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Abstract
As the field of high-energy particle physics advances into newer realms, the application of machine learning and deep learning
techniques becomes even more important for this field than ever before. Handling higher dimensional data and most complex
problems is difficult without the application of machine learning. The application of machine learning (ML) has enabled us to
acquire deep insights into the accelerator physics and beam dynamics studies at the Large Hadron Collider (LHC). This has
literally opened a new door of applications arising from beam measurements and particle tracking simulations. This paper is an
attempt to examine the commissioning of beams in the collimation system and introduce a methodology to reduce beam losses.
The research proposed here also seeks to detect collective beam instabilities and heating spikes from pressure reading samples.
The paper draws a roadmap to not only revisit LHC particle physics from the lens of machine learning but also serves as a
gateway to future developments in this field.
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1. Introduction

[5,6] the performance of the model during run time is
evaluated.

The process of constructing a mathematical model on the

Labeled data is used to train machine learning algorithms

basis of training data that can be used to determine the

in such a manner that the output is as close to their

cause of an event is the prime goal of machine learning.

predicted value as possible. The use of reinforcement

Machine learning happens to be a sub-branch of artificial

learning is generally preferred while working with

intelligence and incorporates under its umbrella different

sequential decision-making tasks [7,8].

types of algorithms like supervised, unsupervised, and

Significance of this work

reinforcement learning [1, 2]. The techniques used in

The explosion of big data has led to the development of

machine learning range from classification to clustering

complex machine learning techniques like deep learning

and regression to dimensionality reduction [3]. Training a

that uses convolutional neural networks to perform feature

mathematical model using machine learning techniques

engineering and extraction. Of late, machine learning has

involves a hierarchy of steps. The first step is the

carved itself into the domain of particle physics

collection of data and its curation [4]. This is followed by

comprehensively. The earliest attempts to use machine

feature engineering and feature selection which reduces the

learning techniques for particle identification in the Large

dimensions of the problem in consideration. After this,

Hadron Collider have been made years ago [9,10].

model hyperparameter optimization is done, and finally

However, only a few of these attempts have met with
substantial success. Talking about accelerator physics, the

need for machine learning and deep learning techniques is

in the present study shows that regression models are

becoming a scientific necessity. This is what is

pivotal for predicting quadrupole errors [24,25].

culminating in the holistic study of particle physics of the
Large Hadron Collider with the help of machine learning
and deep learning techniques [11,12]. The complex
operations and the dynamic configurations that are
associated with the Large Hadron Collider generate large
sets of data which are then collected and analyzed for
particle identification, beam dynamics configuration, and
optical configuration [13,14]. This suggests that machine
learning can open new vistas for research in the domain of
the Large Hadron Collider.
The research presented in this paper is also crucial for the
development of a Hadron Collider in the future [15,16].

2. Measurements about LHC
A brief sketch of LHC ring components is described in Fig
1. In the first phase, protons are accelerated along with the

Fig. 1- A depiction of various rings of the Large Hadron
Collider

ions with an energy of about 450 electron volts [17]. This
process that is described in the figure shows segmented
symmetry. It can be observed from the figure that the
instrumentation device that produces the iron beam is
located parallel to the RC system [18]. In the past, many
efforts have been put into the design of linear optics and
the subsequent measurements have led to the boosting of
the experiments that were performed at the Large Hadron
Collider [19]. However, some issues are still present which

It is found that supervised learning may also be applied for
optics measurement which allows us to detect faulty
signals. It is important to do away with BPM signals as
these are the main source of outliers in the final
observation [26,27]. One more important observation that
is to be mentioned here is that the application of anomaly
detection techniques to LHC paves the way for the
analysis of informative data sets [28,29].

need to be resolved. For instance, the recognition of beam
position monitor reading is still a challenge and research in
this direction is in its initial stage. This is one area where
machine learning has a point to prove [20, 21].
The correlation between machine learning and optics
measurements can be explored when it comes to tracking
beam trajectory and particle identification in the Large
Hadron Collider. Supervised learning and unsupervised
learning are prime methods used in this research. With the
help of supervised learning techniques, the regression
model has been constructed to enable the identification of
individual magnet errors from related optics perturbations
[22,23]. The techniques used today (other than machine
learning) can determine the strength settings of circuits
which means the deviation of optics can be computed from
the design configuration. The initial set of results obtained

3. Commissioning of beams in the collimation
system
The particle detection system at the Large Hadron Collider
is not immune to beam losses. This can have drastic
consequences on the overall studies and make the final
results redundant [30,31]. Hence,

there

arises an

immediate need to protect the collimation system from
beam losses. To achieve this, an appendage of about a
hundred kilometers has been designed with a radius of 27
kilometers and this commissioning system is designed in a
parallel block [32]. A degree of freedom is also allowed as
the corners of this system can be moved by about 400
degrees. Accuracy of six micrometers has been achieved
around the circulating beam and the operational gap, in
this case, has been 1 millimeter [33]. The Large Hadron

Collider collimation system is dependent upon multistage
transverse settings. These settings are dependent upon the
alignment of the beam-based system. The extension of the
collimator system and the related components are used for
measuring the loss of the beam signal [34,35]. A
sophisticated beam loss monitoring device enables us to

Fig. 2- (a) Graph showing alignment spikes when the
collimator gets aligned according to the beam.

detect these beam losses. The perfect alignment of the
collimator system is achieved when both jaws are aligned
around the beam [36]. At this point, the graph shows a
spike pattern as its output shown in Fig 2. For determining
the size of the beam, the calorimeter provisions are
compared with a reference beam signal obtained by similar

Fig. 2- (b) Graph showing non-alignment spikes when the

measurements [37,38]. This is where machine learning

collimator is not aligned according to the beam.

techniques can help in deriving insights from these beam
signal outputs. Ranging from particle identification to the

It is at this stage that the potential of machine learning

reconstruction of the particle trajectory, machine learning

techniques is recognized in treating the spike recognition

can go a long way in taking the particle physics of the

problem as a classification problem. The machine learning

Large Hadron Collider to a new level [39,40]. The

models can be trained to effectively classify the sets of

collimators need to be aligned in accordance with the

spike patterns observed in the losses [49]. For this, the data

configuration of the Large Hadron Collider. The alignment

from various types of collimator alignment sets has been

settings need to be monitored and updated in accordance

gathered. More than 6000 samples were collected for the

with the requisite parameters. It needs to be noted at this

study in which about 4000 spikes were positive and 3000

point that the calorimeter data is divided in such a way that

spikes were negative for which they were not perfectly

any alignment that is not in consonance with the set of

aligned [50,51]. Structured data sets have been extracted

given parameters can be done away with during the time of

from the collected data and the losses that have exceeded a

data cleansing [41,42]. This is important because the

specific threshold have been underlined. The technique of

misalignments affect the performance of the calorimeter in

feature extraction may also be used to mine out features

the long run. The calorimeter hierarchy may also be

from this data set for deep analysis [52,53]. Soon after this,

pushed towards definite retraction for the optimization of

the most characteristic features and the degree of

performance. To set up a definite trajectory of angular

association between different pairs of variables has been

accuracy, this optimization of performance proves to be a

observed using spearman correlation [54]. This process of

crucial step [43,44]. Different types of alignment methods

feature selection enables us to perform our analysis on

are introduced and the optimal angle order is defined by

different types of machine learning models which is a

making use of various machine learning techniques. In this

precursor to determining the importance of each feature

alignment, techniques to maneuver the jaws of the

[55]. In the end, the features in an ascending order are

colorimeter are developed until a clear and constant

obtained which are arranged by the degree of their

alignment in the spike arrangement is obtained. In the next

importance. The forward selection algorithm has been used

steady-state, losses larger than the first ones may be

to zero in on the best features and also the best

witnessed [45,46]. There are a lot of factors responsible for

hyperparameters [56]. The forward selection algorithm

these losses. Some of them include instability, mechanical

does this by selecting one feature at a time and combining

vibrations, and unstable alignment [47,48]. Hence, there

it with other features and finally extracts the best feature

arises a need to analyze these losses which can be done

for future consideration. It is important to get some idea

effectively with the aid of machine learning techniques.

about the different types of features obtained as results of
the study [57,58]. The first such feature is height. For the

calculation of height, the average of the steady state losses
has been determined and subtracted from the peak value
obtained for the spike [59,60]. The second important
feature is that of spike decay. Another important feature is
the determination of the normal distribution of various
types of signals [61,62].
Using these value features, different machine learning
models can be trained for classification. The machine
learning models include support vector machines, decision
trees, random forest models, logistic regression, and
convolutional neural networks [63,64].
The synchronization of the calorimeter and beam
alignment is necessary or else misalignment would result

Fig. 4- Plot showing the correlation between median
values in MD to the respective beam centers (2018
commissioning).

from inappropriate results. In addition to this, errors have
been encountered in the detection of spike alignment
which may affect the performance in the long run [65,66].
Post the detection of spikes, the performance of the model
needs to be assessed. There is also need to analyze each
subset in depth. In the end, the results need to be collected
with the help of cross-validation on the training set
[67,68]. There is also a need to divide the training set into
various subsets for the validation of results. Repetition of
this procedure n number of times enables us to partition
the subset for the handling of splits [69]. In Fig 3,
depiction of the simple techniques is given which is
obtained from different models. The results are testimony
to the fact that the support vector machine has ensured
great precision [70]. The mean obtained in simple model
technique has been similar to the mean obtained with the
help of a support vector machine. The simple model also
enables us to turn semi-automatic alignment into an
automated one [71,72].

For the operation of the Large Hadron Collider in 2018, an
automatic version of the software was used. Testing the
alignment of the collimator is based on machine learning
techniques which also enables us to collect data based on
angular alignment. In Fig 4, a diagram is shown that is
reproduced with the help of the Large Hadron Collider
using the optics correction measurements that help in
determining the stability of the collimator alignment
[73,74]. The concern, however, is that it may take a lot of
time to align the collimator in a required manner. This is
where machine learning again comes to our aid and helps
in decreasing the manual alignment time by about 70%.
This is again depicted in Fig 5. At this stage, the research
is still not equipped with fully automatic tools. The time
requirement of alignment can be further reduced which
even requires human intervention [75,76]. Full automation
is not possible without using machine learning techniques.
Such techniques can prove to be extremely active in
interpreting the results and increasing the efficiency of the
model [77,78].

Fig. 3- Graph showing the precision distribution of various
machine learning models.

Fig. 5- Comparison graph between alignment time of
collimators to the parallel alignment as per 2018 records.

4. How to minimize losses using machine learning

taken from a representative set of various observations of
large hadron collider experiments [90].

The Large Hadron Collider is an aggregate of numerous

The first step was to train numerous types of ML models

systems. Even the smallest of the losses aggregate into

and compare them with the prevailing ones. Promising

massive losses [79]. This makes it extremely difficult to

results have been obtained with the model called the

build a model which not only identifies particles but also

Gradient Boosted Decision Tree model. After this, an

minimizes particle losses in the Large Hadron Collider.

alternative model was trained. This model could be tied up

However, the conceiving of such a model would provide

with many types of optimizers. This was followed by

deep insights into the working of various systems of the

numerous types of experiments that yielded similar results

Collider [80]. It needs to be noted at this point that the

[91,92]. The most effective optimizer has been used to

application of machine learning techniques is pivotal to the

mine out the required machine configuration from the

design and operation of such systems in the Large Hadron

model that we configured. In most of the cases, it was

Collider. The intention has been to develop a system that

found that the input data deviated by quite some amount

would determine an operational set of parameters so that

from the ideal. This is what was expected as an outcome,

the intensity of the beam can be maximized while applying

as the operation of the Large Hadron Collider relies largely

machine learning techniques [81,82]. This thing would be

on sticking to the same configuration settings in each cycle

of great importance in the configuration of Large Hadron

to avoid uncontrolled beam losses in various cases.

Collider and would help in identification of different co-

Alternatively, a different model trained on various types of

relations for comparative purposes. This would enable us

data represents operational machine learning parameters

to derive insights from experimental data with the help of

[93,94]. The limitation, however, is that it shows more

particle trajectory simulation [83,84].

deviation from prescribed machine learning parameters.

The main goal of this paper is to envisage a system that

The parameters that we considered were examined in

can predict the sequential set of operational parameters to

detail with the help of customized controls in which

maximize the intensity of the beam within a specific

multiple scans were done during different time intervals.

machine configuration [85]. This particular configuration

The data sets gathered via different experiments were used

may aid in the setup of the Large Hadron Collider and

to train and supplement the working model [95]. Several

greatly help in computing correlations between various

instabilities have also been witnessed in the beam

machine learning models. Finally, the main aim is to

trajectories that vary over some time, thereby, decreasing

distinguish between various systems constructed from

the performance of the model [96].

training data with inputs from particle trajectory graphs.

These instabilities are not considered by the present model

The methodology utilized to construct the components is

which is a visible limitation of the current setup.

to rely on the huge sets of LHC data [86,87]. Such data

Nevertheless, upon neglecting this aspect and limiting the

sets are derived from several computational systems for

study to the erstwhile naive, complete optimization query,

constructing a data-based alternative model of the lifetime

the model seems to comply with the current optimal

of the beam from the source to the end. There may be

sectors of the vertical 𝑄v vs horizontal 𝑄h tune diagrams,

follow up with an optimization algorithm to compute the

as shown in Fig. 6. This model can be tuned to move

various parameters. It needs to be noted at this point that

towards the optimal regions, with maximum performance,

the supervised learning methodology has been used in the

obtaining a great improvement in the process [97,98]. This

above case. The output of this system is the total trajectory

could be due to the reason that the maxima seen are very

of the beam and the inputs are the machine components

distant from the zone of operation. It has been concluded

including the tunes and magnetic parameters [88,89]. The

that the working model would have been sampled a

data utilized in this case covers a series of repeated

relatively fewer number of times. The observation that the

experiments. To simplify the feedback loop, the data is

zone of operation fails to coincide with the maxima is due
to the small gap between the tunes at the optimum

operating point [99]. As of now, it is difficult to ensure a

which cover different types of beam models. The data

low linear betatron coupling consistently. Thus, it becomes

collected is almost of the order of 4 terabytes. To simplify

difficult to avoid accidental beam losses. In any case, it

the observations, the study has been restricted to the

may be planned to migrate closer to the optimal

horizontal motion of beam one. However, it has to be

operational zone in the next LHC cycle [100].

acknowledged that the findings can be extended to other
types of beams in the plane of operation [106].
To figure out the instabilities, the enormous amounts of
data need to be ransacked which is a herculean task. This
is where machine learning techniques like clustering are
helpful in identifying useful beam oscillation patterns. The
process of clustering rapidly helps us in classifying the
various sets of triggers simultaneously. However, before
performing any type of clustering, the removal of the false
triggers from the data set needs to be ensured. After the
filtering is done, the computational algorithms are run on

Fig. 6- Normalization plot of the lifetime of the beam

different types of data sets [107]. This would greatly help

versus LHC tune working point for a specific beam.

in anomaly detection problems after the normal samples
are collected. The process of filtering involves the use of

To treat the problem holistically, the above model will

the Fourier coefficient and related transformations. The

have to undergo improvisation by taking into account

complexity estimate is also used which helps in

various types of instabilities, thereby framing a diverse

quantifying time series in the best possible manner. When

optimization setup [101]. It needs to be noted at this point

the data set is gigantic, the principal component analysis

that this work is a nouveau approach to use data-driven

can be used to reduce the number of dimensions and

ML techniques to conceive alternative models of the beam

extract a set of features that can easily be worked upon

trajectories at the Large Hadron Collider. Although the

[108]. The lowest possible dimensions in the case of

models conceived are still not devoid of limitations,

principal component analysis can be found.

attempt is to make them generate optimal values that
overlap with those derived from the actual readings [102].

5. How to detect collective beam instabilities
The problem with instability is that it can spoil the beam
quality and also reduce its intensity. In this way, the
luminosity of the Collider would decrease. For effective
operation of the Large Hadron Collider, it is important to
figure out such errors and find appropriate means of
mitigating them [103]. One of the prime modes of

Fig. 7- Histogram displaying the variance ratio of various
PCA components.

mediation is the use of measurement devices like damper’s
observation boxes. The data which is gathered from the
different monitors is collected by this box. This box also
writes the buffer to the corresponding disk. Both manual
and automatic procedures can be adopted but the automatic
system is much more ideal for the situation [104,105]. The
data collected shows different transfer beam positions

After this, the isolation forest algorithm is applied to the
PCA space so that a similar sample can be isolated as
shown in Fig 7. The isolation forest model splits the
sample space repetitively by making use of hyperplanes. It
is in this step that fewer iterations are used in anomalous
rather than nominal points to make the distinction. It needs

to be noted at this point in time that there is also the

components that will lead to an increase in heating can be

possibility of manually classifying instabilities that need to

stated first. These include electron clouds, high-density

be clubbed into the data set [109] as shown in Fig 8.

variations, impedance and other types of heating that are
induced by the electron beam [113]. The heating of the
above components may lead to a large deviation from the
result which may halt the performance of the machine
during run time.

Fig. 8- (a) Plot showing the inlier according to the
isolation forest model.

Fig. 8-(b) Plot showing the outlier according to the
isolation forest model.

After the false triggers have been isolated and filtered out,
work is done only on the anomalous samples from the
entire data set. Different types of computational algorithms
can be performed to mine out different results [110,111].
The model rests on the premises of a clustering algorithm
with a univariate time series analysis. In this type of
clustering, the distance metric criteria is required, and the
distance metric that is used in this case is called dynamic
time warping. The advantage of dynamic time warping is
that it can compute the similarity between two-time series
samples without getting affected by the local warping.
This is preceded by the distance matrix to compute
similarity in each group with respect to other groups. The
distance metric obtained is passed on to the hierarchical
clustering algorithm [112]. This is the algorithm that
generates a dendrogram from the entire data set along with
the signal as shown in Fig 9.

due

to

high

pressure.

Temperature probes have been used to monitor the heating
induced by the beam. Optical fibers may also be used in
some of the detectors so that the effect of heating is
substantially reduced. However, it is not possible to cover
the entire rings of the Large Hadron Collider by optical
fibers and a little deviation from the result can be
expected. The process of outgassing due to high
temperature in a high vacuum environment is a point in the
case. For instance, inside the injection protection device,
the increase in temperature due to high pressure is
particularly common. It is not difficult to tackle these
anomalies as there is need to be ready for this [114]. The
major problem that is difficult to tackle arises when the

observed in the beam gas ionization profile. The pressure

It is a common fact that heating may be induced in
equipment

highlighted beam offsets and instabilities.

outgassing level becomes extremely abnormal and is

6. How to detect heating from pressure readings

grounding

Fig. 9- Fig showing hierarchically clustered signals with

The

may also increase to large amounts in some of the vacuum
modules. This can be tackled by a modification in the
architecture of the particular module. All the above

anomalies suggest that the smooth functioning of the Large

more than 5000 steps for time series analysis of vacuum

Hadron Collider can be ensured by early detection of

gauge reading. The next step has been to use the principal

heating effects. Coming to vacuum monitoring, it is

component analysis to reduce the dimensionality in which

observed that this is relatively a systematic process when

only a dozen features have been retained [120]. These

compared to temperature monitoring [115]. More than

features account for the variance that is observed in the

1000 vacuum gauges are aligned to the circumference of

dataset. This counters any type of information loss that

the Large Hadron Collider. The task on hand is the

may occur in the dataset. Two important steps are followed

analysis of the readings from the vacuum gauges one after

next which include the training of K-Nearest Neighbour

another. Once an anomaly is detected, it needs to be to

classifier and multilayer perceptron [121]. The appropriate

rectified as quickly as possible so that there is no effect on

value of K needs to be determined using grid search. After

the Large Hadron Collider trials. The challenge here is to

this, the output needs to be passed via a logistic function

quantify the vacuum reading into temperature values

for classification.

[116]. This is where machine learning could help in the

A 4-fold cross-validation technique has been used to

quantification and investigation by automation of the

evaluate the performance of a model. To calculate the

pattern classification process. Machine learning can help in

percentage of samples, an additional technique called

building an algorithm which automatically classifies the

stratified splitting has been used [122]. The result of this

pressure reading for detection of heating spikes [117]. It is

splitting for maximization of recall for K nearest neighbor

often observed (Fig 10) that there is an enormous increase

is shown in Fig 11. In the Fig 11, the digit sequence of red

in pressure induced by a vacuum gauge. It needs to be

lines is observed which indicates overfitting for the

noted at this point that the sudden changes that occur in

training data set. This indicates that the model gives good

pressure readings do not coincide with bunch length

results for the training set but gives poor results for other

variations. This indicates that it is the increase in

types of test data [123]. That sets the index to seven in the

temperature which has induced the process of outgassing

graph. As such, the model does not work to fit the training

[118].

data and the value for the recall is obtained which is less
than 1. In Fig 11, the index is set to 0 and in this case, the
recall score between point 86 and point 1 has been opted
for. This represents a substantial improvement when
compared with the nearest neighbor case K.

Fig. 10- Estimation of beam heating effects from different
pressure measurements.

The aim here is to set up a classifier that decreases the time
to detect anomalies in gauges. This suggests that classified
should have a higher recall score. It has been found that
the recall score shows the ratio of true positives to the total
number of positives computed over a period [119]. About
1,000

readings

have

been

collected

and

labelled

appropriately leading to the creation of a data set with

Fig. 11- Graph showing the recall scores obtained using
the KNN classifier and the MLP classifier.

7. Experimental Results
The learning curves obtained for the support vector
machine have been shown in Fig 12. The true positives,
false positives, and false negatives have been depicted by
blue, green and red lines respectively. The results obtained

Fig. 13- Fig showing anomaly detection results obtained

from anomaly detection have been shown in Fig 13. In this

by various ML techniques.

Fig, the number of samples have been plotted against true
positives, false positives, false negatives and true
negatives. In order of occurrence, SVM, DBSCAN, LOF,
Binary OR and post-processing after DBSCAN have been
shown by blue, green, red, black and violet colours
respectively. True positives show the anomaly that is
correctly detected while true negatives show the normal
point that is correctly detected. The likeliness between
DBSCAN results obtained after processing and ground
truth is depicted in Fig 14. In Fig 15, a 3D visualization
concerning anomalies for ground truth and results of postprocessing after DBSCAN have been depicted. Finally, in
Fig 16.1 to Fig 16.10, the results obtained after measuring
the top tagging efficiencies and statistical uncertainties for
various data samples are shown.

Fig. 14- Plot showing the number of anomalies (seed and
angle) by comparing ground truth with post-processing
DBSCAN results.

Fig. 12- Fig showing SVM training curves including true
positives, false positives, true negatives, and false
negatives.

Fig. 15- A 3D plot of the number of anomalies (seed and
angle) obtained by comparing ground truth with postprocessing DBSCAN results.

Fig 16.3- The graphs show the ratio of events observed to
that predicted by simulation for the third set of samples. In
the first two graphs, the total uncertainty is shown by the
shaded area and, in the second two graphs, the statistical
uncertainty and total uncertainty are displayed separately.
Fig 16.1- The graphs show the ratio of events observed to
that predicted by simulation for the first set of samples. In
the first two graphs, the total uncertainty is shown by the
shaded area and, in the second two graphs, the statistical
uncertainty and total uncertainty are displayed separately.

Fig 16.4- The normalized distributions of the relative
difference for data collected to that prediction via
simulation.

Fig 16.2- The graphs show the ratio of events observed to
that predicted by simulation for the second set of samples.
In the first two graphs, the total uncertainty is shown by
the shaded area and, in the second two graphs, the
statistical uncertainty and total uncertainty are displayed
separately.

Fig 16.5- The graphs show the ratio of events observed to
that predicted by, simulation for the fifth set of samples. In
the first two graphs, the total uncertainty is shown by the
shaded area and, in the second two graphs the statistical
uncertainty and total uncertainty are displayed separately.

Fig 16.8- The graphs show the ratio of events observed to
that predicted by simulation for the eighth set of samples.
In the first two graphs, the total uncertainty is shown by
the shaded area and, in the second two graphs, the
statistical uncertainty and total uncertainty are displayed
separately.

Fig 16.6- The graphs show the ratio of events observed to
that predicted by simulation for the sixth set of samples. In
the first two graphs, the total uncertainty is shown by the
shaded area and, in the second two graphs, the statistical
uncertainty and total uncertainty are displayed separately.

Fig 16.9- The graphs show the ratio of events observed to
that predicted by simulation for the ninth set of samples. In
the first two graphs, the total uncertainty is shown by the
shaded area and, in the second two graphs, the statistical
uncertainty and total uncertainty are displayed separately.

Fig 16.7- The graphs show the ratio of events observed to
that predicted by simulation for the seventh set of samples.
In the first two graphs, the total uncertainty is shown by
the shaded area and, in the second two graphs, the
statistical uncertainty and total uncertainty are displayed
separately.

Fig 16.10- The graphs show the ratio of events observed to
that predicted by simulation for the tenth set of samples. In
the first two graphs, the total uncertainty is shown by the
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