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Abstract

New products in the automotive and aerospace industries must provide
increased energy efficiency and exceed previous performance, safety and
reliability. To meet these expectations, the role of simulation continues to
grow.

Within this context, simulation models are used in real-time embed-
ded applications such as advanced real-time control and real-time virtual
sensing. Both applications require the execution of simulation models
in real-time on embedded hardware. The limited computational power of
this hardware is however a major challenge in the adoption of model-based
embedded applications.

This research explores the use of multibody models for real-time em-
bedded applications. It describes different techniques to accelerate parts
or all of the multibody computations on ARM-based and/or FPGA-based
hardware.

1 Introduction

Industrial products development benefits from real-time simulations. Today’s
systems are increasing in complexity due to market drivers such as energy ef-
ficiency, growing number of system variants, reliability and performance. Sim-
ulation solutions have matured to the extent they have transformed the devel-
opment process of complex systems to become a process cornerstone. Highly
accurate simulation models are used throughout the life-cycle of the product
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to predict real-life performance, to understand the manufacturing process or to
detect operational failures.

For instance, Model-based System Testing (MBST) [1] is a framework of
engineering solutions that enable and optimally balance the combined use of
test and simulation. This approach is of interest for testing and experimentally
optimizing subsystem behavior in a virtual system integration context, which
may even include the human user. Simulation models are also employed in vir-
tual sensing, an emerging field in testing applications. Models and a limited
set of experimental data are fused to estimate system variables that are diffi-
cult (inaccessible location, inaccurate direct measurements, inexistent sensor)
or costly to measure. Virtual sensing enriches the measurement data-set, thus
providing better insight into the system-under-test to engineers. Accurate mod-
els are required as a starting point. State estimators are then used to fuse test
and simulation data and ensure optimal data quality. In the automotive field,
advanced algorithms for chassis or suspension control benefits from this virtual
measurements [2–5].

Many of these applications are executed on embedded systems and must
accomplish real-time performance and low-power consumption [6]. Real-time
is needed for synchronizing real world and simulation achieving determinism in
the overall system [7]. Low-power consumption is required due to the strict
power budget of embedded systems [6]. For example, in electric vehicles, the
battery is responsible of supplying power not only to the powertrain, but to the
auxiliary systems and electronic devices. Therefore, the energy consumption of
additional embedded systems should be minimal in order to maximally extend
the vehicle range.

Multiprocessor System on Chips (MPSoCs) represent an important trend in
embedded systems. MPSoCs are systems-on-chip with more than one processor,
which can satisfy the constraints of real-time and power consumption of new
embedded applications [8]. Their computational power, however, remains mod-
est relative to personal computers (PCs). MPSoCs are traditionally classified
into homogeneous, where similar processing cores are interconnected to build
a high-performance computer, and heterogeneous processors, built from cores
of different architectures which can be used as accelerators, complementing the
capabilities of the main processor.

This new trend gives an opportunity for simulating complex models, as
multibody (MB), on embedded hardware in real time. MBST applications could
be based on detailed models, instead of reduced sized models, while still main-
taining real-time performance. Based on a low-end heterogeneous processor,
where an Field Programmable Gate Array (FPGA) complements the main pro-
cessor, this work explores the benefits that can be obtained from an FPGA for
accelerating MB simulations.

This paper is organized as follows. Section 2 gives an overview on the modern
hardware available for embedded applications, focusing on the FPGAs. In Sec-
tion 3, through a simple example, the procedure to accelerate MB simulations
with an FPGA is presented. The FPGA implementations obtained from the
simple example are presented in Section 4. These implementations are scaled
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and applied in a real use-case for automotive applications in Section 6. Finally,
the conclusions of this work are presented in Section 7.

2 Modern Hardware Analysis

Computation capabilities of conventional processors have been growing expo-
nentially due to sustained innovation in processors technology [9]. This evolution
has led to more complex cores which provide higher performance at the expense
of increasing the number of computing elements per microprocessor, with an
increase of the chip footprint and power efficiency [10]. In embedded systems,
however, the power consumption is critical and it has become a major aspect
that limits the performance of processors for embedded applications [11].

In order to meet the high computational performance and low-power require-
ments, advanced multi-core architecture have been developed. Having more
than one core in the system allows developing parallel processing on chips, re-
ducing the computational cost of an application [12].

In a multiprocessor platform, however, there is not an ideal core for all
the possible applications. Normally, in conventional processors, this issue is
solved by designing a general purpose architecture. However, few applications
actually need all those resources. Therefore, such an architecture is highly
over-provisioned for any single application [10], leading to a higher power con-
sumption.

Homogeneous designs assembly multiple cores of the same architecture and,
in order to cover a high range of applications, the over-provisioned problem
of conventional processors is repeated [10]. Conversely, heterogeneous proces-
sors can map each application to the best suited core to meet its performance
demands.

In general, heterogeneous processors complement a main core with different
type of secondary processors or co-processors. The main purpose of the co-
processor is to supplement the functionality of the primary processor, and it is
optimized for a single specific task. By offloading computations from the main
processor to one or more co-processing units, the overall system performance can
be accelerated [13]. Thus, having heterogeneous processor cores provides poten-
tially greater power savings without dramatic losses in performance [14]. Due
to the potential reduced energy consumption offered by heterogeneous multi-
core platforms, their usage is appealing for hard real-time systems in embedded
applications [11].

2.1 Heterogeneous processors for scientific computing

In the field of heterogeneous computing, traditional processors are commonly
combined with unconventional cores such as Application-Specific Integrated Cir-
cuits (ASICs), Field Programmable Gate Arrays (FPGAs) or Graphic Process-
ing Units (GPUs) [9, 15, 16]. Complex operations are offloaded to these co-
processors obtaining hardware acceleration.
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While ASIC devices are expensive and their development cycle spans sev-
eral years, GPUs and FPGAs are cheaper and less time consuming in the de-
signing phase in order to accelerate an application. GPUs and FPGAs are
programmable and flexible, meaning that they can be used in any application
without any extra cost of redesigning the hardware. Although an ASIC device
can provide the highest performance for a particular application, FPGAs and
GPUs are standing as the most popular co-processors in heterogeneous devices
due to their flexibility and reduced price.

Graphic Processing Units (GPUs) were developed for parallel manipulation
of tasks related to computer graphics [17]. However, their usage goes beyond
graphics and GPUs are employed to increase the efficiency of expensive compu-
tations. The main advantage of the GPU as an accelerator stems from its high
memory bandwidth and a large number of programmable cores to parallelize the
execution of a program. They have been used for accelerating MB dynamics
previously, as presented in [18–21].

Field Programmable Gate Arrays (FPGAs) are programmable hardware de-
vices that offer the high performance of custom hardware, with some of the
flexibility of software. An FPGA contains programmable logic elements which
can be combined to exactly build the hardware required for a specific applica-
tion, resulting in orders of magnitude speed-up over conventional processors for
computationally-intensive tasks [22]. Traditionally, FPGAs where independent
devices and the communication time between the FPGA and the main proces-
sor could affect the overall performance. New embedded systems incorporate a
General Purpose Processor (GPP) with an FPGA in a MPSoC, yielding more
efficient communication between both devices than two chip designs, resulting
in improved performance [23].

The presence of FPGAs in industrial applications has been growing in last
years. FPGAs are used for controlling industrial processes and motors, in ma-
chine vision to inspect manufacturing lines or in industrial networking [24, 25].
Being programmable devices provides the flexibility to adapt industrial designs
to changing requirements and lower total solution costs [25]. In automotive ap-
plications, MPSoC solutions embedding an FPGA or GPU are starting to be
used due to the high computational cost of Advanced Driver Assistance System
(ADAS) [26].

In contrast to GPUs, there is no research on how to exploit FPGA for
accelerating a MB simulation. Since the presence of FPGAs is increasing in
industrial applications, they can be used to reduce the computational cost of
MB simulations, thus providing accurate model-based solutions for real-time
embedded applications.

Focusing on the automotive industry, the Xilinx® Zynq-7000 XC7Z020 is
widely used in computer vision or control applications [24]. It is a low-end
embedded platform based on an ARM Cortex-A9 combined with an Artix-7
FPGA as co-processor. Several works have been presented based on this device
in automotive applications. It is used in computer vision applications such as
signal recognition and detection of pedestrians or obstacles [27–32]. For control
purposes and machine learning, the works presented in [17, 33] are also based
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on the Zynq-7000 XC7Z020. Although there are more powerful devices on the
market, their costs are also higher, which reduces their fields of applications.
In addition, the automotive grade Zynq-7000 devices are based on the same
processor [34]. Due to the broadly use of the Zynq-7000 XC7Z020 device and in
order to provide results applicable to real use-cases, it is selected in this work.
The properties of the device are summarized in Table 1.

Table 1 Features of the Zynq-7000 XC7Z020 processor [35]

Zynq-7000 (Device Code: XC7Z020-CLG484-1)

M
ai
n
p
ro
ce
ss
or

Processor Core Dual ARM Cortex-A9
Processor Extensions NEON & Single\Double Precision Floating Point

Max. Frequency 667 MHz
L1 Cache 32KB Instruction, 32KB Data per processor
L2 Cache 512KB

On-Chip Memory 256KB
External Memory DDR3, DDR3L, DDR2, LPDDR2

C
o-
p
ro
ce
ss
or

FPGA Artix-7
Logic Cells 85K

LUT 53,200
FF 106,400

BRAM 140 (4.9Mb)
DSP 220

For clarity and better understanding of the FPGA elements presented in
Table 1, it is worth detailing certain characteristics of the hardware elements.
In general, an FPGA is made of wires connecting logic gates and registers [36].
The logic gates perform simple logic operations on signals. They represent the
core functionality of digital circuits, which means they perform simple boolean
logic on inputs. If several gates are combined, more complex operations can be
performed. The registers are simple devices that store data for its use in future
operations, which needs to be accessible quickly. Once the data is no longer
needed, it is replaced by new information. Inside an FPGA, four main element
types can be found [13]:

1. Look-Up Table (LUT): It is a flexible resource capable of implementing a
logic function, small memory elements or registers.

2. Flip-Flop (FF): It is a sequential circuit element implementing a 1-bit reg-
ister, whose purpose is to synchronize logic and save logical states during
clock cycles.

3. Block Random Access Memory (BRAM): It is a memory block with the
special purpose of satisfy dense memory requirements.

4. Digital Signal Processor (DSP): It is a sub-unit dedicated for high-speed
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DSP arithmetic supporting operations such as multiply-add, multiply-
accumulate (MACC), three-input add, etc.

2.2 FPGAs Considerations

FPGAs have different features that should be considered prior to implementing
an application on these devices, such as the numerical data types, hardware
capacity or programming language.

FPGAs are programmed in Hardware Description Languages (HDLs), such
as Verilog or VHDL. Since HDL differs from the software programming lan-
guages, the use of FPGAs was limited to developers with a strong hardware
design knowledge. With the popularization of these devices, manufacturers are
releasing software for translating code from C-like languages to HDL, allowing
software developers access to FPGA programming. However, hardware design
knowledge is still required in order to guide this automatic-translation tools into
the desired implementation.

Another factor to consider is the floating-point precision, which is critical
for particular applications. Although FPGAs can support floating-point calcu-
lations, they are more performant for fixed-point operations. To operate with
floating-point data, a large amount of resources is required. In the case of MB
simulations, it is desired to work with floating-point numbers instead of fixed-
point, since more precision and range of numbers is available. As the size of
FPGAs is increasing, high-precision calculations are becoming more common as
the resource footprint required for the implementation of floating-point calcula-
tions is reduced with respect to the size of the device [13].

Nevertheless, the main disadvantage of FPGAs is their limited hardware
resources. The algorithm that needs to be accelerated might require more hard-
ware resources than the ones available in the FPGA. To overcome this issue,
the algorithm should be partitioned or its optimization level reduced. In both
cases, the resulting FPGA implementation is not as efficient as it could be if
more resources were available. This issue is being mitigated due to the con-
tinuous FPGA technology evolution. Nowadays, a large range of devices can
be found. There are more powerful FPGAs with capabilities to implement de-
signs which demand more resources or higher frequencies to achieve the desired
acceleration.

3 FPGA acceleration in Multibody Simulation

From what has been presented in Section 2, the computational power of em-
bedded hardware is low compared to conventional computers. This can result
in MB simulations where real-time execution is not guaranteed, while it would
largely be satisfied in a personal computer. Offloading the most time consum-
ing operations to an FPGA could result into real-time execution in embedded
platforms. For instance, in devices such as the Zynq XC7Z020, where the main
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processor has a low frequency, the availability of a co-processor can make the
difference.

However, the performance of a MB simulation in embedded hardware can
not rely only on the FPGA acceleration. An efficient MB formulation should
be selected for the modeling and, later, the FPGA can be used for reducing the
computational cost if required.

In this section, the usage of an FPGA for accelerating a MB simulation
is addressed. Through a simple example of an N-four-bar linkage, a proof of
concept for accelerating a MB model whit an FPGA can be developed. The
procedure followed in this section could be later extended to other models or
formulations.

Since this work is in the context of automotive applications, the formulation
presented in [37–39], named semi-recursive formulation, is selected. Compared
with absolute methods, it offers high performance when large models are used,
due to the reduction in the number of modeling coordinates. In small systems,
like the suspension model presented in [37], there is no advantage in using the
semi-recursive formulation. When applied to a full vehicle model, the method
in relative coordinates is 10 times faster than the absolute.

The N-four-bar linkage mechanism employed is presented (Figure 1). It has
a total of 9 moving bodies and the ground element, all connected by revolute
joints. The size of the model is selected so that the size of the FPGA does
not limit the optimization of the implementations addressed. The MB model
is generated using the MBScoder presented in [40], which writes efficiently the
minimal amount of code required for the simulation, in an automatic form.

Fig. 1 MB model of a N-four-bar linkage which is employed as exam-
ple for presenting the approaches of using FPGAs as co-processors in
a MB simulation

It must me remarked that the semi-recursive formulation could not be the
most efficient for this model size. As stated above, the interest of this example
is to show how to implement certain tasks of a MB simulation on an FPGA.
Using the semi-recursive formulation allows to later apply the resulting imple-
mentations on a real automotive use-case, presented in Section 6.

Following the approach presented in [37], a double set of coordinates is de-
fined for the modeling: the relative coordinates of the hole mechanism and six
coordinates (three translations plus three rotations) for each body, which are
the so-called body coordinates presented below,

Z =

[
ṡ
ω

]
(1)

where ṡ is the velocity of the point of the body which is coincident with the
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fixed frame origin in a particular time step, thus representing the translations
of the body, and ω is the angular velocity of the body, which represents the
rotations of the body.

Selecting the point of each elements coincident with the fixed frame origin
of coordinates instead of the center of mass as usually, the recursive kinematic
relations between bodies are simpler [39]. Applying the kinematic relations of
two neighbor bodies, denoted by i-1 and i, a general expression for obtaining
the value of each body coordinate and its derivative in a recursive form can be
derived,

Zi = Zi−1 + biżi (2)

Żi = Żi−1 + biz̈i + di (3)

where the form of the terms bi and di depends on the type of joint that connects
the bodies i-1 and i. In [39], expressions of bi and di are presented for different
type of joints.

The dynamic equations which describe the motion of the mechanism are
expressed initially in relative coordinates. In this method, the equations are
stated according to the Penalty Index-3 Augmented Lagrangian (ALI3P) for-
mulation [41] in the form,

Mz̈+Φz
tαΦ+Φz

tλ∗ = Q (4)

where z are the relative coordinates, M is the mass matrix of the mechanism
expressed in terms of the relative coordinates, Φ is the constraint vector due to
the closure conditions of the loops, Φz is the Jacobian matrix of the constraints,
α is the penalty factor, Q is the vector of applied and velocity-dependent forces,
and λ∗ is the vector of Lagrange multipliers obtained from the following iteration
process [37]:

λ∗
i+1 = λ∗

i +αΦi+1, i = 0, 1, 2... (5)

However, if the relative coordinates z are used, the calculation of the dy-
namic terms presented in (4) is complex. Here is where the body coordinates
(1) become relevant, since they lead to simpler expressions for obtaining the
dynamic terms in a recursive form, as is shown in [37–39]. To introduce these
terms in the dynamic equations (4), a matrix R can be defined from kinematic
relations in such a form that,

Z = Rż (6)

Ż = Rz̈+ Ṙż (7)

being R a matrix which depends on the topology of the mechanism and on the
bi terms from equation (2), and Ṙż a vector obtained from the di terms of (3),
as presented in [38]. It must be noted that, from the structure of the matrices,
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each element of the mechanism is only influenced by its previous bodies on the
kinematic chain, as expected.

After establishing the kinematic relation between coordinates, expressions
for the the mass matrix and the generalized forces applied of each element in
body coordinates can be derived yielding,

M̄i =

[
mI −mg̃
mg̃ J−mg̃g̃

]
(8)

Q̄i =

[
f − ω × (ω ×mg)

n− ω × Jω + g × (f − ω × (ω ×mg))

]
(9)

where m is the body mass, g̃ is the dual anti-symmetric matrix of the global
position of the mass center of the body (g), J is the inertia tensor of the body,
f and n are the external forces and torques applied to the body respectively.

From the expressions presented in (8) and (9), the dynamic matrices for the
whole mechanism in body coordinates can be assembled. Thus, the mass term
M̄ is a diagonal matrix whose diagonal elements are the sub-matrices M̄i, and
the vector of forces Q̄ contains each individual term Q̄i.

In order to obtain the equivalent dynamic matrices in relative coordinates
for their use in (4), the equation of motion in body coordinates is obtained.
From the virtual power principle,

Z∗T (M̄Ż− Q̄) = 0 (10)

being Z∗T the virtual velocities on the body coordinates.
Substituting now the result of (2) and (3) in the equation (10) yields,

ż∗T
{
R⊤M̄Rz̈−R⊤(Q̄− M̄Ṙż)

}
= 0 (11)

or, in a more compact form,

ż∗T {Mz̈−Q} = 0 (12)

Therefore, comparing the equations (4) and (12), the mass matrix and force
vector in relative coordinates can be obtained from their equivalent in body
coordinates as follows,

M = R⊤M̄R (13)

Q = R⊤(Q̄− M̄Ṙż) (14)

Due to the form of the matrix R, the mass matrix and force vector of the
system are suitable to be assembled in a recursive form, as presented in [38],
leading to an increment of computational efficiency.

Once that the mass matrix and the vector of forces is obtained, the inte-
gration of the dynamic equations presented in (4) can be addressed. For this
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purpose, the implicit single-step trapezoidal rule combined with the Newton-
Raphson iterator has been adopted, yielding,

∂f (z)

∂z
= −f (z) (15)

where the residual vector is

f (z) =
∆t2

4

(
Mz̈+Φz

⊤αΦ+Φz
⊤λ∗ −Q

)
(16)

and the approximated tangent matrix is:

∂f (z)

∂z
≃ M+

∆t

2
C+

∆t2

4

(
Φz

⊤αΦz +K
)

(17)

being C and K the damping and stiffness matrices, respectively, whose full
expressions can be found in [39].

Although this formulation offers high efficiency, it presents some limitations.
The mass matrix of the system must be computed each iteration, since it is not
constant, and a post-process must be performed at the end of each time step
in order to derive the absolute motion of the bodies and joints coherently with
the new value of the relative coordinates. Both operations are the most time
demanding tasks during the simulation. Furthermore, although the system of
equations presented in (15) has a reduced size with respect to other methods,
it is still a expensive computation. These bottlenecks of the MB simulation can
be lighted through their FPGA implementation.

4 Hardware Implementations

In order to accelerate the MB simulation with an FPGA, the computation bot-
tlenecks of the MB formulation have to be offloaded to the FPGA. The rest of
the simulation is performed on the main processor. Comparing the results of
each implementation allows evaluating which strategy offers more improvement
in terms of execution time.

Due to the different data dependencies and structure of each operation,
an independent analysis is required. The software employed to program each
function in the FPGA is Vivado HLS from Xilinx®. The procedure followed
during the implementations presented on this work can be extended to any other
task of a MB simulation, either modeled in global or relative coordinates.

4.1 Mass matrix calculation

The process for obtaining the mass matrix of the system can be divided in two
steps: the calculation of the body mass matrices, following (8), and the assembly
of each body mass matrix into the global matrix in a recursive form, as stated
in (13). The individual mass matrix can be computed in parallel for each body,
since each matrix only depends on the variables of its body, as can be seen in
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(8). However, to compute the global mass matrix, the recursive procedure has
a sequential nature due to the dependencies between bodies. This is where the
advantages of an FPGA can be exploited.

Following a pipeline strategy, the calculation of all the individual mass matri-
ces and their assembly on the global mass matrix can be executed in a concurrent
manner: before the calculation of one mass matrix is finished, the calculations
for another body can start. This concurrent computation is represented in Fig-
ure 2, where the operations performed during a set of clock cycles is represented.
It must be noted that each operation is performed at a matrix element level.

CLK 35 36 37 38 39 40 41

C M (9,9)

A M̄2 (4,2)

A M̄2 (2,4)

A M̄8 (4,2)

B Add M̄8 (3,4) to M̄2 (3,4)

B Add M̄9 (2,4) to M̄8 (2,4)

B Add M̄9 (3,4) to M̄8 (3,4)

C M (9,9)

C M (8,9)

A M̄2 (1,6)

Fig. 2 Schedule of a stage (gray background) of the mass matrix cal-
culation (13) in the FPGA. Operation A is referred to the evaluation of
the matrix elements from (8). Operation B accumulates the individual
mass matrices. Operation C performs the multiplication of (13)

The sequence of Figure 2 is one of the stages repeated through the total
computing process. By means of the pipeline directive, Vivado HLS analyses
the code to implement and achieves an optimal scheduling for the algorithm, de-
ciding which matrix element should be calculated at each clock cycle. However,
since it is automatic, it is also necessary to adapt the code in order to guide the
program to the desired solution. In this particular case, the three operations
where clearly divided, and intermediate copies of variables are introduced in
order to allow more operations over the same data.

Since the storing-data arrays are defined with a single port memory resource
by default, the read and write ports of the array are limited. If the evaluation
of the mass matrix is performed in parallel, the number of read and write op-
erations will increase, and the limited number of read and write ports of the
arrays will lead to an inefficient implementation. As a solution to this prob-
lem, the arrays can be partitioned into smaller arrays (implemented as multiple
memories) increasing the number of load and store ports.

In addition, due to the topology of the mechanism, some terms involved in
the calculations are always null and, therefore, the operations can be simplified
with the consequent saving of resources. In Table 2, the results in terms of re-
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sources and latency under the optimizations explained and based on a pipeline
strategy are presented. The maximum FPGA frequency for executing this im-
plementation is 125 MHz.

Table 2 Summary report of the FPGA implementation for computing
the mass matrix of the MB system of Figure 1 following a pipeline
approach

Summary Report

Function Latency
(clock cycles)

Resources (%)
BRAM DSP FF LUT

Total function 508 1 5 9 24
Read Input data 56 0 0 ≈0 1
Mass Matrix calculation 266 1 5 9 22
Write Output data 179 0 0 ≈0 1

4.2 MB Post-Processing stage

The post-processing required to obtain the absolute motion of the mechanism is
based on kinematic relations between bodies and joints. This process is recur-
sive, since the position of a body depends directly on the position of its previous
body in the kinematic chain. Due to this dependency between bodies, the struc-
ture of this function is sequential and, as in the mass matrix calculation, FPGAs
are suitable devices to accelerate the post-processing stage of the MB model.

The values of each body that must be computed are the position and velocity
of its center of gravity (CoG), the rotation matrix, and its angular velocity.
Regarding the joints, since they are of a revolute type, their position and the
direction of the axis of revolution must be calculated. There exists also a data
dependency between the operations performed for each body and joint. For
example, in order to evaluate the CoG of a body, the rotation matrix of the
same body is required to transform the local position of the CoG to absolute.

As opposite to the mass matrix calculation, the post-processing phase for
the mechanism of Figure 1 can be made in a loop which performs the same oper-
ations over different bodies. However, as explained above, the data dependency
between loop iterations does not allow to compute all the bodies in parallel at
the same time.

Using a pipeline approach, the schedule of the function is as depicted in
Figure 3. As in the mass matrix computation, arrays which store data have
been partitioned in order to increase the number of operations that can be
executed over the stored data, and intermediate copies of variables are created.
In Figure 3, only a loop iteration is presented, since it is repeated for each body.
As can be seen, the different operations inside a body are also executed in a
concurrent manner.

However, the main advantage of the pipeline appears when parallelizing
the operations within different bodies. After analyzing the data dependencies
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CLK 114 115 ... 120 121 .. 125 ... 220 221 222 223 ... 230 231 232 233 234 235 ... 241 242 243 244 ... 248 249

A Angular velocity

B Trigonometric functions

C Rotation matrix

E Joint position

F Joint velocity

G CoG

H Write to output

Fig. 3 Schedule of a loop iteration of the FPGA implementation for
updating the motion of one body of the system presented in Figure
1. The clock cycles are shortened in order to make the diagram more
readable

between loop iterations, Vivado HLS achieves a solution in which the evaluation
of a new body can start 10 clock cycles after the previous body. This means that
the computations of two consecutive bodies can also be executed in a concurrent
manner. This leads to a high reduction in latency, from 7701 to 494 clock cycles.
The results of the implementation are presented in Table 3. The FPGA runs
this implementation at a frequency of 125 MHz.

Table 3 Summary report of the FPGA implementation for updating
the motion of the MB system of Figure 1 following a pipeline approach

Summary Report

Function Latency
(clock cycles)

Resources (%)
BRAM DSP FF LUT

Total function 494 11 36 33 69
Read Input data 17 0 0 1 1
Post-Process 355 3 36 31 65
Write Output data 116 0 0 ≈0 3

In this implementation, it is interesting to underline the effects of the trigono-
metric functions required for the evaluation of the rotation matrix. The cost
of these functions in terms of hardware is high, leading to an increment of the
required resources.

4.3 Solver of a System of Equations

Solving systems of equations as the one presented in (15) is a common problem
in more fields than MB simulations. Therefore, several studies are available in
the literature showing which method is more efficient to be implemented on an
FPGA. In this work, the algorithm for FPGAs proposed in [42] is employed. It
offers an efficient implementation in terms of resources and latency of a solver
based on the Gauss-Jordan algorithm.
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The MB model of Figure 1 leads to a system of 9 equations and 9 unknowns.
The report of the implementation achieved for the system size of this work
through Vivado HLS, and under the guidelines presented in [42] is shown in
Table 4. This implementation achieves a frequency of 125 MHz in the FPGA.

Table 4 Summary report of the FPGA implementation for the Gauss-
Jordan algorithm employed for solving Equation 15 following the ap-
proach presented in [42]

Summary Report

Function Latency
(clock cycles)

Resources (%)
BRAM DSP FF LUT

Total function 1018 ≈0 36 14 39
Read Input data 90 0 0 ≈0 ≈0
Gauss-Jordan 913 ≈0 36 13 39
Write Output data 9 0 0 ≈0 ≈0

5 Use-case: N-four-bar linkage

In order to test the implementations presented in Section 4, several simulations
of the N-four-bar linkage mechanism employed during this work are launched on
the Zynq-7000 XC7Z020, modifying the solver time step and the solver tolerance.
The simulation of the mechanism in the ARM processor is taken as reference.
Later, simulations offloading each of the tasks implemented in Section 4 are
launched. Comparing the elapsed time for each simulation gives a measure of
the acceleration achieved through the use of the FPGA.

For all the simulations, the ARM processor runs at its maximum frequency
(667 MHz) and in a bare-metal system, the Xilinx Stand-alone (bare-metal)
Environment. Hence, there are no any other processes running at the same
time. Only one core is used and the code is compiled under an optimization
level 2, meaning that the compiler performs nearly all supported optimizations.
In addition, although the ARM supports double-floating-point data (Table 1),
the simulation is executed with single precision for a fair comparison with the
FPGA implementations. The Eigen library [43] is used for the linear algebra
operations in the ARM processor. The summary of the results is shown in Table
5 and Table 6.

The results show that only the evaluation of the global mass matrix of the
system in the FPGA offers an speed-up of approximately 15% with respect to
the simulation on the ARM processor. The achieved acceleration increases with
the reduction of the time step, since more mass matrix evaluations are necessary.
In fact, for an integration time step of 1 millisecond, only real-time performance
can be achieved offloading the mass matrix calculation to the FPGA. Due to
the parallelization of the FPGA, it is expected that the effect of increasing
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Table 5 Summary report of the comparison between the ARM execu-
tion of the MB model and each of the FPGA implementation proposed
in Section 4. The simulation is executed with a time step of 4 millisec-
onds and with a tolerance for the integration of 10−6

Summary Report

Version
Simulation
Time (s)

Time
Step (s)

Elapsed
Time (s)

Average of
Iterations Tolerance

Reference 10 0.004 8.467 18.62 10−6

Gauss-Jordan FPGA 10 0.004 8.389 18.58 10−6

Mass Matrix FPGA 10 0.004 7.065 18.67 10−6

Post-Process FPGA 10 0.004 8.396 18.75 10−6

Table 6 Summary report of the comparison between the ARM execu-
tion of the MB model and each of the FPGA implementation proposed
in Section 4. The simulation is executed with a time step of 1 millisec-
onds and with a tolerance for the integration of 2 · 10−6

Summary Report

Version
Simulation
Time (s)

Time
Step (s)

Elapsed
Time (s)

Average of
Iterations Tolerance

Reference 10 0.001 11.012 4.88 2 · 10−6

Gauss-Jordan FPGA 10 0.001 10.954 4.87 2 · 10−6

Mass Matrix FPGA 10 0.001 9.291 4.89 2 · 10−6

Post-Process FPGA 10 0.001 10.879 4.89 2 · 10−6

the size of the mass matrix of the system has lower impact on the hardware
implementation than in the ARM processor, leading to a higher acceleration.

With respect to the Gauss-Jordan implementation, the achieved acceleration
is minimal. As explained in [42], the acceleration level of the Gauss-Jordan
algorithm increases with the size of the system to solve. It is expected therefore
that, with MB systems of higher number of variables, the achieved acceleration
will be more reliable.

Regarding the post-processing tasks, the results are similar to the Gauss-
Jordan version. There is almost no benefit to offload this task to the FPGA. As
in the other versions, it is expected that the speed-up achieved would increase
with the complexity of the MB model: more bodies evaluated in parallel will
lead to a higher speed-up.

6 Use-case: Automotive virtual sensing

In Section 1, several applications of real-time simulation were introduced. Out of
them, the virtual sensing approach for automotive applications is taken as a real
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use-case. In this use-case, the objective is to extend the test measurement data-
set with virtual sensors, during vehicle maneuver execution. The MB model has
to be executed in real-time on the embedded hardware located in the vehicle. For
correcting the drift due to uncertainty between model and reality, real sensor
measurements are fed to a state estimator for correcting the behavior of the
model [2, 5].

One of the main limitations of virtual sensing for in-vehicle applications is
related to the low computational power of the on-board embedded systems. New
generation Electronic Control Units (ECUs) and automotive on-board data-
acquisition systems are based on heterogeneous devices, as stated in Section 2.
As a consequence, the computational power of the new available hardware paves
the way to real-time embedded virtual sensing.

Following the guidelines presented in Section 4 for the three implementations,
the use of the FPGA with a complete MB model of a vehicle is explored. The
vehicle (Figure 4) is modeled in relative coordinates, with the semi-recursive
formulation presented in [37]. A summary of the MB model is presented in
Table 7.

Fig. 4 Modelled vehicle

Table 7 MB parameters

Vehicle MB model

DOFs 14
MB coordinates Relative
MB formulation ALI3P
Nº of coordinates 60
Nº of bodies 29
Nº of integrable variables 42

6.1 Hardware Implementations

The MB model of the studied vehicle has the following differences with respect
to the N-four-bar linkage employed in this work. First, the size of the model
is larger. Second, the complexity of the model is higher. For the N-four-bar
linkage, all the joints involved are of the same type, revolute. Instead, the
vehicle model includes more type of joints, which affect the amount of code that
must be flashed on the FPGA.

The effects of increasing the size of the MB model can be seen by comparing
the vehicle model presented to the N-four-bar linkage of Section 3. First, for
the implementation of the mass matrix evaluation, it has been proven that in
the Artix-7 of the Zynq-7000 XC7Z020 device, there are not enough hardware
resources. Therefore, the mass matrix of the system cannot be computed effi-
ciently on the FPGA. As an alternative, the evaluation of the individual mass
matrices of the bodies (8) is addressed. In this case, the results of the imple-
mentation are shown in the Table 8. This implementation can run in the FPGA
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at a frequency of 125 MHz.

Table 8 Summary report of the FPGA implementation for computing
the mass matrices of each body with a pipeline of the mass matrices
calculation

Summary Report

Function Latency
(clock cycles)

Resources (%)
BRAM DSP FF LUT

Total function 1478 20 45 38 74
Read Input data 377 0 0 ≈0 1
Indiv. Mass Matrices calculation 52 0 45 36 72
Write Output data 1045 0 0 ≈0 1

The implementation presented in Table 8 leads to a minimal latency for the
individual mass matrix calculation. Due to the independence among different
mass matrices, they can be computed in parallel. It is similar to using one core
for each individual mass calculation in the FPGA. The data of each body is
partitioned so that all the matrices are evaluated at the same time. Therefore,
the total latency for computing all the individual mass matrices corresponds to
the latency of one individual mass matrix evaluation.

Regarding the post-processing phase, the available resources on the FPGA
are not sufficient to follow the implementation of Section 4. In order to accel-
erate this part of the simulation, the process can be divided into sub-tasks. At
this point, it is interesting to implement a subsystem that is repeated in the
model, in order to use the implementation programmed on the FPGA more
than once and achieve a higher acceleration level. Hence, the suspension system
is a suitable candidate, since the topology of the mechanism is almost identical
for the four suspensions in the modeled vehicle. The trigonometric functions
required are computed in the ARM processor and given as inputs to the FPGA.
Otherwise, the implementation cannot fit on the FPGA. The summary for the
implementation of a suspension system are shown in Table 9. This implemen-
tation is executed at a frequency of 100 MHz in the FPGA.

Table 9 Summary report of the FPGA implementation for the post-
processing of each suspension system

Summary Report

Function Latency
(clock cycles)

Resources (%)
BRAM DSP FF LUT

Total function 407 1 55 15 58
Read Input data 66 0 0 ≈0 2
Suspension Post-Process 101 1 55 14 49
Write Output data 240 0 0 1 7
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The last operation implemented is the resolution of the equation presented
in (15), involving 42 variables, following the implementation presented by J.P.
David in [42]. Due to resources limitations, the optimization level of the algo-
rithm is reduced compared with the implementation presented in Section 4. In
Table 10, the final FPGA implementation is presented. The frequency achieved
in the FPGA is 100 MHz.

Table 10 Summary report of the FPGA implementation for the
Gauss-Jordan algorithm employed for solving the equation presented
in (15) following the approach presented in [42]

Summary Report

Function Latency
(clock cycles)

Resources (%)
BRAM DSP FF LUT

Total function 20120 29 53 18 96
Read Input data 1806 0 0 ≈0 1
Gauss-Jordan 18266 14 53 18 93
Write Output data 42 0 0 ≈0 1

6.2 Results

To evaluate the benefits of the proposed FPGA implementations, a maneuver
of 10 seconds is simulated. Similar to obtaining the results for the N-four-bar
linkage presented in Section 5, the simulation executed on the main processor is
considered as reference. The ARM implementation follows the same directives
as for the N-four-bar linkage. Later, simulations offloading each of the tasks
presented in Section 6.1 are executed.

Since the MB model of the vehicle is intended to be used for state estimation,
the tolerance of the simulation is less stringent than when the objective is to
accurately forward simulate the vehicle dynamics. The results in terms of time
consumed are presented in Table 11.

The results show that with the same time step, a higher computational
efficiency is achieved with the FPGA implementation of the Gauss-Jordan al-
gorithm due to the increment of the MB size, as expected with the results
presented in [42]. The simulation is accelerated close to 25% with respect to the
ARM execution.

Regarding the individual mass matrices evaluation and the post-processing
of each suspension system, their FPGA implementations do not offer any speed-
up. Accordingly to Section 5, only offloading to the FPGA the evaluation of
the complete mass matrix and the full post-processing phase is of interest for
accelerating MB simulations on the hardware used in this research.
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Table 11 Summary report of the comparison within the ARM execu-
tion of the vehicle MB model and each of the FPGA implementation
proposed in Section 6.1. The simulation is executed with a time step
of 4 millisecond and with a tolerance for the integration of 5 · 10−5

Summary Report

Version
Simulation
Time (s)

Time
Step (s)

Elapsed
Time (s)

Average of
Iterations Tolerance

Reference 10 0.008 11.888 2.062 5 · 10−5

Gauss-Jordan FPGA 10 0.008 8.982 2.009 5 · 10−5

Partial Mass Matrix FPGA 10 0.008 11.968 2.043 5 · 10−5

Partial Post-Process FPGA 10 0.008 12.344 2.054 5 · 10−5

7 Conclusions

In industry, model-based applications are steadily gaining importance in modern
development processes. For a subset of these use-cases, real-time is a mandatory
pre-requisite for synchronizing real and virtual environments. A main limiting
factor for these applications when using MB models is the high computational
load with respect to the available hardware resources.

Processor technology evolution has led to new processors which increase
the computational capabilities of embedded systems. Heterogeneous processors,
specially based on an ARM as main processor and an FPGA or GPUs as co-
processor stand out among other alternatives. In these devices, the co-processor
behaves as an accelerator for the most computationally expensive tasks of the
simulation, thus reducing the overall computing time. Due to the increasing
presence of FPGAs in industrial applications, this research explored their use
for accelerating MB simulations.

In this work, the use of FPGAs in MB simulations is first studied with a
model of an N-four-bar linkage. The most time consuming tasks of the sim-
ulation are identified, and the procedure to optimally program the FPGA is
presented. Three implementations are tested: the mass matrix evaluation of
the MB model, the post-processing calculations performed to obtain the motion
of the model, and a solver of equations for computing the increments of the MB
variables at each iteration. From the studied implementations, it was shown
that the mass matrix computation in the FPGA offers a speed-up of a 15%
approximately on the Zynq-7000 XC7Z020. In the case of the post-processing
and the solver, it was concluded that for the size of the tested MB model, there
are almost no benefits using the aforementioned hardware.

The next use-case studied in this paper is a real application for the auto-
motive industry. For in-vehicle virtual sensing, the use of an FPGA can be the
differentiating element for achieving real-time. Following the approaches of the
N-four-bar linkage, the same tasks of the simulation are offloaded to the FPGA.
However, the increment of elements in the MB model leads to a scalability prob-
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lem: the tasks implemented do not fit on the FPGA and should be shortened.
As a result, only the solver of equations accelerates enough the simulation for
achieving real-time performance.

Results show that an FPGA can be employed to accelerate a MB simulation.
This work also establishes guidelines to select and to implement any operation of
a MB simulation in an FPGA. It should be noted that the achieved acceleration
will depend on the size of the model and the FPGA resources. Thus, the
acceleration required and the model size are important factors to determine
the size and type of the FPGA required for a given application. To conclude, as
the list of processors including FPGAs is increasing, it is important to learn how
to take advantage of them. In model-based applications where the simulation
time has to be reduced to meet execution time requirements, an efficient FPGA
implementation can be decisive in making an implementation successful.
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