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ABSTRACT

Humanoid robot has been developed in design methods and functionality in recent years.
In its application, a humanoid robot is required to interact with human, tools, or the
environment. For a bipedal humanoid robot, efficient, precise, and stable walking is
required, where the humanoid robot is expected to walk in a bigger step in a
predetermined direction without falling. In this paper, the Genetic Algorithm (GA) is
implemented to optimize the quasi-dynamic walking of a humanoid robot. The walking is
optimized in terms of distance and precision while keep considering stability. For this
purpose, a 10-DoF humanoid robot is designed and constructed to resemble a half-body
of a human, from waist to feet. The humanoid robot is built of metal brackets where 10
servo motors are integrated for a coordinated movement. The walking gait of the
humanoid robot for one complete walking cycle of one right step and one left step is
divided into 8 walking phases. In each walking phase, the input to the 10 servo motors can
be set whether with the same value as the previous phase or with a new value. The GA
takes all possible new input values to the servo motors as the genes of an individual. At
the population initialization, the first individual that can move the humanoid robot with
adequate stability is found by using the forward kinematics method. Five individuals are
derived from the first individual through mutation with the rate of 40-60 %. Thus, the GA
starts with an initial population of these 6 individuals. A novel fitness function is introduced
with positive weight on straightforward displacement and negative weight on deviation.
This also emphasizes the merit of this research in the quantification of a robot's walking
performance. The GA cycles include the uniform crossover with 25 % gene exchange
probability and the mutation with the rate of 10 %. The GA is conducted for 4 cycles,
where every individual is tested on the humanoid robot 10 times. In each test, the
humanoid robot performs 3 complete walking cycles and the fitness score is assessed.
The GA is successful to increase the fitness score of the population’s best individual from
12.02 to 25.42. The walking distance is increased by 26.12 % from 25.33 cm to 31.94 cm,
while the deviation angle is reduced by 57.65 % from 25.39° to 10.75°. Further application
of the proposed method is to obtain the best individual for the robot to walk in a certain
direction, which will possible by adjusting the fitness function. This is to be done with the

support of sensor feedback and reverse kinematics in the robot’s modeling.
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1. INTRODUCTION

A humanoid robot is a robot whose body shape resembles a human body. This kind of robot is
created to collaborate with human or to replace human for finishing certain jobs (Behnke, 2008). Such
kind of robot requires an ability to interact with human (Oztop et al., 2005). Humanoid robots have
found applications in various fields (Asif et al., 2015; Riley and Atkeson, 2002). A humanoid robot
capable of dancing is presented by Riley et al. (2000). A throw-and-catch humanoid robot can be
found in the work of Kobey et al. (2012), which helps human to train to throw and catch a ball. The
main challenges come from the integration of tasks such as walking, maintaining stability, interaction
with humans, and variable environments (Hoffman et al., 2019). Some applications indeed require the
humanoid robot to have stable and precise movement (Sandini et al, 2018). For example, in the case,
that a humanoid robot is applied to conduct dangerous bomb disposal tasks or to play soccer. A

precise movement to reach a bomb or a soccer ball is required.

Research in an effort to design a humanoid robot to play soccer was done by Afrisal et al. (2019). It is
found that the robot has difficulty reaching the ball even though the ball is already located successfully.
This is caused by the walking precision where the soccer robot is not only expected to have fast
movement, but also precise walking. As the last example, a humanoid robot that is used to perform

certain tasks in a nuclear facility also needs a stable and precise walking gait (Garcia et al., 2007).

Previous works to develop humanoid robot’s walking performance can be found in (Liu et al., 2017),
where momentum compensation strategies were used to maintain the robot’s balance. Another
humanoid robot research done by Mousavi et al. (2017) uses a model predictive control to stabilize
the standing pose of the humanoid robot. Hashimoto and Takanashi (2015) developed a half-body
biped humanoid robot and a human-carrying biped vehicle. Khan et al (2008) simulated the balancing
of a four-degree-of-freedom (4-DoF) humanoid robot by using a PID control with the same approach
as balancing a pendulum, as the robot performs the walking movement. In conclusion, many research
efforts focus on using an algorithmic approach to develop the standing stabilization and walking
stabilization of humanoid robots. Emphasis on walking precision and step size are the new aspects

that will be considered in this research.

An optimization method needs to be applied to optimize the walking performance of a humanoid robot.
The heuristic algorithm approach provides a number of choices. The Harmony Search Algorithm was
successfully implemented to improve the flexibility of a traffic light controller in handling variable traffic
density (Sitompul and Bunawan, 2011). Furthermore, a method to integrate the Genetic Algorithm in
the generation of the fuzzy logic controller with minimum knowledge of the system is reported by
Sitompul and Bukhori (2013). Dragos et al. (2021) presented the application of Grey Wolf Optimizer to
tune the parameters of proportional-integral-fuzzy controllers. Multi-parametric quadratic programming

is coping with nonlinear processes, in finding the best parameters of fuzzy controllers (Preitl et al.,



2006). Furthermore, a hybrid algorithm is found to be able to reduce the construction time of wasp
nests (Zapata et al., 2020).

Based on the problem stated above, the author intends to utilize the Genetic Algorithm (GA), given
the scope of its certain mechanics (Manikas et al., 2007; Segota et al., 2020). The humanoid robot
used in this research is a 10-DoF humanoid robot, self-designed and self-constructed for the purpose
of the research. The robot’s walking gait is categorized into quasi-dynamic, where the whole surface
of the feet will touch the surface while stepping (He et al., 2019). A series of tests will be conducted
directly on the robot, instead of performing the simulation on a virtual model (Maiorino and Muscolo,
2020). The first individual, the base walking gait of the humanoid robot, is to be generated through the
forward kinematics method. The initial population will be derived from the first individual. Afterward,
the GA cycles are carried out by utilizing a fitness function that promotes forward displacement and
penalizes deviation. This research is expected to be the basis for further research on the humanoid
robot field, to develop a more precise walking gait and longer walking step, by using an algorithmic

approach.

2. METHODOLOGY
2.1. Assembly of the 10-DoF Humanoid Robot

In this research, a 10-DoF humanoid robot is designed and constructed. Each freedom of movement
is powered by one MG996R servo motor, with a maximum stall torque of 11 kg/cm. The humanoid

robot is equipped with an Arduino Uno R3 microcontroller to run the movement program.

The chassis of the humanoid robot is built of metal brackets with various shapes. The brackets are
fastened to each other by bolts, as they are assembled to form the feet, the legs, the thighs, and the
waist. The servo motors are placed accordingly at the joints of both body sides: 2 for each ankle, 1 for

each knee, and 2 for each hip. Figure 1 shows the humanoid robot after the construction is completed.

The wiring from the microcontroller to all the servo motors, as the mean of control signal transmission,
can be seen clearly. Two external 9V/2A power sources are used to provide electrical power to the
servo motors, while one USB cable is connected to power up the microcontroller. The block diagram
in Figure 2 shows the interconnection of the microcontroller, the servo motors, and the power sources.
The blue line represents the flow of information or data, while the red line indicates the flow of

electrical power.



Figure 1. The 10-DoF humanoid robot

The inputs to each servo motor are given in degree number, from 0 to 180. Later, this degree number
will be converted to a corresponding voltage to be applied to the servo motors. If a degree number is
given, then the servo motor will rotate to the desired position with the speed proportional to the
difference between the current position and the desired position. Once the desired position is reached,
the same number should be kept given as the input to the servo motor, so that it can maintain the

position.
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Figure 2. Block diagram of the humanoid robot
2.2. Implementation of the Genetic Algorithm

The GA is an optimization method based on the idea of natural selection. It can be used to solve
constrained or unconstrained problems. Possible solutions are represented as individuals that
constitute a population. Every individual has a set of characteristic parameters referred to as genes. In

every generation, after a successful parent selection, the population produces a set of offspring



through the process of crossover and mutation (Haldurai et al., 2016). A fitness function is used to
measure the suitability of the individuals to become the solution to the optimization problem (Chande
and Sinha, 2008). By simulating the natural process of selection, only individuals with the best fitness
score can survive and go to the next generation. Hereby the size of the population is maintained to be
the same. The GA applied in this paper is as depicted by the flowchart in Figure 3.
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Figure 3. The applied Genetic Algorithm

In this stage, the GA is used to optimize the walking performance of the humanoid robot, in terms of
high straightforward displacement and low deviation. First, a walking algorithm will be defined. A
complete cycle of walking, or a walking gait, is divided into 8 walking phases, where the first 4 phases
are to do the right step, and the last 4 phases are to do the left step. The complexity of finding a
proper two-leg walking movement for the humanoid robot is high in terms of increased stability
consideration. A comparison can be made with the design of a four-leg pet robot as discussed by

Lumoindong and Sitompul (2021), where a gait with 2 or 4 phases is adequate.

In every walking phase, there are 10 values to be sent to the 10 servo motors. The walking algorithm
is applied by entering these values into the inputs of the servo motors. By applying the values from
walking phase 1 until walking phase 8, a complete walking algorithm is obtained. Figure 4 shows the

arrangement of the 10 servo motors at the humanoid robot.
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Figure 4. The installation location of the servo motors

The values to be given to the servo motors are integers from 0 to 180, representing the position of
each servo motor in degree. To start the GA process, a first individual with a base walking gait needs
to be found. This is done by a series of trial-and-error forward kinematics. In this finding process, a
sequence of servo motors’ change can be observed to make the humanoid robot walk a full step cycle
(one step of the right leg followed by one step of the left leg) with acceptable speed and stability.
Apparently, not all servo motors should change their positions in each walking phase. There are

occasions where the servo motors only need to maintain the position from the previous phase.

For better illustration, Figure 5 shows the input values of the 10 servo motors at the first walking
phase. If a servo motor obtains a new position at this first walking phase, then its value is labeled as X.
If the position of a servo motor is the same as the one at the previous phase, then this value is labeled

as NC (no change).
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Figure 5. The position of the servo motors at the first walking phase

Figure 6 shows the complete walking gait of the humanoid robot, consisting of all 8 walking phases.

Out of 80 possible servo positions, 38 are new positions while 42 are NCs. In the GA process, such a



complete walking gait will be referred to as an individual. Thus, each individual has 38 genes whose
values are to be optimized. As many as 6 individuals will make a population, as can be seen in

Figure 7.
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Figure 6. One individual as one complete walking gait of the humanoid robot
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Figure 7. One population with 6 individuals

The parts of the GA process, as shown in Figure 3, will now be discussed in detail. This is to be done

by considering the structure of the genes and the individuals already chosen at this point.



1. Population Initialization. The number of individuals in the population is chosen to be 6. There are 15
possible parent pairs if 2 individuals are picked out of 6. This provides adequate search space while
keeping the population size manageable for the humanoid robot as a physical system. After the first
individual is obtained, 5 further individuals are derived from it. This is done by randomly adding + 1,
+ 2, or + 3, to 40-60 % of the first individual’s 38 genes.

2. Fitness Calculation and Parent Selection. The fitness calculation is done by using a fitness function

as given by the equation of

Fithess Score=F - R, (1

where F denotes the forward displacement and R is the deviation, to the left or the right, with the
reference of the direction of straightforward displacement. The aspired walking optimization of the
humanoid robot is attached to the fithess score as given in Equation (1). Hereby, an optimization
problem may consist of minimizing a real function in the form of a cost function or error function. On
the other hand, an optimization problem can also be defined as how to maximize a real function,
which is the case in the applied Genetic Algorithm in this research. In this relation, maximizing the
fithess score function is equivalent to optimizing the walking performance of the humanoid robot, with

the setting of the servo motors as the free variables.

Figure 8 shows the forward displacement vector F and the deviation vector R. vectors, where the
displacement vector D is given by D = F + R. Henceforth, F is the magnitude of the vector F, while R

is the magnitude of the vector R.
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Figure 8. The components of the fitness function, F and R
To increase the forward displacement F and reduce the deviation R, the humanoid robot must walk a

great displacement D while keeping the deviation angle 6 small. Due to the minus term of the

deviation, a large displacement but with a large deviation will not result in a higher fitness score. Thus,



the fitness function endorses a movement with greater distance while simultaneously give merit to

accuracy.

A further illustration is given in Figure 9. The displacement vector D, is slightly greater than the
displacement vector D;. However, the deviation vector R, is significantly greater than the deviation
vector R;. This causes the fithess score of the first movement (F,— R;, a scalar value) to be greater

than the one of the second (F,— R, also a scalar value), which is apparently negative.
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Figure 9. A great displacement with low accuracy results in a low fitness score

The parent selection is preceded by the selection of parent candidates. For this purpose, the
tournament method is used. The scheme is described in Figure 10. Out of 6 population members, 3
are randomly chosen to be the tournament participants. Out of these 3 participants, a tournament
winner is chosen based on the highest fitness score. A tournament winner automatically becomes a
parent candidate (Jebari et al., 2013). In each generation, 3 tournaments are conducted, where it is
possible to get the same winner at multiple tournaments. Thus, the tournaments can produce 1, 2, or

3 parent candidates.

If there is only 1 parent candidate, then the generation ends without any crossover and mutation. If
there are 2 parent candidates, then both individuals are directly chosen as parents. Finally, if there are
3 parent candidates, then 2 parents will be chosen by using a weighted probability, based on the

candidates’ fitness scores.
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Figure 10. Scheme of a tournament to obtain a parent candidate

The weighted probability for each of the 3 parent candidates is calculated by using the linear ordinal-
based rank (Pandey, 2016; Jebari et al., 2013):

_2(N-K)

PN )

()

where P denotes the probability of the candidate with the relative rank K of N parent candidates. K
takes the value 0 for the candidate with the highest fithess score and N—1 for the lowest. Hence, with
N =3, P(0)=6/12, P(1) = 4/12, and P(2) = 2/12.

3. Crossover. In this research, if the parent selection is successful, then the crossover will always
occur. The crossover becomes instrumental to obtain offspring, expected to be significantly new
individuals. This is required to reach the optimum solution as quickly as possible. The uniform
crossover is chosen to be implemented, which provides a wider variety of resulted offspring compared
to other crossover methods such as one-point crossover and multi-point crossover (Mallawaarachchi,
2017; Soon et al., 2013; Sastry and Goldberg, 2003). The exchanged genes (or crossover rate) will be
randomly chosen with a probability of 25 %.

4. Mutation. The mutation immediately occurs to the two offspring (new individuals) which are
produced by the crossover. Thus, the mutation occurs with 100% probability in case a cycle generates
new individuals. This value is chosen to maximize the search for the optimum solution within a limited
number of cycles. The mutation rate is chosen to be 10 %. Thus, 10 % of the genes of the two
offspring will be randomly added by + 1, £ 2, or + 3. Prior experiments with the humanoid robot show

that this 10% provides a good balance between performance and improvement.

5. Termination Point. Two conditions are selected for the termination, where the GA will be stopped
and the current best individual will be taken as the solution. The first termination condition is if the
improvement of the best fitness score is less than 2 % in two consecutive cycles. The second

termination condition is if the number of generations reaches 4. The number of walking tests that must



be conducted on the humanoid robot for each individual limits this number of generations. This is due

to the consideration regarding the mechanical exertion experienced by the humanoid robot.

Pseudocode that summarizes the Genetic Algorithm specifically used in this research is presented in
Figure 11. Furthermore, the code of programs that can be used to generate the initial population and
perform the crossover operation and the mutation operation program is accessible via
http://bit.ly/GA_HR.

The GA has several random parameters such as the crossover rate, mutation rate, and the changes
of gene values. By having these random parameters, the variability of the offspring is high and the
available search space for the best solution is large. However, there is no guarantee that the best
solution can be found after a certain number of cycles. If the algorithm fails to find the expected
solution, it is to be repeated until the solution is found. The system to be optimized, the 10-DoF
humanoid robot, is highly non-linear and there is always a possibility to be trapped in local minima.
However, as the variability of the offspring is high and the search space is large, it is legitimate to

expect an increasing fitness score by the flexibility of the termination conditions.

Data : First individual
Result : Final population with best individual

1: Generate the initial population from the first individual

2: Apply all individuals of the initial population to the humanoid
robot

3: Calculate the fitness score for each individual in the initial
population by using Equation (1)

4: while none of the two termination conditions is met do

5 Select two parents in the population, using Equation (2)

where applicable

6 if two parents can be selected then

7 Perform the crossover operation

8: Perform the mutation of offspring

9: Apply the offspring to the humanoid robot
10: Calculate the fitness score for each offspring
11: Perform the survivor selection
12: Replace old population with new population
13: end if
14: end while

15: return the final population with best individual

Figure 11. The pseudocode of the Genetic Algorithm



3. RESULTS AND DISCUSSIONS
3.1. Experiment Set-Up
During the experiment, the humanoid robot performs the walking movement on a flat surface made of
plywood. The walkway is presented in Figure 12. The surface gives a perfect grip for the robot’s feet

and guarantees a uniform condition for all walking tests. The size of the surface is 50 cm x 50 cm.

The numerical values of every individual are applied to the humanoid robot as it performed 10 walking

tests in a row. In each test, 6 steps are conducted, alternatingly 3 right steps and 3 left steps.

Figure 12. The walkway of the humanoid robot

3.2. Generating the Population

The first individual or the base walking gait is shown in Figure 13. Referring back, this figure is
actually the application of the individual, whose original structure is shown in Figure 6. All empty gene
compartments (earlier filled with X) are now filled with numbers between 0 and 180, which is obtained

from trial-and-error forward kinematics.

The humanoid robot always starts from the standing position of [158, 75, 43, 40, 42, 30, 80, 143, 65,
105]. Then, in a continuous cycle, phase 1 until phase 8 are fed to the humanoid robot, as it keeps
stepping forward. In each phase, the servo motors are held at any given position for 500 milliseconds.

Thus, it takes 4 seconds to complete the 8 walking phases.



Servo motor
1 2 3 4 5 6 7 8 9 10

1 |163 | NC [NC | NC | 40 | 35 | NC | NC [ NC | 111

2 |172 | NC [NC [NC | 48 | 40 | NC | NC [ NC | 116

3 INC |78 | 54 | 62 |[NC|NC | NC |[NC | NC | NC

4 |1160| 85 | 43 | 43 |[NC |NC | 40 |126| 80 135

5 |169 | NC [NC |NC | 45 | 35 | NC | NC | NC | 90

Walking phase

6 |144 [NC |NC [NC | 30 | 20 [NC | NC | NC | 85

7 |NC|NC |[NC|NC|NC|NC| 70 [140| 70 | NC

8 |158 |65 |62 | 70 INC |NC | 80 |145| 65 100

Figure 13. The first individual (base walking gait)

Afterward, five further individuals are derived from the first individual. This is done by the method
already explained as Population Initialization in the previous section. At the end of this stage, the
whole population with 6 individuals, as depicted in Figure 7, is established. The humanoid robot is
given the servo motor setting as represented by each individual through the microcontroller. Then, the
robot is commanded to walk 10 consecutive times and the data of forward displacement and the
deviation are measured and averaged. Next, the Fitness Calculation for the 6 individuals is conducted.

Based on the measurement data, the fithess score can be calculated by using Equation (1).

The detailed performance of the initial population is shown in Table 1. The number of fall downs, the
mean forward displacement (F), the mean deviation (R), and the mean fithess score (F-R) are

presented. The calculation of the fitness score is as governed by Equation (1).
The number of fall downs is always zero. This implies that the initial population provides a stable
walking for the humanoid robot. The unit for the forward displacement, the deviation, and the fitness

score is centimeter.

Table 1: Walking performance of the initial population.

Individual
Item 1 st 2nd 3rd 4th 5th 6th
Fall downs 0 0 0 0 0 0
Mean forward displacement (F) | 27.54 | 24.11 | 22.88 | 21.02 | 21.65 | 28.19
Mean deviation (R) 15.86 | 19.83 | 10.86 | 25.42 | 24.20 | 17.68
Mean fitness score (F—R) 11.68 | 428 | 12.02 | -3.40 | —2.55 | 10.51




The humanoid robot always creates a left-deviation for all individuals of the initial population. This kind
of problem was also found in (Allgeuer and Behnke, 2018). The reason can be the uneven
effectiveness between the left leg and the right leg, where the latter is more effective. Moreover, this
can be caused by the non-uniformity of the servo motors. The GA is expected to cope with this
problem and give adequate compensation so that the forward displacement can be increased and the

deviation can be decreased (Hwang et al., 2015).

3.3. Genetic Algorithm Cycles

1. First Cycle

The GA cycle continues further according to the algorithm as shown in Figure 3 until a certain
termination condition is fulfilled. The Parent Selection among the population ensues through the
tournament method. For this first cycle, the tournaments result in two different winners, as shown in
Table 2. Both the first and the second individuals are chosen as parents. Two offspring are generated
through the Crossover and the Mutation, which are the seventh and the eighth individuals. Their

performance is shown in Table 3.

Table 2: Tournament result of the first cycle.

Tournament | Participating individuals | Winner

1 st 6th 2nd 1 st
2nd 1 st 5th 1 st
2nd 4th 5th 2nd

Table 3: Walking performance of the 7" and the 8" individuals.

Individual

Item = &

Fall downs 0 0
Mean forward displacement (F) | 28.84 | 25.72
Mean deviation (R) 13.49 | 11.17
Mean fitness score (F—R) 15.35 | 14.55

Based on the mean fitness score, both offspring are selected to become the new members of the
population. The population at the end of the first cycle is shown in Table 4. The best fitness score is
increased from 12.02 to 15.35, which corresponds to 27.70%. No termination condition is fulfiled and

the algorithms proceed to the second cycle.



Table 4: The population at the end of the first cycle.

Rank Individual Fitness score
1 7" 15.35
2 8" 14.55
3 3" 12.02
4 1% 11.68
5 6" 10.51
6 2" 4.28

2. Second Cycle

In this cycle, all 3 tournaments result in the same winner, as shown in Table 5. The fittest 7™ individual
is always chosen to be a tournament participant and wins. Thus, the second cycle does not produce
offspring and the population at the end of the second cycle is unchanged. This also means that the
best fitness score does not improve, making the count of the first termination condition equals 1.
Since the count is not equal to 2 and the number of cycles is still below 4, the algorithm continues to
the third cycle.

Table 5: Tournament result of the second cycle.

Tournament | Participating individuals | Winner

2nd Gth 7th 7th
2nd 1 st 7th 7th
7th 5th 2nd 7th

3. Third Cycle

In this cycle, three different individuals become the winner of the three tournaments, as summarized
in Table 6. All three become the parent candidates. In order of fithess scores, they are the 7“1, the 3“’,
and the 1% individual.

Table 6: Tournament result of the third cycle.

Tournament | Participating individuals | Winner

2nd 1 st 3rd 3rd
2nd Gth 7th 7th
6th 1 st 2nd 1 st

The weighted probability of the parent candidates is obtained by using Equation (2). The result is
visualized in Figure 14. After the roulette disk rotation process, the 3™ and the 1% individuals are

selected to become the parents. The resulting offspring are presented in Table 7.
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Figure 14. The probability of the parent candidates in the third cycle

Table 7: Walking performance of the 9" and 10" individuals.

Individual
Ite;m gth 1 Oth
Fall downs 0 0
Mean forward displacement (F) | 30.82 | 31.38
Mean deviation (R) 6.75 | 5.96
Mean fitness score (F—R) 24.07 | 25.42

Again, both offspring are qualified to become the members of the population. Their fitness scores rank
the top two. The 9" and the 10" individuals deliver significant improvements compared to the former
best 7" individual. The population at the end of the third cycle is presented in Table 8. The best
fitness score is improved by 65.60%, from 15.35 of the 3" individual to 25.42 of the 10" individual.
This improvement resets the count of the first termination condition back to 0. The algorithm proceeds

to the fourth cycle since no termination condition is met.

Table 8: Population at the end of the third cycle.

Rank Individual Fitness score
1 10" 25.42
2 o 24.07
3 7" 15.35
4 g" 14.55
5 3" 12.02
6 1°t 11.68




4. Fourth Cycle

In the fourth cycle, the tournaments result in 2 different winners. Both are automatically selected as

parents. The tournament summary can be seen in Table 9. The resulting offspring and their extremely

different performance are presented in Table 10.

Table 9: Tournament result of the fourth cycle.

Tournament | Participating individuals | Winner
gth 3rd 7\h gth
7th 1 st 3rd 7th
7th gth 8th gth

Table 10: Walking performance of the 11" and 12" individuals.

Individual
Item o P

Fall downs 0 0
Mean forward displacement (F) | 21.19 | 29.60
Mean deviation (R) 21.80 | 6.62
Mean fitness score (F—R) -0.61 | 22.98

The 11" individual yields a negative fitness of —0.61 and cannot better any current members of the
population. On the other hand, the 12" individual produces a good fithess of 22.98, which occupies

the third rank in the new population. The population at the end of the fourth cycle is shown in Table 11.

After the completion of the fourth cycle, the Termination Point is reached. Hereby, the second

termination condition is fulfilled. Thus, the algorithms stop here.

Table 11: Population at the end of the fourth cycle.

‘Rank Individual Fitness score
1 10" 25.42
2 o 24.07
3 12" 22.98
4 7" 15.35
5 8" 14.55
6 3" 12.02




5. Assessment of the Overall GA Process

The applied GA improves the walking performance of the humanoid robot. Figure 15 shows the
course of the best fithess score of the population, from the initial population at the zeroth cycle until

the final population after the fourth cycle.

The 3" individual is the best individual of the initial population with a mean forward displacement of
22.88 cm and a mean deviation of 10.86 cm. This corresponds to the fithess score of 12.02. After four
cycles of GA, the 10" individual becomes the best individual with a mean forward displacement of
31.38 cm and a mean deviation of 5.96 cm. This corresponds to the fitness score of 25.42. It can be
observed that the 10" individual simultaneously delivers more forward displacement and less

deviation.

Comparing both individuals further, the displacement (walking distance) is increased by 26.12 % from
25.33 to 31.94, while the deviation angle is reduced by 57.65 % from 25.39° to 10.75°.
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Figure 15. The highest fitness score in every cycle

Figure 16 presents the direct comparison between the individuals of the initial population and the final
population, lined up based on the fitness scores, from the highest until the lowest. As mentioned
previously, the fithess score is obtained from the mean forward displacement (F) subtracted by the
mean deviation (R). The increase of the fithess score is the combination of the increase of F and the
decrease of R. It also reflects the increased ability of the humanoid robot to walk straightway forward.

Only one individual from the initial population, the 3" individual, survived the cycles and still becomes
a member of the final population. All other new members of the population perform even better than

the 3 individual, which is now placed in the sixth position.
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Figure 16. Fitness score comparison of the initial population and the final population

Figure 17 recaps the difference of gene values between the best individual (the 10"™) and the first
individual. The changes, indicated in green, can be found in 13 out of 38 genes. Figure 18 recaps the
difference of gene values between the worst individual (the 4™) and the first individual. The changes,
indicated in blue, can be found in 20 out of 38 genes. The difference, though seems to be small,

summed up to be significant. It is proved from the experiments that the small changes make a big

difference in the walking performance of the humanoid robot.
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Figure 17. The difference of gene values between the best individual (the 10™) and the first individual
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Figure 18. The difference of gene values between the worst individual (the 4™) and the first individual

4. DISCUSSION AND CONCLUSION

The GA has been applied to optimize the quasi-dynamic walking of a 10-DoF humanoid robot. The
robot represents a human’s lower half-body, consisting of two feet, two legs, two thighs, and one waist.
The joints include two ankles, two knees, and two hips. A novel fitness function is devised in order to
achieve the purpose of increasing the walking performance of the robot in terms of high forward
displacement and low deviation. The stability of the robot, in how it moves without falling down, is also

taken into account.

The first individual is obtained by forward kinematics, from visualizing the required coordination
between all the joints to make forward step movements of the robot. The remaining members of the
initial population were derived from the first individual. Due to the durability issue of the humanoid
robot, only four cycles of GA were conducted. In each cycle, up to 2 offspring are generated. Only the
fittest 6 individuals survive into the next cycle. After the final cycle, the best fithess score of the
population improves from 12.02 to 25.42, corresponding to an increase of 111.48 %. The walking
distance is increased by 26.12 % from 25.33 to 31.94, while the deviation angle is reduced by
57.65 % from 25.39° to 10.75°.

Further possible studies include the development of a full-body humanoid robot with a certain task at

hand. Optimizing the robot in a certain given direction, not only a straightforward direction, both with
and without additional sensors, will also be a challenge that can be elaborated further.
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