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Abstract

We present a novel method to perform gamma-ray spectroscopy suitable for
extreme pileup situations, wherein traditional pulse-height spectroscopy is
infeasible or impractical. One example of such application is spectral charac-
terization of intense laser-based radiation sources that employ laser wakefield
acceleration, in which a large number of photons can be produced in a well-
collimated beam on a picosecond or shorter timescale. The method relies on
the angularly-resolved calorimetric measurement of Compton scattering. The
probability for a photon to undergo Compton scattering into a given solid an-
gle is a function of its energy and is described by the Klein-Nishina formula.
By first Compton scattering the incident beam and then measuring the total
energies deposited in multiple detectors placed at various scattering angles,
the incident beam energy spectrum can be reconstructed without resolving
the individual events in detectors. We compare the performance of an maxi-
mum likelihood expectation maximization algorithm with that of an artificial
neural network to measure the energy spectrum of a beam of monoenergetic
gamma rays from *”Cs decay. We demonstrate that the method can be used
to reconstruct the characteristic inverse Compton scattering spectra.
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1. Introduction

Intense pulsed sources of energetic electrons, such as those based on laser
wakefield acceleration [1], hold promise for a number of applications in sci-
ence, industry, medicine, and security [2]. One of the distinguishing features
of those new sources is their short pulse duration, which produces a high
peak radiation flux. These sources can be further used in conjunction with
bremsstrahlung converter targets or inverse Compton scattering (ICS) [3] to
produce high-energy X rays. In ICS, the X rays can be quasi-monochromatic,
continuously tunable, and produced in a well-collimated beam [3]. Typical
ICS pulses can contain O(10%) or more photons within the span of a few ps
or shorter [4]. No available single- or few-segment detector can resolve in-
dividual photons for pulse-height spectroscopy under those conditions while
operating efficiently, i.e., requiring a single or few pulses to determine the
pulse spectrum. Instead, an efficient detector would record a single, large
sum-pulse corresponding to the total energy deposited from many nearly si-
multaneous photon interactions. As a result, directly resolving the spectrum
is not possible using a traditional method, where the energy deposited in each
interaction event is measured separately. To date, ICS spectra have been
calculated from the measured spectra of the electron beams used in ICS [5],
by analyzing the beam transmission through a series of lead filters [4] and
similarly a stacked calorimeter [6], by Compton-scattering the beam and per-
forming magnetic spectroscopy on the Compton electrons [7], and by using
an on-axis array of Csl scintillators, and comparing the resulting distribution
of scintillation light to simulation [8, 9]. Additionally, a method of directly
measuring Compton-scattered photons at a single angle of scatter has been
demonstrated [10], but this approach relies on high detector segmentation to
prevent pileup and has low efficiency, since scattering is measured only at
a single angle. We propose a new method that utilizes Compton scattering
to reconstruct the photon energy spectral characteristics through analysis
of the aggregate angular distribution of Compton-scattered photons measur-
able on a single shot and relating it to the known Klein-Nishina differential
cross-section (KNDCS).

2. Theory

2.1. Klein-Nishina differential cross-section
The KNDCS, o(E, ), describes the probability for a photon of energy
E to scatter into a differential solid angle and is dependent on the incident
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photon energy E and its scattering angle 6 [11]:

1 2 1+ cos?d a?(1 — cos f)*
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(1)

where Z is the atomic number of the scattering atom, 7§ is the classical
electron radius, and a = E/myc? is the photon energy normalized to electron
rest mass equivalent energy. Representative shapes of the KNDCS for several
incident photon energies ranging from 1 keV to 10 MeV are shown in Fig. 1.
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Figure 1: The Klein-Nishina differential cross-section shapes for photons of various energies
scattered off a hydrogen atom. The photon is incident at & = 0 and cross-section is
measured in m?. For heavier atoms, the magnitude of the KNDCS changes, but the shape
is invariant for a given photon energy. Higher energy photons are much less likely to
undergo a high-angle scattering than lower energy photons.

A Compton-scattered polychromatic beam yields an angular distribution
that is a superposition of the angular distributions from all spectral compo-
nents that comprise the incident beam. For a continuous energy spectrum of
incident photons collimated into a beam and described by f(E) = dN/dF,
the number of photons scattered at an angle 6, D(0) = dN/df is

D(0) = /U(E,G)f(E)dE, (2)

14+ cos?20)[1 4+ a(1 — cosb)]

)
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neglecting photons that undergo multiple scattering. A photon with incident
energy F scattered at angle 6 has an energy

E
(1+a)(1—cosh)’

E'(E,0) = (3)
and thus the differential scattered photon energy flux ®5(0) = dW/dQ2 inci-
dent on a point detector placed at an angle 0 is

() = / o(E,0)E'(E,0)f(E)dE. ()

The energy flux incident onto a detector placed at an angle 6 is determined by
an energy-integrated product of the angular distribution of scattered photons,
the energy of scattered photons (which is also a function of angle and initial
photon energy), and the incident beam energy spectrum f(FE). As a result,
the shape of the angular distribution of Compton-scattered photons contains
information about the energy spectrum of the incident beam.

2.2. Detector array response

The response of a detector depends not only on ®g(6), but also on its
intrinsic efficiency and characteristic response function. We considered the
response of a 14-detector scintillation array exposed to a scattered polychro-
matic photon beam. Once discretized, the array response can be modeled
as

A X b
11 - Q1n X by (5>
Q141 -+ QAu4an T, b4

where A is the detector array response matrix, in which a,; is the light
output in detector ¢ per photon entering the system at energy 7, x, is the
number of photons in energy bin n, and b is the total light output of the
kth scintillation detector, which is assumed to be proportional to deposited
energy. In this formulation, A is determined from modeling and simulation,
while the light output b is measured experimentally. The objective is to

4
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reconstruct the binned energy distribution x. The expected light output in
detector ¢ in terms of A and x is given by

bl' = a;1T1 + A3 22 —+ ...+ A nTn. (6)

Note that the number of energy bins n in A and x must match but is not
constrained by the number of detectors.

2.3. Solution algorithms

The response matrix, A, has a high condition number
(~10* for 14 energy bins), rendering a direct and accurate solution through
matrix inversion challenging [12]. Among the methods commonly applied to
ill-conditioned inverse problems, least squares, regularized least squares [13],
singular value decomposition [14], and Tikhonov regularization [15] were
considered. While several of the methods are effective in simulating a large
(>60-detector) array, they all failed with an array of more practical size
such as was employed in the experimental component of this study. Another
method of solving inverse problems is the maximum likelihood expectation
maximization (MLEM) algorithm [16, 17]:

k m

Y Aijbi

J - m . n R
> i1 Aij — > i Auy

T

(7)

where 2 is an initial guess, here chosen as a flat positive spectrum with 100

photons/bin. This method is desirable because it does not require a priori
knowledge of the solution, making it capable of solving general problems. The
MLEM algorithm achieved the most accurate spectral reconstruction of the
linear solvers we compared, but it was sensitive to noise in the measurement
vector b. Another tool that can be used to solve problems of this type is
an artificial neural network (ANN). While the ANN functions as a “black
box”, its ability to recognize patterns in the pairings of x and b vectors
still relies on the same physics described in Section 2. Furthermore, the
ANN demonstrated more tolerance to noise in the measured light output
of the array detectors than the MLEM algorithm and was more successful
in correctly reconstructing spectral shapes. The performance of an ANN is
compared to that of the MLEM in Section 5.1.
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3. Simulation

3.1. Response matrix

A model was developed and the response matrix was simulated in the
Geant4 framework [18]. Response matrices were generated for 14, 50 ,100,
250, 500 and 1000 energy bins. Two examples of the calculated response
matrices are shown in Fig. 2. The light measured in a scintillation detector
was assumed to be proportional to energy deposited, since the detectors used
in the experiment were previously found to exhibit a good linearity over the
energy range considered [19]. Two sets of response matrices were generated.
The first was made to simulate the monoenergetic experiment described in
Section 4.2; 4 x 10! photons with a flat energy spectrum in the range of 0
2000 keV were simulated. The incident photons were generated isotropically
within a solid angle of 0.224 sr, such that the entire scattering target was
illuminated. As described in Eq. (5), the response matrix was filled such
that bin a;; was the sum of all energy deposited in detector i by photons
in energy bin z;. Lastly, each bin was normalized to the number of photons
within that energy range that were incident on the detector system. As
expected from the shapes of the KNDCS at various energies (see Fig. 1),
higher-energy photons preferentially deposit energy in detectors placed at
shallower angles with respect to the incident photon direction (see Fig. 2).
The second set of response matrices was generated under the same conditions
described above, except the photons were emitted in a pencil beam instead
of quasi-isotropically, which more accurately reflects the characteristics of an
ICS beam. For the simulation to match the array response, it is necessary
to include smearing and trigger thresholds. An event has a probability of
triggering the detector that depends on the detector resolution and trigger
threshold. For very low energy incident photons, this is impossible, which
explains the empty bins in the low energy region of the 500-bin response
matrix shown in Fig.2.

4. Experiment

4.1. Array design

An organic liquid scintillator (2”7 x2” cylindrical Eljen EJ-309) was cho-
sen as the scattering target to strike a balance between scattering efficiency
and minimizing the fraction of events that involve double scatters and pho-
toelectric absorption [20]. The detector array comprises 14 positions for a
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Figure 2: Simulated response matrices of (left) 14 and (right) 500 energy bins for a 14-
detector array with 4 x 10'° incident photons in the range of 0-2000 keV. Detector 1 is
located at a scatter angle of 12° with respect to the incident direction, and detector 14 is
at a scatter angle of 168°, with detectors spaced at 12°.

2”7 x4” x16” Nal(T1) scintillator, with lead shielding placed between them to
prevent crosstalk. The detector positions were arranged at 12° spacing with
an uncertainty of £2°, from 12° to 168° (see Fig. 3). The distance between the
source and the target was 0.75%0.05 m, and the distance between the target
and array detector face was 1 +0.05 m. The fundamental tradeoff arising in
an experimental design that employs a fixed number of independent detec-
tors (pixels) is that between efficiency and fineness of angular sampling. A
statistically significant number of photons must be detected at each detector
position. Thus, the expected intensity of the incident signal informs the con-
straints of the experimental geometry [10]. At the cost of increasing complex-
ity, additional array detector positions could be used. A three-dimensional
array could be constructed, sampling much of the sphere surrounding the
target. Increasing the number of detectors will likely improve the accuracy
of spectral reconstruction by reducing the impact of noise in the signal of
each individual detector, but this requires an additional systematical study.

4.2. Ezxperimental setup

For a single-shot measurement using this technique, careful calibration
of the response of each array detector would be necessary. For this proof-
of-concept experiment, we used a single detector and took a separate mea-
surement at each position. The primary difference between measuring a
single detector position at a time and using the entire array simultaneously

7
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Figure 3: (left) A schematic of the experimental setup with an EJ-309 scattering target and
14 detector positions for a Nal(T1) array detector. A photon is scattered from the target
detector to detector 3. The source is inside a lead housing to shield the array detectors
from direct exposure, and the detectors are shielded to prevent crosstalk. A coincidence is
required between the target and a single array detector for the event to be counted. The
light output of the array detector was integrated across the entire measurement time to
simulate pileup. (right) A photograph of the experimental setup, with the array detector
in position 1.

is the chance for a photon to scatter from one array detector to another, or
crosstalk. Each detector position had two inches of lead shielding it from its
neighbors to minimize crosstalk. In a full-array simulation of 10® 661.7-keV
photons, no photons deposited energy in multiple array detectors; therefore,
the effect of crosstalk is negligible for the energy range used in this experi-
ment. The trigger threshold was set to 12 keV for the target detector and
18 keV for the array detector. These thresholds were chosen to minimize
low-energy events from background while still counting the lowest-energy
true events. A 661.7 keV photon scattered from the target detector into
the array detector at the shallowest angle (12°) deposits only 18.2 keV of
energy into the target detector, however a lower threshold was required to
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account for the low energy resolution of EJ-309. Similarly, a 661.7 keV pho-
ton scattered into the array detector at the largest angle of scatter (168°)
deposits up to 185.8° of energy. The measurements were taken with the tar-
get detector operating in coincidence mode with the array detector, with a
96-ns coincidence window. Data acquisition was performed using a CAEN
V1725 digitizer with DPP-PSD firmware and the CAEN CoMPASS software.
Six-hour measurements were taken using a 3"Cs source with an activity of
62 + 5 nCi. The source was collimated to minimize direct irradiation of the
array detector (see Fig. 3). During a 6-hour measurement, approximately
5x 107 gamma rays were incident on the scattering detector. This integrated
fluence was chosen to be representative of an ICS shot, wherein estimates for
photon yield in practical experiments range from 107 to 10 [21, 22].

4.3. Data

The total energy deposited in each detector was calculated by adding the
contributions from each pulse and subtracting background (including chance
coincidence). The background was estimated by averaging the number of
counts in each energy bin within the background region shown in Fig. 4, then
multiplying that number by the width, in ns, of the integration region for
that energy bin. The integration region boundaries were established by visual
inspection, except for the high-energy limit, which is set to be 20% above the
expected photopeak for each angle of scatter. The integrated light output for
each detector position is plotted along with the results of simulation in Fig. 5.
The uncertainty of the angle of scatter is 2°. The uncertainty for simulated
integrated light output was determined as the standard deviation of five
repeated full-array simulations of 5x 107 661.7-keV photons. The uncertainty
for experimental integrated light output, b; in detector ¢, is assumed to be
determined by statistics, ¢.e., proportional to the uncertainty in the number
of counts N:

8b; = bi /NN (8)

5. Results

5.1. Monoenergetic experimental spectrum
In order to quantify the quality of reconstruction, we use cosine similarity
between the discretized true and reconstructed energy spectra. The cosine

9
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Figure 4: The light output spectrum for the array detector at a scatter angle of 36° as a
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similarity of two vectors A and B is given by

e similarit A-B ()
cosine similarity = —————,
[A[[[B]

where a score of 0 indicates perfect orthogonality, and 1 parallel vectors.
Cosine similarity is a stringent metric of comparison for high-dimensionality
vectors, as it can assume a value of 0 for solutions that are off by a single en-
ergy bin. To add context, the weighted average energy of each reconstruction
vector is also provided. Weighted average energy is calculated as

P— % (10)
i=1Li

where n is the number of energy bins, z; is the number of counts in the *®
energy bin, and F; is the center of the bin in keV.

10
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Figure 5: The experimental and simulated integrated light output for a 14-detector array
exposed to a scattered beam of monoenergetic 661.7-keV photons from a 62-uCi 37Cs
source for 6 hours.

5.1.1. MLEM Reconstruction

The MLEM algorithm does not prioritize any particular spectral shape
but rather seeks to minimize the error between experimental light output and
the response matrix prediction. As such, the MLEM algorithm sometimes
finds solutions with a large number of low-energy photons, such that the
reconstruction is unrealistic. In order to prevent the MLEM algorithm from
finding these solutions, we constrained the bottom 5% of energy bins to the
value of 100.

The results of the MLEM reconstruction are shown in Fig. 6 and sum-
marized in Table 1. In general, the MLEM algorithm fails to reconstruct a
monoenergetic spectrum, with more finely-binned response matrices result-
ing in noiser reconstruction. However, all reconstructions with under 500
energy bins produced a weighted average energy within 3% of the true value
after 2.5 x 10° iterations, and for 500 and 1000 energy bins, within 9%. Thus,
this analysis technique is suitable for determining the energy centroid of a
monoenergetic or quasi-monoenergetic spectrum.

11
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Table 1: The performance of MLEM and ANN reconstruction of the spectrum of a mo-
noenergetic *7Cs source.

Energy bins Cosine similarity Weighted average (keV)

MLEM ANN MLEM ANN

14 0.8008 1.0000 667.3 642.0

50 0.0000 1.0000 667.0 659.0

100 0.0000 1.0000 673.6 668.6
250 0.0000 0.8728 676.7 658.2
200 0.0000 0.0519 720.2 672.2
1000 0.0000 0.0000 711.4 644.4

5.1.2. ANN Reconstruction

Simulating a sufficient quantity of training data in Geant4 to train a
neural network is computationally prohibitive. Instead, we created synthetic
light output data for the detector array from random monoenergetic spectra,
as described in Eq. (5), by multiplying the response matrix and spectra. To
make the data realistic and to avoid repetition in the training data set, we

then added Gaussian noise to the measurement vector b, with a signal-to-
noise ratio (SNR) of 40. We calculate SNR as

SNR = b;/c,, (11)

where b; is the expected value of the light output for array detector ¢, and o,
is the standard deviation of the noise. The network was built using the Keras
library [23] according to the specifications listed in Table 2. The results of the
ANN reconstruction of the 37Cs spectrum are summarized in Table 1 and
shown in Fig. 7. The network was successful in reconstructing the spectrum
with coarse energy bins, but the performance degraded as the number of
bins increased. It should be noted that the larger response matrices had
lower numbers of counts in each energy bin, and were therefore noisier (see
Fig. 2). It is possible that if additional computation time is spent to generate
smooth, finely binned response matrices, reconstruction with larger numbers
of energy bins can be achieved.

5.2. ICS spectral reconstruction from synthetic data

The spectral shape of ICS X rays is a function of, among other parame-
ters, electron beam energy, electron beam divergence, and laser bandwidth.

12
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Figure 6: The results of spectral reconstruction using MLEM after 2.5 x 10° iterations
with a variety of sizes of response matrices. The true incident spectrum consists of mo-
noenergetic 661.7-keV gamma rays from '37Cs. While the reconstruction of spectral shape
is poor, the average energy was within 3% of the true value for 14-250 energy bins, and
9% for 500 and 1000 energy bins.

The electron beam energy primarily affects the energy centroid, while both
the electron energy spread and laser bandwidth affect the width of the X-
ray energy distribution. For training the neural network we simulated the
ICS data by a random distribution of two parameters: a monoenergetic elec-
tron beam in the range of 175-275 MeV and a transform-limited 0.1-10 ps
laser pulse. We then calculated the corresonding ICS spectrum according
to the method described in Ref. [24]. The spectra are quasi-mononergetic
and characteristically asymmetrical, with a low-energy tail. Unlike the mo-
noenergetic spectra used to train the network in Section 5.1.2, the training
data varied not just by centroid, but also by their width. The training data
were constructed in a manner similar to the training data for the monoen-
ergetic reconstruction. The randomized spectra were multiplied by response
matrices of various sizes to obtain the light output for each detector in the
array. The settings used to train the network are shown in Table 3. The
test data - which the network did not see during training - were constructed
through direct simulation. This was computationally feasible because the
testing dataset can be much smaller than the training dataset since it is only
used to evaluate the quality of the neural network. First, a random ICS
spectrum was generated as described above and then used to create a prob-
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Figure 7: The results of spectral reconstruction using ANNSs trained with data constructed
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bins. The true incident spectrum was monoenergetic 661.7 keV photons from 37Cs. The
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Table 2: The ANN settings used to reconstruct the monoenergetic experimental spectrum.

Setting Value Note
Size of training dataset 5 x10%* Constructed with an SNR of 40
Epochs 20
Batch size 64
Hidden layer 1 28 nodes Sigmoid activation
Hidden layer 2 40 nodes Sigmoid activation
Output layer 1 node/energy bin Sigmoid activation
Loss function Mean squared error
Optimizer Adam Learning rate: 0.001

* training dataset size was 107 for 1000 energy bins.

s2  ability density function. Primary particles in the simulation were created

%3 with energy sampled from this distribution. The number of photons simu-

xs  lated was varied and smearing was applied to the detector response to create
light output spectra with different amounts of noise.

Table 3: The ANN settings used to reconstruct the ICS pulse spectra.

Setting Value Note
Size of training dataset 10° No artificial noise added
Epochs 50
Batch size 64
Hidden layer 1 28 nodes Sigmoid activation
Hidden layer 2 200 nodes Sigmoid activation
Output layer 1 node/energy bin Sigmoid activation
Loss function Mean squared error
Optimizer Adam Learning rate: 0.001
265
266 Figure 8 shows reconstruction of ICS pulses using an ANN trained with

7 a response matrix of 1000 energy bins. For each case, five pulses were sim-
xs Ulated, each with the number of photons indicated. Reconstruction was
xw0 performed on each, and the results were averaged. The error bars are the
oo standard deviation of the five reconstructions. In each case, the cosine simi-
o larity was above 0.9.

272 It is important to note that due to the highly collimated nature of an
a3 ICS beam, the 1000 energy-bin ICS response matrix was much more efficient

15
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similarity: 0.9197) and (c) 107 photons (cosine similarity: 0.9537). The error bars are the
standard deviation from the reconstruction of five pulses.
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to simulate than for the isotropic source, and thus had more consistency
between bins. This likely contributed to the better performance of the finely-
binned reconstruction when compared to the experimental reconstruction of
an isotropic monoenergetic 37Cs source.

6. Conclusion

We demonstrated a novel technique that could be used to resolve gamma-
ray spectra in a high pileup environments. The spectrum of a monochro-
matic beam of 662-keV gamma rays was reconstructed using two methods.
The MLEM method was more consistent in reconstructing the average en-
ergy of the spectrum with coarsely-binned response matrices, but failed to
reconstruct the monoenergetic shape. The ANN method was better at re-
constructing the spectral shape for response matrices of 250 bins and fewer,
but was still unsuccessful when more finely binned response matrices were
used. The method was used along with an ANN to reconstruct simulated
ICS pulses consisting of 107-10® photons with a cosine similarity above 0.9.

7. Future Work

This technique may be well-suited for short-duration, high-intensity mea-
surements, like an ICS pulse. However, in order to use Compton array spec-
troscopy in this application, additional studies are required. The array must
tolerate the electromagnetic pulse associated with ICS shots. The scintil-
lator and light sensor (e.g., photomultiplier) response to large sum-pulses
needs to be well understood. Among the possible sources of nonlinearity are
photocathode bleaching and dynode space charge effects [25]. In some situ-
ations, filters between the scintillating crystal and photocathode [26], PMTs
that operate with low gain [27], or low light-producing detectors [28] may be
needed to avoid saturation, all of which could be accounted for in response
matrix generation.

In our work, the scattering target was chosen to be a detector so that
we could use coincidence between the target and array to filter out back-
ground for our long measurements. However, in a short-pulse measurement,
the target need not be a detector, but could be an inert object optimized
for efficiency of Compton scattering. For instance, a hydrocarbon target
would have favorable Compton scattering properties while minimizing pair
production.
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Additionally, experimental work with larger arrays should be performed
to confirm that more precise and accurate results are achievable.

Lastly, the parameter space for the an ICS beam is large, and we have
investigated only a fraction of it here. For instance, the photon energy in
an [CS beam can be broader than we considered, and can have an angular
dependence [29] that we did not model. This technique should be investigated
for stability under these conditions.
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