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Abstract

:

Falling is a common problem in the growing elderly population, and fall-risk assessment systems are needed for community-based fall prevention programs. In particular, the timed up and go test (TUG) is the clinical test most often used to evaluate elderly individual ambulatory ability in many clinical institutions or local communities. This study presents an improved leg tracking method using a laser range sensor (LRS) for a gait measurement system to evaluate the motor function in walk tests, such as the TUG. The system tracks both legs and measures the trajectory of both legs. However, both legs might be close to each other, and one leg might be hidden from the sensor. This is especially the case during the turning motion in the TUG, where the time that a leg is hidden from the LRS is longer than that during straight walking and the moving direction rapidly changes. These situations are likely to lead to false tracking and deteriorate the measurement accuracy of the leg positions. To solve these problems, a novel data association considering gait phase and a Catmull–Rom spline-based interpolation during the occlusion are proposed. From the experimental results with young people, we confirm that the proposed methods can reduce the chances of false tracking. In addition, we verify the measurement accuracy of the leg trajectory compared to a three-dimensional motion analysis system (VICON).
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1. Introduction


Falling is a leading cause of unintentional injury and death in the elderly [1,2] and can also result in impaired mobility, disability, fear of falling and reduced quality of life [3,4,5]. Unsurprisingly, the prevention of falls in the elderly is a public health priority in many countries across the world [6,7,8]. Falling is a common problem in the growing elderly population, and there is a need for effective and convenient fall-risk assessment tools that can be used in community-based fall prevention programs. There are many tests that assess the motor function of the elderly. In particular, the timed up and go test (TUG) is the clinical test most often applied to evaluate elderly individual ambulatory ability in many clinical institutions and local communities [9]. It is also listed as one of the main measurement tests in a guide to physical fitness for the elderly [10]. In the TUG, as shown in Figure 1, a participant rises from a chair, walks three meters, turns around a marker, walks back to the chair and sits down. The participant is instructed to perform the TUG at maximum walking speed. To evaluate the fall risk of the participant, walking parameters, such as walking speed (m/s), cadence (step/s), stride length (m), step length (m) and step width (m), are used. To measure these walking parameters for the evaluation of the risk of falling from the TUG, a measurement system that can measure the trajectory of both legs across several meters is required.
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Figure 1. Appearance of the timed up and go test (TUG) measurement in actual community health centers. 






Figure 1. Appearance of the timed up and go test (TUG) measurement in actual community health centers.



[image: Sensors 15 22451 g001]





In many cases, force plates [11,12] or three-dimensional motion measuring devices, such as the VICON system [13,14], have been used to measure the walking parameters with high reliability. However, because of their cost, scale and lack of convenience, it is difficult to install these devices in community health centers. Therefore, as shown in Figure 1, since the measurement of the effects of this training is carried out by observation using a stopwatch in actual community health centers, it is difficult to measure the walking parameters for fall-risk assessment of the participant.



Much research has used wearable IMUs for assessing clinical tasks [15,16,17,18]. As a non-contact measurement system, an ultrasonic sensor, a laser range sensor (LRS) [19] or an RGB-depth sensor, such as the Microsoft Kinect [20], can be used. These devices are comparatively small and inexpensive. Several methods of tracking people’s center of gravity using these devices have been proposed [21,22,23,24,25,26]. In [21], a sonar-sensor-based walking human detection method has been proposed. In [22], a pedestrian tracking system using multiple mobile robots equipped with an LRS at the trunk height has been proposed. In [23,24], people tracking with the sample-based joint probabilistic data association filter for mobile robot navigation has been proposed. In [25], a people detection and tracking method using an LRS and a camera has been proposed. To detect humans, the LRS was installed at shin height, and the leg detection method based on three observed leg patterns from LRS data has been proposed. In [26], a robust multi-person tracking based on the histograms of oriented gradients, like classification using the RGB-depth data, has been proposed. To measure the walking parameters, the system has to track both legs and obtain their positions. Several methods to obtain the posture and the lower limbs of a pedestrian based on the RGB-depth data have also been proposed [27,28,29,30]. To measure walking parameters in several meter walk tests, such as the TUG, the sensor must be able to obtain high accuracy distance data over a wide range. In this study, we develop a gait measurement system using an LRS, one of the non-contact measurement systems, because it is necessary to assess many participants in a short time in actual community health centers. The LRS is a comparatively small and inexpensive device and can obtain highly accurate two-dimensional distance data over a wide range. To measure the walking parameters, the LRS is installed at shin height, and the system detects and tracks both legs of the participant. A method used to track both legs and to measure walking parameters based on the LRS data has been proposed and verified in straight walk tests [31,32]. Previously, we proposed a leg detection method with five observed leg patterns and global nearest neighbor (GNN)-based [33] data association considering the state of each leg [34] to reduce losing track of the leg and the false tracking for several meter walk tests, such as the multi-target stepping task. In [34], since the sampling time is sufficiently shorter than the gait cycle time, a constant velocity motion model is given. In [35], a biped walking model with a walking frequency has been proposed. In the biped walking model, a constant velocity motion model is given for both legs’ tracking. In [36], four gait phases assuming the acceleration and deceleration on the swing leg were defined, and a simplified acceleration motion model based on the gait phases has been proposed. Since participants attempt to perform the TUG at maximum walking speed, the change of the leg speed in the TUG is generally larger than in normal walking. Therefore, in this study, an acceleration model taking gait phase into account [36] is used.



Particularly during the turning motion in the TUG, both legs might be close to each other, and one leg might be hidden from the sensor. In addition, the moving direction of the leg changes rapidly because of the turning motion. Furthermore, LRS distance data are likely to be disturbed during the turning motion, and the observed leg positions might not be correctly calculated using the leg patterns. Figure 2 shows the leg trajectories measured by the LRS system and the VICON system. As shown in Figure 2a, these situations are likely to lead to false tracking via switching of the left and right legs. Moreover, if the leg is unobservable from the LRS, the leg position is obtained as the position predicted based on the state equation of the Kalman filter. In the turning motion, the time that a leg is hidden from the LRS is longer than that in straight walking, and the moving direction of the leg rapidly changes. As shown in Figure 2b, the situation is likely to lead to deterioration in the measurement accuracy of the leg positions. To improve leg tracking in these situations, a novel data association considering gait phase and a Catmull-Rom spline-based [37] interpolation during the occlusion are proposed.
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Figure 2. Top view of the leg trajectories and the problems to be solved for the TUG measurement. (a) False tracking. (b) Deterioration of the measurement accuracy during the occlusion. 
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To verify the effectiveness of the proposed method, experiments with seven young people were carried out. The trajectory of both legs at the LRS height acquired by the proposed system were compared to the result measured using a three-dimensional motion analysis system (VICON).




2. System Overview


2.1. Configuration


Figure 3a shows a proposed gait measurement system for the TUG. The system consists of an LRS, a personal computer, a marker and two calibration poles. As shown in Figure 3a, three TUG phases (forward, turning and return phases) are defined to verify the measurement accuracy in each TUG phase.
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Figure 3. Gait measurement system using an LRS for the TUG. (a) System configuration. (b) Image of the LRS scan data. 
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In the system, the LRS is installed at shin height (0.27 m in our experimental system) and captures distance data by scanning a single laser beam in a horizontal plane, as shown in Figure 3b. In this study, as shown in Figure 4, the UTM-30LX (Hokuyo Automatic Co, Ltd., Osaka, Japan [19]) was used. Table 1 shows the specification of the UTM-30LX. The UTM-30LX has a scanning range from −135°–135° in steps of 0.25° (0° is in the front of the device), and one scan is completed in 0.025 s (40 Hz). The UTM-30LX was attached to the personal computer using a USB 2.0 port. In this study, the personal computer was a Panasonic Let’s note LX3 with a 2.1-GHz Intel Core i7-4600U processer. The raw scan data provided by the device contain 1081 distance data expressed in millimeters and represented using 18 bits with a total of 3243 bytes per scan.
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Figure 4. Appearance of the UTM-30LX. 
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Table 1. Specifications of the UTM-30LX.







Table 1. Specifications of the UTM-30LX.







	
Parameters

	
Values






	
Laser Wavelength

	
905 nm, Class 1




	
Power Source

	
12 V ± 10%




	
Current Consumption

	
0.7 A, max 1.0 A




	
Detection Range

	
0.1–30 m, max 60 m




	
Measurement Accuracy

	
0.1–10 m: ±0.03 m

10–30 m: ±0.05 m




	
Scan Angle

	
270°




	
Angular Resolution

	
0.25° (360°/1440)




	
Scan Time

	
25 ms (40 Hz)




	
Interface

	
USB 2.0




	
Weight

	
0.233 kg










2.2. Algorithm


As shown in Figure 5, the system consists of three main processes. In the calibration process before TUG measurement, the system measures the leg width     w l     of the participant at shin height and aligns the field and the LRS using two poles as described in [38]. In the TUG measurement process, the system scans and saves LRS distance data. In the gait analysis process, after the participant finishes the TUG, the system detects the legs using the saved LRS scan data and tracks both legs using the Kalman filter, taking into account the gait phase and interpolation based on the Catmull–Rom spline during the occlusion. Section 3 presents the detail of the human walking model for the Kalman filter. Section 4 presents the leg detection. Section 5 presents the detail of the leg tracking taking into account the gait phase and interpolation based on the Catmull–Rom spline during the occlusion.
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Figure 5. Algorithm of the gait measurement system using a laser range sensor (LRS) for the TUG. 






Figure 5. Algorithm of the gait measurement system using a laser range sensor (LRS) for the TUG.



[image: Sensors 15 22451 g005]







3. Human Walking Model


During normal human walking, one leg swings by pivoting on the other one. The role of each leg alternates by landing and moving in shifts in a rhythmic pattern. Zhao and Shibasaki proposed a simplified acceleration walking model for steady walking [36]. At the start and end of the TUG, the participant is stationary. To take into account the stationary state, as shown in Figure 6, an extended walking model, including the state where both legs are in the stance phase and swing phase, is proposed. Six gait phases are defined as follows. Phase 0 is the state where both legs are in the stance phase. Phase 1 is the state where the left leg is accelerating in the swing phase and the right leg is in the stance phase. Phase 2 is the state where the left leg is decelerating in the swing phase and the right leg is in the stance phase. Phase 3 is the state where the left leg is in the stance phase and the right leg is accelerating in the swing phase. Phase 4 is the state where the left leg is in the stance phase and the right leg is decelerating in the swing phase. Finally, Phase 5 is the unlikely state in human walking where both legs are in the swing phase. The gait phase can be identified based on the positional relationship between the legs and velocity.
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Figure 6. A simplified human walking model. 
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3.1. State Equation of the Kalman Filter


Leg position and velocity is estimated using the Kalman filter with an acceleration motion model considering the gait phase. The discrete time model of leg motion is given as follows:


     x  k f  =  A    x   k − 1  f  +   B  u    u   k − 1  f  +  B  Δ   x   k − 1  f        (  f = L ,   R  )    



(1)




where    A =  [     1   0    Δ t    0     0   1   0    Δ t      0   0   1   0     0   0   0   1     ]  ,         B  u  =B =  [        Δ  t 2   / 2     0     0      Δ  t 2   / 2        Δ t    0     0    Δ t      ]     and      x  k f  =    [       x k f       y k f        x ˙  k f        y ˙  k f       ]   T    .     (   x k f  ,     y k f   )  : =  p k f     is the estimated position and     (    x ˙  k f  ,      y ˙  k f   )  : =  v k f     is the estimated velocity of the leg (   f = L ,   R   , where L and R indicate the left and right legs, respectively).      u  k f  =    [        x ¨  k f        y ¨  k f       ]   T     is the acceleration input vector corresponding to the gait phase.    Δ  x k f  =    [       n    x ˙  k         n    y ˙  k         ]   T     is the acceleration disturbance vector, which is assumed to be zero mean and has a white noise sequence with covariance   Q  .    Δ t    is a sampling time. Then, the measurement model is as follows:


     y  k f  = C  x k f  +  w k    



(2)




where    C =  [     1   0   0   0     0   1   0   0     ]    .     w k  =    [       n   x k         n   y k         ]   T     is the measurement noise, which is assumed to be zero mean and has a white noise sequence with covariance   R  .




3.2. Gait Phase Identification


From validation compared with a force plate [38], it is possible to identify the gait phase (in the stance phase or swing phase) considering the speed of both legs in human walking. The condition where the right leg is in the stance phase is:


    ‖   v k R   ‖  <  ‖   v k L   ‖       ∨       ‖   v k R   ‖  <  v  s t _ t h     



(3)







The condition where the right leg is in the swing phase is:


    ‖   v k R   ‖  >  ‖   v k L   ‖       ∨       ‖   v k R   ‖  >  v  s w _ t h     



(4)




where     v  s t _ t h      and     v  s w _ t h      are the thresholds of the maximum speed in the stance phase and the minimum speed in the swing phase, respectively. The gait phase of the left leg is identified in the same way. Then, the gait phase is identified considering the relative positional relationship of both legs and velocity. First, if both legs are in the stance phase, the gait phase is identified as Phase 0. Second, if the left leg is in the swing phase and the right leg is in the stance phase, the gait phase is identified based on the inner product of the velocity vector of the left leg and the relative position vector of the right leg from the left leg:


    (    p  k R  −   p  k L   )  ⋅   v  k L    



(5)







If Equation (5) has a positive value, the gait phase is identified as Phase 1. Otherwise, the gait phase is identified as Phase 2. If the left leg is in the stance phase and the right leg is in the swing phase, the gait phase is identified in the same way. Finally, if both legs are in the swing phase, the gait phase is defined as Phase 5.





4. Leg Detection


The observed leg positions     y k j   (  j = 1 , ⋅ ⋅ ⋅ , J  )     are calculated based on the leg width     w l     and five observed leg patterns [34].



First, to calculate the leg positions, the system searches for edges     e m h   (  m = 1 , ⋅ ⋅ ⋅ ,  M k   )     from the LRS scan data using the following equation:


    |   l i  −  l  i + 1    |  >    w l   / 2    



(6)




where     l i     is the i-th laser-scanned distance data from the right of an LRS. Moreover, the detected edges are identified by     e m B  = i ​ ,     e  m + 1  F  = i + 1    when     l i  >  l  i + 1      and     e m F  = i ,     e  m + 1  B  = i + 1    when     l i  <  l  i + 1      (   h = F ,   B   , where F and B indicate the forward and backward edges, respectively).     M k     is the total number of detected edges at time step   k  .



Then, the system calculates the observed leg positions     y k j   (  j = 1 , ⋅ ⋅ ⋅ , J  )     considering five observed leg patterns based on their spatial relationship and the width     w e     between the edges. As shown in Figure 7, the five observed leg patterns are SL (single leg), LT (legs together), FS_O (forward straddle observable), FS_U (forward straddle unobservable) and UO (unobservable).
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Figure 7. Leg detection using five observed leg patterns [34]. (a) single leg (SL) pattern; (b) legs together (LT) pattern; (c) forward straddle observable (FS_O) pattern; (d) forward straddle unobservable (FS_U) pattern; (e) unobservable (UO) pattern. 
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5. Leg Tracking


This study presents an improved leg-tracking method using a novel data association taking into account periodic gait phase changes and the Catmull–Rom spline-based [37] interpolation during the occlusion.



5.1. Prediction


As shown in Figure 8, based on the model of leg motion, the system predicts the position of the tracked leg by:


      y ^    k / k − 1  f  = C   x ^   k / k − 1  f  = C  (  A   x ^   k − 1 / k − 1  f  +   B  u    u   k − 1  f   )    



(7)




where      x ^   k / k − 1  f     and      x ^   k − 1 / k − 1  f     are the a priori state estimate at time step   k   and the a posteriori state estimate at the time step    k − 1   . In addition, a priori covariance matrix      P   k / k − 1  f     is calculated by:


     P   k / k − 1  f  = A   P   k − 1 / k − 1  f   A T  +  Q B    Q  T    



(8)




where      P   k − 1 / k − 1  f     is the a posteriori covariance matrix at the time step    k − 1   .
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Figure 8. Data association with gates. 
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5.2. Data Association Considering Gait Phase


As shown in Figure 8, to eliminate unlikely observation-to-track associations, a validation region (gate) is constructed around the predicted position [39]. The simplest and most widely-spread approach for data association is GNN [33]. In the GNN data association, if observations are included in the gate, the observation-to-track association is always executed. However, during the turning motion in the TUG, both legs might be close to each other, and one leg might be hidden from the sensor. Furthermore, LRS distance data are likely to be disturbed during the turning motion, so the observed leg positions might not be correctly calculated using the leg patterns. In these situations, the gate is likely to include other leg’s observation or misdetections. These situations are likely to lead to false tracking using the GNN data association. To deal with these situations, we propose a novel data association taking into account periodic gait phase changes.



The following cost function is defined for all observation-to-track associations:


    c  a , b   =  d  L , a   +  d  R , b        ( 0 ≤ a ≤ J , 0 ≤   b ≤ J ,   a ≠ b )   



(9)







The element     d  f , j      of the cost function is the matching cost between the predicted position       y ^    k / k − 1  f     of the tracked leg and the j-th observed position     y k j     and has the following values:


    d  f , j   =  {       λ  f , j          d  m a x                  i f      y  k j    is   in   the   gate   of      y ^    k / k − 1  f        i f      y  k j   is not in the gate of     y ^    k / k − 1  f    or   j = 0         



(10)




where    j = 0    indicates a false alarm.     λ  f , j      is the Mahalanobis distance and is calculated as follows:


    λ  f , j   =      (    y  k j  −    y ^    k / k − 1  f   )   T     (    S  k f   )    - 1    (    y  k j  −    y ^    k / k − 1  f   )      



(11)




where      S  k f     is the covariance of the innovation     (    y  k j  −    y ^    k / k − 1  f   )    :


     S  k f  =  C    P   k / k − 1  f    C  T  +  R    



(12)







Then,      y  k j     is in the gate of       y ^    k / k − 1  f     according to:


     λ  f , j   2  < G   



(13)




where   G   is a gate and can be determined from the chi-square     (   χ 2   )     distribution with two degrees of freedom in the system.



In all observation-to-track associations, the filtering process of the Kalman filter is performed and the gait phase is identified. The association whose cost function is minimized is selected from among the associations whose gait phase is unlikely to change from time step    k − 1   . The unlikely changes of gait phase in human walking are as follows:

	∙

	
Phase 0 to Phase 5,




	∙

	
Phase 1 to Phases 0, 3, 4 and 5,




	∙

	
Phase 2 to Phases 1, 4 and 5,




	∙

	
Phase 3 to Phases 0, 1, 2 and 5,




	∙

	
Phase 4 to Phases 2, 3 and 5.










5.3. Correction


If the corresponding observation      y  k f     exists, a filtering (correction) process of the Kalman filter is performed. A posteriori state estimate      x ^   k / k  f     is calculated by:


     x ^   k / k  f  =   x ^   k / k − 1  f  +   K  k f   (    y  k f  −  C    x ^   k / k − 1  f   )    



(14)




where      K  k f     is a Kalman gain:


     K  k f  =   P   k / k − 1  f    C  T     (   C    P   k / k − 1  f    C  T  +  R   )    − 1     



(15)







Then, a posteriori covariance matrix      P   k / k  f     is calculated by:


     P   k / k  f  =  (   I  −   K  k f   C   )    P   k / k − 1  f    



(16)







If no corresponding observation exists (UO leg pattern), the correction is not performed. The a posteriori state estimate and covariance matrix are set to the a priori state estimate and covariance matrix, and the system continues the tracking.




5.4. Catmull–Rom Spline-Based Interpolation during the Occlusion


If the leg is unobservable from the LRS, the leg position is obtained as the position predicted based on the state equation of the Kalman filter. In the TUG turning phase, the time that a leg is hidden from the LRS is longer than that in the TUG straight walking (forward and return) phase, and the moving direction of the leg is changed. As shown in Figure 2b, the situation is likely to lead to deterioration in the measurement accuracy of the leg positions. To deal with the situation, a spline-based interpolation during the occlusion is proposed.



First, in the proposed interpolation, the observations during the occlusion are calculated virtually based on the Catmull–Rom spline to obtain a smooth trajectory from the four passing points [37]. As shown in Figure 9, if the     N  u o     -steps leg positions from time step to    k +  N  u o   + 1    are unobserved, vertical observations    y  '  k + 1      to    y  '  k +  N  u o        are calculated using four observations     y  k −  N  b o       ,     y k     before the occlusion and     y  k +  N  u o   + 1     ,     y  k +  N  u o   +  N  a o   + 1      after the occlusion:


        y ′    k + i   =  1 2   [  1     τ      τ 2      τ 3   ]   [     0   2   0   0      − 1    0   1   0     2    − 5    4    − 1       − 1    3    − 3    1     ]   [        y   k −  N  b o             y  k          y   k +  N  u o   + 1           y   k +  N  u o   +  N  a o   + 1        ]      τ =  i   N  u o   + 1         (  i = 1 , ⋯ ,  N  u o    )      



(17)
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Figure 9. Vertical observations during the occlusion are calculated by the Catmull–Rom spline. 






Figure 9. Vertical observations during the occlusion are calculated by the Catmull–Rom spline.
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Then, to consider the human walking model, the prediction and filtering (correction) process of the Kalman filter are performed again using the vertical observations from time step   k  , and all state parameters are updated. Improvements of not only the measurement accuracy during the occlusion, but also the leg tracking performance can be expected by the proposed interpolation.




5.5. Acceleration Input Estimation


In Phase 0, where both legs are in the stance phase, the acceleration input vector      u  k f     is:


     u  k L  =  0  ,       u  k R  =  0    



(18)




In Phase 1, where the left leg is accelerating in the swing phase and the right leg is in the stance phase,      u  k f     is:


     u  k L  =    g k L    v  k L   /   ‖    v  k L   ‖    ,       u  k R  =  0    



(19)




Then, in Phase 2, where the left leg is decelerating in the swing phase and the right leg is in the stance phase,      u  k f     is:


     u  k L  =   −  g k L    v  k L   /   ‖    v  k L   ‖    ,       u  k R  =  0    



(20)




    g k f     is the acceleration function that is calculated as the average of the norm of the acceleration vector     (      x ˙  k f   /  Δ t   ,        y ˙  k f   /  Δ t    )  : =   a  k f     in the swing phase of the previous     N  a c      steps. In Phases 3 and 4,      u  k f     is calculated in the same way.





6. Experiments


6.1. Experimental Conditions


To verify the effectiveness of the proposed method, seven young volunteers (six men, one woman, mean age 23.0 ± 1.9 years) were recruited as participants for this study. Each participant performed the TUG four times (a total of 28 trials). The leg trajectory measured using the proposed system was compared to those measured using a three-dimensional motion analysis system (VICON) with seven cameras.



Figure 10a shows the field of the TUG. The field coordinate of the proposed system was fixed to that of VICON by using two poles. As shown in Figure 10b,c, VICON markers were attached to 16 places on the lower limbs of the participant, and the plug-in-gait model [14] was used for motion analysis. In VICON analysis, the leg trajectory was calculated as the trajectory at the LRS height. The sampling time of the VICON system was 5.0 ms (200 Hz). To verify the measurement accuracy of the proposed system, the leg trajectory measured by the proposed system was compared to those measured using the VICON system.
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Figure 10. (a) Environmental field. (b) VICON markers were attached to the participant.(c) VICON analysis with the plug-in-gait model. 
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Table 2. Proposed system parameters.







Table 2. Proposed system parameters.







	
Parameters

	
Values






	
Sampling Time Δt

	
25 ms (40 Hz)




	
Motion Covariance Q

	
diag(15.02, 15.02)




	
Observation Covariance R

	
diag(0.042, 0.042)




	
Threshold of the Speed in the Stance Phase vst_th

	
0.47




	
Threshold of the Speed in the Swing Phase vsw_th

	
0.93




	
Gate G (Probability PG = 0.999)

	
13.82




	
Number of Steps for the Acceleration Function Nac

	
40









Table 2 shows the values of the proposed system parameters. To verify the effectiveness of the proposed leg tracking method with the data association considering gait phase and the Catmull–Rom spline-based interpolation during the occlusion, three methods, labelled 1–3 (see Table 3 for definitions), were used. In Method 1, GNN data association [33] was used. In Methods 2 and 3, the proposed data association considering the gait phase was used. In Method 3, the proposed interpolation during the leg occlusion was used.




6.2. Experimental Results


To measure the walking parameters, the system should track both legs without false tracking via switching of the left and right legs and identify the stance phase to calculate foot contact positions. In this study, successful leg tracking was defined as the system tracking both legs without false tracking and identifying the stance phase correctly. Figure 11 shows the leg tracking results of false tracking and the failure of the stance phase identification.
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Figure 11. Leg tracking results of false tracking and the failure of the stance phase identification. (a) False tracking via switching of the left and right legs during turning motion with Method 1. (b) False tracking during walking back to the chair with Method 2 (c) Failure of the stance phase identification during the turning motion with Method 2. 






Figure 11. Leg tracking results of false tracking and the failure of the stance phase identification. (a) False tracking via switching of the left and right legs during turning motion with Method 1. (b) False tracking during walking back to the chair with Method 2 (c) Failure of the stance phase identification during the turning motion with Method 2.
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Table 3 shows the leg tracking success rate (tracking success number/total 28 trials) and the number of false tracking and failures of the stance phase identification of each method. As shown in Table 3, the tracking success rate of the comparison method with the GNN data association (Method 1) was 50.0% (14/28). In Method 1, the false tracking was likely to occur during the turning motion, as shown in Figure 11a. In addition, the failure of the stance phase identification occurred during the turning motion, as shown in Figure 11c. Secondly, the tracking success rate of the proposed data association considering the gait phase (Method 2) was 89.3% (25/28). Method 2 reduced the amount of false tracking during the turning motion. As shown in Figure 11b, the occlusion and changing moving direction also occurred at the end of TUG (during walking back to chair) and led to false tracking. The failure of the stance phase identification also occurred during the turning motion. Finally, the tracking success rate of the proposed method with data association considering gait phase and interpolation (Method 3) was 96.4% (27/28). From the experimental results, it was confirmed that the proposed leg tracking method with data association considering gait phase and the Catmull–Rom spline-based interpolation could reduce the amount of false tracking. Then, we verify the effectiveness of the proposed data association and interpolation in Section 6.3 and Section 6.4.
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Table 3. Definitions and leg tracking results of each method of a total of 28 trials.







Table 3. Definitions and leg tracking results of each method of a total of 28 trials.







	

	
Method 1

	
Method 2

	
Method 3 (Proposal)






	
Data Association Considering Gait Phase

	
No

	
Yes

	
Yes




	
Catmull–Rom Spline-based Interpolation

	
No

	
No

	
Yes




	
Number of False Tracking

	
During Turning Motion

	
12

	
0

	
0




	
During Walking Back to Chair

	
0

	
2

	
1




	
Number of Failure of the Stance Phase Identification During Turning Motion

	
2

	
1

	
0




	
Tracking Success Rate

	
50.0% (14/28)

	
89.3% (25/28)

	
96.4% (27/28)










6.3. Effectiveness of the Data Association Considering the Gait Phase
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Figure 12. Leg tracking result in a situation where the left leg was temporarily hidden and LRS distance data were disturbed. (a) Method 1: global nearest neighbor (GNN) data association. (b) Method 2: data association considering gait phase. 
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As shown in Table 3, false tracking was likely to occur during the turning motion in the TUG. Figure 12 shows the example of the leg tracking results of Methods 1 and 2 in the situation where the left leg was temporarily hidden from the LRS and LRS distance data were disturbed during the turning motion. As shown in Figure 12, the left leg was hidden by the right leg at time t = 6.704 and the left gate expanded. Then, two observed leg positions were detected at time t = 6.729. However, the observed position      y  k 1     was a misdetection because of the disturbed distance data. In the GNN data association (Method 1), if the observed position was included in the gate, the observation-to-track association was always executed. Therefore, in this situation, false tracking via switching of the left and right legs occurred. However, in the proposed data association (Method 2), taking into account periodic gait phase changes, a      y  k 1    -to-left leg and      y  k 2    -to-right leg association was identified as a false alarm because a gait phase change from three to two was unlikely in human walking. Then, the system successfully tracked both legs without false tracking at time t = 6.879. As shown in Table 3, the tracking success rate of the proposed data association (Method 2) was improved compared to that of Method 1. It was confirmed that the proposed data association could reduce the amount of false tracking during the turning motion in the TUG.




6.4. Effectiveness of the Catmull–Rom Spline-Based Interpolation


Figure 13 shows the example of the leg tracking results of Methods 2 and 3 in the situation where the left leg was hidden from the LRS. Table 4 shows the occlusion rate (unobservable time steps/total time steps) and RMSE (root mean squared error) of the leg trajectory at the LRS height compared to VICON analysis in each TUG phase of the tracking success data of Methods 2 and 3. If the leg was unobservable from the LRS, the leg position was obtained as the position predicted based on the state equation of the Kalman filter. As shown in Table 4, particularly in the TUG turning phase, the time that a leg was hidden from the LRS was longer than that in the TUG straight walking (forward and return) phase, and the moving direction of the leg was rapidly changed. Therefore, as shown in Table 4 and Figure 13a, the measurement accuracy of the left leg was deteriorated in the TUG turning phase. In addition, as shown in Figure 13a, the deterioration of the measurement accuracy during the occlusion leads to the failure of the stance phase identification.
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Figure 13. Leg tracking result in a situation where the left leg was hidden. (a) Method 2: without interpolation. (b) Method 3: with interpolation. 
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Table 4. Occlusion rate and RMSE of the leg trajectory in each TUG phase of the tracking success data of Methods 2 and 3.
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TUG Phase

	
Method 2 (without Interpolation)

25 Tracking Success Data

	
Method 3 (Proposal: with Interpolation)

27 Tracking Success Data




	
Occlusion Rate

	
RMSE (m)

	
Occlusion Rate

	
RMSE (m)




	
x-direction

	
y-direction

	
x-direction

	
y-direction






	
Forward

	
3.5% (225/6364)

	
0.042

	
0.018

	
3.8% (264/6912)

	
0.042

	
0.019




	
Turning

	
11.3% (255/2264)

	
0.069

	
0.062

	
12.3% (304/2462)

	
0.055

	
0.049




	
Return

	
5.1% (344/6686)

	
0.053

	
0.028

	
5.5% (402/7294)

	
0.047

	
0.025




	
Total

	
5.4% (824/15314)

	
0.051

	
0.032

	
5.8% (970/16668)

	
0.047

	
0.028









Table 5 shows the RMSE of the leg trajectory at the LRS height in each leg observation state compared to VICON analysis of the success tracking data of Methods 2 and 3. As shown in Table 5 and Figure 13b, the proposed interpolation improved the measurement accuracy during the occlusion. Therefore, as shown in Table 4, the measurement accuracy in the TUG turning phase was improved by the proposed interpolation. In addition, as shown in Table 3, the tracking success rate of the proposed method with interpolation (Method 3) was improved compared to that of Method 2. It was confirmed that the proposed interpolation could also reduce the amount of false tracking. From the experimental results, it was confirmed that the proposed interpolation improved leg tracking performance and the measurement accuracy of the leg during the turning motion.
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Table 5. RMSE of the leg trajectory in each leg observation state of the tracking success data of Methods 2 and 3.
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Leg Observation State

	
Method 2 (without Interpolation)

25 Tracking Success Data

	
Method 3 (Proposal: with Interpolation)

27 Tracking Success Data




	
Time Steps

	
RMSE (m)

	
Time Steps

	
RMSE (m)




	
x-direction

	
y-direction

	
x-direction

	
y-direction






	
Observable

	
14490

	
0.047

	
0.027

	
15698

	
0.045

	
0.025




	
Unobservable

	
824

	
0.102

	
0.081

	
970

	
0.066

	
0.052









Figure 14 shows an example of the gait measurement results using the proposed method (Method 3). As shown in Table 4, it was confirmed that the proposed method could measure the leg trajectory with high accuracy compared to the measurement accuracy of the LRS.



The gait measurement accuracy and range of the proposed system depend on the measurement accuracy and the angular resolution of the LRS. According to the specification shown in Table 1, the accuracy expected in a single distance measured with the UTM-30LX is ±0.03 m within a range up to 10 m and ±0.05 m in the range from 10–30 m. However, the number of measurement points available in one leg is relative to the distance from the LRS. As shown in Figure 7, at least three measurement points are required for the leg detection. To detect the leg, the relation of three parameters, the leg width     w l     of the participant, the angular resolution   φ   of the LRS and maximum gait measurement range     R  m a x     , of the proposed system is satisfied as follows:


   3  R  m a x    π 180  φ <  w l    



(21)
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Figure 14. Example of the gait measurement results of the proposed method (Method 3). 
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In addition, the accuracy of the observed leg position tends to be deteriorated, so that there are few measurement points. If     w l     is assumed to be 0.10 m, the effective gait measurement range     R  m a x      of UTM-30LX is limited to 8.0 m [31]. In this study, we applied the proposed system to the TUG, in which a participant walks three meters from the LRS. Moreover, the proposed system can apply to other several meter walk tests considering maximum gait measurement range. Therefore, the proposed system may be helpful for community-based fall prevention programs.





7. Conclusions


This study presents an improved leg tracking method using a laser range sensor (LRS) for a gait measurement system to evaluate the motor function in walk tests, such as the timed up and go test (TUG). Particularly, during the turning motion in the TUG, the time that a leg is hidden from the LRS is longer than that in straight walking, and the moving direction rapidly changes. These situations are likely to lead to false tracking and deteriorate the measurement accuracy of the leg positions. To solve these problems, a novel data association taking periodic gait phase changes into account and a Catmull–Rom spline-based interpolation during the occlusion were proposed.



From the experimental results with several young people, it was confirmed that the proposed leg tracking method considering gait phase reduced the chance of false tracking. It was also confirmed that the proposed interpolation during the occlusion improved leg tracking performance and the measurement accuracy of the leg. In addition, we verified the measurement accuracy of the leg trajectory compared to a three-dimensional motion analysis system (VICON).







Acknowledgments


This work was supported by a Grant-in-Aid for the Japan Society for the Promotion of Science (JSPS) Fellows Grant Number 25-5707 and JSPS KAKENHI Grant Number 25709015.




Author Contributions


Ayanori Yorozu was involved in the design and development of the measurement system, data acquisition, analysis and interpretation and drafted the manuscript. Toshiki Moriguchi was involved in the concept, design and coordination of the study and revision of the manuscript. Masaki Takahashi was involved in the concept, design and coordination of the study, development of the measurement system, data acquisition and revision of the manuscript. All of the authors have read and approved the final version of the manuscript.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Deandrea, S.; Bravi, F.; Turati, F.; Lucenteforte, E.; La, V.C.; Negri, E. Risk factors for falls in older people in nursing homes and hospitals. A systematic review and meta-analysis. Arch. Gerontol. Geriatr. 2013, 56, 407–415. [Google Scholar] [CrossRef] [PubMed]

	



Deandrea, S.; Lucenteforte, E.; Bravi, F.; Foschi, R.; La, V.C.; Negri, E. Risk factors for falls in community-dwelling older people: A systematic review and meta-analysis. Epidemiology 2010, 21, 658–668. [Google Scholar] [CrossRef] [PubMed]

	



Da Costa, B.R.; Rutjes, A.W.; Mendy, A.; Freund-Heritage, R.; Vieira, E.R. Can Falls Risk Prediction Tools Correctly Identify Fall-prone Elderly Rehabilitation Inpatients? A Systematic Review and Meta-Analysis. PLoS ONE 2012, 7. [Google Scholar] [CrossRef][Green Version]

	



Gillespie, L.D.; Robertson, M.C.; Gillespie, W.J.; Sherrington, C.; Gates, S.; Clemson, L.M.; Lamb, S.E. Interventions for preventing falls in older people living in the community. Cochrane Database Syst. Rev. 2012, 9. [Google Scholar] [CrossRef]

	



Leveille, S.G.; Jones, R.N.; Kiely, D.K.; Hausdorff, J.M.; Shmerling, R.H.; Guralnik, J.M.; Kiel, D.P.; Lipsitz, L.A.; Bean, J.F. Chronic musculoskeletal pain and the occurrence of falls in an older population. J. Am. Med. Assoc. 2009, 302, 2214–2221. [Google Scholar] [CrossRef] [PubMed]

	



World Health Organization. WHO Global Report on Falls Prevention in Older Age; WHO Press: Geneva, Switzerland, 2008. [Google Scholar]

	



Hauer, K.; Lamb, S.E.; Jorstad, E.C.; Todd, C.; Becker, C. Systematic review of definitions and methods of measuring falls in randomized controlled fall prevention trials. Age Aging 2006, 35, 1–5. [Google Scholar] [CrossRef] [PubMed]

	



Karlsson, M.K.; Magnusson, H.; von Schewelov, T.; Rosengren, B.E. Prevention of falls in the elderly—A review. Osteoporos. Int. 2013, 24, 747–762. [Google Scholar] [CrossRef] [PubMed]

	



Podsiadlo, D.; Richardson, S. The timed “up & go”: A test of basic functional mobility for frail elderly persons. J. Am. Geriatr. Soc. 1991, 39, 142–148. [Google Scholar] [PubMed]

	



Ministry of Health, Labour and Welfare, the manual of the physical fitness test. Available online: http://www.mhlw.go.jp/topics/2009/05/dl/tp0501-siryou3–5.pdf (accessed on 12 February 2014). (in Japanese).

	



Melzer, I.; Shtilman, I.; Rosenblatt, N.; Oddsson, L.I. Reliability of voluntary step execution behavior under single and dual task conditions. J. NeuroEng. Rehabil. 2007, 4. [Google Scholar] [CrossRef] [PubMed]

	



Kistler Instruments Ltd. Available online: http://www.kistler.com/us/en/index (accessed on 12 February 2014).

	



Davis, R.B.; Õunpuu, S.; Tyburski, D.; Gage, J.R. A gait analysis data collection and reduction technique. J. Hum. Mov. Sci. 1991, 10, 575–587. [Google Scholar] [CrossRef]

	



Vicon Motion Systems Ltd. Available online: http://vicon.com (accessed on 12 February 2014).

	



Shull, P.B.; Jirattigalachote, W.; Hunt, M.A.; Cutkosky, M.R.; Delp, S.L. Quantified self and human movement: A review on the clinical impact of wearable sensing and feedback for gait analysis and intervention. Gait & Posture 2014, 40, 11–19. [Google Scholar]

	



Adelsberger, R.; Theill, N.; Schumacher, V.; Arnrich, B.; Tröster, G. One IMU Is Sufficient: A Study Evaluating Effects of Dual-Tasks on Gait in Elderly People. In Wireless Mobile Communication and Healthcare; Godara, B., Nikita, K.S., Eds.; Springer Berlin Heidelberg: Berlin, Germany, 2013; Volume 61, pp. 51–60. [Google Scholar]

	



Seel, T.; Raisch, J.; Schauer, T. IMU-Based Joint Angle Measurement for Gait Analysis. Sensors 2014, 14, 6891–6909. [Google Scholar] [CrossRef] [PubMed]

	



Fino, P.C.; Frames, C.W.; Lockhart, T.E. Classifying Step and Spin Turns Using Wireless Gyroscopes and Implications for Fall Risk Assessments. Sensors 2015, 15, 10676–10685. [Google Scholar] [CrossRef] [PubMed]

	



Hokuyo Automatic Co., Ltd. Available online: http://www.hokuyo-aut.jp (accessed on 12 February 2014).

	



Microsoft. Kinect for Windows Sensor Components and Specifications, Microsoft Developer Network. Available online: http://msdn.microsoft.com/en-us/library/jj131033.aspx (accessed on 18 April 2015).

	



Sabatini, A.M.; Colla, V. A method for sonar based recognition of walking people. Robot. Auton. Syst. 1998, 25, 117–126. [Google Scholar] [CrossRef]

	



Ozaki, M.; Kakimuma, K.; Hashimoto, M.; Takahashi, K. Laser-Based Pedestrian Tracking in Outdoor Environments by Multiple Mobile Robots. Sensors 2012, 12, 14489–14507. [Google Scholar] [CrossRef] [PubMed]

	



Schulz, D.; Burgard, W.; Fox, D.; Cremers, A.B. People Tracking with Mobile Robot using Sample-based Joint Probabilistic Data Association Filters. Int. J. Robot. Res. 2003, 22, 99–116. [Google Scholar] [CrossRef]

	



Almeida, J.; Almeida, A.; Araujo, R. Tracking Multiple Moving Objects for Mobile Robotics Navigation. In Proceedings of the IEEE International Conference on Emerging Technologies and Factory Automation, Catania, Italy, 19–22 September 2005; pp. 203–210.

	



Bellotto, N.; Hu, H. Multisensor-Based Human Detection and Tracking for Mobile Service Robots. IEEE Trans. Syst. Man Cybern. Part B Cybern. 2009, 39, 167–181. [Google Scholar] [CrossRef] [PubMed][Green Version]

	



Basso, F.; Munaro, M.; Michieletto, S.; Pagello, E.; Menegatti, E. Fast and Robust Multi-people Tracking from RGB-D Data for a Mobile Robot. In Proceedings of the 12th International Conference on Intelligent Autonomous Systems, Jeju Island, Korea, 26–29 June 2012.

	



Shotton, J.; Fitzgibbon, A.; Cook, M.; Sharp, T.; Finocchino, M.; Moore, R.; Kipman, A.; Blake, A. Real-time Human Pose Recognition in Parts from Single Depth Images. In Proceedings of the IEEE International Conference on Computer Vision and Pattern Recognition, Colorado Springs, CO, USA, 20–25 June 2011; pp. 1297–1304.

	



Ratsamee, P.; Mae, Y.; Ohara, K.; Takubo, T.; Arai, T. People Tracking with Body Pose Estimation for Human Path Prediction. In Proceedings of the IEEE International Conference on Mechatronics and Automation, Chengdu, China, 5–8 August 2012; pp. 1915–1920.

	



Auvinet, E.; Multon, F.; Meunier, J. New Lower-Limb Gait Asymmetry Indices Based on a Depth Camera. Sensors 2015, 15, 4605–4623. [Google Scholar] [CrossRef] [PubMed]

	



Gritti, A.P.; Tarabini, O.; Guzzi, J.; di Caro, G.A.; Caglioti, V.; Gambardella, L.M.; Giusti, A. Kinect-Based People Detection and Tracking from Small-Footprint Ground Robots. In Proceedings of the IEEE/RSJ International Conference on Intelligent Robots and Systems, Chicago, IL, USA, 14–18 September 2014; pp. 4096–4103.

	



Pallejà, T.; Teixidò, M.; Tresanchez, M.; Palacìn, J. Measuring Gait Using a Ground Laser Range Sensor. Sensors 2009, 9, 9133–9146. [Google Scholar] [CrossRef] [PubMed]

	



Teixidò, M.; Pallejà, T.; Tresanchez, M.; Noguès, M.; Palacìn, J. Measuring Oscillating Walking Paths with a LIDAR. Sensors 2011, 11, 5071–5086. [Google Scholar] [CrossRef] [PubMed]

	



Konstantinova, P.; Udvarev, A.; Semerdjiev, T. A Study of a Target Tracking Algorithm Using Global Nearest Neighbor Approach. In Proceedings of the International Conference on Computer Systems and Technologies, Sofia, Bulgaria, 17–18 June 2003.

	



Yorozu, A.; Nishiguchi, S.; Yamada, M.; Aoyama, T.; Moriguchi, T.; Takahashi, M. Gait Measurement System for the Multi-Target Stepping Task Using a Laser Range Sensor. Sensors 2015, 15, 11151–11168. [Google Scholar] [CrossRef] [PubMed]

	



Lee, J.H.; Abe, K.; Tsubouchi, T.; Ichinose, R.; Hosoda, Y.; Ohba, K. Collision-Free Navigation Based on People Tracking Algorithm with Biped Walking Model. In Proceedings of the IEEE/RSJ International Conference on Intelligent Robots and Systems, Nice, France, 22–26 September 2008; pp. 2983–2989.

	



Zhao, H.; Shibasaki, R. A Novel System for Tracking Pedestrians Using Multiple Single-Row Laser-Range Scanners. IEEE Trans. Syst. Man Cybern.-PART A: Syst. Hum. 2005, 35, 283–291. [Google Scholar] [CrossRef]

	



Catmull, E.; Rom, R. A class of local interpolating splines. Comput. Aided Geom. Des. 1974, 74, 317–326. [Google Scholar]

	



Matsumura, T.; Moriguchi, T.; Yamada, M.; Uemura, K.; Nishiguchi, S.; Aoyama, T.; Takahashi, M. Development of measurement system for task oriented step tracking using laser range finder. J. NeuroEng. Rehabil. 2013, 10. [Google Scholar] [CrossRef] [PubMed]

	



Bar-Shalom, Y.; Willett, P.K.; Tian, X. Tracking and Data Fusion: A Handbook of Algorithms; YBS Publishing: Storrs, CT, USA, 2011. [Google Scholar]





© 2015 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/4.0/).







media/file4.png
- Personal
computer

.~ Forward phase

Return phase
3.0m

/""I‘uming phase

(a)





media/file27.png
2.0

x [m]

0.0

—&-: Left leg position (swing, LRS)

® : Left leg positi LRS)
—&—: Left leg position (VICON)

—&-: Right leg positi ing, LRS)

B : Right leg position (stance, LRS)
—o—: Right leg position (VICON)






media/file18.png
Yk+3

Catmull-Rom

Spline WY

(N, =2,N, =LN, =1)





media/file13.png
N ///

T

Front view Yi yi! i
L] [} L2 e || g
-2 nt! enf _L 7 i), =
1 ]
ﬁE 027m wene S 2 1 ‘:’//'/‘ ;
) 2 (s & v
Side view a b
(F50) \ (0]
' H
m ]
e, G
il ¥ / .
2 €1 . 03w, <w, <05wURe =" 2 y; Observed position of the leg
fw zll( dge point
al edge point






media/file26.png
Deterioration of the i Failure of the stance !
measurement accuracy ,'_ phase identification :

g‘Fallure of the stance ' -
phase identification : —

- /A -- <z t\ B : Left leg position (stance, LRS)

—o—: Left leg position (VICON)

Moving
direction

Forward Return —&—: Right leg position (swing, LRS)
phase ! phase B : Right leg position (stance, LRS)
| ——: Right leg position (VICON)

(a) (b)





media/file9.png
S - '« S - [ Analyzing | .
Calibration process s
process

| Leg detection |

Leg tracking
I Prediction |

Data association
considering gait phase

‘. ———

Measurement
process

Ves
Catmull-rom Spline Correction
based interpolation






media/file22.png
{ Tailure of the stance :

'
]
1]
",

-8 Left leg position (swing, LRS)
B  Left leg position (stance, LRS)

—o— : Left leg position (VICON)

-8 Right leg position (swing, LRS)
B : Right leg position (stance, LRS)

- Right leg position (VICON)






media/file28.png
2.0

1.0

x [m]

0.0

-1.0

—&—: Left leg position (swing, LRS)
W : Left leg position (stance, LRS)

——: Lefi leg position (VICON)

—&—: Right leg position (swing, LRS)
B : Right leg position (stance, LRS)

—o—: Right leg position (VICON)

1.0






media/file23.png
(L)

t=6.879
(b)





media/file10.png
( Start

)

Calibration

-

process )

| LRS scan

) | Leg width measurement|

| LRS position alignment |

[——

ﬁV[easurement
| process I
| LRS scan |
v
| Save data |

,"A—I-lalyzing
|

L 0 B F B B9

-

-

| process )
| Leg detection |

"it-eé-t-r;c-l;i-ng 1
Prediction |
v

! Data association
considering gait phase

Unobservable state exist
before time step & ?

-_,

\ 4

Catmull-rom Spline
! based interpolation

Correction

: Acceleration input
l estimation
\






media/file5.png
Personal
computer

{ Participant J

Forward phase

Return phase

e

< 3.0m .-~ Turning phase

(a) (b)





media/file15.png
—&—: Estimated left leg position (swing)
W : Estimated left leg position (stance)
X : Predicted left leg position

—&—: Estimated right leg position (swing)
m : Estimated right leg position (stance)

X : Predicted right leg position
ghtlegr






media/file19.png





media/file14.png
;V Leg width w,
I |at shin height

\\\\\\'

eﬂ

|

I,

b
en

Side view

iz

|

NV

------

' i

b

| yi : Observed position of the leg

S

® : Edge point
o : Virtual edge point

------

4
1

(e)





media/file6.png





nav.xhtml


  sensors-15-22451


  
    		
      sensors-15-22451
    


  




  





media/file11.png
4

=== [cftleg
= Right leg

Ja]
| i
Lk
”v” RN Unlikely state ir
ad ~\~ human walking

Phase 5 4

Phase 0

Phase 1 | Phase2 | Phase3 | Phase 4
L J L J

Left leg:'stance
Right leg: stance

Left leg:'swing
Right leg: stance

Left leg:'stance
Right leg: swing

Left leg: swing
Right leg: swing





media/file1.png
|

: ralﬁ'!------l m






media/file16.png
[ Right gate

Y
|

I 'uE
AR ‘ .
Yina

Ly

| Vi

"

F

~ R
Pi oo
L
|
#
P<TIPs u ,

Left le

S |-

) » ‘:_ Vi-1

h Y

Dacil

Left gate I

—— Estimated left leg position (swing)
B : Estimated left leg position (stance)
X : Predicted left leg position

——: Estimated right leg position (swing)

B : Estimated right leg position (stance)

X : Predicted right leg position






media/file2.png
-~ Left leg position (swing, LRS)
W : Left leg position (stance, LRS)
—-: Left leg position (VICON)

LRS)

m : Right leg position (stance, LRS)

—&—: Right leg position (VICON)






media/file20.png
VICON camera

-3

ff
\72 }

.-— “.

”1

-;x\ 5






media/file7.png





media/file24.png
\

Right gate

[Phase3] [Phase3]






media/file12.png
t mmw [ cftleg
||aH C o= m— Right leg

R S [ =S, »
>

[

HVH i S Unlikely state in
’ ~ human walking

Phase 0 | Phasel | Phase2 | Phase3 | Phase4 | Phase5 l

\ ) \ J\ )

Left leg:vstance Left leg:vswing Left leg:vstance Left leg: swing
Right leg: stance Right leg: stance Right leg: swing Right leg: swing





media/file3.png
False tracking A

Moving
direction f

[

Deterioration of the
measurement accuracy

(b)

—&—: Left leg position (swing, LRS)
B : Left leg position (stance, LRS)

—o—: Left leg position (VICON)

—&: Right leg position (swing, LRS)
B : Right leg position (stance, LRS)

—o—: Right leg position (VICON)






media/file0.png





media/file17.png
Y, Yiis

Catmull-Rom
Spline

Yia R BY:ia

(N, =2,N, =LN,, =1)





media/file25.png
measurement accuracy phase identification }
<

= Left leg position (swing, LRS)

LRS)
o= Left leg position (VICON)
- Right leg position (swing, LRS)
W : Right leg position (stance, LRS)
& Right leg position (VICON)






media/file21.png
8- Left leg position (swing, LRS)
W : Leftleg position (stance, LRS)
o Left leg position (VICON)

=~ Right leg position (swing, LRS)
m :Right leg position (stance, LRS)

—+ Right leg position (VICON)






