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Abstract: The aim of this research is to reduce the energy consumption of a humanoid by 
analyzing electrical power as input to the robot and mechanical power as output. The 
analysis considers motor dynamics during standing up and sitting down tasks. The motion 
tasks of the humanoid are described in terms of joint position, joint velocity, joint acceler-
ation, joint torque, center of mass (CoM) and center of pressure (CoP). To reduce the 
complexity of the robot analysis, the humanoid is modeled as a planar robot with 4 links 
and 3 joints. The humanoid robot learns to reduce the overall motion torque by applying 
Q-Learning in a simulated model. The resulting motions are evaluated on a physical NAO 
humanoid robot during standing up and sitting down tasks and then contrasted to a pre-
programmed task in the NAO. The stand up and sit down motions are analyzed for indi-
vidual joint current usage, power demand, torque, angular velocity, acceleration, CoM and 
CoP locations. The overall result is improved energy efficiency between 25-30% when 
compared to the pre-programmed NAO stand up and sit down motion task. 

Keywords: Humanoid, energy analysis, center of mass, center of pressure, torque, me-
chanical power, Q-Learning 
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1.  Introduction 

The increased complexity of humanoid robots makes it hard to fully understand to 
analyze the energy utilization when performing a specific motion task. While all the 
electrical components consume energy, DC motors are considered the main source of 
energy utilization during dynamic and even static motions tasks. The goal of this re-
search is to consider a standing up and sitting down motion task in order to analyze 
and reduce the energy consumption of the humanoid robot [1]. 

In general, most humanoid robots incorporate a DC motor per joint, and as many 
DC motors as corresponding degrees of freedom (DOF). Energy utilization in such a 
joint DC motor depends mostly on the motor angular velocity, angular acceleration 
and deceleration, while each humanoid joint generates a different energy consumption 
profile depending on the dynamic motions and particular motion variables. In our 
work, in order to obtain the individual energy consumption per joint and for the over-
all humanoid robot, we analyze the energy consumption profile for three major joints: 
Ankle, Knee and Hip pitch.  

Energy saving is particularly important in humanoid robots having extensive de-
grees of freedom, where many such robots consist of over 10 joints or motors just 
between the ankles, knees and hip [2][3]. To simplify the dynamic and kinematic 
analysis, we model the humanoid as a planar robot.  In the paper we study the energy 
consumption in terms of the electrical power consumed by individual motors and by 
the overall humanoid over a period of time. We model input and output power in each 
joint and overall in the humanoid. Figure 1 provides a description of the different 
components analyzed in this work.  
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Fig. 1.  Energy consumption in a humanoid robots is defined by the input electrical power to generate mo-

tor torque and the output mechanical power.  
 

In this research we describe the kinematics and the dynamics of each humanoid 
leg by a 3-joint motion analysis. We then apply Q-Learning to a simulated 3-joint 
model in order to reduce overall torque during standing up and sitting down tasks. 
The results from the reduced torque motion model are then applied to an Aldebaran 
NAO v4 actuated by 9 DC motors between hip, knees and ankles in two legs to com-
pute the actual energy consumption when compared to a pre-programmed standing up 
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and sitting down tasks as provided by Aldebaran.  
In Section 2, we discuss the related work. In Section 3, we present the humanoid 

model, including dynamic and kinematic analysis. In Section 4, we present the DC 
motor model. In Section 5, we discuss the input electrical power and energy. In Sec-
tion 6, we analyze output mechanical power and energy. In Section 7, we describe the 
humanoid robot experiments. In Section 8, we present the results. In Section 9, we 
present the conclusions and discussion. 

2.  Related Work 

There are many approaches to the problem of energy consumption on autonomous 
robots. In [1], a conservation technique is proposed for a wheeled robot by introduc-
ing techniques such as power management, real time scheduling and motion planning 
to reduce the amount of energy used. In [4], researchers minimize the total power 
usage by predicting the power usage for specific tasks by using an electrical power 
control components. In [5], researchers look at fast charging and power management 
strategies. In [6], researchers limit the power available to each motor in a humanoid, 
hence restricting how rigidly the joint can follow the generated walk pattern by im-
plementing low stiffness in the positional control of the joint DC motors. The study 
claims that their approach is an effective means for improving the speed, efficiency 
and robustness of existing zero moment point based walk patterns. The problem of 
energy efficient navigation is presented in [7], describing a model for the energy con-
sumption of a DC motor. The problem of computing an optimal velocity profile for a 
wheeled robot is studied in order to minimize the energy consumed while travelling 
along the given path on a flat surface. Power consumption is modeled in order to 
compute the velocity and acceleration profile. 

For humanoid robot locomotion, researchers in [8] suggest different energy con-
sumption key considerations. The study mentions that mean power is the product of 
the driving torque of the joint motor and angular velocity of the joint. Even though the 
mean power demand may be small and occur during locomotion process of the hu-
manoid robot, instantaneous power demand of the joints can reach high values. The 
study presents an optimization objective for distribution of the instantaneous power 
around the mean power used. Researchers in [9] provide a model of motor control for 
less energy consumption by introducing and changing a control gain from the rela-
tionship between the desired energy consumption and current energy consumption. 
The work in [10] uses genetic algorithms as a fitness function to analyze the relation-
ship between walking distance and energy consumption while keeping the knee joint 
straight on the supporting leg in order to ensure less energy consumption occurred. 

In [11], researchers represent the humanoid robots as isolated systems that com-
promise a number of energy converters to produce motions. They developed a simula-
tion platform suitable for modeling kinematic, dynamic and energy balance of the 
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humanoid robot arm. The goal is to present a correlation between the motion dynam-
ics of the robot arm and the energy flowing through its dc motors with respect to a set 
of different motion control strategies. Humanoid robot arm tasks are analyzed from 
kinematics, dynamics and energetic point of view. 

In [12], a humanoid robot stands up from sitting on a chair by using data, which 
is collected from human demonstration. In that research, a stable humanoid motion of 
the standing up is accomplished and human like movement and speed are simulated.  
In [13], a three link simulated inverted pendulum learns to stand up using a tiered 
reinforcement learning method. A hierarchical architecture is applied on a three link 
two joint robot for the task of only learning to stand up by trial and error with the aim 
of standing up motion. Work in [12] and [13] look at mostly on improved motions 
while our work concentrates on the energy consumption of the motions. 

The related problem of walking has been addressed by using machine learning 
algorithms. Researchers in [14] present a broad survey about the reinforcement learn-
ing methods. Many approaches apply reinforcement learning algorithms to bio-
inspired humanoid designs. Researchers in [15] present a method to optimize a con-
trol policy of a passive bipedal walking online on an actual robot. Researchers in [16] 
use a central pattern generator based biped walking controller using policy gradient 
method to develop an efficient learning algorithm.  

Researchers in [17] present a method with neural oscillators with sensor feedback 
to learn locomotion for two-legged robot. Researchers in [18] developed a high level 
control of walking by sharing runtime data besides control outputs between many 
controller policies during walking. Our work is different than the above mentioned 
works as it is concentrating on the energy consumption and the motion variables for 
specific tasks. 

Prior related work in machine learning involves learning to walk in more stable 
robots. Researchers in [19] present the gait generation method using evolutionary 
approach for four legged robot. Researchers in [20] developed imitation learning as an 
application of machine learning approach in legged locomotion. Researchers in [21] 
present an adaptive control method for the four legged walking robot. Researchers in 
[22] analyze the impact of noise on the reinforcement learning technique performance 
on a six-legged robot. 

Other related applications of reinforcement learning to control motion include 
learning to crawl with a single actuator [23], learning to kick a penalty using a biped 
NAO robot [24], and learning to keep balance using an inverted pendulum robot [25]. 
The latter approach stands out in the context of the current work, as it explicitly codes 
for power consumption as part of the learning goal.  

Researchers in [26] propose a trajectory generation method for the humanoid ro-
bot to realize a stable movement by using consumed energy as a condition, and gener-
ating a series of joint motions with a feedback technique to increase the humanoid 
stability. 
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Researchers in [27] present a humanoid kinematic model analyzing the effects of 
center of mass, center of pressure location over motion. The robot’s center of mass is 
concentrated somewhere closer to the torso, the humanoid model is estimated as a 
point mass, and a stable reference motion trajectory is designed without comprehen-
sive control participation. The center of pressure represents the location of a corre-
sponding force, which is equal to the totality of the pressure forces under the foot. 
Other humanoid projects discuss the importance of analyzing center of pressure as the 
ground reference point [28] [29] [30].  

Researchers in [31] discuss the work related to the problem of constructing a 
nonlinear controller for a biped robot with respect to minimal energy performance 
criteria. The study presents a numerical algorithm method, used a 5-link model full 
dynamics, a uniform distribution of mass at each link, and used numerical optimal 
control software to handle high dimensional nonlinear systems. 

In our own previous work about the energy consumption reduction, we have pre-
sented preliminary related work for reducing joint and the overall energy usage during 
the standing up procedure of a NAO robot through a joint stiffness control algorithm 
[32]. In [33], we discuss the relation between the electric current consumption and the 
position of joints. In [34] we discuss the preliminary results on the application of the 
Q-Learning algorithm to find the joint trajectories for the best energy utilization over-
all for only standing up motion.  

In this paper, we extend our previous studies on stand up and sit down motions 
by including the analysis of the individual joint level energy usage, center of mass, 
center of pressure location changes for both motions. We also discuss in our current 
paper the joint level mechanical power study, CoM and CoP effects on the overall 
humanoid energy consumption.  

 
3.  The Humanoid Model 

The humanoid model considered in this work consists of four rigid links, which 
are connected by three rotational joints as shown in Fig. 2. The foot of the model 
stays horizontally all time. This model represents one side of a humanoid biped model 
and both sides are symmetric (left and right). This model is constrained to move only 
in the sagittal plane. The friction between the foot and the horizontal surface is sup-
posed to be sufficient enough to prevent any slippage. Internal friction of these joints 
is not taken into the consideration during the model analysis. 
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Fig. 2.  The four Planar Link humanoid model connected by three rotational joints shown by black solid 

circle, each link center of mass are shown by gray circle 

3.1 Center of mass location 

Location of the center of mass of the whole system is described by the following Eq. 
(1) and (2) 

 

 
   (1) 

 

 
 

(2) 
 

 is mass of the each link,  is the absolute position of center of mass of each link. 
Eq. (1) and (2) have important effects on the kinematics and the dynamics of the hu-
manoid. Eq. (1) defines the overall CoM location, which shapes the overall power 
consumption of the humanoid. Eq. (2) represents the individual CoM of the links, 
which will contribute to the joint torque calculations and forces. As results show, the 
proper location of the CoM during motions will reduce the overall electrical power 
demand. 

3.2 Center of pressure 

The center of pressure is the location where the sum of the contact forces  that acts 
cause a force but no moment. This location is in the ground support points of the bi-
ped. While humanoid is in motion, the parts of the humanoid that are effected by con-
tact forces are the feet. There are two kinds of forces that are applied on humanoid 
feet. These forces are called friction forces (tangential) and normal pressure forces , 
correspondingly. If the supposition is made that the foot cannot slide over the surface 
of the ground, the friction forces cancel external force component in the tangential 
direction of the contact surface. As a result, a pressure area represented in Fig. 3 ex-
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ists. The resultant of this pressure area with n contact locations in normal direction is 
given below in Eq. (3) 

 
                                                     

 
(3) 

 
This contact force applies on the center of pressure. The position of the center of 

pressure with respect to the base frame origin, denoted with  can be calculated 
with Eq. (4) 
                                                     

 
(4) 

 
 is position of the  . If the center of pressure is near to the edge of the support 

area, the biped tends to tip over.  

CoP

Foot	Area  
Fig. 3.  The position of Center of Pressure and contact forces 

 
3.3 Kinematic model 

The kinematic model of the system is defined by the center of mass of each link de-
noted by  which is in x direction and  which is in y direction as shown in Eq. (5) 
where  shows the length of the each link for the model,  shows the absolute angu-
lar rotation about each joint and  shows the location of the center of mass for each 
link from the respective joint points where . 

 
                                                     	

 
 

 
 

 
 

 
 

 (5) 
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3.4 Dynamic model  

The dynamic model is conducted to reduce the complex nature of humanoid robot. 
The model is intended to reproduce the robot movement during the simulation stage 
and allow the application of the control strategies. With the rigid links of the human-
oid robot, classic mechanics can be applied to the model. Dynamic equations of the 
biped model are calculated by Euler-Lagrange’s Equations, which can be written as 
shown in the general form in Eq. (6) 
 

 
(6) 

 
 represents the Lagrangian equation and  represents the generalized forces for each 

joint, which includes the control torques. Euler-Lagrange equation is equivalent to 
Newton’s equations of motion. First term on the left in parenthesis in Eq. (6) repre-
sents the momentum in the system, whereas its derivative defines the force. Second 
term on the left represents the force produced in the system. Lagrangian equation is 
defined to be the difference between kinetic and potential energies shown as in Eq. (7) 
  (7) 
 
where  represents the  kinetic energy and  represents the potential energy of 
each link. According with Lagrangian formulation, the dynamic model has the general 
form shown in Eq. (8)  
 
  (8) 
 

 comprise the inertia matrix,  comprise the matrix of centrifugal and 
Coriolis forces,  comprises  the matrix of gravitational forces,  comprises  the 
vector of external forces and torques applied at the joints [35]. The vectors  
represent each joint’s rotational position, velocity and acceleration respectively. Eq. 
(9) shows how (8) is actually related to each link by its angular rotational value. For 
example for link i, where i=1, 2, 3, the motion is shown in Eq. (9) 
 
  (9) 
 

 represents link i absolute rotational displacement with respect to the horizontal 
plane. In order to model the control properly, relative angles (  between joints need 
to be used in the model formulations. With this information, the equation of motions 
is modified as in Eq. (10), see Fig.1 for all relative angles  between each links. Equa-
tion of motions with relative angles is shown in Eq. (10) 
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  (10) 
 

where . In vector form it is shown in Eq. (11) 
 
  (11) 
 
Here, , and  are the relative joint angles between links. The relationship be-
tween relative angles (  and absolute angles (  are formulated by Eq. (12) 
 
  

 
 

 
(12) 

 
 
4.  The DC Motor Model 

The set of differential equations describing the dynamics of an n degree of free-
dom humanoid biped robot are obtained as following in Eq. (10) where 𝜏 is defined as 
the generalized force or torque acting at the joint which is produced by an actuator. 
Torque supplied by a DC motor will be used to overcome the load torque from a hu-
manoid joint and damping torque as in Eq. (13). 

 
                                                     

 
(13) 

 
represents the torque supplied by the motor,  is the load coming on motor 

due to humanoid joint,  is the inertia of the motor, is motor acceleration,  
motor damping constant,  is motor velocity,  is armature current,  is motor 
constant,  is torque constant,  is gear ratio. Eq. (14) shows the general DC motor 
circuit equation 
 
                                                     

 
(14) 

 

 represents the back emf,  is motor armature inductance,  is armature current, 
and  is neglected for calculation simplification. Replacement of the current  in 
Eq. (13) generates Eq. (15) 
 
                                                     

 
(15) 
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 is back emf constant. Rearranging and introducing subscripts corresponding to  
joint gives Eq. (16) 
 
                                                     

 
(16) 

 

Humanoid dynamical equation is given by Eq. (8). Eq. (17) corresponds to one joint 
of the humanoid robot, where   
 
                                                     

 
(17) 

 
Eq. (18) gives the actuator dynamics equation 

                                                      

 
 

(18) 

The effective inertia for the motor is given by Eq. (19)  

                                                     

 
(19) 

 

The effective damping in the motor is given by Eq. (20) 

                                                     
 

(20) 

 
Each joints of the humanoid is controlled independently, the coupling effects due 

to motion of other links can be treated as a disturbance, which include coupled iner-
tias, Coriolis centripetal terms. This disturbance is defined by  in Eq. (21) 

 
                                                     

 
(21) 

 
In order to reduce the effects of this disturbance on the output, this term can be 

treated as a disturbance. 

                                                     

 
(22) 
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Equation (22) is a linear differential equation of the system which comprise non-
linear disturbance . From Eq. (21) and Eq. (22), joint motor current  is calculat-
ed by the following Eq. (23) 

 
                                                     

 
(23) 

  
Eq. (23) describes the input electrical current consumed by the joint motor chang-

ing according to the motor internal dynamical terms and dynamical terms caused by 
the humanoid motions. Effects of these motions will be shown in the results section 
for joint current consumption. 
 
5. Input Electrical Power and Energy 

Electrical power demand by a joint DC motor is shaped by its internal losses, pro-
duced mechanical power for humanoid dynamic motion requirements, torque required 
by the load that is attached to the motor joint and losses caused by the load. Power 
flow inside a DC motor can be shown as in Fig. 4.  

 

 
Fig. 4 Power flow and losses in a DC motor. 

 
 represents the electrical power provided to the joint motor.   represents 

power developed by the motor which produces power out ( ) and rotational 
losses ( ).  represents the electrical losses due to armature resistance. 

  shows the losses due to friction of mechanical parts, magnetic inefficiencies of 
the material, losses coupling brushes and commutator.  represents the 
mechanical power produced by the joint motor to handle the load attached to end of 
the motor. Electrical power provided to the motor is converted to the magnetic power 
and electrical losses in the motor. Magnetic power produced by the motor armature 
provides the load mechanical power. Load attached to the motor causes power 
dissipation, which includes dynamic disturbances from the humanoid motions and 
gear friction. At the end, torque and mechanical power provides humanoid the ability 
to accomplish the dyanmic tasks. In put electrical power provided the motor is com-
puted by Eq. (24) from Eq. (23) 

 
                                                      (24) 
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Equation (24) shows that the input electrical power demand depends on the 
dynamics of joint motor and humanoid motions. Results show that dynamic motions 
have critical effects on the electrical power demand. 
 
6.  Output Mechanical Power and Energy 

In order to analyze the output mechanical power consumption effect of kinematics 
and joint trajectories on the humanoid, three energy functions are integrated to build 
the cost function of energy consumption. Generalized torque  in Eq. (10) is repre-
sented as  in this section for symbol clarification. Average mechanical power is 
calculated for each joint. It is calculated by taking the absolute value of the power 
given in Eq. (25) 

 
                                                     

 (25) 
 

At a given joint  of leg , the mechanical power is given by the product of the 
motor torque, represented by  from Eq. (10), and by the angular velocity repre-
sented by .  

The overall average power is obtained by combining the average mechanical 
power for all joints over a period . In other words, for a given joint  at the time , 
the average mechanical power  over the time period  is given in Eq. (26) 
                                                     

 
(26) 

where  is the motor generalized torque and  is the angular velocity. A sudden very 
high power demand may occur with humanoid joints during motions.  Even though 
the average value of power usage can be small, whereas the peak can actually be very 
high. 

The standard deviation measure is used to evaluate the distribution around the 
mean absolute power. The mean power derivation is given by Eq. (27) 
 
                                                     

 

(27) 

 is given by Eq. (28) 

                                                     

 
(28) 
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 represents the total instantaneous mechanical power. For a humanoid robot, it 

is also necessary to consider the energy lost in the electric motors. This can be defined 
as the energy lost due to mean torque consumption for a joint, as in Eq. (29)[8] 
 
                                                     

 
(29) 

For all joints of humanoid, electrical loss due to the produced torque is given by 
Eq. (30) 
                                                     

 
(30) 

The function for energy consumption is represented based on an overall consid-
eration of all the three functions as in Eq. (31) 

 
                                                      (31) 
 

where , , and  represent the average mechanical power from Eq. 
(26), mean power standard deviation from Eq. (27), and mean torque consumption of 
the trunk, respectively from Eq. (30).  
 
7.  The Humanoid Robot Experiments 

The humanoid robot experiments consist of a simulation to learn reduced torque dur-
ing standing up and sitting down motions. These experiments are done in a simulation 
environment in order to apply Q-Learning (implemented in Matlab) to obtain the in-
dividual joint motions with reduced torque. After simulation the resulting joint mo-
tions are evaluated on a real robot. We describe in this section the Q-Learning algo-
rithm applied in simulation to reduce the torque on the 3 joints. 
 
7.1 Q-Learning 

Q-Learning [37] is a learning algorithm that is able to find a policy based on sporadic 
feedback signals in the form of rewards. The Q table is iteratively updated using the 
last state transition and action, as shown in Eq. (32). The learning parameter  regu-
lates the learning speed; r represents the obtained reward and  is the arrived state 
after executing an action in state s. The complete equation is given by (32). 
 
                                                     Q(s,a) =Q(s,a)+α r +max

!a
Q( !s , !a )−Q(s,a)( ) . (32) 
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The Q-Learning algorithm is able to learn a policy without the need to compute a 
model of the task. Being model free makes the algorithm suitable for many robotic 
applications, where computing an explicit model of the environment is difficult or 
expensive [38].  As the Q table is updated, it is used as a temporary policy. However, 
on early phases of the learning process, exploratory actions are needed to test the out-
come of actions that have not been tried. If exploration is not carried out, the algo-
rithm converges to the first, probably suboptimal, solution.  
In order to solve this, an exploration schema called -greedy exploration is used. In 
this schema, the most profitable action is picked in most of the time steps. However, a 
random action is chosen with a small probability . This random action allows the 
agent to try untested state-action combination, allowing it to improve the existing best 
solution. Some variations of this approach include an exponential decay of the  pa-
rameter and the use of the action estimated values when sampling the random action 
(soft-max). In this work, though, a fixed  was used. For a good review on this topic, 
please refer to Sutton and Barto [37]. 

In order to boost the learning algorithm learning speed, eligibility traces are used. 
Notice how in Eq. (32) no actual updates happen until the first reward r is obtained. 
This is because all Q(s,a) are initialized to 0, thus making the right hand side of the 
equation different from zero the first time by making the reward r different from zero. 
Even when the first update is performed, it is only applied to the last visited state, 
failing to update the expected values of prior pairs of state-action. Eligibility traces 
work by tagging the visited states. When a reward is received, the Q value for all vis-
ited states is updated. To implement these tags, an exponentially decay number is 
usually used. When a state is visited, the number is set to 1. Then, after each iteration, 
all numbers are multiplied by a constant . 

The learning parameter , the exploration parameter  and the eligibility traces 
decay  were all tuned using a coarse response curve (five values per parameter) and 
picking the combination with the highest reward obtained. 
 
7.2 Torque reduction with Q-Learning 

We applied the QL framework to learn two legged motions while optimizing power 
consumption. In order to be able to simulate the motions, we integrated the imple-
mented kinematic, dynamic and motor response models to implement a simulator that 
was used by the QL algorithm. 

The state was determined by the ankle and knee position and velocity. Since both 
values lay in a continuous space, they were discretized using a fixed length discretiza-
tion. Joint positions were discretized using  bins and velocities using 

bins.  The possible actions to be performed were also discretized. A re-
duce set of three possible actions was used. At each time step, the algorithm was able 
to decrease the velocity by , leave unmodified or increase it by the same 
value.  The motor response model was applied after every decision was made. The 
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obtained velocity did not necessarily correspond to the commanded change. This was 
due to the fact that our model included the motor capabilities with respect to torque. If 
a velocity increase demanded more torque that the motor could provide, due to the 
load on the joint, the final velocity was lower than required., 

The rewarding schema was designed to provide rewards only when the final state 
of the motion was reached or a non-recoverable failure was detected. The rewarding 
schema was built to reflect the relative importance between falling and standing up, as 
well as giving a weight to torque decreasing. The numeric constants were determined 
by empirical experimentation. Eq. (33) shows the rewarding schema, where torque is 
expressed in Nm. 
 
                                                     

r =
−10 if failed

3− torque if succeded
0 otherwise

"

#
$

%
$
$

 
(33) 

    
Whenever the joint configuration was outside the limits of the real robot, the epi-

sode was considered to have failed and a negative reward was given. If the robot fell 
to the point where its hip was 10 cm away from the ankle joint, the situation was also 
considered a failure. A successful motion was determined if all joints were close to 
the target angles of the desired position.  

The reward was inversely proportional to the total torque used during the trial. 
This corresponded to the integral of torque throughout the whole motion, as estimated 
by the dynamic model. As a consequence, the algorithm tried to minimize the torques 
needed by the joints, thus minimizing energy consumption of the geenrated motion. If 
neither success nor failure was detected, no reward was given. We used a combination 
of the decaying -greedy approach and soft-max action selection. This process was 
tuned by the exponential decay factor . A fixed eligibility trace decay parameter  
was used to speed up learning. 

Fig. 5 shows the flow of one learning cycle. At the start of each iteration an ac-
tion is chosen using the -greedy approach. Then, the motor model is used to simulate 
the motor responses to the issued command. After that, the kinematic model is used to 
compute the new joint velocities and accelerations. That information is in turn used 
by the dynamic model to compute torque information. All this information is used to 
update the Q table to reflect the last transition. Finally, a decision is made whether the 
agent has either succeeded or failed (either arriving a standing position or falling 
down terminates the episode), or if the standing up process should continue. 
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Fig. 5 Flow diagram for the learning process.  

 
7.3 Physical robot execution 

After calibration, the algorithm was run 50 times to get the most energy efficient joint 
trajectories to stand up and sit down. The obtained route was interpolated to last 4 
seconds, so as to be able to compare it with Aldebaran routine set up to stand up in the 
same amount of time. Then, a simple routine was programmed for the real robot using 
the “angleInterpolation()” function. Fig. 6 shows the robot during a stand up motion. 
The learned and the Aldebaran routines were executed 25 times while joint position 
and current consumption were being recorded at 100 samples per second. Actual vid-
eos of the original motion is in [39] and Q-Learning version is in [40]. 

 

      

Fig. 6 The robot standing up and sitting down using the learned routine. 
 
 

7.4 Motor model 

In order to perform a good simulation of robot behavior with the Q-Learning algo-
rithm, a motor model was estimated using a second order transfer function as de-
scribed by Eq. (34). The dynamic robot model was defined previously using three 
degrees of freedom, for every DoF it is necessary to define a motor model according 
with each joint (ankle, knee, and hip). 

 
                                                       . (34) 

 
Predicting-Error Minimization (PEM) [41] is used as estimation method with the 

objective to estimate the value of variables for each model. With the aim to reach a 
very realistic model, data from the each motor were recorded in the stand up and sit 
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down process, with the objective to be more accurate with the information given to 
estimation method. The information recorded was the Position-Actuator (target posi-
tion in the control joint system of NAO robot) and sensor-position (measured position 
of the joint).  The estimated values of each model using PEM and recorded data form 
robot are shown in Table 1.  and  values are estimated separately for ankle, knee 
and hip joints. Each joint has a different model, depending on the dynamic motions 
and given motion variables. 

Table 1. Estimated Values of Each Model 
 Ankle Knee Hip 

W 0.0098 0.0097 0.0021 
 1.4 0.9 4.95 

 
8.  Results 

All experiments compared the standard movement trajectories provided by Aldebaran 
with the trajectories generated by the use of QL based on to current work. 
The Aldebaran trajectories were obtained using predefined postures (Stand and 
Crouch) from NAOqi library provided by Aldebaran Robotics. 
The graphs and tables show how our algorithm reduces the energy consumption for 
the stand up and sit down movements of the NAO Robot. As a way to show the re-
duction of energy consumption, we focus our analysis on the comparison between 
both movement routines (Q-Learning and Aldebaran) considering different factors 
such as: angular position of each link, angular velocity, acceleration, torque, mechani-
cal power, center of pressure, current, and finally electrical power consumption.   
Fig. 7 and Fig. 8 shows the joint trajectories performed by both Aldebaran and QL 
stand up and sit down routines per joint. QL routine shows its difference by reaching 
its target rotation degree sooner for stand up motion. QL routine uses same time 
reaching its target joint rotation but by slightly different trajectory for stand up and sit 
down motions. 
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Fig. 7 Joint angle comparisons for stand up Fig. 8 Joint angle comparisons for sit down 
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Joint velocity comparisons are shown in Fig. 9 and Fig. 10. Q-Learning routine 
reaches higher velocity quicker, at the beginning of the routine for stand up motion 
and it reaches its maximum velocity towards the end of the sit down motion.  
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Fig. 9 Joint velocity comparisons for stand up Fig. 10 Joint velocity comparisons sit down 

  
Joint acceleration comparisons are shown in Fig. 11 and Fig. 12. Q-Learning rou-

tine has higher ankle and knee joint acceleration than Aldebaran routine at the begin-
ning of stand up and at the end of the sit down motions. Q-Learning hip joint accel-
eration is higher than Aldebaran hip joint acceleration for both stand up and sit down. 
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Fig. 11 Joint acceleration comparisons for stand up Fig. 12 Joint acceleration comparisons for sit down 

 
Fig. 13 and Fig. 14 shows the torque required by each joint for both stand up and 

sit down motions. By looking at Q-Learning routine in Fig. 13, ankle joint decreases 
the required torque faster than Aldebaran routine. In Fig. 14, ankle joint uses less 
torque than Aldebaran most of the time and in bigger proportions. Knee joint uses 
slightly more torque for stand up and sit down. Hip joint uses less torque than Aldeba-
ran for stand up motion in Fig. 13 and more torque for sit down motion in Fig. 14. 
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These results show the effect of velocity (Fig. 10) and acceleration (Fig. 11 and Fig. 
12) on the joints requirement for torque. Table 2 shows the total accumulated torque 
required by each joint during stand up and sit down motion. Ankle and hip joints total 
torque decreased while the knee joint total torque increased in Stand Up motion. The 
total torque for sit down motion by ankle joint decreased while the knee and hip joints 
total torque increased. 
 

Table 2. Total Average Torque (N.m) by each Joint for Stand up and Sit down 
  Torque (N*m) 
  Stand up Sit down 
Joints Ankle Knee Hip Ankle Knee Hip 
Aldebaran 0.7781 0.8446 0.0876 0.6035 0.6938 0.0512 
Q-Learning 0.4996 0.8744 0.0435 0.4447 0.8001 0.0873 
Total Torque Aldebaran 1.7104 1.3485 
Total Torque Q-Learning 1.417 1.3322 
Total Torque Reduction% 17.11% 1.208% 
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Fig. 13 Joint torque comparisons for stand up Fig. 14 Joint torque comparisons for sit down 

 
Mechanical power required by each joint is shown in Fig. 15 and Fig. 16. Q-

Learning routine needs more mechanical power from three joints at the beginning of 
the standing up motion, and this power need diminishes towards the end of the mo-
tion. This is in accordance with the other results shown in Fig. 11 and Fig. 12.  

 Q-Learning routine uses gravity to its advantage by using minimum mechanical 
power at the beginning of the sitting down motion, and it requires more power for hip, 
knee and ankle at the end. Table 3 shows the total mechanical power per link for stand 
up. Even though ankle and hip joint required less mechanical power, knee required 
more mechanical power. Percentage change values are presented in the Table 3. 
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Fig. 15 Mechanical Power comparisons for stand up Fig. 16 Mechanical Power comparisons for sit down 

 
Table 3 also presents the joint total mechanical power average for sit down mo-

tion. While ankle joint uses less mechanical power, knee and hip joints uses more 
mechanical power. Total mechanical power is increasing slightly because of the sud-
den angular velocity changes in Q-Learning routine. 

 
Table 3. Total Mechanical Power Average (N.m.Rad/Sec) by Each Joint for Stand up and Sit down 

		 Mech. power (N*m*Rad/Sec) 
  Stand up Sit down 
 Joints Ankle Knee Hip Ankle Knee Hip 
Aldebaran 0.2233 0.3973 0.0245 0.1883 0.4434 0.0118 
Q-Learning 0.1424 0.5572 0.0096 0.1455 0.6194 0.0252 
Total Mech. Power Aldebaran 0.6451 0.6435 
Total Mech. Power Q-Learning 0.7092 0.7901 
Total Mech. Power Reduction% -9.932 -22.779 

 
Electrical current consumption comparison is shown in Fig 17 and Fig. 18. Q-

Learning routine demand less current usage for ankle and hip during standing up, and 
slightly more current for knee joint than Aldebaran routine. Sitting down joint current 
consumption is different than standing up consumption. 

Q-Learning routine uses less current for knee and hip joint, slightly more current 
consumption for ankle joint than Aldebaran routine. These results are in accordance 
with the torque requirement for each joint as seen in Fig. 13 and Fig. 14.  



Analyzing and reducing energy usage in a humanoid robot during standing up and sitting down tasks   21      

0 1 2 3 4
0

0.5

1

Time(Sec)

Cu
rr

en
t(A

m
p)

Stand Up Ankle Current

 

 
Aldebaran
Q-Learning

0 1 2 3 4
0

0.5

1

Time(Sec)

Cu
rr

en
t(A

m
p)

Sit Down Ankle Current

 

 
Aldebaran
Q-Learning

0 1 2 3 4
0

0.5

1

Time(Sec)

Cu
rr

en
t(A

m
p)

Stand Up Knee Current

 

 
Aldebaran
Q-Learning

0 1 2 3 4
0

0.5

1

Time(Sec)

Cu
rr

en
t(A

m
p)

Sit Down Knee Current

 

 
Aldebaran
Q-Learning

0 1 2 3 4
0

0.2

0.4

Time(Sec)

Cu
rr

en
t(A

m
p)

Stand Up Hip Current

 

 
Aldebaran
Q-Learning

0 1 2 3 4
0

0.2

0.4

Time(Sec)

Cu
rr

en
t(A

m
p)

Sit Down Hip Current

 

 
Aldebaran
Q-Learning

 

0 1 2 3 4
0

0.5

1

Time(Sec)

Cu
rr

en
t(A

m
p)

Stand Up Ankle Current

 

 
Aldebaran
Q-Learning

0 1 2 3 4
0

0.5

1

Time(Sec)

Cu
rr

en
t(A

m
p)

Sit Down Ankle Current

 

 
Aldebaran
Q-Learning

0 1 2 3 4
0

0.5

1

Time(Sec)

Cu
rr

en
t(A

m
p)

Stand Up Knee Current

 

 
Aldebaran
Q-Learning

0 1 2 3 4
0

0.5

1

Time(Sec)

Cu
rr

en
t(A

m
p)

Sit Down Knee Current

 

 
Aldebaran
Q-Learning

0 1 2 3 4
0

0.2

0.4

Time(Sec)

Cu
rr

en
t(A

m
p)

Stand Up Hip Current

 

 
Aldebaran
Q-Learning

0 1 2 3 4
0

0.2

0.4

Time(Sec)
Cu

rr
en

t(A
m

p)

Sit Down Hip Current

 

 
Aldebaran
Q-Learning

 
Fig. 17 Current comparisons for stand up Fig. 18 Current comparisons sit down 

 
Table 4 shows the total current average used by each joint for stand up. Ankle 

and hip joints use less current while knee joint uses 11% more electrical current. For 
the total electrical current per joint for sit down motion, knee and hip joints uses less 
current while ankle joint uses 4% more current. Total current used for stand up is 31% 
less and for sit down 25% less. 

 
Table 4. Total Electrical Current Average (Ampere) by Each Joint for Stand up and Sit down 

		 Current (Ampere) 
  Stand up Sit down 
 Joints Ankle Knee Hip Ankle Knee Hip 
Aldebaran 0.4668 0.3418 0.1773 0.1901 0.2273 0.1383 
Q-Learning 0.2028 0.3870 0.0892 0.2013 0.08363 0.1297 
Total Current Aldebaran 0.9860 0.5558 
Total Current Q-Learning 0.6791 0.4147 
 Total Current Reduction % 31.12% 25.37% 

 
 
Fig. 19 and Fig. 20 show the center of mass position change for standing up and 

sitting down motions respectively. By looking at the Q-Learning routine (light gray 
line), it puts the center of mass above the ankle joint sooner in both motions than the 
Aldebaran routines does. Aldebaran routines lean forward to stand up and sit down, 
whereas Q-Learning routine leans towards the back and align the vertical center of 
mass with ankle joint.  
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Fig. 19 Humanoid Center of Mass position change 

for standing up, joints are shown by small gray 
circles, head is shown by big gray circle 

Fig. 20 Humanoid Center of Mass position change 
for sitting down, joints are shown by small gray 

circles, head is shown by big gray circle 
 

Anther parameter of interest to measure the performance of proposed algorithm 
includes center of pressure (CoP). The center of pressure has been used to evaluate 
equilibrium in biped robots [42]. CoP provides a foot rotation indicator and it is used 
to prevent robot from falling during movements such as walk, run and jump. 

Fig. 21 shows the CoP for Aldebaran motion. Pressure point starts (gray) at the 
front of the ankle joint and stays mostly in the front area until motion is finished 
(black). Fig. 22 shows the center of pressure point for Q-Learning standing up mo-
tion, where pressure point start (gray) from the front side of the ankle and ends very 
close to a point behind the ankle joint (black). Fig. 23 shows the foot pressure points 
of Aldebaran motion for sitting down motion, where pressure points are mostly in the 
front of the ankle joint from start (gray) to the finish (black). Fig. 24 shows the foot 
pressure points for Q-Learning sitting down motion. Pressure points start (gray) from 
the behind of the ankle and end (black) at the front of the ankle.  
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Fig. 21 Center of Pressure for Aldebaran standing 

up, squares and dotted line defines the foot pressure 
Fig. 22 Center of Pressure for Q-Learning standing 
up, squares and dotted line defines the foot pressure 



Analyzing and reducing energy usage in a humanoid robot during standing up and sitting down tasks   23      
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Fig. 23 Center of Pressure for Aldebaran sitting 

down, squares and dotted line defines the foot pres-
sure area 

Fig. 24 Center of Pressure for Q-Learning sitting 
down, squares and dotted line defines the foot pres-

sure area 
 

Table 5 shows the average mechanical power performance of Q-Learning (Q-L) 
and Aldebaran (Ald.) routine. Mechanical power, standard deviation of mechanical 
power, energy lost due to torque requirement and the change percentage between two 
routines are shown as discussed in Section V. 

Average mechanical power with Q-Learning is higher than Aldebaran routine for 
both stand up and sit down motions. Total mechanical power is higher with Q-
Learning because of the angular velocity and acceleration of each joint higher than 
Aldebaran routine. Mechanical power is a product of torque required and velocity of 
joint.  

 
Table 5. Average Mechanical Power (N.m.Rad/Sec) for Stand up and Sit down 

  Stand up Sit down 
  Q-Learning Aldebaran Q-Learning Aldebaran 
Mechanical Power Average 0.7116 0.6453 0.7903 0.6414 
Mechanical Power Standard Deviation 1.4658 1.0437 1.082 0.7505 
Lost Energy due to torque 1.6458 1.9358 1.5312 1.563 
Total 3.8232 3.6248 3.4035 2.9549 
Change % 5.189 13.18 

 
Standard deviation of mechanical power for Q-Learning is higher than the Al-

debaran routine in general, this is because of the each joints velocity and acceleration 
reach higher values quicker at the beginning of stand up and towards end of sitting 
down, which creates a big difference in robot dynamics. Energy lost due to torque 
with Q-Learning result is lower. 
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Joint electrical input power demand comparisons are shown in Fig. 25 and Fig. 
26. These results show the input power for each joint during standing up and sitting 
down motions in physical robots after 4 seconds of motion. These were calculated by 
measuring the individual joint current consumptions and battery voltage of the hu-
manoid. By using Q-Learning in Stand Up routine, ankle joint and hip show less elec-
trical power consumption than Aldebaran, with lower energy rates of 56% and 49% 
respectively. On the other hand ankle joint consumes 13.2% more than Aldebaran.    
For the Sit Down movement, Q-Learning has lower energy consumption in both knee 
and hip joints of 63.2% and 6.15% respectively.  On the other side in the ankle, Q-
Learning spends 5.8% more than Aldebaran.  Table 6 shows the total electrical power 
consumption per link for stand up and sit down motions respectively.  

Thus, based on our work, the total electrical power saving for Q-Learning is 31% 
during standing up and 25% during sitting down. 
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Fig. 25 Joint Input Power Consumption compari-

sons for stand up 
Fig. 26 Joint Input Power Consumption comparisons 

for sit down 

Table 6. Total Electrical Power (Watts) by Each Joint for Stand up and Sit down 
  Electrical Power (Watts) 
 Stand Up Stand up Sit down 
 Joints Ankle Knee Hip Ankle Knee Hip 
Aldebaran 4.6312 3.3908 1.7596 1.8864 2.2549 1.3720 
Q-Learning 2.0124 3.8396 0.8852 1.9976 0.8296 1.2875 
Total Power A 9.7817 5.5135 
Total Power Q 6.7372 4.1148 
Total Power Reduction % 31.123 25.369 

 
 

9. Conclusions and Discussion 

In order to analyze the energy consumption of a humanoid robot during standing up 
and sitting down motion tasks, a planar 4 link 3 joint humanoid model is used for kin-
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ematic and dynamic modeling. Q-Learning is applied to find the reduced torque mo-
tion trajectories for ankle, knee and hip joints. Each joint is modeled separately ac-
cording to the data collected during the learning task. The resulting trajectories are 
evaluated on a real robot. Electric current, power consumption, joint torque and me-
chanical power are evaluated from the physical robot experiments.  

Energy consumption is measured as consumed electrical power over time for 
each joint and overall humanoid. Three major joints are considered, ankle, knee and 
hip joints. The robot mathematical model was reduced to three DoF given the nature 
of studied movement (Stand Up and Sit Down), where both legs has same position 
and movement. 

In order to get an accurate total power consumed, we multiply by two the total 
power consumptions of the pre-programmed Aldebaran and Q-Learning results. The 
physical robot battery unit was able to provide a maximum of 24.9V and 27.6WH 
energy during the experiments. Power dissipated due to the losses in each joint, which 
is discussed in Section VII, are accounted in the total results. Electrical loss in each 
motor is proportional to the current usage for that particular motor, and the higher the 
current usage, the higher the losses. Power loss due to torque required by load side is 
dependent on torque and angular speed, where higher speed motions result in higher 
mechanical losses. 

Results show individual joint energy savings as well as overall humanoid energy 
consumption reduction for both standing up and sitting down motion tasks. The total 
electrical input power for ankle and hip joints is reduced during standing up and the 
total electrical input current for knee and hip joints is reduced during sitting down in 
the Q-Learning trajectories. The knee joint total electrical input power increased 
slightly during standing up and the ankle joint electrical input power increased slight-
ly during sitting down in the Q-Learning trajectories. The resulting total power used is 
31% less during standing up and 25% less during sitting down when compared to the 
robot’s original motions. 

Additionally, the resulting Q-Learning motions tend to keep the center of pres-
sure close to the ankle joint and most of the time around a point behind the ankle 
joint; while Aldebaran routine keeps the center of pressure in a position away from 
the ankle joint. The center of mass location moved faster towards the ankle joint with 
Q-Learning; whereas Aldebaran routine kept the location in front of the ankle. In con-
clusion, the Q-Learning resulting motions provided the energy saving for both stand-
ing up and sitting down by choosing better locations for center of mass and center of 
pressure. As a result, output torque and mechanical power requirements were modi-
fied consuming less overall input energy.  

The presented algorithm meets the originally proposed goal of reducing energy 
consumption during standing up and sitting down motions for a humanoid (NAO) 
robot. The analysis is sufficiently general that it may be applied to other humanoid 
robots and different motion tasks. 
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With the aim to expand the application of this algorithm to other robots and mo-
tion tasks it is necessary to take into account the following: 

• The motor model has to be adapted according to the specific humanoid actu-
ators. 

• The humanoid robot dynamic model has to be adapted according to the spe-
cific restrictions and control requirements of the new motion task. 

In summary, the proposed algorithm presented in the current work is a general 
method to reduce energy consumption in humanoid robots during a specific motion 
task. The algorithm obtains a specific movement trajectory that minimizes energy 
consumption by using Q-Learning. The actuator model and dynamic model of the 
robot have to be adapted to the specific requirements of the robot and motion tasks. 
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