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We investigate the usage of a schlieren imaging setup to measure the geometrical dimensions of a plasma
channel in atomic vapor. Near resonant probe light is used to image the plasma channel in the tenuous vapor
and machine learning techniques are tested for extracting quantitative information from the images. We build
a database of simulated signals with a range of plasma parameters for training Deep Neural Networks, and
demonstrate that they can estimate, from the schlieren images, reliably and with high accuracy the location, the

radius and the maximum ionization fraction of the plasma channel as well as the width of the transition region
between the core of the plasma channel and the unionized vapor. We test several different neural network
architectures with supervised learning and show that the parameter estimations supplied by the networks are
resilient with respect to slight changes of the experimental parameters that may occur in the course of a

measurement.

1. Introduction

Rapid developments in computing and information science in re-
cent years led to increasingly sophisticated Machine Learning (ML)
implementations. The list of possible applications is ever growing,
including (but not limited to) autonomous driving [1], healthcare [2],
speech recognition [3] and various high-energy physics studies [4,5].
Machine learning methods have been used for some time also for eval-
uating optical diagnostic measurements in plasma physics, for example,
tomographic measurements of radiation from fusion plasmas [6-9].

Schlieren imaging is a sensitive method for the detection of refrac-
tive index variations in transparent media, used widely in aeronautics
and fluid dynamics [10]. The method is also extensively used for
the investigation of plasma processes in atmospheric gases [11] and,
in particular for a wide range of processes involving laser induced
plasma [12-16]. Quite recently, ML techniques have been proposed to
extract information from schlieren imaging measurements of flows and
shocks [17-19].

Plasma wakefield acceleration is a technology that promises a new
generation of compact particle accelerators for scientific and com-
mercial uses [20,21]. Numerous research groups and collaborations
are working worldwide to overcome the technological challenges that
wakefield acceleration poses. The Advanced Wakefield Experiment

* Corresponding author.
E-mail address: demeter.gabor@wigner.hu (G. Demeter).
1 These authors contributed equally.

https://doi.org/10.1016/j.optlastec.2022.108948

(AWAKE) hosted at CERN is a project where a high-energy proton
bunch is used to drive plasma wakefields for electron acceleration [22,
23]. At the heart of the novel accelerator device, a 10-meter-long
plasma channel achieves the modulation of the energetic proton bunch
and the acceleration of witness electron bunches in the emerging
wakefields. Created via photoionization using a terawatt (TW) power
laser system in a rubidium vapor source chamber [24,25], plasma
channel generation is in itself a complex problem of laser beam prop-
agation/filamentation [26-28]. Optical diagnostic tools monitoring
the plasma channel can thus have a significant role in optimizing,
improving the accelerator device and understanding wakefield physics.

In this paper, we consider using a schlieren imaging setup as a diag-
nostic tool to determine vital parameters of a narrow plasma channel
in tenuous (N = 10'* — 10> ¢cm~3) atomic vapor. The setup is similar
to that tested to observe atomic excitation in rubidium vapor [29]
and is geared toward determining the precise location and diameter
of the rubidium plasma channel as well as the characteristic length for
the spatial decay of plasma density. We test the use of Deep Neural
Networks (DNNs) as universal function approximators to extract quan-
titative information on the plasma from the schlieren images. We build
datasets of simulated measurements to train networks with different
architectures to estimate the parameters of the plasma and study the
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Fig. 1. Sketch of the schlieren imaging measurement setup (not drawn to scale). PB — probe beam, C — vapor source chamber cross-section, W - viewport, P — plasma channel
cross section, L1, L2 — 75 cm focal length lenses in 4f setup, M — mask, GC — gated camera.

accuracy of their estimates. To prove their usefulness in practice, we
also investigate the accuracy of parameter prediction in cases where
the signals processed by the networks are derived under experimental
conditions that differ somewhat from that of the training dataset. We
demonstrate that schlieren imaging and machine learning techniques
can be used effectively together to obtain information crucial for the
operation of a proton-driven wakefield accelerator. On a more general
note, the method can readily be applied for investigating the properties
of plasma channels that arise during laser filamentation in atmospheric
gases [30].

2. Schlieren imaging of a plasma channel cross-section
2.1. Measurement principle

In the novel electron accelerator device of the AWAKE facility, a
10-meter-long plasma channel is used as an energy-exchange medium
between the high-energy proton driver and the witness electrons to
be accelerated. Plasma for accelerator operation must satisfy very
stringent constraints with respect to the spatial dependence of den-
sity [24]. The AWAKE plasma concept is to use a rubidium atomic
vapor source, where the vapor density in the chamber can be tailored
precisely by strict temperature control. A TW class laser system is used
to propagate a 120 fs duration laser pulse along the chamber axis to
achieve single-electron ionization of the atoms with a probability very
close to unity [22,31]. Finely controlled vapor density is thus converted
to precisely engineered plasma density.

The propagation of the ultra-short, TW ionizing pulse along the
vapor source is itself a complex process of nonlinear optical inter-
action [26], especially because it is resonant with the rubidium D,
transition line [27,28]. Validating the quality of the plasma can be
done near the downstream end of the vapor source, where a pair of
observation ports on opposite sides of the chamber allow the passage
of a probe beam transverse to the plasma channel axis. Precise mea-
surements are hampered by the fact that plasma density distribution
should be observed on a timescale much shorter than the ~10 ps
recombination/diffusion timescales and that the vapor (and hence the
plasma) is extremely tenuous, its ' = 10 — 10> cm™ density being
4-5 orders of magnitude smaller than the normal atmospheric density.

The schlieren imaging measurement setup that can be used for the
required observation is sketched on Fig. 1. A Gaussian probe beam
with beam waist parameter w, = 2.6 mm transits the chamber of
the vapor source along the z axis through a pair of viewports. The
diameter of the chamber cross-section is 4 cm and the probe beam
waist is positioned near the center of the chamber. Two lenses with
focal lengths f = 75 cm are placed in a ‘4f’ setup [32] after the
chamber, with a D = 1.5 mm diameter circular mask positioned on
the optical axis in the back focal plane of the first lens. A gated, image
intensified camera (GC) detects the probe beam, triggered about 100 ns
after the ionizing laser and gated to collect light for 100 ns exposure
time. The probe beam is from a diode laser tuned to 4 = 780.311 nm,

close to the A = 780.241 nm D, resonance wavelength of rubidium. With
this choice, the vapor’s anomalous dispersion around the resonance
line yields a refractive index change of 6n, = 10~* — 1073, At the
same time, refractive index change due to the plasma dispersion is

sn, = 4/1 —@2/w? =1 = (=2.7) - 1078 - (=2.7) - 1077, over 3 orders

P
of magnitude smaller in the region where the vapor is ionized. Thus
the probe beam acquires a spatially dependent phase-shift and slight
attenuation due to absorption upon transit. The circular mask at the
focal plane between the two lenses acts as a high pass filter that blocks
all of the probe light, unless a plasma channel (the schlieren object)
modulates the probe beam phasefront sufficiently such that some of
the probe is deflected around the mask’s edge.

An example of a measured image can be seen on Fig. 2(a). The probe
beam diameter (~mm) is negligible compared to the spatial scale (~m)
at which the plasma channel cross-section changes along the direction
of propagation for the TW ionizing pulses (the x coordinate on Figs. 1
and 2). Therefore the measured image contains stripes parallel with the
x axis and only variations along y are meaningful. It is convenient to
create a 1D lineout along y by taking a region of interest (ROI) of x
around the probe center and averaging the signal along x (Fig. 2(b)).
This procedure helps to improve the signal-to-noise ratio. The task is to
extract quantitative information on the plasma channel from this S(y)
signal curve.

2.2. Parameters describing the plasma

To help interpret experimental images, we first note, that if the
plasma distribution in the y — z cross-section plane is given, we can
easily calculate the measured signal. The precise refractive index and
absorption parameter for the probe beam wavelength can be obtained
from the composite lineshape function using the material parameters
of the rubidium D, line [33]. (Note that the vapor densities used
here require that we augment the description of [33] with a pressure
broadening term in the homogeneous lineshape [34].) The integrated
phaseshift of the probe beam and the overall attenuation can then be
computed, and the transit across the 4f system with the mask can be
calculated [32]. Therefore we start the analysis by assuming some func-
tional form for the ionization probability in the vapor, and observing
the simulated signal that this plasma distribution would produce.

To find a physically meaningful set of functions for the plasma
density, we note that for relatively small ionizing pulse energies, we
expect the ionization probability to be some power of the pulse in-
tensity in general for multiphoton ionization. For large pulse energies,
ionization probability saturates to values very close to unity in the
central part of the beam [27,31]. The plasma channel is assumed to be
axisymmetric in the y — z plane, with center relatively close to the axis
of the vapor source (and optical axis). Since a shift of the plasma in the
z direction (parallel to the probe beam propagation) cannot be detected
by the setup (the quantities we measure arise as integrals along z),
we characterize the plasma center location with a single coordinate
¥y, measured from the optical axis (i.e. y, is the vertical coordinate
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Fig. 2. (a) Schlieren image on the gated camera. Vertical lines near the middle mark the region of interest (ROI) from which we calculate the lineout S(y) around the probe

beam center. (b) Lineout taken from the schlieren image ROI by averaging along x.
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Fig. 3. (a) Ionization probability for a weakly ionized (P,,, < 1,r, = 0), narrow plasma channel (solid blue line) and a saturated core P,,. = 1,r, > 1, wide plasma channel (dashed
red line). (b) The corresponding simulated signals (signal for a weakly ionized plasma has been scaled up for better visibility).

of the plasma center). The plasma density is thus assumed to have the
following form:

NoPoaxs if r<ry,

N, = —r)? 1
P NP €XP <—w>, if r>r. W
t

0
where the formula contains the set of plasma parameters:

C = {0, 70- 10 Prax }- 2

Here W is the vapor density, P,,, is the maximum ionization prob-
ability of the vapor at the plasma channel center, P,,. € [0,1].
r=1/(y — yy)* + 2% is the geometric distance from the plasma channel
center, located at (y, z) = (y,,0), r, is the radius of the plasma channel
core where the ionization fraction (and hence the plasma density) is
constant, and finally ¢, is the parameter that characterizes the width
of the transition region between the plasma channel center and the
completely unionized vapor.

The functional form written here can account for a weakly (not
fully) ionized vapor, when r, = 0 and the plasma density distribution
is an axisymmetric Gaussian - a dependence we may expect for multi-
photon ionization by a Gaussian laser beam. It can also account for the
opposite case, when there is a sizeable domain of fully ionized vapor
P, =1,ry> 0 and a Gaussian shaped transition region surrounding it
(see Fig. 3(a)). Clearly, not all parameter sets are physically realistic.
Since the central, constant density region is associated with a saturation
of the ionization fraction, r, > 0 is compatible only with P, ~ 1.

Given the above explicit functional form, we can calculate the sim-
ulated signal S on the gated camera for any set of plasma parameters
C. This is a 1024 element vector of pixel values, some examples can be
seen on Fig. 3(b). The mathematical task is now to determine the C that
had been used to give rise to the given schlieren signal .S. Because of the
nonlinear, integral-type relationship between C and S, and the fact that

S will also contain measurement noise, this is a difficult task. Therefore,
in the following section we propose a novel method for processing the
schlieren signals with the application of DNNs.

3. Inferring the plasma parameters with neural networks

Machine learning techniques have been successfully utilized in
many fields, where it is an essential necessity to provide a precise and
quick evaluation of the input data with significant non-linearities [35].
A typical data-based application of a feedforward artificial neural
network is the non-linear regression, which aims to predict some
parameters from the input data:

N
Cjpred = f(S):A(Z W;jS; +b/'>’ 3)
i=1

where A is some non-linear activation function, N is the number of the
neurons in the layer, s; are the discrete values of the signal vector S, b;
is a bias vector and the w;; matrix contains the trainable parameters.
A network may consist of multiple such connected layers — in case it
has at least one hidden layer between the input and the output, it is
called a Deep Neural Network. If a suitable database of input data S, is
available with the corresponding reference parameters C,, supervised
training of the network is possible. During a supervised training cycle
(epoch) of the network, the training input data S, is evaluated and
compared to the desired reference output C, according to a well defined
loss function, £(C,,.,C,y)- The objective then is to minimize this
loss function by optimizing the weights in the w;; matrices, which is
performed by the backpropagation: the weights receive updates that are
proportional to the partial derivatives of the loss function with respect
to the weights. This process is then repeated iteratively in several
epochs until some stopping condition. The final validation of training
quality is done by evaluating the network predictions on a subset of the
reference data — a part that was not included in the training process.
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During a supervised training of a DNN model, there are a variety
of tunable parameters that are specific to the given architecture and
training method (so called hyperparameters), like the learning rate
(which controls the extent of update that the weights receive during
backpropagation), the moments of the stochastic gradient descent op-
timizer (like in the popular Adam algorithm [36]) or some weight
parameters in a multi-component loss function [37]. However, one of
the most crucial and necessary element of the training is undoubtedly
a good quality training dataset.

3.1. Dataset generation

As discussed in Section 2.2, in our case it is possible to create a
training and validation database by randomly generating plasma pa-
rameter sets on physically relevant parameter intervals and calculating
the corresponding simulated schlieren signals. The datasets contain the
computed signals .S sampled at discrete points, paired with the set
of generating plasma parameters C. Signal sampling is defined by the
1024 pixel wide, 13 pm pixelsize detector of the camera used in the
measurements. For each C, y, and 7, were randomly chosen, distributed
uniformly on a given interval. P,,. was chosen such that its 1/nth
power was a uniform random number on the interval [Py, 1]:

P € [P7. 11" “

This method skews the probability distribution of P,,, to favor values
close to 1 somewhat, the exact amount depending on the positive inte-
ger generating parameter n. Note that n = 1 corresponds to uniformly
distributed P,,,, values on the [Py, 1] interval. For r,, we enforced the
following relationship:

o< —2 ©)
1-P max)2

with QO = 0.25pm. This constraint guarantees r, to have substantial

values only when P, is close to 1.

In order to perform the training process with physically realistic
data, the signal was slightly smeared with additive and multiplicative
Gaussian noises. The noise levels relevant for the experimental setup
were deduced from test measurements. We then filtered the signals
to reject samples whose signal-to-noise ratio was judged too small
to evaluate reliably. First, we dropped samples whose maximum am-
plitude was less than 5.0 units (a value deduced from the level of
background noise). Such samples resemble only noise, and no peaks
or interference patterns can be reliably extracted from them. Then,
we dropped samples with the absolute value of their mean less than
1.0. This filtering of the data greatly improves the performance of the
network, while it does not introduce any artificial, unwanted bias. Note
that the filtering also affects the statistical distribution of generating
parameters in the final dataset created. Parameter sets that yield a
plasma that is “undetectable” at the given noise level — e.g. because
the ionization probability is too small, or the plasma is shifted too far
out of the probe beam to be detected — are excluded.

In machine learning applications, it is typical to standardize the data
with some pre-processing method, which in general leads to improved
numerical stability and faster learning. As we have full control over
the generation of the simulated datasets, the followings have been
considered:

1. The input S is a vector of 1024 elements, representing the
detector image lineout. Since the signal amplitude is sensitive
to the degree of ionization, we did not apply any scaling to the
input.

2. In order to improve the learning process and reduce numerical
instabilities, the plasma parameters have been multiplied with
constant factors to scale them to a comparable numerical range:

Pmax = FP : Pmax’ (6a)
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Yo =Fy - yo, (6b)
iy = Fp - 1o, (60)
Fo = Fg-rp. (6d)

We chose the scaling factors as: Fp = 1, F, = Fp = 10%, and F; =
103. Apart from improving the convergence during training, scaling
also allows us to rank parameters in terms of importance. Parameters
scaled to greater numerical range will carry greater weight in the loss
function, so the relative error of their estimation can be expected to
be smaller after training. Our choice above was motivated by the fact
that the plasma core radius r(, originally approximately the same size
as the other two geometric parameters, is the most important of the
three for practical reasons. In what follows, we denote the 4-element
vector of scaled plasma parameters by p = (B,,.. 5. Fy.7y) and specific
components by p;.

For training, validation and testing purposes, we generated datasets
with different distributions given by n = 1,3,5,7 and 10 and mixed
them. Because r, > 0 values are favored only when P,  ~ 1, it
also became necessary to generate an additional subset, that allowed
configurations only with r, > 0.5 mm. This improves the statistics of
the training dataset and thus also the final precision of the predicted
ro parameters. Beside the realistic, noisy sample signals, the “pure”
(i.e. noiseless) signals were also retained during the generation process
for testing and uncertainty estimation purposes. The overall distribu-
tions of the parameters in the training set are plotted on Fig. 4. The
ro > 0.5 mm subset causes a visible discontinuity in the distribution for
ro- The overall unified dataset contained a total amount of N = 1.1-10°
samples, and has been split into training, validation and test datasets
with ratios of 0.65 : 0.15 : 0.20 respectively.
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Fig. 4. Plasma parameter distributions in the training dataset in counts/N where N
is the sample size. The discontinuity in the distribution of r, is due to the separate
ro > 0.5 mm sample subset (see main text).

It is instructive to visualize the correlations between the parameters
p; in the dataset, defined as the Pearson correlation coefficients of the
training data:

S (P — B pay — B7)

= @
\/ZkN:1 (Pr; — Bi)? \/211:]:1 (prj— Py
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Pearson correlations of the training data
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Fig. 5. The Pearson correlations in the training data.
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Fig. 6. A basic building block of the applied networks.

The correlations are shown in Fig. 5, which shows that r, is strongly
correlated with P,,., while the transition region width, ¢, is only

slightly correlated with P,,,. and r,. The y, location is basically un-
correlated with the other parameters.

3.2. Network implementations

Our aim is to develop a robust framework that is able to infer the
plasma parameters from the schlieren signals with high accuracy. To
achieve this, a customizable DNN framework has been implemented in
Python, using Keras v2.7.0 with Tensorflow v.2.7.0 backend [38,39].
The basic building block of the framework, called a Dense block is
sketched on Fig. 6, which consists of a fully connected layer, followed
by a batch normalization, a scaled exponential linear unit activation
(SELU [40]) and a dropout layer with fixed dropout rate of 0.1 [41-43].

Our neural networks, which have three distinct parts and several
configurable parameters are composed of such building blocks as it
is depicted on Fig. 7. In the first part, (marked with light pink back-
ground) one or more feature extraction blocks process the input data,
consisting of D; parallel Dense blocks, with N; neurons in each block.
Subsequently, the output of the D; Dense blocks are merged, which is
then followed by a SoftMax activation. Next, after L — 1 consecutive
feature extraction blocks, a concatenation layer merges the parallel
blocks in the Lth layer (as an analogy for flattening, marked with
light blue background). In the third part, H; optional hidden layers
follow, with Ny ; neurons in the given layer. We note, that though
this specific parametrization provides good flexibility, we have found
that N ; = 0 eventually leads to satisfactory results, therefore in the
this study we did not consider the Ny; > 0 variations. Finally, the
last fully connected layer represents the four plasma parameters. We

Optics and Laser Technology 159 (2023) 108948

tried different kinds of activation functions for the last layer in our
networks, and found that the best choice is the linear activation, which
is a common choice for regression tasks. Since in this way the possible
values of the predicted parameters were not limited neither from below
nor from above, the network was forced to learn the physically relevant
value ranges of the plasma parameters.

3.3. Network training

We investigated several different architecture implementations, in
what follows, we compare the best three variants. Models codenamed
FE1 and FE2 included only feature extraction parts without additional
hidden layers, while the model named FEO is a special case of the
network, where no explicit feature extraction blocks have been applied,
therefore it is considered as a traditional multilayer perceptron. See
Table 1 for the specific values of the configurable parameters in each
model architecture. During training, the mean absolute error of the
vector of scaled parameters was utilized as the loss function:

£(ﬁpred7ﬁtrue) = ﬁ Z ‘ﬁk,pred _ﬁk,true ’ (8)
k=1

where M is the size of the training dataset, and the optimization was

performed with the Adam algorithm with default settings [36]. The

initial learning rate has been slowly decreased with a linear decay.

The training process was monitored with the mean squared error
and Log-Cosh errors as additional metrics [44], and 15% of the full
dataset was used for validating each epoch (validating set). By inves-
tigating the convergence of the validation loss and the other metrics,
we found that it is sufficient to train the networks for 20,000 epochs
to get the best achievable quality of predictions without overfitting the
training data. The final loss value for the listed variants are shown in
Table 1.

Considering the initial learning rate, we tried different values in the
[1074,1072] ranges. Taking lower initial values results in clearer and
faster convergence in the measurement of training quality, however,
with too small values, the correlations become unrealistic. Taking too
high initial values results in high fluctuations and very slow conver-
gence in the measurement of training quality with bad correlations. We
found that the best value for the initial learning rate is 5 - 107.

The training, evaluating and testing were performed on the GPU
clusters of the Wigner Scientific Computing Laboratory (WSCLAB).

Table 1
The configurations for the applied architectures and the final value of the loss function
at the end of training.

FE2 FE1 FEO
Feature extraction blocks 2 1 0
D, 16, 8, 4 16, 4 1,1,1,1,1
N, 512, 256, 128 256, 64 1024, 512, 256, 128, 64
Trainable parameters 9.6M 4.3M 1.75M
Final loss 4.02 - 1073 6.67 - 1073 9.54 . 1073

Input
Mrg

1024

L.1

Final
parameter 3
Final
parameter 4

Fig. 7. The general structure of the implemented neural networks.
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Fig. 9. 2D histogram plots of predicted plasma parameters vs. true values for the models. Each column of subfigures corresponds to parameter estimates of a single network
architecture. Note that color is coded with a logarithmic scale for outlier estimates to be visible. The ideal line of prediction equals the true value is indicated with a solid line,
while the best fit line to the predicted data is indicated with a dashed line. The slopes m and intercepts b of the best fit lines (see Eq. (10)), as well as the values of mean absolute

error ¢ and mean error 5 (Egs. (9)) are indicated on each subfigure. Note, that in most of
The difference is discernible only for the P, parameter (lowest row of figures).

4. Results
4.1. Plasma parameter estimation

In order to test the performance of the trained networks, plasma pa-
rameters have been predicted for signals in the test dataset (20% of the
full reference dataset described in the previous section). Fig. 8 presents
the Pearson correlation coefficients of the predicted parameters for the
different networks. While the goal of the trained neural networks is to
be capable of predicting individual parameter sets, it is also useful to
investigate the network’s perceptions on the statistical correlations. In
terms of usability, the models should be able to reproduce the test data
both at these microscopic and macroscopic levels.

The structure of the extracted correlations by the different archi-
tectures are very similar to those we presented for the training data.
Comparing the results with the reference plotted in Fig. 5, we can
see that the y, parameter is basically uncorrelated for the parameter

estimations of all network variants. The correlations rp .- for the

the cases the fit (dashed blue line) is overlapping with the ideal case (solid black line).

network estimates are about 5% lower than the reference, while the
correlations rp - are about 3% higher.

Note that the uncorrelatedness of the y, parameter means that the
other plasma parameters have a translation invariance with respect
to y,. This agrees with the fact that the properties of the plasma
channel are independent of the exact position of the ionizing laser
pulse if the vapor has a uniform density distribution. The signal itself is
not translationally invariant however, due to the varying probe beam
intensity, but the networks learned to ignore this variation in the signal.
It is also important to emphasize that we did not enforce any artificial
constraint on the plasma parameter predictions (e.g. P, € [0,1]). All
the presented network variants recognized the physical range of the
parameters along with the correct correlations between r, and P,,,.

As the most important measure of network prediction accuracy, we
compare the network parameter predictions C,,,, to their true values
C,.,. Over the test dataset. The predicted parameters are plotted versus
the true values for all the investigated networks in Fig. 9. To quantify
the accuracy of the predictions, we calculated the mean absolute error
o for the parameter predictions, as well as the mean error § for all
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parameters X € C:
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However, for small amplitude, (i.e. small signal-to-noise ratio) cases,
it can happen that the predicted signal is offset slightly from the

1
°X Ty Z )X kopred — Xk true| s original one, while still being very similar in shape (see Fig. 10 as an
I k example). Therefore to quantify signal accuracy, a simple integral over
Sy = W Z ( X prea — X k’,me) . 9 the absolute difference between predicted and original signals proved
k

Furthermore, a linear fit was also performed to the ensemble of param-
eter predictions (marked as a dashed line on the plots):

unsuitable and the following procedure was followed.

Let S,,., and S,,,,, denote the predicted and the originally simulated
schlieren signals without any additional noise, respectively, and we
define the normalized signals as:

Xpred =my - Xy + by 10) _ S»)
SQy) = ——. (11)
Clearly, the deviation of the slope my from 1, as well as the non-zero W [ S(dy
value of intercept by and the mean error Sy all characterize systematic We can write the offset-dependent error between the normalized signals
errors in the parameter prediction. as:
As is visible on Fig. 9, all of the network variants produced a very 3 B
good prediction of the plasma parameters. The mean absolute errors EWorf) = / ‘S,m(Y) = Spred Y= Yor )| dy 12)

for y,, ry and #, are around (and sometimes even below) the camera
pixel size of 13 pum, and never above twice that. Mean errors are a
mere fraction of the pixel size. The predictions for r( are significantly
better than for y, and ¢, for all models, a trait controlled by the scaling
Egs. (6). There are some significant differences between models, how-
ever. The FEO variant produced the largest deviation for all parameters,
but it is worthwhile to note that among the investigated architectures
this contained the least trainable parameters — only 1.75M, which is
less than the half of the second network. On the other hand, we have
found that just increasing the number of trainable parameters is not
enough for significant improvement, the feature extraction blocks are
also necessary.

4.2. Predicted signal accuracy

In order to further estimate the reliability of the models, and to
quantify the error of the predictions, we re-calculated a predicted sig-
nal from the predicted parameters and compared it to the original
pure (i.e. noiseless) signal. We found that in practically every case,
the predicted signal followed very closely the original pure signal.

and we expect that this has a clear minimum for some small offset value
Yerr» that we can call the phase error, while the amplitude error is defined
as the minimum of &:

Apr = ming(yoff) = €Werr)- (13)

Clearly, for a discretized signal y,,, is some small integer value.

To characterize the quality of network predictions, we calculated
Agprs Ve for all predicted signals of the test dataset and plotted their
probability distributions on Fig. 11. For every model, the error of the
normalized amplitude has a mean value of around 5%. Considering the
phase errors, the plots suggest that the predictions carry a very small
amount of phase error, well centered around 0. More precisely said,
for all three models around half of the predictions yield y,,. = 0, while
around 90% of the predictions have |y,,.| < 2. Only a negligible fraction
of the predictions carry a phase error greater than 10 pixels.

5. Robustness of the parameter predictions

Trained DNNs can truly be useful for the evaluation of real mea-
surements only if the parameter predictions are not too sensitive to

201 Model: FE1 -
True: Prediction:
True ) ¥o=0.00071 ¥o=0.00077
15 - ;’r:gi‘g’t/i%rr“"'se ro=0.00007 ro=0.00007
n to=0.00133 to=0.00138

10 /\ f/* !n\ '\

Pmax=0.96113

i

Pmax=0.96163

J
A \ "
’ WAVA ar
Ty, \;/\ LA I
0 R TR R L S TR AP J’\"r‘/" \./ ‘U/ \/( \j (f ) 1 \"" \4/ \/\»_r“\ UL AL e L AL LWL AR ELLL LR [V
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Fig. 10. Example for the true, noisy and reconstructed schlieren signals, and the predicted plasma parameters.
Model: FEO — (Aerr) = 0.051 Model: FE1 — (Agr) = 0.051 Model: FE2 — (Aer) = 0.038
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Fig. 11. The distributions of the normalized amplitude and phase errors (see text for details).
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slight changes of the experimental circumstances. In the followings, the
robustness of the trained networks are investigated.

5.1. Variation of experimental parameters

Parameters of the experimental setup are always known with finite
accuracy. Some may actually fluctuate or drift somewhat during the
course of a measurement. It is essential to verify that DNNs that have
been trained on samples calculated with a given set of experimental pa-
rameters, can estimate plasma parameters sufficiently accurately even
for signals coming from slightly different experimental circumstances.

In the setup considered here, the vapor density and the probe laser
intensity are the most important parameters that may vary slightly.
Vapor density in the AWAKE vapor source can be held constant to
better than 0.2% accuracy [24], while the probe laser power may
change possibly by a few percents. To explore prediction robustness
with respect to changes that surpass these uncertainties, we generated
sets of test samples with vapor density decreased/increased by 2%, 5%
and 10%, respectively, as well as sets where the probe laser power
was varied by the same amount. Plasma parameter selection, signal
generation and filtering followed the same procedure as for the original
dataset. Parameters were then predicted by the networks and ¢ and §
were calculated in each case as in Section 4.

Fig. 12 show the increase of parameter prediction error ¢ and § as
the vapor density and probe laser intensity deviates from the values
used during training. Several interesting conclusions can be drawn from
the figures. First, changing vapor density causes a much greater error
in parameter prediction than changing the probe amplitude. This is
especially evident for the systematic error §. The reason is that chang-
ing the probe amplitude changes only the signal amplitude, whereas
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changing vapor density not only causes the signal amplitude to change
(because of absorption), but much more importantly, the signal peak
locations and relative heights (because the phaseshift the probe beam
acquires upon transit depends on the density). Second, an increase
(decrease) in vapor density causes an overestimation (underestimation)
of the maximum ionization probability. This is to be expected, as both
changes have similar effect on the transmitted probe beam phase and
amplitude. Third, an increase (decrease) in vapor density leads to a
systematic overestimation (underestimation) of r, and a corresponding
underestimation (overestimation) of #,. Probe laser power changes have
a similar effect in general, but on smaller scale.

It is also evident that for a parameter change of 2%, plasma pa-
rameter prediction is not affected greatly for any of the networks,
i.e. they seem sufficiently robust to be used. Even a 5% change in the
vapor density causes an error of about 40 um in the plasma parameter
estimations, a value that is still well acceptable. Systematic errors for
ro, 1y and P, do become the same order of magnitude as the random
errors, however. It is notable, that the network containing the least
trainable parameters (FEO) does not fare in any way worse in these tests
of robustness than any of its more elaborate counterparts. While some
of its predictions on the ‘pure’ problem are somewhat less accurate, the
predictions on the test samples with distorted experimental parameters
are comparably precise.

5.2. Variation of the plasma profile

One further question is whether plasma parameter predictions re-
main sensible for plasma distribution profiles that are slightly different
than the functional dependence of Eq. (1). Indeed, the general nature
of a plasma channel that has a core with near constant (saturated)
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Table 2
Increase of prediction error for a sigmoid-type plasma profile. ¢,5 are parameter
prediction errors on a Gaussian plasma profile, ¢’, 8" are values on a sigmoid profile.

FEO c—o §— 6

Yo (pm) 15.6 — 15.2 -0.7 - -0.5
ry (pm) 9.6 — 31.7 -2.7 - 275
to (pm) 22.6 - 34.1 -3.1 - 30.6
P,.. (%) 0.74 — 0.99 -0.03 - 0.21
FE1 c—o 56

Yo (pm) 25.0 - 31.5 -5.5 - =59
ro (pm) 10.0 —» 27.7 -2.9 - 18.0
to (pm) 20.9 - 37.8 0. - 25.5
Prax (%) 0.81 - 1.02 0.1 - 0.24
FE2 c—o 56

Yo (pm) 12.8 - 15.6 1.1 - 0.7

ro (pm) 8.8 —» 39.5 -1.2 - 33.2
to (pm) 15.3 - 46.7 0.6 — 42.1
Py (%) 0.78 — 1.26 ~0.05 — 0.12

ionization and a transition region to unionized vapor surrounding it can
be described with many qualitatively similar functions. To investigate
this question, we generated a test dataset where the radial dependence
of the plasma was described by a sigmoid-type function:

exp (—[r — ré)]/t’)
1 +exp (=[r—rjl/t)

The test dataset was generated by choosing a set of plasma parame-
ters according to the procedure of Section 3.1, computing the radial
plasma distribution and then calculating the best fit sigmoid distribu-
tion Eq. (14). A plasma channel with this sigmoid distribution was
used to calculate the signals that were processed by the networks.
We then compared the network predictions to the parameters of the
original Gaussian type plasma profile. Table 2 shows the increase of the
prediction error when the networks are used to predict parameters from
these signals. Systematic errors are now greater, they again become the
same order of magnitude as the random errors. Nevertheless, DNNs
still provide a fairly accurate estimation for all plasma parameters in
question, the error introduced is no greater than that introduced by
changing the vapor density by about 5%.

N,

plasma = NORnax

(14)

5.3. Further comments

The purpose of this section is to demonstrate that network predic-
tions are sufficiently accurate even if they are used to process signals
that come from circumstances somewhat different from that of the
training signals. This robustness is very important for the networks to
be useful in practice. Clearly, the prediction errors shown in this section
provide a much more realistic estimate of practical network accuracy,
than those calculated in Section 4. We note, that if some experimental
parameter can vary a lot, it is possible to increase prediction robustness
with respect to this variation by incorporating this parameter as a
variable one during training data generation. This of course means
that probably a larger training dataset is required, with an increased
computational load during training.

The experimentally observable variation of the plasma channel
properties (and hence the schlieren images) has several other reasons.
The dominant source is the fact that the powerful ionizing laser pulses
have a significant shot-to-shot energy and pulse shape fluctuations. The
propagation through the vapor is, in itself, also a strongly nonlinear
process leading to stochastic fluctuations of the result by the down-
stream end of the vapor source. These variations are not necessarily
a problem however, in fact it is these properties we want to explore
using the machine learning technique. On the other hand, one can
observe [28] from the transmitted part of the ionizing laser pulse that
the pulse may possess some ellipticity, so the plasma channel itself
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cannot be expected to be axially perfectly symmetric. In this case the
single ry/t, parameter values supplied by the networks can be thought
of as some representative values. Furthermore, under some conditions
the ionizing laser pulse may break up into several filaments, leading to
a plasma with multiple cores. Clearly in this case the network estimates
cannot even be expected to be representative. It is therefore important
to evaluate the energy distribution of the transmitted ionizing pulse
parallel to evaluating the schlieren images to be certain that the plasma
parameters supplied by the networks are credible.

6. Summary

In this paper we have demonstrated that machine learning tech-
niques can be useful in determining the geometrical properties of a
plasma channel in atomic vapor. The plasma is monitored via schlieren
imaging, which is a sensitive method that allows us to obtain a signal
even in the very low-density vapor used in proton-driven plasma wake-
field accelerators. DNNs of several different architectures have been
trained on a large set of noisy sample signals to predict the plasma
channel location, the radius of the plasma channel core, the width of
the transition region between the core and the unionized vapor and
the ionization fraction of the atoms at the plasma channel center. The
trained DNNs provide a robust and efficient framework to gain high-
accuracy, quantitative predictions for the plasma parameters from noisy
schlieren signals. Without putting any constraint on the network out-
put, they recognized the physical ranges of the parameters describing
the plasma channel. We have also shown, that the network predictions
remain accurate enough even if the networks are used to process signals
obtained with slightly different experimental parameters or slightly
different radial profile than those in the training dataset. This property
is crucial for practical application. In particular, we varied the density
of the atomic vapor and the intensity of the probe laser, because they
can be held constant only to a certain accuracy during the course of
a several hour experimental run. We conclude that this method of
quantitative parameter estimation can be useful in a number of settings,
and can certainly prove efficient for AWAKE, the proton-driven plasma
wakefield experiment at CERN.
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