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Chapter 1

Introduction

O
bservations on our physical world heavily rely on instruments and
tools. Our human sensory organs are routinely supported by techni-

cal devices, which have gradually evolved to form complex systems.
Different types of probes, sensors and detectors are being built and used in
large numbers, and often operated simultaneously in combination, adding to
the difficulties arising from simply scaling in numbers and size. Large and
complex data is streamed real-time during data acquisition, therefore tak-
ing measurement samples, triggering and filtering for values of interest from
noise and other background processes represent an increasingly challenging
task as the components scale. Pattern recognition techniques have become
widespread in finding physically meaningful objects and processes, such as
particle tracks and showers in high energy physics or physiological signals in
medical observations.

While obtaining and understanding measured data is the key to under-
standing physical processes in a scientific way, it is also important, that
the measurement itself is monitored to ensure, that the quality of the data

acquired is adequate for meaningful conclusions. Monitoring the measure-
ment and checking data quality adds a layer of complexity to our tool of
observation. Early detection and identification of failed sensors, detectors,
or anomalous processes are crucial, especially for diagnostics in medical con-
text, where it can literally mean difference between life and death. It is
therefore useful to employ classification techniques in system diagnostics.

Event recognition is best performed by humans, in which case user-
friendly tools are required to present information in a coherent way: visual

identification of unexpected patterns and anomalies is very effective, there-
fore an application allowing the full overview of a large detector at a glance
has still no substitute. Reproducing the efficiency of human brains is still im-
possible by pre-programmed machines, even with artificial intelligence tools
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2 CHAPTER 1. INTRODUCTION

which are within reach using current computer technology. However, due
to the generally limited availability of manpower, automation is still useful.
Teaching a machine using supervised learning to recognise the difference be-
tween expected, normal events and anomalous phenomena is a plausible way
of processing immense data samples in a semi-controlled way. Automatic

pattern classification uses data directly from sensors. Then, data is prepared
by isolating objects, or characteristics of processes from background. These
isolated, abstract objects, i.e. segmented data, are used to generate charac-
teristic signatures by selecting the most descriptive properties of the objects
in question. Once this step of feature extraction is done, observations can
be readily compared using classification algorithms, in order to categorise
objects, or events as normal or anomalous. In supervised training, one can
attach labels to different types of events, identified classes, and can assign
characteristic signatures to these classes. The outcome of a classifier algo-
rithm can then be used in the post-processing phase, when a decision or

automated action can be taken based on the membership of an object in a
class. There are many known [1] data mining algorithms based on machine
learning applied to expert systems, but it still remains a challenge to extract
good feature vectors from data and to choose a performing algorithm in a
given domain.

While observing both biological and physical phenomena, there is a grow-
ing need to be able to process and to present larger and larger amounts of
experimental data in a meaningful and coherent way, in order to draw di-
agnostics and relevant conclusions. Therefore the main aim of this thesis
is to contribute to handling large data sets. The suggested methods were
developed in two different fields, but similar in terms of data acquisition and
analysis methods.



Chapter 2

Objective of the thesis

M
onitoring parameters and attributes of systems of a living organ-
ism or machinery is necessary in order to be able to detect and to

follow changes that can be indicative of degraded health or a de-
veloping failure. This becomes increasingly challenging for large and diverse
systems, as it is the case for detectors used in major high energy physics
experiments.

2.1 Research challenges

Currently there are few general purpose monitoring methods for process di-
agnostic purposes. By far the most valuable assessment of data is visual
inspection, done by experienced professionals or by rotating operators on
shift. Therefore, first and foremost, every monitoring system should have
a user friendly interface which enables humans to browse data with ease.
However, checking for known or anticipated anomalies can be automated in
some cases. Machine assisted pattern recognition systems can help users to
automate diagnostics, especially for large scale systems. Fingerprints of dif-
ferent types of states or events used for pattern recognition can also have
other uses, such as indexing data archives.

1. A Histogram Presenter is discussed and new approaches are tested,
which can lead to a graphical interface, helping people to monitor data
through visual observation. The proposed new methods address ver-
satility and scaling, while maintaining simplicity and ease of use. The
results are demonstrated by applying the solutions in the area of high
energy physics, for monitoring measurements done by the LHCb detec-
tors.

3



4 CHAPTER 2. OBJECTIVE OF THE THESIS

2. A generalised histogram-based automatic event recognition method is
described, which uses supervised learning pattern recognition tech-
niques. It is built on simple graph theory for cluster-hit feature ex-
traction, and a support vector machine for classification. The chapter
illustrates the successful application of the method with an example
study related to the degradation of vacuum in a hybrid photo detector.

3. Finally, the problem of the automatic recognition of different cerebral
blood flow states is addressed. An attempt is made to distinguish
between normal blood flow and ones modified by drugs. An experiment
studying blood flow oscillations induced by consecutive administration
of two different drugs is presented as an application example.

The combination of visual monitoring with automatic pattern recognition

can help the user to monitor large systems producing vast amount of infor-
mation.

While the works related to the first two items were performed at Cern,
the last contribution was made at the Technical University of Budapest.



Chapter 3

Histogram Presenter

A
histogram presenter is one of the main instruments to monitor and to
understand the quality of the data taken in large high energy physics

experiments. A new generic approach is needed to allow for a unified
and yet simple monitoring of diverse processes and objects; ranging from ion
drift times through data buffer states to particle masses.

The Histogram Presenter described below has been used during the de-
velopment and commissioning of the LHCb detector. It is fully integrated
within the software infrastructure of the experiment; it is part of the LHCb
software distribution’s Online package, and is deployed in the experimental
area to be at the disposal of the data quality managers on shift duty in
Cern. It allows users to visualise several thousand histograms in a coherent
and understandable manner. It is used to monitor the quality of the data
being taken during the whole lifetime of the experiment.

Histogram plots have an important role in monitoring methods, because
they can summarise a large amount of information that can be updated
regularly, allowing the user to follow changes of the monitored objects.

The developed Histogram Presenter displays plots in a page oriented way,
allowing easy comparison with reference histograms and providing interactive
graphing for further analysis. It also allows subdetector experts to interac-
tively create predefined pages of relevant plots with varying detail, which are
stored in a database.

3.1 Problem statement

LHCb is one of the four large experiments being built for the LHC at
Cern. It has the primary goal of doing precision measurements in the area
of B physics and CP violation (charge and parity symmetry), in order to do
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6 CHAPTER 3. HISTOGRAM PRESENTER

stringent tests on the Standard Model, and possibly looking for New Physics
beyond it.

The full LHCb detector is composed of several subdetectors, which fall
into two major categories, according to their measuring functions:

• Tracking detector: to trace the location and reconstruct the path of
moving charged particles. It includes the Vertex Locator (Velo),
Tracker Turicensis (TT), Inner Tracker (IT), and the Outer Tracker
(OT).

• Particle identification detectors: the Ring Imaging Cherenkov detectors
(Rich), Electromagnetic Calorimeters (Ecal), Hadronic Calorimeters
(Hcal) and the Muon tracking detectors (Muon).

Monitoring the quality of the acquired data allows for the verification of
the detector performance. Anomalies, such as missing values or unexpected
distributions can be indicators of a malfunctioning detector.

The online data acquisition and processing system of the experiment is
composed of hundreds of special electronics boards equipped with credit-card
sized PCs, and of a large PC farm, with O(16, 000) processors. In order to
detect problems as early as possible, all of these elements, the electronics
boards and the processes running on the PCs produce statistical data, which
can be used to monitor the quality of the raw physics data. The statistical
data is read-out via a separate path from the physics data, and consists
mainly of histograms and counters which need to be combined, stored, and
analysed automatically. They may need to be compared with reference data,
and last but not least, presented to the users. The expected data rate at the
LHC is so high, that the majority of events will be rejected by the trigger.
In particular for LHCb, which focuses on very rare events, it is crucial to
make sure that the good, interesting physics events are saved, marking the
important role of data quality monitoring.

In order to be able to see and to monitor online the vast array of probes in
a detector, a common, standard monitoring method is needed. The approach
should therefore be as diverse as possible, but without loosing simplicity.
As for most systems to be implemented, there are a series of conflicting
requirements for the software that is based on the new approach proposed:

1. Flexibility in scaling while being simple to use: all subdetectors with
different sources, such as readout-boards and computer farms, running
in different environments should be able to publish their histograms.

2. Displayed histograms should look the same to different users (e.g. two
data taking shifts, or while reporting errors to experts), but still re-
main editable for further inspection: fitting, superimposing, scaling,
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changing the number of bins, merging and adding of plots, computa-
tion of derived quantities, such as efficiency based on raw counters are
all useful for understanding what is happening during data taking.

3. Online and offline modes: displaying histograms real-time is a must
for online monitoring, but it should also be possible to review archived
data or results of simulated data in offline mode.

4. Diverse userbase: developers, subdetector experts and shifters have
different needs. The detector is operated by at least two persons on
shift, who are generally not experts. Experts should be able to create,
and modify any histogram and page composed of histograms, in order
to be able to extract the most information. The shift crew would always
need to supervise the same pages of histograms.

3.2 Proposed Histogram Presenter

Manage Pages and Histograms

Save/Print Histogram Pages

Online Services

Presenter

Browse Pages

Operator

Manipulate Histograms

Analysis Task

HistoDB

Provide Histograms

Histogram Savesets

Store Presentation and Layout Metadata

Expert

Figure 3.1: The LHCb Histogram Presenter overview.



8 CHAPTER 3. HISTOGRAM PRESENTER

Figure 3.1 gives an overview of the LHCb Histogram Presenter’s major
components in their operating context, as defined by and created from a use-
case analysis. To the left are the actors who are end-users, while on the right
side are all the data sources, which are used when performing the various
actions that can be accomplished using the Histogram Presenter.

The most common design for data acquisition and monitoring applica-
tions follows the producer-consumer pattern. The Histogram Presenter works
using a client-server architectural model and has the following features:

• Handling of different data types and sources: the self describing na-
ture of the data is used to establish its type and the operations to be
performed. The type of the histogram is determined in different ways,
according to the different parts and layers of the system. Operations
to be performed are triggered by entries retrieved from the histogram
database, based on the histogram identifier.

• Partitioning support: the location of the source of a given histogram
might vary depending on what the actual configuration of the detector
is. The partitioning of the LHCb detector allows for its different ele-
ments to dynamically work together or independently, according to the
operating needs and run control settings. Partitioning can be based on
a combination of subsystems and the desired activity, such as physics
measurements, tests or calibrations.

• Different modes of operation: sources of the histograms to be moni-
tored, such as the output of the automatic analysis tasks, the contents
of saved histogram saveset files, or the online services using the dis-
tributed information management system on the network provide the
necessary data to fill the histogram’s bins with values.

The default operational mode is online, relying on unique servicenames
for the location of the sources needed to fill the pages of histograms.
In history mode, the user is able to give a time-range, for which values
are read from the saved histogram sets and are aggregated. By setting
a step size, the periodically saved files can be navigated back and forth
in time, in a convenient and transparent manner.
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• Support different types of users: the Histogram Presenter can work
in two major distinct modes, that can be selected according to the
role of the user. Editor mode is targeted at experts by providing all
functionalities described in the requirements, while online and offline
viewing modes are made to be as simple as possible, to be used by the
operators on shift.

• Histogram manipulation: due to the component based development
approach, all necessary functions needed to edit and to manipulate the
histograms are provided by using the features of Root [2]. The Root

system provides the set of object oriented frameworks that provide all
the functionality needed to manipulate and to analyse monitoring data.
It includes methods to handle one and two dimensional histograms, as
well as direct support for profile histograms. It provides visualisation
and graphics classes to display the histograms, and also allows for curve
fitting, function evaluation and minimisation.

• Error reporting: histograms are automatically analysed periodically in
the background. Should an error or warning occur, the issue appears
in an alarm listing in the Presenter and the histograms in question are
flagged to draw attention, i.e. with a red border. There is a one-click
function for issue tracking, that enters the given page connected to the
incident into the electronic logbook, which can then be edited over the
web.

• Reliability and robustness: monitoring tasks are running on a variety of
hardware platforms and operating systems with many components. In
order not to be blinded in the Control Room by failure of the monitoring
system during operations, it has to run reliably and robustly. For
example, a typical scenario that must be tolerated by the system is that
online histogram services “disappear” and “reappear”. The Histogram
Presenter relies on DIM (Distributed Information Management) [3]
features in such cases.

• Scalability: in order to be able to deal with the large number of his-
tograms, a fast relational database for storing and retrieving histogram
properties is used. Histograms are filled with values via a subscription
based online data transfer, making use of the network bandwidth on a
flexible, i.e. as needed basis.
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Figure 3.2 illustrates the Histogram Presenter while monitoring the Calorime-
ter subdetector of the LHCb detector.

3.3 Contributions

Contribution 2 I have developed a novel approach to perform the moni-

toring of large systems, being able to scale the interactive visualisation in

a coherent and understandable manner for both online and offline data.

The proposed approach has the following main innovative elements:

2.1 The earlier general principle of qualitative histogram abstraction was

extended in the context of data quality monitoring visualisation as a spe-

cific case of monitoring, taking into consideration reliability, robustness,

partitioning of the large system and accounting for different user related

criteria.

2.2 I have created an implementation of an innovative Histogram Pre-

senter based on the methods proposed, that is scalable to the size of a full

detector used in an LHC experiment, with its computing farms included.

It is able to handle a large number of histograms O(100, 000) online, many

different subsystems and users. Any of the used monitoring views can be

presented online within 10 seconds, and the vast majority of the interac-

tive views load in one second, ensuring responsiveness for timely human

interaction.

3.4 Applications and further research

The experimental work underlying this thesis showed, that it is possible to
establish a highly scalable method for visual monitoring that has been suc-
cessfully applied in the context of data quality insurance [h, i, j]. The method
is generic and flexible enough to accommodate very diverse monitoring needs.
No other LHC experiment’s collaboration has created a platform indepen-
dent, highly interactive histogram visualisation approach that is used across
the entire detector, for both online and offline operations.

The proposed new method has been successfully applied using the his-
togramming framework [4, 5] to monitor:
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1. Physics data quality.

2. The correct functioning of the detector instruments and related sys-
tems, such as the online data acquisition network.

3. Results of physics simulations.

Figure 3.3 shows the Histogram Presenter, as it is used to monitor the
input event types and Level0 channels to the different alleys and lines used
to make the Level1 decisions.

As reported in [7], the LHCb detector has been commissioned to be able
to take data, when beam is available. During the commissioning phase, the
Histogram Presenter was used for detector time alignment using cosmic rays,
for example in case of the calorimeters and muon stations. The Histogram
Presenter was also used to monitor subdetectors while taking test measure-
ments from test beams, for calibration of parameters, such as pedestals for
noise for the vertex locator and tracking stations.

In summer of 2008, commissioning activities were done on a fully opera-
tional detector; all the subdetectors were joined into a single partition, and
were centrally controlled during the data taking exercises.

The Histogram Presenter is used on a regular basis concurrently by sev-
eral dozens of subdetector experts, distributed both in the LHCb Control
Room at Point 8, offices in Cern’s main sites and remotely in collaborating
institutes.

As of writing, the Histogram Presenter is used for displaying 7,850 online
histograms from the monitoring farm, 582 reconstructed histograms from of-
fline batch jobs, besides high level trigger related histograms provided by the
event filter farm. The Histogram Presenter can also run in the background
to create regular monitoring plots to be served via a webserver, as it is the
case for the TCK Presenter.

Figure 3.4 shows the Histogram Presenter with a plot of the reconstructed
J/ψ particle using µ and π particles during offline data quality monitoring.
The plot can be interactively manipulated: the fit on the peak gives a mass
of 3.09747 ±0.844 GeV: the reference is 3.09692 ±0.011 GeV [8].

Nevertheless, the LHCb detector still has to see its first particle colli-
sions, therefore the most realistic operating conditions are still ahead. As a
consequence, the need for new features and functionalities may arise, such as
the handling of the changing luminosity of the beam provided by the LHC.
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(a) Photo of the LHCb Calorimeter subdetector. Photo by Cern.

(b) Calorimeter 2D view in the Histogram Presenter.

Figure 3.2: LHCb Calorimeter views.
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Figure 3.3: Histogram Presenter used for online High Level Trigger monitor-
ing. Plot from [6].

Figure 3.4: Histogram Presenter used for offline data quality monitoring.
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Chapter 4

Physics detector diagnostics

T
he automatic histogram classification method proposed below can
learn to recognise strange or anomalous histograms that can be used

for monitoring purposes, on the basis of similarity to examples shown
previously. It is based on supervised learning: the user as a teacher can assign
a pattern category to each histogram, with labels indicating good events or
events having known anomalies. This allows further automatic classification
of a large number of events or histograms, without tedious human interven-
tion.

4.1 Problem statement

Histogram analysis algorithms that are provided by subdetector experts in-
clude checks for empty bins, ranges of entries, number of entries, holes and
spikes as well as calculation of averages. Moreover, fitting functions, scaling,
merging and division of histograms are possible as well. All of these algo-
rithms are explicitly defined by the expert, along with their input and output
parameters, such as the thresholds for alarms.

Another way to automatically obtain decisions about the quality of his-
tograms is by showing good and bad examples to the machine, in a bid to
be able to create a model accurate enough to be able to make a meaningful
classification decision.

15
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4.2 Histogram classification with supervised

training

Pattern classifiers are prone to be very sensitive to prior knowledge when
choosing features and models to be applied. Collected statistical data is
already in form of histograms, therefore any features of choice would need to
be derived from the properties of these histograms.

Straightforward properties of a one dimensional histogram are the bins
and their contents, directly yielding a feature vector. The extension to the
two dimensional case is less trivial, short of concatenating the columns or
rows of the two dimensional array, potentially resulting in undesirably long
feature vectors.

By assuming that two dimensional histograms are frequently used as
sensor-hit readouts from sensor arrays such as pixel detectors, a cluster based
approach is used. When some derived properties of the two dimensional his-
tograms are mapped to a much smaller one dimensional histogram, a more
compact feature vector can be obtained.

When two dimensional histograms are viewed as a representation of sensor
hits, the clustering of the hits can be taken into consideration by interpreting
the two dimensional array as a graph, where the vertices are the hits, and
the edges are the connections between these hits. By connecting all vertices
to each other, a complete graph is obtained.

By attributing the distance between the hit pixels to be the weight of the
edges in between the vertices, a minimum spanning tree can be constructed,
where the weighs are non-negative. A characteristic property of this mini-
mum spanning tree is the distribution of lengths of its edges. The distinctive
feature of this distribution can be illustrated by applying a cut on the length
of these edges. By removing inconsistent edges which are significantly larger
than the others, the full cluster, as covered by the minimal spanning tree
falls apart into smaller clusters, which are called natural clusters.

Figure 4.1 illustrates a two dimensional histogram, which is interpreted
as a hitmap. The hits are linked with a minimum spanning tree, having
an inconsistent edge. Figure 4.2 shows the distribution of the edge lengths.
By leaving out the longest edge, the cluster breaks into two smaller natural
clusters.

When only the unitary edge length is taken into account, in our case
pixels that can be found next to each other, the algorithm degenerates to the
nearest neighbour algorithm, which is frequently used in cluster analyses.
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The resulting feature vector for the example cluster can be easily read, by
simply looking at the number of entries in the consecutive bins in Figure 4.2.
The number of entries for each edge length category bin is:

[0 6 0 0 0 1 0 0 0 0 0]

In addition, the vector above can be prepended with the distance between
the centroid of the full cluster and the centre of the sensor array to have
information about locality of the cluster.

Subdetector experts can label histograms as positive or negative samples
for a given class of histograms during training phase.

Then these labelled training vectors can be used as inputs for a support
vector machine classifier [9]. Under certain conditions, this involves mapping
the input feature vectors to a higher dimensional feature space by a φ kernel
function, as illustrated in Figure 4.3. The stars and suns represent positive
and negative samples, which are to be separated with a hyperplane.
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4.3 Contributions

Contribution 3 I have developed a new method relying on supervised

training to perform the automatic classification of histograms to be used

for assessment in monitoring.

The method involves the following innovative elements:

3.1 Traditional histogram classification methods used in monitoring are

most often either visual evaluation by humans, or rely on explicitly coded

threshold values and algorithms to evaluate histograms. The new generic

histogram classification based on supervised machine learning combines

the two approaches: the user can show qualitative examples, even using

subjective selection criteria, and thereafter rely on quantitative evaluation

that can be performed automatically.

3.2 The generic method proposed can be directly applied to the widely

used one dimensional histogram type, like the ones produced by different

types of monitoring data sources.

3.3 I have extended this new histogram classification process to include

two dimensional histograms, thereby including a generic abstraction for

cluster based hitmap classification.

3.4 I have created a monitoring task based on the proposed novel method,

by implementing a pilot monitoring task for the LHCb experiment’s

Rich subdetector, and achieved at least 93% accuracy in distinguishing

normal from anomalous cluster-like events by training with examples.

4.4 Applications and further research

To illustrate the new method outlined above, a monitoring example is pre-
sented [k]. The LHCb detector is built from a combination of several sub-
detectors. One type is the Ring Imaging Cherenkov (Rich) detector, used
for particle identification. There are two Rich subdetector assemblies in the
LHCb detector: they are named Rich1 and Rich2. The Rich assemblies
contain panels of arrays of Hybrid Photon Detectors (HPD-s), a combina-
tion of a vacuum photo-cathode tube and a silicon sensor detector mounted
at the bottom, as shown in Figure 4.4(a). The patterns emerging from the
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silicon sensor readout are the subject of this event recognition study.

(a) Rich HPD photo (b) Rich HPD schematic

Figure 4.4: Rich Hybrid Photon Detector from [10]

The Rich principle used to identify particles relies on a hitmap readout
of the silicon sensor arrays. The silicon detector forms an array of 32×32
pixels, when used by LHCb.
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Figure 4.5: Anomalous ion feedback event as seen in the silicon sensor readout

Ion Feedback (IFB) events, such as the one shown in Figure 4.5 can be
attributed to the loss of vacuum in the cathode, due to the permeability of
the quartz entrance window (Figure 4.4(b)). This results in an increasing
number of residual gas molecules over time which are ionised, generating
photoelectrons peaking around the central axis of the tube. Therefore when
these electrons hit the silicon sensor chip, they cluster in the middle of the
HPD chip. An event containing a cluster of more than 4-5 pixels within
the illuminated area is classified as an anomalous ion feedback event by the
experts. In addition to normal and ion feedback events, other types of events
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exist, such as scattered and isolated individual pixels appearing randomly
not being produced by incoming light, known as dark count events. Normal
events, as read out from the silicon sensor, would only ideally contain ring
section(s).

The proposed general purpose histogram based clustering has been ap-
plied to this detector type, in order to be able to spot ion feedback events
by automatic classification of events, or patterns. There is no need to code
explicit rules, such as pixel count limits on the clusters as selection criteria
in source code. In this study, the subdetector expert did not tag a few his-
tograms according to their event type, but the currently used traditional ion
feedback detection algorithm was used to teach the classifier to recognise the
histograms.

The output of the supervised machine learning algorithm is benchmarked
using the currently used ion feedback event monitoring algorithm. The tradi-
tional specific IFB detection algorithm uses the nearest neighbour algorithm,
considering any cluster bigger than 5 pixels as an ion feedback event and was
set not take into account pixels that are diagonally adjacent. A total of 4,000
readout events were used from test runs done in February 2008, of which 299
were classified as ion feedback events by the current filtering algorithm. Re-
sults were validated via 5-fold cross validation using data containing 50%
positive and 50% negative, randomly mixed data samples.

The support vector machine based supervised classification method used
for automatic event recognition achieved 93.32% accuracy in recognising IFB
events. For comparison, the same data and evaluation method but using a
naïve Bayes based classifier (implemented using [11]) achieves 68.11% accu-
racy in predicting the classes.

It would be possible to potentially improve cluster recognition capability,
by further expanding the feature vector to contain information about the size
and number of clusters detected. Only the minimal link length between hits
and the offset of the centroid of the whole cluster hit have been implemented.

As suggested in a private communication, the method could also be ap-
plied to other detector readouts, for example to find tracks in the Muon

subdetector.
Finally, the last step of integrating a “teaching” button into the Histogram

Presenter (see Chapter 3) could be feasible, with the help of which the end-
user could conveniently and interactively label histograms with class tags
and flag examples of them.



Chapter 5

Physiological state diagnostics

O
scillation of the cerebral blood flow (CBF) is a common feature
of several physiological or pathophysiological states of the brain.

Therefore, it is of interest to identify the disorders of the cerebral cir-
culation based on characterisation and classification of patterns in CBF. For
this end, an artificial neural network based classification model is proposed.
To describe the temporal blood flow, the model uses spectral matrix based
feature vectors. The efficiency of the classification compares to the results
obtained by wavelet subband analysis used with a support vector machine
classifier, as described in [c,g].

5.1 Problem statement

Instability of the vascular tone occurs in various endothelial dysfunctions,
which result from pathological processes. The aim of the trial presented here
is to automatically characterise and classify cerebral vasomotion in experi-
mental conditions, i.e. diminished nitrogen monoxide (NO) production.

There are two important changes that can occur after NO synthase (NOS)
inhibition. One is an increase in vascular resistance, and therefore a decrease
in blood flow. The other is an oscillation in the tissue blood flow. Rhythmic
changes in the vessel diameter can be studied in isolated cerebral arteries.
When NO synthesis is blocked, the veins contract, change muscular tone and
exhibit vasomotion.

Measurements [12] of vascular tension were carried out in isolated rat
middle cerebral arteries (MCA) from the parietal lobe. The extent of vaso-
motion was measured by the Laser Doppler (LD) velocimetry of the blood
cells in isolated vessels.

Administration of (1 µg/kg iv.) drug U-46619 resulted in neither quan-
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titative nor qualitative changes in the cerebral blood flow. Injection of
L-Name, (100 mg/kg iv.), however, provoked oscillation at a frequency of
144±10 mHz, as it was determined by Fourier analysis. The subsequent
administration of U-46619 did not change the frequency of the oscillation
(144±11 mHz). The main aim of this study is to characterise and separate
the three conditions; initial state and states under L-Name and U-46619.
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Figure 5.1: Measured blood flow time series in three states in arbitrary units
(AU).

The three observed forms of CBF (Figure 5.1) have been classified (Fig-
ure 5.2) and characterised as follow:

• Normal blood flow, that does not exhibit low frequency oscillations
(LFO), referenced as class A;

• Slight oscillation after the administration of L-Name, a NO synthase
inhibitor reportedly evoking CBF oscillations, referenced as class B;

• More pronounced oscillation observed after the administration of throm-
boxane agonist drug, U-46619 for stimulating thromboxane receptors,
having the effect of also inducing low frequency oscillations, referenced
as class C.
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Figure 5.2: Feature map using data from [12], obtained with the Fourier
transform of the series shown in Figure 5.1. Normal blood flow is class
A (square), after administration of L-Name is class B (triangle) and after
administration U-46619 of is class C (disc).

While doctors can visually observe the different forms of cerebral blood
flow, it would be desirable to automatically distinguish the classes, in order
to avoid subjectivity and to be able to build a system, which is able to auto-
matically evaluate a large number of measurements. Therefore an attempt
has been made, by using an eigenvalue based characterisation [f] with spectral
analysis for feature extraction and an artificial neural network classification.

5.2 Cerebral blood flow classification

In order to obtain the feature vector values characteristic to the different
states, a spectral matrix can be derived from the time signal. By setting
a sliding window for the time, the eigenvalues of the resulting spectral ma-
trix can be calculated. The six highest values make good candidates to be
elements of the feature vector of a given signal.

The neural network nodes designed for the classification use a Gaussian
radial basis function. The number of the input nodes vary according to the
different feature vector lengths, seven nodes in the hidden layer, and two
nodes for the output layer to indicate a binary decision of membership to the
two classes.
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Several lengths of feature vectors have been fed to the classifier, producing
fewer misclassifications as the number of components of the input feature
vector increased. The output of the classifier was used as a pair of binary
flags indicating the class membership of the input sample.

The number of the samples is limited, so the dimension of the feature
vectors, as well as the number of nodes of the network had to be constrained.

5.3 Contributions

Contribution 1 I have developed a new approach to classify cerebral

vasomotion in experimental conditions for studies on the instability of the

vascular tone linked to several physiological or pathophysiological states

of the brain.

This approach consists of the following main novel elements:

1.1 Cerebral blood flow state characterisation feature vector is based on

spectral analysis of given time signals.

1.2 The new classification algorithm uses a 5 element feature vector as

input, and can be successfully used for classification with an artificial

neural network.

1.3 An automated diagnostic tool has been created based on the new ap-

proach. It has been applied to evaluate results from animal experiments.

5.4 Applications and further research

A fully automated diagnostic tool has been created using the approach pro-
posed for the classification of cerebral blood flow oscillations. The resulting
tool has been applied to evaluate results from animal experiments [a, b, c, d,
e].

The separation of the class A from both B and C has been carried out
successfully using feature vector elements derived from the measured signal.
However, classes B and C were not distinguished effectively due to the highly
overlapping regions, as seen on the feature map on Figure 5.2. Therefore, the
discrimination of the two low frequency oscillation classes, or cerebral blood
flow states needs further investigation.
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