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Abstract. Model based predictive control (MPC) is a control technique currently applied in industry which yields very
effective control performance. Since it requires solving an optimization problem at each sampling interval, its computation
cost is very high when compared to other control techniques. Recently, there is a great focus on applying MPC in real-
time embedded systems. In the last decade various methods to achieve fast embedded solutions for Linear MPC were
proposed. For more complex nonlinear systems though the problem remains open. This paper proposes a very fast
hardware architecture for Nonlinear MPC by approximating an offline solution to a Support Vector Regressor (SVR)
and implementing it on a FPGA. The SVR training process is done by the proposed Nature Inspired Optimization Tools
for SVM (NIOTS) where various input configurations are explored in search of an optimal solution. The NIOTS tool is
based on a Multi-Objective Particle Swarm Algorithm (MOPSO) and is able to generate a set of solutions that balance
complexity and precision. The results show three SVR implementations in FPGA based on floating-point operations that
are able to compute a control action in two about microseconds.
Keywords: Nonlinear Model Predictive Control, Support Vector Regression, Field Programable Gate Arrays.

1. INTRODUCTION

Model Based Predictive Control (MPC) is a sophisticated and very effective control technique that originated in the
1960’s and was first applied in the process industry. Among its main advantages are the ability to deal with complex
dynamic systems with multiple inputs and multiple outputs including control and state constrains, which are built in to the
control law. The main idea behind MPC is that, at each sampling time, a control action is computed by solving an optimal
control problem over a finite horizon based on the system model and its current state.

Due to the computational demanding nature of the algorithm, which includes solving an optimization problem at each
sampling time, it is only recently that this method has been used to control systems with fast dynamics. Recent studies
such as Mayne (2014) and Gros et al. (2016) show many advancements in the application of Linear MPC in real-time
in systems with fast dynamics with sampling times below the milliseconds threshold. For nonlinear systems though, the
computational requirements are even higher making it more difficult to implement a real-time controller with such high
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frequency.
One approach to create a viable Nonlinear MPC (NMPC) solution is through the use of Artificial Neural Networks

(ANNs). Since ANNs can be trained to act as a nonlinear system and by nature its computation can be highly parallelized,
it becomes a good candidate to solve this problem. As described by Lawryńczuk (2009), most approaches use an ANN to
model the nonlinear system and accelerate the prediction step and then use a nonlinear optimization technique to compute
the control action. Another approach, which is presented in Ortega and Camacho (1996), computes the control law of the
NMPC in various conditions off-line and then trains an ANN to map this behavior and uses it for the on-line controller.
This approach can also be observed in Åkesson et al. (2005) and Kittisupakorn et al. (2009) although in both cases they
are applied to slow processes.

An alternative to the use of ANNs that has been growing in the last decade is the use of Support Vector Machines
(SVMs) which represents a type of Machine Learning (ML) technique proved to have high generalization capacity and
robustness in both data classification and regression. It’s main advantage over other techniques is related to its ability of
minimizing the generalization error in the training phase through maximizing the distance between the margins on training
data. It was modeled to work over convex problems and therefore yields a unique solution, different from ANN models
where the solution has several local minima (Theodoridis and Koutroumbas, 2009). SVMs are also capable of condensing
information in the training set, representing the function with very small number of data points, called Support Vectors
(SVs).

SVM complexity is measured by the number of SVs and its empirical error is evaluated by the Mean Squared Error
(MSE) on the training set. The training process can be tuned by the regularization parameter (C) which controls the
balance between the empirical error and the number of SVs, and the kernel parameters. This approach is used to create a
training tool called NIOTS where MOPSO (Miranda et al., 2012) is used to guide the training process.

Previous efforts presented in Ayala et al. (2016) and Santos et al. (2017) used the technique of mapping the whole
NMPC offline solution to a Radial Basis Function ANN and then to a Support Vector Regression (SVR), respectively,
and then generated a dedicated hardware solution in FPGA. In both cases, controller performances with sampling rates of
MHz were achieved but for a very limited input reference variation. This work is focused on applying a similar technique
to a nonlinear model of a pendulum on a cart and on improving the SVR training method to generalize the solution to a
much wider range of reference inputs. It then deals with the generation of a more complex SVR solution in FPGA.

The remainder of this paper is organized as follows. Section 2 presents the main concepts of Nonlinear Model Pre-
dictive Control. In Section 3, the the SVM and SVR mathematical models and their respective training parameters are
presented. Section 4 presents details about the NIOTS tool to train the SVR along with the multi-objective optimization
techniques (MOOP) develop. Section 5 explains the procedures used in defining the data sets for training and validating
the SVR solution along with its hardware implementation. Finally, Section 6 presents the results and discussion while
Section 7 ends with the conclusions and future research directions.

2. Nonlinear Model Predictive Control

The MPC is defined as cost function minimization problem that has to be computed at each sampling time. This
optimization is computed over a finite horizon of length N and is based on the prediction model of the controlled system.
The nonlinear version of the MPC (NMPC) uses a nonlinear prediction model and, according to Grüne and Pannek (2011),
can be defined in its discreet form as

xk+1 = f(xk,uk), yk = xk (1)

where xk, uk and yk are vectors of the system state, system input and system output, respectively.
The optimal control problem, including the cost function and constrains is defined as

min J(xk,uk,k+N−1) ,
N∑
i=1

‖x̄k+i − xk+i‖2Q +

N∑
i=1

‖uk+i‖2R, (2)

s.t. umin ≤ uk+i ≤ umax
∆umin ≤ uk+i ≤ ∆umax
xmin ≤ xk+i ≤ xmax

where x̄k is the reference of the state xk in a given instant k, N is the length of the prediction horizon, Q and R are
symmetric weighting matrices that penalize deviations from a reference trajectory and a reference control value, umin
and umax are the vectors of control constrains, ∆umin and ∆umax are the vectors control action variation constrains and
finally xmin and xmax are the vectors defining state constrains. The solution to Eq. (2) is the optimal control sequence
denoted by uoptk .

The application of the NMPC follows three steps that are repeated at each sampling time: (a) Measure the system state
xk; (b) Find uoptk by solving the finite horizon optimal control problem; (c) Apply the first optimal control action uoptk

(1)

at instant k.
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2.1 Inverted Pendulum Model

The system used as a case study for the NMPC is of an inverted pendulum on a cart. The model used was the same as
in Mercieca and Fabri (2011) and Alaniz (2004). Figure 1 details the pendulum system along with it’s free body diagrams.
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Figure 1: (a) Inverted Pendulum on a Cart; (b) Free body diagram 1; (c) Free body diagram 2.

Equations (3) and (4) describe the system’s nonlinear model and are obtained by applying Newton’s Laws of Motion
to the free body diagrams in Fig. 1. These equations are expressed in terms of the state variables x, ẋ, θ and θ̇ which are,
respectively, the position and velocity of the cart and the pendulum’s angle and angular velocity. M is the cart mass, m
is the uniformly distributed mass of the ideal pendulum, l is half the length of the ideal pendulum, b is friction damping
constant of the surface, h is the rotational friction damping coefficient, g is the gravitational acceleration and u is the
control action which is the force applied to the cart.

ẍ =
1

M +m
[u− bẋ−mlθ̈ cos(θ) +mlθ̇2 sin(θ)] (3)

θ̈ =
3

4ml2
[mgl sin(θ)−mlẍ cos(θ)− hθ̇] (4)

The values used for each of the constants are 14.6 kg for M , 7.3 kg for m, l equals 1.2m, b equals 14.6 kg/s, h equals
0.0136 kg.m2/s and finally g equals 9.81m/s2.

3. Support Vectors Regression - SVR

The SVMs were designed by Cortes and Vapnik (1995), originally created to classify data and were based on finding
an optimal hyperplane with large margins that maximizes distance from classes in the training data set. This technique
assures that the error on the training set and its generalization capability can be optimized simultaneously (Burges, 1998;
Lima, 2004).

However, to apply the SVM theory to applications having continuous outputs, an extension named Support Vector
Regression (SVR) had to be created. SVRs were developed by Drucker et al. (1997) to induce the approximated function
from a training set X = {(x1, y1) , (x2, y3) . . . (xn, yn)} ⊂ Rd × R, where Rd denotes the space of the input patterns
andR is the label set. Equation 5, shows the general function approximated by SVRs.

f(x) =

#SV∑
i=1

(αi − α∗
i )K(xi,x) + b, (5)

where αi and α∗
i are the optimal solutions of the quadratic problem shown in Eq. (6) as defined by Drucker et al. (1997),

K(·, ·) is the kernel function, b is the bias evaluated from αi and α∗
i and #SV is the cardinality of the support vector set.

max L(α, α∗) = − 1
2

∑N
i,j=1K(xi,xj)(αi − α∗

i )(αj − α∗
j )− ε

∑N
i=1(αi − α∗

i ) +
∑N
i=1 yi(αi − α∗

i )

s.t.
∑N
i=1(αi − α∗

i ) = 0
αi, α

∗
i ∈ [0, C] i = 1, ..., N.

(6)

The quadratic problem in Eq. (6) has three types of parameters, called the hyperparameters, that need to be tuned: C
which is the regularization parameter, ε which is width of the ε-insensitive tube and the kernel parameters. The choice of
hyperparameters is closely related to the complexity of the SVR and its generalization capability. In this work, the adopted
metrics to evaluate complexity, precision and function fitting of the SVR are the cardinality of the support vectors set, the
Mean Squared Error (MSE) and the squared correlation coefficient, respectively. Defining suitable hyperparameters for
the SVR is crucial for minimizing these metrics.

Figure 2 depicts the SVR fitting process based on the training data set (black dots). The function adjusting is guided by
the ε-insensitive that is defined by the ε constant. Data outside of the ε-insensitive tube is penalized by the regularization
parameter. Data points that remain out of the ε-insensitive tube are considered support vectors as depicted in Fig. 2.
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Figure 2: Approximated function and the ε-insensitive tube.

The function kernel is an inner product in the high dimensional space, in which the original space data can be approx-
imated by a linear function. In this work, we use the exponential Radio Basis Function (RBF) as kernel function shown
in Eq. (7).

K(xi,xj) = exp

(
−||xi − xj ||2

γ

)
(7)

where xi, xj are the data in original space and the γ is the parameter to be tuned.

4. Nature Inspired Optimization Tools for SVM - NIOTS

The Nature Inspired Optimization Tools for SVM is a system developed to find a solution set as close as possible to
the Pareto set. To execute this task NIOTS uses the Particle Swarm Optimization algorithm described in subsection 4.3
, but in its Multi-objective optimization (MOOP) form.

4.1 SVM selection parameters problem as a MOOP

Real problems usually are presented with several criteria that have to be optimized at the same time. The best SVM
is able to classify unseen data with maximum accuracy and minimum complexity. However, precision and complexity
are conflicting criteria and this is tightly related to the definition of the hyperparameters which is a multimodal problem
called SVM selection parameters problem (Yi et al., 2016). It belongs to a class of problems defined as multi-objective,
multicriteria optimization, multiperformance or vector optimization problem (Carlos A. Coello Coello and Veldhuizen,
2007). These problems have contradictory criteria functions otherwise, they could be converted into a single function
problem without loss information. Equation (8) shows a SVM parameters selection problem modeled as a MOOP.

min F(C, γ, ε) =
(
MSE,#SV, 1−R2

)
s.t. 2C , 2γ ∈

[
2LB , 2UB

]
ε ∈ [0, UBε]

(8)

where MSE is the mean squared error in the validation set, #SV is the cardinality of the support vector set,R2 is Pearson’s
correlation coefficient (Spuler et al., 2015), these two last criteria are evaluated by Eq. (9), Eq. (10) respectively.

MSE =
1

n

n∑
i=1

(ŷi − yi)2, (9)

the variable n is the cardinality of the validation set, ŷ is the prediction of the SVR while y are the labels of the validation
set.

R2 =

( ∑n
i=1(yi −m)(ŷi − m̂)√∑n

i=1(yi −m)2
∑n
i=1(ŷi − m̂)2

)2

, (10)

where m is the average yi and m̂ is the SVR prediction average. The metric R2 was modified in the objective function to
transform the maximization problem into a minimization problem.

In these problems, the notion of dominance is an important concept to evaluate which solutions are better, because
every objective function in MOOP has the same importance. The dominance concept is defined as: A vector u =
(u1, u2, ..., uk) is said to dominate another vector v = (v1, v2, ..., vk) (denoted by u � v) if and only if u is partially less
than v, i.e. ∀i ∈ {1, ..., k}, ui ≤ vi ∧ ∃i ∈ {1, ..., k} : ui < vi.

However, as consequence of the dominance concept, in this produce a set of vector solutions where each of them do
not dominate one another is generated and is known as the non-dominated set. In the non-dominated set every solution
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has the same importance and the optimal non-dominated set is known as the Pareto set. The image of the Pareto set is a
curve in the objective space called the Pareto Front.

Evolutionary algorithms have been used to solve MOOP due to its complexity and multi-modal characteristic. In this
work, we use the modified Particle Swarm Optimization to treat multi-objective SVM selection parameters problem.

4.2 Multi-objective Particle Swarm Optimization

Bio-inspired algorithms belong to a class of meta-heuristics based on collective behavior of swarms and fish shoals,
these algorithms are often used to solve complex problems. The Particle Swarm Optimization spreads several particles
simultaneously over the search space, these particles share information about each other without a central management.
Each particle moves over the search space influenced by its current position and the best global position of the swarm.
This movement , in iteration t, is directed by a velocity vector evaluated by Eq. (11).

v
(t+1)
ij = wvtij + c1U1j [0, 1](ytij − xtij) + c2U2j [0, 1](ytsj − xtij), (11)

where vij is the velocity of particle i, w is the inertia weight, c1 and c2 are the cognitive and social acceleration constants
respectively, U1j and U2j are random numbers with uniform distribution on interval [0, 1], yij is the best position of
particle i and ysj is the best particle of swarm. The Eq. (12) defines the position of particle in iteration t+ 1.

xt+1
ij = xtij + vtij , (12)

where t is the iteration counter, xij is the position of particle i and j is the j-th component of the particle. Equations (11)
and (12) drive the particles through the search space based on global and individual bests. However, in MOOP, we have
a set of best solutions called non-dominated set, therefore, only one particle is randomly chosen from this set to be the
global best.

To pick the individual best, a history of individual non-dominated solutions is kept for each particle, so from this
history set, one is randomly chosen to determine the velocity vij . This procedure ensures better diversity and improves
the non-dominated set at each iteration.

In iteration t, the non-dominated set is extracted of the current swarm by a truncate function and stored in a matrix, so
the new swarm of iteration t + 1 is concatenated in the same matrix and again the function truncate is applied to update
the non-dominated set. The stop criteria is the maximum number of iterations.

4.3 NIOTS

The NIOTS system uses the meta-heuristic algorithm MOPSO described in subsection 4.2 to find a non-dominated
set of hyperparameters, as close as possible to the Pareto set. These solutions allow the user to choose the best solution
for a specific application. Figure 3 shows the graphical user interface of NIOTS. This system has four environments: (a)
Optimization, (b) Prediction, (c) Statistics and (d) Demo.

Figure 3: Graphical User Interface of NIOTS.
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In the Optimization environment, the machine definition panel is used to define the SVM type and its solver, the nature
inspired algorithm, a diversity factor and the kernel type. The general parameters panel is where the number of samples
and iterations of the MOPSO are defined along with the random distribution type and search space parameters. The last
panel, MOPSO algorithm parameters, is where every MOPSO parameter is defined. In the bottom, the training data used
to create the quadratic problem to be solved by LibSVM (Chang and Lin, 2011) and the validation data files are chosen
along with the path for the output reports. Finally the run button executes the program.

The MOPSO decision variables for Support Vectors Regression are C, γ and ε. The search space of the two first
variables is defined with the same interval I = [2LB 2UB ]. The usual interval for ε is Iε = [10−3 4].

The non-dominated sets generated by the MOPSO algorithm are evaluated at each iteration by the space, hypervolume
and cardinality metrics which are used to analyze the convergence and performance of the MOPSO. The Spacing metric
indicates how much the solutions are spread in the Pareto frontier, the Hypervolume evaluates how far the solutions are
from the a predefined worst point, and the Cardinality measures the number of solutions in the Pareto set.

5. Experimental Procedure

As described in (Santos et al., 2017), in order to apply the NMPC technique described in Section 2 to the inverted
pendulum model using the SVR, the NMPC problem has to be first solved offline to generate the training data sets. To
that end, a NMPC algorithm using numerical simulation was used in Matlab. A 4th Order Runge-Kutta method was used
to compute the one step prediction of the nonlinear system and the control action was computed by a nonlinear solver.
Parameters used for the NMPC include a prediction horizon and a control horizon of 20, umax = 50N , umin = −50N ,
the diagonal values of weighting matrix Q = [100 1 100 1] and the control penalty of the cost function R = 10. The
sampling time used for the control system was 100 ms.

The desired reference trajectory consists of maintaining the inverted pendulum in equilibrium while varying its target
position. Figure 4 depicts this trajectory with the offline solution. The three plots from top to bottom are the cart’s position,
pendulum angle and the control actions. All continuous (black) lines represent the simulated system behavior while the
dotted (red) lines represent references trajectories for the state variables and upper and lower bounds for the control action.
To measure controller performance the Mean Square Error (MSE) metric was used. In this case, the resulting MSE value
is the sum of the MSE of all four system states weighted by the coefficients of matrix Q. So, the position and angle MSE
values are multiplied by 100. The resulting MSE for the system in Fig. 4 is 30.04.

021001080604020
-4

-2

0

2

4

6

Po
si

tio
n 

(m
)

rRef.
NMPC

021001080604020
-0.15

-0.1

-0.05

0

0.05

0.1

An
gl

e 
(ra

d)

Ref.
NMPC

021001080604020
Time (s)

-50

0

50

C
on

tro
l (

N
)

umax
umin
NMPC

Figure 4: Reference trajectory with the offline solver outputs.

5.1 SVR training

Figure 5a depicts the generation of the training data followed by the SVR training itself and in Fig. 5b the SVR solution
controlling the system.

In order for the SVR to correctly capture the nonlinear control dynamic a proper set of inputs have to be chosen. Since
the NMPC scheme involves knowing present and past state information and present and future reference, these are natural
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Figure 5: Schematic model to generate training data and SVR control system.

candidates. Assuming all states are observable, the current state is readily available and past values of the state can be
easily stored. Future references for each state are also known from the desired trajectory. What needs to be decided is
how much past state samples and future references are enough to capture the system’s behavior. In this case, experiments
where conducted using states xk, xk−1 upto xk−10 and future references equal to the prediction horizon. Considering all
these states and future references this configuration would use 124 inputs (1 current state, 10 past states and 20 future
references all multiplied by 4 state variables) which can be considered a high number for a FPGA implementation. After
a few experiments with trial and error five input configurations where considered as described by Table 1.

Also, to improve the generalization of the solution, it can be observed that the pendulum movements in both directions
are equivalent, so a relative position is enough capture the dynamic. So, instead of the raw value of each state xk, a relative
value was calculated as x̄k − xk. Also, since this problem deals only with step references, using x̄k+1, x̄k+N is enough
to capture future reference changes.

Table 1: SVR Input Configurations.
Input Config. N. of Inputs Inputs

1 8 xk,, x̄k+1, x̄k+N
2 14 xk, xk−4, xk−8, x̄k+N
3 16 xk, xk−2, xk−4, x̄k+1, x̄k+N
4 20 xk, xk−3, xk−6, xk−9, x̄k+1, x̄k+N
5 28 xk, xk−2, xk−4, xk−6, xk−8, xk−10, x̄k+1, x̄k+N

From the system simulation shown in Fig. 4, a training set was generated for each input configuration. Each set
corresponds to a simulation of 120 seconds with a 0.1 s sampling time yielding 1200 data points. To prepare this data for
the NIOTS tool, each data set was randomly separated in three subsets: training, validation and test sets with 70%, 15%
and 15% of the of the original samples, respectively.

To proceed with the training, the NIOTS tool parameters were configured as is shown in Fig. 3. Although the tool is
capable of using other types of kernel, the RBF was chosen as it yields better results to this problem.

5.2 Hardware Architecture

The hardware architerture used to implement the SVR on FPGA is a combination of the RBF kernel described in Ayala
et al. (2016) and the optimized SVM architecture developed in Santos et al. (2017). The RBF kernel can be observed in
Fig. 6a while the top level SVR module is shown in Fig. 6b. In both cases, all arithmetic operations are implemented
using customizable floating-point libraries based on the IEEE 754 (IEEE, 1985) standard, developed and described in
Muñoz et al. (2009) and Muñoz et al. (2010). The floating-point representation provides a larger dynamic range to solve
various problems yielding better overall precision. All floating-point modules used in this work are configures with a bit
width of 32, the regular float precision.

6. Results and Discussion

The first results are from the NIOTS training process. Each training provided a Pareto frontier with a series SVR
solutions with varying number of support vectors and error metrics. Table 2 shows the 10 best results achieved for the
SVR with 28 inputs. Columns 2 to 4 represent the SVR parameters while columns 5 to 7 represent the NIOTS metrics
to evaluate the solutions which compares the training results with the input data test set. For the NMPC problem, a final
step was added in which the SVR solution is simulated controlling the nonlinear system and a MSE is computed between
each state output and its reference an then added together. In this case, columns 8 to 10 represent the MSE values of each
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Figure 6: Hardware architecture implemented on FPGA.

SVR solution for a different reference trajectory than the one originally used for the training process and the last column
sums all three MSE values. The solution with the lowest value on the last column is usually the one that was able to better
generalize the controller dynamics.

Table 2: Pareto frontier Solution for the SVR with 28 inputs.
Index C γ ε Error SV 1−R2 MSE 1 MSE 2 MSE 3 MSE Sum

1 16.22 -11.87 2.36 0.320 730 3.72E-03 91.10 68.87 78.97 238.94
2 12.33 -8.45 2.57 0.893 13 8.83E-03 43.98 26.89 36.19 107.06
3 15.04 -10.05 1.47 0.354 39 4.29E-03 32.92 19.87 28.62 81.41
4 15.71 -11.51 2.26 0.778 20 5.10E-03 62.56 51.85 60.20 174.61
5 15.00 -10.41 2.19 0.574 18 5.29E-03 111.90 101.76 110.48 324.15
6 13.57 -8.99 2.51 0.693 16 5.85E-03 33.95 20.91 29.27 84.13
7 15.82 -9.53 2.12 0.498 23 5.67E-03 2,468.68 2,485.53 2,533.75 7,487.96
8 12.47 -7.66 1.75 0.450 26 6.00E-03 32.41 19.88 28.00 80.29
9 10.75 -6.23 1.83 0.464 24 6.16E-03 31.96 18.33 27.46 77.75
10 12.03 -6.97 2.22 0.524 21 6.39E-03 31.71 19.10 27.53 78.35

Next, the NIOTS tool was used to generate solutions for all five input configurations and the best results for each one
in presented in Table 3. In this case, one selection criteria was solutions with a total MSE (last column) below 80 since
above this value the control behavior presented much more noise. A second criteria was a number of support vectors
below 30, since above that size it becomes very difficult to fit the solutions in the low cost FPGA used in this work. That
last criteria could not be met but solutions with 14 and 16 inputs, so a solution with the lowest number of support vectors
that could meet the first criteria was chosen. To put the MSE values in perspective, the first line of Table 3 also presents
the MSE values for the original NMPC algorithm used to generate the training data sets.

Table 3: Best SVR solutions for various input configurations.
Solution Inputs C γ ε Error SVs 1−R2 MSE MSE MSE MSE

1 2 3 Sum
NMPC - - - - - - - 30.04 19.67 26.21 75.92

SVR Config. 1 8 15.20 -7.97 1.76 33.24 18 0.099 33.22 19.34 28.14 80.7
SVR Config. 2 14 12.91 -9.23 0.38 29.18 76 0.089 29.29 17.64 25.8 72.73
SVR Config. 3 16 14.79 -11.18 0.80 29.06 37 0.089 29.55 17.53 25.79 72.87
SVR Config. 4 20 16.24 -8.08 1.56 0.15 14 0.002 32.07 18.94 27.66 78.68
SVR Config. 5 28 10.75 -6.23 1.83 0.46 24 0.006 31.96 18.33 27.46 77.75

To demonstrate the controlling performance, Fig. 7 shows the simulation results for the SVR with a different trajectory
than the one used on the training process. All five SVR configurations are presented along with, the reference NMPC
controller in Matlab and the reference trajectory. From the third plot, which shows the control actions, it can be noticed
that the signal for the SVR solutions with 8 and 28 inputs present much more noise than the rest.

Finally, Table 4 shows the synthesis results of the SVR solutions for the Altera Cyclone V (5CSXFC6D6F31C6N)
FPGA. Solutions 2 and 3 achieve the best MSE values as seen in Table 3 but at a cost of higher number of SVs which
in turn result in the use of more hardware resources and cannot fit into the FPGA used. The solution with 20 inputs is
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Figure 7: Simluation with the SVR solution following a reference trajectory.

chosen as the best result since not only it follows the reference with a control signal closer to the NMPC controller but
also uses the least amount of hardware resources. There is also a performance comparison between the FPGA solutions
and a SVM software simulator running on an ARM Cortex-A53 at 1.2 GHz. In the general, the FPGA solutions are about
5 to 10 times faster than the ARM embedded processor.

Table 4: FPGA Synthesis Results and Performance.
SVR Inputs SVs LEs DSPs Freq. Cycles FPGA ARM

Config. (41.910) (112) (MHz) time (us) time (us)
1 8 18 24.882 37 118.34 125 1.05 5.84
2 14 76 83.391 77 - 335 - 57.25
3 16 37 52.117 38 - 222 - 28.48
4 20 14 21.352 15 111.16 236 2.12 13.25
5 28 24 37.265 25 108.42 263 2.42 25.31

7. Conclusions

In the present work, an approximate hardware solution for a NMPC controller was shown using a SVR architecture.
The SVR training was accomplished by a novel tool called NIOTS which uses MOOP technique to solve a regression
problem and generate a set of possible solutions. Five sets of training data using different input configurations containing
present and past states from the nonlinear system and also current and future references where explored. The NIOTS tool
was able to generate adequate solutions for all training sets. All solutions were synthesized on FPGA, but only three of
them could fit. The best one in terms of control performance and hardware resource usage was the configuration with
20 inputs and 14 SVs. In terms of embedded hardware performance, this solution is 6.2 times faster than an equivalent
algorithm running in software on an ARM processor.

In future works, we expect to apply this same technique to a system with stronger nonlinearities and with state con-
strains.
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