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This paper investigates the implementation of a Fuzzy Model Reference Learn-
ing Control (FMRLC) on a Zedboard Zynq-7000 FPGA. The proposed adap-
tive controller dynamically adjusts its knowledge base and incorporates a
memory-based control mechanism to retain and utilize past results in recurring
situations. The design and deployment of the controller were carried out us-
ing the MATLAB/Simulink environment and applied to the angular position
control of a DC motor. Initially, the controller was tested using the FPGA-
In-the-Loop (FIL) approach to assess its robustness against disturbances in
simulation. Subsequently, it was experimentally validated for real-time motor
position control. The results obtained in FIL simulations and experimental
tests demonstrate high tracking accuracy and strong disturbance rejection.
These findings underscore both the superiority of the proposed controller over
the conventional PID controller and the effectiveness of the adopted design
methodology.
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1. Introduction

In recent years, fuzzy logic applications have ex-
perienced significant growth across various do-
mains, ranging from industrial applications such
as medical instruments and robotics to consumer
products like washing machines, cameras, and au-
tomobiles. Fuzzy logic, based on fuzzy set theory,
offers a set of if-then rules, eliminating the need
for complex differential equations. This approach
provides a structured methodology for modeling,
manipulating, and implementing human heuristic

knowledge in control systems. Widely adopted
in automatic control, fuzzy logic avoids intri-
cate nonlinear equations while leveraging expert
knowledge. However, experts cannot always an-
ticipate uncertainties arising during system oper-
ation. To ensure safe system functionality and ac-
curate trajectory tracking despite disturbances, it
is crucial to automatically update human knowl-
edge without operator intervention.
To address these challenges, various adaptive

control algorithms have been introduced in the
literature, including fuzzy adaptive control.1–4
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While adaptive control can update the knowledge
base, it may yield inconsistent results for identi-
cal uncertainties or disturbances.5–8 To overcome
this limitation, learning adaptive control strate-
gies have been proposed, equipping control mech-
anisms with memory. These methods ensure con-
sistent results for recurrent situations, thereby re-
ducing computation time.9–12

Although fuzzy controllers demonstrate excel-
lent performance in simulation, their practical im-
plementation demands high-performance control
boards due to significant computational require-
ments. Field Programmable Gate Arrays (FP-
GAs) have emerged as a powerful solution in con-
trol applications,13 enabling high sampling fre-
quencies, parallel data processing, and low power
consumption.14 Their integration accelerates con-
trol algorithms, ensuring rapid convergence to-
ward desired performance.15 Several studies have
explored FPGA-based control implementations.
For instance, Huerta et al.16 examined FPGA im-
plementation of PID and sliding mode controllers
for DC-DC buck converters. Wang et al.17 de-
veloped a neural network-based PID controller
for motion control systems. Similarly, Li et al.18

investigated FPGA-accelerated predictive control
for autonomous driving. Meghwal et al. 19 pre-
sented a robust fuzzy controller implemented on
FPGA for matrix converter-based induction mo-
tor control, while Attafi et al.20 focused on real-
time FPGA implementation of robust control for
wind energy conversion systems.

In this paper, a learning adaptive control
strategy, namely the Fuzzy Model Reference
Learning Control (FMRLC), is implemented on
a Zedboard Zynq-7000 FPGA for DC motor posi-
tion control. The proposed controller is first vali-
dated in a real-time simulation environment using
the FPGA-in-the-Loop (FIL) approach, a tech-
nique widely employed in laboratories to assess
prototype controllers under real operating condi-
tions. Compared to conventional numerical simu-
lations, FIL provides a more realistic validation by
incorporating real-world factors such as noise, dis-
turbances, and implementation challenges, which
may not be accounted for in idealized simulations.

The proposed methodology leverages MAT-
LAB/Simulink for controller design and FPGA
implementation. Simulink, in conjunction with
HDL Coder, enables direct FPGA deployment
without requiring VHDL programming.21 How-
ever, since floating-point data types in Simulink
are not supported by all FPGA platforms, the
Fixed-Point Tool is utilized to convert floating-
point designs into fixed-point representations.

This conversion optimizes FPGA hardware re-
source utilization and minimizes power consump-
tion.

Several implementation works on FPGA
based on fuzzy logic have been carried out.
22–31 In,22,23 the implementation of a fuzzy con-
troller on FPGA using the FIL technique on
the MATLAB-Simulink environment is presented.
The design, simulation, and FPGA implementa-
tion of a fuzzy controller to regulate the speed of
a DC motor in real time is presented in.27 In,28

genetic and pipeline algorithms are implemented
in FPGA to optimize fuzzy controller parameters.
In ref., 29 an FPGA design approach with partial
reconfiguration (PR) using a fuzzy controller is
used to control an electromechanical system.

This study presents the implementation of
an FMRLC-based position control strategy for a
DC motor, incorporating a memory-based con-
trol mechanism to ensure consistent responses to
recurring conditions, thereby reducing computa-
tional overhead. In the first phase, the fuzzy con-
troller is designed in MATLAB/Simulink and im-
plemented on a Zedboard Zynq-7000 FPGA us-
ing the FIL technique. In this setup, the FMRLC
controller runs on the FPGA, while the remain-
ing control system components operate within
Simulink to assess performance and robustness
under various disturbances. The second phase in-
volves deploying the algorithm onto the FPGA
board using HDL Coder’s ”IP Core Generation”
technique for real-time implementation. This
method allows direct integration of the control
strategy onto the Zedboard by generating an IP
block via Vivado software, eliminating the need
for manual VHDL coding and significantly reduc-
ing development time. ”IP Core Generation” au-
tomatically generates the VHDL code, compiles
the bitstream programming file, and transfers it
to the Zedboard.

The structure of this paper is as follows: Sec-
tion 2 provides an overview of the FMRLC con-
trol strategy. Section 3 details the mathematical
modeling of the DC motor in both theoretical and
experimental contexts. Section 4 describes the de-
sign and FPGA implementation of the FMRLC
controller. Section 5 presents simulation results
in FIL mode along with experimental validation.
Finally, the conclusions are summarized in Sec-
tion 6.

2. Architecture of the control strategy

The Fuzzy Model Reference Learning Controller
(FMRLC) is shown in Figure 1. As illustrated , it
has three main parts as defined by32: Fuzzy Direct
Controller (FC) synthesized to control the DC
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Figure 1. Block diagram of FMRLC

motor, the reference model (RM), and the learn-
ing mechanism. This last part is divided into two
subparts: Knowledge Base Modifier (KBM) and
Fuzzy Inverse Model (FIM). This control strategy
is based on the Model Reference Adaptive Direct
Control (MRAC). This method aims to synthesize
a fuzzy controller, by adjusting its membership
functions in order to reject different disturbances
of the controlled system. The main parts of the
FMRLC control scheme are detailed in Figure 1
and are described as follows:

2.1. Direct fuzzy logic controller

The Fuzzy Controller (FC) designed in this paper
is to generate a control signal in order to force
the output of the system to follow the assigned
DC motor position reference signal; it has two in-
puts:

e (kt) = r (kt)− y (kt) (1)

c (kt) =
z − 1

z
e (kt) (2)

e (kt) defines the error between the position
reference signal and the position output signal of
the DC motor, c (kt) constitutes the error change.
These inputs are normalized by the mean of the
scaling factors ge and gc that belong to the in-
terval [-1 1]. The input membership functions of
the error and its derivatives are introduced, re-
spectively, in BIMF1 and BIMF2 with the num-
ber 5, while the output ones are given in the
BOMF1 with the number 5. The inference mecha-
nism (IM) used in this study is of Mamdani type
based on the min-max inference method, and is

expressed in the form of IF-THEN rules. Its rule
base is summarized in Table 1. The member-
ship functions are shown in Figure 2, with five
fuzzy sets on the universe of discourse, with lin-
guistic values, which are the following: Negative
Big (NB), Negative (N), Zero (ZE), Positive (P),
and Positive Big (PB).

-1 1

ZE P PBNNB

Figure 2. Membership functions

Table 1. Initial rule base of the fuzzy controller

c (kt) c (kt) c (kt) c (kt) c (kt)
-1 -0.5 0 0.5 1

e (kt) -1 -1 -1 -1 -0.5 0
e (kt) -0.5 -1 -1 -0.5 0 0.5
e (kt) 0 -1 -0.5 0 0.5 1
e (kt) 0.5 -0.5 0 0.5 1 1
e (kt) 1 0 0.5 1 1 1

The defuzzification part is introduced in DF1.
In this case, the Center Of Gravity (COG)
method is used. The output of FC constitutes the
control signal u (kt) and normalized to the same
interval as the input with the scaling factor gu.
The dynamic model of the DC motor is approxi-
mated with the first-order model and represented
in the Reference Model (RM).
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The last part of the block diagram shown is
the learning mechanism; this part modifies the
knowledge base with respect to plant parametric
disturbances. The latter modifications are made
on the output membership functions in order to
force the closed-loop system to behave like the ref-
erence model. According to Figure 1, the learning
mechanism consists of following two parts: a fuzzy
inverse model (FIM) and a knowledge base mod-
ifier (KBM). The fuzzy inverse model is based on
the same inference mechanism as the fuzzy con-
troller (FC). The inputs of the FIM are as follows:

er (kt) = ym (kt)− y (kt) (3)

cr (kt) =
z − 1

z
er (kt) (4)

er (kt) is the error between the output of the
reference model and the plant output; cr (kt) is
the error change. The output of this controller is
the necessary changes in the plant inputs. Like-
wise to the fuzzy controller, the FIM shown in
Figure 1 contains normalizing scaling factors,
namely gem, gcm and gp for each universe of dis-
course. It is important to notice that the selection
of the normalizing gains can impact the overall
performance of the system. For this reason, it is
essential to use an optimization algorithm to com-
pute these parameters. This is done by using the
MATLAB/Simulink response optimization tool.
The output of the FIM represents the variation of
the FC’s output membership function center. In
order to get a better performance, modification of
the FC rule base is performed by the knowledge
base modifier (KBM).

2.2. Reference model

The reference model is chosen so that the system
will have a rapid response. In this case, the choice
is made for a model with the best dynamics en-
sured by conventional control under perfect con-
ditions, i.e., no disturbances or parametric varia-
tions. This dynamic is approximated by the fol-
lowing first-order model:

R (s) =
1

1 + τms
(5)

Where τm is the time constant to be deter-
mined.

2.3. Learning mechanism

The learning mechanism adjusts the ground rules
of the direct FC by exploiting information such
as the output of the controlled system y (kt) and

that of the reference model and the already exist-
ing basis of the direct FC.

The output p (kt)at instant (kt− t) represents
the correction to be made to the command at in-
stant in order to reduce the following error er (kt).
In other words, we force the FC to produce the
desired command: u (kt− t) + p (kt) necessary to
cancel the tracking error er (kt). So, the next time
we encounter the same circumstances, the com-
mand will be the one that will reduce the tracking
error.

3. Mathematical model of the DC
motor

In order to be able to simulate and implement
the closed-loop systems on the FPGA board, the
mathematical model of the DC motor is required.
The equivalent electric circuit of the DC motor
armature and the diagram of the rotor are shown
in Figure 3.

R L

i

v

+

-

+

-

e J

T

.

Armature circuit Rotor

bθ

θ

Figure 3. Electrical circuit of a DC motor

Let us take the input of the system the volt-
age source v applied to the motor armature, while
the output is the position of the shaft θ.

Generally, the torque generated by the DC
motor is proportional to the armature current and
the magnetic fields. Suppose that the latter is
constant; therefore, the torque T is proportional
to the current of the armature i by a constant
factor K1:

T = K1i (6)

The electromotive force E is proportional to
the velocity of the shaft θ̇ by a constant factor
K2:

E = K2θ̇ (7)

The constants of the torque T and the electro-
motive force E are equal, i.e., K1 = K2. There-
fore, we take K1 = K2 = K.

From the Figure 3, we have the following
equations:

Jθ̈ + bθ̇ = Ki (8)

L
di

dt
+Ri = v −Kθ̇ (9)
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By applying the Laplace transform to the
above equations, we obtain :

(Js+ b) sθ (s) = KI (s) (10)

(Js+ b) I (s) = V (s)−Ksθ (s) (11)

From Equation (10) , the current formula is
given by:

I (s) =
(Js+ b) sθ (s)

K
(12)

From Equations (11) and (12), and consider-
ing that the output of the system is the angular
position of the motor shaft θ (s), and the input of
the system is the voltage of the armature V (s),
the transfer function of the DC motor is :

θ (s)

V (s)
=

K

s [(Ls+R) (Js+ b) +K2]
(13)

Where :
J : Moment of inertia of the rotor
R : Electric resistance
L : Electric inductance
b : Motor viscous friction constant
However, in our case, the numerical values of the
above constants are not available, so the calcula-
tion of the model of the DC motor must be done
experimentally using the Zedboard FPGA.

The DC motor is considered as a black box.
Its identification consists of applying a voltage V
and obtaining the angular position θ of the motor.
Based on these measurements, the MATLAB sys-
tem identification toolbox33 is used to calculate
the parameters of the motor model.

During the identification process, it is discov-
ered that the DC motor does not start within a
range of voltage values. Knowing that the motor
supply voltage is 12V, the dead zone of this motor
is [-2.4V 2.4V]. The model obtained by the Sys-
tem Identification Toolbox is represented by the
following discrete transfer function, with a sam-
pling time of Te=0.001 s.

G(z) =
θ(z)

V (z)
=

b0
a2z2 + a1z + a0

=
16.4

z2 + 0.6615z + 0.00041255

(14)

4. FPGA implementation

Before applying the controller to the experimental
device, we must first test its behavior on the Zed-
board Zynq-7000 FPGA using the FPGA-in-the-
loop (FIL) simulation technique in the Simulink
environment of MATLAB.

4.1. Fixed point data type

FPGA circuits generally support the following
two types of data: fixed-point data and floating-
point data. However, designs based on the
fixed-point data type consume fewer hardware re-
sources and less power, with shorter computation
times.34

However, most complex algorithms have non-
linear functions that are not supported by the
fixed-point data type. These functions must,
therefore, be approximated by other linear func-
tions, which negatively affects the accuracy of the
computations. In this work, the design methodol-
ogy adopted is based on MATLAB-Simulink soft-
ware.

The fixed-point representation on MATLAB-
Simulink used in this work is as follows:
fixdt(s, l, d). fixdt creates a numerical type on
Simulink describing a fixed point. s represents
the sign bit, l the length of the binary word and
d the length of its fractional part.

For example, fixdt(1, 16, 8): Here, 16 repre-
sents the length of the signal in bits, 1 is the sign
bit (signed in this case), and 8 is the length of the
fractional part in bits. Details of the fixed-point
representation in MATLAB-Simulink are given in
Table 2.

Table 2. Fixed-point représentation in Simulink

Datatypemode F ixed− point :
binarypointscaling

Signedness Signed
Wordlength 16
Fractionlength 8

The control algorithm is developed in the
Simulink environment as a double-precision
floating-point model using blocks supported by
the HDL Coder and then converted to a fixed-
point model using the Fixed-Point Tool. This
tool calculates the correct integer and fractional
parts of each input/output block from the devel-
oped floating-point model, respecting the rules
of fixed-point arithmetic and optimizing binary
word lengths.

4.2. FPGA in the loop simulation

Before applying it to the motor control, the
proposed algorithm must be simulated on the
MATLAB-Simulink environment with the system
in order to test its behavior during various robust-
ness tests. The proposed controller is developed
on Simulink with the blocks of HDL Coder and
converted into a model with a fixed-point data
type, then its VHDL code is generated, which is
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finally implemented on the hardware (FPGA) and
then tested on the Simulink environment through
the FIL functionality.21 In this study, the Xilinx
Zedboard is used, which has a Zynq-7000 AP SoC
XC7Z020-CLG484-1 FPGA.35

FIL mode simulation is performed for real-
time DC motor position control. The generated
VHDL code is executed in the target hardware
to control the DC motor model synthesized in
Simulink. The Zedbaord exchanges the send data
of position and signal control in each sampling
period with the Simulink environment via the
JTAG communication protocol. The concept of
FIL simulation is described in Figure 4.

FMRLC controllerControl system

Zedboard Zynq-7000Computer-MATLAB

FPGA In-the Loop simulation

JTAG
connection

/Simulink

Figure 4. FPGA in-the loop diagram

4.3. Experimental implementation

4.3.1. Experimental setup

The control system consists of a 12 V DC motor
(model DFRobot 28PA51G) equipped with a Hall
Effect encoder and an adapter board for the en-
coder (FIT0324) Figure 5, which allows to recover
the motor shaft position signal. The encoder can
provide 675 pulses per revolution, with a maxi-
mum speed of 143 rpm. This motor is connected
to an L298N (H-bridge) module, which will allow
to change the speed and direction of the motor
rotation.

The reference signal was generated by an-
other encoder similar to the motor’s. The con-
troller, the two encoders, and the PWMs were
programmed using Simulink blocks supported

by HDL Coder. The encoder output was pro-
grammed as 16 bits, while the PWM input was
programmed as 8 bits. The controller output was
calculated using the Fixed-Point Tool by combin-
ing 16-bit integers and fractions to ensure accu-
racy. Figure 6 shows the control diagram devel-
oped in the Simulink environment.

This model was implemented via HDL Coder
from Simulink, by ”HDL Workflow Advisor”
through the ”IP Core Generation” functionality.
This technique makes it possible to generate an
IP block (Figure 7), whose target hardware is the
zynq-7000 FPGA. Next, the VHDL code is gen-
erated from the IP block, which is then imple-
mented on the Zedbaord as a bitstream program-
ming file.

The implementation blocks obtained using the
Vivado software are as follows:

The encoder block (Figure 8) has two logic
inputs, A and B, representing the square-wave
signals provided by the sensor, and a 16-bit in-
teger output (int16) representing the position of
the motor shaft (in pulses).

Figure 9 shows the PWM block, which in-
cludes an input u (the control signal) coded on
8 bits (unit8) and an output that is the DC mo-
tor supply voltage.

The FMRLC controller block (Figure 10) has
an input e, which is the error between the de-
sired position and the measured position, coded
in fixed point on 16 bits (fixdt(1, 16, 8)) and an
output u, which is the control signal, also coded
in fixed point on 16 bits (fixdt(1, 16, 6)).

The PID controller block is shown in Figure
11, it has the position error e as an input and
the control signal u as an output, both coded in
fixed point to 16 bits ((fixdt(1, 16, 8)) for e and
(fixdt(1, 16, 4)) for u).

Details of the implementation of the PID and
FMRLC controllers on the Zedboard FPGA are
given in Table 3. These results are obtained in
both cases using the 16-bit fixed-point data type.

The controller execution time depends on the
controller complexity and the number of bits used
for the signals. As can be seen, the PID has a
lower propagation time than the FMRLC due to
the large number of blocks it contains.
Table 3. Features of PID and FMRLC controller
implementation on the Zedboard FPGA

Controller Bits Propagation Maximum
frequency

PID 16 14.14 (ns) 70.85 (MHz)
FMRLC 16 98.115 (ns) 10.19 (MHz)

4.3.2. FPGA resources

Despite the complexity of the algorithm, the use
of the fixed-point tool allows to obtain an optimal
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Figure 5. Experimental setup

Figure 6. Control diagram in Simulink environment

Figure 7. IP block of the realized design
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Figure 8. Encoder implementation block on FPGA

Figure 9. PWM implementation block on FPGA

Figure 10. FMRLC implementation block on FPGA

Figure 11. PID implementation block on FPGA
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VHDL code in terms of computation time and re-
sources consumed by the FPGA circuit.36,37 Ta-
ble 4 illustrates the hardware resources consumed
when implementing the PID and FMRLC con-
trollers on the Zedboard, using a sample rate of
1 MHz. As we can see, the FMRLC control con-
sumed 12.68% of LUTs (Look Up Table), 0.47% of
LUTRAMs (Memory LUT), 1.62% of FFs (Flip-
Flop), 38.18% of DSPs (Digital Signal Processor),
6.00% of IOs (Input/Output), 6.38% of BUFGs
(Global Buffer) and 25.00% of MMCMs (Mixed-
Mode Clock Manager).

Table 4. FPGA resources consumption

Resource Available Utilization Utilization
(PID) (FMRLC)

LUT 53200 651(1.22%) 6801(12.68%)
LUTRAM 17400 39(0.22%) 81(0.47%)
FF 106400 664(0.62%) 1725(1.62%)
DSP 220 6(2.73%) 84(38.18%)
IO 200 12(6.00%) 12(6.00%)
BUFG 32 3(9.38%) 3(9.38%)
MMCM 4 1(25.00%) 1(25.00%)

5. Results

5.1. FIL simulation results

In this section, the results obtained by imple-
menting the proposed algorithm with FPGA in
the loop are presented in order to see the be-
havior of the proposed controller in case track-
ing with a sinusoidal reference. In this execu-
tion mode, the FMRLC controller is implemented
and executed on the Zedboard with a sampling
frequency of 1 kHz, while the rest of the con-
trol loop (DC motor model and reference) is ex-
ecuted in the Simulink environment (Figure 12).

Zedboard Zynq-7000

Figure 12. FMRLC controller implementation with
FPGA In-the Loop

5.1.1. FIL simulation with parametric
disturbances

In order to prove the efficiency and robustness of
the proposed algorithm against parameter uncer-
tainties, these parameters are varied in real-time
simulation (see Table 5):

Table 5. DC motor model parameter variations

Time t=8s t=15s t=23s t=32s
Parameter b0 a1 a0 Dead zone
Value 10 2 2 [-3.1V 3.3V]

Figure 13. Simulation results of position tracking
with parametric disturbances

The results obtained in Figure 13 show a good
tracking of the reference changes with an error
close to zero, despite the parametric variations
made on the parameters of the motor model at
times t = 8 s, t = 15 s, and t = 23 s, as well
as the variation of the dead zone at time t = 32
s. The proposed controller is able to adapt to
the dynamic variations of the system by modify-
ing the parameters of the membership functions
in a short time, thanks to the controller structure
equipped with a learning mechanism with mem-
ory and to the high computational power of the
FPGA.

5.1.2. FIL simulation with disturbances on
the control

In this case, the robustness test is performed by
injecting a disturbance at time t = 20s on the
control signal provided by the FMRLC controller.
The control signal provided by the Zedboard is 3.3
V, and the perturbation formula is (expressed in
volts):
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D (t) = 0.52sin (t) (15)

Figure 14. Simulation results of position tracking
with disturbances on the control

According to the simulation results obtained
in FIL mode (Figure 14), good tracking and good
stability are observed. The proposed controller
shows good robustness despite the disturbance in-
jected into the control signal at time t = 20s. The
FMRLC controller manages to adapt to the refer-
ence changes and rejects the applied disturbance.

5.2. Experimental results

In this part, the experimental results obtained
during the position control of the DC motor us-
ing the Zedboard FPGA are presented. In order
to verify the efficiency of the proposed algorithm,
the results obtained with the FMRLC controller
were compared with those obtained with the PID
controller.

5.2.1. PID controller

The PID controller parameters were tuned using
the PID Tuner tool in Simulink. The parameters
obtained are as follows: P = 21, I = 1.9, and D
= 15. The experimental results obtained with the
PID controller are shown in Figures 15 and 16.

Figure 15. Experimental results of position
tracking with PID controller

Figure 16. Position tracking error with PID
controller

Figure 15 shows a test with a reference varying
between 0.04 rad and 0.55 rad, generated by an
encoder similar to that of the DC motor. As can
be seen, the PID controller performs well, with
a short response time that quickly converges to
the desired reference signal. The tracking error is
about ±0.03 rad, as shown in Figure 16.

5.2.2. FMRLC controller

Figures 17 and 18 show the experimental results
obtained with the FMRLC controller.

Figure 17. Experimental results of position
tracking with FMRLC controller

Figure 18. Position tracking error with FMRLC
controller

The generated setpoint varies between −0.9
and 0.9. Excellent tracking can be seen here. The
FMRLC controller closely tracks the reference sig-
nal with a very short response time, as shown in
Figure 17. This is reflected in a tracking error of
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about ±0.012. This error is practically inferior to
that obtained with the PID controller, as shown
in Figure 18.

The experimental results obtained show good
position tracking and stability, with a lower er-
ror compared to the results of the PID controller.
These results are explained on the one hand by
the use of the knowledge base modifier, which
modifies the membership functions in real time
according to the DC motor dynamics, and on the
other hand by the use of the Zedboard FPGA,
which provides very short sampling times and par-
allel computation, accelerating the computation
time to quickly converge to the desired perfor-
mance.

6. Conclusion

This paper presents the implementation of a fuzzy
logic controller FMRLC on a Zedboard FPGA to
control the position of a DC motor. The idea was
to implement a fuzzy controller with learning on
an FPGA board. The use of this configurable cir-
cuit, which offers parallel data computation at a
high operating frequency, aims at accelerating the
computations, in particular the learning process,
which requires a significant computation time to
converge to the desired performance. The de-
sign and implementation of the controller were
carried out using the MATLAB-Simulink environ-
ment. This methodology allows great design flex-
ibility by using simple blocks on Simulink with-
out resorting to low-level programming languages
(VHDL/Verilog), thus reducing the design time of
the algorithm. The fixed-point data type is used
to optimize the use of hardware resources on the
FPGA. This binary representation can affect the
accuracy of calculations, but the design results in
low power and resource consumption compared to
floating-point based designs.34

The FMRLC controller was first tested using
the FIL technique in Simulink, then implemented
on the Zedboard and applied to the experimental
device. The FIL simulation results showed good
tracking performance and good robustness to dis-
turbances. The experimental results showed the
efficiency of the proposed controller compared to
the conventional controller (PID), which can be
explained by the controller adapting the parame-
ters of the membership functions to each different
situations. The design methodology used to im-
plement the algorithm on the Zedboard FPGA
board allowed to obtain a fast and accurate algo-
rithm with an optimal consumption of hardware
resources. The co-simulation results and the ex-
perimental results demonstrated the effectiveness
of this design methodology.
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