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Proprioceptive External Torque Learning for Floating Base Robot and
its Applications to Humanoid Locomotion*

Daegyu Lim', Myeong-Ju Kim', Junhyeok Cha!, Donghyeon Kim! and Jaeheung Park!:?

Abstract— The estimation of external joint torque and con-
tact wrench is essential for achieving stable locomotion of
humanoids and safety-oriented robots. Although the contact
wrench on the foot of humanoids can be measured using
a force-torque sensor (FTS), FTS increases the cost, inertia,
complexity, and failure possibility of the system. This paper
introduces a method for learning external joint torque solely
using proprioceptive sensors (encoders and IMUs) for a floating
base robot. For learning, the GRU network is used and random
walking data is collected. Real robot experiments demonstrate
that the network can estimate the external torque and contact
wrench with significantly smaller errors compared to the
model-based method, momentum observer (MOB) with friction
modeling. The study also validates that the estimated contact
wrench can be utilized for zero moment point (ZMP) feedback
control, enabling stable walking. Moreover, even when the
robot’s feet and the inertia of the upper body are changed, the
trained network shows consistent performance with a model-
based calibration. This result demonstrates the possibility of
removing FTS on the robot, which reduces the disadvantages of
hardware sensors. The summary video is available at https:
//youtu.be/gT1D4t0iKpo.

I. INTRODUCTION

Maintaining balance while walking in the presence of
disturbances is the most fundamental and crucial ability for
humanoids. Among the many technologies, contact wrench
(linear force, and moment) control significantly contributes to
realizing robust balancing control against disturbances. For
humanoids with high gear ratio actuators [1], [2], external
wrench or external joint torque sensing ability is crucial
to control the contact wrench precisely using the external
wrench feedback because the large friction torque and the
amplified rotor inertia by the high reduction gear deteriorate
the feedforward joint torque control performance. Therefore,
these human-size humanoids are equipped with joint torque
sensors (JTS) in each joint or force-torque sensors (FTS) on
the feet. However, additional sensors increase not only the
cost of the robot but also the inertia, complexity, and failure
possibility of the system. On the other hand, some bipedal
robots such as Cassie [3] or MIT humanoid [4] are built
with low gear reduction ratio actuators to enhance the torque-
transparency. The open loop torque control strategy is used
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for these robots by assuming that the commanded torque
can be realized without any force-torque sensor feedback.
However, even for robots with quasi-direct drive motors,
proprioceptive external torque estimation is necessary for
more accurate contact wrench feedback control and collision
handling.

Studies on the external disturbance estimation for hu-
manoids using the dynamics have been conducted [5]-
[8]. However, all the methods still use FTSs for contact
wrench estimation and these model-based methods suffer
from dynamics modeling error and other dynamics which is
not considered in the model such as joint friction or elasticity.
In [9], the joint friction is modeled and reflected on the
momentum residuals calculation, but finding a proper friction
model is hardware-dependent, and it is difficult to fit the
model accurately.

To resolve the disadvantages of the model-based external
torque estimation, we previously proposed the momentum
observer (MOB) based model-uncertainty learning method
[10]. Using a long short-term memory (LSTM) network,
a kind of recurrent neural network (RNN), the uncertainty
torque including joint friction and modeling error is learned
during the free motion. However, the previous method is
applied to a 2-DoF fixed-based manipulator, and the esti-
mated pure external torque is only used for the collision
detection task. A similar approach to our previous work
is applied for the FTS attached to the end-effector of the
collaborative robot, KUKA, in [11]. Dine et al. [11] proposed
an observer based on a recurrent neural network (RNNOB)
to learn the non-contact force measurement of the FTS and
offset the disturbance measurement. For learning the non-
contact force, only encoders and inertial measurement unit
(IMU) on the end-effector are used, but FTS is still required
after the learning. The data-driven torque estimation method
is also applied to the surgical robot (da Vinci) [12], [13].
In [12], the joint torque signal for each joint is trained on a
small multi-layer perceptron (MLP) with joint position and
velocity during free motion. On the other hand, 3D linear
force learning is proposed in [13] using all the joint torques
and joint velocities. However, there is a lack of research
focusing on external torque learning for the floating-based
robot, especially for humanoids.

Hwangbo et al. [14] introduced the actuator network
to resolve the sim2real gap when the quadrupedal robot,
ANYMAL, is trained to walk in simulation using deep
reinforcement learning. The actuator network infers a net
joint torque from the proprioceptive input features (history
of joint position error and joint velocity). This work shows
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that the net joint torque can be learned only with the history
of the proprioceptive information for each joint.

In this paper, we propose the external torque learning
method for humanoids using only proprioceptive sensors
(encoders for each joint and one IMU for the base), and
the estimated external torque is used as a feedback signal in
the humanoid walking controller. Our contributions can be
summarized as follows. First, to the best of our knowledge,
it is the first research to learn the external torque using only
the proprioceptive sensing for the floating base humanoid
robot, and it is validated through various experiments. Sec-
ond, it is demonstrated that the learned external torque is
accurate enough to be used for the zero moment point
(ZMP) feedback control of humanoids resulting in stable
walking performance. Third, the consistent performance of
the external torque estimation for the modification of the
robot foot link and upper body mass is validated using
real robot walking experiments with model-based calibration.
Therefore, this work shows the possibility of substituting the
FTS with a neural network, which reduces the cost, inertia,
complexity, and the possibility of a sensor failure of the robot
system.

II. PRELIMINARIES

A. Rigid Body Dynamics of Floating Base Robot

A humanoid can be described as a floating base multi-body
system that consists of n+ 1 rigid bodies and » joints. When
the robot is a floating base robot, the dynamics of the robot
can be represented by connecting six virtual joints to the
base frame. Thereby, the fundamental rigid body dynamics
of an n+ 6 degrees of freedom (DoF) with six virtual joints
is as follows

M(qv)tiv+C(qvaqv)qv+g(qv) = Tv+rf+rea (1)

k
T, = Z Jz-:iFe,iy (2)
i=1

where M(q,),C(q,,q,) € RUHO046) and g(q,) € RMS
are the inertia matrix, the Coriolis and centrifugal matrix,
and the gravity vector, respectively. q,,q,,q, € R are
the generalized position, velocity, and acceleration vectors
including virtual joints, respectively. T, € R"*9 is the control
torque, T € R"*6 s the friction torque, and 7, € R"*6 is the
external torque. k, J.; € RO*(1+6) and F.; € RS are the total
number of contacts, the i-th contact Jacobian matrix, and the
i-th external wrench, respectively. The generalized coordinate
vector consists of 6 virtual joints, and n motor angles:
4, =[x}, R}, d']". 4 = [v}, @, a"]". 4, = [V}, &F, §"]".
x?b €R3 and RJch € SO(3) are the position and the orientation
of the floating base. vy, € R3 and @ b € R3 are the linear and
angular velocity of the floating base. The input torque has
zero elements for the virtual joints, and motor torque T,, € R"
for the actuating joints as T, = [07 £7]7. The friction torque
has only joint frictions Ty ; € R" as T, = [07 ’L'? j]T.

B. External Torque Estimation using Proprioceptive Sensors

The external torque on the robot, T., can be calculated
by measuring the contact wrench F, using FTS as described
in (2). However, if the FTS is not available, the external
torque should be estimated from only proprioceptive sensors
including the joint encoder, motor current sensor, and IMU.
Equation (1) can be rearranged for the external torque as,

T, =M(q,)dy + C(qv, 4,4y +8(qy) — T —Tp.  (3)

Assuming that the joint friction torque is a function of joint
position and velocity T/ ;(q,q), T. can be expressed in the
function of q,, qy, 4, and T, as T. = f(qy,qQv, qv, Tm)-

C. Momentum Observer

Joint acceleration ¢ in (3) is highly noisy because it
is usually measured by the numerical derivative. In order
to avoid using noisy signal ¢ for the calculation of 7., a
conventional model-based method, MOB was introduced in
[15]. The generalized momentum p of the robot is introduced
as

p=M(q,)q,- 4)

The derivative of p can be represented by exploiting the
dynamics of the robot in (1) and the well-known relation
M=C+CT as

p = Tv‘i’Tf‘i’Te‘i’CT(anqv)qv7gv(qv) (5)
= 7v+7e+ﬁ(qqu)a (6)

where ﬂ(qqu) = CT (qqu)qv - g(qv) + Tr is defined for
the simplification. To estimate external torque, a residual
vector r € R™t0 and its dynamics are defined as follows,

r=Ko(p—p) (7)
P=1,+pB(q.q)+r, (8)

where Ko = diag{ko;} > 0 is the positive diagonal gain
matrix and p is the derivative of the estimated momentum.
Integrating (7) results in

t

r=Ko{p()-p(0)~ [[(5+Blana) +r)arf. )
This momentum observer can estimate the external torque
using only q,, q,, and T,. However, if the friction torque
is dominant in the joint torque such as the robot with high
gear reduction ratio and JTS is not available, accurate friction
torque Ty ; should be estimated to calculate the residual in
(9). Furthermore, the error of the dynamic model affects the

precision of the external torque estimation.

III. PROPRIOCEPTIVE EXTERNAL TORQUE LEARNING

In this work, the goal is to estimate the external joint
torques of the floating base robot using only proprioceptive
sensors. Especially, this study focuses on the external joint
torque of the legs of the humanoid for walking control, but
the proposed method is not restricted to a specific robot or
limb. In the following sections, details on network architec-
ture, data collection, and training will be introduced. Also,
contact wrench reconstruction and contact wrench calibration
for the inertia modification of the foot link are addressed.



A. Network Architecture

Before specifying the neural network model for external
torque estimation, proper input features for the learning
should be defined first. From the analysis in Section II-B,
the external torque of the robot is a function of generalized
position, velocity, acceleration, and motor torque including
the states of the base link. Specifically, Ryy, Vs, @fp, Vip,
®rp, 4, q, §, and T, are required for the estimation of the
entire external torque of the robot. However, using all the
states of the robot as an input of the network results in a
large network size and redundant input features which can
deteriorate the training result. Also, this work only focuses
on estimating the external torques of the legs. Thus, a single
network is designed to learn the external torque of a single
leg separately by utilizing the sparsity of the dynamics
induced by the kinematic tree structure of the humanoid
[16]. For example, the external torque of the left leg can
be estimated using the full states of the floating base and the
joint position, velocity, and acceleration of the left leg. As a
result, the external torque of the left leg, T, 0, € R/, can be
expressed below

Teleg = f(qleg7qleg7q13ga Tm,leg7be7vfb> a)ﬂnvfbv d)fb)

(10)
where qjeg, Qreg» and §eq € R! are the joint position, velocity,
and acceleration of the left leg, respectively. [ is the number
of joints in the left leg (6 for the humanoid robot used in
this work). T, ., € R! is the motor torque of the left leg
joints. Note that, in the rest of this paper, external torque
learning of the left leg is mainly addressed for simplicity,
but the proposed method is also applied to the right leg.

Despite the relationship in (10), using the joint accelera-

tion is not desirable because it is highly noisy. Furthermore,
the orientation, the linear velocity, and the angular accelera-
tion of the floating base (pelvis link) should be estimated be-
cause IMU typically measures linear acceleration and angular
velocity, and only some high-performance IMU provides the
estimated orientation and linear velocity optionally. In our
previous work [10] and in other works [13], [14], instead of
estimating these unavailable input states explicitly, the time
sequence of the available variable is used as the input of
the network by assuming that the neural network can infer
the unavailable variables intrinsically from the time sequence
of the available variables. In this work, similarly, a neural
network is trained to estimate the external torque directly
only with the sequence of the available sensor information
under several assumptions as below:

« Joint acceleration can be estimated with the time se-
quence of joint velocity.

« Orientation, angular acceleration, and linear velocity of
the pelvis can be estimated with the time sequence of
pelvis angular velocity, pelvis linear acceleration, joint
position, and joint velocity [17].

o Motor torque calculated from the current sensor T, .,
has a reasonably small error when compared to the de-
sired torque T4,., because of the high control accuracy
of the motor current controller [18].

Teteg(k—3) Teteg(k—2) Teteg(k—1) Teteg(k)
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Fig. 1. The unfolded graph of GRU and a linear output layer. This GRU
network takes the two vectors; current sensor data x(k), a hidden state vector
h;_; from the previous time step, and outputs h;. The linear output layer
calculates the estimated external torque T, o, (k) from hy.

TABLE I
SUMMARY OF THE GRU NETWORK STRUCTURE AND
HYPERPARAMETERS FOR TRAINING

Network design Value  Hyperparameter Decision
Size of hidden state 150 Initial learning rate 0.0001

Size of input vector 24 Batch size 64

Size of output vector 6 Epochs 200
Number of GRU layer 1 Drop out 0
Frequency of input 100Hz  Optimizer Adam(0.9, 0.999)

Based on these assumptions, input variables and their
sequence are defined as follows:

Xseq = [X(k_h+l)a B X(k_l)v X(k)]a (11)
X(k) = [qleg(k)a qleg(k)a Td.leg(k)a pwfb(k)7 prb(k)] (12)

where k is the current discrete control time, and h is the
length of the data sequence horizon. 7@ s, (k) and 7V s (k) are
the pelvis angular velocity and the pelvis linear acceleration
in the pelvis local frame. It is notable that the required sen-
sors for the input variables are fundamental and commonly
available in most humanoid robots [19].

Then, the network, which estimates the external torque
using the selected input sequence, can be formulated as
%Zleg = fo(Xseq). Tejteq € R® is the estimated external torque
on the left leg joints, fy is the general expression of the
neural network, and 0 is the trainable network parameters.
The reason for estimating the external torque instead of the
external wrench directly is that the external torque has more
general information than the external wrench on the specific
link. Although the estimated external torque is used only
for the contact wrench control in this paper, the estimated
external torque also can be used for collision detection or
impedance control on the other links, for example.

Among various neural network structures, RNN is special-
ized for training time-sequence data. Thus, Gated Recurrent
Unit (GRU), a kind of RNN, is chosen as the structure
of the network because GRU shows the best results in
our training and validation data among several candidate
networks [vanilla RNN, GRU, LSTM, TCN [20], MLP] with
the similar number of network parameters and the same
grid search of hyperparameter tuning. In contrast to our
expectation that LSTM would perform better, it is observed
that GRU outperformed LSTM slightly within our search
space. We conjecture that the problem of external torque
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Fig. 2. Overall walking control framework and the estimated external torque feedback of the proposed GRU network to the ZMP controller. S is the

reference footsteps. §"e is the reference CP trajectory. Py is the desired ZMP. Aey, eref , and ey 4 are the modified, reference, and desired transformation
of both legs, respectively. R, and Ry are the current and desired rotation of the pelvis link, respectively. ¢, is the desired center of mass position. qq is
the desired joint position. T, T,, and T, are the joint PD control torque, gravity compensation torque, and the desired joint torque, respectively.

estimation requires only a short sequence of input history and
that the long-term memory mechanism of LSTM embedded
in the cell states may not contribute to better performance in
this particular case. Some information on the GRU network
design is summarized in TABLE I. As shown in Fig. 1, the
hidden state of the GRU is sent to the single linear layer
to reduce the number of outputs to the dimension of the
estimated external torque.

B. Data Collection

In this section, data collection procedures including the
used sensors and data production method are introduced.
Three kinds of sensors (encoder, IMU, and FTS) are used
for the data collection. The encoder measures the joint angle
Qg and calculates the joint velocity g, with numerical
derivatives. An IMU consists of an accelerometer and a
gyro sensor which measure a linear acceleration PV, and an
angular velocity @y, in the local coordinate, respectively.
Lastly, an FTS is used to calculate the contact wrench under
the foot of the left leg, F,;, € R® from the raw FTS
measurement, T Frr,, € RS, by calibrating the gravity of
the foot link because the FTS of the leg is mounted between
the ankle link and the foot link. However, the Coriolis &
centrifugal force and the inertia force of the foot link are
ignored because it is relatively smaller than the gravity force
during the walking experiments, and measurement of the foot
link acceleration is highly noisy resulting in larger errors in
the calculation of the external wrench. Accordingly, F ;. is
calculated as

Feseg = piX (" Frries — X/ Gy).
A IgR
7BRBI'BA X

03,3 13)

A
BX IgR

where / Gy e R® is the gravity wrench of the foot link in
the local frame. 4X is the coordinate transformation from
the coordinate frame B to the coordinate frame A, and
Brps € R3 is the vector expressing ﬁ in B coordinates.
r7X is the transformation from the FT sensor position to
the contact point on the foot (center of the sole) and © 7}X is
the transformation from the center of mass of the foot link
to the FT sensor position.

After that, the contact wrench is mapped to the external
joint torque using the contact Jacobian ¢J. € R®*® which
is from the pelvis link to the contact point of the left foot
expressed in the contact foot local coordinates. The target
value of the external torque learning can be obtained as

Teleg = CJZCFe,leg- (14)

Note that FTS is only used during the data collection
procedure to obtain the target value for the network training
(Te,eg), and FTS is no longer required for the inference of
the external torque after the training.

Data is collected using the implemented walking controller
in our robot [21]-[23] by manually commanding the desired
velocity of the robot randomly on the flat ground. The
overall walking control framework for capture point (CP),
€, tracking is shown in Fig. 2. The step length, turning
angle, step period, and swing foot height are varied around
the normally used values to collect the large distributed
walking data. The step length varies in the closed interval
[-0.10 m, 0.15m] and the turning angle varies in the closed
interval [-20°, 20°]. The step period is selected among four
values {0.6, 0.7, 0.9, 1.1} s, and the maximum foot height is
selected among three values {4.0, 5.5, 7.0} cm. Additionally,
external forces are intentionally applied to the swing foot
and upper body during data collection in order to break a
strong correlation between external torque and foot height.
Otherwise, the network may rely on the swing foot position
to infer the external torque.

The data is collected for 3 hours with a 100 Hz sampling
frequency (more than one million samples), and it is divided
into the training data and validation data with a 9:1 ratio.

C. Training

The network is trained using a typical deep-learning
method of RNN. The parameters of the network are up-
dated using the Truncated Back Propagation Through Time
(TBPTT) method with 1s time horizon (h = 100). All the
hyperparameters for the training are summarized in TABLE
I. For the parameter update, the Adam optimizer is used with
the default betas (0.9, 0.999). The learning rate is scheduled
to decrease linearly from the initial value in TABLE I to the
0.01 times smaller value during the first half of the epochs,



which enables more stable and better learning results. It takes
approximately 3 hours for the 200 epochs training using the
Pytorch library and using a single desktop computer that has
a single CPU (Intel Core 19-12900K x 24), and a single GPU
(NVIDIA GeForce RTX 3090). However, it takes less than
30 microseconds to calculate the single network inference in
the embedded robot computer (Intel Core i17-10700K x 8) by
implementing the network in C++.

The loss function L is the mean squared error between
the target external torque value and the estimated torque
formulated by

4 2
= Z Te,leg,i - Te,leg,i)

i=1

1
— 15)
m

D. Contact Wrench Reconstruction and Calibration for Re-
moval of FTS

From the estimated external joint torque of the trained
network ’i'e,leg, the external wrench on the foot Fe’leg can
be reconstructed again by the inverse of the J.. To enable
numerically stable calculation near singularities, the damped
pseudo-inverse is used as

{J } Te Jdeg-

Using the estimated contact wrench under the foot link,
F&lgg, the contact wrench feedback control can be realized
for the stable locomotion of the humanoid.

However, to fully exploit the advantage of the proprio-
ceptive external torque estimation, the real hardware sen-
sor, FTS, should be replaceable with the neural network.
Nonetheless, if the FTSs on the foot of the humanoid are
removed, the inertia and size of the foot link which is
included in the trained system will change. Therefore, it is
necessary to deal with the removal of the FTS in kinematics
and dynamics. Firstly, the contact position and the contact
Jacobian matrix should be adapted according to the modified
size of the foot link. Secondly, the modified gravity of the
foot link should be reflected on the contact wrench estimation
in (16). Otherwise, it is included in the estimated external
wrench resulting in an estimation error. Accordingly, the
external wrench can be calibrated for the FTS removal as,

CFL g = LTI Rt + XTI Gp = GX*Gpe. (17)
where ¢*F*

eleg —
eleg € R® is the calibrated contact wrench esti-
mation. c¢* and fx are the new contact position and new
center of the mass of the modified foot link, respectively.
f Gy € R® is the gravity force of the new foot link. As
same as in (13), only the gravity force is considered in (17).

eleg (16)

IV. EXPERIMENTS

In this section, the learned external torque for the hu-
manoid’s leg is evaluated through real robot walking exper-
iments. The estimated external torque by the proposed GRU
network is validated on the test set, and it is used for the ZMP
control of the supporting leg in Section IV-A. Then, when the
inertia of the robot is modified, the consistent performance of
the external wrench estimation for humanoid walking control
is shown in Section IV-B.

Through all the experiments, a torque-controllable full-size
humanoid robot, TOCABI, is used, and only the results of
the left leg are demonstrated because the right leg has similar
results to the left leg. For the robot’s hardware specifications,
TOCABI has 33 DoF (16 in both arms, 12 in both legs, 3
in the waist, and 2 in the neck), the height is approximately
1.8 m, and the weight is around 100 kg. The robot has an FTS
(ATT Mini85 SI-1900-80) on each foot, an IMU sensor (Lord
Microstrain 3DM-GX5-25) on the pelvis, and a motor side
encoder in each joint. The torque control frequency is 2 kHz.
Note that the positive direction of the x-axis is the forward
direction of the robot, and the positive direction of the z-axis
is the vertically upward direction aligned with gravity.

A. Test Results and Contact Wrench Feedback Control for
Humanoid Locomotion

The trained GRU network is evaluated on the real robot for
the estimation of the external torque and the contact wrench
while the robot is walking forward. The robot walked 1.0 m
straight forward with 0.1 m step length, 0.055 m maximum
step height, and 0.9s step period (0.6s for single support,
0.3 s for double support) for each step. The estimated external
torque and the target value calculated by the FTS for the
left leg joint are displayed during one walking cycle [8.3s,
10.1s] in Fig. 3(a). For the first half of the time [8.45s,
9.05s], the left leg is in the swing leg phase and it transits
to the double support phase after 9.05 s. And, after 9.35s, the
left leg becomes the supporting leg. A model-based external
torque estimation method, MOB with friction model [9], is
also implemented for the comparison because MOB requires
the same proprioceptive sensors as the proposed method. For
the implementation of MOB to the floating-based robot, the
estimated linear velocity of the pelvis link is used which is
estimated by the complementary filter using the joint states
and IMU measurements.

As shown in Fig. 3(a), all the estimated torques (red)
track the target external torque values (blue) closer than
the estimated disturbances by the MOB (dotted gray). Even
though the friction torque is reflected in the MOB, the
estimation error is still large because of the robot modeling
errors, and the other ignored disturbances, for example, joint
stiffness and load-dependent friction.

Mean absolute error (MAE), root mean square error
(RMSE), and relative MAE (rMAE) of the estimated torque
for each joint are shown in TABLE II. rMAE refers to the
relative percentage of the MAE over the maximum external
torque measured by the FTS. According to the results in
the last low of TABLE II, MAEs and RMSEs of the MOB
residual are approximately 3 times larger than the ones of
the GRU except for the fourth joint (5 times larger). The
estimated external torque by the proposed learning method
can be used for the ZMP control to balance the robot while
walking. However, the robot failed to maintain balance using
the MOB residual for the contact wrench feedback control
of the supporting leg because of its large estimation errors.

From the estimated external torque of the trained network
%e7leg, the external wrench on the foot Fe,leg can be calculated
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Fig. 3. (a) The estimated external joint torque of the left leg by the proposed GRU network (red), the measured external torque by FTS (blue), and

the estimated external torque by MOB with friction model (gray). (b) The estimated contact wrench by projecting the estimated external torque from the

network (red), and the measured contact wrench by FTS (blue).

TABLE I
STATISTICS OF THE EXTERNAL TORQUE ESTIMATION ERRORS ON THE

= Desired ZMP = Measured ZMP

FTS Feedback

== Desired CP
GRU Network Feedback

= Measured CP

REAL ROBOT STRAIGHT WALKING DATA WITH GRU AND MOB
_ E
Estimation Statistics Joint # 5
1 2 3 4 5 6 >;
MAE (Nm) | 1.043 3796 7286 3741 1795 1.091 2
GRU RMSE (Nm) 1354 4826 8161 4517 2276 1406 3
tMAE (%) 6.3 2.7 8.5 2.4 42 2.9 &
MAE (Nm)  2.845 12830 23597 18.801 6.115 4.030
MOB RMSE (Nm) 3705 19.686 26762 22425 8.165 6.860 T T
IMAE (%) 171 92 276 118 144 106 ime [s] ime [s]
MOB/GRU MAEMAE 2728 3380 3239 5026 3407 3.694
E
TABLE III %
A2
STATISTICS OF THE EXTERNAL CONTACT WRENCH ESTIMATION ERRORS S
ON THE REAL ROBOT STRAIGHT WALKING DATA WITH GRU §
(-9
Statistics Wrench
FEN) KRN FE®N M Nm M Nm) M, (Nm) Time [s] Time [s]
MAE 10.329 5.938 19.743 1.191 1.717 0.831
RMSE 12.232 7412 31.139 1.839 2420 1.113 Fig. 4. ZMP and CP trajectories when the humanoid is walking forward
MAE (%) 113 3.5 1.7 3.1 3.7 5.3 according to the contact wrench feedback methods.

as in (16). The estimated external wrench by the network
and the measured external wrench by FTS on the left foot
are shown in Fig. 3(b). Also, the statistics of the external
wrench estimation errors are summarized in TABLE III. The
MAE in F; is 19.743 N which is 1.7% of the maximum force
on the z-axis while the rMAE of F; is 11.3%. However, F,
My, and M, are only used to calculate the ZMP of the robot.

The estimated external wrench, l:“eJeg, is used as the
feedback signal for the ZMP control [22] while the robot is
walking forward with a step period of 0.9 s. With the precise
estimation performance of the network, the humanoid robot
can walk robustly by substituting the FTS measurements with
the network estimation, ﬁe,zeg- The ZMP and CP trajectories
in X and y directions according to the contact wrench

feedback signal are demonstrated in Fig. 4. The two figures
in the left column of Fig. 4 are the ZMP (red) and CP
(blue) trajectories when the FTS measurement is used. The
right column shows the result of the walking using the GRU
network estimations instead of FT'S measurement. As shown
in Fig. 4, it is difficult to distinguish between two walking
trajectories with the FTS measurement and GRU estimation.

The ZMP and CP tracking errors for the experiments with
0.9s and 0.7 s step periods are displayed in Fig. 5. Although
the ZMP and CP errors of the network feedback experiments
(red) are higher than the errors of the FTS feedback (blue),
the errors are still low enough for the robot to walk stably.
Moreover, even for the step period of 0.7 s, stable walking is
realized with the network wrench estimation similar to the



M FTS Feedback M GRU Feedback

0.035
0.030
0.025
0.020
0.015
0.010
0.005
0.000

Mean Absolute Error [m]

ZMP cP ZMP cP ZMP cP ZMP cP

Axis X Y X Y

Step Period 0.9s 0.7s

Fig. 5. Comparison of ZMP and CP tracking errors in x and y directions
according to the contact force sensing method.

5.2kg

Small Foot

Original Robot

Small Foot + Battery

Fig. 6. The original robot hardware used for data collection and two
different hardware settings (Small Foot and Small Foot + Battery) for the
validation of the consistent performance of the proposed method with respect
to the inertia changes.

0.9 s step period experiment without any difficulties.

B. Consistent Walking Control Performance for Modification
of Robot Foot Link and Upper Body Mass

In this experiment, the possibility of the FTS replacement
with the neural network is validated and the estimation
performance across different hardware settings is analyzed.

However, instead of removing FTS in the robot, the
experimental setting is designed to imitate the situation
where the FTS is removed because the measured contact
wrench is necessary for the calculation of the estimation
error of the network and the calculation of the measured
ZMP. As shown in Fig. 6, the robot is equipped with lighter
and smaller foot links to mimic the absence of the FTS.
The original foot link weighs 1.614kg and the small foot
weighs 0.395kg. The decreased mass of a single-foot link
is over 1.2kg which is approximately 2 times larger than
the mass of a single FTS (0.635kg). The size of the foot
sole is also decreased from 0.30m x 0.13m (original foot) to
0.26m x 0.10m (small foot). For the small foot modification,
the modified foot link which is included in the trained system
is explicitly reflected in the contact wrench estimation as
described in (17). Furthermore, the model of the robot,
the control gains in the admittance controller [22], and the
desired ZMP constraints are adjusted for the small foot to
realize stable walking control performance.

M FTS Feedback  ® GRU Feedback
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0.010
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Mean Absolute Error [m]

0.000

Axis

Step Period

Small Foot

Hardware Small Foot + Battery

Modification

Fig. 7.  MAE of ZMP and CP in each axis for two contact wrench sensing
methods according to the hardware settings when the humanoid robot walks
forward for 1.0m with step periods 0.9 s and 0.7 s. The blue bar represents
the ZMP and CP errors when the robot uses FTS measurement for the ZMP
feedback control. The red bar represents the errors when the robot uses GRU
network estimations for the ZMP feedback control.

Moreover, another hardware setting is also prepared as
shown in the third figure of Fig. 6 where two battery cells
(total of 5.2kg, approximately 5% of the robot mass) are
added to the upper body of the robot. This experimental
setting is designed to show the adaptation ability of the
trained network when the mass of the upper body is increased
compared to the original robot setting. Contrary to the small
foot setting, battery cells increase the inertia outside of the
trained system only resulting in the increased magnitude
of the external wrench on the supporting foot. Thus, the
estimated external wrench is not calibrated explicitly for the
battery, and only the model of the robot is adjusted. Note that
all the same procedures are also applied for the experiments
with the FTS measurement when the link inertia is modified.

A total of eight experiments are conducted with all combi-
nations between two different hardware settings (small foot
and small foot + battery), two different step periods (0.9s
and 0.7 s), and two different contact wrench sensing methods
(FTS and GRU). The experimental results are summarized in
Fig. 7 for the ZMP, and CP errors while the robot is walking
forward 1.0 m with the 0.1 m step length. Through all cases,
the humanoid robot could walk stably on flat ground with
the estimated contact wrench feedback despite the inertia
modifications. Generally, walking experiments with a 0.9s
step period show that the experiment with network wrench
feedback (red) has larger errors in the ZMP and CP tracking
than the experiment with FTS measurement (blue) as shown
in Fig. 7 while, in experiments with a 0.7s step period,
the ZMP and CP errors with GRU feedback are lower than
the errors with FTS feedback. In spite of such differences
in statistics of ZMP and CP errors, the behaviors of the
robot are not distinguishable between the two force sensing
methods (See the supplementary video).

These experimental results validate the generalization abil-
ity of the proposed learning method aided by the model-
based calibration when the robot’s links are changed, espe-
cially for the humanoid locomotion task. When the size of


https://www.youtube.com/watch?v=a2eLoIsEF9I

the foot link is changed, it is difficult for the network to
adapt to the kinematic changes without additional training.
Therefore, the model-based calibration method introduced
in III-D is used not only for the inertia changes but also
for the kinematic changes of the foot link. However, for
the increased mass of the upper body by the batteries, the
proposed network can estimate the external wrench without
further training or model-based calibration.

The lesson from this experiment is that even though the
distribution of the desired torque and external torque is
shifted by the inertia changes, the network can estimate
the external torque without losing generalization thanks to
the distributed random walking data. Deep learning method
shows superior generalization ability for interpolation prob-
lems, but it shows poor performance for extrapolation prob-
lems. Therefore, this consistent estimation performance can
maintain as long as the input and output signals are in the
range of the training data. Consequently, collecting widely
distributed training data around the target task is crucial for
this data-driven method.

V. CONCLUSION

In this study, a novel external torque learning is proposed.
From the analysis of the dynamics and under several as-
sumptions, the GRU network architecture is designed. For
the network training, largely distributed random walking data
of the humanoid robot is collected. Finally, it is validated
that the external torque can be estimated accurately only
using the proprioceptive sensors (encoder and IMU) through
real robot experiments. Especially, the estimated external
torque from the network is utilized for the ZMP control of
the humanoid robot. Moreover, although the inertia of the
foot link and upper body changes, consistent performance of
the contact wrench estimation is demonstrated by using the
same network and using the model-based calibration through
extensive locomotion experiments.

We believe that the proposed learning method can reduce
the production cost, inertia, hardware complexity, and the
possibility of system failure by substituting the FTS hardware
with the neural network, especially, when the humanoids are
manufactured in large quantities.

For future works, improving the performance of the ex-
ternal torque estimation for various tasks will be studied by
combining the model-based method and data-driven learning
method. Furthermore, using the estimated external torque,
safety-oriented studies to realize impact-aware and impact-
reactive humanoids will be conducted.
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