
  

 

Abstract—This paper attempts to resolve the issue of 

regulating a humanoid robot’s impedance levels and Centre-of-

Mass (CoM) position, for the purpose of maintaining balance, 

by means of receiving visual feedback from its environment. 

Once endowed with visual perception, the robot is rendered 

capable of ascertaining whether a moving object located within 

fair proximity to its structure could potentially menace its state 

of balance, based on its relative distance and velocity. The real-

time detection of such an event then necessitates the 

performance of a preparative action that would serve the 

purpose of ensuring the system’s timely balancing. However, 

the latter may be viewed as a twofold problem in this context, 

since in addition to triggering a motion aimed at transferring 

the CoP towards the side of the polygon at which an external 

impact is imminent, the robot’s impedance also needs to vary 

appropriately in order to absorb this disturbance. 

Experimental results obtained using a depth ASUS Xtion PRO 

Live camera attached to the COmpliant huMANoid (COMAN), 

clearly demonstrate the balance augmentation that is 

achievable when incorporating visual feedback into a balancing 

controller, thus partially corroborating the generic hypothesis 

that visual perception could potentially pave the way for a 

bipedal robot’s emulation of human-like balancing.             

I. INTRODUCTION 

EGGED robotic systems are considered to be amongst 

the most complicated of artificial machines, due mainly 

to their numerous Degrees-of-Freedom (DoFs), high 

Centre-of-Mass (CoM) positions, and diminutive support 

polygons, thus rendering their balance maintenance an 

intricate task. It is for this very reason that an immense 

amount of works in the pertinent literature, attempt to 

mathematically define the notion of balance via the 

existence of a single physical quantity. This could manifest 

itself as either the Zero-Moment-Point (ZMP) [1] or the 

Centre-of-Pressure (CoP), with both variables representing 

points that are capable of determining a legged system’s 

overall balance, when relating them to the dimensions of 

their support polygons. Naturally, the afore-described 

criteria have been utilized extensively in the development of 

walking and balancing controllers for legged robots [2].  

Nevertheless, the regulation and monitoring of these balance 

criteria alone, might prove to be insufficient in terms of 

achieving a desirable level of task execution performance. 

Therefore, the devise of appropriate control techniques to 

accompany balance-regulation controllers, could 

significantly improve the overall stabilization capability of  
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Figure 1. COMAN preparing for an impact with the ball pendulum. 

 

legged machines. An archetypal example of such a method 

is undoubtedly impedance control [3], whereby the user is 

offered the possibility of regulating the system’s impedance 

to appropriate levels, in accordance with the requirements of 

a specific task. The design and implementation of such 

control techniques for/to humanoid robots is reported on in 

[4,5,6], with [4] presenting an impedance controller for a 

bipedal robot that aims at increasing the swing leg’s foot and 

hip impedance parameters drastically when coming into 

contact with the environment, in order to absorb the landing 

forces and maintain stability. An analogous control strategy 

for humanoid walking is described in [5], wherein the 

system’s compliance is increased immediately before an 

impact with the ground occurs, followed by a considerable 

increase of the damping once either of the robot’s feet have 

actually touched down. [6] also focuses on the development 

of a systematic, analytical approach for the regulation of the 

system’s impedance during the various walking phases.  

Low cost range sensors that provide high quality data in 

real-time, i.e. 30 frames per second (fps), are readily 

available, making visual 3D perception one of the basic tools 

for exteroceptive sensing in robotics [7]. It is only natural to 

then aim at merging vision with balancing, in order to 

acquire visually-inspired balancing strategies which should, 

on a theoretical level, outperform their visually deprived 

counterparts. As far as ZMP-based visual balancing 

algorithms are concerned, [8] describes a methodology that 

allows for the integration of 3D vision, motion planning, and 

bipedal control, whilst simultaneously satisfying ZMP-

related constraints. A similar approach that incorporates 

model predictive control for the purpose of modifying the 

footsteps, CoM and CoP, is proposed in [9]. It has also been 

demonstrated however, that non-ZMP-based algorithms 

could lead to equally as impressive results, as attests the 

work presented in [10], which entails the use of a high-speed 

camera to adjust a robot’s posture in real-time, thereby 

allowing it to perform high-speed running.    

An additional steppingstone to the achievement of robust 

and reliable balancing strategies, is the fusion of visual 
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perception and impedance control, as was previously stated. 

One of the earliest works dealing with the resolution of this 

problem [11], describes the design of an impedance 

controller whose functionality is contingent upon the 

amalgamation of visual servo control  and force feedback, 

wherein the visual system is responsible for the provision of 

reference trajectories, rather than for gain tuning. Such 

visual impedance control strategies have also been 

implemented on humanoid robots, in order to ensure safe 

human-robot interaction and collaboration [12].     
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Figure 2. Vision-balance-impedance scheme flowchart. 

 

Finally, the ultimate goal of achieving a triple integration of 

balancing, visual perception and impedance control, has 

been realized in [13,14]. In fact, [13] is concerned with a 

humanoid’s performance of an appropriately timed bat 

swing that ensures the timely strike of an incoming baseball, 

with its whole body balance being catered for by an 

impedance control scheme that accounts for the robot’s CoP 

constraints. [14] on the other hand, exploits a visual system, 

together with an impedance controller that permits the 

regulation of the active stiffness and damping parameters of 

a biped’s legs, thus enabling the robot’s successful 

engagement in a game of table tennis.  

The work to be presented in this paper, describes the 

merging of visual perception, balancing and impedance 

tuning, into a single framework (Fig. 2) aimed at augmenting 

a humanoid system’s balancing capability. Consequently, a 

set of experiments entailing a robot’s perturbation by means 

of a ball pendulum released at varying heights from the 

ground (Fig. 1), demonstrate that the visually endowed 

algorithm proposed herein, significantly outperforms the 

visually deprived method that it has been compared to.  

The rest of the paper is structured as follows; section II 

describes the dynamics of an over-actuated compliant 

system, section III presents the visual perception system, 

section IV is concerned with the balance and timing issues, 

section V reports on the impedance regulation method, and 

finally section VI discusses the conclusions.  

II. DYNAMICS AND STABILITY OF OVER-ACTUATED 

COMPLIANT SYSTEM   

For a compliant humanoid standing in double support, a 

generic 𝑗-degree of freedom robot is considered, possessing 

𝑛𝑖-drives for each degree of freedom  𝑖 = 1,2 … 𝑗. The total 

number of drives is 𝑛 = ∑ 𝑛𝑖
𝑗
𝑖=1 , and thus the link and motor 

dynamics may be described as follows [15]: 

 

     𝑀𝐽(𝑞)�̈� + 𝐶(𝑞, 𝑞� )𝑞� + 𝑆𝑚
𝑇 𝐾(𝑆𝑚𝑞 − 𝜃) = 𝜏𝑔(𝑞) + 𝜏𝑒𝑥 , (1) 

 

                            𝐽�̈� + 𝐷𝜃� + 𝐾(𝜃 − 𝑆𝑚𝑞) = 𝜏𝑚,                    (2) 

 

where 𝑞 and 𝜃 are the link and motor positions, 𝑀𝐽(𝑞) and 

𝐶(𝑞, 𝑞� ) ∈ ℝ𝑗×𝑗 are the inertia and Coriolis/centripetal 

matrices respectively, 𝜏𝑔(𝑞) is the gravity torque vector, 𝜏𝑚 

is the actuation torque vector and 𝜏𝑒𝑥 is the vector of 

external forces. 𝐾 ∈ ℝ𝑛×𝑛 is a diagonal matrix with positive 

entries representing the passive spring stiffness between the 

motors and the robot links, while 𝐽, 𝐷 ∈ ℝ𝑛×𝑛 are the motor 

inertia and damping. 𝑆𝑚 is a selection matrix that serves the 

purpose of selecting the appropriate actuators for every link. 

However, the over-actuated nature of the double support 

stance leads to the six joints being treated as three, although 

all six actuators are considered. The elements of the 3-DOF 

double support vector are arranged as follows:  

 

                                   𝜏𝑔 = [𝜏𝑔𝑎 𝜏𝑔𝑘 𝜏𝑔ℎ]
𝑇

                              (3) 

 

with 𝜏𝑔𝑎 , 𝜏𝑔𝑘, 𝜏𝑔ℎ representing the ankle, knee and hip 

torques respectively. One of the main properties of the 

gravity vector, to be used in subsequent sections is: 

 

                                  ‖
𝜕𝜏𝑔(𝑞)

𝜕𝑞
‖ = ‖

𝜕2𝑈𝑔(𝑞)

𝜕𝑞2
‖ ≤ 𝛼               (4) 

 

for some 𝛼 > 0 ; wherein 𝑈𝑔(𝑞) denotes the potential 

energy due to gravity, 𝜏𝑔(𝑞) = −(𝜕𝑈𝑔(𝑞)/𝜕𝑞)
𝑇
 and the 

operator norm ‖𝐴‖ = 𝑚𝑎𝑥{‖𝐴𝑥‖/‖𝑥‖} is considered.   

The low-level joint controller was based upon gravity 

compensation control, employing motor feedback.  The 

associated control law may be represented as follows [15]:  

 

                      𝜏𝑚 = 𝐾𝑃(𝑆𝑚𝑞𝑑 − 𝜃) − 𝐾𝐷𝜃� + 𝑢𝑔𝑐 ,                  (5) 
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where 𝑞𝑑 is the desired position, 𝐾𝑃, 𝐾𝐷 are the diagonal, 

positive definite motor position and motor velocity feedback 

gain matrices, while 𝑢𝑔𝑐 contains gravity-related terms. By 

considering the closed-loop system’s steady state equations, 

we can define the following matrix that plays a central role 

in the stability analysis since its satisfaction of certain 

conditions ensures uniqueness of the equilibria [16]:  

 

                               𝑇𝐷 = [
𝑆𝑚

𝑇 𝐾𝑆𝑚 −𝑆𝑚
𝑇 𝐾

−𝐾𝑆𝑚 𝐾𝑃 + 𝐾
].                         (6) 

 

Thus the condition expressed by (4) can be described as 

follows: 

 

                                              𝜆𝑚(𝑇𝐷) ≥ 𝛼,                                   (7) 

 

where 𝜆𝑚(. ) denotes the minimum eigenvalue/value of a 

given matrix/vector. The following Lyapunov function shall 

be considered throughout the paper: 

 

            𝑉𝑇(𝑞𝐹 , 𝑞�𝐹) =
1

2
𝑞�𝐹

𝑇𝑀(𝑞)𝑞�𝐹 +
1

2
𝑞𝐸

𝑇𝑇𝐷(𝑡)𝑞𝐸 + 𝑈𝑔(𝑞)

− 𝑈𝑔(𝑞𝑑) + 𝑞𝐸
𝑇 [

𝜏𝑔(𝑞𝑑)

0
] ≥ 0,                 (8) 

 

with  𝑞𝐹 = [
𝑞
𝜃

], 𝑞𝐹 𝑑
= [

𝑞𝑑

𝜃𝑑
], 𝑞𝐸 = (𝑞𝐹 − 𝑞𝐹𝑑

), 𝑀 =

[
𝑀𝐽(𝑞) 0

0 𝐽
]. The above function’s time derivative is the 

following: 

 

                  𝑉�
𝑇(𝑞, 𝜃) = −𝑞�𝐹

𝑇 ∙ 𝜂 ∙ 𝑞�𝐹 +
1

2
𝑞𝐸

𝑇𝑇�
𝐷(𝑡)𝑞𝐸 ,              (9) 

 

ensuing a series of calculations that have been omitted, 

where 𝜂 = [
0 0
0 𝐷 + 𝐾𝑚2

]. In this case, stability is 

guaranteed if and only if: 

 

                                𝑞�𝐹
𝑇 ∙ 𝜂 ∙ 𝑞�𝐹 ≥

1

2
𝑞𝐸

𝑇𝑇�
𝐷(𝑡)𝑞𝐸 ,                      (10) 

 

which implies that the system can potentially be destabilized 

by increases in the robot’s overall stiffness value denoted by 

𝑇𝐷(𝑡), although this is not an issue when considering 

decreasing values of this matrix, since in that case the 

potential energy term adopts a negative sign.      

III. BALANCE MAXIMIZATION TECHNIQUE 

A. Visual 3D Perception 

Object detection and tracking have been studied extensively 

over the last few years, using both 2D and 3D visual data 

(see for example the survey in [17]). In this work, we 

assume a moving object in a static environment and we 

detect and track it using a combination of an optical-flow 

based background removal [18] on the RGB image and a 

color-based segmentation algorithm to reduce the noise that 

may appear due to little variations in color, such as the 

object’s shadow. In particular, an ASUS Xtion PRO Live 

range sensor has been attached to the robot in such a way 

that the image plane goes through the center of mass of the 

robot and provides 640x480 RGB-D data in 25 fps. 

 

 
Figure 3. Robot view of object travelling towards its structure. 

 

For each frame we apply the Gaussian mixture-based 

background filtering algorithm introduced in [18] on the 

RGB image, using 3 Gaussian mixtures followed by a 

simple erosion, dilation, and blurring for the purpose of 

reducing the noise. After this process we end up with the 

pixels that correspond to the moving object (foreground, Fig. 

3, upper right) in the environment. Due to the object’s 

shadow and other small variations in the RGB image 

between two consecutive frames, we also apply a color-

based filtering to remove them. We get the 2D centroid pixel 

C of the moving object in each RGB frame: 

 

                            𝐶 = {
𝑀10

𝑀00

,
𝑀01

𝑀00

}  ∈ ℝ2                       (11) 

 

where 𝑀10, 𝑀01, 𝑀00 are the second order moments of the 

foreground pixels in the RGB image (Fig. 3, upper left).  We 

then calculate the 3D position P ∈ ℝ3 of the object (Fig. 3) 

using a small neighborhood of the corresponding C pixel in 

the depth image for each frame. The object recognition and 

tracking is implemented in C++ using the Open Source 

Computer Vision (OpenCV) and the Point Cloud  (PCL) [7] 

Libraries, and takes roughly 35ms per frame. Having the 

position of the object in each frame we can easily compute 

the velocity, 𝑣, and acceleration, 𝛼, over a sequence of five 

consecutive frames.  

B. Elastic-Collision-based CoM regulation 

The majority of balance criteria, such as the CoP and ZMP, 

describe points that are defined within a system’s convex 

hull of contacts. It is then reasonable to assume that in the 

absence of visual feedback, which renders the robot agnostic 

to a prospective disturbance’s direction of motion, the 

system’s balance can be ‘maximized’ by aiming to transfer 

its CoP to a point that is equidistant from both of the support 

polygon’s edges. Contrarily, when the robot is capable of 

ascertaining an impending perturbation’s direction of 

motion, it could potentially elect to regulate its CoP based on 

visual feedback, thus capitalizing on additional data 

pertaining to the object’s motion, in this case, its velocity 

and acceleration. If an elastic impact is assumed to occur 
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between the object and the robot (Fig. 4 left), it could then 

be concluded that the object’s kinetic energy is converted 

into elastic potential energy, such that: 

 

                                       
1

2
𝑚𝑜𝑣2 =

1

2
𝐾𝑠𝑥2,                             (12) 

 

with 𝑚𝑜 and 𝑣 being the object’s mass and velocity 

respectively, while 𝐾𝑠 and 𝑥 denote the elastic component’s 

stiffness and displacement. The duration of the robot-object 

impact could then be computed by means of solving the 

following quadratic equation: 

 

                                        𝑥 = 𝑣𝑡 +
1

2
𝛼𝑡2                                 (13) 

 

analytically with respect to time, 𝑡, whilst assuming that 𝑥 

has already been computed using the previous equation. The 

initial robot CoM velocity that will ensue the impact, could 

be divided using the previously calculated 𝑡 variable, 

thereby yielding the resulting CoM acceleration, �̈�𝐶𝑜𝑀, 

which could in turn be inserted into the following LIPM-

related formula:    

    

                             𝑥𝐶𝑜𝑀 = 𝑥𝐶𝑜𝑃 +
𝑧𝐶𝑜𝑀 ∙ �̈�𝐶𝑜𝑀

𝑔
,                     (14) 

 

, where 𝑔 is the gravitational acceleration constant, 𝑥𝐶𝑜𝑀 and 

𝑧𝐶𝑜𝑀 denote the x and z-axis CoM positions respectively, 

𝑧𝐶𝑜𝑀 is a fixed CoM height, while 𝑥𝐶𝑜𝑃 is the x-axis CoP 

position. Given that the 𝑥𝐶𝑜𝑃  value could be directly 

acquired by virtue of the FT sensors at the robot’s feet, then 

the above equation shall provide the required CoM motion, 

which could be straightforwardly translated into joint 

references.    

C. Trigger Time Computation   

In order to congrue with the theory, equation (14) should 

provide a single set of references, since the closed-loop 

system is theoretically capable of performing mere 

regulation tasks. Therefore, an additional twofold problem is 

to be addressed within this subsection, since the controller 

should firstly provide a reference position expressed through 

equation (14), in order to transfer the robot’s CoM to an 

appropriate location, while it should then provide a reference 

corresponding to a favorable CoP position of maximal 

balance. In order to successfully tackle the former problem, 

the derivation of an accurate position reference alone is not 

necessarily conducive to the robot’s attainment of a balanced 

state, since this desired configuration might never 

materialize if the velocity magnitude of the impending 

object is such that an impact with the robot will transpire 

before the robot’s CoP manages to reach the edge of the 

polygon. Therefore, the timing of this reference activation is 

crucial in the overall operation of the scheme, as it directly 

determines whether or not the target position is to be 

reached. To this end, a relationship between the closed-loop 

system’s response time and the object’s distance and 

velocity from the robot, ought to be established. It may be 

assumed that the time (𝑡𝑟𝑒𝑠) taken for the humanoid to move 

its joints from rest (starting at time 𝑡 = 𝑡𝑖𝑛𝑖𝑡) to a predefined 

position, which shall be represented by 𝑥𝑃, could be 

computed beforehand either via simulations or 

experimentally. In addition to this array of robot-specific 

information, the visual perception algorithm would then 

provide similar data regarding the ball’s motion, namely its 

distance from the 𝑥𝑃 position, denoted by 𝑥𝐵, and its 

instantaneous velocity, 𝑣, which could be expressed as 

follows: 

 

                                         𝑡𝐵 =
|𝑥𝑃 − 𝑥𝐵|

𝑣
                                (15) 

 

hence yielding an equation describing the time taken for the 

ball to strike the robot. As long as the sum of the initial time 

and the closed-loop system’s response time, does not exceed 

𝑡𝐵, as shown below: 

 

                                         𝑡𝑖𝑛𝑖𝑡 + 𝑡𝑟𝑒𝑠 ≤ 𝑡𝐵,                              (16) 
 

then the robot is guaranteed to reach the desired state intact 

(Fig. 4 right). 

In order to compute a triggering time based on this 

inequality, a safety margin, 𝛾𝑀, is introduced to the equation 

as shown below:  

 

                                                 𝑡𝑅 = 𝑡𝑇 ,                                      (17) 

 

where 𝑡𝑇 =
𝑡𝐵

𝛾𝑀
 with 0 < 𝛾𝑀 < 1, and 𝑡𝑅 = 𝑡𝑖𝑛𝑖𝑡 + 𝑡𝑟𝑒𝑠. Note 

that the safety margin’s magnitude defines the 

conservativeness of the triggering condition.  
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Figure 4. Elastic collision (left) and trigger time (right). 

 

Once the robot has been perturbed, its CoM will inevitably 

be displaced to a position away from the polygon edge, 

although the extent to which it will do so shall vary in 

accordance with both the impact’s magnitude, and the 

system’s impedance. Nevertheless, the robot should ideally 

switch its reference position once a disturbance has been 

detected, in order to ensure that it will come to rest at a 

position determined by equation  (14). The robot would be 

capable of ascertaining whether it has been perturbed by an 

external impact via the real-time measurement of its 
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Lyapunov energy, since this quantity would indicate either a 

convergence or divergence from the desired equilibrium 

point. The energy variation between samples, 𝐸𝑆𝐺𝑁 , can be 

monitored online as this would provide the pertinent 

information, i.e. the robot diverges when 𝐸𝑆𝐺𝑁 > 0 and it 

converges when 𝐸𝑆𝐺𝑁 < 0. Thus, the value of the 

relationship provided below: 

 

                        𝐸𝑆𝐺𝑁 = 𝑠𝑔𝑛(𝑉𝑇(𝑖) − 𝑉𝑇(𝑖 − 1)),                 (18) 

 

is monitored online to determine the robot’s state of balance. 

Evidently, the rate at which the convergence to such a 

position occurs, depends on the magnitude of the disturbance 

force, the actuated and unactuated dynamics, and the 

controller action.  

IV. OPTICALLY-TRIGGERED IMPEDANCE REGULATION  

A. Active Stiffness Tuning: Convergent Case 

One should ideally attempt to regulate the system’s stiffness 

in a manner that leads both to a satisfaction of the stability 

criteria described by (9), as well as to an achievement of the 

desired balancing behavior. To that end, a means of ensuring 

rapid convergence to the desired equilibrium would be 

through an increase of the system’s overall stiffness, 

although the energy injection that would ensue could 

exacerbate the robot’s state of balance, as was previously 

described. However, this energy injection phenomenon 

could potentially be eliminated by electing to increase the 

system’s overall stiffness only once the position error is 

equal to zero, since in that case: 

 

                           𝑞𝐸
𝑇𝑇�

𝐷(𝑡)𝑞𝐸 = 0 for 𝑞𝐸 = 0                   (19) 

 

Despite the theoretical absence of a restriction on the 

magnitude of the active stiffness, it is in a practical sense 

essential to contrive an upper bound for the value of this 

parameter, given the physical power-related limitations. For 

this purpose, an upper bound can be acquired by computing 

the 𝐾𝑃 gain magnitude that would cause controller 

saturation, assuming that the saturation damping gain can be 

represented in the following manner: 

 

                          𝑘𝐷𝑚𝑎𝑥
= 2𝜉𝑑√‖𝐽‖‖𝑘𝑃𝑚𝑎𝑥

‖,                  (20) 

 

with 𝜉𝑑 being the desired damping ratio, while 𝑘𝑃𝑚𝑎𝑥
 is the 

maximum active stiffness value. Inserting (20) into (5), 

while taking the norms of the terms on both sides of the 

equation and considering only the equality condition, yields: 

 

‖ 𝜏𝑚‖ = ‖𝑘𝑃𝑚𝑎𝑥
‖‖𝑞𝐸‖ + ‖𝑢𝑔𝑐‖ 

                              +2𝜉𝑑√‖𝐽‖‖𝑘𝑃𝑚𝑎𝑥
‖‖𝜃�‖,                        (21)  

 

where the value of ‖ 𝜏𝑚‖ is known beforehand, as it denotes 

the maximum actuation torques that could be provided 

without causing saturation, whereas ‖𝜃�‖, ‖𝑞𝐸‖ =

‖𝑆𝑚𝑞𝑑 − 𝜃‖ and ‖𝑢𝑔𝑐‖ are computed using the sensory 

measurements. Substituting 𝐴2 = ‖𝑘𝑚1𝑚𝑎𝑥
‖ leads to the 

following: 

 

      𝐴2‖𝑞𝐸‖ + 𝐴 (2𝜉𝑑√‖𝐽‖‖𝜃�‖) + (‖𝑢𝑔𝑐‖ − ‖ 𝜏𝑚‖) = 0        

 

Since the above equation is quadratic, it can be solved 

immediately, although the discriminant’s positiveness needs 

to be verified, on the basis of the standard quadratic equation 

solution, in order to ensure the generation of real solutions: 

 

          𝜉𝑑
2‖𝜃�‖

2
‖𝐽‖ − ‖𝑞𝐸‖‖𝑢𝑔𝑐‖ + ‖𝑞𝐸‖‖ 𝜏𝑚‖ > 0           (22) 

 

Given that ‖ 𝜏𝑚‖ > ‖𝑢𝑔𝑐‖, then the formula shall produce 

real solutions and thus (22) can be used to generate 

‖𝑘𝑃𝑚𝑎𝑥
‖ values, setting 𝜉𝑑 = 1 for the convergent case.  

Since however, the product of this set of operations shall be 

a scalar value, a dynamics-based distribution of the gains 

across the joint space is necessary. Hence, the following 

array of gravitational vector weights is defined, as it is 

capable of performing a sound distribution of the gains: 

 

     𝑊𝐾 = 𝑑𝑖𝑎𝑔 (
𝑤𝑘

‖𝑤𝑘‖
), where 𝑤𝑘 = 𝑆𝑚 [

𝜏𝑔𝑎

𝜏𝑔𝑇

𝜏𝑔𝑘

𝜏𝑔𝑇

𝜏𝑔ℎ

𝜏𝑔𝑇
]        (23) 

B. Active Stiffness Tuning: Divergent Case 

In contrast to the stability issues caused by increasing the 

active stiffness values, the lowering of these values has 

absolutely no detrimental effect on the system’s stability, as 

clearly expressed via equation (10). Therefore, the 

proportional gain could be instantaneously decreased to an 

arbitrarily low value, so long as equation (7) is satisfied. 

Based on this restriction, in addition to the fact that (7) may 

be expressed as follows
1
: 

 

                             𝜆𝑚(𝐻(𝐾𝑃)) ≥ 𝛼 − 𝜆𝑚(𝐾𝑇),                      (24) 

 

then the minimum allowable stiffness value may be 

computed through the relationship: 

 

                               𝑘𝑃𝑚𝑖𝑛
= (𝛼 − 𝜆𝑚(𝐾𝑇)).                             (25) 

 

wherein,  

 

                               𝐾𝑇 = [
𝑆𝑚

𝑇 𝐾𝑆𝑚 −𝑆𝑚
𝑇 𝐾

−𝐾𝑆𝑚 𝐾
],                        (26) 

 

while the matrix function 𝐻(. ) constructing a 9 × 9 matrix 

from the 6 × 6  matrix (.), is expressed via the equation: 

 

                                      𝐻(𝐾𝑃) = [
0 0
0 𝐾𝑃

].                            (27) 

 

Once again, the gains could be distributed across the joints 

using equation (23).  

 
1 It can be shown that 𝜆𝑚(𝜌 + 𝜒) ≤ 𝜆𝑚(𝜌) + 𝜆𝑚(𝜒) ([19]). 
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C. Active Damping Tuning: Convergent/Divergent Cases 

Regardless of the fact that the derivative gains are unable to 

affect the system’s stability (on a theoretical level), the 

fashion in which they are to be distributed to the various 

joints, requires prudent planning. For the convergent case, 

the damping saturation value is straightforwardly calculated 

using equation (20), although this is contingent upon the 

existence of a stiffness saturation value, 𝑘𝑃𝑚𝑎𝑥
. 

Nevertheless, once a 𝑘𝐷𝑚𝑎𝑥
 value has been successfully 

obtained, it may then be multiplied by the following 

weighting vector: 

 

                                             𝑊𝐷 =
√𝐽 ∙ 𝐾𝑃

√‖𝐽 ∙ 𝐾𝑃‖
                                (28) 

 

which shall once again guarantee an intuitive gain 

distribution. In an analogous fashion, the gains for the 

divergent case may be computed using a modified version of 

(20), possessing the following form: 

 

                          𝑘𝐷𝑚𝑖𝑛
= 2𝜉𝑑√𝜆𝑚𝑖𝑛(𝐽 ∙ 𝑘𝑃𝑚𝑖𝑛

),                  (29) 

 

yielding a result that necessitates a multiplication by the 

weighting matrix described by (28).      

V. OPTICAL BALANCING TESTS 

A. Experimental Setup 

The COMAN (Fig. 1) comprises 25 DoF’s with a weight and 

height of 31.2 kg and 0.945 metres respectively, while 12 of 

its joints are powered by series elastic actuators. The real-

time communication is performed via UDP, using the 

Ethernet port of an AMD FX™-8350 Eight-Core Processor 

@ 4 GHz machine.    

 

 
 

Figure 5. Robot leaning forward and lowering its impedance. 
 

A series of experiments was carried out (Fig. 5) in order to 

corroborate the functionality of the impedance regulation 

techniques described throughout the paper, in addition to the 

efficacy of the proposed overall balancing scheme. Figs. 6 

and 7 display the effect of perturbing the robot when using 

controllers with fixed high and low impedance gains 

respectively, while also maintaining a fixed pose about the 

zero position. The perturbations were applied by means of a 

ball pendulum attached to the lab’s ceiling, which was 

released from a height that would ensure that the impact 

would occur at the robot’s CoM (at approximately 68 cm), 

resulting in a CoP motion towards the edge of the support 

polygon (computed using equations (12)-(14)), thus 

causing an overturning of the mechanism. Figs. 6 and 7 

elucidate the fixed-gain controllers’ incapability of 

absorbing even low magnitude impacts, since their 

respective CoP’s begin from a zero position and then move 

rapidly towards the edge of the polygon, leading to a fall.        
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Figure 6. Fixed-gain high impedance controller (constant references) 
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Figure 7. Fixed-gain low impedance controller (constant references) 
 

Subsequently, it was essential to exhibit the balance 

maximization method’s capability of transferring the robot’s 

CoP to a point that lay in close proximity to the support 

polygon’s edges, whilst also regulating the gains 

appropriately. A fair set of tests involved releasing the ball 

pendulum from varying heights, performed in 4 cm 

increments, thereby enhancing the intensity of the impact 

occurring at the CoM, while the balancing scheme was 

activated in order to permit the CoP/CoM to move towards 

an appropriate position (computed using equations (12)-

 (14)) that would ensure balance maintenance. The various 

impacts shall be referred to as Low, Low/Moderate, 

Moderate, High/Moderate and High, with ball heights of 73, 

77, 81, 85, 89 cm’s respectively. It is noteworthy that the 

experiments were run successfully ten consecutive times, 

thus indicating a satisfactory level of repeatability. Fig. 8 

depicts the CoP evolutions pertaining to the experiments 

described in the previous lines, arranged in ascending order 

of impact magnitudes, while the associated pictures on the 

RHS of each plot correspond to the final, pre-impact 

positions attained during the relevant experiments.  
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Figure 8. CoP evolution using proposed scheme during experiments (left), 

and corresponding pre-impact robot positions (right). 

 

The video attachment pertaining to these experiments offers 

an intelligible demonstration of the afore-mentioned results 

that are depicted in the above figures, while it may also be 

viewed in high quality by following the provided link [20].  

VI. CONCLUSIONS 

An impedance regulation scheme, combined with balancing 

control and visual perception, was presented in this paper for 

the purpose of enhancing a humanoid robot’s balancing 

capability. The visual data allowed the robot to ascertain the 

impending object’s velocity and distance from its structure, 

which then served as a trigger for the system’s CoM 

movement towards the edge of the polygon. Moreover, the 

robot’s impedance was lowered upon assuming this 

maximum stability position, thereby allowing for the 

absorption of higher external perturbations in a timely 

fashion. Subsequently, the controller aimed at increasing the 

system’s impedance so as to ensure that the system would 

come to a halt, or attempt to stabilize itself, at a desired 

configuration. The results demonstrated via a comparative 

study, that balancing schemes incorporating visual 

perception tend to outperform ones that are visually 

deprived, thus providing a fractional validation of the widely 

believed postulate that vision could aid the endowment of 

robotic systems with more human-like behaviour.   
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