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Abstract

Transverse beam imaging in radiation areas can be sup-
ported by relaying scintillation light through a multimode
fiber (MMF) to a camera placed in a shielded area. How-
ever, the MMF scrambles the input, so a trained model is
required to recover the beam distribution. This work studies
a data efficient calibration method in which measured input
and MMF output basis pairs are used as building blocks to
synthesize training data for the reconstruction model. Af-
ter an initial digital micromirror device based validation,
the method was assessed using real beam data from CERN
CLEAR, where data synthesized from a raster scan basis
were used to train a Convolutional Autoencoder. The best
model using this strategy achieved 7.37% mean normalized
root mean square error (RMSE) across four transverse beam
parameters, compared with 6.02% for a random scan refer-
ence model using roughly twice as many fully paired random
scan samples. These results suggest that basis-based syn-
thesis training, when combined with suitable beam image
priors, can reduce reliance on large random scan MMF cali-
bration datasets by replacing part of the calibration with a
controlled scan of fixed size.

INTRODUCTION

In high radiation accelerator areas, transverse beam imag-
ing can be limited by radiation damage to cameras and as-
sociated electronics [1]. One possible mitigation is to relay
light from a scintillating screen through a large-core mul-
timode fiber (MMF) to a camera placed in a low radiation
area [2,3]. However, modal mixing in the MMF scrambles
the spatial intensity distribution, so the fiber output is not
directly interpretable. An inverse reconstruction model is
therefore required. Previous work has shown that Convolu-
tional Autoencoder (CAE) models can reconstruct transverse
beam distributions from MMF output images [4]. A prac-
tical challenge remains the amount and coverage of paired
calibration data required for training. In particular, acquiring
large paired random scan datasets can be time consuming
and may not be convenient for recalibration.

This work investigates whether a measured MMF input-
output basis can be used as a compact calibration source
for synthetic training data. The approach is motivated by
the approximate linearity of the measured intensity mapping
under fixed alignment and acquisition conditions [5,6]. A
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set of measured input patterns and corresponding MMF
output images is used as the basis, and new paired training
samples are generated by linearly combining this basis with
different coefficient maps. The method is first tested using a
controlled digital micromirror device (DMD) source under
LED illumination, where a position basis is used to validate
the synthesis procedure. It is then assessed using data from
the CERN CLEAR facility, where a raster scan basis is used
for calibration and independent beam images are used for
evaluation.

DMD-SOURCE VALIDATION

MMF Intensity Basis

Light transport through a multimode fiber is often de-
scribed by a transmission matrix (TM), which maps an input
optical field to an output optical field. In optics laboratory
systems, such a matrix can be calibrated using an orthogonal
basis, such as a Hadamard basis [7]. For accelerator beam
imaging context, the input is instead an intensity distribu-
tion formed on a screen, so arbitrary optical patterns are
not the most suitable calibration target. We therefore use a
simple position basis, where the transverse distribution is
represented by square blocks on a finite grid. This basis re-
sembles a raster scan and is more directly connected to beam
based calibration. After background subtraction and within
the linear camera signal range, the MMF relay is treated as
a fixed intensity mapping. The synthetic input and output
images are written as
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Here B}}’ is the input square block at grid position (i, f), B;’}"
is the MMF output image measured for that block, and a;; is
the shared intensity coefficient. The same coefficient map is
used to synthesize both input and output images. Ann, xn

y
position basis requires n,n, measured basis pairs.

DMD Setup and Data Synthesis

To validate the position basis method under controlled
conditions, an optical setup based on a DMD was used be-
fore the beamline assessment. The setup follows the same
MMF relay concept shown in Fig. 1, with the scintillating
screen replaced by a DMD. A 680 nm peak emission LED
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Figure 1: Schematic of the MMF relay concept for transverse
beam distribution imaging. The beamline implementation is

shown; for the DMD validation, the same optical concept is
used with the scintillating screen replaced by a DMD source.
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(LED680L) illuminated the DMD and provided the input
intensity patterns. This wavelength was chosen to be close to
the Chromox emission peak around 694 nm, while also pro-
viding incoherent illumination. The light was split by a non
polarising beam splitter (BS031). One arm was recorded
by a reference camera (acA1920-40gm), while the other
was coupled into a 1 m long MMF (FP1500ERT). The fiber
output was imaged by a second CMOS camera to record
the corresponding MMF image. Data were collected in two
stages. First, a 32 x 32 position basis was measured by dis-
playing one square block at a time on the DMD, scanned row
by row. The block intensity was set high enough to improve
the signal-to-noise ratio while remaining below saturation.
This gave 1024 paired basis samples. Second, evaluation
data were collected by displaying measured CLEAR trans-
verse beam distributions on the DMD and recording the
corresponding reference and MMF images.

The synthetic training data were generated from the mea-
sured position basis. A Stochastic Gaussian Mixture (SGM)
model, which samples mixtures of 2D Gaussian components
with varied centroids, widths, and amplitudes [8], was used
to generate diverse beam-like transverse distributions. Each
generated distribution was downsampled to the same 32 x 32
grid as the position basis, giving the coefficient map a;;. The
coefficient map was then applied directly to the measured
basis pairs by index matching, giving paired synthetic input
and MMF output images for CAE training. Using synthetic
training data generated from the 1024 measured basis pairs,
the trained CAE achieved a 1.5% mean normalized root
mean square error (RMSE) across four transverse beam pa-
rameters on the DMD test set. This result motivated the
following assessment with real beam data using the same
basis synthesis concept.

CLEAR BEAMLINE ASSESSMENT

Beamline Raster Scan Acquisition

For the real beam study, the ideal position basis cannot be
produced exactly, because the beam cannot be set to arbitrary
square blocks with perfectly fixed size and intensity. The
practical approximation was to use a focused beam spot on
the Chromox screen as the scanning unit. The raster-scan
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Table 1: CLEAR Beam Parameters Used for Data Collection

Beam configuration Specifications
Particle type e

Beam energy 192-199 MeV
Repetition rate 10 Hz
Bunches per pulse 1-25

Total pulse charge ~500 pC (15 bunches)

spots were approximately Gaussian, with a fitted Gaussian
width o, = 0.90 +£ 0.06 mm on the screen. This spot
size defines the effective spatial scale of the raster scan. The
beam parameters used in the experiment are listed in Table 1.
After tuning to this focused spot condition, a raster scan was
performed line by line using upstream corrector magnets
to vary the beam position on the screen. A second dataset
was then collected using a random scan, where both the
beam position and transverse shape were varied to provide
independent evaluation data.

The optical relay followed the same concept as described
above and shown in Fig. 1. The main difference was that the
MMF length was increased to 15 m, routing the light from
the CLEAR beamline to the upstairs shielded camera area.
In total, 1503 raster scan samples were used to form the
basis. A separate random scan dataset of 4078 samples was
collected for evaluation and reference comparisons. Before
training, 636 samples were held out as a common test set for
all CLEAR results, while the remaining 3442 samples were
reserved for beam image priors and for the directly trained
random scan reference model.

Transverse Beam Distribution Reconstruction

For the CLEAR data, the synthesis pipeline was adapted
because the raster scan basis was measured with real beam
spots rather than ideal square blocks. Each coefficient source
was first reduced to a 23 x 23 coefficient map. This was cho-
sen as a practical compromise between the measured beam
spot size and avoiding intensity saturation in the synthesized
images. Each raster scan sample was assigned a centroid
position on the screen. For each coefficient in the map, the
nearest raster scan sample was selected according to the dis-
tance between the coefficient cell centre and the measured
centroid position. A random jitter of maximum half grid cell
was applied to the coeflicient map before matching. This in-
creased the diversity of the synthesized samples and allowed
more raster scan samples to contribute during training.

The coeflicient maps were obtained from two sources.
The first used the 3442 non-test random scan beam images
as beam image priors. The second used SGM distributions.
A mixed dataset combining both sources was also tested.
For comparison, a CAE was trained directly on the raster
scan samples, and a linear TM baseline was built from the
same raster scan basis. A random scan reference CAE was
also trained using the non-test random scan pairs.

For the best model trained with synthesized data from
beam image priors, representative CLEAR test samples are
shown in Fig. 2. The model is more reliable for single-peak
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Figure 2: Representative CLEAR test set reconstructions
using the CAE trained with beam image prior synthesis. Top
row: reference images; bottom row: reconstructed images.
Orange curves show transverse intensity profiles, dashed
white lines mark centroid positions, and labels give normal-
ized centroid and width errors.

beams with moderate transverse size and centroids near the
image centre, while larger errors are observed for beams
with centroids close to the image boundary, very small or
broad beams, and cases with multi-peak structure.

125 Horizontal centroid |n = 636 125 Horizontal width | n =636
i i median = 1.27% i median = 1.33%
Vertical centroid 1QR = 2.19% Vertical width 1QR = 1.10%

100 - 100 -

75 75

Count

50 50 [

! _//\ °l
0 ‘ 0
-20 -10 0 10 20 -20 -10 0 10 20

Centroid error (% of frame) Width error (% of frame)

1.0 1.0
- Horizontal centroid| .. ey, - Horizontal width

08} - ) 08}
[}
o
2
T 06 06
el
2
% 04} 0.4 .
& &

02} 02}

0.00 0.25 0.50 0.75 1.00 8.00 0.25 0.50 0.75 1.00

Actual beam centroids Actual beam widths

Figure 3: CLEAR test set statistics over 636 images. Top
row: normalized centroid and width error histograms with
Gaussian fits. Bottom row: predicted versus reference cen-
troid and width values, with dashed diagonal lines indicating
ideal agreement.

The test set statistics for the model trained with beam
image prior synthesis are shown in Fig. 3. The width errors
are slightly shifted toward positive values, indicating a ten-
dency to predict larger beam sizes. This is likely caused by
the finite size and Gaussian spread of the raster scan beam
spots: when synthetic samples are formed by combining
these components, the resulting distributions can become
slightly broadened. This remains a limitation of using the
finite raster-scan beam spot as the basis element.

The comparison over different training strategies is shown
in Fig. 4. A pseudo TM formed from the raster scan basis
by least squares fitting is included as a baseline. Among the
basis methods, beam image prior synthesis gives the best
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Figure 4: Mean normalized RMSE on the CLEAR test set for
different training strategies. 0 = (uy, pty, 0, 0y) denotes
all four transverse beam parameters.
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result and approaches the random scan reference, although
the reference model remains better. The SGM based case
performs worse, likely because its coefficient maps do not
fully match the beam distribution and need further tuning.

CONCLUSION

This study first used a DMD setup to validate the position
basis synthesis method for the MMF relay, and then extended
the idea to real beam data from the CLEAR beamline. The
results suggest that a raster scan basis can provide a prac-
tical route toward reducing the need for large random scan
datasets in MMF beam imaging. The model trained with
beam image prior synthesis achieved a mean normalized
RMSE of 7.37% across four transverse beam parameters,
compared with 6.02% for the random scan reference model,
which used roughly twice as many fully paired random-scan
samples. The method also changes the calibration process
from an open ended random scan procedure to a controlled
scan whose size is set by the basis resolution and scan range.
The remaining limitations are that the synthetic coefficient
maps must match the target beam distribution, and that the
finite Gaussian width of the raster scan beam spot limits the
achievable spatial resolution. Future work will investigate
improved SGM tuning with reduced dependence on mea-
sured beam priors, and optical basis calibration using an
external light source as an alternative to beam-steered scans.
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