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Abstract

An expert system, utilizing an Artificial Neural Network e vomes raau vee
(ANN), is under development. The ultimate goal of the Bigeiron

project is the "one-shot” transversal emittance estimatior
of the e-beam in the 100-keV line of the IASARace-

track Microtron. Input data consists of two video grabs = e i
from view screens, as well as the value of the current in & =t %ﬂ%ﬂﬁﬁm
solenoid located between them. Simulations of the line, us-|| [~ ||*2=& g e cm Htj
ing the PARMELA code, have been providing training and ~& Dl 0 H

test data to optimize a neural network. Current progress in ®

the project, including the response of the system to real-
world data and the automation of data feeding, will be dis-
cussed in the paper.

1 INTRODUCTION

The Diagnostic Line (T-line) at IASA is designed in sucRigure 1. The 100-keV and the Diagnostic Line for mea-
a way that allows the determination of the transverse emstring the Transverse Emittance

tance using at least two different procedures [1]. One tech-
nigue is to use all three wire scanners without varying the
excitation of any optical element. Another possibility is to
vary the excitation of a lens and measure the modified beam
size in the wire scanner situated downstream this lens. In
this paper, another method based on the digitized image
of the beam profile on two successive view screens is de-
scribed. To avoid any nonlinearities in the resulting beam
intensity, an artificial neural network is used.

Wire Scanner

2 THEMETHOD

The system of two successive view screens and a lens-wire

scanner (VS3-L6-VS4-WS1) at the 100-keV line (Figure Eigure 2: Emittance measurement with a wire scanner and
is used to determine the electron beam transverse eigits excitation

tance. The classical and most accurate method with the

lens-wire scanner combination will serve also as a Ch%ce (from lens to the wire Scanner) is written as
for the network results. Both methods are described in the

following. _ . _ (1 dyN [ S1 Si2
’ Msys = Mp ML_(O 1) (521 522)
21 Classical Method with Wire Scanners where Mp refers to the drift space of length d add;,

represents the effect of the lens L. Taking as an example
The L6-WS1 system is used to determine the transveiRe x-plane then, for each value of the lens excitation, and
emittance with the classical method. In this case, the Iégsuming uncoupled Xx- and y-planes, the measured beam
is excited and the modified beam size is measured with ##€z> and divergencé, at the wire scanner location are

wire scanner situated downstream the lens (Fig. 2). ~ expressed via the size and divergencé, at the lens lo-
The beam transfer matrix for the system lens + drff@tion by the equation:
1 ' (5 )= (5 )= (o ) (5))
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where the transfer matrix M has the form: Therefore, the network architecture used in this case has
a total number oii72 = 82 + 82 + 8 input nodes corre-

sponding to both view screens and the lens excitation re-
spectively. The output nodes are always two, one for the

The first of these equations gives a linear dependenda for Norizontale, and one for the vertical, emittance.
as a function ofz; for different values of measured beam

(haa i )= (28 725

profilesz, and lens lens excitation: 2.3 Neural Network Training
6, = _ Su + dSQlwl L The JETNET package has been used to make the network
S1s + dSaz S12 + dSas training [3]. It consists of fortran (F77) subroutines with

a large number of learning algorithms, learning parameters
and various other tools for performance and error control
of the network. Here, a multilayer architecture with a max-
imum of four (two hidden) layers and the back-propagation
updating (standard gradient descent) are used.

A set of measurements thereforexsf as a function of the
lens current encloses the beam transverse phase space
sulting in the form of a polygon.

A6,

x, =%, 0}

Figure 3: The enclosed area by the funcian= 6, ()

VS4
The closed area can be further approximated by an el ¢ — g
lipse which defines the transverse emittance of the bear & -
This method has been extensively used with the L6-WS1 ’ 3
lens-wire scanner combination (Fig. 1) to determine the E
emittance of the 100 keV beam at IASA [1] [2]. 43

2.2 The View Screen Method :

The alternative method used here utilizes the two succes
sive view screens VS3 and VS4 of the 100 keV beam line
(Fig. 1). Both are fluorescent view screens viewed by TV
Vidicon cameras from ultra high vacuum view ports. The
captured image can be digitized and the result is used as ir.
put to an artificial neural network. The ultimate goal of this
technique is the “one shot” transverse emittance estimation Figure 4: Projection of a training set on VS3 and VS4
of the electron beam in the 100 keV line during beam tun-
ing or optimization procedure. The method could also be Two different sets of training data were created with the
used in other beam line locations by combining any pair 0PPARMELA simulation program [4]. The first, with 6440
view screens. Intensity nonlinearities in the captured imsamples, has been exclusively used for the network train-
ages is supposed to be correctly handled by the network.ing, while the second one, with 1000 samples, formed the
In the present situation the neural network input consistisasis for the network control and comparison between dif-
of the projected intensity across the x- and y-axis plus thierent network architectures [5]. Free parameters in the
lens excitation. Making an optimal compromise betweesimulated samples are the input transverse emittamges (
position resolution and number of input nodes, the image,) and the lens current. A typical network input of a beam
bining was fixed to a square of 41x41 bins, resulting tdmage formed on the view screens VS3 and VS4 is shown
41+41 input nodes for each view screen (1 bin = 0.40 mmjn Figure 4.
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3 RESULTS 4 Layer (172,80,30,2) Network

5 08 ;0.8
With a fixed network architecture consisting of two hidden 7
layers with 80 and 30 nodes respectively, the normalized
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deviation 04 04
enet —; 02
€; 0
for both x- and y-emittance is shown in Figure 5. T 0.2
value is the network output after training, while therep- —0.4 _
resents the emittance true value. For an input emittance _,; Y
range 1-77 mm mrad the deviation is better than 12% I T N S
in both directions. The strong dependence on the absolute 100 200500 400 A O mmad)
emittance value can be easily traced back to the finite posi- o= o8
tion resolution of the bining. & os £ o
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Current work of this project is now focused on the sys-
tem response to real data. The combination L6-WS1 is
used, as described above, to gain the “real” emittance value.
An automatized procedure for the beam operator has al-
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| ¢ ready been designed and is under development.
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N 4 CONCLUSIONS
2 A B
) j ) _z: The above described method of the transverse emittance

s o os Toozr \j‘ N estimation based on digitized images from two successive

o ' ' view screens gives very promising results. Although this

) o ) ) method can not be compared in accuracy with classical
Figure 5: Network prediction results for a fixed architecturgnethods based on beam profile measurements with wire
with two hidden layers scanners, it can be proved useful in cases where a very

] o ) ?uick estimation is required.

In Figure 6 the same deviation is shown as a function o
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