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Abstract — In magnetoencephalography (MEG) data pro-
cessing, biological artifacts in particular overtop the signal
of interest by orders of magnitude and must be removed
from the measured signals to avoid reconstruction errors.
However, many real-time brain computer interface (BCI)
approaches neglect real-time artifact removal as it is compu-
tationally demanding.

We are working on the project of developing a real-time sig-
nal processing system for magnetoencephalography (MEG-
RT 2.0) to be used as an add-on to an existing MEG system.
The aim is to provide real-time current source reconstruc-
tion and based on this to enable neuro feedback or BCI ap-
plications. We introduce a requirement-driven model-based
development methodology (RDD & MBD) for real-time
computation systems based on vendor neutral specifications.
It handles the ever-rising complexity of computation and
control systems by raising the abstraction level in the design.
The approach was applied to the design of a system-on-chip
(SoC), capable of performing real-time artifact rejection,
based on the recently presented method ‘Ocular and Cardi-
ac Artifact rejection for Real-Time Analysis in MEG’ (OC-
ARTA). In this paper, we demonstrated the principle and
power of RDD&MBD by focusing on the dimension reduc-
tion step in OCARTA.
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time systems; MEG; PCA

Introduction

MEQG is a non-invasive neuroimaging technique that di-
rectly measures the electrophysiological processes of the
living human brain. Using MEG, the spatio-temporal dy-
namics can be investigated at very high temporal and
good to moderate spatial resolution, depending on the
depth of the active sources [1]. The magnitude of the
magnetic field components is in the range of a few tens to
hundreds of femto Tesla while some noise and biological
artifacts, such as ocular or cardiac activity, can be tens to
a hundred times larger [1]. These artifacts must be re-
moved from the measured signals as they can lead to
source reconstruction errors [2]. However, many real-time
BCI approaches neglect real-time artifact removal as it is
computationally demanding.

In MEG studies, real-time MEG data analysis has recently
become a topic of high interest and, in order to be viable,
it requires automatic real-time artifact removal [2] [3].
One of the first real-time MEG source analyses was
demonstrated in [4], but only included cardiac artifact re-

jection. In other studies, real-time MEG analysis is lim-
ited to certain frequency bands [2], e.g., u (9-12 Hz) [5], u
(9-15 Hz) and B (18-30 Hz) [6] or  (8-13 Hz) [3].

The paper addresses the development of a real-time signal
processing system to be used as an add-on to an existing
MEG system. The aim of the project is to provide real-
time current source reconstruction and thus to enable neu-
ro feedback or BCI applications. To deal with the com-
plexity of the system, the RDD & MBD method for real-
time computation systems is introduced. The methodolo-
gy handles the ever-rising complexity of computation and
control systems by raising the abstraction level in the de-
sign. The approach allows us to change from tactical to
strategical development decisions, as the cost of principal
mistakes increases with the complexity of a design [7].
The practice of model-based system engineering (MBSE)
rests on three pillars: a modeling language, a modeling
tool, and a modeling method [8].

SysML (System Modeling Language) is an extension of
UML (Unified Modeling Language) and was created spe-
cifically for the systems engineering domain [8]. Such
language enables movement through different abstraction
levels and effective communication of the essential as-
pects of a large-scale and complex system in the follow-
ing details: structure, behavior, requirements, and para-
metrics (mathematical models) [8].

SysML is a vendor neutral modeling language enabled in
a number of system-level modeling tools. Based on the
project requirements and cost studies, Sparx Enterprise
Architect [9] was selected for our project.

A system design methodology is like a road map that
helps transforming the fragmented modeling language
syntax into a model of the target system. The RDD &
MBD approach, as the further development of compre-
hensive methodology for functional design in digital sys-
tems presented in [7], has been elaborated in the Central
Institute of Electronic Systems (ZEA-2) to address the
problems of heterogeneous computation and control sys-
tem design using SysML [10]. This methodology is ex-
ploited in the design of MEG-RT 2.0. Applying system
modeling to our design allows us a comprehensive and
thorough evaluation of actual design requirements, as well
as enabling the forward planning of possible technical op-
tions to find an optimal solution and allows for a reuse of
the main development steps when a system adaption or
refinement is required.
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We applied the RDD & MBD approach to the design of a
system-on-chip (SoC), capable of performing real-time
artifact rejection, based on the recently presented method
OCARTA [2]. The number of channels used in a whole-
head MEG system lead to an overdetermined mathemati-
cal problem during artifact rejection [2]. In this paper, we
elaborated on the RDD & MBD approach with dimension
reduction using principal component analysis (PCA) as an
example. Based on the performed system modeling and
analysis, the dimensionality reduction of MEG data is de-
veloped and implemented on a single FPGA board (Xilinx
Virtex 6). This work is part of the development of an
MEG-2.0 Real-Time add-on device to a 248 channel
whole-head magnetometer MEG system (MAG-
NES _3600WH) from 4D-Neuroimaging, located at the
Research Centre in Jiilich, Germany. The design is pa-
rameterized and generally applicable to other MEG sys-
tems.

The paper is structured as follows: Section II describes
the implemented system model. The experiment results
and analysis are discussed in Section III. Finally, the con-
clusion and an outlook on our future work are given in
section IV.

Model-driven system design

RDD & MBD is a SysML-based system engineering ap-
proach whose workflow is plotted in Fig. 1[10].
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Figure 1: Model-based system engineering for real-time
systems (MBSE-RT) workflow

It starts off by specifying general system requirements
and constraints of stakeholders and formalizing them into
three categories, i.e. Qualitative, Quantifiable and Major
operations, which are further refined into sub-categories.
The Qualitative category mainly includes immeasurable
requirements such as safety, continuous observability,
ease of operation, etc. The Quantifiable category captures
measurable parameters and constraints. With the refine-
ment of system models, some qualitative requirements
may become quantifiable. The Major Operations category
depicts the system functionality, including maintenance

modes and functional targets of the application. After the
system’s technical requirements are specified, the second
step of the methodology — functional and structural analy-
sis is performed. The corresponding system dynamic (be-
havior) and block structure are modeled in parallel, in-
cluding Data modeling, i.e. data structure, data dependen-
cy, data exchange flows, and Methods and algorithm
modeling. Quantifiable requirements are then imposed in
the form of mathematical constraints to the relevant ele-
ments of structural models to properly allocate them to
relevant computation structures with predictable imple-
mentation parameters such as performance, resource
budget and even power consumption. Thus, we partition
the functions and allocate them to corresponding compu-
tation hardware. The procedure may be repeated for each
sub-system to perform refinement of the system on differ-
ent abstraction levels [10].

The computation process of PCA

The typical toolchain for MEG consists of data recording,
filtering, artifact rejection and source localization [2].
PCA is applied in the context of artifact rejection to re-
duce the computational complexity of independent com-
ponent analysis (ICA). PCA is one of the most commonly
used techniques to reduce the dimensionality of a dataset
while retaining most of the information by means of its
variance [11]. PCA maps the original data into a new set
of orthogonal basis vectors, where the components are
stored in a decreasing order of variance [12]: The first ax-
is (first principal component) accounts for the greatest da-
ta variance of the original data set while the last one the
least data variance. The first £ principle components are
chosen for data processing as they explain most of the da-
ta variance (in our case more than 95%). In PCA, compu-
tation of the eigenvalues and eigenvectors of large matri-
ces is computationally complex. For the purpose of accel-
eration, reconfigurable hardware solutions such as FPGA
are currently good approaches to tackle the computation
complexity.

A commonly used method for PCA is eigenvalue decom-
position (EVD) of the data covariance matrix. It is com-
prised of four steps:

1), the original data set is centered by subtracting the
mean vector. 2), the covariance matrix is computed. 3),
EVD is applied to the covariance matrix, i.e., eigenvalues
and eigenvectors of the covariance matrix are computed.
This is the most computationally demanding step of per-
forming PCA. There are various techniques to perform
EVD. Considering the large dimensionality of MEG data,
QR algorithm for PCA is adopted [12]. The QR algorithm
is the decomposition of the covariance matrix into an or-
thogonal matrix and a triangular matrix. 4), finally, an or-
thogonal transformation is applied onto the original data.

System engineering

System engineering begins with capturing system re-
quirements as requirements are the foundation of system
design [9] [10]. All essential requirements for PCA are
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clearly classified by package diagrams and described by
requirement diagrams. Within the requirement diagrams,
the hierarchy of requirements is defined using the rela-
tionships such as Contains and Derived, etc. It is neces-
sary to create models at different abstraction levels to un-
leash hidden complexity in the system. The derived sys-
tem technical requirements are further detailed with child
requirement diagrams, which are more exact and atomic.
Apart from relationships among requirements, traceability
from system requirements to behavioral and structural el-
ements is established.

As a second step, the system is modeled with respect to
block structure and behavior. There are two types of block
diagrams: block definition diagram (BDD) and internal
block diagram (IBD) [13]. BDD details the high-level
structure of PCA. To specify the internal structure and the
inner interconnections of PCA and its sub-blocks, IBDs
are established [8].

Behavior models visualize, specify, construct, and docu-
ment the dynamic behaviors of the system as it interacts
with users and the environment. Fig. 2 shows one exam-
ple of the many behavioral diagrams.
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Figure 2: State machine diagram of PCA

In Fig. 2, the state machine diagram covers three decom-
position levels. The top level mainly contains 2 states:
Centre and Whiten. The state machine starts in a pseu-
dostate Globallnitial, then the state Centre centres the in-
put data. After the data is whitened by the state Whiten,
the computation process ends with GlobalFinal.

In the third level, eigen-analysis is the most complex op-
eration among the 4 steps of PCA. The QR algorithm is
decomposed into several states. The first 3 states Orthog-
onalize, Normalize and QRMatrices decompose the co-
variance matrix from the second step of PCA into a prod-
uct of an orthogonal matrix and a positive upper triangu-
lar matrix [12]. Then the orthogonal matrix is right multi-

plied with the positive upper triangular matrix. The state
Judge checks the equality of the bottom triangle of the
new product to zero. In case of in equality, the computa-
tion is repeated; otherwise, the computation converges.

It is important to note, that “a diagram of the model is
never the model itself; it is merely one view of the model”
[8]. A number of behavioral views were created as neces-
sary, including use case diagrams, sequence diagrams,
state machine diagrams and activity diagrams, to detail
the dynamic behaviors of the system [9].

In the third step of system engineering, we impose math-
ematical relationships (equations or inequalities) on the
value properties of the design using SysML parametric
models which include constraint blocks and parametric
diagrams to create prognostic models of implementation.
A development tool usually allows constraints to be de-
scribed with programing or modeling languages, e.g. Ja-
vaScript, VBScript or Modelica, which provide the under-
lying mathematical foundation for further analysis or
simulation.

The parametric model enables trade-off studies of differ-
ent design configurations to find an optimal set of solu-
tions. It can also be used for checking violation of the
quantifiable constraints of a design, or for performing ear-
ly functional prototyping (mathematical modeling). Mod-
els derived in this way can then be used as a golden refer-
ence for further functional verification.

Structure allocation and architecture

Based on the preliminary performance and resource anal-
ysis using parametric models and behavioral computation
analysis, computations of the system are allocated to plat-
form computing resources, while shared variables and ex-
changed data are allocated to memories and physical
links.

Mathematically, the transformations of OCARTA are two
matrix—matrix multiplications (or rather two matrix—
vector multiplications) and computationally demanding
[2]. The parallelism of FPGA deals with matrix multipli-
cations quickly and efficiently. Xilinx Virtex 6 FPGA
with 2GB DDR3 SDRAM is the selected platform for
hardware implementation. Within FPGA, a precision
symmetrical look-up-table (LUT) based unit was devel-
oped for potential exponential operations in ICA, which
speeds up the computation and reduces error accumula-
tion. The rest of the computation is done on a state ma-
chine driven arithmetic logic unit (ALU). The experiment
duration for MEG signal measurement of a subject is
around 165 seconds, which produces around 200MB of
data; thus we chose the 2GB DDR3 SDRAM for data
storage.

Fig. 3 shows the FPGA-based computation model and the
data path of eigen-analysis. The controller consists of a
scheduler and a load/writeback module. The scheduler
controls the computation modules and coordinates the
buffers. This load/writeback module receives control sig-
nals from the scheduler, and update data in the buffers ac-
cordingly. In the QRD module, the four computation steps
of QR algorithm are performed.
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Figure 3: Data path of eigen-analysis

Results and analysis

Based on the behavioral models, HDL code can be gener-
ated automatically, which is often sufficient for direct im-
plementation in hardware. PCA was implemented by
modifying the generated Verilog HDL code. The design
was verified by simulation using ISE 14.1 under the test
clock frequency of 100 MHz; and in-circuit verification
by means of Virtex 6 was also carried out. The tested
MEG data were recorded with a 4-D-Neuroimaging
whole-head =~ magnetometer  system  (MAGNES-
3600WHMEG). Captured waveforms indicate that the
dimension of the input data is reduced from 248 to on av-
erage 25 components, explaining more than 95% of the
original data variance. The design occupies 13% of total
slices (56880 available) and 8% of DSP48El1s (576 avail-
able), which highly correlates with the results of the prog-
nostic models created for system-level modeling.

The system design of PCA was completed successfully,
which is the major objective of the study. The RDD &
MBD method describes the system with great simplicity
using SysML. It decreases the complexity for large sys-
tem design and reduces the development time by creating
a system with different abstraction levels.

Conclusion and future work

In this paper, we have presented the application of a re-
quirement-driven model-based approach to the implemen-
tation PCA using SysML. It has been outlined how mod-
els are defined, traced and used. The approach enabled us
to elaborate the hardware implementation, satisfying the
demanding requirements of MEG data dimension reduc-
tion using the multi-aspect SysML model. The presented
model-driven approach provides an efficient management
of PCA design complexity by specifying the model at dif-
ferent abstraction levels. Additionally, hardware imple-
mentation of PCA based on the performed system model-
ing is done and preliminary experiment results are pre-
sented. The dimension of MEG data is reduced greatly. It
will effectively facilitate and accelerate the implementa-

tion of the MEG real-time system enabling neuro feed-
back and BCI applications in an add-on system to existing
MEG systems.
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