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This paper introduces a novel exoskeleton active walking assistance control framework
based on frequency adaptive dynamics movement primitives (FADMPs). The FADMPs
proposed in this paper is an online learning and prediction algorithm which is able to
online estimate the fundamental frequency of human joint trajectory, learn the shape of
joint trajectory and predict the future joint trajectory during walking. The proposed active
walking assistance control framework based on FADMPs is a model-based controller
which relies on the human joint torque estimation. The assistance torque provided by
exoskeleton is estimated by human lower limb inverse dynamics model which is sensitive
to the noise in the joint motion trajectory. To estimate a smooth joint torque profile, the
joint motion trajectory must be filtered first by a lowpass filter. However, lowpass filter
will introduce an inevitable phase delay in the filtered trajectory. Both simulations and
experiments in this paper show that the phase delay has a significant effect on the
performance of exoskeleton active assistance. The active assistant control framework
based on FADMPs aims at improving the performance of active assistance control by
compensating the phase delay. Both simulations and experiments on active walking
assistance control show that the performance of active assistance control can be further
improved when the phase delay in the filtered trajectory is compensated by FADMPs.

Keywords: exoskeleton, DMPs, active walking assistance, frequency estimation, motion learning, motion
prediction

1. INTRODUCTION

Since the 1960s, the United States General Electric Company launched the world’s first full-body
exoskeleton robot Hardiman (Mosher, 1967), exoskeleton robot has gradually became a hot
research direction of robotics. Exoskeleton robot is a typical man-machine coordinated control
system. The core of this system is the human who provides intelligent decision for the whole system.
Exoskeleton provides power assistance for the human body. By combining human intelligence
with the powerful assistance of the exoskeleton, the exoskeleton can accomplish some tasks
that cannot be completed by the conventional robots, such as individual combat, disaster relief,
and rehabilitation.

After entering the 20th century, the progress of science and technology has promoted
the rapid development of exoskeleton, and many research achievements have emerged
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FIGURE 10 | The results of active walking assistance experiments. The online learning and prediction results of hip and knee trajectory during active walking
assistance experiments with a constant walking speed of 4 km/h are shown in (A,B), respectively. (C) Shows the frequency estimation result of hip and knee joint
trajectory, respectively. The changing of the hip joint trajectory during active walking assistance is shown in (D-I). The braces with xx denote statistical significant
difference between two condition (p < 0.01). And x represents a significant difference among trials (o < 0.05). OFF represents exoskeleton is working in power-off
mode. TRA represents exoskeleton is working in transparent mode. ASS0.2 denotes exoskeleton is working in active assistance mode with & = 0.2. Similarly, ASS0.3
and ASSO0.4 represent active assistance mode with @ = 0.3 and « = 0.4, respectively.

TABLE 2 | The RMSE between the original trajectory and the prediction trajectory of FADMPs.

RMES of left hip trajectory

RMES of left knee trajectory

Speed

Filtered FADMPs Rate (%) Filtered FADMPs Rate (%)
2 km/h 2.99° 1.63° 45.48 5.27° 2.57° 51.23
4 km/h 4.49° 2.76° 38.53 6.93° 3.42° 50.65
6 km/h 6.37° 4.58° 28.10 8.42° 4.90° 41.81
Speed RMES of right hip trajectory RMES of right knee trajectory

Filtered FADMPs Rate (%) Filtered FADMPs Rate (%)
2 km/h 2.92° 1.64° 43.84 5.57° 3.14° 43.63
4 km/h 4.66° 2.85° 38.84 7.73° 4.42° 42.82
6 km/h 6.27° 4.31° 31.26 8.95° 4.36° 51.28

trajectory and the prediction trajectory of FADMPs is calculated
in this paper. As shown in Table 2, the RMSE between the
original trajectory and the prediction trajectory is significantly
reduced when the phase delay is compensated by FADMPs. The
Rate in Table 2 means the reduction rate of RMSE of the phase
compensated trajectory (Ay > 0) comparing with the RMSE
of the filtered trajectory. It is obvious that the reduction rate of
RMSE is relatively high, which demonstrates that the phase delay
is successfully compensated by FADMPs.

Statistical significance of the changing of hip joint trajectory
was evaluated by using one-way repeated measures analysis

of variance (ANOVA). The changing of hip joint trajectory
in different walking conditions and speeds are shown in
Figures 10D-1I, which show that there is no significant different
in hip joint trajectory when participants walking in Free,
OFF, and TRA mode. This phenomenon means that the hip
exoskeleton has no effects on the human motion when it
offers no assistance on human body. But when hip exoskeleton
is walking on ASS mode, the hip joint trajectory has a
significant changing and the maximum hip joint angle increases
with the rising of the AR. These results indicate that the
motion range of human hip joint during walking can be
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FIGURE 11 | Normalized average muscle EMG envelope of all participants during the active walking assistance experiments. The normalized EMG envelope as a
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significantly improved by exoskeleton when it working in
ASS mode.

5.4.2. Effect of Active Assistance on the Lower Limb
Muscle Activity

As mentioned before, in order to evaluate the performance of
active walking assistance control, we need to further investigate
the muscle activity of the participant during walking. According
to the experiment protocol proposed in section 5.3, EMG signals
from five lower limb muscles were simultaneously record by
a wireless EMG measurement system shown in Figure 8. The
lower limb muscles investigated in this paper were: illiopsoas
(IL), rectus femoris (RF), tibialis anterior (TA), gluteus maximus
(GM), and medial gastrocnemius (MG). The EMG signals were
band-pass filtered (2th order Butterworth, cut-off 100-400 Hz).
And the EMG linear envelope was estimated by using a moving
RMS window (window length: 0.125 s, window overlap: 0.0625
s). To compare the muscle activity of different walking modes,
for each participant and for each muscle, the EMG linear
envelope was normalized to the average peak value (averaged
from 2 to 10 min) measured during the Free mode. Figure 11
shows the normalized average muscle EMG linear envelope of
all participants during experiments at different walking speeds
and modes.

Figure 11 shows that not only the amplitude of the lower
limb muscle EMG envelope are significantly affected by the hip
exoskeleton. Comparing with the EMG envelope during OFF
mode, the amplitude of average EMG envelope is reduced when
the hip exoskeleton is working on ASS mode (Ay > 0). And
the shape of average EMG envelope changes obviously with the
assistance of hip exoskeleton. In order to further quantify the
changes in muscle activity, the integral of the normalized average
EMG envelope (iEMG) is given by:

N
iEMG = At~ )Y,

n=1

(18)

where Y, is the ny sample of the normalized average EMG
envelope, N is the total number of EMG samples and At is the
integration step time.

As shown in Figure 12, iEMG is computed to quantitatively
evaluate the effect of the active assistance of hip exoskeleton
on the lower limb muscle activity. In this paper, one-way
ANOVA is used for evaluating the significant changing of the
iEMG. As shown in Figure 12, iEMG of five muscle groups
significantly increase from the Free to the OFF condition. This
phenomenon indicates that human muscle activity is enlarged
when exoskeleton is working on power-off mode. The main
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FIGURE 12 | The integral of the EMG activity of all participants at different walking conditions and speeds. The braces with = denote statistical significant difference
between two condition (o < 0.01). And * represents a significant difference among trials (o < 0.05).

reason for this phenomenon is that the inertia of exoskeleton are
completely compensated by human body. When exoskeleton is
working on TRA mode, exoskeleton compensates most part of it’s
inertial. Hence, comparing with OFF mode, iEMG in TRA mode
is significantly reduced. When hip exoskeleton is working on ASS
mode iEMG is further reduced, especially for the IL, GM, and RF.
This phenomenon indicates that hip exoskeleton has a greater
influence on the IL, GM, and RF. Furthermore, the reduction rate
of iEMG of IL, GM, and RF are rising with the increase of AR.
But for the iEMG of TA and MG, their reduction rate is smaller
than IL, GM, and RF. And TA is not significantly affected by the
rising of AR.

Combining above experiment results shown in Figures 10,
11, we can see that the motion amplitude of hip joint
is increased and the muscle activity of the main extensor
(GM and RF) and main flexor (IL) of the hip joint are
simultaneously reduced while exoskeleton is working on ASS
mode. And with the rising of AR, the motion amplitude of
hip joint will also increase and the muscle activity of the
main muscle groups of hip joint will reduce too. Therefore,
these results demonstrate that the participants’ hip joints are
successfully assisted when hip exoskeleton is working on ASS
mode (Ay > 0).

5.4.3. Effect of Active Assistance on the Metabolic
Cost

Muscle activity only reflects the energy change of the local muscle
of the human body, but not the energy consumption of the whole
body. Hence, the next part of this section will focus on how
hip exoskeleton affects the human metabolic cost during active
walking assistance experiments.

The human metabolic cost during constant speed walking
and variable speed walking are recorded by a wearable metabolic
system (K5, COSMED, Italy) shown in Figure 8. According to
the experiment process shown in Figure 10C, the metabolic cost
is only recorded in the following experiment process: Free, OFF,
TRA, and ASS. And for each process, the human metabolic
cost, including carbon dioxide rate and oxygen rate, is measured
for 11 min by using breath-by-breath method. The wearable
metabolic system used in our walking experiments is able to
automatically calculate the metabolic power. To compare the
differences in energy power between different participants, the
metabolic power is normalized by the wight of each participant.
And the normalized metabolic power is averaged from the 2
to 10 min of each experiment process. The normalized average
metabolic power of all participants during the active walking
experiment is shown in Figure 13.
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FIGURE 13 | The normalized average metabolic power of all participants during active walking experiments. (A) The normalized average metabolic power during
constant speed walking assistant experiments. (B) The normalized average metabolic power during variable speed walking assistance experiments. The braces with
+x denote statistical significant difference between two condition (p < 0.01). And * represents a significant difference among trials (o < 0.05).

The averaged metabolic power in constant speed walking
experiment is shown in Figure 13A, from which we can find
that the hip exoskeleton is able to significantly affect the human
metabolic power. The statistical significance difference between
each walking mode is evaluated by using one-way ANOVA. First
of all, comparing the averaged metabolic cost in Free walking
mode at 2, 4, and 6 km/h (5.11 £ 0.34, 6.89 £ 0.28, 10.95 &+ 0.26
W/kg), the human metabolic power is significantly increased
(p < 0.01) when exoskeleton is working on OFF mode (5.93 +
0.21, 7.90 £ 0.30, 11.99 £ 0.23 W/kg). And comparing with
OFF mode, the human averaged metabolic power is significantly
reduced (p < 0.01) when exoskeleton is working on TRA
mode (5.41 &+ 0.22, 7.13 £ 0.26, 11.21 £ 0.31 W/kg). The main
reason for this phenomenon is that exoskeleton compensates
most of its inertial while working on TRA mode. Therefore,
the impedance between human and exoskeleton is reduced.
When exoskeleton is working on ASS mode and the phase
delay is compensated by FADMPs (Ay > 0), the averaged
metabolic power is further reduced and the reduction rate of
the averaged metabolic power is increased with the rising of
AR. The above experiment results demonstrate that the active
walking assistance control method based on FADMPs (A4 > 0)

is able to reduce the human metabolic power during constant
speed walking.

To further investigate the performance of our active assistant
control method during variable speed walking and investigate
the effect of phase compensation on the performance of active
assistance, the variable speed walking assistance experiment is
carried out according to the experiment protocol in section 5.3.
The target velocity of treadmill during variable speed walking
assistance experiment is set as the value shown in Figure 10B.
The normalized average metabolic power in variable speed
walking is shown in Figure 13B. Comparing with the averaged
metabolic power in TRA mode (9.20 £ 0.22 W/kg), the metabolic
power in ASS mode is significantly reduced when Ay 0
and Ay > 0. However, when Ay = 0, with the rising of
AR, there is no significant changing in the reduction rate of the
averaged metabolic power and the averaged metabolic powers
in ASS0.2, ASS0.3, and ASS0.4 walking modes (8.81 £ 0.25,
8.69 £ 0.21, 8.66 £ 0.26 W/kg) are higher than the averaged
metabolic power in Free condition (8.57 £ 0.26 W/kg). But when
Apy > 0, on the contrary, the averaged metabolic power is
significantly reduced with the rising of the AR and all of the
averaged metabolic powers in ASS walking mode (8.49 £ 0.20,
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8.31 £ 0.22, 8.07 & 0.21 W/kg) are lower than the one in Free
walking mode (8.57 & 0.26 W/kg). Hence, the above experiments
results indicate that the active walking assistance control method
proposed in this paper is effective for both constant speed walking
and variable speed walking assistance, and the performance of
active assistance becomes better when the phase delay in the
filtered joint trajectory is compensated by the FADMPs algorithm
proposed in this paper.

6. CONCLUSIONS

This paper introduces an exoskeleton active walking assistance
control framework based on FADMPs. FADMPs is an online
learning algorithm which is able to online learning and prediction
the human joint trajectory during walking. Comparing with AO
algorithm, FADMPs has three main advantages: (1) The initial
parameters of FADMPs have almost no effect on the performance
of frequency estimation and trajectory prediction. (2) The sudden
change of walking frequency and motion amplitude have no
effect on the performance of frequency estimation and trajectory
prediction. (3) FADMPs can online predict a smoother motion
trajectory by only adjust the phase lead Ay. Based on these
advantages, the inevitable phase delay in the lowpass filtered joint
trajectory can be online compensated by FADMPs. Therefore, the
active walking assistance control framework based on FADMPs
is able to provide a no-phase-delay assistance to the human joint
during walking.

The active walking assistance control framework proposed
in this paper is suitable for both constant speed walking
assistance and variable speed walking assistance. The simulation
results of active walking assistance indicate that the phase
delay existed in the filtered trajectory is not beneficial to
improve the performance of active assistance. The phase
delay of the filtered trajectory will make the performance of
active assistance become worse with the increase of walking
frequency and AR. The performance of active assistance will be
significantly improved when the phase delay is compensated by
FADMPs, especially for the variable speed walking assistance. The
effectiveness of the proposed active walking assistance control
framework based on FADMPs is further demonstrated by the
active walking assistance experiments. The experiment results
show that the proposed control framework can improve the
range of joint motion, reduce the related low limb muscle
activity and cut down the metabolic cost during walking.
And the reduction rate of human metabolic cost during
variable speed walking is significantly increased when the
phase delay is compensated by the FADMPs. Hence, both
simulation and experiment results show that the active walking
assistance control framework based on FADMPs is benefit
for improving the performance of active walking assistance,
especially for a high speed or variable speed walking assistance
with a high AR.

The main limitation of the active walking assistance control
framework based on FADMPs is that the control frame provide
assistance to human body only when walking frequency is stable.

However, in daily life, walking frequency may change due to
environmental changes or external interference. When human
suffers from an unexpected external inference, human may lose
balance or even fall (Guo et al,, 2019). To improve the stability
of human walking, it is necessary for exoskeleton to active assist
human motion when walking frequency is unstable to make
human regain balance faster. Hence, in the future research, we
will investigate an active control framework that can provide
active assistance in both stable and unstable gaits. And we will
try to develop a robot learning system (Bing et al., 2018; Yang
etal., 2018) which enables the exoskeleton to recognize the type of
environment and to choose the optimal assist strategy according
to the different environment (Krausz and Hargrove, 2019).
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