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Abstract. Due to the impact that Model Predictive Control (MPC) has caused in both industry and academia, mainly
motivated by its capability of handling the constraints of a control problem in a systematic way, many studies have
been held recently in order to improve and accelerate MPC controllers, making it possible to apply them to systems
with faster dynamics and higher sampling periods. One of these solutions, proposed in the literature of embedded control
systems, corresponds to the usage of Field Programmable Gate Arrays (FPGAs), logic devices that contain reconfigurable
hardware and are capable of accelerating algorithms by implementing them in the most parallel way possible. Regarding
these informations, this work proposes the implementation of a linear unconstrained MPC controller embedded in FPGA,
the first step needed for the implementation of the linear constrained MPC controller, using manually developed (RTL
implementation) algorithms in VHDL and floating-point arithmetic units, and thus approaching a different methodology
for developing such controllers, that usually are implemented using automatic generation tools (High Level Synthesis or
HLS) and fixed-point arithmetic modules.
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1. INTRODUCTION

One of the most impactful research areas in both industry and academia through the last years, contribuiting in a
fundamental manner with many fields of engineering, corresponds to the field of control systems (Frank, 2012) and when
it comes to control strategies, one that has gained notoriety is a type of controller known as Model Predictive Control
(MPC).

The main reason for such interest in MPC is its capability of controlling a system while handling constraints imposed
to it, regardless of their nature (security, operation range of the actuators, quality norms of a product, etc.), while still
finding an optimal solution that satisfies the desired control objectives at each sampling period of the system along a
finite number of steps, a very important parameter for MPC controllers named prediction horizon (Ekaputri and Syaichu-
Rohman, 2013).

The ability of handling constraints is one of the most important aspects of MPC, but not the only one: it is also
capable of handling multiple-input/multiple-output systems and it can be adapted to non linear systems, which is referred
to as Non linear Model Predictive Control or NMPC (Mazen, 2013). In fact, all these characteristics make MPC the
control strategy of choice for many different applications. According to a survey performed by (Domahidi et al., 2016),
automotive, energy, robotics, aerospace, power electronics, chemical, oil, gas, and many others are among the industrial
fields that opt to use MPC as an embedded controller, which can be seen in further details in Fig. 1.

Figure 1. Embedded MPC application areas. Available from: (Domahidi et al., 2016).
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However, despite all the advantages presented, MPC has a major drawback: the elevated computational cost associated
with its implementation. The controller must solve at each sampling period a constrained optimization problem, which
is a task that increases in difficulty as the system being controlled and its dynamics increase in complexity (Wills et al.,
2012). This is the main reason why MPC was first applied to systems with slower dynamics and lower sampling periods,
such as the ones in the chemical industry. Therefore, there is a great number of applications that could benefit from MPC,
but due to this disadvantage, such approach becomes impracticable. For this reason, many studies have been developed in
the last years to provide more efficient solutions for the implementation of MPC controllers, making it possible to handle
its elevated computational cost and apply it to systems with faster dynamics (Dua et al., 2008).

One of these solutions that has been proposed in the literature corresponds to the usage of Field Programmable Gate
Arrays or FPGAs. These are programmable logic devices, composed by a technology that allows the development of
embedded systems based on parallel architectures, offering solutions with high processing power that are implemented
directly in hardware (Muñoz, 2012). Modern FPGAs have dedicated resources for multiple operations, allowing different
operations of MPC to be performed in parallel with high frequency (Abughalieh and Alawneh, 2019), which helps miti-
gating the previously discussed problem related to the computational cost associated to the implementation of this type of
controller in hardware platforms.

As a result of these characteristics, FPGAs have been widely used through the last years in order to implement MPC
controllers for many different types of applications, such as Cessena Citation 500 (Luo et al., 2011) and Boeing 747 200
(Hartley et al., 2014) aircraft models, power converters (Navarro et al., 2013), single link robotic manipulator (Ayala
et al., 2016), engine idle speed control (Xu et al., 2016), lateral stability control of active chassis for intelligent vehicles
(Guo et al., 2019), and many others.

When analyzing most contributions to the literature regarding this topic, it is possible to see that most applications
use some sort of automatic code generation tool in order to convert an algorithm available in a high-level programming
language, such as C or MATLAB, to an algorithm in hardware description language, such as VHDL or Verilog, that
allows the MPC controller to be embedded in a FPGA. This process is usually known as High Level Synthesis (HLS)
and is considered to decrease time-to-market, allowing designers to benefit from the speed provided by the hardware
solutions embedded in FPGAs while developing systems in a faster way, as opposed to manually coding the architecture
of such systems using hardware description language to describe their behaviour at register transfer level (also known as
RTL) logic, which demands advanced hardware expertise by the designer (Nane et al., 2016). However, even the newest
generation of HLS tools does not provide as good performance and resource usage as manual RTL does (Lahti et al.,
2019).

Also, most of these applications utilize fixed-point arithmetic units in order to perform the necessary calculations
for MPC, which helps reducing the FPGA hardware consumption, but limits the range of numeric values that can be
represented within the developed architecture, which also limits the applicability of the developed solution for different
types of systems being controlled. Modern FPGAs, with more hardware and processing capability, allow the development
of applications using floating-point arithmetic units, that consume more hardware resources for their implementation, but
allow a greater range of numeric values to be represented, resulting in architectures less dependant to a specific situation
(Urriza et al., 2010), applicable to different types of systems.

Regarding this scenario, this work proposes the hardware implementation of a linear unconstrained MPC using FPGA,
which is the first step necessary for achieving a full hardware implementation of a linear constrained MPC controller, using
both a RTL implementation (which means no HLS tool is used for developing the controller) and floating-point arithmetic
units. It may seem a bit contradictory to implement an unconstrained version of MPC after highlighting all the advantages
regarding the controller ability to handle constraints, but it is important to start with the unconstrained scenario, since
it creates a simpler control problem that is ideal for testing the hardware modules developed, that will be used for the
implementation of the linear MPC controller in the future.

This methodology can be considered an important contribution for the literature of embedded MPC controllers in
FPGA, as most works present fixed-point architectures developed using HLS.

The kit used for the implementation of the unconstrained MPC controller is a KC-705 Evaluation Kit by Xilinx and in
order to simulate and validate the developed architecture, HDL Verifier (a MATLAB tool capable of simulating embedded
applications in FPGA in conjunction with Simulink) is used. The application chosen for validating the developed design is
a linearized Boeing 747 aircraft model, as aerospace systems correspond to an important field of utilization of embedded
MPC, as discussed previously in this section.

This work is divided as it follows: Section 2 describes the mathematical modelling of both the unconstrained MPC
controller and the Boeing 747 aircraft model, Section 3 presents the methodology used in this work and how the controller
was implemented manually using floating-point arithmetic units in FPGA, as well as how tests were setup in order to
validate the developed architecture. Section 4 presents results and discussions regarding the experiments performed and
finally, Section 5 concludes this work and also presents future work propositions.
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2. MATHEMATICAL MODELLING OF THE CONTROL SYSTEM AND THE CONTROLLED SYSTEM

2.1 Mathematical modelling of the unconstrained MPC controller

MPC is a control strategy in which the current control actions are obtained through the online solution of an open-loop
optimal control problem within a prediction horizon (that shall be refered as N from now on) at each sampling period,
using the current state of the plant/controlled system as initial state. This optimization problem produces an optimal
control sequence, from which only the first element is applied to the controlled system (Mayne et al., 2000).

Therefore, MPC also requires the definition of a cost function that expresses the control objective, i.e., the most
relevant variables to the control problem, that are minimized in order to achieve the optimal results described in the
previous paragraph.

The steps needed for obtaining the optimal control sequences using MPC are given by (Mazen, 2013):

1. Definition of the cost function that expresses the control objective

2. At each sampling period, measure the plant/controlled system current states

3. Compute the sequence of future actions using the defined cost function

4. Apply only the first element of the optimal control sequence obtained in the previous step

5. Repeat steps 2, 3 and 4 at each new sampling period

One interesting characteristic of MPC is that only the first element of the optimal control sequence calculated is applied
to the control system, which is important to help maintaining a certain level of robustness, since at each new sampling
period the controlled system might be affected by disturbances that were not taken into consideration when performing
calculations for the previous optimal control sequence.

In general, MPC aims to solve a quadratic programming optimization problem, commonly known as QP, that mini-
mizes a cost function that represents the controller objectives at each sampling period. If the control problem is a linear
one, which is the case of the problem presented in this work, only one QP is solved at each sampling period (Ferreau et al.,
2017). Solutions for QPs are well established in the literature and can be used for solving the optimal control problem
within MPC.

All the mathematical modelling and equations regarding the unconstrained MPC controller are based in (Mazen, 2013).
For further details about this topic, the reader is invited to check this work.

The first step in order to obtain the mathematical modelling of the controller is to represent the system being controlled
(the Boeing 747 aircraft model that will be explained in the next Subsection of this work) in state-space form, allowing us
to express the systems dynamics in a matrix-vectorial equation format, as it can be seen in Eq. (1).

{
x(k + 1) = Ax(k) + Bu(k)
yr(k) = Crx(k)

. (1)

In Eq. (1), x, u and yr indicate the state, control and regulated outputs vectors respectively, while A, B and Cr

correspond to the state, inputs and regulated output matrices. The index k represents the current sampling period and,
similarly, k + 1 represents the next sampling period.

When the controlled system is linear time invariant (LTI) in state-space form, as it is the case of many applications
including the one presented in this work, the solution of the previously mentioned QP that is intrinsic to the optimization
of the cost function related to linear MPC is given by Eq. (2):

1

2
ũTHũ + FT ũ + constant. (2)

The vector ũ represents the possible optimal control sequence that minimizes the cost function associated with the QP,
while matrices H and F represented in Eq. (2) are associated to the quadratic cost function of the control problem and
each one depends on others matrices, defined in (Mazen, 2013), including not only the state-space matrices that describe
the model to be controlled, but also weighting matrices. Equation (3) shows how both H and F are calculated.
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r (k) + F3ud

F1 = 2
∑N

i=1

[
Ψi

TCr
TQyCrΦi

]
F2 = −2

∑N
i=1

[
Ψi

TCr
TQyΠ

(nr,N)
i

]
F3 = 2

∑N
i=1

[(
Π

(nu,N)
i

)T
Qu

]
. (3)



A. B. C. Farias, A. Murilo and R. Lopes
Hardware Implementation of Linear Unconstrained Model Predictive Control Using FPGA

Equation (3) presents many different matrices and vectors that must be defined. Qy and Qu are weighing matrices
for the outputs and control variables of the system, respectively. These are parameters that are defined by the designer in
order to tune the controller and achieve better responses. Constant matrices Ψi and Φi come from the prediction scheme
used by MPC and depend only on system matrices A and B. Matrix Πi corresponds to a selection matrix, that from a
total of N elements select only the first nu(number of control variables) or nr (number of regulated outputs) from the
matrix that it multiplies. Vectors ỹd

r and ud represent the desired trajectory values for the regulated outputs, i.e., the
reference values for the regulated outputs of the system in steady-state, and the desired values for the control variables in
steady-state, respectively.

One important detail to take in consideration is that matrices F1, F2, F3 and H are constant, which means these
matrices can be computed offline. This is important because it means that these matrices do not need to be calculated at
each sampling period of the system: they can simply be stored in memory so that they are used for the calculation of F.
In fact, only matrix F must be computed online, i.e., must be calculated at each sampling period, because it depends on
the value of x(k) and ỹd

r (k), which are updated at each new sampling period.
Since the control formulation used in this work corresponds to the unconstrained scenario of MPC, these are the only

matrices needed for expressing the desired control law. When constraints are applied to the system, new matrices are
introduced to the modelling of the controller in order to incorporate them into the control problem formulation.

The desired control law for unconstrained MPC can be expressed in the format presented by Eq. (4), in which the
control variables u at a current sampling period k can be calculated by a negative feedback gain KN multiplied by the
states vector x at that same sampling period.

u(k) = −KNx(k). (4)

The optimal sequence of future control actions ũopt(x(k)) is expressed by vector ũ, that minimizes the cost function
of the control problem given by Eq. (5), which is obtained by the substitution of F in Eq. (2) by the terms necessary for
its calculation that were presented in Eq. (3).

1

2
ũTHũ + [F1x(k) + F2ỹd

r (k) + F3ud]T ũ + constant. (5)

In the unscontrained scenario, the optimal control sequence ũopt(x(k)) can be obtained by making the gradient of the
cost function defined in Eq. (5) equal to zero, resulting in Eq. (6):

Hũ + F1x(k) + F2ỹd
r (k) + F3ud = 0. (6)

Therefore, the optimal control sequence can be defined by the resulting Eq. (7):

ũopt(x(k)) = −H−1[F1x(k) + F2ỹd
r (k) + F3ud]. (7)

As MPC utilizes only the first component of the optimal control sequence calculated previously, the control vector at
a given sampling period for unconstrained MPC is given by Eq. (10):

u(k) = KMPC(x(k)) = −Π
(nu,N)
1 H−1[F1x(k) + F2ỹd

r (k) + F3ud], (8)

u(k) = −Π
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1 H−1F1︸ ︷︷ ︸

KN

x(k)−Π
(nu,N)
1 H−1F2︸ ︷︷ ︸

GN

ỹd
r (k)−Π

(nu,N)
1 H−1F3︸ ︷︷ ︸
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ud, (9)

u(k) = −KNx(k) + GNỹd
r (k) + LNud. (10)

Since F1, F2 and F3 are computed offline, so are the matrices KN, GN and LN introduced in Eq. (10). Thus, these
matrices can be computed previously once the application and the control parameters are defined and stored in memory
so that they can be used at the proper time for the calculation of the unconstrained MPC control law.

Therefore, Eq. (10) corresponds to the mathematical equation that is implemented in RTL using floating-point arith-
metic units. Further details regarding the implementation of the controller in VHDL are given in Section 3..
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2.2 Mathematical modelling of the Boeing 747 aircraft

Just like the mathematical modelling of the unconstrained MPC, the controlled system was selected from one of
the case studies that is presented in (Mazen, 2013): the Boeing 747 aircraft model. Aerospace applications using MPC
controllers embedded in FPGAs are fairly common in the literature, as stated in Section 1., and due to the relative simplicity
of this linear model, it is considered a good choice for the first tests to be performed with the developed controller
architecture.

The Boeing 747 model is represented in state-space form, as explained in section 2., and the continuous matrices that
represent it in such format are given in (Mazen, 2013). However, in order to implement the controller in hardware, it is
necessary to use discrete matrices, that can be obtained using the continuous matrices presented in (Mazen, 2013) with
the MATLAB routine c2d. The sampling time adopted corresponds to τ = 200 ms, and the discrete matrices Ad and Bd

that represent the Boeing 747 model in state-space are given by Eq. (11) and Eq. (12).

Ad =


0.97720 −0.19420 0.01650 0.00820
0.11880 0.96530 −0.00500 0.00050
−0.57140 0.13090 0.90610 −0.00240
−0.05750 0.02720 0.19060 0.99980

 , Bd =


0.10780 0.00830
−0.93460 0.14480
−0.02910 2.73500
−0.00820 0.27880

 (11)

Cr =

[
0.00000 1.00000 0.00000 0.00000
0.00000 0.00000 0.00000 1.00000

]
(12)

From the matrices presented in Eq. (11) and Eq. (12), it is possible to notice that the system has four states, two control
variables and two regulated outputs, that correspond to the roll and tilt angles with respect to the aircraft reference frame.
These are the matrices that describe the system dynamics and that used for obtaining matrices KN, GN and LN for the
unconstrained MPC control law, as stated in the previous subsection.

3. METHODOLOGY

The main methodology for this work is to perform computational simulations for the unconstrained MPC controller
using MATLAB and then comparing the response of the unconstrained MPC embedded in FPGA to the results obtained
from the MATLAB simulations.

At this work, MATLAB 2016a is used for computational simulations of the unconstrained MPC applied to the control
of the Boeing 747 system, using two different parameters of prediction horizon: N = 20 and 30.

In addition to the matrices Ad and Bd presented in Subsection 2.2, the weighing matrices used for both the com-
putational simulations and hardware implementation of the unconstrained MPC controller, Qy and Qu, are given by
Eq. (13).

Qy =

[
1000 0
0 100

]
, Qu =

[
1 0
0 1

]
(13)

The reference values for each output (y1 and y2) correspond to -0.4 and 0.5 respectively (until 5s of simulation), 0
and 0.8 (until 15s of simulation), 0.3 and 0.25 (until 25s of simulation) and finally, 0 and 0 (for the remaining of the
simulation).

The same algorithms were implemented in FPGA using VHDL as the hardware description language of choice. Most
algebraic operations for the MPC controller (for both the unconstrained and constrained cases) involve matrix multiplica-
tion and matrix addition, thus developing hardware modules for these operations in VHDL is mandatory. This is where
using the unconstrained scenario of MPC becomes important as a first step of validation: since there are less matrices
involved in the unconstrained MPC control problem formulation (as well as matrices with lower dimensions) than the
constrained MPC, testing the matrix multiplication and matrix addition modules becomes easier. Once these modules are
functioning properly in the unconstrained scenario, they are ready to be used for the implementation of linear constrained
MPC in future applications.

The matrix multiplication and matrix addition modules were developed using floating-point arithmetic units, that
might consume more hardware resources for its implementation, but it will allow a greater range of applications to be
tested with the developed architecture, as stated in Section 1. The basis for developing each of these modules are the
floating-point multipliers and floating-point adders presented in (Muñoz, 2012), originally developed in VHDL, which is
why this was the selected hardware description language for this work. These floating-point arithmetic units have dynamic
range, which means that the designer selects the desired data width as a parameter of the project. Data width used in this
work corresponds to 27 bits, which is stated in (Ayala et al., 2016) to be an optimal value for hardware resource usage
when working with these floating-point modules.
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Figure 2. Architecture of the developed floating-point
matrix multiplication module for the unconstrained

MPC controller implemented in VHDL.

Figure 3. Architecture of the developed floating-point
matrix addition module for the unconstrained MPC

controller implemented in VHDL.

The architecture for each of the matrix multiplication and matrix addition modules can be seem in Fig. 2 and Fig.
3 respectively. Both these modules implement floating-point multipliers and/or adders in parallel in order to perform
their respective algebraic operations in a faster way, as multiple elements from matrices being multiplied or added can be
processed at the same time.

The matrix multiplication module has N multipliers and N adders in parallel for performing accumulation operations
needed for matrix multiplication, where N corresponds to the prediction horizon adopted for the MPC controller, while
the matrix adder has N adders in parallel. That means that N elements from two matrices being added or multiplied can
be processed in parallel, at the same time, allowing the unconstrained MPC control law to be calculated faster. Since all
matrices involved in the MPC control problem formulation (both for the unconstrained and constrained scenarios) have
dimensions that are multiple of N, this parameter was adopted as the number of parallel elements in each of these modules.

The accumulation process in the matrix multiplication module is used to obtain one element of the resulting matrix,
which is why it has only one output. For the matrix addition module, since N elements being added from two different
matrices result in N final elements of the resulting matrix, the output of each adder is grouped into a vector containing
all new elements. This is an useful feature for saving multiple information in memory blocks using only one write cycle,
which is not necessary for the unconstrained scenario, but it is very important for the future constrained MPC applications.

All the logic of these modules was developed manually, but their inputs, outputs, signals and the number of floating-
point point adders and multipliers in parallel are parameterized using MATLAB scripts, according to the system being
controlled and the prediction horizon adopted. This does not mean that the VHDL modules developed are automatically
generated in the same way that HLS tools work: only parameterization is automatic, the logic of each module was
manually developed and remains unchanged, making this a RTL implementation nonetheless. The usage of such scripts
allows the testing of different parameters (such as floating-point data width or different weighting matrices) in a faster
way, as well as allowing new applications to be tested in the future.

Figure 4 presents a block diagram with the main modules contained in the linear unconstrained MPC controller top
module implemented in hardware.

Figure 4. Block diagram presenting the main modules used for the implementation of the linear unconstrained MPC
controller top module in hardware.
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First, there is a Finite State Machine (FSM) named unconstrained_ MPC, which controls the calculation steps needed
for implementing the unconstrained MPC control law, using the values of states vector (x), references vector yref and the
desired value of the control variables (ud) for obtaining the optimal control vector uopt expressed in Eq. (10), as stated in
Subsection 2.1. Using this optimal control vector, the model_ simulator FSM implements the controlled system equations
that describe its behaviour using a state-space formulation, expressed in Eq. (1), calculating the next state vector that will
be used by the controller for calculating the next optimal control vector at the next sampling period.

It is important to notice that the model_ simulator is not actually part of the controller itself, but is necessary for
simulating and validating the controller. Also, both these modules are still present in the constrained scenario of MPC,
proving once again that the testing of the unconstrained scenario is an important step of validation before implementing
the constrained MPC controller.

As stated in the previous section, in order to validate MPC control strategies embedded in FPGA, HDL Verifier was
used. This tool from MATLAB allows the validation of hardware description based modules using a technique known as
FPGA-in-the-Loop (FIL), which is shown in Fig. 5.

Figure 5. Performing FPGA-in-the-Loop (FIL) verification with FPGA boards. Available from: (Mathworks, 2019).

As it can be seen in Fig. 5, FIL is a technique that is used for testing algorithms developed using hardware description
language at a system level, making it possible to create stimulus, signals and testbenches at MATLAB or Simulink and
sending them to embedded algorithms in FPGA. In the same way, data can be sent from the algorithm embedded in FPGA
to MATLAB or Simulink, which makes it easier to gather data and plot graphs using the information collected during
tests. It is also very helpful when data needs to be compared to previous computational simulations using MATLAB.

Using HDL Verifier, the unconstrained MPC was simulated in FPGA, using the same parameters as the MATLAB
computational simulations, for two different prediction horizon values: N = 20 and 30. The kit used for implementing
unconstrained MPC controller in FPGA is the Xilinx KC705 Evaluation Kit, chosen because of its high quantity of
hardware resources, as it can be seen in Tab. 1.

Table 1. Overview of the characteristics and hardware resources of the KC-705 Evaluation Kit by Xlinx (Xilinx, 2019).

Maximum clock frequency 200 MHz
Clock type Differential

FPGA family Xilinx Kintex-7
Lookup Tables (LUTs) 203800
Block RAMs (BRAMs) 445

Digital Signal Processors (DSPs) 840
Input/Output (I/O) Pins 500

After all simulations were completed, they were compared to the previous MATLAB computational simulations, which
is presented in the next section.

4. RESULTS AND DISCUSSION

Figure 6 and Fig. 7 present the results of both computational simulations of the unconstrained MPC applied to the
Boeing 747 system and the results of the same embedded control system in FPGA, using prediction horizons of N =
20 and N = 30 respectively. It is important to notice that the Boeing 747 system is linearized so that no units are used.
Following these results, Tab. 2 shows the hardware consumption according to the prediction horizon adopted.
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Figure 6. Comparison between simulations of unconstrained MPC in MATLAB and embedded in FPGA (FIL) using a
prediction horizon of N = 20.

Figure 7. Comparison between simulations of unconstrained MPC in MATLAB and embedded in FPGA (FIL) using
prediction horizon of N = 30.

Table 2. Hardware resources consumption necessary for the implementation of the unconstrained MPC controller accord-
ing to the value of prediction horizon used.

Prediction Horizon LUTs Flip Flops DSPs
20 58982 (28.94%) 12003 (2.94%) 80 (9.52%)
30 88120 (43.24%) 17208 (4.22%) 120 (14.29%)

The results show that embedded unconstrained MPC in FPGA works very similar to MATLAB computational simu-
lations, validating the matrix multiplication, matrix adder and FSM modules developed so far. Also, both outputs (y1 and
y2) present appropriate behaviour as they both achieve their reference values throughout both the computational and FIL
simulations.

The amount of time required by the calculation of the unconstrained MPC control law is of approximately 3.88 µs
or 0.00388 ms, which is way lower than the sampling period adopted for the control system (τ = 200 ms). Such fast
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calculations are obtained using a fully pipelined architecture, as discussed in Section 3. For comparison, MATLAB
computation simulations took an average time of 72.91 µs / 0.7291 ms and 91.26 µs / 0.9126 ms for calculating the
unconstrained MPC control law using N = 20 and N = 30, respectively. Both times are much lower than the sampling
period adopted (200 ms), but also slower than the controller embedded in FPGA.

One important aspect of the proposed architecture is that the calculation time obtained (3.88 µs) is obtained at both
tests, using N = 20 and N = 30. It is logical to think that higher values of N would yield higher calculations times, but
since the architecture is fully pipelined, the developed MATLAB scripts always make sure that the amount of parallel
floating-point multipliers and adders used for unconstrained MPC is capable of performing each matrix operation at one
clock cycle, which guarantees that calculation time is the same, regardless of the adopted value of N.

This impacts on the hardware resources usage of these solutions given by Tab. 2, that can be considered quite high
for a relatively simple application such as the unconstrained MPC scenario of a linearized Boeing 747 model. However,
this decision was made taking in consideration that future applications will consider constrained MPC scenarios, with
more complex control problems. For these situations, the additional speed provided by this type of architecture will
be necessary, as matrix dimensions and quantity of operations increase, as well as the complexity of the QP, that shall
be resolved using quadratic optimization algorithms and not an analytic solution as it is the case of the unconstrained
scenario.

Since both results using N = 20 and N = 30 were satisfactory, the first implementation is preferred. Lower values
of N result in a lower hardware resources consumption by the FPGA kit for the solution to be implemented, which can
also be seen in Tab. 2. This can be explained as the dimension of the matrices that are needed for implementing MPC
unconstrained control law vary according to the prediction horizon adopted: the higher the value of N is, the higher the
dimensions of these matrices become and thus, the lower prediction horizon that is able to control the system is considered
a better choice for implementing it as embedded hardware.

Therefore, analyzing all the informations presented and the results obtained, it is possible to confirm that the developed
RTL implementation of linear unconstrained MPC using floating-point arithmetic units is successful.

5. CONCLUSION

With all the results presented so far, it is possible to conclude that the modules developed for the linear unconstrained
MPC are working properly. Due to the methodology applied, the modules are capable of being parameterized for different
test scenarios and applications, making it possible to control different models using the developed controller.

Up until this point, only linear unconstrained MPC results are presented, which is the first step of validation of the
embedded MPC controllers. Implementation of the constrained MPC in FPGA is proposed as a future work alternative.
In fact, simulations with the constrained MPC controller are currently being held, using a PGE (Projected Gradient
Expansion) algorithm as the MPC optimization solver, for the Boeing-747 model and others models as well.

Thus, this work presents the initial results of the implementation of MPC controllers using FPGA in order to accelerate
such control algorithms. This is a field of study in the literature that is very relevant and has space for contributions. Even
though only the unconstrained MPC scenario is approached by this work, important contributions are made by making a
RTL implementation (parametrization scripts were developed for implementing the controller with appropriate data width
and resource management, but the logic of the architecture is not automatically generated as it is the case of HLS) and by
using floating-point arithmetic units in order to perform all matrix calculations needed, which guarantee a wide range of
numeric values to be represented, allowing different types of systems to be tested in the future.
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