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Abstract

:

A stable posture requires the coordination of multiple joints of the body. This coordination of the multiple joints of the human body to maintain a stable posture is a subject of research. The number of degrees of freedom (DOFs) of the human motor system is considerably larger than the DOFs required for posture balance. The manner of managing this redundancy by the central nervous system remains unclear. To understand this phenomenon, in this study, three local inter-joint coordination pattern (IJCP) features were introduced to characterize the strength, changing velocity, and complexity of the inter-joint couplings by computing the correlation coefficients between joint velocity signal pairs. In addition, for quantifying the complexity of IJCPs from a global perspective, another set of IJCP features was introduced by performing principal component analysis on all joint velocity signals. A Microsoft Kinect depth sensor was used to acquire the motion of 15 joints of the body. The efficacy of the proposed features was tested using the captured motions of two age groups (18–24 and 65–73 years) when standing still. With regard to the redundant DOFs of the joints of the body, the experimental results suggested that an inter-joint coordination strategy intermediate to that of the two extreme coordination modes of total joint dependence and independence is used by the body. In addition, comparative statistical results of the proposed features proved that aging increases the coupling strength, decreases the changing velocity, and reduces the complexity of the IJCPs. These results also suggested that with aging, the balance strategy tends to be more joint dependent. Because of the simplicity of the proposed features and the affordability of the easy-to-use Kinect depth sensor, such an assembly can be used to collect large amounts of data to explore the potential of the proposed features in assessing the performance of the human balance control system.
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1. Introduction


Human beings are bipedal; therefore, balance in humans is extremely complex [1]. Human bodies are complex assemblies, which require continuous active control even when standing still. Such active control is achieved through appropriate spatial and temporal body segment coordination. Fatigue, diseases, injuries, and aging can compromise this control of balance [2].



Postural control is the ability to maintain equilibrium by maintaining or returning the center of body mass over its base of support and can be defined as the act of maintaining, achieving, or restoring a state of balance [3]. Studies have shown that a decline in postural control ability leads to a deficit in balance and increases the risk of falling [4,5,6,7,8]. Therefore, developing a simple assessment method for postural stability can predict the risk of falling. This is crucial because falls are a major public health problem [9,10]. According to the data published by the World Health Organization (WHO) in January 2018, approximately 646,000 individuals died from falls each year, and falls are the second leading cause of worldwide accidental injury deaths. Globally, the number of people requiring medical attention because of falls was estimated to be approximately 37,300,000 per year [11]. The WHO data also showed that elderly people are the most affected in fatal falls (over 65 years old). Approximately 28–35% of people aged 65 and over fall each year [12]. This probability increases to 32–42% for those over 70 years old. Therefore, developing measures that can characterize the effects of aging on postures can be very useful for fall risk assessment.



In performing a real-life task, the inherent degrees of freedom (DOFs) of the motor system of our body are typically considerably larger than the minimum DOFs required for performing the task. This is identified as the motor redundancy problem (also known as Bernstein’s problem) [13]. To understand the response of the human brain to Bernstein’s problem, several studies have examined the coordination of the finger forces when gripping. It was found that in some specific tasks, finger forces often exhibit a tendency of synchronization [14,15]. The degree of synchronization typically changes with the nature of the task [16,17] and the age of the subjects [18,19,20].



A fundamental problem of postural control is the coordination of multiple joints of the body to maintain postural stability. Because the number of freely movable body joints is considerably larger than the DOFs required for the postural balancing, the human balance control system clearly must cope with Bernstein’s problem. Many studies have suggested that postural balance is controlled by only one or a few joints. Among these studies, some have suggested that the ankle strategy or hip strategy or a combination of these two strategies is used in the human postural control system to maintain a static standing balance [21,22,23,24,25,26]. However, the validity of these simplified strategies has been questioned in recent studies. For example, the analysis of the effect of joint variation on the stability of the center of mass (COM) determined that almost all major joints are highly active when standing still [27]. Principal component analysis (PCA) was used to quantify the angular variation of the upper leg, lower leg, head, and upper limb. The results showed that the angle of the upper leg and trunk considerably affects the motion of the COM [28]. After measuring the kinematics of the ankle, knee, and hip joints by using an imaging system, a study determined that all leg joints play an influential role in maintaining the static standing balance [29]. In summary, these results clearly demonstrated the inadequacy of earlier studies, which assumed that only a few joints were actively involved in maintaining postural balance. However, coordination of the joints of the body to achieve a stable posture is a topic that is underresearched.



To study how the postural control system of the human body resolves Bernstein’s problem, the coordination patterns of the joint velocities were investigated. An extreme strategy for managing the redundancy is to minimize the DOFs of the postural control system to one by completely coupling all joint motions. The other extreme postural control strategy is to maximize the DOFs by making all joint motions perfectly independent and thus uncorrelated. In this study, we hypothesized that the human postural control system uses an approach that is an intermediate of two extreme strategies. To test this hypothesis, a Microsoft Kinect sensor was used. Several feature sets were used to characterize the coordination patterns of the joints of the body by studying how joint velocities interact with one another.



In addition to its simplicity and affordability, the reliability and validity of the Kinect sensor for human joint center measurements have been extensively tested and verified in many experimental studies [30,31,32,33,34,35,36,37,38]. Its measurement errors have also been carefully investigated [39,40,41,42,43]. These results clearly support the use of the Kinect sensor for the assessment of gait and balance performance [44,45,46,47,48,49,50,51,52,53,54,55,56]. It should be noted that many similar RGB-depth (RGB-D) sensor devices are already available. Interested readers are referred to a recent review paper for these Kinect alternatives [57]. We have also surveyed recent studies about the applications of depth camera for human motion capture and analysis. Based on the survey results, Table 1 summarizes the specifications of the most popular RGB-D sensors. Among all these popular RGB-D sensing devices, the Microsoft Kinect V2 sensor provides high-resolution color images, large field of view (FOV) areas, and powerful software development kits for the skeleton and joint detection. In addition, as previously addressed in this paper, the validity and reliability of the Kinect sensor have also been extensively studied and verified. These are the reasons why we chose Kinect V2 as our measurement device for joint tracking.




2. Materials


2.1. Kinect Depth Sensor System


The measurement system consisted of a Microsoft Kinect sensor connected to a personal computer based signal processing system. The Microsoft Kinect V2 sensor, also known as the Xbox One Kinect, provides five video related data streams which include color (1920 × 1080 @ 30 Hz), infrared (512 × 424 @ 30 Hz), depth (512 × 424 @ 30 Hz) images as well as body index (512 × 424 @ 30 Hz), and the skeleton information for every tracked person (25 joint centers @ 30 Hz). Note that the joint positions are provided at a resolution of 4 bytes per coordinate and hence 12 bytes per joint. The tracking volume of Kinect V2 is defined by the field of view (FOV, 70˚ horizontally, 60˚ vertically) and the range of depth-sensing (0.5–4.5 m). In this work, the Microsoft Kinect Software Development Kit (SDK) 2.0 was used to obtain the location of 25 human joint centers. By assuming the relative motions between the wrist, hand, and thumb centers of the same arm to be negligible when standing sill, hand and thumb joints were excluded from this study. Since ankles and feet are relatively motionless when standing still, these joints were also not included in this study. As a result, as shown in Figure 1, the 15 joints included in this study are the (1) head, (2) neck, (3) shoulder center, (4) left shoulder, (5) right shoulder, (6) trunk center, (7) left elbow, (8) right elbow, (9) hip center, (10) left hip, (11) right hip, (12) left hand, (13) right hand, (14) left knee, and (15) right knee. Note that “joint 1” represents the center of the head, which cannot perform a rotational movement, therefore “joint 1” is not rigorously a kinematic joint. Considering the velocity of the head center is different from the velocities of other body joints and the potential role of head movement on postural stability, this work included the head center in this study. However, to simplify the corresponding statements and discussions, this manuscript still refers the head center as “joint 1”.



As shown in Figure 2, the Kinect camera was placed approximately 2 m away in front of the subjects and was approximately 72–76 cm above the floor. We set up a green curtain at the back of the tested subjects to prevent possible interferences from the background.




2.2. Participants


Data were collected from 45 (15 youths, 30 elders) healthy participants who did not have a neurological or musculoskeletal impairment. The participants had no lower-limb discomfort and could maintain a double-leg stance with both eyes open. As mentioned previously, 15 youths (age: 24.06 ± 2.02 years old; body height: 174.20 ± 6.80 cm; body weight: 73.26 ± 15.21 kg; body mass index: 23.96 ± 3.79, respectively) and 30 elders (age: 71.13 ± 4.56 years old; body height: 162.03 ± 9.04 cm; body weight: 63.61 ± 10.32 kg; body mass index: 24.24 ± 3.53) participated in this study. Aging has been known to be associated with many postural stability impairing factors, each of which may have different impacts on inter-joint coordination patterns (IJCPs). In view of such uncertainties, the sample size of the older age group of this study was chosen to be larger than that of the younger age group.




2.3. Standing Still Experiment


Three 40-s test sessions were performed on each subject. In each session, the participants were instructed to look straight at a visual reference and standstill (with arms at the side) in a comfortable stance for 40 s. The distance between the visual reference and the test subject was about 2 m. The data collected from 5 to 35 s of the trials were used for this study. Every session was separated by approximately 1 minute of rest.




2.4. Data Processing


A data point of a joint center signal includes three coordinates (x, y, z), with x, y, z representing the mediolateral (ML), vertical, and anteroposterior (AP) directions, respectively. Only the ML direction was considered in the study for the following reasons. First, vertical direction data were not included because when standing still, the vertical direction movement is considerably smaller than those in the ML and AP directions. Second, AP direction data were not included since our preliminary experimental results suggest that the proposed features are relatively ineffective in dealing with the AP direction velocity signals. Finally, the most crucial reason is that ML balance impairments have been proven to be closely associated with falls in older people [58,59,60].



The signals of the joint center were recorded at a sampling rate of 30 Hz and filtered using a sixth-order zero-phase Butterworth filter with a cutoff frequency of 5 Hz. The joint velocity signals were then obtained using a five-point central difference method (five-point stencil). Finally, before computing the proposed features, the magnitudes of these joint velocity signals were normalized such that the energies for all the normalized joint velocity signals were equally large in each of the experimental trials.





3. Methodology


3.1. Local Inter-Joint Coordination Pattern (IJCP) Features


As shown in Figure 3, as a pre-processing step for feature generation, each of the 30-s joint velocity signals was divided into 30 one-sec nonoverlapping subintervals. With a 30 Hz sampling rate, each of such subintervals shown in Figure 3 consists of 30 sampling points. The temporal correlation coefficient cij[k] is then specified as the Pearson product-moment correlation coefficient between the kth subinterval of joint i and the kth subinterval of joint j for k = 1, 2, …, 30.



Based on these temporal correlation coefficient signals of cij[k], the following local IJCP feature sets were proposed:




	
The mean of the temporal correlation signal cij[k] was used for k = 1, 2, …, 30 to quantify the coupling strength between joints i and j. In the paper, these features are referred to as the coupling strength (CS) features.



	
Considering the possibility that the inter-joint coupling behaviors can be time-varying, the second proposed feature set was used to characterize the changing speed of IJCPs. Specifically, for a given joint pair, by defining the zero-crossing point (ZCP) as the time instant that its correlation coefficient changes sign, the proposed IJCP changing speed feature is defined as the number of ZCPs and is referred as the ZCP feature, hereafter.



	
Because the velocities of a pair of joints can be either positively or negatively correlated, the third set of features is defined as the ratio of the number of the negative cij[k] to 30. This is because 30-time subintervals were conducted in each of our experimental trials. The negative correlation (NC) features were introduced to quantify the complexity of the pairwise IJCP.








As an analogy, the sign of a correlation coefficient can be compared to the two sides of a coin. The outcome of coin tosses is the most unpredictable and thus most complex when the coin is perfectly unbiased toward either side of the coin. If the coin becomes increasingly biased to either side, the outcome of the coin tosses becomes more predictable. Similarly, the joint coordination pattern of a joint pair can be considered most complex when the value of the NC feature is 0.5. When the value of an NC feature changes from 0.5 toward 1 or 0, the IJCP becomes less complex.



Mathematically, for a pair of joint velocity signals, its CS feature is defined as the mean of the corresponding temporal correlation coefficient signal, its ZCP feature is defined as the number of zero-crossing points of this temporal correlation coefficient signal and its NC feature is defined as the ratio of time that this temporal correlation signal has a negative value. In summary, this study proposes three sets of features to quantify the coupling strength (CS features), changing speed (ZCP features), and complexity (NC features) of the pairwise IJCPs, respectively. For joints i and j, these three types of features are denoted as CSij, ZCPij, and NCij, respectively.



The features CSij, ZCPij, and NCij characterize the coupling properties for joint pairs. To study the relative role of each joint in inter-joint coordination, this work extends the utility of these features by introducing three sets of joint-specific features. In specific, to extend CS features to a joint-specific level for joint i, we calculate the mean of CSij for j = 1, 2, …, 15 and j ≠ i. By denoting this feature as JCSi, this joint-specific CS feature is used to quantify the overall coupling strength of joint i. In an identical manner, this work also extends the utility of ZCP and NC features and denote their joint-specific features as JZCPi and JNCi, respectively.




3.2. Global Inter-Joint Coordination Features


Features proposed in the previous subsection characterize the IJCP on a pairwise and thus local level. By contrast, a set of features from a global point of view is proposed in this subsection. The joint velocity vector x[k] associated with the kth sampling instant is defined as a 15-dimensional vector whose ith (i = 1, 2, …, 15) element is the velocity of the ith joint at the kth sampling instant. With a 30-s signal length and a sampling frequency of 30 Hz, 900 x[k] vectors were collected for each experimental trial. PCA was performed on these joint velocity vectors for each experimental trial, and the resulting eigenvalues and eigenvectors are denoted as λi and vi for i = 1, 2, …, 15, respectively.



For the problem under consideration, eigenvectors represent a complete set of orthogonal modes of joint velocity movement. Because eigenvalue λi represents the proportion of variance (PoV) explained by eigenvector vi, eigenvalues characterize the relative contributions of these 15 modes of joint velocity movement represented by the eigenvectors. Therefore, by using eigenvalues to quantify the contributions of each mode of joint velocity movement, PoV features were defined as PoVi = λi / (λ1 + λ2 +…+ λ15). In addition to these PoV features, the following PoV entropy feature was proposed to characterize the complexity of IJCPs from a global perspective:


   E  P o V   = −   ∑  i = 1   15    P o  V i    log  2  P o  V i     



(1)







When joints are completely independent and thus uncorrelated, PoV1 = PoV2 =…= PoV15 = 1/15, the EPoV entropy feature has a maximum value of 3.907. By contrast, when all the joint velocities are perfectly correlated, the value of PoV1 is 1, and the values of the remaining PoV features are all zero. In this extreme case of total dependence, EPoV has a minimum value of 0. Based on such results, the PoV entropy feature EPoV was used to quantify the degree of overall inter-joint coupling complexity.





4. Results


In the first part of this section, the results obtained using the local IJCP features introduced in Section 3.1 are presented. Independent two-sided t-tests were performed to compare the means of the proposed features of the younger and older age groups in which a difference was considered significant when the p-value was less than 0.05. The following statistical results were obtained using the average values of the proposed features over three experimental trials for each tested subject. As a result, the sample sizes for the younger and older age groups were 15 and 30, respectively.



Because 15 joints were considered, 15 × 14/2 = 105 joint pairs were studied. In each of these 105 joint pairs, the CS feature means of the older age group were larger than the corresponding CS feature means of the younger group, that is, the mean value of CSij of the older age group was larger than that of the younger age group for i = 1, 2, …, 15, j > i. Similarly, the results of the conducted experiments showed that the older age group has smaller ZCPij and NCij than those of the younger group for i = 1, 2, …, 15, j > i.



Among 105 comparative results of the CS features, 102 were significant. Among the 105 differences of the ZCP features, 98 were significant. Finally, among 105 sets of NC feature comparative results, 97 were significant. The histogram of the NC features is presented in Figure 4 for both age groups.



Figure 5 depicts the values of these joint-specific JCSi features for both age groups. The values of the joint-specific JZCPi features are plotted in Figure 6. Similarly, Figure 7 depicts the values of JNCi. The corresponding p-values of these statistical tests are summarized in Table 2. As shown in Table 2, only JCS12 (p-value = 0.07) and JNC12 (p-value = 0.097) yield nonsignificant results.



The results obtained using the global IJCP features introduced in Section 3.2 are presented in the second part of this section. Figure 8 depicts the proposed PoV features of the younger and older age groups. The means of the PoV features of both age groups and the corresponding p-values are summarized in Table 3. Finally, the mean and standard deviation of the PoV entropy feature are 2.602 and 0.403, respectively, for the younger group and 2.245 and 0.483, respectively, for the older group. The corresponding p-value was 3.75 × 10−5.




5. Discussion


As presented in the first part of Section 4, the values of the CS features of the older age group were larger than those of the younger age group. CS features quantifying the coupling strength of the joint pairs suggested that the inter-joint couplings of the older age group were larger than those of the younger group.



Furthermore, the results in the previous section demonstrated that the older age group has smaller ZCP values. This indicated that linear correlation coefficients of the younger group changes sign more rapidly than those of the older age group. This probably implies that the speed-of-response of the postural control system of the younger group was faster than that of the older age group. Thus, the postural control systems of the younger group can adapt more readily than those of the older age group to uncertainties such as disturbances, which can induce balance instability.



The results reported in Section 4 showed that the values of the NC features of the older age groups are smaller than those of the younger age group. As shown in Figure 4, all NC feature values were smaller than 0.5, which indicated that joint velocities are positively correlated most of the time. However, as shown in Figure 4, 23 of the younger age group’s NC features were larger than 0.4. By contrast, the values of the older age group NC features were smaller than 0.4. These results suggested that the pairwise inter-joint coupling of the older age group was less complex than that of the younger age group.



Regarding the joint-specific results, Figure 5 shows that JCSi of the older age group is larger than the corresponding JCSi of the younger group for all i (i.e., i = 1, 2, …, 15). Similarly, the joint-specific results depicted in Figure 6 and Figure 7 show that JZCPi and JNCi features of the older group are smaller than JZCPi and JNCi features of the younger group for all i. In addition, Figure 5 illustrates that the JCSi values of the older and younger age groups have very similar joint variation patterns. Specifically, the correlation coefficient between the two JCS curves of Figure 5 is 0.991. Similarly, the correlation coefficients between the two JZCP curves of Figure 6 and the two JNC curves of Figure 7 are 0.986 and 0.981, respectively. These results demonstrated that, when characterized by the proposed local IJCP features, the relative roles of the joints are age-independent.



Based on Figure 5, Figure 6 and Figure 7 and the relative locations with respect to the central axis of the body, the studied joints were categorized into two groups. The axial group consisted of the head (joint 1), neck (joint 2), shoulder center (joint 3), trunk center (joint 6), and hip joints (joints 9–11). The limb group consists of left shoulder (joint 4), right shoulder (joint 5), elbows (joints 7, 8), hands (joints 12, 13), and knees (joints 14, 15). The reason why for such a group division study is to investigate the potential associations between the relative locations of the joints with respect to central axis and the values of the proposed features in order to gain more insights about IJCPs. Compared with the joints of the axial groups, limb group joints have smaller JCS and larger JZCP and JNC values. These results suggested that some basic differences were observed among the IJCPs of these two joint groups. In addition, among all the joints being studied, the two knee joints (joints 14 and 15) have the two lowest joint-specific JCS values and the two highest JZCP and JNC joint-specific values. These results clearly demonstrated the unique role of the knee joints when standing still. By comparison, by having the largest JCS value and the lowest JZCP and JNC values, joint 6 (trunk center joint) exhibits the exact opposite properties.



As shown in Figure 8, the first PoV feature (i.e., PoV1) was considerably larger than the remaining PoV features for both age groups. This dominant role of PoV1 was more pronounced for the older age group. With the exception of PoV1, the values of PoVi of the older age group are smaller than those of the younger age group for i = 2, 3, …, 15. With the eigenvectors representing a complete set of orthogonal modes of joint velocity movement, the results shown in Figure 8 demonstrate that the relative contributions of these 15 modes of joint velocity movement of the younger age group are less skewed toward the first principal component, and thus more evenly distributed than the older age group. In addition, the considerably larger mean of the PoV entropy feature of the younger age group (2.602) than that of the older age group (2.245) suggested that the younger age group has more complex IJCPs than the older age group. In summary, these results supported the hypothesis of an approach intermediate to two extreme coordination modes of total joint dependence and independence is used in the inter-joint coordination strategy.



The results presented in this study cannot directly associate the proposed features with postural instability problems. However, considering the fact that postural instabilities increase significantly with age and the proposed features can very effectively detect the aging effects on IJCP, we believe that the potential of the proposed features in detecting postural instabilities warrant further study. In fact, although not presented in this work, our preliminary experimental results have shown that the results obtained by the proposed approach are in agreement with the conventional postural steadiness results obtained by force platform measurements.




6. Conclusions


The IJCPs, when standing still, were studied using Kinect to measure the motion of 15 body joints. Based on the proposed features, our results showed that aging increases the coupling strength, decreases the changing speed, and reduces the complexity of ICJPs. The results also supported the hypothesis that an inter-joint coordination strategy intermediate to total joint independence and joint dependence was used. In addition, the older age group tended more toward the total joint-dependence strategy than the younger age group.



The limitations of this study are as follows: First, the validity of the results can be further affirmed by increasing the number of participants. Second, only the ML direction motion was considered in this study. However, the results of this study are still valuable because many studies have suggested that lateral instability is a major cause of falling in the older population. The third limitation is the inability of the proposed approach in studying the role of the ankle joints because ankle joint centers are relatively motionless when standing still.



Considering its simplicity and affordability, the proposed approach can be used to collect large amounts of data to promote the development of effective predictive measures for falls. To further test the efficacy of the proposed features for detecting postural instabilities, a possible future study is to use the proposed features to characterize the effects of balance impairing factors such as sensorimotor deficits.







Author Contributions


C.-H.L. conceived of the presented ideas, implemented the experiments, analyzed the experimental data, and wrote the manuscript; Y.-L.C. investigated the ideas, provided the funding, supervised the project, edited and revised the manuscript; C.-W.Y. (Chen-Wen Yen) investigated the ideas, designed the experimental system and methodology, supervised the project, and revised the manuscript; P.L. gave the clinical directives, undertook the statistical analysis, and revised the manuscript; C.-W.Y. (Chao-Wei Yu) provided suggestions on the idea, validated the experimental data. All authors discussed the results and contributed to the final manuscript. All authors have read and agreed to the published version of the manuscript.




Funding


Ministry of Science and Technology of Taiwan funded this research under the grant numbers MOST- 108-2218-E-027 -017 and MOST-108-2221-E-027-066.




Acknowledgments


The authors would like to thank Lih-Jiun Liaw for her great help on the application of Approval of Clinical Trial/Research from the Institutional Review Board (IRB) of Chung-Ho Memorial Hospital of Kaohsiung Medical University.




Conflicts of Interest


The authors declare no conflict of interest.




Ethical Statement


All subjects gave their informed consent for inclusion before they participated in the study. The study was conducted in accordance with Approval of Clinical Trial/Research, which was approved by the Institutional Review Board (IRB) of Chung-Ho Memorial Hospital of Kaohsiung Medical University.




References


	



Roberts, T.D.M. Understanding Balance: The Mechanics of Posture and Locomotion, 1st ed.; Chapman & Hall: London, UK, 1995; pp. 1–4. [Google Scholar]

	



Dittrich, W.; Hawken, M. Towards a more balanced understanding of motor control systems. Psycoloquy 1996, 7, 40. [Google Scholar]

	



Pollock, A.S.; Durward, B.R.; Rowe, P.J.; Paul, J.P. What is balance? Clin. Rehabil. 2000, 14, 402–406. [Google Scholar] [CrossRef] [PubMed]

	



Fernie, G.R.; Gryfe, C.; Holliday, P.J.; Llewellyn, A. The relationship of postural sway in standing to the incidence of falls in geriatric subjects. Age Ageing 1982, 11, 11–16. [Google Scholar] [CrossRef] [PubMed]

	



Thapa, P.B.; Gideon, P.; Brockman, K.G.; Fought, R.L.; Ray, W.A. Clinical and biomechanical measures of balance fall predictors in ambulatory nursing home residents. J. Gerontol. Ser. A Biol. Sci. Med. Sci. 1996, 51, M239–M246. [Google Scholar] [CrossRef]

	



Piirtola, M.; Era, P. Force platform measurements as predictors of falls among older people—A review. Gerontology 2006, 52, 1–16. [Google Scholar] [CrossRef]

	



Pajala, S.; Era, P.; Koskenvuo, M.; Kaprio, J.; Törmäkangas, T.; Rantanen, T. Force platform balance measures as predictors of indoor and outdoor falls in community-dwelling women aged 63–76 years. J. Gerontol. Ser. A Biol. Sci. Med. Sci. 2008, 63, 171–178. [Google Scholar] [CrossRef]

	



Kurz, I.; Oddsson, L.; Melzer, I. Characteristics of balance control in older persons who fall with injury–a prospective study. J. Electromyogr. Kinesiol. 2013, 23, 814–819. [Google Scholar] [CrossRef]

	



Bergen, G.; Stevens, M.R.; Burns, E.R.; Centers for Disease Control and Prevention, USA. Falls and fall injuries among adults aged ≥65 years—United States, 2014. Morb. Mortal. Wkly. Rep. 2016, 65, 993–998. [Google Scholar] [CrossRef]

	



Panel on Prevention of Falls in Older Persons; American Geriatrics Society; British Geriatrics Society. Summary of the updated American Geriatrics Society/British Geriatrics Society clinical practice guideline for prevention of falls in older persons. J. Am. Geriatr. Soc. 2011, 59, 148–157. [Google Scholar] [CrossRef]

	



World Health Organization. Available online: http://www.who.int/mediacentre/factsheets/fs344/en/ (accessed on 16 December 2019).

	



World Health Organization. Available online: https://www.who.int/ageing/publications/Falls_prevention7March.pdf (accessed on 16 December 2019).

	



Bernstein, N.A. The Coordinationa and Regulation of Movements, 1st ed.; Pergarmon Press: Oxford, UK, 1967; pp. 1–196. [Google Scholar]

	



Rearick, M.P.; Santello, M. Force synergies for multifingered grasping: Effect of predictability in object center of mass and handedness. Exp. Brain Res. 2002, 144, 38–49. [Google Scholar] [CrossRef]

	



Rearick, M.P.; Casares, A.; Santello, M. Task-dependent modulation of multi-digit force coordination patterns. J. Neurophysiol. 2003, 89, 1317–1326. [Google Scholar] [CrossRef] [PubMed]

	



Shim, J.K.; Olafsdottir, H.; Zatsiorsky, V.M.; Latash, M.L. The emergence and disappearance of multi-digit synergies during force-production tasks. Exp. Brain Res. 2005, 164, 260–270. [Google Scholar] [CrossRef] [PubMed]

	



Shim, J.K.; Lay, B.S.; Zatsiorsky, V.M.; Latash, M.L. Age-related changes in finger coordination in static prehension tasks. J. Appl. Physiol. 2004, 97, 213–224. [Google Scholar] [CrossRef] [PubMed]

	



Diermayr, G.; McIsaac, T.L.; Gordon, A.M. Finger force coordination underlying object manipulation in the elderly—A mini-review. Gerontology 2011, 57, 217–227. [Google Scholar] [CrossRef] [PubMed]

	



Park, J.; Sun, Y.; Zatsiorsky, V.M.; Latash, M.L. Age-related changes in optimality and motor variability: An example of multifinger redundant tasks. Exp. Brain Res. 2011, 212, 1–18. [Google Scholar] [CrossRef]

	



Olafsdottir, H.; Yoshida, N.; Zatsiorsky, V.M.; Latash, M.L. Anticipatory covariation of finger forces during self-paced and reaction time force production. Neurosci. Lett. 2005, 381, 92–96. [Google Scholar] [CrossRef]

	



Winter, D.A.; Patla, A.E.; Ishac, M.; Gage, W.H. Motor mechanisms of balance during quiet standing. J. Electromyogr. Kinesiol. 2003, 13, 49–56. [Google Scholar] [CrossRef]

	



Morasso, P.G.; Sanguineti, V. Ankle muscle stiffness alone cannot stabilize balance during quiet standing. J. Neurophysiol. 2002, 88, 2157–2162. [Google Scholar] [CrossRef]

	



Colobert, B.; Crétual, A.; Allard, P.; Delamarche, P. Force-plate based computation of ankle and hip strategies from double-inverted pendulum model. Clin. Biomech. 2006, 21, 427–434. [Google Scholar] [CrossRef]

	



Ray, C.T.; Horvat, M.; Croce, R.; Mason, R.C.; Wolf, S.L. The impact of vision loss on postural stability and balance strategies in individuals with profound vision loss. Gait Posture 2008, 28, 58–61. [Google Scholar] [CrossRef]

	



Hsu, W.-L.; Scholz, J.P.; Schoner, G.; Jeka, J.J.; Kiemel, T. Control and estimation of posture during quiet stance depends on multijoint coordination. J. Neurophysiol. 2007, 97, 3024–3035. [Google Scholar] [CrossRef] [PubMed]

	



Nashner, L.M. Practical biomechanics and physiology of balance. In Balance Function Assessment and Management, 2nd ed.; Jacobson, G.P., Shepard, N.T., Eds.; Plural Publishing Inc.: San Diego, CA, USA, 2014; pp. 431–450. [Google Scholar]

	



Pinter, I.J.; Van Swigchem, R.; Van Soest, A.K.; Rozendaal, L.A. The dynamics of postural sway cannot be captured using a one-segment inverted pendulum model: A PCA on segment rotations during unperturbed stance. J. Neurophysiol. 2008, 100, 3197–3208. [Google Scholar] [CrossRef] [PubMed]

	



Günther, M.; Grimmer, S.; Siebert, T.; Blickhan, R. All leg joints contribute to quiet human stance: A mechanical analysis. J. Biomech. 2009, 42, 2739–2746. [Google Scholar] [CrossRef] [PubMed]

	



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] [CrossRef] [PubMed]

	



Bonnechere, B.; Jansen, B.; Salvia, P.; Bouzahouene, H.; Omelina, L.; Moiseev, F.; Sholukha, V.; Cornelis, J.; Rooze, M.; Jan, S.V.S. Validity and reliability of the Kinect within functional assessment activities: Comparison with standard stereophotogrammetry. Gait Posture 2014, 39, 593–598. [Google Scholar] [CrossRef]

	



Galna, B.; Barry, G.; Jackson, D.; Mhiripiri, D.; Olivier, P.; Rochester, L. Accuracy of the Microsoft Kinect sensor for measuring movement in people with Parkinson’s disease. Gait Posture 2014, 39, 1062–1068. [Google Scholar] [CrossRef]

	



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] [CrossRef]

	



Yeung, L.; Cheng, K.C.; Fong, C.; Lee, W.C.; Tong, K.-Y. Evaluation of the Microsoft Kinect as a clinical assessment tool of body sway. Gait Posture 2014, 40, 532–538. [Google Scholar] [CrossRef]

	



Clark, R.A.; Pua, Y.-H.; Oliveira, C.C.; Bower, K.J.; Thilarajah, S.; McGaw, R.; Hasanki, K.; Mentiplay, B.F. Reliability and concurrent validity of the Microsoft Xbox One Kinect for assessment of standing balance and postural control. Gait Posture 2015, 42, 210–213. [Google Scholar] [CrossRef]

	



Lim, D.; Kim, C.; Jung, H.; Jung, D.; Chun, K.J. Use of the Microsoft Kinect system to characterize balance ability during balance training. Clin. Interv. Aging 2015, 10, 1077. [Google Scholar]

	



Otte, K.; Kayser, B.; Mansow-Model, S.; Verrel, J.; Paul, F.; Brandt, A.U.; Schmitz-Hübsch, T. Accuracy and reliability of the kinect version 2 for clinical measurement of motor function. PLoS ONE 2016, 11, e0166532. [Google Scholar] [CrossRef] [PubMed]

	



Dutta, T. Evaluation of the Kinect™ sensor for 3-D kinematic measurement in the workplace. Appl. Ergon. 2012, 43, 645–649. [Google Scholar] [CrossRef] [PubMed]

	



Napoli, A.; Glass, S.; Ward, C.; Tucker, C.; Obeid, I. Performance analysis of a generalized motion capture system using microsoft kinect 2.0. Biomed. Signal Process. Control 2017, 38, 265–280. [Google Scholar] [CrossRef]

	



Choo, B.; Landau, M.; DeVore, M.; Beling, P. Statistical analysis-based error models for the Microsoft Kinecttm depth sensor. Sensors 2014, 14, 17430–17450. [Google Scholar] [CrossRef] [PubMed]

	



González, A.; Hayashibe, M.; Bonnet, V.; Fraisse, P. Whole body center of mass estimation with portable sensors: Using the statically equivalent serial chain and a kinect. Sensors 2014, 14, 16955–16971. [Google Scholar] [CrossRef] [PubMed]

	



Mallick, T.; Das, P.P.; Majumdar, A.K. Characterizations of noise in Kinect depth images: A review. IEEE Sens. J. 2014, 14, 1731–1740. [Google Scholar] [CrossRef]

	



Xu, X.; McGorry, R.W. The validity of the first and second generation Microsoft Kinect™ for identifying joint center locations during static postures. Appl. Ergon. 2015, 49, 47–54. [Google Scholar] [CrossRef]

	



Chang, Y.-J.; Chen, S.-F.; Huang, J.-D. A Kinect-based system for physical rehabilitation: A pilot study for young adults with motor disabilities. Res. Dev. Disabil. 2011, 32, 2566–2570. [Google Scholar] [CrossRef]

	



Funaya, H.; Shibata, T.; Wada, Y.; Yamanaka, T. Accuracy Assessment of Kinect Body Tracker in Instant Posturography for Balance Disorders. In Proceedings of the 2013 7th International Symposium on Medical Information and Communication Technology (ISMICT), Tokyo, Japan, 6–8 March 2013; IEEE: Piscataway, NJ, USA, 2013; pp. 213–217. [Google Scholar]

	



Eltoukhy, M.; Kuenze, C.; Oh, J.; Wooten, S.; Signorile, J. Kinect-based assessment of lower limb kinematics and dynamic postural control during the star excursion balance test. Gait Posture 2017, 58, 421–427. [Google Scholar] [CrossRef]

	



Zhao, J.; Bunn, F.E.; Perron, J.M.; Shen, E.; Allison, R.S. Gait Assessment Using the Kinect RGB-D Sensor. In Proceedings of the 2015 37th Annual International Conference of the IEEE Engineering in Medicine and Biology Society (EMBC), Milan, Italy, 25–29 August 2015; IEEE: Piscataway, NJ, USA, 2015; pp. 6679–6683. [Google Scholar]

	



Eltoukhy, M.A.; Kuenze, C.; Oh, J.; Signorile, J.F. Validation of static and dynamic balance assessment using Microsoft Kinect for young and elderly populations. IEEE J. Biomed. Health Inform. 2017, 22, 147–153. [Google Scholar] [CrossRef]

	



Lv, Z.; Penades, V.; Blasco, S.; Chirivella, J.; Gagliardo, P. Evaluation of Kinect2 based balance measurement. Neurocomputing 2016, 208, 290–298. [Google Scholar] [CrossRef]

	



Lv, Z.; Penades, V.; Blasco, S.; Chirivella, J.; Gagliardo, P. Intuitive Evaluation of Kinect2 Based Balance Measurement Software. In Proceedings of the 3rd 2015 Workshop on ICTs for improving Patients Rehabilitation Research Techniques, Lisbon, Portugal, 1–2 October 2015; ACM: New York, NY, USA, 2015; pp. 62–65. [Google Scholar]

	



Hsiao, M.-Y.; Li, C.-M.; Lu, I.-S.; Lin, Y.-H.; Wang, T.-G.; Han, D.S. An investigation of the use of the Kinect system as a measure of dynamic balance and forward reach in the elderly. Clin. Rehabil. 2018, 32, 473–482. [Google Scholar] [CrossRef] [PubMed]

	



De Rosario, H.; Belda-Lois, J.M.; Fos, F.; Medina, E.; Poveda-Puente, R.; Kroll, M. Correction of joint angles from Kinect for balance exercising and assessment. J. Appl. Biomech. 2014, 30, 294–299. [Google Scholar] [CrossRef] [PubMed]

	



Colagiorgio, P.; Romano, F.; Sardi, F.; Moraschini, M.; Sozzi, A.; Bejor, M.; Ricevuti, G.; Buizza, A.; Ramat, S. Affordable, Automatic Quantitative Fall Risk Assessment Based on Clinical Balance Scales and Kinect Data. In Proceedings of the 2014 36th Annual International Conference of the IEEE Engineering in Medicine and Biology Society, Chicago, IL, USA, 26–30 August 2014; IEEE: Piscataway, NJ, USA, 2014; pp. 3500–3503. [Google Scholar]

	



Ejupi, A.; Gschwind, Y.J.; Valenzuela, T.; Lord, S.R.; Delbaere, K. A kinect and inertial sensor-based system for the self-assessment of fall risk: A home-based study in older people. Hum.–Comput. Interact. 2016, 31, 261–293. [Google Scholar] [CrossRef]

	



Pu, F.; Sun, S.; Wang, L.; Li, Y.; Yu, H.; Yang, Y.; Zhao, Y.; Li, S. Investigation of key factors affecting the balance function of older adults. Aging Clin. Exp. Res. 2015, 27, 139–147. [Google Scholar] [CrossRef]

	



Clark, R.A.; Bower, K.J.; Mentiplay, B.F.; Paterson, K.; Pua, Y.H. Concurrent validity of the Microsoft Kinect for assessment of spatiotemporal gait variables. J. Biomech. 2013, 46, 2722–2725. [Google Scholar] [CrossRef]

	



Schmitz, A.; Ye, M.; Shapiro, R.; Yang, R.; Noehren, B. Accuracy and repeatability of joint angles measured using a single camera markerless motion capture system. J. Biomech. 2014, 47, 587–591. [Google Scholar] [CrossRef]

	



Clark, R.A.; Mentiplay, B.F.; Hough, E.; Pua, Y.H. Three-dimensional cameras and skeleton pose tracking for physical function assessment: A review of uses, validity, current developments and Kinect alternatives. Gait Posture 2019, 68, 193–200. [Google Scholar] [CrossRef]

	



Brauer, S.G.; Burns, Y.R.; Galley, P. A prospective study of laboratory and clinical measures of postural stability to predict community-dwelling fallers. J. Gerontol. Ser. A Biol. Sci. Med. Sci. 2000, 55, M469–M476. [Google Scholar] [CrossRef]

	



Hilliard, M.J.; Martinez, K.M.; Janssen, I.; Edwards, B.; Mille, M.L.; Zhang, Y.; Rogers, M.W. Lateral balance factors predict future falls in community-living older adults. Arch. Phys. Med. Rehabil. 2008, 89, 1708–1713. [Google Scholar] [CrossRef]

	



Melzer, I.; Kurz, I.; Oddsson, L.I. A retrospective analysis of balance control parameters in elderly fallers and non-fallers. Clin. Biomech. 2010, 25, 984–988. [Google Scholar] [CrossRef] [PubMed]








[image: Sensors 20 01291 g001 550] 





Figure 1. Joint annotation of the human body. 
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Figure 2. Experimental setup. 
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Figure 3. The 30-s time period of a joint velocity signal was divided into 30 one-sec nonoverlapping subintervals. 
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Figure 4. Histograms of the negative correlation (NC) features of both age groups. 
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Figure 5. Summary of the joint-specific coupling strength (CS) features (JCSi, i = 1, …, 15) of both age groups. 
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Figure 6. Summary of the joint-specific zero-crossing point (ZCP) features (JZCPi, i = 1, …, 15) for both age groups. 
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Figure 7. Summary of the joint-specific NC features (JNCi, i = 1, …, 15) of both age groups. 
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Figure 8. Proportion of variance (PoV) feature distribution curves of both age groups. 
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Table 1. Summary of specifications of depth sensor devices.
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	Devices
	Depth Sensing
	Color Images
	Depth Image
	FOV





	Kinect V2
	0.5–8 m
	1920 × 1080@30fps
	512 × 424@30fps
	70° horizontal 60° vertical



	Intel Realsense D415
	0.3–10 m
	1920 × 1080@30fps
	1280 × 720@90fps
	65° horizontal

40° vertical



	ASUS Xtion Pro
	0.8–3.5 m
	
	VGA: 640 × 480@30fps

QVGA:320 × 240@60fps
	58° horizontal 45° vertical



	ZED Stereo Camera
	0.3–25 m
	3840 × 1080@30fps

2560 × 720@60fps
	WVGA:1344 × 376@ 100fps
	90° horizontal 60° vertical



	Creative Senz3D
	0.2–1.5 m
	1920 × 1080@30fps
	VGA: 640 × 480@60fps
	77° RGB,

85° IR depth



	Orbecc Astra
	0.6–8 m
	640 × 480@30fps
	640 × 480@30fps
	60° horizontal 50° vertical



	LIPSedge DL
	0.1–8 m
	1920 × 1080@30fps
	VGA: 60 × 480@30fps
	75° horizontal 58° vertical







Annotation: FOV = Field of View.
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Table 2. Summary of the p-Values of joint-specific features.
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Joint Number

	
p-values for Joint-Specific Features




	
i

	
JCSi

	
JZCPi

	
JNCi






	
1

	
3.29 × 10−4

	
0.008

	
0.003




	
2

	
1.00 × 10−3

	
0.016

	
0.015




	
3

	
1.00 × 10−3

	
0.021

	
0.010




	
4

	
1.40 × 10−2

	
0.015

	
0.021




	
5

	
1.90 × 10−2

	
0.049

	
0.073




	
6

	
1.86 × 10−4

	
0.001

	
0.003




	
7

	
2.00 × 10−3

	
0.003

	
0.002




	
8

	
1.00 × 10−3

	
0.002

	
0.001




	
9

	
3.66 × 10−4

	
0.011

	
0.002




	
10

	
1.00 × 10−3

	
0.006

	
0.004




	
11

	
1.00 × 10−3

	
0.010

	
0.006




	
12

	
7.00 × 10−2

	
0.036

	
0.097




	
13

	
5.00 × 10−3

	
0.019

	
0.018




	
14

	
1.70 × 10−2

	
0.019

	
0.020




	
15

	
3.30 × 10−2

	
0.034

	
0.039








Annotation: JCSi = the mean of coupling strength features of joint-specific level for joint i, JZCPi = the mean of zero-crossing point features of joint-specific level for joint i, JNCi = the mean of negative correlation features of joint-specific level for joint i.













[image: Table] 





Table 3. Summary of the comparative results of the PoV features.
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PoV Features

	
Means

	
p-Values




	
Younger

	
Older






	
PoV 1

	
0.502

	
0.588

	
1.59 × 10−2




	
PoV 2

	
0.105

	
0.088

	
4.07 × 10−2




	
PoV 3

	
0.074

	
0.066

	
6.61 × 10−2




	
PoV 4

	
0.064

	
0.055

	
1.84 × 10−2




	
PoV 5

	
0.055

	
0.048

	
6.34 × 10−2




	
PoV 6

	
0.048

	
0.041

	
6.09 × 10−2




	
PoV 7

	
0.039

	
0.033

	
1.42 × 10−1




	
PoV 8

	
0.032

	
0.026

	
8.28 × 10−2




	
PoV 9

	
0.025

	
0.020

	
6.44 × 10−2




	
PoV 10

	
0.020

	
0.015

	
1.76 × 10−2




	
PoV 11

	
0.015

	
0.010

	
3.50 × 10−3




	
PoV 12

	
0.008

	
0.005

	
3.00 × 10−4




	
PoV 13

	
0.006

	
0.003

	
1.30 × 10−5




	
PoV 14

	
0.004

	
0.002

	
1.30 × 10−6




	
PoV 15

	
0.003

	
0.001

	
1.11 × 10−8




	
EPoV

	
2.602

	
2.245

	
3.75 × 10−5








Annotation: PoV = Proportion of variance.
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