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Abstract: There are many studies analyzing human motion. However, we do not yet fully understand
the mechanisms of our own bodies. We believe that mimicking human motion and function using a
robot will help us to deepen our understanding of humans. Therefore, we focus on the characteristics
of the human gait, and the goal is to realize a human-like bipedal gait that lands on its heels and takes
off from its toes. In this study, we focus on kinematic synergy (planar covariation) in the lower limbs
as a characteristic gait seen in humans. Planar covariation is that elevation angles at the thigh, shank,
and foot in the sagittal plane are plotted on one plane when the angular data are plotted on the three
axes. We propose this feature as a reward for reinforcement learning. By introducing this reward, the
bipedal robot achieved a human-like bipedal gait in which the robot lands on its heels and takes off
from its toes. We also compared the learning results with those obtained when this feature was not
used. The results suggest that planar covariation is one factor that characterizes a human-like gait.

Keywords: bipedal robot; deep reinforcement learning; gait analysis

1. Introduction

There are many studies that have analyzed the mechanisms and movements of the
human body [1–4]. However, we do not yet fully understand the mechanisms and functions
of our own bodies.

To date, robots have been used to analyze various angles to understand the mech-
anisms and movements of the human body. Kamikawa et al. developed a five-finger
prosthetic hand with an underactuated mechanism optimized for human-like grasp force
distribution that can grasp a variety of objects robustly [5]. This confirmed the effectiveness
of human-like grasp force distribution in robust power grasping with the five-finger pros-
thetic hand. Hashimoto et al. developed a human-like foot mechanism in WABIAN-2R that
mimics the elastic properties of the arch of the human’s foot and changes in arch height
during walking to clarify the function of the foot arch structure [6,7]. Several walking
experiments were conducted using a gait stabilization control based on gait analysis to
quantitatively clarify the function of the arch structure [8]. Cheng et al. developed the
Computational Brain (CB) [9], which was created to explore the fundamental processing of
the human brain while dealing with the real world. Ude et al. focused on visual attention
models and eye movement, saccadic eye movements, and Vestibulo-ocular reflex (VOR),
and implemented them in CBs, thereby achieving eye movement responses comparable
to those of humans [10]. Kryczka et al. focused on the tendency of humans to naturally
stabilize their head posture while walking and proposed a head stabilization controller
based on an IMU installed in the head of KOBIAN [11,12]. Using this control, the vibration
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of the robot’s head was shown to be reduced during walking and when subjected to large-
amplitude vibrations. To clarify the relationship between the behavior of torso motion
during static and dynamic walking and the center of pressure (CoP) under each foot of
the walker, Ferreira et al. used four force sensors under each foot to obtain the CoP. This
confirmed the influence of the human torso angle during walking on the CoP position [13].
Based on the above previous studies, we believe that mimicking humans, not only in
appearance, but also in movement and function, will help to deepen our understanding
of humans.

In this study, we aim to understand the characteristics of the human gait by applying
them to the bipedal robot and to realize a human-like bipedal gait in which the robot lands
on its heels and takes off from its toes. We focus on kinematic synergy in the lower limb and
aim to realize a human-like bipedal gait by reproducing kinematic synergy in simulation
using deep reinforcement learning.

The article, first published in the proceedings of the 26th International Conference on
Climbing and Walking Robots (CLAWAR 2023), is an extended description of the concept
introduced in [14]. The paper is organized as follows: Section 2 describes the characteristics
of human gait, the simulation environment, and the control method used in this study;
Section 3 evaluates the gait locomotion and learning results; Section 4 summarizes the
results and discusses future work.

2. Materials and Methods
2.1. Characteristics of the Human Gait

In this study, we focus on the kinematic synergy [15] (planar covariation), highlighted
by Borghese et al., as a characteristic gait of humans. Planar covariation is the angular
data being placed on a single plane when the elevation angles at the thigh, shank, and foot
are plotted on three axes in the sagittal plane of a human body. This allows humans to
lower and control the redundant degrees of freedom of the joints. This kinematic synergy
is not dependent on the walking speed. And it is observed when walking on hard or soft
surfaces, or when climbing stairs or hopping [16]. The contribution of the elevation angles
to human walking on hard and soft surfaces was determined through principal component
analysis and is shown in Table 1. The first and second principal components are the basis
vectors of the approximate plane, and the third principal component is the normal vector
of the approximate plane. It is known that the cumulative contribution ratio up to the
second principal component is more than 99% in humans during walking and that the
first and second principal components do not differ significantly between the left and right
feet. It is also seen not only in humans but also in mammals, such as cats and Japanese
macaques [17], so it is considered to be an essential characteristic of the gait.

Table 1. The contribution of the elevation angle when humans walk on hard and soft surfaces.

Surface 1st 2nd 3rd

Hard 77.4% 22.0% 0.6%

Soft 72.0% 27.4% 0.6%

Figure 1 shows the definition of elevation angles at the thigh, shank, and foot. As
a concrete example, the elevation angles at the thigh, shank, and foot are plotted in 3D
space when walking on hard and soft surfaces and are shown in Figure 2. As shown in
Figure 2, there is no significant change in the three elevation angles during the heel strike
and toe-off during the human gait. This indicates that the leg motion during walking is
cyclically repeated.
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Although planar covariation has been used for robot control [18,19], these often use
multiple controls in combination. This study aims to realize a human-like gait by setting a
planar covariation as a reward function for reinforcement learning. The reward function is
based on planar covariation and does not depend on other control elements. This method
is expected to verify the hypothesis that planar covariation reflects kinematic synergies in a
human-like gait.

2.2. Simulation Environment

In this study, we used PyBullet Gymperium (version: 0.1) [20], open-source soft-
ware based on the physics simulator named PyBullet [21]. We used the environment
Walker2DPyBulletEnv-v0, designed to make the bipedal robot walk. We use walker2d
for the bipedal robot model. This robot model has three joints (hip joint, knee joint, and
ankle joint) for each of the two legs. The total of six joints in both legs is controlled by
applying torque. Table 2 shows the range of motion of each joint, which is based on that of
a human [22].
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Table 2. The joint’s range of motion.

Joint Name Angle [deg]

Hip Joint −20~135

Knee Joint −140~0

Ankle Joint −45~25

2.3. Control Method
2.3.1. Deep Reinforcement Learning

The main walking control methods for the bipedal robots are model-based control
and learning control. In this study, we use learning control, which has potential for future
development and has been actively studied [23–26].

Humans learn to walk as infants by adjusting their movement methods through trial
and error according to their abilities and the characteristics of the terrain [27]. This learning
process is considered similar to the process of reinforcement learning. In reinforcement
learning, the actions that maximize future value are learned through trial and error. The
neural network used in deep learning is said to mimic the mechanism of human neu-
rons [28]. For these reasons, among learning controls, we believe that deep reinforcement
learning can be employed to incorporate human gait characteristics as rewards for acquiring
a human-like bipedal gait in various environments.

We first explain reinforcement learning. In reinforcement learning, the agent executes
actions according to the policy, and then, the environment returns rewards to the agent
as feedback based on the state of the position, velocity, posture, joint angles, etc., and the
agent’s choice of action. The agent improves the policy so that the cumulative reward
received in the sequence of actions becomes larger. The above is repeated to find the
optimal solution.

Reinforcement learning has the problem that it can only handle discrete values of the
action space. Therefore, we combine the high-function approximation ability of neural
networks with the action selection of reinforcement learning. As a result, the continuous
action space can be learned with continuous values without artificially discretizing it, and
a system that can respond more flexibly to changes in the state can be realized.

In this study, we use the policy gradient method, in which the policy is a function
expressed by a certain parameter, and the policy can be learned directly by learning the
parameter. Moreover, using the REINFORCE algorithm and Gaussian policy, the policy
gradient methods can be used in a continuous action space [29].

2.3.2. Policy Gradient Methods

The update equation of the policy parameter θ can be expressed as follows:

θt+1 = θt + α∇θ J(θt) (1)

where α is the learning rate factor, and ∇θ denotes the partial differential vector with
respect to θ, where θ is a multidimensional vector.

In the policy gradient method, we consider the problem of maximizing the objective
function, the expected return J(θ). We define the objective function J(θ) as the value
function vπ(s0) calculated under the policy π(a|s0, θ) at the time of the start of learning,
since this is the expected return at state s0.

J(θ) = vπ(s0) ≡ Eπ [Gt|St = s0] (2)

where Gt is the cumulative discounted reward, and St is the state variable at time t. The
gradient∇θ J(θ) with respect to the policy parameters of the objective function is expressed
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as follows for any policy π(a|s0, θ), differentiable with respect to the parameter θ, and for
the objective function J(θ), defined by Equation (2) [30].

∇θ J(θ) = Eπ [∇θ log π(a|s, θ)qπ(s, a)] (3)

where a is the action and qπ(s, a) is the action value function. There are two problems to
calculate Equation (3): “It is difficult to calculate the expected value” and “Estimation of
the action value function is necessary”.

The solution to the first problem is to use Monte Carlo approximation, which is
a method for approximating the expected value. This allows the expected value to be
calculated even when the probability distribution is complex. Based on the probabilistic
policy π, the action is executed for T steps, and the gradient is approximated from the
obtained state, action, and reward observations.

∇θ J(θ) ≈ 1
T

T−1

∑
t=0

(∇θ log π(At|St, θ))qπ(St, At) (4)

The solution to the second problem is to use the REINFORCE algorithm, which does
not require direct estimation of the action value function but approximates it with the actual
cumulative discounted reward or reward obtained. The action value function qπ(s, a) in
Equation (4) is approximated based on the cumulative discounted reward Gt.

Gt =
T−t

∑
k=1

γk−1Rt+k (5)

∇θ J(θ) ≈ 1
T

T−1

∑
t=0

(∇θ log πθ(At|St))Gt (6)

where γ is the discount rate factor, and Rt is the reward variable at time t. The REIN-
FORCE algorithm reduces the variance of the action value function qπ(s, a) by introducing
a baseline, which is a function b(s) that provides a reference for the action value func-
tion qπ(s, a). This makes learning easier to converge. The equation with the baseline is
shown below.

∇θ J(θ) = Eπ[(∇θ log π(a|s, θ))(qπ(s, a)− b(s))] (7)

The value function vπ(s, a) is a weighted average function of the action value function
qπ(s, a) with the policy probability π(a|s), by definition. Therefore, the value function
vπ(s, a) is used as the baseline in this case. We define the advantage function, which
represents the quantity of the action value measured with respect to its mean value,
as follows.

Aπ(s, a) = qπ(s, a)− vπ(s) (8)

The expected value can be expressed by substituting Equation (8) into Equation (7)
and computing the Monte Carlo approximation as follows.

∇θ J(θ) = Eπ[∇θ log π(a|s, θ)Aπ(s, a)]

≈ 1
T

T−1
∑

t=0
∇θ log π(At|St, θ)Aπ(St, At)

(9)

where At is the action variable at time t. The action value function qπ(s, a) included in the
advantage function is approximated based on the cumulative discounted reward Gt using
the REINFORCE algorithm. Then, the update formula for θ is calculated as follows.

θ ← θ + α∇θ J(θ) (10)

∇θ J(θ) = ∇θ log π(At|St, θ)Aπ(St, At) (11)
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Aπ(s, a) = Gt − vπ(s) (12)

2.3.3. Neural Network

In this study, we use two types of neural networks.
The first is a neural network used for the Gaussian policy. To clarify the objective

function, the derivative operator is taken from Equation (11) and multiplied by−1 to obtain
Equation (13) as the loss function. RMSprop is used as the optimization algorithm, and
the parameters are updated to minimize this loss function. The input, hidden, and output
layers are listed in Table 3.

− log π(At|St, θ)Aπ(St, At) (13)

Table 3. Neural network for the Gaussian Policy.

Layer Detail Dimension

Input

Body position 3
Body velocity 3
Body posture 2

Joint angle 6
Joint angular velocity 6

Foot ground state 2

Hidden
Layer 1 220
Layer 2 114
Layer 3 60

Output Mean 6
Variance 6

The second is a neural network for estimating the state value function. This neural
network is designed to output the cumulative discounted rewards, using Equation (15)
as the loss function. Adam is used as the optimization algorithm, and the parameters are
updated to minimize this loss function. The input, hidden, and output layers are listed in
Table 4.

T−1

∑
t=0

(V − Gt)
2 (14)

Table 4. Neural network for estimating the state value function.

Layer Detail Dimension

Input

Body position 3
Body velocity 3
Body posture 2

Joint angle 6
Joint angular velocity 6

Foot ground state 2

Hidden
Layer 1 220
Layer 2 33
Layer 3 5

Output State value function 1

A schematic diagram of the learning algorithm used in this study is shown in Figure 3.
We define one step as the next action to be taken in a certain state according to Gaussian
policy and execute that action to obtain the next state and reward. One episode is defined
as repeating the process until the termination conditions are met: the bipedal robot falls
over, or the maximum number of steps is reached. When the termination condition is met,
the neural network of the state value function is updated based on the history of states,
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actions, and rewards, and the cumulative discounted reward is calculated. The advantage
function is then updated, and the neural network of the Gaussian policy is updated. In this
study, this learning process is repeated for 500,000 episodes.
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2.3.4. Probabilistic Policy with the Gaussian Model

The Gaussian model is a typical example of a probabilistic policy for control in contin-
uous space. This model samples a K-dimensional action vector a from a K-dimensional
normal distribution with a mean µ(s) and covariance matrix ∑(s) as parameters in state s.
The equation is expressed as follows.

π(a|s, θ) ∝
1√

det ∑(s)
exp

(
−1

2
(a− µ(s))⊤∑(s)−1(a− µ(s))

)
(15)

If the covariance matrix ∑(s) is not diagonal, the different components of the action
vector will interact. This complicates the implementation of the policy function in a neural
network. Therefore, we assume that the components of the action vectors are independent
and that the covariance matrix consists only of diagonal components. Let the k-th diagonal
component of the covariance matrix be σ2

k (s), then the K-dimensional normal distribu-
tion can be decomposed into an independent 1-dimensional normal distribution formula
as follows.

π(a|s, θ) =
K
∏

k=1
π(ak|s, θ)

∝
K
∏

k=1

1√
σ2

k (s)
exp

(
− (ak−µk(s))

2

2σ2
k (s)

) (16)

where µk(s) and σ2
k (s) are functions with state s as input, obtained based on the neural

network introduced in Section 2.3.3.
Using the Gaussian policy, log π(At|St, θ) in Equation (13) can be calculated as follows.

log π(At|St, θ) = log
K
∏

k=1
π(Atk|Stk, θ)

=
K
∑

k=1
log π(Atk|Stk, θ)

= 1
2

K
∑

k=1

(
− log σ2

k (St)− (Atk−µk(St))
2

2σ2
k (St)

) (17)
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2.3.5. Rewards

This study used the following four rewards for reinforcement learning.

• ralive

This is the reward that keeps the upper body at a certain height and reduces the
rotation of the body in the direction of the pitch. The equation is expressed as follows.

ralive =

1,
(

zbody > 0.8[m] ∩
∣∣∣θbody

∣∣∣ < 1.0[rad]
)

−1, (else)
(18)

where zbody is the height of the center of the body and θbody is the angle of the center of the
body along the pitch axis.

• rprogress

This is the reward for the distance advanced by the center of the body. First, we find
the distance pt from the position at time t to the target position.

pt = −
√
(xd − xt)

2 + (yd − yt)
2 (19)

where xd and yd are the target positions in the x and y directions, respectively. The advanced
distance d is expected based on the following equation.

d = pt − pt−1 (20)

The reward rprogress is expressed by the following equation.

rprogress = kprogress × d (21)

where kprogress = 121.2 is the weight coefficient.

• rjoint

This is the reward for ensuring that each joint does not exceed its range of motion. The
reward rjoint is expected based on the following equation.

rjoint = −k joint × njoint (22)

where k joint = 0.1 is the weight coefficient, njoint is the number of joints beyond the range
of motion.

• rplanar

This is the reward for planar covariation, which is a characteristic of the human gait.
Since the kinematic synergy is such that the elevation angles at the thigh, shank, and foot are
placed on a single plane, it is sufficient to ensure that the three calculated elevation angles
are placed on a single plane. The following is a detailed description of the application
method and the calculation process.

First, we explain how the angles are read and when the rewards are executed. The
angle of each joint is read each time an action is executed according to the policy. When the
heel of the bipedal robot lands on the ground, the reward rplanar is executed and the angle
data are reset.

Next, we explain how we take a plane from the angle readings. In this study, the plane
is found by using the least-squares plane. The least-squares plane is a plane that is the
least-squares distance from all the points in a 3-dimensional point cloud. The least-squares
plane can be expressed as follows.

z = Ax + By + C (23)
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where A, B, and C are coefficients. We can obtain the unknowns A, B, and C using the
lower–upper (LU) decomposition method. A least-squares plane is obtained by substituting
the calculated coefficients into Equation (23). In this study, x is the elevation angle at the
thigh, y is the elevation angle at the shank, and z is the elevation angle at the foot, so for
simplicity, α is used for x, β for y, and γ for z. The plane γ′ is obtained by substituting each
variable into Equation (23).

γ′ = Aα + Bβ + C (24)

The average of the squares ϵ of the difference between the plane and the elevation
angle at the foot should be zero for the angle data to be placed on a single plane. Therefore,
we train so that ϵ is close to zero. ϵ and the reward rplanar are expressed by the following
equations, respectively.

ϵ =
∑n

i=i
(
γ′i − γi

)2

ndata
(25)

rplanar =

{
kplanar × 0.5

ϵ , (ϵ ≥ 1)
kplanar × (1− 0.5ϵ), (ϵ < 1)

(26)

where ndata is the number of the angle data, γi is the elevation angle at the i-th foot, and
kplanar = 3.0 is the weight coefficient. Since planar covariation is valid for each of the
left and right legs, the rewards in Equation (26) are also applied to each of the left and
right legs.

3. Results
3.1. Walking Motion
3.1.1. Proposed Method

Figure 4 shows the walking motion of one step when the proposed method described
in Section 2.3.5 is executed, walking in the order from (1) to (5). Figure 4 shows that the
bipedal robot landed on its heels and took off its toes during walking. The elevation angles
at the thigh, shank, and foot are plotted in 3-D space, and the views from the side and
from above are shown in Figure 5. The blue points in each graph represent the timing of
the heel strike, the red points represent the timing of the toe-off, and the yellow line in
Figure 5a represents the least-squares plane. The contribution of the elevation angle is
shown in Table 5.
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Table 5. The contribution of the elevation angle using the proposed method.

Leg 1st 2nd 3rd

Left 70.0% 27.1% 2.9%

Right 72.8% 24.0% 3.2%

3.1.2. Comparative Method

We use the rewards of Walker2DPyBulletEnv-v0 for a comparison with our proposed
method. The rewards are the same for the body posture, the distance advanced by the
center of the body, and the range of motion of the joints. Instead of a reward for the planar
covariation, we use a deduction reward that prevents excessive torque and excessive power
consumption. The following equations are used for each of these rewards.

rtorque = −ktorque ×
∑6

i=1(ati)
2

6
(27)

relectricity = −kelectricity ×
∑6

i=1|ati ×ωti|
6

(28)

where ati and ωti are the action and angular velocity of each joint at a certain time t, and
ktorque = 0.1 and kelectricity = 2.0 are the weight coefficient.

The walking motion of one step when the comparison method was executed is shown
in Figure 6, with the steps taken in the order (1) through (5). As shown in Figure 6, the
bipedal robot walked with its entire foot landing parallel to the road surface. Figure 7
shows the elevation angles at the thigh, shank, and foot plotted in 3-D space, viewed from
the side and from above with respect to the least-squares plane of the point cloud. The blue
points in each graph represent the timing of the heel strike, the red points represent the
timing of the toe-off, and the yellow line in Figure 7a represents the least-squares plane.
The contribution of the elevation angle is shown in Table 6.



Machines 2024, 12, 92 11 of 15

Machines 2024, 12, x FOR PEER REVIEW 11 of 15 
 

 

𝑟௘௟௘௖௧௥௜௖௜௧௬ = −𝑘௘௟௘௖௧௥௜௖௜௧௬ × ∑ |𝑎௧௜ × 𝜔௧௜|଺௜ୀଵ 6  (28)

where 𝑎௧௜ and 𝜔௧௜ are the action and angular velocity of each joint at a certain time 𝑡, 
and 𝑘௧௢௥௤௨௘ = 0.1 and 𝑘௘௟௘௖௧௥௜௖௜௧௬ = 2.0 are the weight coefficient. 

The walking motion of one step when the comparison method was executed is shown 
in Figure 6, with the steps taken in the order (1) through (5). As shown in Figure 6, the 
bipedal robot walked with its entire foot landing parallel to the road surface. Figure 7 
shows the elevation angles at the thigh, shank, and foot plotted in 3-D space, viewed from 
the side and from above with respect to the least-squares plane of the point cloud. The 
blue points in each graph represent the timing of the heel strike, the red points represent 
the timing of the toe-off, and the yellow line in Figure 7a represents the least-squares 
plane. The contribution of the elevation angle is shown in Table 6. 

 
Figure 6. Walking motion with the comparative method. The red foot is the left side. 

  
(a) (b) 

Figure 7. The elevation angles at the thigh, shank, and foot plotted in 3-D space using the compara-
tive method; (a) viewed from the side with respect to the least-squares plane of the point cloud; (b) 
viewed from above with respect to the least-squares plane of the point cloud. 

  

Figure 6. Walking motion with the comparative method. The red foot is the left side.

Machines 2024, 12, x FOR PEER REVIEW 11 of 15 
 

 

𝑟௘௟௘௖௧௥௜௖௜௧௬ = −𝑘௘௟௘௖௧௥௜௖௜௧௬ × ∑ |𝑎௧௜ × 𝜔௧௜|଺௜ୀଵ 6  (28)

where 𝑎௧௜ and 𝜔௧௜ are the action and angular velocity of each joint at a certain time 𝑡, 
and 𝑘௧௢௥௤௨௘ = 0.1 and 𝑘௘௟௘௖௧௥௜௖௜௧௬ = 2.0 are the weight coefficient. 

The walking motion of one step when the comparison method was executed is shown 
in Figure 6, with the steps taken in the order (1) through (5). As shown in Figure 6, the 
bipedal robot walked with its entire foot landing parallel to the road surface. Figure 7 
shows the elevation angles at the thigh, shank, and foot plotted in 3-D space, viewed from 
the side and from above with respect to the least-squares plane of the point cloud. The 
blue points in each graph represent the timing of the heel strike, the red points represent 
the timing of the toe-off, and the yellow line in Figure 7a represents the least-squares 
plane. The contribution of the elevation angle is shown in Table 6. 

 
Figure 6. Walking motion with the comparative method. The red foot is the left side. 

  
(a) (b) 

Figure 7. The elevation angles at the thigh, shank, and foot plotted in 3-D space using the compara-
tive method; (a) viewed from the side with respect to the least-squares plane of the point cloud; (b) 
viewed from above with respect to the least-squares plane of the point cloud. 

  

Figure 7. The elevation angles at the thigh, shank, and foot plotted in 3-D space using the comparative
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Table 6. The contribution of the elevation angle using the comparative method.

Leg 1st 2nd 3rd

Left 64.9% 33.3% 1.8%

Right 78.8% 17.8% 3.4%

3.2. Learning Curve

Figures 8 and 9 show the learning curves of the number of steps, cumulative reward,
and loss function of the neural network representing the Gaussian policy in one episode
using the proposed method and the comparison method, respectively. From these figures,
it is clear that more rewards are acquired, and the loss function decreases as the learning
progresses. However, the loss function in Figure 8 has not converged compared to Figure 9,
suggesting that the learning is insufficient.
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4. Discussion and Future Work

This paper describes the gait control of a bipedal robot that aims to realize a human-
like bipedal gait, in which the robot lands on its heels and takes off from its toes, using deep
reinforcement learning in the simulation. We achieved a human-like gait by incorporating
planar covariation as a part of the reinforcement learning reward.

The cumulative contribution of the proposed method and the comparison method to
the second principal component is 97% and 97~98%, respectively. However, the comparison
method did not produce a human-like gait, suggesting that planar covariation has other
effects besides the fact that the elevation angles at the thigh, shank, and foot are placed on
a single plane.

Comparing Figures 5 and 7, it is clear that the proposed method does not significantly
change the three elevation angles during heel strike and toe-off, as is the case with humans.
On the other hand, in the comparative method, the red and blue points are unevenly
distributed, suggesting that different movements are generated each time.

It is also known that human gait consists of continuous periodic and symmetrical
movements produced by a precise series of coordinated movements, alternating between
one leg and the other [31]. In the human and the proposed method, the contribution ratio
of each principal component does not differ significantly for the left and right legs. On
the other hand, the contribution rates of the first and second principal components differ
by nearly 15% for the left and right legs in the comparison method. This suggests that
the comparison method cannot consider the symmetry of the movement of the left and
right legs.

These results indicate that planar covariation has an effect of symmetry of the left
and right legs, in which the three elevation angles do not change significantly during heel
strike and toe-off. In the future, we will consider not only the lower limbs but also the
upper limbs, head, and other human characteristics. We would like to explore coordinated
movements of the whole body to characterize a human-like gait.
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