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1
B A C K G R O U N D A N D R E S E A R C H G O A L S

The bulk of this research was carried out at the European Organization for Nuclear Re-
search (CERN) [1]. Today, CERN’s main vocation is the study of fundamental particles and
their interactions. For the most part, this investigation relies on creating particle collisions
in accelerators (machines), whose results are analyzed by particle detectors (experiments).
CERN’s most widely known machine is the world’s largest particle accelerator, the Large
Hadron Collider (LHC).

In general, particle accelerators are equipped with many systems allowing the obser-
vation of the particle beams [2], referred to by the umbrella term ‘beam instrumentation’.
They serve the purpose of operating, tuning and improving the machines, i. e. ‘beam
diagnostics’.

Beam loss monitoring (BLM) is a key element of beam instrumentation and diagnostics
at particle accelerators. It is intended to measure the particles lost from the beam: particles
deviating from their design trajectory and impacting upon the beam pipe. The main
roles of a BLM system are threefold:

damage prevention, i. e. avoidance of damage caused by beam losses to the compo-
nents of the accelerator or the detectors.

diagnostics with the intent to keep the radioactivity induced in the machines by
beam losses to a minimum.

luminosity optimization aimed at maximizing the number of collisions generated,
which requires long beam lifetimes.

At the time of this writing, a new, common BLM system is being installed and com-
missioned at the pre-accelerators of the LHC, collectively referred to as injectors. The
new BLM system must comply with demanding specifications to respond to the widely
varying characteristics and requirements of the injectors.

Beam loss monitoring plays a critical role in the machine protection and tuning
scheme at CERN. Accordingly, a continuous and comprehensive supervision of system
performance, particularly regarding the functionality of the analog signal chain, is
essential.

The main focus of this project was the design and implementation of a process
providing continuous surveillance of the entire BLM signal chain from the detector to the
processing electronics, as well as the measurement ability of the detector. Nonetheless,
several universally usable signal processing methods have also been obtained as a result.
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2
O R I G I N A L C O N T R I B U T I O N S

The BLM signal chain targeted by the project is shown schematically in Figure 2.1, assum-
ing the detector is an ionization chamber, which holds for many locations throughout the
new BLM system. The detector, powered by a high voltage power supply (HVPS), converts
the energy deposited in its volume by the particles crossing it into a measurable electrical
charge. This signal is digitized and further processed by the acquisition electronics.

From the perspective of a procedure aiming to ensure the correct operation of the
BLM system, beam loss events constitute an uncontrollable, non-deterministic external
disturbance. This project therefore concentrated on the analog signal chain consisting of
the HVPS, the detector, the analog front-end of the acquisition electronics and the cables
connecting them. My aim was not only to ascertain whether a connection exists between
the elements of the signal chain, but also to identify eventual degradations along the
chain as far as possible.

Data processing on the front-end and back-end cards of the new BLM system is based
on field-programmable gate array (FPGA) devices. Ideally, the processing related to
system supervision should also run on these FPGAs.

2.1 the zero crossing adaptive fourier analyzer

My initial measurements revealed that the operation of the high voltage power supply
(HVPS) results in a periodic parasitic contribution measurable by the BLM system. I
found detecting the presence of these signal components a very appealing option, since
it offered the possibility of implementing a non-invasive survey method, operating by
post-processing the digitized signal without external excitation or manipulation.

With a view to detecting the presence of these contributions, I adapted the Fourier
analyzer (FA) introduced by Péceli [3] shown in Figure 2.2 for efficient implementation
on an FPGA.

The frequency of the HVPS contributions exhibits a slow drift over time. Nagy described
a method to adapt the harmonic frequencies of the FA, thereby obtaining the adaptive
Fourier analyzer (AFA) [4], which makes it possible for the observer structure to follow

HVPS Ionization chamber
Acquisition

RadiationBeam losses
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Figure 2.1. Schematic depiction of the signal chain in a beam loss acquisition system, assuming
an ionization chamber as detector. The system survey procedure must target the
analog signal chain stretching from the HVPS through the detector to the acquisition
electronics.
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2.1 the zero crossing adaptive fourier analyzer 3

this slow drift. He suggested approximating the error in the frequency of the fundamental
channel as

ν1 − νr ≈
arg x̂1,n − arg x̂1,n−1

2π
, (2.1)

where arg x̂1,n is the angle of the fundamental channel value in time step n, while ν1 and
νr denote the fundamental frequencies of the signal and the FA relative to the sampling
frequency fs, respectively. Based on the frequency error obtained in (2.1), he proposed
updating the frequency of the fundamental channel by

∆f =
ν1 − νr
N

(2.2)

in each time step, where N is the deadbeat transient length of the initial Fourier analyzer.

2.1.1 The zero crossing-based adaptation scheme

The division required for calculating the phases in (2.1) is an expensive operation on
an FPGA. In order to avoid it, I suggest estimating the frequency error by tracking zero
crossings in arg x̂1,n. Two consecutive zero crossings in the same direction correspond to
a phase difference of 2π, thus if Nz such zero crossings are detected in a time interval tm,
the frequency error relative to the sampling frequency can be estimated based on (2.1) as

|ν1 − νr| ≈
(Nz − 1) 2π

tm fs

1

2π
=
Nz − 1

tm fs
. (2.3)

The resulting formula still contains a division. Nevertheless, fs is a constant, so it
being in the denominator is equivalent to multiplication by a constant. The division by
tm can be avoided by adapting the frequency whenever a pair of suitable zero crossings
has been acquired (Nz = 2) and creating a lookup table from the values of 1/tm.

2.1.2 Resource use

I implemented a functional spectral observer with zero crossing-based frequency adapta-
tion on an Altera Cyclone IV FPGA operating at 100 MHz. The implementation uses a
single processing channel to calculate all observer channels sequentially, and it requires
about 1300 logic cells and 21 9-kilobit memory blocks.
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Figure 2.2. Block diagram of the recursive observer introduced by Péceli [3].
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Figure 2.3. Example: frequency estimate with a noisy input signal yielded by the zero crossing-
based frequency adaptation method compared to some other adaptation schemes:
the “original” AFA [4] suggested by Nagy, the block AFA [5] and the robust AFA
[6]. The input signal is a sinusoid with linearly varying frequency from 29.95 kHz to
30.05 kHz, with white Gaussian noise at SNR = 20 dB, fs = 500 kHz. With this signal,
the “original” AFA produces a frequency estimate with fluctuations about an order of
magnitude higher than the block AFA, thus the former is omitted for clarity.

I estimated the resource use of an “original” AFA implementation, with the same
arithmetic, including a divider, on the same FPGA, at 2450–2800 logic cells and 12
9-kilobit memory blocks.

I concluded that the zero crossing frequency adaptation scheme may yield a saving in
FPGA logic cells on the order of 50 %, at the price of increased memory use.

2.1.3 Input sample rate

At 100 MHz using this FPGA architecture, the typical latency of the divider used in the
“original” AFA is about 15 clock cycles. As a result, a channel would require about 25–30
clock cycles to process an input sample.

If all observer channels were implemented in parallel, the structure with the zero
crossing frequency adaptation scheme could process a new input sample in roughly
15–20 clock cycles.

Accordingly, with the zero crossing-based method, an input sample rate gain of up to
50–100 % can be expected, at the price of increased FPGA resource use.

2.1.4 Behavior of the frequency estimate

The zero crossing-based frequency adaptation method only adapts the fundamental
frequency of the observer when the phase of the corresponding channel crosses zero.
This may reduce the influence of apparent frequency changes resulting from the noise
contaminating the input signal on the frequency estimate. Figure 2.3 shows an example
where the zero crossing adaptation method produces a considerably smoother frequency
estimate than some other frequency adaptation schemes suggested for the FA.
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2.2 modulation-based connectivity checking 5

2.2 modulation-based connectivity checking

I developed a modulation-based supervision scheme for the new BLM system designed
for the injectors. This method supersedes that in operation at the LHC [7], the current
best similar process I know of.

The signal chain used for the modulation is shown schematically in Figure 2.4. The
method I suggested relies on superimposing a swept-frequency modulation onto the DC
high voltage level at the HVPS, then detecting it downstream of the detector. The signal
generator and the detection logic both operate on FPGA devices.

Exploiting the favorable frequency response of the system, a short chirp excitation
with a maximum frequency on the order of 10–100 Hz is used. The excitation is enabled
and disabled in a way to avoid transients, and it is only present when there is no beam
in the machine, thus avoiding interference between the operational measurement and
the connectivity checks.

The resulting signal is acquired and digitized by the regular signal acquisition chain.
First, the baseline of the digitized signal is suppressed to eliminate transients that
might be caused by the following step. Next, a rectangular window is applied to the
signal to exclude potentially significant contributions resulting from the operational
measurement. The signal is then subjected to matched filtering, using the excitation
signal as template. Finally, a non-linear filter is applied to the output of the matched
filter: its peak value is detected in every period. The peak amplitudes and arrival times
are compared to acceptance windows established through calibration, and in case of any
violation, appropriate action is taken rapidly.

The acceptance windows were calibrated during operation in one of the accelerators.
The resulting limits are shown in Figure 2.5. Additional studies showed that the method
permits detecting a wide array of system failure cases.

The experience gathered up to the time of this writing indicates that the suggested
method is very well suited to the intended purpose, exploiting the advantages of the
targeted system and appropriately working around the difficulties it poses.

DC

+ HVPS

Ionization chamber

Detection
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Figure 2.4. Schematic view of the modulation signal chain.
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(a) Cross-correlation peak amplitude statistics and acceptance limits per channel. Channels with longer
cables (channels 1–8, 25–32) tend to show lower peak values with higher standard deviations. The
peak values obtained in disconnected channels (channels 33–36) are in a distinct, lower range.
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(b) Cross-correlation peak detection time statistics and acceptance limits per channel. Channels with
shorter cables (channels 9–24) tend to show lower times of detection with lower standard deviations.
In the disconnected channels (channels 33–36), the time of detection is unpredictable and is thus
omitted here.

Figure 2.5. Cross-correlation peak amplitude and detection time statistics with acceptance limits
in all operational channels at one of the accelerators. The error bars represent the mean
values and corresponding standard deviations per channel, with corresponding to
the extrema of the sample. represents the acceptance limits. The acceptance limits
shown in the plot were adjusted further with respect to the ones obtained based on
this acquisition.
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2.3 incorporating a pattern into the observer 7

2.3 incorporating a pattern into the observer

I carried out studies pertaining to detecting the presence of an arbitrary periodic pattern,
i. e. identifying a corresponding waveform, in a digitized data stream. I suggested novel
modifications to the Fourier analyzer with a view to improving detectability.

My initial aim was to have one channel of the modified structure generate samples
corresponding to the pattern at its output, with the intent to make this single observer
channel sensitive to the pattern.

Let us express the pattern in terms of its harmonic components, neglecting an eventual
DC offset, as

y (t) = A0
∑
i∈T

Ai cos [2π fi (t+∆t) +ϕi] , (2.4)

where the harmonics are indexed by T = {t1, t2, . . . , tm}. The frequencies fi, the ampli-
tudes Ai and the initial phases ϕi corresponding to each of the m harmonic components
are considered as given constants defining this waveform. The common amplitude scale
factor A0 and time lag ∆t are free parameters, which need to be estimated. Presence
detection may be based on the current value of A0. Since a common initial phase ϕ0 6= 0
would result in a different waveform not matching the pattern, it is omitted from (2.4).

The structures presented in this section were tested using

y (t) =
∑
i∈T

Ai cos [2π fi t+ϕi] , (2.5)

with T = {t1, t2, t3}, At1 = 1, ϕt1 = 0, ft1 = 3Hz, At2 = 3, ϕt2 = 1, ft2 = 6Hz, At3 = 0.7,
ϕt3 = 2, and ft3 = 12Hz. When used as noisy input signal, it is contaminated with
additive white noise, SNR = 10 dB.

2.3.1 Modeling the pattern

The template hn consists of the samples of the pattern y (t), acquired at the sample rate
of the digital data stream over an integer number of periods. It will be described using
a signal structure model (SSM) consisting of the complex amplitudes of its harmonic
components, thus prescribing the amplitude and phase relations characterizing the
pattern. The terminology SSM will also be used to refer to the corresponding observer
channels.

Let us consider a Fourier analyzer with N channels, and let us assume that the
harmonic components of the template are harmonics of the fundamental frequency of
the observer, f1 = fs/N, where fs is the sampling frequency. Let us furthermore assume
that the template and the input signal are real-valued.

Then, let T be the set of positive harmonic indexes contained in the template: T =

{t1, t2, . . . , tm}. Their respective complex amplitudes are wi = Ai e
ϕi , i ∈ T . Since

the template is real-valued and, with the omission of an eventual DC offset, the ci,n
coefficients of the FA, ci,n = e2πif0n, form complex conjugate pairs, the time function of
the template can be expressed as follows:

hn =
∑
i∈T

2×Re {wi ci,n} . (2.6)

All modifications suggested in the following need to be extended to the state variables
and coupling coefficients corresponding to the complex conjugate pairs of the relevant
channels.
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8 original contributions
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Figure 2.6. Incorporating the SSM by modifying the basis structure of the observer. The SSM
channels are indicated by the dashed gray box, but the complex conjugate pairs are
not shown. The modified c and g coefficients are highlighted by · ′.

By design, the FA channel sensitive to the pattern will produce a complex number: an
amplitude and a phase, in some way associated to the presence of the template in the
input signal. However, if the SSM channel had non-zero phase, this would correspond to
an additional common initial phase ϕ0 in all channels. As described earlier in Section 2.3,
this would result in a signal not matching the template. Accordingly, the SSM channel
should always have 0 phase. Its amplitude in the nth time step will be referred to as
Â0,n for all solutions suggested in the following, nevertheless, the way it is obtained
depends on the structure. In every case, we can expect Â0,n → A0/2 to hold.

If the template reconstructed by the modified observer and the pattern present in
the input signal of the structure are not synchronized, the calculation of the amplitude
estimate Â0,n may also be compromised. This can be remedied by determining an
appropriate value for ∆t and thereby synchronizing the two signals. The determination
of ∆t is not trivial. I suggest two methods to estimate it in Section 2.4.

2.3.2 Modifying the basis structure of the FA

The SSM can be included into the Fourier analyzer by modifying the basis vectors of the
observer, as illustrated in Figure 2.6.
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2.3 incorporating a pattern into the observer 9

I modified the coupling coefficients of channel t1 in such a way that the channel in
question generates the template on its own. To this end, I changed the corresponding
values of ci,n as follows:

c ′t1,n =
∑
i∈T

wi ci,n, ∀n, (2.7)

so that 2× Re
{
c ′t1,n

}
= hn. I left all other ci,n values unchanged. It should be noted

here that just like the initial ci,n sequences, c ′t1,n has a period of N samples in n.
Let the cT and g vectors be collected into the square matrices CT and G, respectively.

I calculated the g coupling vectors yielding a deadbeat observer corresponding to the
modified ci,n values as G =

(
CT

)−1 [3]. The only g vectors whose values change are
those contained in the SSM.

The behavior of x̂ ′t1 is controlled by the harmonic component t1 alone, with the other
SSM harmonics having no influence on it.
Â0,n =

∣∣x̂ ′t1,n
∣∣ does not depend on whether the template is synchronized to the input

signal, however, the output of the SSM channels does. Channel t1 only produces the
template at its output if ϕ̂t1,n = 0. Nevertheless, since the observer is deadbeat, the
correct reconstruction of the input signal at the output ŷn is still ensured.

An example output waveform is shown in Figure 2.7.

2.3.3 A new basis for the subspace of the SSM

In order to turn the structure in Figure 2.6 into a deadbeat observer where all harmonics
of the template contribute proportionally to channel t1, I transformed the corresponding
columns of the CT matrix calculated in Section 2.3.2 into an orthogonal set while keeping
the direction of the column vector corresponding to t1.

For the orthogonalization, I resorted to QR decomposition by the modified Gram-
Schmidt process [8, Sec. 7.2]. The leftmost columns of the Q matrix thus obtained are a
set of orthonormal vectors that span the subspace of CN corresponding to the SSM, and
the first one is parallel to the basis vector generating the template calculated based on
(2.7). I scaled the newly obtained orthonormal basis vectors by

∑
i∈T |wi|

2 so they match
the norm of the basis vector calculated in (2.7), and copied them into CT . I obtained the
corresponding g coupling vectors yielding a deadbeat observer as G =

(
CT

)−1. It can
be shown that the coupling coefficients of channel t1 can be expressed as

g ′t1,n =
1∑

i∈T |wi|
2

∑
i∈T

w∗i gi,n, ∀n, (2.8)

where ·∗ is the complex conjugate operator.
The resulting observer is convergent with deadbeat settling, and the SSM harmonics are

represented in channel t1 proportionally to their weights wi. The orthogonal channels in
T carry information about the error of the SSM, that is, any deviation from the template
in the corresponding frequency channels.

The amplitude estimate Â0,n =
∣∣x̂ ′t1,n

∣∣ and the reconstructed signal at the output
of t1 both depend on the synchronization between the template and the input signal.
Nevertheless, since the observer is deadbeat, the input signal is reconstructed correctly
in ŷn.

An example output waveform can be seen in Figure 2.8. This solution produces a
smoother estimate than the previous version.
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(a) The input signal of the observer is the template without noise.
∣∣∣x̂ ′t1,n

∣∣∣ converges to 0.5 and the
other channels reach 0 in a deadbeat manner, as expected.
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(b) The observer is fed with the template contaminated with additive white noise. After convergence,∣∣∣x̂ ′t1,n

∣∣∣ has values around 0.5, while the other channels are in the vicinity of 0, as expected.

Figure 2.7. Example waveforms of the state variables of the deadbeat observer with one channel
generating the template obtained by modifying the basis vectors. The template matches
y (t) from (2.5).
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2.3 incorporating a pattern into the observer 11
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Figure 2.8. Example waveforms of the state variables of the deadbeat observer obtained using
QR decomposition. The template corresponds to y (t) in (2.5), and the input signal
is the noisy version. This observer produces smoother estimates than the previous

solution.
∣∣∣x̂ ′t1,n

∣∣∣ converges to 0.5, the orthogonal channels yield almost exactly 0 after
the initial transients, and the DC component also fluctuates in the vicinity of 0, which
agrees with the expectations.

2.3.4 Overcomplete representation

The SSM may be used in overcomplete representation, by adding observer channels
realizing the SSM in parallel to a standard Fourier analyzer, as shown in Figure 2.9.

The SSM block may consist of a complex conjugate channel pair, with the ci,n co-
efficients defined by (2.7) and the gi,n coefficients by (2.8). It may also implement all
modified orthogonal channels obtained by QR decomposition as described in Section 2.3.3.
In the latter case, I experienced slightly improved performance in the SSM. In either case,
Â0,n =

∣∣x̂ ′t1,n
∣∣.

If the SSM channels are included in the feedback loop of the FA (Figure 2.9, ), the
signal structure harmonics are coupled into both the FA and SSM channels. In this case,
the channels may converge to amplitudes not matching the expected values.

In contrast, if the SSM is fed directly with the input signal (Figure 2.9, ), it is going to
operate independently from the FA. It is going to exhibit less advantageous convergence
properties than a complete observer structure, however, my simulations suggest that it
will still tend to converge. Since the output of the SSM is added to the feedback path, it
is going to be suppressed in the original FA structure. If the SSM implements a single
channel, the FA is going to measure the difference between the output of the SSM and
the input signal, thus giving a measure of its error in the channels belonging to the SSM.
However, if the SSM implements all orthogonal channels, all harmonic components of
the template are going to be suppressed in the FA, regardless of whether they match the
SSM.

Similarly to the implementation presented in Section 2.3.3, the SSM is going to be
sensitive to the synchronization between the input signal and the template.

Figure 2.10 shows an example output waveform.
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ŷn

−

e ′n

x̂ ′
t1,n

x̂ ′
tm,n

−
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Figure 2.9. Overcomplete representation: adding observer channels implementing the SSM in
parallel to a Fourier analyzer. The SSM channels are highlighted by the dashed gray
box, but their complex conjugate pairs are not shown. The SSM may be included in
the common feedback loop ( ) or it may be fed directly by the input signal ( ),
with its output fed back onto the input of the FA.

2.3.5 The “post” SSM

The “post” SSM structure illustrated in Figure 2.11 aims to give an amplitude estimate
Â0,n by post-processing the state variables of a standard, unmodified Fourier analyzer.

Using Â0,n and ∆tn, the expected complex amplitude of the ith SSM harmonic in the
nth time step can be expressed as follows:

x̂i,n = Â0,nwi e
2πfi∆tn , ∀i ∈ T , (2.9)

where wi = Ai eϕi , ∀i ∈ T as defined in Section 2.3.1, and fi is the frequency of the ith
harmonic component.

Assuming ∆tn to be known, the optimal value for Â0,n in the least squares sense is
the one that minimizes the following expression:∑

i∈T

∣∣Â0,nwi e
2πfi∆tn − x̂i,n

∣∣2 . (2.10)

The minimizer of this quadratic function is

Â0,n =

∑
i∈T Ai |x̂i,n| cos (ϕi + 2πfi∆tn − ϕ̂t1,n)∑

i∈T A
2
i

. (2.11)
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Figure 2.10. Example waveforms of the state variables of the overcomplete observer with a
parallel SSM containing a single channel. The SSM is fed directly by the input signal
(Figure 2.9, ), thus it is independent from the parallel FA. The template matches
y (t) in (2.5), and the input signal of the observer is identical but contaminated with
additive white noise. Notice how all channels except DC start converging to non-zero
values, only to be suppressed by the SSM around 1 s. The SSM channel converges to
0.5 as expected.

The result is an acceptable estimate in Â0,n, as demonstrated in Figure 2.12. The
expected complex amplitudes of the SSM harmonics can then be calculated using (2.9),
which can be compared to the measured values of x̂tm,n to reveal in-band disturbances
not matching the structure of the pattern.
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Figure 2.11. “Post” SSM: Â0,n is calculated from the state variables of a normal Fourier analyzer.
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Figure 2.12. Example waveforms of the state variables of the “post” SSM. The template and the
input signal are synchronous, thus ∆t ≡ 0 in (2.11). The template corresponds to
y (t) in (2.5), and the same signal with additive white noise is the input signal of the
observer. The

∣∣x̂ti,n
∣∣ channels converge to the values expected based on (2.5). Â0,n

also yields its expected value of 0.5, however, the resulting waveform is smoother
than the other channels.
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2.4 time-variant cross-correlation filtering

If the aim is maximizing the signal-to-noise ratio in signals subject to stationary additive
white noise, the matched filter has been shown to be the optimal linear time-invariant
(LTI) filter [9]. I studied ways to rethink this well-known principle with a view to
improving its capability to detect periodic patterns even further, by relaxing some of the
restrictions imposed on the behavior of the filter. I suggested methods to implement the
synchronization required by the structures obtained.

2.4.1 Cross-correlation with a time-variant template

A matched filter can be defined as the cross-correlation of the input signal yn and the
periodic template hn of N samples as

vn =

N−1∑
l=0

h(l+1) modN yn+l−(N−1), (2.12)

replacing the usual convolution equation by a cross-correlation formalism, which I will
also follow in the upcoming equations.

The linear time-variant (LTV) filter

xn =

N−1∑
l=0

h(n+l+1) modN yn+l−(N−1), (2.13)

or its equivalent recursive realization (assuming yn ≡ 0 for n < 0)

xn = xn−1 + hn modN (yn − yn−N) , (2.14)

the principle of which has been suggested previously [10, Sec. 5.2], yield the same result
as (2.12) if n = m×N, m ∈ Z. Moreover, if the pattern to detect is a periodic signal, they
maintain a constant alignment between the input signal of the filter and the template.
Accordingly, these filters yield the same point of the cross-correlation function in every
time step. If the input signal and the template are synchronized, this corresponds to the
maximum of the function.

The recursive LTV filter (2.14) can be implemented using the structure shown in
Figure 2.13, with a significantly lower computational complexity than the other two.

This recursive filter is stable: the contribution added in step n is exactly equal to
the contribution subtracted N steps later. In case of a fixed point implementation, this
ensures correct operation as long as there is no overflow condition. In a floating-point
realization, however, the filter is prone to accumulating numerical errors. If required, this
can be mitigated by periodically resetting the filter.

z−N

+

hn mod N

× z−1

1−z−1

yn

−
xn
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Figure 2.13. Block diagram of the recursive LTV filter presented in Section 2.4.1. The structure
shows a great deal of similarity to a moving average filter.
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2.4.2 Synchronizing the time-variant filter

By extending the recursive filter (2.14) to a filter bank, the best alignment between the
input signal and the template can be identified. The filter bank realizes all possible
alignments simultaneously, thus it consists of N filter instances. It is expressed as:

xn,k = xn−1,k + h(n+k) modN (yn − yn−N) , (2.15)

with 0 6 k < N, where k is the index of the filter in the filter bank.
After convergence, channel l, the filter bank channel best synchronized to the input

signal can be identified based on the highest filter bank output value. Clearly, this is
sensible only if the output value of this channel indicates the presence of the pattern.
Once the synchronous channel has been selected, all remaining channels in the filter
bank may be deactivated and channel l can operate as a synchronized recursive LTV
filter.

If the alignment between yn and hn is expected to be constant, the extra channels
in the filter bank may be deactivated permanently after a successful synchronization.
Otherwise, periodic recalibration may be required. In case the alignment is supposed to
have a slow drift, some neighbors of the operational channel – e. g. channels l− 2, l− 1,
l+ 1 and l+ 2 in the filter bank – may be kept in operation. If one of these channels
systematically produces a higher output value than channel l, the former can become
the operational channel, thus maintaining synchronicity.

The realization of the filter bank can be scaled broadly to suit the available computing
resources and the requirements of the application.

2.4.3 FA-based realization

The recursive LTV filter presented in Section 2.4.1 can be realized efficiently starting from
a Fourier analyzer, and this realization also gives rise to orthogonal observer channels
carrying relevant information. This realization is presented in the following.

Let us consider the modified FA presented in Section 2.3.3. The c coupling coefficients
of template channel t1, given in (2.7), are

c ′t1,n =
∑
i∈T

wi ci,n, ∀n, (2.16)

thus the modified channel generates the template at its output: 2×Re
{
c ′t1,n

}
= hn. The

corresponding g coupling vector for channel t1 is

g ′t1,n =
1∑

i∈T |wi|
2

∑
i∈T

w∗i gi,n, ∀n, (2.17)

where ·∗ is the complex conjugate operator.
In the case of the FA, gi,n = 1

N c
∗
i,n [3]. Accordingly, it follows from (2.16) and (2.17)

that the real part of the modified g coupling vector is proportional to the initial template:
Re
{
g ′t1,n

}
∝ hn. Since the modified observer described in Section 2.3.3 is deadbeat, the

above imply that this observer produces the output of the recursive LTV filter in (2.14),
i. e. Re {x̂t1,n} ∝ xn.

Since the row vectors of G are orthogonal, Re {xi,n} , t ∈ T , t 6= t1 is going to contain
the cross-correlation of the input signal with a signal containing the same harmonics
but orthogonal to the template. The values of Im {xt1,n} and the orthogonal channels
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mentioned earlier can then be used to assess the “goodness” of the recursive LTV filter
output value Re {xt1,n}: high amplitudes in the orthogonal channels hint at the presence
of significant signal components not matching the structure of the template in the
frequency bands of interest.

If the coupling coefficients of the recursive observer are set up for deadbeat settling,
the structure reconstructs the input signal perfectly at its output with a delay of N
samples. In other words, the transfer function of the observer in Figure 2.2 from yn to
ŷn is HP = z−N in this case [11, Sec. 3.3.1]. As a result, any channel of the observer can
be realized on its own without implementing the rest of the structure, in a form similar
to the recursive LTV filter shown in Figure 2.13.

Implementing the channels in T only may be an interesting option to obtain the
relevant values at a reduced computational cost. Moreover, the output coupling stage
using the ci,n coefficients may also be omitted in case the reconstruction of the signal
components generated by the channels is not required. Such an implementation, however,
is prone to the numerical problems described in 2.4.1. Implementing the entire observer
in a feedback structure gives increased resistance to roundoff errors at the expense of
higher computational complexity.

Naturally, the aspects related to synchronization between the template and the input
signal also apply in this case. The synchronization method based on a filter bank
described in Section 2.4.2 is still usable, and another solution is suggested in Section 2.4.4.

2.4.4 Synchronization in the modified FA

In the following, I propose a way to estimate the time lag ∆tn between the coefficient
sequence gt1,n and the input signal yn. Then, the two can be synchronized by compen-
sating ∆tn. The suggested algorithm uses the state variables of an unmodified Fourier
analyzer corresponding to the SSM harmonics (see Section 2.3.1). As mentioned earlier
in Section 2.4.3, these channels can be realized on their own without implementing the
entire structure.

The phase measured in the ith channel (i ∈ T ) of the regular Fourier analyzer in time
step n is the following:

ϕ̂i,n = ϕi + 2π fi∆tn − 2πni,n, (2.18)

where ϕ̂i,n = arg x̂i,n, ϕi = argwi is the phase of the ith harmonic of the template and
fi is the absolute frequency of the harmonic. The state variables of the FA are complex
numbers, thus the phase information they contain is to be interpreted mod2π, which is
accounted for by the term 2πni,n. The estimate for ∆tn based on channel i is then

∆ti,n =
ϕ̂i,n −ϕi + 2πni,n

2π fi
. (2.19)

The problem is that the value of ni,n is unknown. Nevertheless, all channels in T must
yield the same value for ∆tn, thus ∆tn = ∆tt1,n = ∆tt2,n = . . . = ∆ttm,n. Then, going
from ∆tt1,n = ∆tt2,n to ∆ttm−1,n = ∆ttm,n, a system of m− 1 Diophantine equations
with m integer variables ni,n can be obtained:

1/2π

[
fti
fT

(
ϕ̂ti+1,n −ϕti+1

)
−
fti+1
fT

(ϕ̂ti,n −ϕti)

]
=
fti+1
fT

nti,n −
fti
fT
nti+1,n, (2.20)

where fT = 1/TT is the reciprocal of the period of the template, thus each fti/fT is an
integer.
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There are integers on the right-hand sides of each Diophantine equation, therefore
I suggest rounding every left-hand side to the nearest multiple of gcd (fti/fT , fti+1/fT),
which reduces the effect of noise in the measurements. The system of equations can be
solved using the method described in [12], for example. This algorithm does not require
matrix inversion. Moreover, it has the interesting property that it produces a solution
even if not all equations are consistent, but some of the resulting values are not going to
be integers in this case.

By substituting the ni,n values thus obtained into (2.19), m estimates for ∆tn are
generated. Those corresponding to non-integer values of ni,n should be discarded. If we
chose one of the remaining ∆ti,n values, we could use it to synchronize the observer to
the input signal by shifting the gi,n (and, if desired, ci,n) coefficient vectors accordingly.
As the resolution of the ∆ti,n values exceeds that of the sampling grid, shifting by this
exact value would require interpolation between the coefficient values.

Interpolation can be avoided altogether by finding the best sample number offset
on for the coefficient vectors on the basis of the ∆ti,n values obtained earlier. This
corresponds to selecting the nearest channel of the filter bank (2.15). The best sample
number offset calculated from ∆ti,n is

oi,n = b∆ti,n fSe , (2.21)

where fS is the sampling frequency and b·e is the nearest integer operator.
I suggest the following algorithm to find on:

clustering : Create all possible clusters of channels using a greedy algorithm.

scoring : To each cluster, assign the number of integer ni,n values belonging to the
cluster if all corresponding oi,n values are the same, −1 otherwise.

finding the optimum : Find all clusters with the highest occurring score. For each of
these, choose the member channel with the highest design amplitude |wi|. Among
these channels, find the one with the highest |wi|. The corresponding oi,n becomes
on.

The state variable update equation can now be rewritten as

x̂i,n = x̂i,n−1 + gi,(n+on) modN yn − gi,(n+on−N) modN yn−N, (2.22)

using the notation of Figure 2.2. This equation is structurally different from (2.14) since
it includes the variation of the gi,n coefficients due to the synchronization.

The algorithm presented above is computationally intensive. The resulting overhead
may be mitigated as follows:

• If ∆tn is not expected to drift, calculating it once at an appropriately chosen point
in time is sufficient.

• If ∆tn is expected to drift slowly, calculating it sporadically may be sufficient.

• The latest value for on may be used as a baseline for the following calculations.
Equation (2.19) can be evaluated for the channel chosen as optimum in the preced-
ing step, reusing the previous ni,n value. If the value given by (2.21) is different
from the current on, the whole calculation must be repeated.
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2.4.5 Illustration

The functionality of the modified observer presented in Section 2.4.3 complemented by
the synchronization method based on Diophantine equations described in Section 2.4.4
is illustrated in Figure 2.14.

The input signal is

y (t) =


∑3
i=1 Re

{
wti e

2πftit
′
}

if 0 6 t < 3∑3
i=1 Re

{
(wti + dti) e

2πftit
′
}

if 3 6 t < 7∑3
i=1 Re

{
dti e

2πftit
′
}

if 7 6 t < 10

, (2.23)

with wt1 = 3 e1, wt2 = 1, wt3 = 0.7 e2, dt1 = 0, dt2 = 3 e
π/2, dt3 = 2.5 e(2−π/2),

ft1 = 6Hz, ft2 = 3Hz, ft3 = 13Hz and t ′ = t+ 0.237 s. The sampling rate is 1 kHz.
The wti components represent the useful signal, while the dti components play the

role of an additive in-band disturbance starting at t = 3 s. The useful signal is switched
off at t = 7 s. Accordingly, after t = 3 s, the input signal still consists of the same
frequency components but their amplitude and phase relations no longer match the
template. The detection algorithm should identify this situation as problematic. The test
signal contains additive white noise, SNR = 20 dB.

As shown in Figure 2.14, after the transients decay, the additive disturbance has a
negligible influence on the value of Re {x̂t1,n} while the useful signal and the additive
disturbance are both present, but the mismatch is indicated clearly by the orthogonal
channels.
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(a) Channel amplitudes yielded by the modified observer using the synchronization method relying
on Diophantine equations. After the disturbance is enabled at t = 3 s, Re {x̂t1,n} converges back
to its previous value. Nonetheless, the orthogonal channels indicate the discrepancy between the
template and the input signal, even after the useful signal disappears at t = 7 s.
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(b) Time lag between the template and the input signal, measured with the algorithm based on
Diophantine equations. The gi,n coefficient values used in the next iteration are chosen based on
the value of the time lag. Notice that the measured time lag converges back to the correct value
after the disturbance is turned on. This is because the disturbance has no component in the channel
with the highest |wi| (see Section 2.4.4 for the description of the algorithm).

Figure 2.14. Response of the modified observer (see Section 2.4.3) to the input signal presented in
Section 2.4.5. The solution based on Diophantine equations described in Section 2.4.4
is used for synchronizing the template and the input signal.
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N E W S C I E N T I F I C S TAT E M E N T S

statement 1 I developed a resource-efficient frequency adaptation method for the adaptive
Fourier analyzer (AFA), which can be implemented economically on an FPGA.

1.1 I proposed a novel frequency adaptation method for the AFA, which is based
on the zero crossings of the phase function.
The method is presented in Section 2.1.1 and the frequency error estimate is given in
Equation 2.3.

1.2 I gave an estimate for the possible reduction in resource use with zero crossing-
based frequency adaptation in a serialized FPGA implementation compared
to an “original” AFA.
The estimate is given in Section 2.1.2.

1.3 I gave an estimate for the possible increase in sampling frequency with zero
crossing-based frequency adaptation in a parallelized FPGA implementation
compared to an “original” AFA.
The estimate is given in Section 2.1.3.

1.4 I demonstrated that the zero crossing-based frequency adaptation method may
yield a smoother frequency estimate function than several other frequency
adaptation methods suggested in the literature.
The demonstration is given in Section 2.1.4 and Figure 2.3.

related publications : [J2], [J3], [C3]

[ FINAL VERSION – August 3, 2018 at 14:48 ]

statement 2 I suggested novel ways to detect a pattern in a signal.

2.1 I presented a way to incorporate the structure of a periodic pattern as a signal
structure model (SSM) into a Fourier analyzer (FA) by modifying its coupling
vectors. The resulting structure exhibits deadbeat settling behavior. In this
case, not all SSM harmonics are coupled into the channel implementing the
SSM. In comparison to a detection method based on matched filtering, this
structure has the advantage of providing the output estimate at any time.
The structure is described in Section 2.3.2 and shown in Figure 2.6.

2.2 I orthogonalized the composition side basis vectors of the FA belonging to the
SSM by QR transformation, with respect to the vector representing the SSM.
By generating the corresponding decomposition side basis vectors, I gave an
alternate deadbeat observer realizing the SSM, which also contains orthogonal
SSM channels allowing the detection of in-band disturbances not matching
the structure of the pattern.
The structure is described in Section 2.3.3 and shown in Figure 2.6.
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2.3 I proposed an overcomplete representation of the SSM, where several channels
realizing the SSM operate in parallel to a regular FA structure. In the resulting
observer, the FA channels may be used to measure the difference between the
signal reconstructed by the SSM and the input signal.
The structure is described in Section 2.3.4 and shown in Figure 2.9.

2.4 I suggested the “post” SSM, where an amplitude estimate for the SSM is
calculated based on the state variables of a normal FA. An acceptable estimate
can be obtained without modifying the original structure.
The structure is described in Section 2.3.5 and shown in Figure 2.11.

related publications : [C1], [C2]

[ FINAL VERSION – August 3, 2018 at 14:48 ]

statement 3 I presented methods to synchronize the input signal and the periodic template of
certain filters and/or observers aimed at the detection of periodic signals.

3.1 I suggested setting up a filter bank from multiple recursive cross-correlation
filter channels, usable to synchronize the input signal and the template. The
method can also be extended to Fourier analyzer-based filters.
The synchronization method is described in Section 2.4.2 and Equation 2.15.

3.2 I presented a method based on solving Diophantine equations to ensure syn-
chronization between the input signal and the template of a Fourier analyzer-
based filter.
The synchronization method is described in Section 2.4.4.

related publications : [J1]
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A P P L I C A B I L I T Y A N D O U T L O O K

As part of an attempt to develop a non-invasive system supervision functionality for the
new beam loss monitoring system at CERN, in Section 2.1, I introduced a novel resource-
efficient zero crossing-based frequency adaptation method for a Fourier analyzer. Aside
from the use I originally intended it for, this method is applicable universally in any
context when the use of an adaptive Fourier analyzer is desirable and the overhead
related to frequency adaptation needs to be reduced. Potential use cases may include
active noise cancellation, harmonic analysis in power systems and vibration studies in
mechanical systems.

The recursive time-variant filter I presented in Section 2.4.3 also provides a more
efficiently implementable alternate solution whenever a matched filter is used to detect
the presence a periodic component in a signal. Moreover, its orthogonal channels give it
the ability to detect additive in-band disturbance. It is particularly suitable when a priori
information is available regarding the arrival time of the expected periodic component,
otherwise the synchronization methods I described in Section 2.4 can be used. It may
find use in measurements where a periodic excitation signal is used, for instance in
transmissometry, reflectometry and repeated signal transit time measurement.

4.1 future possibilities

I think it would be worthwhile to further investigate the recursive filter presented in
Section 2.4.3. An analytical study of the orthogonal channels would give more insight
into their operation and it might allow extracting quantitative information instead of
the qualitative way I suggested using them. It should also be possible to extend the
principle to a multidimensional filter, which might allow reusing it in image processing
applications, for example.
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