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B Introduction B Experimental layout
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B Deep learning application on silt-scan images processing

B Dataset preparation based on Astra simulation B Beamlet signal VS Noise

Steps:

1. Total particles number: 100,000 with somehow random parameters;

2. Cut beam into beamlet, slit width 100 um, step 10 um;

3. Every beamlet particles are used as input particles to the next drift space simulation(slit to screen);
4. Record and plot every beamlet particles position at screen position as images from camera;

5. Calculate and rebuild beam phase space at slit position ;

6. Compare calculation results with ideal results.

Noise 1mages

Images ‘7

Beamlet signal images

Some kinds of algorithm,
such as Gaussian fitting;
or by hands

Noise data 1s from experiments with 100 images and random selection to add into beamlet (10% amplitude).
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B Auto-encoder filter in images data processing B Simulation, Experiment results and Conclusions

Encoder Beamlet signal tail cut and simulation results
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Experiment results

Total cases: 2400; 80% for training and 20% for testing. Training time ~30 minutes in PC. 100 images
processing in 5 seconds. In output, if the intensity is negative values, it will be set to zero.
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Conclusions:

The simple image classification network has been constructed and with high accuracy, 98.8%. A ML
filter based on auto-encoder has been trained and tested; Comparing with traditional filters, it is more
efficient and accuracy. However, if the signal-noise ratio is too low which usually happens during the
beginning and ending one or two 1mages in every case, the rms calculation gives huge error. The
solution 1s to cut the tail of beamlet signal.
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To test the series of images of calculating
emittance, the signal-noise ratio of every
image 1s made and will add into images as
their sequence.

noise / beamlet
noise / beamlet

iamge index i .
iamge index

B Acknowledgement

We would like to thank the whole ELBE team for their help with this project.
The work was partly supported by China Scholarship Council, and Fluid
Institute of physics, China Academy of Engineering Physics.

Original emittance: 11.95 um
Traditional emittance : 32.63 um
ML emittance : 16.98 um

images index

Contact: Shuai Ma, Institute of Radiation Physics, Radiation Source ELBE. Email: s.ma@hzdr.de




