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Abstract: Exoskeleton robots demonstrate promise in their application in assisting or enhancing
human physical capacity. Joint muscular torques (JMT) reflect human effort, which can be applied on
an exoskeleton robot to realize an active power-assist function. The estimation of human JMT
with a wearable exoskeleton is challenging. This paper proposed a novel human lower limb JMT
estimation method based on the inverse dynamics of the human body. The method has two main
parts: the inverse dynamic approach (IDA) and the sensing system. We solve the inverse dynamics
of each human leg separately to shorten the serial chain and reduce computational complexity,
and divide the JMT into the mass-induced one and the foot-contact-force (FCF)-induced one to
avoid switching the dynamic equation due to different contact states of the feet. An exoskeleton
embedded sensing system is designed to obtain the user’s motion data and FCF required by the
IDA by mapping motion information from the exoskeleton to the human body. Compared with the
popular electromyography (EMG) and wearable sensor based solutions, electrodes, sensors, and
complex wiring on the human body are eliminated to improve wearing convenience. A comparison
experiment shows that this method produces close output to a motion analysis system with different
subjects in different motion.

Keywords: human joint torque estimation; active power-assist; lower limb exoskeleton;
inverse dynamics

1. Introduction

Exoskeleton robots demonstrate promise in their application in assisting or enhancing human
physical capacity [1-4]. Estimating the intention of the user is fundamental for collaborative control
of such wearable robots [5-9]. For an intention-based, active, power-assist exoskeleton, such as the
Hybrid Assistive Limb (HAL) [10] from Tsukuba University and the Soft Exosuit [4] form Harvard
University, a estimation of human effort is required by the controller to actively generate and exert
assistive force/torque onto the human body. In fact, the joint muscular torque (JMT) reflects the
human effort of each joint [2]. It not only indicates the direction in which the human tends to move the
limbs, but also reflects the intensity of the effort. Previous research has confirmed the effectiveness of
using JMT for active power-assist control with various kinds of exoskeleton robots [11-13]. However,
estimating JMT is challenging.

More recent research has focused on improving the portability, stability, and convenience
of solutions for JMT estimation. Some pure mechanical walking assist exoskeletons have been
developed for simplicity and practicability. Elastic elements and cams have been adopted in mechanical
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structures to mimic human joint torque in some motion patterns, such as walking and running.
Through the use of this torque, the exoskeleton is able to help the human body to perform some
specific motion. Cristian C. et al. designed a mechanical system to help users with a walking
disability [14]. Collins SH et al. proposed an unpowered ankle exoskeleton to help with the reduction
of the user’s metabolic rate during walking [3]. An orthotic knee-extension made use of the gravity
balancing technique to compensate for the user’s body weight [15]. These simplified solutions are good
for reducing the weight and cost, and increasing the reliability, but they are always not adaptable to
complex and changeable motion patterns, because the JMT of the human body changes during different
motions, and the mismatch of the torque curve can lead to motion interference. A general solution is
required to support the voluntary motion of a human body. There are two general methods for JMT
estimation: (1) the electromyography (sSEMG) based biological method, and (2) the inverse dynamics
approach (IDA) based physics solution.

sEMG is an intuitive biological signal for detecting muscle activity. Buchanan et al. estimated
joint moments and muscle forces using sSEMG signals and verified them with inverse dynamics [16].
HAL is a typical active power-assist exoskeleton that uses sSEMG [2]. Electrodes are pasted on the
human body to determine the sEMG of each muscle group, and muscle activities are estimated
to derive JMT based on the HAL generated assistive torques. Many other exoskeletons also use
sEMG [11-13,17]. However, some limitations of SEMG are still under research. For example, in [18],
it was concluded that sEMG is susceptible to the variation of electrode-skin conductivity, positioning,
muscle fatigue and interactions between nearby muscles, so calibration is always required which
increases the inconvenience of this method’s use. Complex wiring on the human body also influences
its wearing convenience.

IDA has been successfully applied in clinical gait analysis. In Ref. [19], IDA was adopted to
calculate human JMT during sit-to-stand movement. In Ref. [20], a motion capture system and several
force plates were used to sense motion information and foot contact force (FCF). The entire clinical
gait analysis system is universal but lacks portability. Hence, many wearable solutions have been
proposed in recent years. Goniometers, inertial measurement units (IMUs), and air bladder based
ground reaction force (GRF) measurement insoles are commonly used for human kinematic and kinetic
measurements [21,22]. The problem is that it is difficult to precisely locate the wearable sensors and
maintain stability on the soft tissue of the human body. Insoles with air bladders have always been
always adopted to detect foot contact state, but it is difficult to get a precise GRF, because uneven
distortion during complex foot-ground contact states leads to nonlinearity. In addition, the horizontal
GRF cannot be measured by the insole either, which can cause error during joint torque estimation.
Suin Kim et al. [23] proposed a wearable sensing system including IMUs and GRF measurement
insoles to estimate the JMT in the sagittal plane. T. Liu et al. [24] developed a mobile force plate and
motion analysis units to estimate 3D JMT. These devices are specifically designed to acquire the motion
data of a human body, but are used to control an exoskeleton robot; thus, both the motion data of the
user and the robot itself are required. It is unnecessary to introduce two sensing systems to measure
the motion information of the user and the exoskeleton, respectively.

An exoskeleton embedded sensing system has the potential to collect motion data from the user,
but few have taken advantage of this. H. Kazerooni et al. developed Berkeley Lower Extremity
Exoskeleton (BLEEX) with integrated linear position sensor and foot pressure sensors [25]. They
focused on minimizing human—exoskeleton interaction forces. They did not fully investigate the
estimation of JMT using those embedded sensors. Researchers also developed the manipulator based
human stiffness features learning method [26]. Saccares et al. designed another embedded sensing
system [27]. They used the positions of the exoskeleton thigh and shank, and ground reaction forces on
human feet in their simplified static shank equilibrium method (SSE) to calculate the torque command
to the knee joints. B. Hwang et al. developed rehabilitation exoskeletons to measure the user’s JMT. In
this method, the required joint torques of both the human body and the exoskeleton are calculated by
inverse dynamics, respectively. The JMT is derived by removing the required joint torque of both the



Appl. Sci. 2018, 8, 1610 30f17

exoskeleton and the human limbs from the measured joint torque by torque sensors in the exoskeleton
joints. The method in Ref. [28] is valid only during swing motion, and was improved in reference [29].
An insole sensor with air bladders was introduced to measure the GRF, which extends their method to
the stance phase. However, the insole cannot measure the horizontal GRF. This may lead to estimation
error. Besides, the influence of hip acceleration was not discussed.

This work presents a novel implementation of the human lower limb JMT estimation method to
devise an online JMT estimation solution that can be used to achieve active power-assist function on
our prototype active power-assist lower limb exoskeleton (APAL) [30]. The main achievement of this
paper is the design of an embedded sensing system and a specially designed inverse dynamics process.
The sensing system is integrated in the exoskeleton structure which does not mount any sensors on
the human body but obtains the motion data and interaction forces of the human body by mapping
motion from the exoskeleton to a human model. Unlike traditional IDA, we solve the inverse dynamics
of each human leg separately to shorten the serial chain and reduce the computational complexity.
The JMT is divided into two parts which we call the mass-induced one and the FCF-induced one to
avoid discontinuous dynamic equations due to different contact states of feet.

The rest of the paper is organized as follows. Section 2 presents a parameterized model of
the human body and specially designed inverse dynamics for estimating JMT, and then presents
the embedded sensing system including trunk posture, joint motion information, and foot contact
force. Section 3 demonstrates and discusses the results of the JMT estimation experiments. Finally,
the conclusions of this paper are presented in Section 4.

2. Methods

Human JMT cannot be measured directly, but within the framework of Newtonian mechanics,
the interaction forces/torques in a rigid body system can be deduced from the motion information and
external forces acting on it. This notion holds for the human body. For application to the control of an
exoskeleton robot, a novel sensing system and the relevant IDA are designed to meet the requirements
of portability and simplicity.

2.1. Parameterized Model of the Human Body

As shown in Figure 1, a parameterized model of a human body was adopted to solve the IDA
in the sagittal plane. In this method, the human body is represented by a 5-bar model. There have
been many relevant discussions about the calculation of body dimensions and inertial parameters.
In Ref. [31,32], quadratic regression equations are presented to derive different subjects’” individual
parameters using only his/her weight and height.

. The pelvis and upper body(trunk, arm and head)

. The thigh

: The shank

: The mass of B

2 The mass of T

: The mass of S

. The rotational inertia at the mass center of B

: The rotational inertia at the mass center of T

: The rotational inertia at the mass center of S

: Thelength of T

: The length of S

. The distance between the mass center of B and the coordinate origin Oe
. The distance between the mass center of T and the hip joint

. The distance between the mass center of S and the knee joint

Figure 1. Parameterized model of the human body.
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2.2. Inverse Dynamics of the Human Body

Generally, the human walking process includes several states, such as (i) single support,
(i) double support, and (iii) double off-the-ground. Dynamic models of these states are also different
due to different constraints on the feet. Commonly, a finite-state-machine (FSM) should be employed to
switch between the dynamic equations of each state. However, this can increase the complexity of the
control algorithm for state classification.

To solve the JMT, this model considers the dynamics of each leg separately, instead of treating the
dynamics of the human body as a whole, thereby shortening the kinematic chain from the 5-bar model
of the entire body to a 2-bar model of each leg. This helps to reduce the computational complexity
and local disturbances. In inverse dynamic formulas of joint torque, there are several components,
including torques caused by inertial, coriolis, gravity, and external forces. Each component is linearly
added. So, we are able to further factorize the inverse dynamics of a single leg into the mass-induced
one and FCF-induced one. This helps to avoid switching dynamic equations due to different contact
states of the feet.

The proposed method is limited by several assumptions: (1) it only investigates motion in the
sagittal plane for simplicity, thereby neglecting motion and force in the coronal plane and the frontal
plane; (2) inertial torque caused by ankle movement is neglected; and (3) the foot and shank are
considered as one component in the human model during the swing phase.

In the estimation of mass-induced torques, the leg is considered to be suspended to component
B by the hip joint where the coordinate origin is set as shown in Figure 2a. The Lagrange method is
adopted on this two-bar dynamic model with floating pedestals. First, the coordinates of the center of
mass of component T are determined in the global coordinate system Oyy.

xcr = xg + lcrsin(6r)
o

zer = zy + lcrcos(Or).

(b)

Figure 2. Dynamic model of a single leg. (a) Model for calculating mass-induced torques. (b) Model for
calculating foot contact force (FCF)-induced torques.
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Next, the motion velocity of the center of mass for component T is derived:

. IXCT IXCT A
Xer = GyrdH + S Or

@

. dzc 0z,
zer = Galiy + G5l0r.

Then, the coordinates of the center of mass for component S in the global coordinate system Oyy
are derived:

Xcs = Xyg + lTSin(GT) + ZCSsiTl(Qs)

®G)
zcs = zy + lpcos(01) + lcscos(6s).
Next, the motion velocity of the center of mass for component S is derived:
Xcg = %J;CH“;X + 3 Bxcs OT + aaxecss 95
4)
Zcs = %ZZ(;SZ + aZCSQ + aazéjsses
Thereby, the total kinetic energy of the system is calculated:
1 . . . . ; ;
K=3 [mT(xch +227) + ms(iEs + 2gs) + 167 + Is65 . ®)
In addition, the potential energy of the system is calculated:
P = —mrgzr — msgzs. (6)
The, we get the equation of the mass-induced torque:
4 [a(K-P)] a(K—P)
=[]~
@)
4 [a(K-P)]  3(K—P)
=[]~ e

In the estimation of FCF-induced JMT, the human feet contacting the shoes and the upper end
of the leg support the entire trunk. The JMTs are calculated via the force equilibrium equation, as
shown in Figure 2b. The FCF values, including Fr,, Fr, and Ty, are measured, and the force balance
equations are solved to derive the hip and knee JMTs 77, and Ts»:

Tr2 = Frx(Ircos(01) + Iscos(0s)) + Frz(Irsin(6r) — Issin(0s)) + try
8)

Tsy = Frylscos(0s) — Fr:lzsin(0s) + TFy-

Finally, the mass- and FCF-induced JMTs are summed up and the total JMT of the hip and knee
is derived:

T =T, + 11,
)

Ts = Tg, + Ts,-

2.3. Sensing System Design

A sensing system was designed to measure all signals required by the proposed IDA,
including the posture of the trunk (B), the acceleration of hip joints (O; and O;), the angular
displacement/velocity /acceleration of the hip and knee joints, and the foot contact forces (FCF).
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To avoid misalignment of the sensor and user discomfort, the motion information of the human
body is not measured directly by mounting sensors on the human body. Instead, the entire sensing
system is embedded into the exoskeleton structure to get the motion information about the exoskeleton.
Then, according to the motion mapping from the exoskeleton to the human model, the user’s motion
data are derived. The motion mapping is ensured by the structural design, the description of which
can be found in Ref. [30]. The sensing system is described below.

2.3.1. Overall Hardware Architecture

The active power-assist lower limb exoskeleton APAL [30] is introduced in Figure 3. The central
controller is a B&R PLC (Programmable Logic Controller by B&R Industrial Automation GmbH,
Eggelsberg, Austria). The inertial measurement unit (IMU) data are read by the PCL through the
RS-232 bus. The linear displacement sensors (LDS) placed on the hip and knee joints, as well as 1D
and 3D force sensors in the sole, are connected to an AD converter. The inverse dynamics are solved
online in the PLC. An external PC records the result from the PLC in real-time via an ethernet bus.

LDSI

-
R Enselolnt_
LDS2 / 1

¥

\t,‘* IDFS1
3DFS

\\f Shoe'@
*~1DFS2

Figure 3. Hardware system and the active power-assist lower limb (APAL) prototype.

2.3.2. Trunk Posture and Hip Joint Acceleration Measurements

The human body is firmly connected to the exoskeleton via the trunk and feet, and a unique motion
mapping from the exoskeleton to the human body is ensured by APAL kinematics and its structure
design. Thus, we are able to derive motion data of the human body from the embedded sensing system
in the exoskeleton. An IMU is adopted to measure the trunk posture and acceleration of the hip joints.
As shown in Figure 4, the axis of the IMU is set parallel to the body coordinate axis, so IMU directly
provides the attitude Moy = {6,011, Opitchs Byaw }) in the world coordinate system (WCS), and the
angular velocity (01p1 = {wyo, Wpitch, Wyaw }) and acceleration Gaur = 8%, Biimau, B2mu D)
of the body coordinate system (BCS). The angular acceleration (Bdrmu) of the IMU in the BCS can
be obtained via the first-order difference of 28;y;. To improve the smoothness and reduce the
high-frequency noise induced by quantization error, interpolation and a low pass filter are used.

For the trunk posture, since the IMU is fixed in the exoskeleton back frame which is securely
connected to the human trunk, the posture of component B equals WO s, The acceleration
Wiy, Wi, Wzg) of the hip joint cannot be measured directly in the WCS by the IMU because O; and
O, do not coincide with Og, but they can be derived through kinematic relations. The acceleration
(Bagpy) obtained by the IMU is first converted from the BCS to the WCS as Warau = B°"R - Bapu,
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where BWR is the rotation matrix for the BCS-WCS conversion. Let the coordinates of the IMU in the
BCS be BP;y1;, and those in the WCS be WPy ;. Thus, the coordinates of the left hip joint in the BCS
are BPy, and those in the WCS should be WPy = BWR . (BPy — BPppr) + W Ppamy. The acceleration
in the WCS is Way = WPy = BOWR . (BPy — BPjyy) + Warmy. Here, BPWR is the second-order
differential of the rotation matrix (2" R). The required Wiy and Wz are components of Way on axes
xw and zyy, respectively.

91MUy

6

IMUy >

Figure 4. Trunk posture sensing with inertial measurement unit (IMU) and the limb posture definition.

2.3.3. Hip and Knee Joint Kinematics Information Measurement

The angles of the hip and knee joints are derived from the respective measurements of the cylinder
displacement of the exoskeleton. The displacement signals (Sg and Sk) from LDSs are converted into
hip and knee joint angles (6 and 6k), according to the geometry of the joints, as shown in Figure 5.
The angular velocities (8 and @) are obtained via the first-order differences of 8 and 6. Similarly,
the angular accelerations (6 and k) are obtained from the first-order differential of 8y and .

Figure 5. Exoskeleton joint geometry and angle measurements for (a) the hip joint and (b) the knee joint.
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The exoskeleton is design with its hip and ankle axes close to those of the user. The back frame and
shoes are firmly connected to the user. So, we can assume that the coordinates of the exoskeleton ankle
joints in the BCS are nearly the same as those of the human body. This can be expressed as follows:

xp = Isin(0ne) — lsesin(Oxe — One) = Irsin(0p) — Issin(0k — 0y )
(10)
zp = I1,c05(0n,) + 5,05 (Oke — Ore) = ITcos(0p) + Iscos(0x — Opr)

where 6}, and 0, are the hip and knee joint angles of the exoskeleton; I, and Is, are the lengths of
the thigh and shank of exoskeleton, which are 450mm and 440mm, respectively; and /7 and Ig are
the lengths of components T and S of the simplified human model, which are 424mm and 422mm,
respectively. Equation (10) allows us to derive the joint angles of the human body (6} and 0k), as well
as QH, 9[(, éH, and 9[(

2.3.4. Foot Contact Forces (FCFs) Measurements

A special shoe was developed to measure FCF in the sagittal plane. Note that the FCF is an
interaction force between the foot and shoe. It is different from GRF. GRFs only appear when the foot
touches the ground, but FCFs exist in both the stance and swing phases. There are three components of
FCF in the sagittal plane, which include Fry in the front-rear direction, Fr, in the up—down direction,
and torque Tp, on the dorsiflexion axis. The force condition of the sole is complex. There are many
contact states of the sole during exercise, such as heel strike, full foot landing, forefoot landing, and toe
landing, while ground unevenness can also cause unpredictable deformation of the sole. Moreover,
rotational freedom of the human toe joint is required for walking stability and energy saving [33],
so the sole should be flexible. Thus, a double-layer elastic steel sole structure was designed, as shown
in Figure 6a.

3D force sensor

SR>

X3 Roller row 2
Roller row 1 W

N

—

-t

1D force sensor 1

L

1D force sensor 2

Bottom plate

Top plate Carbon fiber plate  Rubber sole

(a) (b)

Figure 6. Foot force measurement device: (a) sole structure; (b) force sensor signals of the sole.

The proposed design utilizes a combination of a 3D force sensor and two 1D force sensors. The 3D
force sensor is arranged slightly behind the toe joint, and the sensor can obtain the up-down direction
force (F,2) and the front-rear direction force (Fy,). A 1D force sensor with a high overload margin is
set under the heel to measure the GRF (F,1) on the heel. A 1D force sensor is placed under the toe to
measure the supporting force (F,3). The sensor layout and force analysis model are shown in Figure 6b.

For computational purposes, the force signals obtained from the force sensors are synthesized to
the ankle joint. The resultant forces can be calculated based on the location of the force sensors:

Fry = Fpo
FFz: z1 +Fz2+Fz3 (11)
Try = Fxoly — Faly + Elo + Fsls.
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3. Experimental Results and Discussion

3.1. Motion Data Sampling and [MT Estimation

In this experiment, the user wearing the exoskeleton did ran in place with a stride frequency
of approximately 2.8 Hz. The power unit of the exoskeleton was switched off and all joints were
set free to avoid interference. The weight of the exoskeleton was assumed to be carried by the subject.
The motion information of the human body was acquired by the embedded sensing system.The hip
and knee JMTs were calculated by the controller of the exoskeleton and sent to a PC in real-time for
recording and graphing. We had five subjects. Their parameters were calculated according to previous
research [31,32] and are listed in Table 1. Only subject 1 participated in this experiment.

Table 1. Parameters of the simplified human model.

H M  mr mg It Is It Is Ier Ics

(m) (kg) (kg) (kg) (kgmm?) (kg-mm?) (mm) (mm) (mm) (mm)
S1 175 765 765 4.65 0.143 0.18 424 422 183 270
S2 164 603 6.03 367 0.099 0.124 397 395 172 253
S3 172 615 6.15 3.74 0.111 0.140 416 415 180 266
S4 178 785 785 477 0.152 0.192 431 429 187 275
S5 165 702 7.02 427 0.117 0.147 399 398 173 255

(1) The Posture of the Trunk

Since we only studied the motion in the sagittal plane, just the pitch angle was required.
The maximal sample frequency of the IMU is 100 Hz. For smoother IDA, a higher sample frequency,
e.g., 1 kHz is required. So, a first-order-sample-and-hold, a linear interpolation, and a low-pass
filter were adopted to deal with the original signal from the IMU. As shown in Figure 7, in each
step of running in place, the trunk inclines forward and pitches slightly in the range of (—20°,—16°).
The original signal (wyp) looks like a step wave with steep edges after each sampling. This can cause
mutation on the on pitch angular acceleration. After linear interpolation and filtering, a smooth and
high sample frequency pitch angle (w») was acquired.

-16

—
2

Angle (deg)

—
o

-20 :
0Os 0.5s Is 1.5s

Figure 7. Pitch angle of the trunk. wy is the raw signal from the IMU, wj is the linear interpolation of
the first-order-sample-holder, and ws is the filtered signal of w;.
(2) The Acceleration of the Hip Joints

Figure 8 shows the acceleration on hip and knee joints in the sagittal plane. Both a; 7, and arpy
vary around the zero axis in the range of (=5 m/s?, 5 m/s?), and a; . and agy, have a — 9.8 m/s?
bias caused by gravity.
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10 o 10
k% » — gy —— gy |
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S 5
e =
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o 3
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LA 0.55 1s 15s < Dy 0.55 1s 155
(a) (b)

Figure 8. Acceleration of hip joints: (a) left hip joint; (b) right hip joint.

(3) The Joint Kinematics Information

Figure 9 shows the displacement of hydraulic cylinders and the angles of the hip and knee
joints of the exoskeleton robot. The stroke range of the linear displacement sensor is (0 mm, 73 mm),
corresponding to the knee joint angle range of (0°, 135°), and that of the hip joint of (—15°, 150°).
During running in place, the hip and knee joint angles varied from 38° to 65° and from 60° to 100°,
respectively. The four joints did not reach the stroke limit. The lengths of the thighs and shanks of the
exoskeleton were manually adjusted to be slightly larger than those of the user. This helps to avoid a
dead point when the knee joint approaches 0°. Doing this does not affect the motion mapping.

Displacement of cylinder Angle
40 Hip . 80 Hip
T : S
3
£ 0 <
= 20f - S T
@ , © 40f y
T — Left — Right
Knee
100

One(deg)
s

(o)
(=]

0 05 10 15 0.5 1.0 15
Time (sec) Time (sec)

(e

Figure 9. Joint information of the exoskeleton robot.

Figure 10 shows the motion information of the human body. It can be seen that the joint
angular velocity is relatively smooth, but sharp variations appear in the angular acceleration which
are caused by the touchdown impact.

Angle Angular velocity Angular acceleration

. 80 Hip o 500 Hip &

> ~ A I 2

) ) t >
= Q Q
— = =

T ~ —
< 5 e

Knee N

—_ @ 500 NU}
> ~ 1
V > >
S 2 0 2
< = =
-500 : @

0 0.5 1 1.5 0 0.5 1 1.5 0 0.5 1 1.5
Time (sec) Time (sec) Time (sec)

Figure 10. Joint information of the human lower limbs.
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(4) The Foot Contact Forces

The signals from the sensor and the resultant force are shown in Figure 11. During running in
place, the toe touches the ground first, so a force (F;3) below the toe is generated. The appearance
of F,; from the heel indicates that the entire foot is on the ground. The following is the push-off
process. The resultant force in the vertical direction is significantly higher than the user 's gravity,
pushing the body to accelerate upwards and leap. Until the overall toe force drops to zero, the foot
leaves the ground and switches to the swing phase. At this stage, FCF should be zero, but since the
power system of the exoskeleton is not switched on, the gravity of the exoskeleton leg poses a negative
vertical force on the human foot. This demonstrates that the force measurement shoe is adaptable to
different foot contact states. It can measure the human FCF in both the stance and the swing phases.

— ' @) — ' b
—~ — F —~ — R, =
1000 f iy 1 1000 /\ 1000E
g —= 3 &
5 500f 1 5 500f \ 500 5
LL L =
(@]
SR\ M = ofF N\\— \co— 0o r
0s 0.5s 1s 1.5s 0s 0.5s 1s 1.5s
— © 2 (d)
1000} - 1 21000 f o 1000
g — - g 2
S s00f 1 5 soor 500 “é
OM 07:—/\/-\97_\— =10 IS
0s 0..53 .15 1.5s 0s 6.55 is 1.5s

Figure 11. (a) Force signals from each sensor on the left foot; (b) resultant force signals on the left foot;
(c) force signals from each sensor on the right foot; (d) resultant force signals on the right foot.

(5) JMT estimation

After all required parameters and variables for solving the human inverse dynamics equation
were obtained, the mass-induced torques at the hip and knee joints 7r; and 7g; were derived via
Equation (7), as shown in Figure 12a. The FCF-induced torques (tr2 and Tsp) were derived via
Equation (8), as shown in Figure 12b. The resultant JMT (1) was calculated via Equation (9), as shown
in Figure 12c.

In Figure 12c, LST means the left leg is in stance phase, LSW means the left leg is in swing
phase, R means the right leg, and DST means both the left and the right legs are in the stance phase.
As shown in Figure 12a, the left hip torque drops to —7.3 Nm in the stance phase and rises up to about
40 Nm just after the DST. It again drops to —12.3 Nm in the middle of swing phase, and rises up to
about 51 Nm before the left leg enters the stance phase. The trend of the right hip torque is similar
to the left one. The knee torques are significantly smaller than the hip torque, because the knee only
drives the shank and foot, but the hip takes the entire mass of the leg. The amplitudes of mass-induced
JMT show no significant difference between the swing and the stance phase.

The FCF-induced torque shown in Figure 12b is significantly larger than the mass-induced torque.
All FCF-induced JMT in swing phase are very small. However, in the stance phase, the peak of
the hip torques reach up to 90 Nm, while the peak of the knee torques rise up to about 270 Nm.
Unlike the mass-induced torques, the knee torques are larger than the hip torques. Most of the time,
FCF-induced hip and knee torques during running in place are positive because the knees usually
bend during stance phase and the upper body leans forward. The total torques are combinations of
the mass-induced torques and the FCF-induced torques. Their amplitudes and curves are close to the
FCF-induced torques, which indicates that the FCF-induced torques are the major parts. The trend of



Appl. Sci. 2018, 8, 1610 12 of 17

the right leg is similar to the left leg, but some local differences still exist due to the asymmetric nature
of the two legs.
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Figure 12. Human joint muscular torque (JMT) calculated from running in place: (a) mass-induced
JMT; (b) FCF-induced JMT; (c) total torque of the hip and knee JMT.

From the results, we can declare that the proposed method successfully acquired the joint torque of
the human body without any auxiliary devices. The integrated sensor system ensures its portability.
Besides, there is no need to mount sensors on the human body. This makes it easier to wear and
take off. The newly designed IDA process is also beneficial to the accuracy of torque estimation.
The mass-induced joint torque is far smaller than the FCF-induced one. According to Equation (8), FCF
and the joint angles are major factors that influence the FCF-induced torque. Since the FCF is directly
measured by force sensors, and the joint angles are derived from the signals of the displacement
sensors, errors caused by the differentiation and inaccuracy of the human model do not influence
the major part of the final results. As shown in Figure 11, even though large impacts existed in the
angular accelerations of the hip and knee joints, they did not cause noticeable mutations in the total
torque curves. The torque curves were smooth and continuous, which allows an exoskeleton robot to
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provide compliant man—-machine coordination, because whatever the foot contact status changes into,
no switching of dynamic equations is required; thus, there is no sudden change in the output.

3.2. Comparison Experiments

We carried out comparison experiments with an independent motion analysis system (MAS)
developed by Motion Analysis Corporation (Santa Rosa, CA, USA) to verify the overall accuracy
and adaptability of the proposed method with different users in different motion. Five subjects were
employed to wear the APAL exoskeleton, and 22 markers were attached to each subject. The subject
performed squatting, running in place and jumping motions on the force plates of the MAS 30 times
each. The hip, knee, and ankle joint torques of the human body were calculated by both the exoskeleton
and the MAS independently. The performance of the proposed method was quantitatively evaluated
by inspecting the root-mean-square error (RMSE) and the correlation coefficient (CC) of the torque
from the exoskeleton and the MAS.

Note that differences existed in the output JMT between the exoskeleton and the MAS due to the
fact that the weight of the exoskeleton influences the actual JMT of the human body, but the MAS does
not incorporate the existence and influence of the exoskeleton. The influence should be eliminated to
make the outputs from the MAS and the exoskeleton comparable. The force (Fry,) is caused by the
weight that the exoskeleton exerts onto the human trunk and transfers to the force plate of the MAS.
We calculated this force using the inverse dynamics of the exoskeleton and subtracted it from the force
plates’ signals to avoid influencing the output of the MAS. We exerted a virtual inverted Fgy, to the
human trunk while calculating the JMT with our method. By doing this, the theoretical output of the
two systems should be the same.

Figure 13 demonstrates the difference in joint torques of subject 1 calculated by the exoskeleton
and the MAS. Three kinds of motion were measured. The gait cycles of squatting and jumping motions
start when the trunk begins moving downward, and end at stand straight. The gait cycles of each leg
during running in place start and end at stance-to-swing shifting. The average torque curve of each
joint under the three different types of motion appear to have preferable accordance. The error bands
of the knee and ankle torques from the exoskeleton are slightly smaller than the MAS, which means
our method obtains more stable torque values for the knee and ankle than the MAS.

According to the RMES shown in Table 2, we can see three phenomenon: (1) The error of
ankle torque is very small for all subjects in each motion, which means the FCF from contact force
measurement shoe is quite accurate, and the neglect of inertial torque caused by ankle movement
did not lead to a large error of ankle joints; (2) in general, the further the joint is from the foot
plate, the larger the error appears, because of the cumulative error of the limb length and joint angle.
The RMSE of the hip joint is larger than that of the knee joint, even though the maximal torque of
hip is smaller, as shown in Figure 13, and the RMSE of the knee is also larger than that of the ankle.
(3) Comparing the individual RMSE to the average RMSE of the five subjects, differences between
individuals truly exist but are not significant—these differences are mainly caused by individual
parameter error. If a more accurate result is required, individual parameters, such as limb length,
mass, inertial, and the mass center of each limb, should be further investigated, like B. Hwang et al.
did in Ref. [28].

Table 3 shows the CC of the torque from the exoskeleton and the MAS. The CC reveals the
similarity between the torque curves. There are several phenomenon: (1) Most average CC values
are larger than 0.81. The average CC values of the knees and ankles are all larger than 0.96; only the
hip joint during running in place drops to 0.81. This means that the overall similarity is not too bad.
(2) The standard deviation (SD) of CC of the five subjects are smaller than 0.091; in particular, those of
knee and ankle joints are smaller than 0.04. This indicates that the proposed method is individual
independent. (3) The lack of significant differences between the trends of each joint during different
motions means that the proposed method is valid for relatively complex motion. (4) The data of the hip
joint was shown to be more volatile than the knee and ankle joints, but no subversive data appeared.



Appl. Sci. 2018, 8, 1610

Mean Torque (EXO)
— . — . Mean Torque (MAS)

Hip
40
(a)
E zo-’___
5 0] \'\ .’,
Squat g ]
g N =
O -40- S =
[
601
10 20 30 40 50 60 70 80 90 100
% of Gait Cycle
2001 (d)
—EISO-
< 100 LS
- / \
[ 7
Run g ] 4 O\
g '/ \
O 0 o2 R
o N =
504
10 20 30 40 50 60 70 80 90 100
% of Gait Cycle
1204
100 (g)
T s0]
2 60 ’_\.
@ 40 X\
-’ump 3— 2040k AR —
- T~ PN 7 -
O 0 >
- S
20]
-40

0

L, AL N UL U R N S |
10 20 30 40 50 60 70 80 90 100

% of Gait Cycle

Error Band (EXO)
Error Band (MAS)

14 of 17

. Knee \ Ankle
b c
) _ e
£ ] G |\ g ~]
S ® 4 \ s E -
— 3 — " - £ =
60-{ g ) -10 5 e p: =
o 4 A o L.~ D =
s 1 y \ 3 N
g 40 v \,\ g s :
o 4 ) o
LS N =
o] = -20-
20+ T
10 20 30 40 50 60 70 80 90 100 10 20 30 40 50 60 70 80 90 100
% of Gait Cycle % of Gait Cycle
250+ 201
(e) (f)
—g 2004 —g o mrmemil
- N
5 150 Y/ "\‘ E N /‘/
[ / \ o 20 N /
3 1004 / R\ 3 N f
T \ T 1
5 Y, \ 5 401 \, 7
50-] X
- // \«\ [ \'\_. 4
ol P A -60-
T 80+
10 20 30 40 50 60 70 80 90 100 10 20 30 40 50 60 70 80 90 100
o, H .
% of Gait Cycle % of Gait Cycle
180 207 f2
160 (h) (I)
“— 1404 _—
< 100 AN R = | TN = 53 —mcm
@ so] s \ A\ o = 4 /
S / 1 i% 3 204  YERY
T 60 4 3 ] o N\ L
- 40 £ \ I 3 13 ly
o 4 1/ ) 37 \
= 20]8 N/ \ 0] =
|\ N

LN S L UL L AL N S |
10 20 30 40 50 60 70 80 90 100

% of Gait Cycle

L LI S N UL L N S S |
10 20 30 40 50 60 70 80 90 100

% of Gait Cycle

Figure 13. Average joint torques of each motion (repeated 30 times) of Subject 1. (a) hip torque in

squatting; (b) knee torque in squatting; (c) ankle torque in squatting; (d) hip torque in running; (e) knee

torque in running; (f) ankle torque in running; (g) hip torque in jumping; (h) knee torque in jumping;

(i) ankle torque in jumping. The result from the exoskeleton is shown in orange, and the result from
the motion analysis system (MAS) is shown in blue. Shaded regions show +1 SD.

Table 2. Root-mean-square error (RMSE) of the torque from the exoskeleton and the motion analysis

system (MAS).
Squat Run Jump
Hip Knee Ankle Hip Knee Ankle Hip Knee Ankle
51 Left 252 8 1.4 144 123 25 294 148 44
Right 225 7.8 1.1 15 6.9 22 30.1 158 55
s Left 6.8 5.8 1.1 211 6.9 23 15.5 9 2.1
Right 7.1 6.1 1.2 249 6.9 27 14.2 9.4 22
s3 Left 7.3 29 1 10.7 6.1 1.2 6.8 6.2 1.5
Right 10.3 32 0.3 16.5 37 1.3 7.3 6.2 1.6
sS4 Left 12 2.5 0.7 143 119 39 12.6 52 1.3
Right 14.8 2.8 1.9 13.3 105 53 14 5 3.7
S5 Left 16.1 2.3 0.8 6.3 5.8 5 16.8 6.8 24
Right 18 3.6 1.5 53 32 55 16.8 54 4.1
14 4.5 1.1 14.2 74 32 16.4 8.4 29
MeanSD 5 22 05 6 32 16 79 39 14
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Table 3. Correlation coefficient of the torque from the exoskeleton and the MAS.

Squat Run Jump
Hip Knee Ankle Hip Knee Ankle Hip Knee Ankle

s1 Left 0875 0985 0990 0928 0948 0998 0.812 0958 0.963
Right 0.877 0988 0993 0.850 0989 0998 0.832 0954 0.955

s Left 0700 0.983 0953 0903 0993 0994 0.629 0974 0.979
Right 0.891 0976 0965 0.862 0.993 0991 0732 0.962 0.982

3 Left 0932 0995 0982 0874 0978 0999 0.896 0978 0.986
Right 0.867 0996 0999 0707 0.995 0999 0922 0.982 0.990

sS4 Left 0908 0.998 0996 0705 0.882 0993 0904 0988 0.995
Right 0.886 0997 0979 0710 0918 0989 0851 0.985 0.963

S5 Left 0.836 0998 0.997 0.839 0.988 0.99 0.783 0973  0.985
Right 0.704 0997 0993 0745 0996 0991 0.743 0.988 0.972

0.848 0991 0985 0812 0968 0994 0810 0974 0977
0.081 0.008 0.019 0.082 0.040 0.004 0.091 0.012 0.013

Mean SD

4. Conclusions

This paper proposed a novel human lower limb JMT estimation solution based on an IDA.
The method has two main parts: the sensing system and the inverse dynamic approach. The embedded
sensing system makes the exoskeleton easier to use than the popular EMG based devices. All subjects
only need several seconds to put on the exoskeleton and input his/her weight and height; no electrodes
or other sensors are required to be fixed onto the human body. Comparison experiments show similar
outputs to an independent motion analysis system. According to the quantitative analysis of the
two outputs from the exoskeleton and the MAS, the result shows accordance accuracy with different
subjects in different motions, which indicates the individual independent character of the proposed
method and its adaptability to a variety of motion patterns. Benefitting from the measurement of the
FCE, the shortening of the kinematic chain helps to reduce the computational complexity through
the strategy of factorizing the JMT into mass-induced one, and FCF-induced one cancels the necessity
of a finite-state-machine and ensures the continuity of the JMT output.

This study only investigated motion in the sagittal plane. In the future, we want to explore this
method to random motion in 3D space. In that time, the side-sway and supination/pronation of the
hip joints should be measured, and the 6D force/torque of the feet should be measured. The IDA
equation should take the coronal and frontal motion into account. In addition, automatic identification
of the individual parameters may help to further improve the accuracy.
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