C⃗M) of any multi-body structure can be expressed as the end effect or position of an open-ended serial chain, known as the SESC. The structure of the SESC can be defined by the static and geometric parameters of the original whole body structure [16].

For example, take the linked chain shown in Figure 1. A frame  [image: Sensors 14 16955i1]i is attached to each link, and the global reference frame is labeled  [image: Sensors 14 16955i1]0. To simplify calculations, the segment's z-axis is aligned with the connecting link. The CoM of a system with an n number of links, each with a mass m, may be written as:



C→M=1M∑i=1nmi(Ai*ci→+d→0i)



(1)




where jd⃗i gives the position of the frame's  [image: Sensors 14 16955i1]i origin expressed in frame  [image: Sensors 14 16955i1]j, the matrix [image: there is no content] represents the orientation of  [image: Sensors 14 16955i1]i with respect to  [image: Sensors 14 16955i1]0, c⃗M is the position of the link's CoM in its own reference frame and M is the total mass. After expanding, Equation (1) can be rewritten as:


C→M=[I A1*…A9*][0d→1r→1⋮r9→]=[IB][d01→R→]



(2)




where I is a 3-by-3 identity matrix. The values of r⃗i contain the mass distribution of the original chain. When all bodies are assumed to be rigid and are connected by means of spherical or hinge joints, vectors jd⃗i are of fixed length and parameters r⃗1…9 are constant valued vectors and can be explicitly written as:


r1→=1M(c1→m1+d12→(m1+m2)+d14→(m4+m5)+……+d16→(m6+m7)+d18→(m8+m9))



(3)






r→2=1M(c→2m2+d23→m3)



(4)
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(5)
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(6)
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(7)
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(8)
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(9)
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(10)
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(11)




In the general three-dimensional case, matrix B is of a size of 3-by-3n, while R⃗ is a 3n-by-1 vector.



2.2. Floating Base

Equation (2) gives the position of the CoM in the global frame. Vector 0d⃗1 is, in general, not a constant, as it depends on the position of the body segment that we consider to be the model's root. When identifying vector R⃗, we prefer it to be composed of only constants. This can be achieved by offsetting the CoM position measurements [29]:



C→M−0d→1=BR→1C→M=BR→



(12)




We use the torso as the root of the human chain.



2.3. Identification

Incomplete or uncertain knowledge of the mass distribution and geometry parameters (c⃗j, id⃗j and mj) prevents us from explicitly writing the parameter vector R⃗. In such cases, its value may be experimentally determined by using a set of measurements for which the whole body CoM position and segment orientations are known. In the least squared error sense, the value of vector R⃗ can be solved by means of the Moore–Penrose pseudo-inverse:



[image: there is no content]



(13)




Using measurements from a large number of postures contributes to refining the estimated parameters, even when not all CoM information is available. Consider the following arrangement for the rows of Equation(2):



[C→1MxC→1MyC→1Mz]=[BxByBz]R→



(14)




When a large enough set of m stable postures is measured, any combination of rows may be used to create a linear system:



R→ˆ=[Bx,1⋮Bx,mBy,1⋮By,m]+[C1Mx,1⋮C1Mx,mC1My,1⋮C1My,m]=D+[C1Mx,1⋮C1Mx,mC1My,1⋮C1My,m]



(15)




For example: when measuring two components of the CoM position, at least (3/2) n linearly-independent measurements should be taken. This ensures that D is invertible. Additionally, to decrease the identification error, a large number of measurements for each individual should be used [30], this effectively averages the measurements of each posture and reduces measurement uncertainty.

To estimate a human's SESC parameters in this way, a good CoM measurement should be provided during the initial calibration phase. For this work, we assume that the CoP for static postures, where the acceleration of the CoM is small, offers a suitable estimate of the ground plane projection of the CoM and can be used for the identification. To determine if a certain posture can be considered static, we observe CoP displacement and the change in orientation of body segments during a 1-s window. We then compare the std of the displacements to an experimentally set threshold of 5° for orientations and 3 mm for CoP. If the recorded displacements were smaller than the thresholds, the window was considered static. While CoP does not exactly describe the CoM position, the difference between these two quantities is proportional to the acceleration of the CoM [31]. Additionally, during quiet standing on level ground, the average CoP equals the average ground projection of the CoM [31].We try to minimize the CoP-CoM difference by using at least one second-long static postures.

Finally, care should be taken when interpreting the physical meaning of [image: there is no content]. Unless either the mass or the geometry of the objects are known, it is not possible to separate a segment's c⃗j, id⃗j or mj from r⃗j.



2.4. Quality of Identification

Equation (2) presents the CoM position as a linear system of the form:
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(16)




where Y⃗ is a vector of measurements, W is known as a configuration matrix and is of size r-by-c and ρ⃗ represents a noise vector. The least squares estimate of vector X⃗ is such that the Euclidean norm of [image: there is no content] is minimized.
Mooring et al. [32] showed why the condition number of the configuration matrix can be used as a reliable indicator of the quality of the overall identification: a large condition number value indicates a singularity in the configuration matrix, denoting a large numerical sensitivity to data errors or measurement noise. In the Euclidean norm, the condition number of a matrix (17) is defined as the quotient of the largest and smallest singular values (σ). It can be obtained as:
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(17)




It is also possible to examine the quality of the individual identified parameters. For this, Khalil and Dombre [30] make use of the parameter relative standard deviation:



σX^jr%=100σX^j|X^j|



(18)




where:
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(19)
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(20)
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(21)




[image: there is no content] is an estimator of the std of the identification error, CX̂ represents the variance-covariance matrix of the estimation parameters and σX̂j is the std of the j-th parameter. The values of σX̂jr % should be observed relative to each other.
For simplicity, let us define kj as the ratio of the j-th parameter relative standard deviation and the smallest one:
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(22)




If the largest parameter relative standard deviation is more than ten times the smallest one (kj > 10), the parameter corresponding to the larger value can be assumed to be poorly identified.



2.5. Model Reduction

To improve the numerical stability of the configuration matrix, we can reduce the number of unknown values of R⃗. For this, employto the main assumptions:


	(a)

	A segment's CoM is restricted to a line that joins two links [10]. For the arm and legs, two of the three components of r⃗i are known to be zero-valued. The corresponding rows of R⃗ and columns of D can then be removed.



	(b)

	The human body is bilaterally symmetric, which means that the mass distribution between the body's right and left sides is identical. It is thus possible to reduce the number r⃗ of parameters needed to describe C⃗M.





These assumptions allow us to represent R⃗ as a 7-by-1 vector.




3. Volunteers and Experimental Protocol

Data were collected from seven able-bodied male volunteers (age: 29.4 ± 6.6 years; mass: 76.1 ± 16.6 kg; and height: 1.76 ± 0.07 m). Written consent was obtained after explaining the experimental procedure.

Reflective markers were positioned on the subject following Vicon's Plug-In-Gait model [33]. The volunteers were, in turn, instructed to stand on top of the force-platform and hold 40 static postures, each lasting 5 s. The postures were given to the volunteers by the examiner. Once one was achieved, the volunteer was asked to remain still in order to reduce the accelerations of his CoM. Figure 2 shows some of the postures that were performed. In order to correctly establish the SESC parameter vector, a minimum of 11 linearly-independent postures are required. During this experiment, 40 postures were collected from each subject. This was done to make sure that the orientation of each segment was changed; in this way, the data was considered varied enough so that the parameters corresponding to each segment could be identified. Please refer to the Supplementary Material for more information regarding the calibration postures.

Figure 2. Synchronous recording of Vicon-AMTI-OR6 (AMTI6 by Advanced Mechanical Technology, Inc.) and Kinect-Wii balance board (WBB by Nintendo® Company) measurements. Measuring the same postures with both sets of sensors allows the comparison of SESC-based CoM estimations. Please refer to the Supplementary Material for complete list of postures.
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To study the performance of a subject-specific SESC, we simultaneously measured: (a) the orientation of the subject's body segments using an eight-camera Vicon system and a Kinect; and (b) the CoM ground projection with the AMTI6 force platform and the WBB.


3.1. Data Acquisition and Processing

Following the standard recommendations, the Kinect was placed facing the subject. The distance to the subject ranged between 2.5 and 3 m. The WBB was placed on top of the AMTI6 force platform to obtain measurement from both devices at the same time, as was previously done by Huurnink et al. [23]. Like they did, we found a good agreement between measured CoP trajectories; suggesting that the placement had a minimal effect on the measurement.

The Vicon and AMTI6 data were recorded using Vicon's Nexus software (Oxford Metrics Group, Oxford, UK), thus ensuring synchronization; they were sampled at 100 Hz and 1000 Hz respectively. A custom program recorded the Kinect's skeleton measurements using OpenNI (PrimeSense Ltd., Tel Aviv, Israel) and the WBB ones thanks to the wiiuse-project [34]. While the nominal sampling frequency of the Kinect is stated to be 30 Hz, it has been found to be irregular [20]. Because of this, the Kinect and WBB data were time stamped. We have found the mean sampling frequency of our measuring system to be about 24 Hz.

All data was then resampled at 15 Hz and low-pass filtered using a zero-phase [35] second-order Butterworth filter with a cut-off frequency of 5 Hz. Finally, the Vicon's Plug-in-Gait model was simplified to have the same segments as the Kinect's skeleton [36].




4. Results

For each subject, Table 1 shows the identified [image: there is no content] vector normalized by height, its corresponding parameter relative standard deviations and the condition number of the configuration matrix. These two metrics give us high confidence on the parameters (for details, see [30,32]) Overall, we observe small condition numbers, indicating the good numerical stability of the solution. The parameter relative standard deviations obtained are small and grouped, with the larger values corresponding to the arm and forearm parameters. Additionally, a t-test was performed on the identified parameters to determine their significance to the model. Only a few parameters failed the test with p > 0.01; these parameters have been highlighted in Table 1.


Table 1. Subject information and SESC identified parameters using the Vicon and Kinect data. The parameter vector [image: there is no content] is normalized to subject height to show the differences with literature values. We show the ratio of the parameter relative standard deviations (κ), as well as the condition number of the configuration matrix to evaluate the quality of the identification [30]. The highlighted values presented a p > 001 during a t-test, indicating that they were not significant to the model.



	

	

	
Sb01

	
Sb02

	
Sb03

	
Sb04

	
Sb05

	
Sb06

	
Sb07






	
Height (m)

	

	
1.78

	
1.75

	
1.93

	
1.72

	
1.70

	
1.72

	
1.75




	
Mass (kg)

	

	
65.7

	
76.5

	
115.1

	
73.2

	
55.7

	
71.4

	
75.4




	
Age (y)

	

	
28

	
29

	
27

	
36

	
25

	
32

	
29




	
BMI

	

	
20.7

	
24.8

	
30.9

	
24.7

	
19.3

	
24.1

	
24.6






	
Parameter

	
Literature

	
Sb01

	
Sb02

	
Sb03

	
Sb04

	
Sb05

	
Sb06

	
Sb07
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κ
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κ
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κ




	






	
Vicon-SESC identification




	

	
(0.0000)

	
−0.0117

	
5.14

	
−0.0100

	
3.22

	
0.0122

	
3.53

	
0.0132

	
5.44

	
0.0079

	
6.99

	
0.0133

	
1.85

	
−0.0113

	
4.38




	
r⃗1

	
(0.0000)

	
0.0021

	
16.59

	
0.0003

	
64.56

	
0.0040

	
5.15

	
0.0047

	
6.50

	
0.0022

	
10.40

	
0.0052

	
2.66

	
0.0165

	
1.43




	

	
(0.1342)

	
0.1251

	
1.00

	
0.1190

	
1.00

	
0.0963

	
1.00

	
0.0923

	
1.00

	
0.1256

	
1.00

	
0.0990

	
1.00

	
0.0738

	
1.02




	
r2

	
(0.0063)

	
0.0084

	
7.69

	
0.0088

	
5.40

	
0.0074

	
3.70

	
0.0066

	
8.19

	
0.0086

	
5.09

	
0.0058

	
4.87

	
0.0149

	
2.83




	
r3

	
(0.0022)

	
0.0036

	
17.55

	
0.0011

	
34.03

	
0.0000

	
14922

	
0.0037

	
17.75

	
−0.0007

	
46.70

	
0.0020

	
13.80

	
−0.0052

	
7.40




	
r6

	
(0.0256)

	
0.0249

	
2.86

	
0.0246

	
1.49

	
0.0255

	
1.80

	
0.0307

	
1.84

	
0.0234

	
3.72

	
0.0266

	
1.13

	
0.0447

	
1.00




	
r7

	
(0.0085)

	
0.0072

	
10.72

	
0.0009

	
56.62

	
0.0052

	
10.75

	
0.0013

	
57.98

	
0.0062

	
15.37

	
−0.0100

	
7.85

	
0.0066

	
8.04




	
cond(D)

	

	
6.17

	
9.04

	
8.32

	
5.90

	
8.75

	
13.02

	
5.44




	






	
Kinect-SESC identification




	

	
(0.0000)

	
0.1042

	
1.00

	
−0.1099

	
1.00

	
−0.0116

	
4.70

	
0.0014

	
38.23

	
0.0549

	
1.00

	
0.0735

	
1.00

	
−0.0275

	
2.28




	
r⃗1

	
(0.0000)

	
−0.0075

	
8.77

	
0.0167

	
3.61

	
0.0319

	
1.00

	
0.0354

	
1.00

	
0.0309

	
1.24

	
0.0282

	
2.04

	
0.0442

	
1.07




	

	
(0.1342)

	
0.0782

	
3.00

	
0.1056

	
3.10

	
0.0975

	
1.50

	
0.0969

	
1.13

	
0.0853

	
1.70

	
0.1892

	
1.71

	
0.0662

	
2.43




	
r2

	
(0.0063)

	
0.0090

	
17.10

	
0.0113

	
13.14

	
0.0054

	
7.86

	
0.0006

	
112.33

	
0.0089

	
6.93

	
0.0033

	
38.07

	
0.0140

	
7.37




	
r3

	
(0.0022)

	
−0.0101

	
12.92

	
0.0061

	
24.23

	
−0.0004

	
120.21

	
0.0046

	
16.79

	
−0.0042

	
12.63

	
0.0068

	
16.60

	
−0.0065

	
12.37




	
r6

	
(0.0256)

	
0.0452

	
2.64

	
0.0391

	
2.49

	
0.0308

	
2.28

	
0.0288

	
2.10

	
0.0420

	
2.52

	
0.0496

	
2.42

	
0.0654

	
1.00




	
r7

	
(0.0085)

	
0.0214

	
5.78

	
0.0247

	
5.81

	
0.0143

	
4.92

	
0.0184

	
3.87

	
0.0374

	
3.06

	
0.0692

	
3.35

	
0.0274

	
3.03




	
cond(D)

	

	
6.88

	
9.13

	
7.95

	
5.12

	
8.27

	
9.54

	
5.96






BMI: BMI = mass/(height)2; Literature refers to the model's SESC parameters assuming literature values [10]; All [image: there is no content] vectors have been normalized by each subject's height.




To show the subject-specificity of the method, we reproduce between parentheses the equivalent SESC parameters as obtained from the literature. To ease the comparison, they are also shown normalized by height. In addition, Table 1 gives subject-relevant information: height, weightandage.

Figure 3 shows a typical result for CoM estimation of the validation posture set. Four curves are shown, corresponding to the values obtained using:(i) Vicon-SESC (green line); (ii) Vicon-Winter (red line); (iii) Kinect-SESC (light blue line); and (iv) Kinect-Winter (violet line) estimations. The measured CoP from the AMTI6 force platform is shown with a solid blue line.

Figure 3. Estimation results for Sb03's. Measured CoP from the AMTI6 platform is shown as a dark blue line. CoM estimation using Vicon and Kinect SESCs are shown in green and light blue lines, respectively. The estimations performed using an anthropometric table [10] with Vicon and Kinect are shown in red and violet, respectively.



[image: Sensors 14 16955f3 1024]





Figure 4 shows the averaged rmse of the estimation for all seven subjects and all postures. The best performance was the (i) case with a 1289 ± 911 mm average error. The (ii) and (iii) cases performed similarly to each other. The largest estimation error by far came from case (iv), i.e., using literature values with Kinect measurements.

Figure 4. Summary of the performance of each CoM estimation method. The bars correspond to the rmse ± std averaged for all seven subjects. We observe an increase in the accuracy of the identified SESCs with respect to the literature estimates [10]. In addition, the performance of the Kinect-SESC was found to be equivalent to that of the literature-based estimate using high-end sensors.
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Finally, Table 2 shows the mean and std of the rmse for the (i)–(iv) estimations. This table also shows the error in the subjects' anterior-posterior (AP) and medio-lateral (ML) directions and the coefficient of determination of each case compared to the CoP measurements of the validation posture set.

Table 2. The root mean square error (rmse) for each CoM estimation method, in cross-validation for all seven subjects. The error is measured in the world reference frame, averaged for all subjects ± std. anterior-posterior (AP) and medio-lateral (ML) give the anterior-posterior and medio-lateral direction errors, respectively. R2 is the coefficient of determination of the cross-validation set.


	CoM Estimation
	Error (mm)
	AP (mm)
	ML (mm)
	R2





	Vicon-SESC
	12.8 ± 9.1
	10.40 ± 6.6
	10.2 ± 6.9
	0.9 ± 0.1



	Vicon-Winter
	24.9 ± 3.7
	23.16 ± 5.9
	13.9 ± 7.3
	0.8 ± 0.1



	Kinect-SESC
	26.6 ± 6.0
	23.37 ± 6.8
	17.1 ± 8.0
	0.8 ± 0.2



	Kinect-Winter
	118.4 ± 50.0
	94.82 ± 70.2
	51.8 ± 24.2
	−2.8 ± 6.9










5. Discussion

In this work, we proposed a new method for estimating the whole body center of mass that can be used outside of the laboratory by utilizing the statically-equivalent serial chain and a Kinect. We evaluated the differences between the SESC's CoM estimate obtained fromVicon-AMTI6 data to one created using the Kinect-WBB. For this purpose, the SESC parameters were identified twice over the same static postures, using low-cost and high-end equipment. For completeness, the CoM was also estimated using anthropometric table data [10] to compare these results to the SESC estimate. Figure 5 summarizes this process. Over all, we observed a good performance of the CoM estimations, especially for theVicon-SESC case.

Figure 5. Using the same static postures, the volunteer's CoM is estimated from laboratory-grade measurements with: (i) an SESC and (ii) anthropometric values. To validate the use of low-cost sensors the CoM, estimation is repeated using (iii) an SESC and (iv) anthropometric values.
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The validation of human CoM estimation methods is an open problem, as this quantity cannot be directly measured. The segmentation method, using laboratory instruments and anthropometric tables, is considered as the standard for whole body CoM estimation [8]. However, no study to our knowledge has yet investigated the possibility of using low-cost instruments to provide a subject-specific CoM estimation. We evaluated the accuracy of portable sensors (the Kinect and the WBB) to estimate CoM by comparing it with that obtained with conventional sensors (Vicon and an AMTI6 force platform). With the Vicon system, the estimation error of the literature-based CoM estimate was found to be 24.9 ± 3.7 mm; this error was reduced to 12.8 ± 9.1 mm using the SESC method. With the Kinect, the literature-based estimate had an error of 118.4 ± 50.0 mm, while the subject-specific SESC error was 26.6 ± 6.0 mm. We find that the subject-specific SESC estimation withlow-cost sensors performed as well as a literature based one with high-end sensors.

We have obtained a high confidence on the identified SESCs. Ideally, the condition number of the configuration matrix would be a small one, close to one (see Table 1), and the ratio of the largest and smallest values of the parameter relative standard deviations (k) should not be larger than 10. Nonetheless, a large k can be obtained if: (a) the parameter cannot be correctly identified due to noise or (b) the parameter is small, having almost no influence on the CoM. Additionally, we make use of the t-test to determine whether or not a parameter's influence is significant for the model. For example: the large k values generally found for the r3 parameter (representing the forearms) indicate that it is difficult to identify, probably due to its small weight. The opposite can be said for r⃗1 (the torso), which presents small k and a p < 001, indicating significance. Note that, in general, r3 is two orders of magnitude smaller than r⃗1. This is likely due to the relative segments' mass, i.e., the heavy torso influences total CoM more than the light forearms. In addition, the role of the torso link in the CoM estimation is twofold, as it is also the root segment of our model. Finally, a small variation on the identified parameter values between subjects was expected.

Regarding CoM estimation accuracy, we improve on the literature due to the SESC's subject-specific nature. Figure 4 focuses on this. A lower rmse was observed with the Vicon-SESC method than the literature sources [10]. Similarly, using literature values with the Kinect (iv) results in large estimation errors (see Table 2). The SESC estimate for the Vicon-SESC has the same error magnitude for both the AP and ML directions, whereas the Kinect-SESC has a larger mean error on the AP (depth) direction than the MLone. This might be due to the noisy joint positions given by the Kinects keleton, as only one camera is available to reconstruct the kinematics. In contrast, the Vicon skeleton offers better-defined joint obtained from the markers' positions. Finally, the performance of the Kinect-SESC estimate approaches the Kinect's known measurement error [37]. The Vicon-SESC estimate error is larger than that of the Vicon's measurement. This is probably due to the simplified skeletal model.

A two-way ANOVA test was performed to determine the influence of the sensor (Viconor Kinect) and of the origin of the parameters (Winter or SESC) on the rmse. Asignificant effect was found from both factors (p < 001). Additionally, a strong interaction of both factors was found (p < 001), suggesting that the low rmse found for the Vicon-SESC case was due to both the SESC method and the high-quality measurements of the Vicon system.



6. Conclusion

This study sought to determine the accuracy of CoM estimation using the Kinect as the only sensor. The estimation errors are comparable to those obtained using literature-based data from an anthropometric table and a high-end motion capture system. The Kinect-SESC has the advantage of using an inexpensive sensor and does not require lengthy preparations, such as marker placement. In contrast, it requires the subject to perform the SESC's identification procedure. The parameters obtained in this way are constant and subject-specific, so once obtained they can be stored and used again for the same subject unless his mass distribution changes (e.g., weight gains or losses). In addition, since the SESC method offers a kinematic-based estimation of the CoM position, it is also valid for fast, dynamic motions. The static postures (and force platform) are only necessary during the identification phase.

A flexible identification procedure and a portable system could make CoM estimation feasible for the clinical or home environment. This would be helpful for assessing balance training and for non-intrusive patient monitoring [6], while taking into account subject-specificity. The average identification during this experiment required eight minutes of postural recordings. Some of these postures may be too physically demanding for certain patients. To address this, we have also studied the SESC identification for individuals with restricted mobility [38] and considered multiple support surfaces where CoM can be estimated within the patient's range of motion. This method requires only a variety of postures covering the patient's range of available motion. In this way, the SESC method would be also applied to motor-impaired patients.



Supplementary Material

sensors-14-16955-s001.pdf





Author Contributions

AG and MH devised the experimental protocol and collected the data. AG performed the parameter identification and statistical analysis and drafted the manuscript. MH intensively reviewed the manuscript. VB provided insight into the motion capture procedure, data analysis and method validation. MH and PF guided the discussion on the identification procedure and the interpretation of the results and gave the final approval for submission. All authors read, revised and approved the final manuscript.



Conflicts of Interests

The authors declare no conflict of interest.



References


	1. 
World Ageing 2009; United Nations: New York, NY, USA, 2004.

	2. 
Yamawaki, K.; Ariyasu, R.; Kubota, S. Application of Robot Suit HAL to Gait Rehabilitation of Stroke Patients: A Case Study; Springer-Verlag Berlin: Heildeberg, Germany, 2012; pp. 184–187. [Google Scholar]

	3. 
Lünenburger, L.; Colombo, G. Clinical assessments performed during robotic rehabilitation by the gait training robot Lokomat. Proceedings of the International Conference on Rehabilitation Robotics (ICORR), Chicago, IL, USA, 28 June–1 July 2005; pp. 345–348.

	4. 
Igual, R.; Medrano, C.; Plaza, I. Challenges, issues and trends in fall detection systems. Biomed. Eng. Online 2013. [Google Scholar]

	5. 
Van Diest, M.; Lamoth, C.J.; Stegenga, J.; Verkerke, G.J.; Postema, K. Exergaming for balance training of elderly: State of the art and future developments. J. NeuroEng. Rehabil. 2013. [Google Scholar]

	6. 
Granata, C.; Bidaud, P.; Ady, R.; Salini, J. A personal robot integrating a phisically-based human motion tracking and analysis. Proceedings of the International Conference on Climbing and Walking Robots, Sydney, Australia, 14–17 July 2013; pp. 14–17.

	7. 
Bretl, T.; Lall, S. Testing Static Equilibrium for Legged Robots. IEEE Trans. Robot. 2008, 24, 794–807. [Google Scholar]

	8. 
Lafond, D.; Duarte, M.; Prince, F. Comparison of three methods to estimate the center of mass during balance assessment. J. Biomech. 2004, 37, 1421–1426. [Google Scholar]

	9. 
Jaffrey, M.A. Estimating Centre of Mass Trajectory and Subject-Specific Body Segment Parameters Using Optimisation Approaches. Ph.D. Thesis., Victoria University, Melbourne, Australia, 2008. [Google Scholar]

	10. 
Winter, D.A. Biomechanics and Motor Control of Human Movement, 3rd ed; John Wiley & Sons, Inc.: Hoboken, NJ, USA, 2005. [Google Scholar]

	11. 
De Leva, P. Adjustments to Zatsiorsky-Seluyanov's segment inertia parameters. J. Biomech. 1996, 29, 1223–1230. [Google Scholar]

	12. 
Pavol, M.J.; Owings, T.M.; Grabiner, M.D. Body segment inertial parameter estimation for the general population of older adults. J. Biomech. 2002, 35, 707–712. [Google Scholar]

	13. 
Baker, R. Gait analysis methods in rehabilitation. J. NeuroEng. Rehabil. 2006. [Google Scholar]

	14. 
Pataky, T.C.; Zatsiorsky, V.M.; Challis, J.H. A simple method to determine body segment masses in vivo: Reliability, accuracy and sensitivity analysis. Clin. Biomech. 2003, 18, 364–368. [Google Scholar]

	15. 
Espiau, B.; Boulic, R. On the Computation and Control of the Mass Center of Articulated Chains. In Technical Report 3479; Inria: Grenoble, France, 1998. [Google Scholar]

	16. 
Cotton, S.; Murray, A.P.; Fraisse, P. Estimation of the Center of Mass: From Humanoid Robots to Human Beings. IEEE/ASME Trans. Mechatron. 2009, 14, 707–712. [Google Scholar]

	17. 
Venture, G.; Ayusawa, K.; Nakamura, Y. Real-time identification and visualization of human segment parameters. Proceedings of the Annual International Conference IEEE Engineering in Medicine and Biology Society (IEEE/EMBC), Minneapolis, MN USA, 3–6 September 2009; pp. 3983–3986.

	18. 
Ayusawa, K.; Venture, G.; Nakamura, Y. Identifiability and Identification of Inertial Parameters Using the Underactuated Base-Link Dynamics for Legged Multibody Systems. Int. J. Rob. Res. 2013, 33, 446–468. [Google Scholar]

	19. 
Stone, E.E.; Skubic, M. Evaluation of an inexpensive depth camera for passive in-home fall risk assessment. Proceedings of the International Conference on Pervasive Computing Technologies for Healthcare (PervasiveHealth), Dublin, Ireland, 23–26 May 2011; pp. 71–77.

	20. 
Clark, R.A.; Pua, Y.H.; Fortin, K.; Ritchie, C.; Webster, K.E.; Denehy, L.; Bryant, A.L. Validity of the Microsoft Kinect for assessment of postural control. Gait Posture 2012, 36, 372–377. [Google Scholar]

	21. 
Yang, Y.; Pu, F.; Li, Y.; Li, S.; Fan, Y.; Li, D. Reliability and Validity of Kinect RGB-D Sensor for Assessing Standing Balance. IEEE Sens. J. 2014, 14, 1633–1638. [Google Scholar]

	22. 
Clark, R.A.; Bryant, A.L.; Pua, Y.H.; McCrory, P.; Bennell, K.; Hunt, M. Validity and reliability of the Nintendo Wii Balance Board for assessment of standing balance. Gait Posture 2010, 31, 307–310. [Google Scholar]

	23. 
Huurnink, A.; Fransz, D.P.; Kingma, I.; van Dieën, J.H. Comparison of a laboratory grade force platform with a Nintendo Wii Balance Board on measurement of postural control in single-leg stance balance tasks. J. Biomech. 2013, 46, 1392–1395. [Google Scholar]

	24. 
Bartlett, H.L.; Ting, L.H.; Bingham, J.T. Accuracy of force and center of pressure measures of the Wii Balance Board. Gait Posture 2014, 39, 224–228. [Google Scholar]

	25. 
Pagnacco, G.; Oggero, E.; Wright, C.H.G. Biomedical instruments vs. toys: A preliminary comparison of force platforms and the Nintendo Wii Balance Board. Biomed. Sci. Instrum. 2011, 47, 12–17. [Google Scholar]

	26. 
Kohler, F.; Schmitz-Rode, T.; Disselhorst-Klug, C. Introducing a feedback training system for guided home rehabilitation. J. NeuroEng. Rehabil. 2010. [Google Scholar]

	27. 
González, A.; Hayashibe, M.; Fraisse, P. Estimation of the Center of Mass with Kinect and Wii Balance Board. Proceedings of the IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS), Vilamoura, Alagarve, Portugal, 76–12 October 2012; pp. 1023–1028.

	28. 
González, A.; Hayashibe, M.; Fraisse, P. Online Identification and Visualization of the Statically Equivalent Serial Chain via Constrained Kalman Filter. In Proceedings of the IEEE, International Conference on Robotics and Automation (ICRA), Karlsruhe, Germany, 66–10 May 2013; pp. 5303–5308.

	29. 
Cotton, S.; Vanoncini, M.; Fraisse, P.; Ramdani, N.; Demircan, E.; Murray, A.P.; Keller, T. Estimation of the centre of mass from motion capture and force plate recordings: A study on the elderly. Appl. Bionics Biomech 2011, 8, 67–84. [Google Scholar]

	30. 
Khalil, W.; Dombre, E. Modeling, Identification & Control of Robots; Kogan Page Science: London, UK, 2004. [Google Scholar]

	31. 
Winter, D.A. Human balance and posture standing and walking control during. Gait Posture 1995, 3, 193–214. [Google Scholar]

	32. 
Mooring, B.W.; Roth, Z.S.; Driels, M.R. Fundamentals of Manipulator Calibration; Wiley Press: New York, NY, USA, 1991. [Google Scholar]

	33. 
Vicon Motion Systems. Product Guide–Foundation Notes. In Technical Report; Vicon Motion Systems: Oxford, UK; March; 2010. [Google Scholar]

	34. 
Pavlik, R. WiiUse. Avaiable online: http://www.vrac.iastate.edu/vancegroup/docs/wiiuse/ (accessed on 26 August 2014).

	35. 
Oppenheim, A.V.; Schafer, R.W. Discrete-Time Signal Processing; Prentice-Hall: Englewood Cliffs, NJ, USA, 1989. [Google Scholar]

	36. 
PrimeSense Nite Algorithms 1.5; Technical Report; PrimeSense Inc.: Tel Aviv, Israel, 2011.

	37. 
Khoshelham, K.; Elberink, S.O. Accuracy and resolution of Kinect depth data for indoor mapping applications. Sensors 2012, 12, 1437–1454. [Google Scholar]

	38. 
González, A.; Hayashibe, M.; Demircan, E.; Fraisse, P. Center of Mass Estimation for Rehabilitation in a Multi-Contact Environment: A Simulation Study. Proceedings of the IEEE International Conference on Systems, Man and Cybernetics, Manchester, UK, 13–16 October 2013; pp. 4718–4723.





















© 2014 by the authors; licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution license ( http://creativecommons.org/licenses/by/3.0/).







media/file4.png
Distance from CoM [mm

A o ® O N A O ®
o © o o o o o o
T T T T T T

N
o
T

inect-SESC Kinect-Winter

o

Vicon-SESC Vicon-Winter Ki
Method





nav.xhtml


  sensors-14-16955


  
    		
      sensors-14-16955
    


  




  





media/file5.png
Vicon-SESC (i)
Vicon-Winter iy ——
Kinect-SESC i) —

Kinect-Winter (iv)






media/file3.png
(=3
o
N
SIXe.

=)
o
—X

2500

2000

1500

1000

500

Winter

Kinect-SESC - Kinect

8
£
i
<
S
L
>
(o}
@»
w
¢
<
S
L
S

~——Measured

2500

1500
Sample

1000

0

=}






media/file0.png





media/file1.png





media/file2.png





media/file6.png





