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Abstract: When humanoid robots work in human environments, they are prone to falling. How-
ever, when there are objects around that can be utilized, humanoid robots can leverage them to
achieve balance. To address this issue, this paper established the state equation of a robot using a
variable height-inverted pendulum model and implemented online trajectory optimization using
model predictive control. For the arms’ optimal joint angles during movement, this paper took the
distributed polygon method to calculate the arm postures. To ensure that the robot reached the target
position smoothly and rapidly during its motion, this paper adopts a whole-body motion control
approach, establishing a cost function for multi-objective constraints on the robot’s movement. These
constraints include whole-body dynamics, center of mass constraints, arm’s end effector constraints,
friction constraints, and center of pressure constraints. In the simulation, four sets of methods were
compared, and the experimental results indicate that compared to free fall motion, adopting the
method proposed in this paper reduces the maximum acceleration of the robot when it touches
the wall to 69.1 m/s?, effectively reducing the impact force upon landing. Finally, in the actual
experiment, we positioned the robot 0.85 m away from the wall and applied a forward pushing force.
We observed that the robot could stably land on the wall, and the impact force was within the range
acceptable to the robot, confirming the practical effectiveness of the proposed method.

Keywords: fall; humanoid robots; wall support; model predictive control; whole-body control

1. Introduction

In human living environments, many tasks can be completed by humanoid robots,
such as serving coffee in restaurants, cooking in kitchens, and delivering parcels outdoors.
These jobs require not only dexterous motor skills but also preparation for dealing with
contingencies like accidental falls, sudden power depletion, or signal interruptions. Given
the possibility of various emergencies arising during robotic operations, this study focuses
on the online generation and motion control of fall protection trajectories for humanoid
robots in simple environments.

At present, research on fall protection for humanoid robots focuses on three main as-
pects: Firstly, using hardware structure protection, as seen in articles [1-4]. Although hard-
ware protection can cushion the impact force generated by falls, the overall motion ability of
the robot is weakened due to the addition of protective materials, resulting in significantly
reduced joint flexibility and workspace. Secondly, using bionic methods: (1) imitating
human fall behavior and actions, as introduced in articles [5-7], by imitating Ukemi motion
or self-protective motion to generate different trajectories based on varying fall speeds;
(2) collecting human kinematic, dynamic, and physiological data through motion capture
systems, which are ultimately converted into the angles or moments of the corresponding
joints of the robot, as shown in articles [8-10]. Thirdly, learning the optimal location of
the multiple contact points through reinforcement learning algorithms or trajectory opti-
mization, as introduced in articles [11-15]. Although these practices can reduce the harm
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caused by falling, they all overlook the fact that humans design robots to work in human
environments, where many objects, such as walls, desks, and other fixtures, can be utilized
to prevent falls.

Inspired by this, many scholars have begun to consider utilizing external objects
to help stabilize robots when they fall, such as bracing against a wall. For example,
Vincent Samy introduced a model predictive control (MPC) method with uniform gravity
distribution in his paper [16]. Meanwhile, in another paper [17], he also introduced a
phased optimization control method to achieve stable landing of the robot in unstructured
environments. However, we can only see the simulation videos in his article, while the
actual experimental results are not known. The COMAN robot arm from IIT optimized
the rotation angles of each joint using maximum stiffness ellipsoids [18], but this method
lacks general applicability due to the unique structure of the robot, which incorporates
both rigid and flexible joints. Inspired by human behavior, Wang Shihao introduced an
online control method in his articles [19,20], but the miniature size of his robot meant the
actual effects were not fully demonstrated. Da Cui simulated a robot bracing against a
wall after being disturbed in his paper [21], modeling the robot’s ankle joint as a passive
joint. While convenient for simulation, this method would be very dangerous in actual
robot applications. The latest article [22] proposes a D-reflex method, which uses neural
networks to learn and predict potential wall brace positions for the robot arm during a fall.
The downside is that the robot would need to spend significant time retraining the model
if the environment changes.

To address the problem of utilizing wall to stabilize robots during the process of
falling, this study employed a variable height-inverted pendulum model (VHIP) and model
predictive control to optimize the center of mass (COM) posture during robot leg squatting.
A distributed polygon (DP) method was utilized to calculate the end effector’s pose for the
arms. Considering the complexity of coordinating multiple objectives in the falling process,
where the superposition of individual task controllers can lead to over-constrained or
under-constrained situations, this paper proposes a unified task space whole-body dynamic
control method based on quadratic optimization. This method achieves coordinated and
stable control of the aforementioned multiple tasks, ensuring dynamic tracking during
falling tasks. The schematic diagram of the overall motion framework is illustrated in
Figure 1.
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Figure 1. Fall protection trajectory generation for a humanoid robot with wall support. The su-
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perscripts “D” denotes the actual distance from the robot to the wall. Other parameters will be
introduced in subsequent sections.

The contribution of this work is two-fold:

*  An optimized full-body fall protection trajectory for humanoid robots is generated
based on variable height-inverted pendulum model and distributed polygon model.
¢  To address the issue of challenging coordination of multiple objectives during falling
scenarios, a quadratic optimization-based unified task space whole-body dynamic
control method is proposed. This method involves the design of a multi-objective task
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PD controller and a set of constraints, enabling the coordinated and stable control of
the aforementioned multiple objectives and dynamic tracking of the falling trajectory.

¢  Four different fall methods were compared, demonstrating the effectiveness of the
proposed method in this paper.

2. Methods

The simulation platform used in this study is the FCR humanoid robot, which was
independently developed and designed by our laboratory, as shown in Figure 2. The FCR
weighs approximately 50 kg, standing about 165 mm tall, each leg has 6 degrees of freedom,
the waist has 2 degrees of freedom, the arms each have 4 degrees of freedom, and a total
of 22 degrees of freedom. Assuming the optimized joint angle of the robot is g, where
qp is the value corresponding to the floating base and g; is the angle value of each joint,
the following equation can be obtained:

(%)

R
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L

Figure 2. Snapshots of the humanoid robot. The left side represents a three-dimensional view of the

robot, and the right side depicts a schematic diagram of the robot’s joints.

According to the rigid body dynamics [23], the entire dynamic motion of the robot is
shown in Equation (2).

H(q)ii+ C(9,4)4 + G(q) = S(q)T + ]} (9)F ¢)

where H(q) € RIN+0)x(N+6) represents the mass matrix; C(g,4) € RINT0)x(N+6) yepresents
the matrix of Coulomb forces and G(q) € RIN*9) represents gravity; S(q) € RINTO*N
represents the joint torque mapping; T € RN represents the joint torque vector; J.(q) €
RMx*(N+6) i5 the corresponding contact Jacobian matrix; F € RM is the M-dimensional
external force and torque.

2.1. Variable Height-Inverted Pendulum Model

During the robot’s fall and support process, we aim to control the falling motion in
real time. Compared to traditional full-body dynamics models, using a simplified model
not only speeds up computation and reduces the number of calculations, but it is also
well-suited for long-duration motions. Due to the variation in the height of the center of
mass during the process of robot falling, we employed a variable height-inverted pendulum
model to obtain the equations of motion, as shown in Figure 3.
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Figure 3. Inverted pendulum model.

20 + 210 — grsind = /M (3)

i — 6% 4 gcos = f/M 4)

where r represents the length of the link, 6 represents the angle at which the rod deviates
from the vertical direction, M represents the total mass of the robot, f represents the
force acting along the length of the rod, and 7 represents the torque applied at the pivot
point. Due to the real-time optimization nature of the method proposed in this paper for
generating motion trajectories, which demands high computational efficiency, and since
both Equations (3) and (4) contain nonlinear terms, it is necessary to linearize them. Here,
we employed a simplified approach based on the model’s behavior near the equilibrium
position, represented as [0 6 sin® cosf] ~[0 0 6 1].

2.2. Model Predictive Control

Model predictive control employs rolling optimization to iteratively optimize the
control inputs based on current state variables and input variables. The objective is to
minimize a cost function, resulting in the optimal control inputs that steer the output of the
controlled variables as close to the desired reference trajectory [24,25].

To enable the robot to deal with different impact forces and distances, this study
adopted an online trajectory optimization method. First, the state variables of the robot
are defined as X = [r, 0, #,0], the inputs are defined as U = [f, 7]. Based on the equation
mentioned earlier, the simplified dynamic equation is shown below:

7 0 0 1 0][r 0 0 0
6| 1o 0 0 1]]6 0 0 |[f 0
f‘OOOOf*}AOM‘Lg ©)
0 0 % 0 0][6 0 12 0

To optimize the state variables and control inputs, we establish the cost function
of the robot as shown in Equation (6), where xref represents the reference values of the
state variables. When the link height remains constant and undergoes free fall motion,
the trajectory of the center of mass forms an arc, as depicted by curve A in Figure 4.
However, considering the variation in the length of the link when the robot falls, we
adopted the trajectory represented by curve B. In the absence of considering air friction or
energy loss, assuming the robot is in a standing position, the total energy of the system is
Ey = mgh + 1/2mv?, where v represents the velocity imposed on the robot. As the robot
descends, if no protective actions are taken, all the energy will be converted into kinetic
energy, resulting in the maximum impact velocity upon landing. If protective actions are
taken, a portion of the energy will be converted into potential and kinetic energy, thus
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reducing the landing velocity. Therefore, during descent, lowering the robot’s center of
gravity will decrease the kinetic energy upon landing. This is why we consider adopting
the B curve as the reference value.

7z A Fall free
\ —
A \ T~a .
\ A

<t / AN

Figure 4. Reference trajectory of the center of mass.

As for the control input uref, we setit to 0, Q and R are the corresponding weighting
value. Equation (7) represents the discretized form of the state equation, while Equation (8)
represents the upper and lower bounds of the control. To effectively solve the aforemen-
tioned problem, we transformed Equation (6) into QP (Quadratic Programming) form,
as detailed in reference [26]. By reformulating it into QP form, we successfully obtained the
state variables X and control input U of the robot.

k—1
min ) (Xio = X7 QXi1 = X{) + (Ui — W) RWUia 1Y) (6)
=0 ~ A A A A
l s.tX[i+1) = A, X(i) + B;U; (7)
Upin < U; < Upmax (8)

2.3. Arm Optimization

When a robot falls, the arms play a crucial role. For example, they can be used to
adjust the body posture to balance or stabilize the robot’s body. During the falling process,
the arms can be utilized to support the robot’s body or to push the robot to alter its motion
state, avoiding more severe damage. This article uses the arms to reduce the impact when
the robot lands, while also balancing and controlling the robot’s body. Currently, research
on robots falling against walls and placing their arms on walls is mainly report in [18,21].
They used the maximum stiffness ellipse method to determine the pose of the robot arm.
The problem with this method is that when the robot body has already fallen to a certain
position, the arms will undergo a phenomenon of penetrating the model in order to reach
the optimized angle value, as shown in Figure 5c. To address this issue, this article uses a
multiple contact planning method to reduce the damage to the robot.
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Penetration model

(a) (b) (c)

Figure 5. (a—c) The phenomenon of the robot penetration model.

When a robot falls, utilizing multiple contact points on its body can better distribute
the impact force [27]. This is because by spreading the energy of the robot after landing to
multiple contact points, the energy load on a single contact point can be reduced, thereby
alleviating the impact force when the robot falls. This method can improve the stability of
the robot and reduce the risk of damage to the robot and surrounding environment.

When the robot is standing, connecting these potential contact points on the robot’s
body forms a polygon, as shown in Figure 6. These contact points include forehead, chest,
palms, forefoot soles, hind-foot soles, lower back, upper back, and occiput, and so on.
The length and direction of the sides of this polygon can change. Taking the example of a
robot falling forward and reaching out to a wall for support, when the fall was detected,
the lower body of the robot begins to squat downward. Compared to other contact points,
the knee point K was the first to approach the ground. We expect that once the robot’s knee
reaches the set reference value, the end of the arm should also touch the wall. Therefore,
a trajectory needs to be found for the arm to reach the nearest point. By observing Figure 6a,
it can be seen that in the sagittal plane, the workspace of the arm forms a circular area with
the upper arm joint as the center and the arm length as the radius. If both the knee and
arm need to reach the set reference positions at the same time, the optimal path for the arm
is perpendicular to the tangent line passing through the knee point K, as shown in SP;¢;, in
the figure.

Cl:forehead C2:chest C3:palms C4:forefoot sole C5:hindfoot sole C6:lower back C7:upper back C8:occiput.

Figure 6. Distributed polygon. (a): Represent the points connecting the robot to the ground, (b): Rep-
resent the corresponding polygon and triangle.

In Figure 6a, let the radius of the circle be represented by r, and the total length of the
arm be denoted by L. When the robot arm is fully extended, it not only exert strong impacts
on certain joints but also arise singular configurations when solving the inverse kinematics
problem. To avoid these issues, this paper introduces a proportionality coefficient, denoted
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as ki, so that ¥ = kjL, wherein 0 < k; < 1. Based on the previous discussion, point
Pyew represents the intersection of the perpendicular line and the tangent line, and this
point’s pose is continuously changing. Initially, the relationship between the upper arm,
knee, and arm lengths of the robot is determined. Assuming SK = a, SP = r, PK =D,
and ZKSP = /1, according to geometric relationships, we can obtain

/1 = arccos(a* + r* — b*/2ar) )

Since Py S is perpendicular to KPye, we can conclude that
L1+ /2 = arccos(r/a) (10)

Therefore, we can determine the rotation angle of the robot’s arm as £2. With this
angle and the arm length 7, we can determine the posture of the robot’s arm endpoint.
Another point to consider is the distance between the robot and the wall, which also affects
the selection of the radius. Let D represent the distance between the robot and the wall,
and let rq represent the minimum value between PS and KS. When D is less than r1, we
choose the radius of the circle as D, else we choose the radius of the circle as 71, next we
provide pseudo code for this selection process, as shown Algorithm 1.

Algorithm 1 Calculate the posture of the end point of the arm Ppew

get KS PS KP D S value
r1=min(k; PS,KS)
if D <rq then
r=D
else
r=min(kq PS,KS)
end if
61 = Z(PS,KS)
0 = Z(PS, PpewS)
return Py = S + RotX(02)r

3. Whole-Body Controller

Through the aforementioned variable height-inverted pendulum model and model
predictive control method, we obtained the state variables of the robot. Using the dis-
tributed polygon method, we obtained the pose of the robot’s arm. Through traditional
inverse kinematic methods we can obtain the joints angle, and this method cannot main-
tain balance in multi-contact situations. Based on this, this paper adopts a whole-body
control approach to track the aforementioned reference trajectory. Using whole-body con-
trol not only allows the robot to perform multiple tasks simultaneously but also enables
coordination between different tasks, thus increasing the robot’s flexibility. Additionally,
by controlling multiple joints, whole-body control can enhance the stability of the robot,
enabling it to maintain balance in a complex environment. Therefore, this paper adopts a
dynamic-based whole-body control approach to track the desired trajectories.

To reduce the impact force upon landing, the robot not only needs to squat its lower
body but also requires the arm to touch the wall. This constitutes a multi-objective task.
In fulfilling these tasks, the robot also needs to satisfy constraints such as whole-body
dynamic constraints, ZMP constraints, friction constraints, and joint limit constraints.
To solve for the optimal objective values, we need to set the optimization state variables
X- In this paper, the optimization variables are set as y = [§, T, F], where § represents the
generalized joint acceleration of the robot, T is the driving torque, and F represents the
contact forces and torques at the contact points.
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Constraints and Cost Function

According to the rigid-body dynamics model introduced in Section 2, in order for the
robot to reach the target point stably, constraint Equation (2) needs to be satisfied. For the
convenience of subsequent optimization, we have modified it as follows:

i
[H(q) =S(q) —J"]|t| =—Clq,9)q (11)
F A/_/
~—— bm

X

Apm

Let
Ay = [H@ —=S@) =] (12)

by = [=C(4,9)4] (13)

During the slow walking process of the robot, it is common practice to place the center
of mass of the robot between the two hip joints. This simplified approach is suitable for
slow walking speeds. However, during more dynamic motions such as falling, the robot’s
actions can be relatively intense. Therefore, we determine the actual position of the center
of mass based on the real positions, orientations, and masses of the robot’s links. The actual
position of the robot’s center of mass can be expressed as follows:

N
Y.ii1Mipi
N
Zi:1 m;

Similarly, we can obtain the direction of the robot’s center of mass, denoted as R¢o;-
Let p?,, represent the desired center of mass position obtained from Section 2.2, and R%,,,
represent the desired center of mass direction. While in motion, we aim to achieve stable
control of the COM pose. Following the approach in [28], we have used a PD feedback
control to modify the output of the task space controller, resulting in the following equation:

(14)

Pcom =

ﬁzom = fjtcium + kP(p?om - Pcom) + kd(f’com - pf:lom) (15)
RZom = R.(‘,?om + kR(Rgom - RCOTH) + kD(RCOW - R‘ciom) (16)

By taking the second derivative of the task space control objectives pcom and Reom, we
can obtain the following equations:

peom = I (@G + I} (0)q (17)
Reom = JR™(@)d + JR™ ()4 (18)

By combining Equations (15)—(18) and considering that we desire the task space output
of the robot to be equal to the actual output, we can obtain the following state equation:

[I;”’”(q) 0 0} . [—j,somw)wa;:m 19)
]Iczom(q) 00 F 7]1C{0m(Q)q. + RZom
A Y "

Similarly, we can derive the control equation for the end effector trajectory of the arm,
denoting it as Equation (20). When the entire body of the robot moves forward, the end
position of the robot’s arm must reach the wall, and the distance is D.

AgrmX = barm

(20)
Phand = D
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The constraints introduced earlier are equality constraints. However, when the robot
falls and comes into contact with a wall, we do not want it to experience backward sliding.
Therefore, it is necessary to set up relevant friction constraints. In this paper, the friction
coefficient is denoted as y# = 0.75, and the friction constraint can be represented by the
following equation:

- ]/lF > <F < ﬂF z

—uF; SFy < uF,

(1)
0 < Fpin < F2 < Fyax
Tmin < Fx < FZ
Simplifying the above Equation (21), we obtain
Apx < by (22)

In addition, during the process of falling, the center of pressure (COP) should be
within the support polygon of the robot, which corresponds to the contact area of the
supporting feet. Therefore, we can derive the corresponding equation as follows:

Tey — fc,xds
Pcopx = _fi
cz
p _ Te,x — fc,yds
o Jerz (23)
lFoot lPoot
— <P, < —
5 copx 5
WEoot WEoot
> Pcopy 2

where 7., denote the moment generated by the supporting leg of the robot along the
x-axis, fcy is the force along the y-axis, and f; is the force along the z-axis. I, and Wy,
represent the length and width of the humanoid robot’s footplate, respectively, and d
represents the mounting height of the six-axis force/torque sensor.

Simplifying the above Equation (23), we obtain

AcopX < bcop (24)

The optimization state variable of the robot should also be within its corresponding
range, as follows:

Xmin < X < Xmax (25)

By using the above equation, we obtain the constraints for the robot during its motion.
However, these constraints can also be transformed into objective functions [29]. One
common approach is to convert them into the form of quadratic programming. We define
the cost function as a multi-objective optimization function, which is specified as follows.
The first term represents that the robot needs to satisfy the whole-body dynamic equation,
which needs to be satisfied at all times during the motion process, so its weight coefficient
Wi(i = 1,2,3,4,5) is set relatively large. The second term represents the constraint on
the pose of the center of mass, the third term represents the constraint on the arms pose,
the fourth term represents the friction constraint, the fifth term represents the requirement
for the robot to stay within the center of pressure range during its motion.

H}(in Wl(AMX - bM) + WZ(ACX - bc) + WB(AarmX - barm) + W4(Ay)( - by) + WS(AcopX - bcop) (26)
s.t. Apx = bm (27)
Acx = be (28)

AgrmX = barm (29)
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Phand = D (30)

A <y (31)

AcopX < bcop (32)

Xmin < X < Xmax (33)

4. Simulation

To validate the effectiveness of the proposed method, we conducted simulations using
MATLAB R2023a and CoppeliaSim 4.1 software. MATLAB was primarily utilized for
optimizing equations related to model predictive control and quadratic programming.
CoppeliaSim, on the other hand, received joint position commands from MATLAB and
provided MATLAB with actual joint positions, floating base orientations, and contact
forces. Kinematics and dynamics calculations for the robot were performed using the Frost
software [30]. The simulation was conducted within the Bullet 2.78 dynamics engine with
a control cycle of 5 ms. In the model predictive control, the prediction horizon was set
to 10, and the weight values for matrix Q were chosen as [1000, 1000, 100, 40], while the
weight values for matrix R were set as [le — 3, 1e — 3]. The values for X, ¢ were determined
according to Section 2.2, and all U, values were set to 0.

At the beginning, we applied a forward force of 200 N and a last time of 0.2 s on the
robot’s head. The detection of whether the robot would fall and the direction of the fall
were determined based on reference [31]. The distance D between the robot’s ankle and
the wall was provided in advance. In the simulation, the distance is 1 m. To validate the
practical effectiveness of the proposed method, this study conducted several comparative
simulations. The first simulation group involved the robot without any protective actions.
In the second group, the robot generated leg joint trajectories solely using the variable
height-inverted pendulum model. In the third group, the combination of the variable
height-inverted pendulum model and the distributed polygon method was employed.
Finally, the fourth group expanded upon the third group by incorporating whole-body
motion control.

4.1. Falling without Protective Actions

In the first set of simulation experiments, when the robot did not take any protective
actions, it directly toppled into the wall. Figure 7 illustrates the robot’s motion state, while
Figure 8 represents the corresponding impact acceleration. Based on this, it can be observed
that the maximum acceleration is 218.45 m/s?, and at 1.45 s, the robot collided with the

wall again.
| ! | / 4 /

Figure 7. Humanoid robot without taking any protective actions.

200N
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Acceleration curve of robot during free fall
T T T T

e ACC
X

- =—acc_[]
y

150 —acc

100

acceleration(m/sz)

-100

Time(s)

Figure 8. The curves of a robot performing free fall motion, where acc represents all sum accelerations.

4.2. Falling with the Variable Height-Inverted Pendulum Model

By employing a variable height-inverted pendulum model and model predictive
control, we obtained the state variables X of the robot. Using inverse kinematics, we
acquired the joint angles of the robot’s legs. The resulting schematic diagram of the robot’s
motion is shown in Figure 9. From this, we can observe that without arm support, the robot
lowers its center of mass to reduce the impact velocity. As a result, the soles of its feet do not
fully contact the ground, indicating a potential tendency for the body to slide downward.

1 2 j
5 T

Figure 9. Humanoid robot falling utilizing the variable height-inverted pendulum model.

200N

We obtained the impact acceleration when the robot is descending, as shown in
Figure 10. Analyzing the latter part, it can be observed that after the robot’s head reaches
the wall, a secondary collision occurs between the body and the wall, with a relatively
smaller collision velocity, and the maximum acceleration is 141.96 m/ s2.
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Acceleration curve of robot during VHIP fall
T T T T

acceleration(m/sz)

100 (— —

1 1 1 1 1 1 1 1 1
4 1 14 1

Tirr‘me(s)
Figure 10. The acceleration curves when employing the VHIP method.

4.3. Falling with the Variable Height-Inverted Pendulum Model and Distributed Polygon Method

Simulation 2 presents the motion trajectory of the lower body of the robot when
utilizing the variable height-inverted pendulum model. From the above figure, it can be
observed that the robot almost collapses on the wall during the descent. However, the main
focus of this study is the magnitude of the acceleration and balance effect when the robot
lands on the wall. In this section, motion control of the arms has been incorporated, and the
final result is shown in Figure 11. We can observe that during the robot’s motion, the heel
exhibits a phenomenon of being off the ground. Additionally, after the arms make contact
with the wall, they undergo a sliding motion along the wall, which in turn affects the
movement of the waist joint, as shown in sequences 7, 8, and 9 of Figure 11.

200

- 1 5
€
©
6 10
&
@ <
%

Figure 11. Humanoid robot falling utilizing the variable height-inverted pendulum model and
distributed polygon method.

We also captured the impact acceleration curve of the robot when employing this
approach, as depicted in Figure 12. From this, we can observe that the maximum accelera-
tion when the robot reaches the wall is 91.14 m/s?%, and the maximum acceleration in the
y-direction is 80.2 m/s?. Compared to the previous two methods, adapting this approach
effectively mitigates the impact velocity when the robot lands, but the robot’s soles leave
the ground, causing instability. Once an impact occurs, the robot immediately falls down.
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Acceleration curve of robot during VHIP+DP fall
T T T T T

acceleration(m/s?)

Time(s)
Figure 12. The acceleration curves when employing the VHIP and DP methods.

4.4. Falling with Whole-Body Control

In order to validate the adaptability of the proposed variable height-inverted pendu-
lum model, distributed polygon, and whole-body motion control under different environ-
mental conditions, we rotated the wall counterclockwise by 12° and observed the robot’s
motion in this state. The final result is shown in Figure 13. It can be observed that during
the robot’s motion, the feet maintain continuous contact with the ground. Compared to
the method without the added motion control, the robot’s arms smoothly reach the wall
200N

without the aforementioned sliding motion causing waist joint deviation.
= 2 3
> ©
7
&

Lﬂk\ki

&

Figure 13. Humanoid robot falling utilizing the variable height-inverted pendulum model, distributed
polygon, and WBC method.

We also obtained the impact acceleration curve of the robot under this method,
as shown in Figure 14. It can be seen that at 0.77 s, the robot makes contact with the
wall with a maximum acceleration of 69.1 m/s2. After reaching the wall, it can maintain
a stable state smoothly. Therefore, compared to the previous methods, this approach ef-
fectively addresses the impact force when the robot lands. At the same time, we obtained
the state variables of the robot during its motion, including the position and direction of
the center of mass, as shown in Figure 15. From the state variables, we can observe that
the robot’s center of mass descends to 0.75 m, moves forward in the horizontal direction to
0.3 m, and achieves a relatively stable posture after reaching a rotation angle of 14.5°.
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Acceleration curve of robot during VHIP+DP+WBC fall
T T T T T

acceleration(m/sz)

a0 I I I I I I I I I I

Time(s)

Figure 14. The acceleration curves when employing the VHIP, DP, and WBC methods.

Real Com Position

oo

(a) (b)
Figure 15. The state variables during the robot falls. (a) The position of the center of mass. (b) The
orientation of the center of mass.

5. Hardware Experiment

To validate the practical application of the aforementioned methods, we conducted
experimental verification on a robot developed exclusively in our laboratory, called FCR-
robot. The name FCR stands for Falling, Crawling, and Rolling, and these functionalities are
described in detail in references [32,33]. The specific dimensional parameters are listed in
Table 1; the robot’s hardware utilizes CAN communication, and the control system employs
the RTX real-time operating system with a control cycle of 5 milliseconds. The kinematics
and dynamics of the robot are generated using Frost. The prediction horizon and weight
coefficients for the MPC are the same as those used in the simulation. To prevent drastic
changes in the robot’s joint angles during whole-body control, we implemented limits
on the final angle values sent to the robot’s motors, ensuring they do not exceed the
predefined threshold.

Table 1. The parameters of our robot.

Parameter Size Mass
Thigh 361 (mm) 7.36 (kg)
Shank 330 (mm) 5.12 (kg)
Boom 350 (mm) 4.15 (kg)

Jib 360 (mm) 2.3 (kg)
Others — 31.07 (kg)

Total Mass — 50 (kg)
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In the initial stage, the robot maintains a standing posture and is positioned 0.85 m
away from the wall. We artificially applied a forward force to the robot, and at this point,
the robot detects an imminent fall and immediately swings its arms forward, as shown in
(2)—(7) of Figure 16. During the forward swing, the leg joints also rotate forward, as depicted
in (8)—=(11). Eventually, the robot reaches the wall and maintains a stable posture, as shown
in (12)—(14). We obtained schematic representations of the robot’s center of mass position
and Euler angles, as shown in Figure 17. Combining these two figures, we can observe
that the vertical descent of the robot’s center of mass is about 0.02 m, while the forward
displacement is 0.202 m, with a rotation angle of approximately 8.02°.

(a) (b)

Figure 17. The fall protection motion of the robot when it is 1 m away from the wall. (a) The position

of the center of mass. (b) The orientation of the center of mass.

6. Discussion

This study employed a variable height-inverted pendulum model and distributed
polygon method to generate the trajectories of the robot’s center of mass and arm. Sub-
sequently, these trajectories were input into a whole-body dynamic control framework
for optimization and solution, yielding the acceleration values of each joint. The joint
angle trajectories were obtained through second integration. Simulation comparisons
were conducted to demonstrate the effectiveness of the proposed method by contrasting
it with four different approaches. The results confirmed the superior performance of the
method presented in this study. It should be noted that this study focuses on the scenario
where the robot stands on both feet and does not consider walking or running. Therefore,
future research may address these aspects. Additionally, further investigations will be
conducted on employing rolling motions to reduce the impact force during high-impact
situations. In conclusion, the proposed method in this study holds significant importance
for subsequent research.
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7. Conclusions

To address the issue of utilizing surrounding objects as support during a robot’s fall,
this study first established a variable height-inverted pendulum model and derived model
predictive control method to obtain the optimal state variable for the robot. To reduce the
impact energy when the robot lands, the arm utilizes a distributed polygon method to
reach the nearest point to the wall. To obtain optimal joint trajectories, this study employed
whole-body motion control. By assigning different weights to the multi-objective con-
straints as a cost function and utilizing a QP solver, the joint accelerations were optimized.
Constraints such as whole-body dynamics, center of mass, arm configuration, pressure cen-
ter, and friction were considered. In the simulation, we compared the acceleration curves of
free fall, using the variable height-inverted pendulum model, the variable height-inverted
pendulum model with the distributed polygon method, and the addition of the whole-body
motion control method. The results show that compared to the maximum acceleration of
218.45 m /s> during a free fall, our method can reduce it to 69.1 m/ s2. Finally, the pro-
posed theory was validated using a physical prototype. By applying a forward force to the
robot, it can smoothly reach the target point, confirming the practical effectiveness of the
proposed approach.

8. Future Work

Since we provided the distance between the robot and the wall in advance in actual
experiments, we plan to install SLAM on the robot in future work to achieve real-time
online detection.
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