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Using a Hardware Simulation within a Genetic
Algorithm to Evolve Robotic Controllers

M. Beckerleg, J. Collins

Abstract— This paper uses a novel method of implementing
a genetic algorithm (GA) using a hardware simulation to
evaluate the fitness of an individual for a robotic controller,
rather than the normal practise of a software simulation. A
simulation is required within a GA to model the actions of the
robot and its environment in order to evaluate how well each
individual within the population performs. Typically a
simulation is written in software and executed sequentially on a
processor. However, this paper implements the simulation as a
digital circuit within a FPGA using a hardware description
language (HDL). A comparison between identical hardware
and software simulations is performed, resulting in the
hardware simulation evolving a successful solution over seven
hundred times faster than the software simulation. The robot is
in the form of a balancing beam, the GA was implemented in
hardware and the circuit driving the beam was a virtual
FPGA.

Index Terms—Evolvable Hardware, Genetic Algorithm,
Hardware Simulation, Evolvable Robotics, Virtual FPGA

I. INTRODUCTION

This paper uses the novel approach of using a hardware
robotic simulation within a GA. The basis of a GA is to find
a solution to a problem using evolution as a search engine.
The GA uses natural selection to evolve a population of
individuals where each individual represents a possible
solution to a problem. The process is iterative and is
comprised of three main sections: reproduction, fitness
evaluation and selection. The selection process determines
which individuals within the population will survive to the
next generation based on their fitness. The reproduction
process creates new offspring from the surviving parents
using the genetic operators crossover and mutation. The
fitness evaluation determines how well each individual
within the population performs as a potential solution to the
problem with this process being the most time intensive. In
order to evaluate the fitness of an individual it must be
tested either in real life or in simulation. As it is time
consuming and potentially destructive to evolve a real life
robot, a robotic simulation is used. Historically a simulation
is run in software on a computer. If the simulation could be
implemented in hardware on a FPGA, then the mathematical
equations describing the simulation could be executed in
parallel and there should be a decrease in the time taken for
fitness evaluation.
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This paper created two identical simulations for a robotic
controller (Fig 1) with the first coded in software and the
second implemented in hardware. The GA used to evolve
the virtual FPGA which controlled the robot and the virtual
FPGA itself were identical and were implemented in
hardware. This enabled a valid comparison between
hardware and software simulation to be performed.
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Fig 1. The two systems used to evaluate the software and hardware

simulation.

The robotic platform used to test both simulations was a
ball-beam system (Fig 2). This used a beam driven by a
stepper motor to balance a ball between two end-stops. The
beam had 19 sensors to determine ball position and a stepper
motor which could move at 27.5 degrees per second to drive
the beam. The beam itself was curved to make the system
inherently unstable.

Fig 2. The physical beam with a GUI representation allowing the ball and
beam to be dynamically observed during the evolution.

The main difficulty with creating a hardware simulation
inside a FPGA is that unlike a computer, there is no
arithmetic logic unit. All arithmetic formulae written in
HDL will generate individual circuits to implement the
arithmetic function. With floating point operations, a large
number of the FPGA logic element resources are required
for each calculation due to the complexity of dealing with
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signed, mantissa and exponent parts. As there are typically
many floating point calculations in a simulation, it becomes
impractical to use this technique.

An alternative to floating point calculations is the use of
integer arithmetic, which reduces the logic element
resources required to implement the circuit within the
FPGA. Trigonometric functions will also need to be
implemented as an arithmetic approximation or a look up
table, as they are difficult to implement in hardware.

The disadvantage of using integer calculations is the loss
of precision compared to floating point calculations. In
addition the algorithms must be checked to make sure that
no arithmetic overflow occurs as the numbers are confined
to 32 bits (+ 2 x 10°). It is also important to ensure that the
timing between the arithmetic calculations and the timing
between the simulation and other systems is correct. Finally
the hardware simulation must be integrated to the GA and
the virtual FPGA.

To implement the simulation in hardware, the integer
arithmetic calculations can be directly coded in Verilog
HDL using the standard multiply and divide syntax.

II. BACKGROUND

There has been a large amount of research in the use of
GAs to evolve robotic controllers using both software and
hardware GA’s. However to the to the authors knowledge
the use of a hardware simulation within these systems has
not previously been used. Using evolution to create robotic
controllers has been widely studied with advances in path
planning [1, 2], obstacle avoidance [3, 4], tracking [5, 6] and
even evolving the robot form itself [7, 8]. This paper
advances the field by the use of a hardware robotic
simulation to improve the completion time for the GA
process.

A virtual FPGA was used to control the motion of the
beam. This is a digital circuit which was evolved by
modifying its configuration bit stream (CBS) which
determined the circuit parameters within the virtual FPGA.
This method, referred to as evolvable hardware, was first
implemented by Thompson [9] when he evolved a tone
discriminator on a evolutionary tolerant Xilinx FPGA.
However this type of FPGA has been discontinued and it
has become difficult to directly evolve a commercial FPGA
by modifying its CBS.

The main requirements of an evolvable FPGA are a)
scalability to enable large systems to be evolved, b) partial
reconfigurability, where parts of the FPGA can be
reconfigured while other parts are still running and c) non
destructive architectures that are resilient to a random CBS.
One solution that meets these requirements is the virtual
FPGA with functional elements employed in a Cartesian
based array that could be downloaded into the FPGA. The
operation of the functional elements and their inputs are
determined by the CBS, thus evolving this bit stream would
change the operation of the virtual FPGA. Virtual FPGAs
have been evolved for several applications including an
adaptive equalizer with lossy data compression, [10] image
processing [11] and character recognition [12].

The hardware GA used in the experiments was a mutation
only GA (MOGA) implemented without the use of the
crossover operator, which requires less FPGA resources
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allowing the complete system to be implemented in a
relatively small Altera Cyclone EP1C12F324C8 device.
This technique has been used previously in both hardware
and software GAs with studies that showing that a MOGA
can compare favorably against a normal GA [13]. An
advantage of this technique is a reduction in chromosome
damage caused by the crossover operator [14]. Various
mutation only algorithms have been studied such as frame
shift and translocation, once again finding a good
comparison with a normal GA [15]. Several papers have
used this method to evolve digital circuits.[12, 16, 17].
Other hardware GA systems have used crossover templates
to minimize the number of two bit multiplexers for the
crossover operation [18], while others have used pipelining
and parallelism to develop a high speed hardware GA[19].

III. MATHEMATICAL MODEL

In the model of the beam (Fig 3), the beam position is
measured as an angle ¢ from horizontal, and the ball
position is measured as an angle 8 from the centre of the
beam. The full derivation for the mathematical model has
previously been described by the authors [20]. The final
equations for the ball acceleration are given in equations (1)
and (2).

Fig 3. The ball and beam showing the relationships between the angles and
motion.
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From physical experimentation on the beam, the value for
acceleration (a) of the ball was determined as a factor of the
ball position (x) and beam position (b) in equation (3).

Placing this into the mechanical modeling we can
determine the new position of the ball, dependant on its
current position, velocity (v) and acceleration in equation
(4), and the new speed of the ball dependant on its current
speed and acceleration in equation (5). The simulation was
set to a time period of 1 ms, in equations (6) and (7) and
these were modified to give a divisor which was a multiple
of two, enabling for efficiencies in the hardware
implementation, in equations (8) and (9).
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Where

g - gravitational acceleration

I — moment of inertia of the ball

R - radius of curvature of the beam

m - mass of the ball

r - radius of the ball

0 - ball position (angle from the centre)
@ - beam position (angle from horizontal)
x — ball position

v — ball velocity

b — beam position

a - acceleration of the ball

An investigation of the hardware simulation generated by
the HDL compiler showed that no dividers and only four
signed multipliers were used in the simulation circuit.

The beam state is defined by ball position, ball speed and
beam position which were derived from the ball position
sensors and the number and direction of the motor pulses.
These parameter values were stored in a 32 bit word with 19
ball positions, 3 ball speeds and 10 beam positions, with
only 1 bit active for each parameter at any one time.

Within the hardware simulation these parameters were
encoded as integer values scaled up by 10000 to maintain
accuracy. The first parameter was the beam position which
was an angular parameter determined by the number of
beam pulses. The beam had a total movement of +30° with
270 pulse required to move the beam over the total range
giving a movement per pulse of 0.22° and a pulse range from
+135. As the motor could only be pulsed every 8ms then the
beam movement per 1ms was 0.0275°.

The location of the ball was determined by 19 sensors.
When the ball was midway between two sensors both
became active. This enabled the resolution of the sensors to
be doubled giving a range from £19.

The ball velocity was estimated from the time between
sensor signal changes, however the velocity estimation was
quite poor thus only three ball velocities were used; moving
left, moving right and almost stationary.

The complete system (Fig 4) shows the three blocks of
the genetic algorithm; a) the hardware GA, b) the virtual
FPGA and c¢) the hardware simulation, each with its
associated control lines. These lines controlled the GA
process, and allowed the transfer of fitness, best
chromosome and ball states to the computer GUI. The
virtual FPGA controlled the motion of the beam dependent
on the ball-beam states, and it was this circuit that was
evolved via a GA process on its CBS. The hardware
simulation modeled the dynamics of the ball-beam so the
fittest of the current virtual FPGA circuit could be
evaluated. The hardware GA used a mutation only algorithm
where the crossover operator was not used. This reduced the
number of logic elements required for the hardware GA,
enabling the complete system to be placed in a Cyclone
device using less than 12000 logic elements.
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IV. SYSTEM OVERVIEW
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Fig 4. System overview showing connections between the NIOS processor
and hardware subsystems

V. HARDWARE GENETIC ALGORITHM
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Fig 5. The hardware genetic algorithm showing the random number

generator, chromosome storage, mutation unit and control lines.

The hardware genetic algorithm unit (Fig 5), had 3
blocks: random number generator, best chromosome storage
and the mutation unit. The mutation random number
generator used a linear feedback shift register to produce a
383 bit random number as well as four 9 bit random
numbers. The best chromosome stored the current parent
which could be sent to the mutation unit and sent to the
computer via a serial link. The mutation unit could mutate 1
to 4 bits of the chromosome dependant on the selected
mutation rate.

The operation was implemented as follows: on reset, a
random CBS was generated, placed into the best
chromosome memory, and then passed to the mutation unit.
The mutation unit could mutate 1 to 4 bits within the CBS
dependant on the fitness. The mutation point was set by a 9
bit random number giving a range of 0 to 511. As the CBS
was only 383 bits, there was a possibility that a mutation
would not occur (Table I). After mutation the CBS was sent
to the virtual FPGA for evaluation. If the CBS had an equal
or better fitness, it would be saved back in the best
chromosome memory.
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TABLE I
MUTATION RATE AND MUTATION PROBABILITY

Mutation Bits |Mutation Probability [Mutation Rate
1 75% 0-0.3%
2 94% 0-0.5%
3 98% 0-0.8%
4 99.6% 0-1.0%

VI. VIRTUAL FPGA

The circuit produced in a FPGA is determined by the
CBS. Evolvable hardware uses a genetic algorithm to
modify the CBS to produce a circuit that can be evolved.
However a normal FPGA cannot be used, as a randomly
generated CBS can destroy the FPGA. To overcome this
problem, a virtual FPGA was created which was tolerant to
random CBS. The virtual FPGA (Fig 6) used in this paper
was based on the Cartesian based model consisting of
functional elements (FE) which were grouped into five
layers with the outputs of each layer feeding into the next.

> Layer1 Layer2 Layer3 Layer4 Layer5

g 1FE 1FE }71» =

o 2(3) 3

&) 2FE g

N 43) °©
VFPGA

Fig 6. The virtual FPGA showing the hardware in the first two layers and
the reducing layer structure within the device.

The configuration for the first and subsequent FEs is
different (Fig 7). The first layer does not contain a function
LUT. Each FE selects any 3 of the 32 inputs feeding them as
a group of 3 bits to the next layer. The FE within the second
and subsequent layers can select two groups from the
previous layer and pass them to the function LUT which can
perform Boolean and arithmetic functions on the two input
groups. The operation of the multiplexers and the function
LUT are controlled by the CBS which is 383 bits long.
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Fig 7. The FE in layer 1 multiplexes the inputs into groups of 3, while the
FE in the second and subsequent layers select groups from the previous
layer and performs Boolean and arithmetic operations on them.
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VII. HARDWARE SIMULATION
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Fig 8. The hardware simulation showing the simulation and fitness

calculation blocks with their associated control lines.

The hardware simulation (Fig 8) was comprised of four
units: simulation, fitness, simulation complete and clock
speed. The simulation unit contained the simulation’s
mathematical equations implemented in hardware, and the
input-output to the virtual FPGA. The fitness unit had a 32
bit register which was incremented on every clock pulse,
with each pulse equivalent to 1ms of simulation time. The
clock speed unit switched the clock source between a
50MHz clock and a clock driven by the NIOS. Controlling
the clock with the NIOS allowed the ball-beam states to be
sent to the GUI, allowing the motion of the ball and beam to
be displayed as well as enabling the simulation to be paused.
The simulation complete unit was used to end the simulation
when the fitness counter had reached 300 seconds.

When reset, the fitness counter was cleared and the
simulation ball-beam parameters set to a starting position
with the ball on the left side of the beam, with the beam set
to an angle of 20°. When not reset, the simulation
mathematical equations were calculated on each clock cycle.
The mathematical equations for the simulation were
designed for a period of 1 ms, i.e. every clock pulse was
equivalent to a one millisecond time period within the
simulation.

After each clock pulse, the beam would be shifted left or
right one motor step, dependant on the motor direction input
from the virtual FPGA. The new integer ball speed, ball
position and beam position would then be calculated, with
these values then being converted into a thirty two bit binary
format representing the new beam and ball state to be feed
to the virtual FPGA. The simulation had an output control
line to show when the simulation had finished. This was set
whenever the ball position reached either of the two beam
end-stops.

The fitness counter could be read by the NIOS processor
at any time, with the value of the fitness counter being the
time in milliseconds that the ball had remained balanced.
The simulation finished line was also connected to the NIOS
processor so that the fitness counter could be read at the end
of a simulation

VIII. RESULTS

The first requirement was to ensure the software and
hardware simulations operated in the same manner. To test
this, a recording was taken of the ball position as it moved
down the beam which was fixed at a 20° angle.
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TABLE II THE MOTION OF THE BALL FALLING ON BOTH THE HARDWARE
AND SOFTWARE SIMULATION.

Software Simulation Hardware Simulation SMHz Time
Ball ball beam Time Ball ball beam Time [Between
positn speed positn (ms) |positn speed positn (ms) | Sensors
o 1 =) o o 1 9 o
o 2 =) 184 o 2 9 184
1 2 9 229 1 2 9 229 229
2 2 9 445 2 2 9 445 216
3 2 =) 581 3 2 9 581 136
a 2 =) 656 4 2 9 656 75
5 2 9 715 5 2 9 715 59
6 2 9 775 6 2 9 775 60
7 2 =) 815 7 2 9 815 40
8 2 =) 850 8 2 9 850 35
9 2 9 881 9 2 9 881 31
10 2 =) 923 10 2 9 923 42
11 2 9 947 11 2 9 947 24
12 2 9 970 12 2 9 970 23
13 2 9 991 13 2 9 991 21
14 2 9 1015 14 2 9 1015 24
15 2 =) 1033 15 2 9 1033 18
16 2 9 1050 16 2 9 1050 17
17 2 9 1070 17 2 9 1070 20
18 2 =) 1085 18 2 9 1085 15
18 2 9 1096 18 2 9 1096 11

The table (Table II) shows the ball position starting on the
left, with the ball speed initially stopped, then moving down
the beam to the right with the beam in a fixed position. It
can be seen from the table that both simulations are
identical. On analysis, the ball slowly moved to the right,
increasing in speed as the ball progressed along the beam.
This is indicated by the decreasing time as the ball passed
the sensors, starting off slowly and then increasing in speed
due to the increased slope of the beam and the pull of
gravity. Note the ball position sensors used for the GA were
not evenly spaced and thus the time taken for the ball to pass
between the sensors was not uniform either.

The second test was to compare the evolutionary progress
of the two systems. The graphs of the fitness level relative to
the current generation (Fig 9 and Fig 10) show that the
evolution occurs in stages. A close investigation of the
fitness and the movement of the ball showed that there were
five stages to the evolutionary process. In all these stages it
should be remembered that the beam has only two speeds,
left and right. These stages are: Stage I balancing less than
one second, the ball simply moved down the beam with no
response to the motor. Stage II balancing less than two
seconds, there was a jittering of the beam around a static
position not dependent on the ball position. Stage III
balancing less then ten seconds, there are several jitter
points that are linked to the ball position. Stage IV balancing
less than 300 seconds, the beam moved in such a fashion as
to slow the ball down and kept it relative stationary for long
periods of time. When the ball did move the beam would
track it and bring it back to a relatively stationary period
again. Stage V was a successful solution. The behaviour of
the ball-beam was such that the ball would be semi
stationary and move around a jitter point on the beam.
Eventually the ball would break from this spot and move to
the opposite side of the beam. The beam would then move
to correct, and bring the ball back to the original location
where the pattern would repeat indefinitely.
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Fig 9. The fitness relative to the number of generations for the software
simulation.
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Fig 10. The fitness relative to the number of generations for the hardware
simulation.

The final test was to compare the time taken for a
successful evolution. These were plotted (Fig 11 and Fig
12), and the times compared. The average time for a
successful evolution using a software simulation was 80,000
seconds, whereas the hardware simulation for this time was
reduced to 110 seconds. Thus the hardware simulation could
evolve a successful circuit on average 700 times faster than
an identical software simulation.
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Fig 11. The software simulation with fitness and v time showing an

average time of 50 thousand seconds to a successful evolution.
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Fig 12. The hardware simulation with fitness v time showing an average
time of eighty seconds to a successful evolution.

IX. CONCLUSION

A hardware simulation replicating a balancing beam has
been successfully implemented. This simulation has been
used in a hardware GA to evolve a virtual FPGA that was
capable of balancing the ball on the beam for more than five
minutes. A comparison between identical software and
hardware simulations was performed with both systems
behaving in an identical manner. It was found that the
hardware simulation could evolve successful circuits over
700 times faster than the software simulation.
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