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Abstract

At TTX(Tsinghua Thmoson scattering X-ray source), we
try to use machine learning to give the virtual diagnostic of
the beam spot. The prediction of beam spot is difficult when
the dimensions becomes large. We try to use PCA(Principal
Component Analysis) to make it smaller and then use Neural
networks to predict it. However, the weight of different
dimensions varies widely. We try to predict them parallel
and get good results with easy neural networks.

INTRODUCTION

With the development of machine learning, it has been
widely used in the field of particle accelerators[1-8]. In
this paper, we use machine learning to predict beam spots
on TTX[9], it brings certain difficulties due to the large
dimension of beam spots[10].

In particle accelerators, there are certain rules in the con-
ventional beam spot distribution, it cannot be distributed
arbitrarily on the screen. For example, a regular five-pointed
star distribution usually won’t appear. In fact, the distribu-
tion of beam spot is often elliptical, and the density often has
a certain continuity. In short, as long as the distribution of
the beam is not completely arbitrary, the information of the
beam spot does not need to be represented by the complete
number of pixels, dimension reduction can be performed .

Therefore, the prediction of the beam spot does not ac-
tually need to predict the brightness of all pixels, we only
needs to predict the value of each dimension after dimen-
sion reduction, and then apply the inverse algorithm of the
dimension reduction algorithm to rebuild the beam spot.

The most commonly used dimension reduction algorithm
is PCA[11].

It can get the information of the data with few dimensions
and the corresponding weight of each dimension by perform-
ing singular value decomposition on the data. It can reduce
the dimension and rebuild them very conveniently.

With PCA, a small number of dimensions can contain as
much information as possible. the first dimension contains
most information, the second dimension contains most part
of the remaining information, and so on. Under such a rule,
we only need to take the first few dimensions, that is, we
can achieve the highest amount of information in the same
dimensions, and rebuild the beam spot. This is of great help
to the prediction of the beam spot. It help can also be used to
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predict other information related to the particle accelerators,
such as phase space distribution, etc.

THE COMBINATION OF NEURAL
NETWORK AND PCA

When the neural network is used for prediction, too many
input and output dimensions may lead to a complex network
structure, resulting in more neurons, which means that more
parameters need to be trained in the neural network. It is
more complicated, which means that the difficulty of training
is increased, and as the dimensions of beam spot are always
too high. It is difficult to achieve perfect prediction if you
want to express the parameters of all pixels with a small
amount of data in the previous layer, while adding too many
neurons means that over-fitting is more likely to occur.

Therefore, we try to reduce the the variables that neural
network need to predict by combining the neural network
with PCA. The beam spot is first reduced in dimension, and
then the neural network only needs to predict few dimen-
sions, which will greatly reduce the complexity of our neural
network and reduce the training time. And the small number
of dimensions predicted by the neural network can also re-
build the beam spot through the coefficient matrix obtained
in the PCA algorithm to rebuild the beam spot.

There are also some problems with this method. Since
the amount of information contained in each dimension is
different, putting these parameters together is not a good
idea as it may leads to imbalance on these dimensions.

Based on this problem, we proposed a parallel training
method. After selecting the number of dimensions needed,
we train the respective neural network for each dimension
separately. Since the output dimension of each network is
1, simple network structures can be used. Then, during the
training process, we parallel train several dimensions with
the highest residuals. After training for a certain number of
epochs, we judge the residuals again and select the dimen-
sions with the highest residuals. Through this method, we
are always training several dimensions that are most in need
of training, which can greatly improve the training efficiency.

EXPERIMENTAL STUDY

We carried out a simple experimental on the injector of
TTX to verify the method. The equipment is shown in Fig. 1,
and the relevant parameters and their ranges are shown in
Table 1.

An experiment was carried out, we scanned the parameters
in the above range and recorded the beam spot. During the
process, it’s found that when the beam spot is small enough,
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Figure 1: TTX electron gun structure.

Table 1: Prediction Accuracy of the Classification Model

Parameter Min Max Unit
Q 30 150 Pc
soleiod strength 70 120 A
RF gun phase -5 5 °
corrector-x 0 0.2 A
corrector-x 0 0.2 A

the brightness of the beam spot will be too high. At this
time, the brightness of all pixels within the beam spot range
reaches the maximum value, and the internal structure cannot
be distinguished. To make it clear, we focused the spot to
the best scene, then tune the camera gain down to ensure
that this situation would not happen again, and then started
the experimental data collection, about 500 sets of data is
obtained.

Observing the beam spots we obtained, it’s found that
these beam spots cannot be used directly, as shown in
Fig. 2(a). It can be seen that the proportion of the beam
spot in the whole picture is too low, and obvious noise can
be observed, so we need to do some thing on it.

(a) Original beam spot (b) Region of interest

HEa

(c) Noise reduction (d) Centered

=2

(e) Resolution adjust-
ment

Figure 2: Image processing.
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Firstly, we try to select the region of interest based on all
the beam spots we collected. Since the background of the
picture does not change during the experiment, we choose
the region with changes in all the beam spot pictures as the
region of interest. After that, the initial beam spot becomes
to Fig. 2(b).

Then, we started to remove the noise information. We can
see that the noise is mainly salt-and-pepper noise. Therefore,
we choose to use median filter for image processing[12].
After that, the beam spot becomes to Fig. 2(c).

The noise is removed, and the beam spot distribution
becomes clearer, but the beam spot is not in the central area,
and different beam spot pictures are distributed in different
positions, which is not helpful for PCA. Therefore, we need
to move all The beam spot to the central area. Based on the
information collected by beam position monitor(BPM) in
the experiment, we move the beam spot, and the obtained
beam spot is shown in Fig. 2(d). In this way, our model can
concentrate to analyze the distribution of beam spots.

At this time, the beam spot is very clear. However, due
to the relatively small amount of data, high resolution is not
helpful for prediction. Therefore, we appropriately reduce
the resolution and adjust it to 50*50. The final beam spot
obtained is shown in Fig. 2(e).

After obtaining the beam spot, we perform PCA on them,
and the obtained dimension weight is shown in Fig. 3. The
dimensions with a weight greater than 0.1% are only the
first 15 dimensions, and the sum of their weights is 99.25%.
Therefore, we choose to use these 15 dimensions for predic-
tion, and the distribution of these dimensions is shown in
Fig. 4.

pea dims weight

weight percenlage

Figure 3: PCA dimension weights.

PCA first 15 dims
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Figure 4: Real beam spot PCA.
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Next, we verify the ability of the first 15 dimensions of
PCA on rebuilding the beam spot, the comparison results
are shown in Fig. 5.

Figure 5: PCA reduction ability.

It can be seen that the 15 dimensions are sufficient to
express most information of the beam spot. Then, parallel
prediction based on residual error is applied. We set the
maximum number of parallelism to 4, and predict the four
dimensions with the largest residual error each time.

Due to the relatively small amount of data, in order to
prevent from over-fitting, we use a neural network with small
size. After optimization, the final neural network structure
is obtained, which contains three hidden layers, each layer
contains 20 neurons, and the activation function is TANH,
the initial learning rate is 0.001, and it decreases by 0.1%
every 100 epochs.

After 200 times of parallel training, the accuracy of the
validation set does not decrease. The training process is
shown in Fig. 6.

Figure 6: Training process.

The predicted results are shown in Fig. 7. Here, we intro-
duce CORR to represent the similarity between the predicted
beam spot and the real beam spot. See (1) for its definition.
The closer the value is to 1, the higher the image similarity
is. In our predictions on the test set, we can see that their
CORR values are very high.

mn(Amn - A) (an - B)
V Gnn Ay = )2) (un (B — B)?)

CORR =

ey

For comparison, we try to directly use the neural network
for prediction, choosing the same neural network structure
and data segmentation, the obtained test beam spot predic-
tion results are shown in Fig. 8.

The average similarity of the test set of the traditional
method is 0.9447, and the minimum similarity is 0.8071.
The average similarity of the test set under the new method

WEPA109
2910

ISSN: 2673-5490

JACoW Publishing
doi: 10.18429/JACoW-IPAC2023-WEPA109

Figure 7: PCA prediction result.
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Figure 8: Direct prediction result.

combined with PCA is 0.9728 , and the minimum similarity
is 0.8203, which are significantly improved compared to the
traditional method. In terms of the number of parameters
that need to be trained in the neural network, the traditional
one needs to train 53,460 parameters in total, while the new
method only needs to train 14,715 parameters. The new
method needs to train fewer parameters, while it achieve
higher prediction accuracy.

SUMMARY

In this paper, we proposed a PCA-based parallel prediction
method for the prediction of high-dimensional parameters
such as beam spots. Since the target parameters are not dis-
tributed arbitrarily, dimension reduction can be performed,
and then only a small number of dimensions are needed to
be predicted. The method is applied on experiments data,
and good results are obtained. In the experiment, the direct
prediction and the prediction method combined with PCA
were compared, it was found that fewer parameters is needed
to achieve better prediction results with the new method.
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