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Abstract

In high event rate detection systems, signal processing must simultaneously pro-
vide fast response and robustness against noise. This requirement is particularly
critical in high-energy calorimeters operating in modern collider experiments
such as those at the LHC. In such condition, the presence of pile-up intro-
duces non-Gaussian components into the noise, degrading the performance of
conventional reconstruction algorithms that assume Gaussian statistics. For the
non-Gaussian case, an optimal estimation can be obtained using a Maximum
Likelihood Estimator (MLE) based on the joint probability distribution of the
multivariate noise. However, in practical systems the correct joint distribution is
generally unknown and difficult to model. In this work, we propose an approach
that circumvents this difficulty by first applying Independent Component Anal-
ysis (ICA) as a pre-processing step to pursuit a representation in which the noise
mutual information is minimized. In this transformed basis, the joint probabil-
ity can be factorized into a product of marginal probability density functions,
enabling a tractable MLE formulation. The proposed ICA 4+ MLE framework
allows the implementation of likelihood-based estimators even in the presence



of strongly non-Gaussian noise. Simulation results using calorimeter-like signals
show that the pre-processing step effectively reduces the noise mutual informa-
tion, leading to performance improvements up to approximately 10% and 50%
in terms of estimation error and KL divergence, respectively, with respect to the
typical Gaussian MLE approach.

Keywords: Signal Estimation, Statistical Signal Processing, Maximum Likelihood
Estimator, Independent Component Analysis, High-Energy Calorimetry

1 Introduction

Modern scientific experiments are commonly designed to cope with high-rate event
conditions, where an enormous amount of data is produced in very short time inter-
vals [1-3]. For instance, in the field of particle physics, accelerators generate millions of
collisions per second, and systems must rapidly identify meaningful signals hidden in a
flood of background events [4, 5]. These complex facilities are comprised of experiments
that aim at exploring the structure of the sub-atomic particles, in the search for new
particles and physics processes [6, 7], such as the discovery of the Higgs boson, which
explains how elementary particles gain their mass [8]. To this end, such experiments
are constantly increasing their capacity, pushing both detectors and data-acquisition
systems to their limits [9, 10].

One key system present in such complex high-energy physics experiments is the
calorimeter [11], where the energy of the particles produced by the collision is absorbed
and sampled for further signal processing [12]. These high-energy calorimeter systems
are typically highly segmented, comprising thousands of readout channels that produce
a response at every particle collision [13, 14].

In high-rate and high-luminosity operation, such as currently seen in the Large
Hadron Collider (LHC) facility [5], the calorimeter channel response may be affected
by the so-called pile-up, where signals from adjacent collision are collected within the
same readout channel. This effect occurs due to the calorimeter response, which is
typically shorter in time (roughly 150 ns) than the event period (25 ns, for example,
in LHC experiments) [15] and is expected to increase in future LHC operation. As a
result, undesired signals are superimposed, introducing nonlinear components to the
noise and leading to suboptimal performance of digital energy reconstruction methods,
which typically consist of linear filters designed for Gaussian noise [16].

Therefore, these algorithms based on linear filtering handle the noise uncertainties,
including the signal pile-up, by using the noise correlation information in the opti-
mization procedure that computes the set of weights to be used for signal estimation
(amplitude, phase and pedestal) [17]. Hence, such approaches access only part of the
noise information (mean and variance) regardless of whether high order statistics are
present or not in the mutual information [18, 19].

In this context, since mutual information captures any kind of dependency, not just
simple correlations, this work proposes a pre-processing step based on a linear transfor-
mation that aims to minimize the mutual information between the signal time samples



acquired from the calorimeter front-end electronics using the Independent Component
Analysis (ICA) method [20, 21]. This is particularly interesting when designing dig-
ital filters, as the energy estimation performance increases when the complete noise
information is minimized.

Moreover, to perform the energy estimation task, a Maximum Likelihood Estima-
tor (MLE) [22] approach is proposed using signal calorimeter readout time samples
pre-processed by the ICA method. Therefore, the goal from this paper is two fold: to
minimize the mutual information from the noise and to design an energy estimation
method for computing the energy from the pre-processed signals. Furthermore, the
proposed combined ICA + MLE approach avoids computationally expensive opera-
tions such as evaluating analytical nonlinear functions or performing matrix inversions.
For online applications, this is a major aspect to consider, as the energy compu-
tation must meet the strong timing constraints typically imposed by the trigger
systems [23, 24]. For comparison purposes in terms of energy estimation, the Optimal
Filter method [17, 25, 26], which is currently employed in modern calorimeter systems,
and a signal deconvolution approach [27] are used, as they have been applied in real
collider experiments [28].

In the next section, noise modeling is assessed, envisaging to quantify the non-
Gaussian components present in it. In Section 3, the strategy of using the ICA as a
pre-processing step followed by a MLE method is described. Section 4 presents the
results for simulation data sets comprising different operating conditions, comparing
the performance achieved from the proposed approach and typical algorithms cur-
rently in use in modern experiments. Finally, Section 5 outlines the final remarks and
conclusions, highlighting the main contributions achieved and potential future work.

2 Calorimeter Readout Signals

In order to sample the energy from the particles produced in the collisions, a calorime-
ter system must be built to collect and process this information. The calorimeter is
designed to fully or partially absorb the energy of a given interaction process [11].
For example, to absorb the energy from a charged particle such as an electron, the
particles ionize the material (a liquid argon, for instance), producing a measurable
electric current, which can be further processed. On the other hand, particles that do
not interact in an electromagnetic manner, other approaches may be considered such
as scintillating plastic tiles intercalated with iron plates, where the particles produce
light proportionally to the energy deposits when crossing the system. The light is then
converted into electric signals for further analog processing, such as amplification and
shaper steps [12].

Regardless of the approach chosen, the information from a particle interaction
with the calorimeter is commonly processed in a way that the signal output is stable
and presents a well defined shape. The amplitude of the shaped pulse (unipolar or
bipolar) is supposed to be proportional to the energy deposited within the calorimeter
readout channel [29-31]. The stability of such pulses may also be affected by electronics
aging or miscalibration, which can cause phase shifts and deformation of the original
shaped pulse. Additionally, although the width of the shaped pulse is defined in order



to minimize the signal pile-up on the tails of preceding pulses, the signal pile-up
becomes unavoidable in the case of high-event rate and high luminosity experiments.
Finally, the fast analog signals are converted into digital samples with a given sampling
frequency, and a window of a certain number of time samples representing the entire
pulse (or partially) is read out for every event. These samples are used to estimate the
parameters of interest, such as the amplitude and time of the incoming digital signals
for a given calorimeter readout channel. These parameters are propagated to complex
trigger systems that select the signals to be stored for offline event reconstruction
which comprises the physics analysis.

In high rate and high luminosity experiments, the calorimeter signal processing
chain can be affected by multiple pulses arriving at the same readout cell within short
time intervals. In the case where the event period is smaller than the time required
to produce the complete response signal, a same readout cell can receive multiple
signals that originate from different collision events, distorting the readout pulse shape.
As a result, apart from the typical Gaussian noise from the electronics components,
the adjacent signals introduce non-Gaussian components to the noise, degrading the
performance of linear methods that estimate the amplitude and time of the response
signal [16]. The signal pile-up effect is illustrated in Figure 1, where an additional
signal is read out 50 ns after the event of interest.
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Fig. 1: Example of signal pile-up effect, where an additional pulse (in red) coming
from another collision is read out within a same window of the signal of interest (in
black), producing the distorted signal (in blue). Extracted from [16].



3 Proposed Methodology

In the next sections, some preliminary concepts regarding the MLE approach, mutual
information, and ICA, are described. These concepts are fundamental to finally develop
the proposed method, presented in Section 3.4.

3.1 MLE approach

MLE is based on estimators that use maximization of certain probability functions
to estimate the parameter of interest. The function is chosen according to the prob-
lem that needs to be solved and the data that must be analyzed. Once one has the
related distribution, various methodologies can be applied in order to achieve the
maximization and estimate the value of the interest parameter that provides it.

Mathematically, this reasoning can be written starting by the likelihood function,
as in Equation (1):

L(X|0) = P(O|x = X), (1)
where L is the likelihood function and 6 is the interest parameter, which must be
estimated considering the case where x = X.

To perform this estimation, Equation (1) is maximized, using any suitable method.

In the context where the signal of interest is being corrupted with only Gaussian
noise, a special MLE version can be tested. In this case, MLE is implemented using the
multivariate Gaussian PDF', since the problem considered here is multi-dimensional.
The multivariate Gaussian PDF is given by Equation (2),

(x—p)"CHx-p)
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where N is the dimension of the problem, x is the vector of random variables that
describe the process (N x 1), C is the data covariance matrix (N x N), and p is the
mean of the data (IV x 1).

In this work, the vector x is the noise, given by n = r — As, where r is the received
signal, A is the amplitude of the signal of interest and s is the reference pulse, related
to the electronic. To maximize the Equation (2), a derivative process was implemented.
After the derivation, the obtained equation was set to zero and the amplitude A was
isolated, culminating in Equation (3).

- r'Cls
Agauss = m (3)

Therefore, using Gaussian MLE it is possible to estimate the amplitude directly
from a closed-form equation which results in a set of N coefficients that can be
implemented as a linear filter, suitable for online implementation as it presents low
computational cost and fast response.



3.2 Mutual Information

Mutual Information is a well-known and useful method to calculate the statistical
dependence between two random variables. This measure provides the amount of infor-
mation one variable contains about the other, i.e., how much information the two
variables share. The MI also determines how similar the joint probability is to the
product of the marginal probabilities.

For an n-dimensional problem where n > 2, the Mutual Information may be cal-
culated considering two variables at a time. In this sense, MI between two variables
X and Y is formally defined as shown in Equation (4), where p(z,y) is the joint
probability between X and Y, while p(z) and p(y) are the marginal probabilities.
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Once the MI for all variables was computed two by two, a mutual information
matrix can be assembled. Using the information from this matrix, it is possible to
compute the total Mutual Information in the data from Equation (5).

with ¢ and j denoting the rows and columns of the matrix, respectively.

3.3 Independent Component Analysis (ICA)

Independent Component Analysis is a method used to minimize mutual information
and correlation between highly correlated data. This approach seeks a transformation
that can separate the sources presented in the data, knowing that achieving zero
mutual information is not always possible. Initially, a linear model is defined as

x=Ms+n (6)

and the aim is to estimate the matrix M (which is rectangular and has fewer columns
than rows) and the vector of interest s using the vector of observations x.

Since the presence of noise within the data often renders the full estimation of
s impossible, the problem is reformulated using a contrast function F and a vector
z, whose independent components lead to the maximization of F. The Equation (7)
describes this process.

x =Fz (7)

Therefore, the problem becomes maximizing a contrast function, which happens

when the components of z are independent.



There are some algorithms to solve the ICA problem. In this work, FastICA was
chosen. It is one of the most popular and uses a linear transformation to minimize the
correlation in data, from some iterative steps. This method operates using a trans-
formation consisting of ¢ variables to estimate ¢ weight vectors that maximize the
non-Gaussianity of the expression w!x, for i = 1,2, ..., ¢. The complete procedure can
be found in [32].

3.4 Combining ICA and MLE

For the present work, the Gaussian PDF was used as the likelihood function, as an
initial guess, to estimate the signal amplitude. This strategy is interesting for high
energy calorimeter systems, as it results in a linear, simple, and fast response digital
FIR filter which can be employed for online applications, despite operating in subopti-
mal condition when in pile-up scenarios. A derivative procedure was used to maximize
the Gaussian PDF as follows in the next section.

Furthermore, a source separation technique based on ICA was implemented as a
pre-processing step, aiming to minimize the mutual information introduced by both
electronic noise and the pile-up. To this end a data set comprising only noise (electronic
plus pile-up) is needed. As the ICA output provides independent variables regarding
the noise, the joint probability function can be computed by multiplying the individual
marginal probabilities associated to each variable, which can be performed by using a
look-up-table search.

Since the calorimeter pulse shape is known (from the shaper circuit), a given param-
eter can be tested (amplitude, in this case) by subtracting the known pulse from the
incoming signal and computing the joint probability function. The parameter that
provides the greatest probability is chosen. Figure 2 shows the proposed strategy for
computing the joint probability, where the blocks P;, P>, P3 and Py correspond to the
individual marginal probabilities estimated by the ICA method.

It is worth mentioning that during the FastICA step some parameters can be
adjusted. It is important to note that, in the present work, two of them were set: tanh
was used as the activation function and the dimensionality was preserved, therefore
N components were retained.

Based on Figure 2, the steps to compute the signal amplitude using ICA are the
following:

1. Compute the separation matrix applying ICA to noise dataset;

2. Define a test value for the pulse amplitude A;.,, using the one estimated by
Gaussian MLE as a reference;

3. Subtract the model from the received signal in order to obtain the noise: n =
r— Aicas;

4. Project the obtained noise into the independent component basis using the
separation matrix estimated by ICA (Trc4);

5. Construct the PDFs from histograms experimentally computed using the noise
distributions;

6. Estimate the marginal probabilities using the obtained n for each PDF;
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Fig. 2: Steps applied to compute the joint probability P.,,q for a given incoming
signal x.

7. Assuming statistical independence, calculate the joint probability using a product
of the marginal probabilities.

The procedure consists of conducting an exhaustive search around the amplitude
estimated by Gaussian MLE in order to identify the value of A that maximizes the
joint probability.

4 Results

In this section, the data set is described, and results from two proposed forms of anal-
ysis are presented: firstly, on the noise modeling and mutual information suppression,
and, subsequently, on the energy reconstruction efficiency.

4.1 Dataset

For signal production, a stand-alone tool was used to generate energy deposits within
a generic calorimeter readout system [33]. This simulation package is integrated within
the Lorenzetti Simulator [34], a general high-energy calorimeter framework developed
to assess new signal processing techniques in triggering and energy reconstruction
tasks.

In the simulation framework, an usual unipolar pulse signal from a typical RCCR
shaper circuit was considered, adopted similarly in previous work [35, 36]. Therefore,
signals were superimposed using a given occupancy percentage factor, ranging from
10 to 80%. In order to simulate real operating conditions, the pile-up pulses were
produced using an exponential distribution, reproducing the typical energy of low



pT collisions in modern high event rate experiments, as also reported in previous
studies [37]. Additionally, other noise sources were also taken into account as follows:
electronic distortions in each time sample due to the electronic aging process was
modeled by a random Gaussian variable with a standard deviation of £ 1 ADC; a
random phase shift between + 10 ns; and finally, additive Gaussian noise of zero mean
and standard deviation equal to 1.5 ADC, simulating typical electronic noise. Readout
windows of seven time samples containing this pile-up noise are recorded, with the
samples digitized every 25 ns.

Regarding the target signals, an exponential distribution was used. Afterwards,
these target signals were combined with the previously described noise conditions to
emulate the complete received signal corresponding to the calorimeter response. To
assess the statistical aspects of the efficiency analysis, a k-fold cross-validation strategy
was applied as follows. Initially, for each occupancy level, a set comprising 2,000,000
noise samples was generated. This data set was then partitioned into ten subsets
(folds), and the amplitude estimation (energy reconstruction) for the target signals
was performed by each method individually for every subset.

4.2 Noise characteristics

The main approach to the estimation methods studied in this work is based on noise
modeling, which comprises both the typical electronic noise and the signal pile-up. This
means that the efficiency of the methods is intrinsically associated with an accurate
modeling of the noise distribution.

In this sense, analysis regarding the noise modeling was conducted with the aim of
evaluating the Gaussian distribution’s capability to describe de noise. The Gaussian
was chosen because the MLE is applied together with the Gaussian PDF to estimate
the signal amplitude. Figure 3 shows (a) the fit of Gaussian distribution to the noise
data considering 50% occupancy and (b) the values of KS Statistic and Kurtosis for
all the range of occupancies.
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Fig. 3: (a) Gaussian fit to noise data for 50% occupancy. (b) KS Statistic considering
Gaussian fits and Kurtosis for all occupancies



From Figure 3(a), it is possible to observe the difficulty faced by the Gaussian
function in fitting the data. Such behavior is expected due to the intrinsic nonlinearity
identified in the noise data. Similar patterns are detected for all ranges of occupancies
and Figure 3(b) aims to show two well-known metrics that corroborate the analyzes.

KS Statistic measures the difference between two distributions. Among other uses,
it is useful to evaluate the similarity between two distributions: if two distributions
are exactly the same, the values of KS Statistic are zero, just as very distinct distri-
butions lead to high KS values. Simultaneously, Kurtosis provides information about
the Gaussianity of distributions. For the analyses performed in this paper, Kurtosis
of 3 indicates a Gaussian distribution, while smaller than 3 denotes a flatter distri-
bution, with shorter tails (platykurtic), and higher than 3 corresponds to a sharper
distribution, with longer tails (leptokurtic).

Analyzing the KS Statistic, Figure 3(b) presents significant values, especially for
lower occupancies. It is expected since, from a given level, the Central Limit Theorem
(CLT) begins to be observed and the distributions start to converge towards a Gaus-
sian distribution [38]. Even with the decrease, all range of occupancies shows results
indicating the difficulty of the Gaussian distribution in describing the noise data.

The analyzes for Kurtosis, shown in the same plot, present results consistent with
the values of KS Statistic. For lower occupancies, the noise distribution has higher
values of Kurtosis, indicating the presence of long tails combined with sharper distri-
butions. As the occupancy increases, the Kurtosis decreases, demonstrating that the
distribution is becoming more Gaussian, once again alluding to CLT.

From these graphs, one can notice that even when occupancy increases and the
distributions approach a Gaussian shape, the values of KS Statistic and Kurtosis are
still significant. It shows the difficulty that the Gaussian distribution has to fit the
data.

4.3 Mutual Information

The mutual information was estimated using the signal time samples two by two, and
then using the Equation (5) for the computation of total mutual information.

The first figure of merit that is worth analyzing is the mutual information matrix.
Figure 4 presents these matrices before and after ICA for 50% and 80% occupancy
levels. Since lighter colors represent a greater amount of information, the color scales
show that the shared information between variables is reduced after the ICA method
is applied to the data.

The principal diagonal of the matrix has high values because it refers to self
mutual information of the random variables. Additionally, the closest variables share
a greater amount of information with each other, which leads to lighter colors in the
superdiagonal and the subdiagonal.

While these matrices are meaningful, it is still worth quantifying the total mutual
information at each occupancy level. Such results are shown in Figure 5, where one
can see the reduction in this quantity after the use of ICA. For 10% occupancy, ICA
has more difficulty to minimize the mutual information in the data, mainly because
of the high non-Gaussianity of the distribution. When the occupancy increases, the
distribution becomes more Gaussian due to the central limit theorem, although it still
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Fig. 4: Mutual information matrix before and after the use of ICA for 50% and 80%
occupancies

T
X - -~ before ICA
~ ~
< 20 1 \\ -9- after ICA A
— ~
s e
€ 1sp \\\ S~ .
k) . -~
c N ~~~~
< » ~e
< 10 SS b
~
35 ~
5 RN
s 5| "l,~~ |
g T
e}
0 1 1 1 1
10 30 50 80

Occupancy (%)
Fig. 5: Total Mutual Information before and after the use of ICA for all occupancies

presents large mutual information values. In that sense, the impact of using the ICA
is more pronounced as occupancy increases.

4.4 Efficiency Analysis

Regarding the energy estimation efficiency analyzes, the studies begin looking at the
distributions of errors taking into account the four methods employed: OF, MAE,
Gaussian MLE and MLE + ICA. The first three are linear and well-known methods
in the literature, while the last one is the method proposed in this work. The idea is
to use source separation, via ICA, to improve the Gaussian MLE efficiency.

The efficiency was first implemented using Gaussian MLE. Once these amplitude
values were obtained, they were used as input for the MLE + ICA method. Firstly,
the FastICA was applied to the noise samples and then the amplitude was estimated
by performing the multiplication of the marginal probabilities in a range through an

11



table search. For clarity, the Algorithm 1 shows a schematic to estimate the amplitude
using the proposed MLE + ICA strategy.

Algorithm 1 MLE + ICA estimation strategy using the amplitude estimated by
Gaussian MLE as a basis

Ipitializse:
Aica — Agauss
Pica < _1A R
for A = Agauss — 100 to Agyquss + 100 do
for i =1 to ndim do
p; < marginal probability for independent component i using amplitude A
end for
Dtotal < product of marginal probabilities p
if Ptotal > Pica then
Aica — A
Pica < Ptotal
end if
end for

Figure 6(a) presents the histogram of errors for an occupancy level of 80%, con-
sidering the four methods. From the distributions, one can see that the MLE + ICA
method seems to have an error more centered at zero and less dispersed around zero.
These two characteristics are desired when evaluating error distributions, as the goal
is to obtain errors as close to zero as possible.

To quantify the dispersion of the error data, Figure 6(b) shows the standard devia-
tion taken from the estimation errors for all occupancy ranges. It can be depicted that
the standard deviation values increase as the occupancy also increases. For lower occu-
pancies, i.e., 10% and 30%, there is no significant improvement compared to Gaussian
MLE, since the results are too close for both. In contrast, for 50% and 80%, the use
of ICA brings better outcomes. For 80%, even the MAE method is outperformed.

Since the error distributions are not symmetric, an additional metric used for
performance analysis is the Kullback-Leibler (KL) divergence [39], which quantifies
the difference between two distributions: if they are identical, KL is equal to zero,
while it is 1 when they are completely distinct. In other words, it provides the amount
of information that is lost when the true amplitude is approximated by the estimated
amplitude. Figure 7 shows the values of Kullback-Leibler (KL) Divergence for all
methods in the entire range of occupancies.

From the curves, one observes that the MLE + ICA method presents smaller values
for this metric, with respect to the other methods. Even considering the uncertainties,
the amplitude estimated by MLE + ICA seems to be better adjusted to the true
amplitude than the amplitude spectrum estimated by the other methods.

The last analysis conducted in this paper regards the performance of the methods
when all energy ranges are considered. To this end, the standard deviation of errors
was estimated for amplitude intervals between 0 and 1023 ADC counts. Figure 8 shows

12
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for all occupancies.

these results considering the four methods considered. It can be observed that the
MLE + ICA method presents smaller values for the standard deviation in all ranges
of amplitudes. For initial intervals, it is even more efficient, when compared to the
other methods.

5 Conclusions

This paper addressed the signal processing task of estimating the high-energy calorime-
ter response at channel level in different signal pile-up conditions. The pile-up is a
consequence of the high rate and high luminosity conditions which modern experi-
ments face, such as the LHC experiments. In the search for rare physics processes,
particle colliders increase their luminosity as it increases the number of interactions
per collision and, therefore, the number of signals produced at each collision. In the
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other hand, the readout systems, like the calorimeter, must cope with such hash condi-
tions that result in the pile-up effect, where the signal of interest overlaps with signals
that belong to adjacent collisions. This undesirable effect degrades the performance
of digital filters that reconstruct the signal energy by estimating the amplitude of the
readout pulse.

Using a validated simulation environment, the results showed that the pile-up
changes the noise characteristics, and the mutual information between the time sam-
ples comprises not only linear correlations, but additional higher order statistical
moments. Using the ICA method as a pre-processing step, the noise mutual informa-
tion is reduced for all channel occupancy levels, with a maximum improvement around
10% considering a channel occupancy of 80%. As a result, the spread of the estimation
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error is also decreased with respect to the MLE for Gaussian noise, particularly in the
low signal-to-noise ratio range. Additionally, the estimated energy with the proposed
MLE + ICA method obtained better KL divergence scores when compared to the
currently used strategies, showing a better estimation performance as this quantity
compares the amplitude distributions between the simulated energy spectrum and the
estimated one.

The presented results indicate that using ICA as a refinement technique for the
Gaussian MLE may be a suitable option, as it yields good outcomes and builds upon
a well-established linear method widely used in practical applications. Furthermore,
since ICA operates on Gaussian MLE estimates, it is expected to provide improved
performance.

In light of the promising results achieved, the proposed MLE + ICA strategy will
be tested with real data collected in a real high-energy calorimeter system operat-
ing under high-luminosity conditions. Furthermore, since the ICA method did not
totally suppress the noise mutual information, this step could be replaced by another
approach to further decrease this quantity and potentially increase the MLE perfor-
mance. Additionally, in view of the good performance of the ICA, the exhaustive
search, used to estimate the signal amplitude and initially adopted as proof of concept,
will be replaced by a more efficient technique.
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