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Abstract

Objective. This study investigates the use of list-mode (LM) maximum a posteriori (MAP)
expectation maximization (EM) incorporating prior information predicted by a convolutional
neural network for image reconstruction in fast neutron (FN)-based proton therapy range
verification. Approach. A conditional generative adversarial network (pix2pix) was trained on
progressively noisier data, where detector resolution effects were introduced gradually to simulate
realistic conditions. FN data were generated using Monte Carlo simulations of an 85 MeV proton
pencil beam in a computed tomography-based lung cancer patient model, with range shifts
emulating weight gain and loss. The network was trained to estimate the expected
two-dimensional ground truth FN production distribution from simple back-projection images.
Performance was evaluated using mean squared error, structural similarity index (SSIM), and the
correlation between shifts in predicted distributions and true range shifts. Main results. Our results
show that pix2pix performs well on noise-free data but suffers from significant degradation when
detector resolution effects are introduced. Among the LM-MAP-EM approaches tested,
incorporating a mean prior estimate into the reconstruction process improved performance, with
LM-MAP-EM using a mean prior estimate outperforming naive LM maximum likelihood EM
(LM-MLEM) and conventional LM-MAP-EM with a smoothing quadratic energy function in
terms of SSIM. Significance. Findings suggest that deep learning techniques can enhance iterative
reconstruction for range verification in proton therapy. However, the effectiveness of the model is
highly dependent on data quality, limiting its robustness in high-noise scenarios.

1. Introduction

Proton therapy has emerged as a promising cancer treatment modality, offering precise dose delivery and
reduced side effects compared to conventional radiotherapy. This advantage stems from the sharp dose
gradients of the Bragg peak, allowing for reduced entrance dose, virtually no exit dose, and highly localized
deposition of maximum dose to the targeted tumor volume. However, proton therapy’s full potential is
constrained by uncertainties in the proton beam range, necessitating safety margins of several millimeters
around the target. These uncertainties arise from various sources, including patient motion, setup errors,
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anatomical changes, tissue density variations, and Hounsfield unit-to-stopping power conversion
(Paganetti 2018).

Real-time, in vivo, verification of the beam range could potentially reduce these uncertainties (Knopf and
Lomax 2013) and, consequently, minimize the dose delivered to healthy tissue. As such, in vivo proton
therapy range verification has become an active field of research. One of the earliest approaches used
positron emission tomography (PET)-based imaging of 511 keV coincident gamma rays produced by
positron emitters generated by fragmentation of target nuclei in inelastic proton-nucleus
collisions (Enghardt et al 2004). To address the intrinsic time delay in PET imaging due to the half-life of
positron emitters, Stichelbaut and Jongen proposed imaging prompt gamma (PG) rays resulting from
inelastic proton-nucleus interactions (Stichelbaut and Jongen 2003). These interactions leave the target
nucleus in an excited state, which then de-excites by promptly emitting characteristic gamma rays. Several
PG imaging (PGI) systems have been proposed, including PG spectroscopy (PGS), PG timing (PGT), slit
cameras, and Compton cameras (CC) (Polf et al 2009, Moteabbed et al 2011, Bom et al 2012, Smeets et al
2012, Golnik et al 2014, Draeger et al 2018, Hueso-Gonzalez et al 2018). More recently explored is the
imaging of fast neutrons (FNs), also produced in proton-nucleus interactions, for range verification and
assessment of neutron dose distribution in the patient (Marafini et al 2017, Ytre-Hauge et al 2019,
Lerendegui-Marco et al 2022, Ma et al 2022).

The NOVO project, to which this work is related, proposes a novel approach for simultaneous detection
of both PGs and FNs for dose and range verification in proton therapy (Meric et al 2023). This method’s
rationale lies in the increased event counts from observing two particle species, with FNs and PGs providing
complementary information on the proton beam path. FNs are predominantly created earlier in the beam
path, while PGs are generated later, with peak production near the Bragg peak, offering a more
comprehensive view of the dose distribution. The conceptual design of the proposed system, named
NOVCoDA (the NOVO compact detector array) is a densely stacked array of organic scintillator bars
coupled to dual-ended light readout units.

For FNs, the system detects two consecutive elastic collisions with a hydrogen nucleus (i.e. proton), while
for PG rays, it records three consecutive interactions, either three Compton scatters or two Compton scatters
and one photoabsorption interaction. These interactions enable the reconstruction of cone-shaped surfaces
representing potential particle origins. These ‘event cones’ are then back-projected into space to create a
simple back-projection (SBP) image (Wilderman et al 1998b). In this image, areas where multiple cones
intersect indicate a higher probability of particle creation from that region. This approach enables the
creation of a spatial distribution map of the particle production, which can be used to infer information
about the proton beam path and dose deposition.

While an image of the particles’ production distribution can be generated through SBP, this method is
significantly influenced by detector resolution and various sources of ‘noise.” Noise sources include
misidentified particle interactions (e.g. mistaking an elastic collision of a neutron with a carbon nucleus as
an elastic collision with a proton), scattering in the surroundings, and background neutron/gamma
detection unrelated to beam interactions. These factors can lead to blurring and artifacts in the reconstructed
images, potentially compromising the accuracy of range verification. Therefore, more sophisticated
reconstruction and post-processing techniques are necessary to overcome these limitations and fully exploit
the range correlated information provided by FNs and PGs.

Maximum likelihood expectation maximization (MLEM) (Shepp and Vardi 1982) is one of the standard
image reconstruction algorithms used in astronomy and medical imaging, including proton therapy range
verification. To avoid information loss due to data binning, and when dealing with few observed events
relative to the number of available data bins, the list-mode version of MLEM (LM-MLEM) is applied (Barret
et al 1997, Wilderman et al 1998a). A key challenge in MLEM is its tendency to amplify high-frequency noise.
While this characteristic enhances signal quality in low-noise scenarios, it becomes problematic when
significant statistical noise is present (Nuyts and Matej 2014). In such cases, the algorithm indiscriminately
amplifies both signal and noise, leading to reconstructions polluted by undesirable pixel-level fluctuations.
To mitigate this issue, regularization—such as through the maximum a posteriori (MAP) EM algorithm (De
Pierro 1995)—and post-processing techniques are applied. MAP modifies the underlying objective function
by imposing constraints or prior knowledge on the solution to stabilize the reconstruction process while the
latter modifies the image after reconstruction to enhance its quality.

Various methods have been proposed to mitigate noise amplification in MLEM reconstruction. Kim et al
introduced the concept of point spread function (PSF) deconvolution for resolution recovery in CC
imaging (2013). Feng et al improved CC image quality using smoothness a priori information expressed
through total variation (TV) regularization and PSF deconvolution in LM-MLEM reconstruction (2018). TV
regularization enhanced images for ideal data, while combining TV with PSF deconvolution proved more
effective for realistic data, where detector resolution was accounted for. Kohlhase et al demonstrated recovery
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of spatial information in CC images of PGs by Gaussian-kernel smoothing post-reconstruction (2020b).
However, concerns were raised about the impact of smoothing kernels on the accuracy of the estimated
image. Shortly after, they explored various methods to incorporate a priori information from a
particle-tracking device to enhance image quality of a CC designed for proton therapy range

verification (Kohlhase et al 2020a). They introduced a novel approach for regularized maximum likelihood
reconstruction by incorporating observed beam characteristics in a weighted system matrix and restricted
volume approach to LM-MLEM. Their results indicated that while the penalized reconstruction significantly
improved image quality, it also introduced higher statistical noise in the background. This is the only study,
to our knowledge, which introduces proton therapy beam specific information to regularize MLEM
reconstruction.

Deep learning has emerged as a powerful tool for improving image reconstruction. Supervised
pix2pix (Isola et al 2017), a generative adversarial network (GAN)), is one of the models that dominate the
field of medical image processing tasks, such as denoising, deblurring, modality translation, and
reconstruction. A non-exhaustive list exemplifying the architecture’s versatility in medical image processing
tasks follows. Platscher et al applied pix2pix to synthesize magnetic resonance images (MRI) of brain
volumes with and without ischemic stroke lesions as a learning-based data augmentation approach to
improve lesion segmentation (2022), while Nakanishi et al used it to predict computed tomography (CT)
images from PET scans in small animal systems (2021). Sun et al employed pix2pix for low-dose myocardial
perfusion single-photon emission CT (SPECT) denoising (2022), and Wang et al utilized the model to
generate synthetic CT images from MRI for intracranial tumor radiotherapy planning (2022). Fard et al
synthesized SPECT from MRI and PET (2024), and Pandey et al used it to predict optimized dose plans and
post-treatment multiparametric MRI for brain metastases (2024).

The potential of deep learning in enhancing image reconstruction has also been demonstrated in context
of proton beam range verification. Jiang et al explored the use of deep learning for enhanced PG imaging,
focusing on two-dimensional (2D) reconstructions (2023). Xiao et al developed a long short-term memory
network for predicting three-dimensional (3D) PG emission profiles, incorporating relative stopping power
and dose information as inputs (2024). Hu et al proposed a machine learning framework for 3D dose
predictions using positron emitter activity PET-images, integrating anatomical information from CT images
and analytically derived stopping power as supplementary input (2020).

Given the success of deep learning in medical image processing, we explore its application for predicting
2D EN production distributions from low-quality SBP images and demonstrate the potential of using the
predicted FN distributions as a means for treatment-specific regularization of LM-MAP-EM. We train a
pix2pix model to predict the underlying FN production distribution A given a low-quality
SBP-reconstructed image a. The universal approximation theorem suggests that, with sufficient layers and
nodes, neural networks can approximate any function, making them suitable for this complex mapping
task (Scarselli and Chung Tsoi 1998). We formulate the mapping as F(a) = X where F is the mapping
function to be approximated, and use the predicted A to form a prior in LM-MAP-EM reconstruction.

This strategy aims to improve reconstruction quality of the imaged FNs, ultimately enabling more precise
range verification with the NOVCoDA system. Building on previous work (Setterdahl et al 2024) in which a
U-Net architecture was explored, we extend the application to a heterogeneous CT-based patient model,
incorporate detector resolution effects, and explore the use of the pix2pix GAN architecture in this context.
Pix2pix was chosen for its well-documented implementation and its demonstrated performance on image
generation tasks, as discussed earlier in the introduction. The data used in this study was generated through
Monte Carlo (MC) simulations of a proton pencil beam aimed at a patient model with a cancer lesion in the
left lung. Range shift scenarios emulating weight gain/loss of the patient were artificially induced in the
simulations. We demonstrate our method with FN data and train a pix2pix architecture on datasets of paired
ground truth (GT) (target) and SBP (input) images of the simulated 2D FN production distribution. The
pix2pix architecture was trained separately on three such datasets, each with progressively increased noise
levels in the SBP images, introduced through accounting for detector resolution effects in the underlying FN
data. We further apply our method by incorporating the generated image of a trained pix2pix model as a
mean estimate of the prior in LM-MAP-EM.

2. Methods

2.1. Simulations

The FN scatter data used in this study was originally generated by the NOVO consortium for a previous
investigation (Meric et al 2023). The simulations were based on a modified patient dataset from the Lung CT
Segmentation Challenge, available through the Cancer Imaging Archive (Clark et al 2013). A single patient
scan was used, with a proton pencil beam targeted at a central spot in a left lung tumor 3 cm in diameter.
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Figure 1. An illustration of the data generation workflow. (1) Monte Carlo simulations of fast neutron (FN) collisions with
hydrogen nucleus within a plastic detector volume. (1a) The detector volume measures 20 x 30 x 20 cm? and is divided into

20 x 30 subvolumes measuring 1 X 1 X 20 cm®. FNs are generated by interactions of an 85-MeV proton beam, with 10° protons
per beam spot, traversing a patient model. The modeled patient is based on a computed tomography (CT) scan and has a tumor
volume located in the left lung. (1b) Shows the dose deposition from a single proton beam entering the patient model,
superimposed on the CT image. (2) ‘Double-scattered FN” events (neutrons scattering twice in separate subvolumes) are
identified and stored. (3) Detector resolution effects are incorporated into the double-scattered FN event data. (4) FN event
cones, characterized by their vertex a, axis n, and half-opening angle 6, are constructed and projected onto an 400 X 400 mm?
image plane. (5) To expand the dataset and introduce statistical noise, subsets of cone projections (conic sections) are sampled
with replacement from the original dataset. The number of samples in a subset correspond to a beam intensity of 108 protons per
beam sport and 100 subsets are created for each range scenario. (6) Two-dimensional (2D) images of the FN production
distribution are reconstructed by simple back-projections (SBP), along with the corresponding 2D ground truth (GT) production
distribution. A SBP and GT image make up an image pair. The final three datasets, accord with three levels of detector resolutions
introduced in (3), all datasets consist of 22 x 100 image pairs, representing the 100 subsets sampled across 22 range scenarios.

Simulations were performed using Geant4 10.5 (Agostinelli et al 2003, Allison et al 2006, 2016)/GATE v.
8.2 (Sarrut et al 2014), configured with the QGSP_BIC_EMY physics list. The proton beam was simulated
with 85 MeV energy, 4.7 mm full width at half maximum (FWHM), 2.5 mrad divergence, and 10° primary
protons, and was directed posterior-anteriorly towards the tumor center. The number of primary protons
reflects a realistic beam intensity, typically ranging from 10° to 10'° proton per beam spot (Pausch et al 2020).

Twenty-two range scenarios were created using the Medical Interactive Creative Environment (MICE)
Toolkit v 1.1.3 (Nonpi Medical, Umed, Sweden). The patient body was threshold-masked, then eroded or
dilated in £1 mm steps up to =5 mm. Eroded areas were replaced with air, while dilated areas were filled
with water. Additionally, due to voxel size limits, the proton beam energy was reduced by 405 keV to achieve
intermediate 0.5 mm steps. Figure 1(b) illustrates a CT slice of the patient model with the dose deposition
from a single proton beam superimposed on it.

The generated FN emission distributions were stored in phase-space files, which were then used as
sources for subsequent detector simulations. A 20 x 30 x 20 cm® volume, composed of 93% carbon and 7%
hydrogen by mass, was used to represent the NOVCoDA detector volume. In detector simulations, energy
deposition, time, position of interaction were stored for source FNs escaping the patient model and scattering
within the detector volume. FNs scattering within the patient model before escaping were also considered. In
post-processing of the output files, a 100 keV energy deposition threshold was applied and the detector
volume was segmented into 20 x 30 subvolumes measuring 10 x 10 x 200 mm? to emulate scintillator bars
in a detector array, shown in figure 1(a). FNs scattering twice on protons, in unique subvolumes and passing
the energy threshold, were kept while the remaining events were discarded. The number of registered
double-scattered FN events was on order of 10° for a beam intensity of 10° protons per spot.

2.2. Datasets

Pix2pix models were trained on datasets of paired SBP and GT images of 2D FN production distributions.
The dataset generation workflow is illustrated in figure 1. The generated datasets were based on the MC
simulations described in section 2.1. Each step of the workflow following simulations and assembly of
double-scatted FN events (steps 1 and 2) is described in detail in the following sections.

2.2.1. Detector resolution

Detector resolution effects were incorporated into the filtered FN scatter data by the method described

in Setterdahl et al (2024). The detector resolution is determined by the combined effects of energy, timing,
and spatial resolution of the detector element. The spatial resolution of a detector element is constrained by
the transverse dimension of the bar, which in our case is 1 x 1 cm?, and by the depth-of-interaction (DOI)
resolution, which defines the precision of the scattering position along the longitudinal axis. Double
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scattered FN events were assembled before introducing detector resolution effects, and event cones were
constructed afterward. Three noise scenarios were considered: a noise-free, a minimum noise, and a
maximum noise scenario. This comprehensive approach provides a more accurate representation of actual
detector system limitations and uncertainties.

The ‘noise-free’ dataset represents an idealized scenario in FN scatter detection, containing MC truth
values of FN scatters. This dataset provides a baseline for comparison, free from the uncertainties and
limitations inherent in real detector systems. It includes precise information on scatter coordinates, energy
deposits, and interaction times, as simulated by the MC method.

A ‘minimum noise’ dataset was generated by considering only the unavoidable spatial uncertainty
inherent in the detector design. While original interaction coordinates along the longitudinal axis of the
scintillator bar were kept, the coordinates in the transversal directions were adjusted to the center of the bars,
reflecting the discrete nature of the detector elements. However, other resolution effects, including DOI
(i.e. the longitudinal position), energy, and time resolutions, were disregarded. This approach isolates the
fundamental spatial discretization of the detector while eliminating other sources of uncertainty that depend
on the choice of scintillator material and light readout system.

The ‘maximum noise’ dataset simulates realistic detector performance by incorporating all relevant
resolution effects into the originally noise-free data. Coordinates in the transversal directions were adjusted
as in the ‘minimum noise’ dataset. The longitudinal-coordinate was resampled from a Gaussian distribution
with a 10 mm FWHM to account for DOI resolution. Energy deposits and interaction times were resampled
using Gaussian distributions with FWHM:s corresponding to 10% energy resolution and 500 ps timing
resolution, respectively. The chosen resolutions correspond to typical values of experimentally estimated
resolutions for organic plastic scintillators (Sweany et al 2019, Turko et al 2024).

2.2.2. Event cone reconstruction

For a FN scattering twice by elastic collision with a proton within the detector volume, in separate
subvolumes, the incidence angle 6 of the FN in the laboratory frame can be estimated, applying conservation
of momentum and energy, as:

AE

.2
0= —7—, 1
sin Er+ AE (1)
where AE is the energy deposited by the FN in the first scatter and E}, is the scattered neutron energy,
estimated by the time-of-flight (TOF) and distance d between the first and second scatter locations:

,_ 1 (Y
E"_zm”<TOF) : (2)

where m, = 1.6749286 - 1027 kg is the neutron rest mass. With the azimuth angle ¢ unknown, and

@ € [0,2m], possible locations of production of the double scattered FN is restricted to a conical surface,
referred to as an event cone. An event cone can be described by its vertex, defined by the position coordinates
of the first FN scatter; axis, defined by the vector connecting the second and first point of FN interaction, and
half-opening angle 6, which are illustrated in figure 1(4).

2.2.3. Event cone projection

Given a cone with vertex coordinates (ay, a,,a.), whose axis is described by vector components (1, 11y, 1),
and half opening-angle 6, and a plane positioned in xy and parallel to the yz-plane, the conic section defining
the curve created by the intersecting cone and plane can be described by

ny (X0 — ax) +n, (y — ay) +n,(z—a,) =\ [(x — ax)z + (y — a},)2 +(z— az)z} , (3)

where \ = cos 6. Event cones were projected onto a 400 x 400 mm? pixilated image plane, with surface
normal perpendicular to the proton beam axis and facing the detector volume. The pixel dimensions were

1 x 1 mm?. For each range scenario, conic sections of FN event cones were computed. Pixels intersected by a
conic section were assigned a value of 1 unit, and 0 otherwise.

2.2.4. Statistical noise

A SBP image is formed by projecting all event cones onto a common image plane, providing an estimate of
the FN production distribution. Each range scenario is associated with a single set of conic sections (cone
projections). As a result, the initial datasets described in section 2.2.1 yield only 22 SBP-GT image pairs per
dataset. To generate a larger dataset for training, validation, and testing of the pix2pix networks, and to
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Figure 2. The training procedure and architecture of the pix2pix generator (G) and discriminator (D). Dimensions of network
layers are (height, width, channel). In the U-Net, skip connections are a concatenation along the channel dimension.

introduce statistical noise corresponding to lower beam intensity, a conic section subsampling technique was
employed, illustrated in figure 1(5). For each range scenario, 100 subsets of conic sections were generated;
conic sections were randomly sampled with replacement (i.e. bootstrapped (Efron 1979)) from the original
set, which represents a beam intensity of 10° protons per spot. For each sampled conic section, the GT
production origin of the associated double-scattered FN event was stored and later used to generate GT
images. Each subset contained on the order of 10* conic sections, reflecting a reduced beam intensity of 10
protons per spot. A SBP-GT image pair was then generated for each subset, yielding a total of 2200 SBP-GT
image pairs (100 subsets x 22 range scenarios) for each of the three datasets described in section 2.2.1, with
100 distinct realizations of statistical noise for each range scenario.

2.3. Reconstruction with pix2pix

GANSs, introduced by Goodfellow et al (2020), are a class of deep learning frameworks where two models are
trained simultaneously, a generator and a discriminator. The generator learns to produce data that mimics
the training set, while the discriminator learns how to distinguish between ‘real’ and ‘fake’ (generated) data,
driving the generator to improve its outputs over time. Pix2pix, a conditional GAN (cGAN), extends this
concept by conditioning both the generator and discriminator on additional input data (e.g. data labels) to
enable more targeted predictions.

The applied pix2pix architecture comprises two main components, a U-Net-based generator and a
PatchGAN discriminator, and is illustrated in figure 2. The U-Net generator employs an encoder—decoder
structure with skip connections that directly link corresponding encoding and decoding layers. These skip
connections enable better learning of spatial information. For the U-Net generator implemented in this work,
the encoder consists of 6 consecutive down-sampling blocks, each comprising a 2D convolution (Conv2D),
batch normalization, and LeakyReLU layer. All convolution layers use a kernel size of 4 x 4 and a stride of 2.
The decoder consists of equally many up-sampling blocks, each containing a 2D transposed convolution
(Conv2DT), batch normalization (BatchNorm), and ReLU layer. Dropout layers (with 50% dropout rate) are
added to the first three up-sampling blocks after the BatchNorm layer. Following up-sampling is a final 2D
transpose convolution with a single output channel, a kernel with size 4 x 4 and stride 2 and a sigmoid
activation function to ensure output values between 0 and 1. The PatchGAN discriminator (introduced
in Isola et al 2017) evaluates patches of an input image rather than the entire image, classifying each patch as
‘real’ or ‘fake’. The discriminator of the presented work consists of three down-sampling blocks as described
above, followed by 2D zero padding, 2D convolution with kernel size 4 x 4 and stride 1, batch normalization,
LeakyReLU, 2D zero padding, and finally a last 2D convolution layer with same kernel parameters as the
previous. With a receptive field size of 70 x 70 pixels, the PatchGAN outputs a K x L classification matrix
where each entry represents the probability of the corresponding patch being real.

The global objective function for cGANS is:

Lecan (G, D) =E, «[logD (¢,x)] + E. . [log(1 — D(c¢,G(c,2)))], (4)

where we let ¢, x, and z represent the SBP, GT, and random noise input, respectively; the generator and
discriminator are denoted as G and D; where E represents the expected value; and, the generated, ‘fake’
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image is represented by G(c, z). As in the original pix2pix implementation, the random noise is implemented
by activating dropout in the generator layers at both training and test time, and an additional loss function
that penalized differences in generated and GT images is added to the global objective function.

L1 and L2, which compute pixel-wise absolute or squared differences, are common choices of loss
functions due to their computational efficiency, ease of differentiation, and widespread availability as built-in
functions in most deep learning libraries, including TensorFlow (Abadi et al 2015). These loss functions do
not explicitly favor either high- or low-frequency components, but because low-frequency content typically
dominates images, they tend to produce smoothed results that capture broad transitions while neglecting
fine details and textures. An alternative widely used in image generation is the structural similarity index
measure (SSIM) (Wang et al 2004), which is considered a state-of-the-art metric for quantifying image
quality. SSIM is valued for capturing perceptual similarity more effectively than traditional pixel-wise losses
such as L1 and L2. SSIM compares images based on luminance, contrast, and structure using a sliding
window approach and can be expressed as

(Zl‘xﬂy + Cl) (Zaxy + CZ)
(ui +u5+ Cl) (o,% +ol+ Cz) 7

SSIM (x,y) = (5)

where C; and C, are constants, x and y represent the images being compared, ., and i, refer to the mean
intensity, o, refers to the covariance, and o, and o, represent the standard deviation of the pixel values
within a considered window. In TensorFlow’s implementation of SSIM, default parameters include a sliding
window that is Gaussian weighted (with a standard deviation of 1.5 pixels) and has a size of 11 x 11 pixels,
and the constants are C; = 0.01 and C, = 0.03, as in the original SSIM publication (Wang et al 2004). SSIM
ranges from 0 to 1 where 1 indicates that x and y are identical.

In our work, we have chosen an SSIM-based loss function to penalize differences in generated and label
images:

ESSIM (G) =1-—SSIM (G(C, Z) ,x) y (6)

where Lssiv (G) approaches 0 as a generated image G(c, z) becomes increasingly similar to its label image x.
The global objective function of our model is:

G* = argmGinmgx (‘CCGAN (G,D) + kLssim (G)) s (7)

where & is set to 100 (as in the original pix2pix publication) and balances the adversarial and structural loss
terms. The generator and discriminator both have their own loss functions that they aim to minimize during
training, respectively,

L = BCE(1,D(c,G(c)) + £Lssim(G) (8)
and
Lp = BCE(0,D(c,G(c)) + BCE(1,D(c,x)), 9)

where BCE denotes binary cross entropy, and the 1 and 0 correspond to a 2D vector of the same shape as the
PatchGAN output, consisting entirely of ones and zeros.

2.3.1. Dataset preparation
The original images, initially 400 x 400 pixels, were cropped to 128 x 64 pixels. This cropping was necessary
to balance the ratio of signal-containing pixels to non-signal pixels in the GT images. Without cropping, the
PatchGAN discriminator, which uses a 70 x 70 receptive field, would have produced a classification matrix
with a disproportionately high number of entries corresponding to patches with no signal, as the receptive
field covers only about 3% of the original 400 x 400 image area and the signal region is roughly 128 x 30
pixels large. To reduce high-frequency pixel noise, we applied Gaussian blurring to the images. This was
achieved using a 2D Gaussian kernel with a standard deviation of 1 and a kernel size of 20 x 20 pixels.
Following the blurring process, we normalized the images based on their maximum pixel value.

Datasets were split into training-validation and test subsets. Range shift scenarios {—5.5,—5.0, —3.5,
—2.5,-1.0,—0.5,0.5,1.0,2.5,3.5,5.0} mm and {—4.5, —4.0, —3.0,—2.0, —1.5,0.0,1.5,2.0,3.0,
4.0,4.5} mm were allocated for the training-validation and test subsets, respectively. Test scenarios were
specifically chosen as intermediate range shifts between training values (e.g. —4.5 mm falls between the
training shifts —5.0 mm and —3.5 mm) to evaluate interpolation capability across unseen gaps in the
training distribution. The training-validation subset was randomly split into training and validation with a
70:30 ratio. The training, validation and test subset contained 770, 330, and 1100 image pairs respectively.
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2.3.2. Training

The models were trained over a course of 10 epochs, utilizing an early stopping mechanism to prevent
overfitting. An epoch represents a complete pass through the entire training dataset. We employed ‘instance
normalization’ by using a batch size of 1, meaning the model updated its weights after processing each
individual image. The training process performs N steps per epoch, where each step corresponded to a
weight update of the model and N = dataset size/batch size. For both the generator and discriminator
components of the network, we used the Adam optimizer (Kingma and Ba 2017) with a learning rate of
2-10~* and an exponential decay rate of the first moment 3; = 0.5. These values were set empirically as they
provided stable results but were not systematically optimized. The remaining parameters of the optimizer
were set to default values of the TensorFlow implementation.

2.3.3. Implementation
The models were built with TensorFlow 2.13.0 (Abadi et al 2015) and trained on a MacBook Pro equipped
with an Apple M3 Pro chip featuring an 14-core GPU, enabled with the tensorflow-metal plug-in.

2.3.4. Evaluation
The models were evaluated using a combination of image quality metrics and range-landmark (RL)
correlation analysis.

2.3.4.1. Image quality

Image quality was assessed using mean squared error (MSE) and SSIM over the test dataset. While MSE
provides a pixel-level comparison of intensities, SSIM evaluates structural, luminosity, and contrast aspects
of the images. An MSE = 0 and SSIM = 1 means compared images are identical.

2.3.4.2. RL correlation
Of particular importance was the evaluation of how well the network captured the range features from the
input SBP images and accurately reflected these in the generated ‘fake’ GT images.

The longitudinal profile of a 2D FN production distribution is a one-dimensional (1D) representation
obtained by summing pixel values along the direction perpendicular to the beam axis, capturing how the
production distribution varies along the beam path. A RL metric was defined as the weighted average of a
longitudinal profile, used in previous work (Meric et al 2023, Setterdahl et al 2024):

D it Wiki

RL — ,
Z?:l Wi

(10)

where w; are the weights and x; are the pixel positions along the longitudinal profile. RLs were plotted against
true range shift magnitude, and a linear regression model was then fitted to these data points. The coefficient
of determination (R?) was used to assess the strength of the correlation. An R? value of 1 indicates perfect
linear correlation, while values below 0.5 are considered to represent weak correlation. This approach
allowed us to gauge the model’s ability to preserve crucial range information, which is essential if the model
is to be useful for range verification. Note that the RL metric is not intended to determine the absolute
position of the Bragg peak but is instead used to detect changes in the FN distribution that are associated
with shifts in the proton beam range.

2.4. MAP EM with predicted prior
The MAP estimate of the emission distribution A from the measured data vector y is given by

< A)p(A
)\:argmaxpi(y| )p( ), (11)
x>0 p(y)
where p(y|A) is the likelihood of measuring y given X, and p() is the prior probability of A.
The prior probability of A is assumed to be proportional to a Gibbs distribution (Geman and
Geman 1984), with the form
pP(A) xexp(=BUN)), (12)

where £ is a positive constant, and U() is the so-called energy function that characterizes the prior
distribution, e.g. by incorporating spatial relationships between pixels.
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We consider three energy functions. The first is a quadratic function that enforces smoothness between a
pixel j and pixels in its neighborhood, Nj, indexed by c:

]
LSSy

j ceN;

where w. is a weight defined as the inverse distance of evaluated pixels separated by a distance d, wj. = 1/d. A
second-order neighborhood evaluates direct neighbors and diagonals, and a fourth-order neighborhood
evaluates two layers of direct neighbors and diagonals, i.e. a 3 x 3 and 5 x 5 pixel region surrounding the
evaluated pixel, respectively. For a second-order neighborhood, direct and diagonal neighbors are evaluated
with distance weights wj. = 1 and wj. = 1/1/2, respectively.

The other two energy functions evaluate the similarity of A and a prediction of the prior mean value p,
generated by the pix2pix model trained on the minimum noise dataset. The second energy function is
similar to equation (13),

Uy (A) = 7ZZWjE(Aj—pC)2, (14)

where we have replaced a neighbor pixel value A, of the reconstructed image with the corresponding value p,
in the predicted image. The last and third energy function directly compares values of pixel j in the
reconstructed image to the value of the corresponding pixel in the predicted image (as proposed by Levitan
and Herman 1987),

J
IZ A —pi)’. (15)
j

Partial derivatives of the presented energy functions with respect to A;, which will be used in later equations,
are:

)= wie (A= Ac) (16)
cEN;
)= wie (A —pe) (17)
CEN;

)

Maximizing equation (11) is equivalent to finding the A that maximizes the log-posterior probability:

logp (y|A) — BU(X) —logp (v), (19)

where logp(y) is considered a constant, since it is independent of A. Applying the Poisson noise model to
equation (19), using Green’s one-step-late (OSL) procedure (Green 1990), and considering LM data (Barret
et al 1997, Parra and Barrett 1998) we derive the iterative LM-MAP-EM update equation:
) K
ARt — g (20)
a ’
! sit 85 UN) [y=xt

where

2N T a
N=-2Ly " | (21)
i : k

G 1= 2 i Ay

The formula, in equation (20), for the updated estimate )\]1;+1 incorporates s, the sensitivity of pixel j, and the
system matrix element a;; which represents the probability of detecting an emission from pixel j in the ith
event. For simplicity, we assign equal sensitivity to all pixels, letting s; = 1 for all j. Through equation (21),
the formula includes the sum over all detected events, indexed by 7 up to the total number of events I, and
compares each a;j to a forward projection ) | i i )\]’S of the current estimate \¥, summed over all pixels using
the dummy index j'. The system matrix elements are defined as 1 if the conic section of event i intersects
pixel j during back-projection, and is 0 otherwise. With the OSL method, the partial derivative of the energy
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Table 1. Summary of image reconstruction approaches for seven different combinations of LM-MAP-EM reconstruction algorithm
(alg.), energy function, size of the neighborhood (neigh.) evaluated by the energy function, and the constant 3 governing the emphasis
put on the energy function during reconstruction. Energy functions U, U, and Uj are defined by equations (13), (14) and (15),
respectively. The latter two utilize a mean estimate of the prior. Neighborhood sizes 3 x 3 and 5 X 5 correspond to a second- and
fourth-order neighborhood. Approach (1), for which 8 =0, corresponds to reconstruction by the LM-MLEM algorithm. Approach (2)
is LM-MAP-EM with a smoothing quadratic energy function evaluated over a second-order neighborhood. Approach (3)—(7) is
LM-MAP-EM reconstruction where energy functions compare the current update of the reconstructed image to a mean estimate of the
prior.

ID Alg. B8 Energy Neigh. size

1 Equation (20) 0 / /

2 Equation (20) 0.8 U, 3x3

3 Equation (22) 0.9 Us /

4 Equation (20) 0.1 U, 3x3

5 Equation (20) 0.5 U, 3x3

6 Equation (20) 0.1 U, 5x5

7 Equation (20) 0.5 U, 5%5

function % U(A) considers the current estimate )\]’f. When g =0, equation (20) reduces to >\]l-‘+1 = A/ which
)

is the LM-MLEM update (Barret et al 1997, Parra and Barrett 1998).

When using the energy functions that consider neighborhoods, i.e. equation (13) and equation (14), we
apply the LM-MAP-EM algorithm shown in equation (20). For the energy function in equation (15), which
does not consider neighborhoods, the MAP objective function becomes a quadratic equation (as in Levitan
and Herman 1987) to which the solution with respect to )\]Hl is

2)\;51'
(5-B0) +/ (55— )" +46;s

where A" is as defined in equation (21). Once again, we see that the expression for the LM-MAP-EM update
reduces to )\J’f“ = /\]?‘ when 5 =0.

We perform reconstruction with seven different combinations of LM-MAP-EM algorithm
(equations (20) and (22)), energy functions (equations (13)—(15)), the size of the neighborhood considered
by the energy function (second- and fourth-order), and the constant /3, summarized in table 1.

All reconstructions were performed for a predetermined number of iterations, using early stopping at 20
iterations. For LM-MLEM reconstruction (ID 1 in table 1), higher iterations caused increased pixel noise,
and little improvement was seen in LM-MAP-EM updates (ID 2-7 in table 1). We evaluated the structural
similarity between the longitudinal profiles of reconstructed images and the GT by SSIM. SSIM is sensitive to
differences in intensity and contrast. To emphasize the shape of the reconstructed profiles, we perform
max-min normalization before assessing similarity.

At — (22)

3. Results

Two distinct peaks are consistently present in the GT FN production distributions, shown in figure 3. The
first peak arises from increased FN production as protons enter the patient model and interact with muscle
(soft tissue), while the second peak occurs due to protons traversing and interacting with the ribcage/bone.
The distributions differ mainly in the location of the rising edge and the shape of the tail, reflecting range
shifts induced by adding/removing material off the patient model to emulate weight gain/loss.

Pix2pix was trained and tested on three datasets with increasing data quality degradation due to detector
resolution effects. Its performance was evaluated on unseen range scenarios. An example of the 2D SBP-GT
image pair, predicted image and the difference map of GT and prediction for the unseen —3.0 mm range
shift scenario and their corresponding longitudinal profiles are shown in figure 4. In all scenarios, pix2pix
produced visually realistic and plausible estimates of the underlying 2D GT FN production distribution. The
two distinct ‘bunny ear’ peaks were consistently captured in the predicted images. However, closer inspection
revealed that the placement of the rising edge and the tail shape of the FN production were often displaced,
particularly in models trained and tested on the noisy datasets. Misalignment of the rising edge was more
frequent and pronounced in the maximum noise dataset, as demonstrated in figure 4 and reflected in the
smaller mean SSIM (= 0.96) and larger mean MSE (= 1- 10~3) values compared to those of the noise-free
(MSE =2-107*, SSIM = 0.986) and minimum noise datasets (MSE = 8- 10, SSIM = 0.97), shown in
figure 5. Note that the SSIM values in all cases are relatively close to 1, which indicates that the compared
images are identical, due to the significantly large portion of zero-valued pixels in both the GT and predicted
images.
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Figure 3. Simulated fast neutron (FN) production along the path of an 85 MeV proton pencil beam superimposed on the patient
CT image with a 3 cm diameter tumor in the left lung. FN production peaks where the beam enters the patient and the section
where the beam passes the ribcage and tapers off leading up to the beam’s stopping position within the tumor.
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Figure 4. Longitudinal profiles corresponding to the example images of a simple back-projection (SBP)-ground truth (GT) image
pair, the corresponding pix2pix predicted (Pred.) image and the mean absolute error (MAE) of the GT and Pred. profile.
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Figure 5. Mean squared error (MSE) and structural similarity index (SSIM) values for the noise-free, minimum noise, and
maximum noise datasets. The metrics indicate a degradation in performance with increasing noise, with the maximum noise
dataset exhibiting the highest MSE and lowest SSIM. Bias toward specific range shifts is observed, particularly in the minimum
and maximum noise datasets.
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Figure 6. The figures illustrate the linear correlation of RL; — RL, i.e. the difference in the average range landmark (RL) within a
range scenario RL; and the average RL over all range scenarios RL, and true range shift magnitudes induced during simulations
for each image type. Image types include simple back-projection (SBP), ground truth (GT) and pix2pix predicted (Pred.).

The evaluation of individual range shifts also indicated a slight positive bias toward specific range
scenarios, where the predicted 2D FN distributions more closely resembled the GT. This is reflected in a
lower average MSE and a higher average SSIM for these scenarios compared to the overall averages across all
range shift scenarios. For the noise-free dataset, this bias was relatively small, with most range scenarios
having mean MSE and SSIM values similar to the overall mean. For the minimum noise dataset, a positive
bias was observed toward range shifts of 0.0 and 1.5 mm, while for the maximum noise dataset, positive
biases appeared at —1.5, 0.0, 1.5, 3.0, and 4.0 mm.

Preservation of range information in the transformation from SBP to the predicted FN distribution is
critical for proton beam range verification. This was assessed using the coefficient of determination (R?)
from a linear regression model fitted to RL; — RL as a function of the true range shift magnitudes induced in
simulations, where RL; represents the average RL within a range scenario and RL the average RL over all
range scenarios, as shown in figure 6. The R? associated with the SBP images worsened with increased level of
detector resolution effects. For the noise-free dataset, a strong correlation was observed, with R* = 0.98, for
the data associated with pix2pix predicted images. As data quality decreased due to increasing detector
resolution effects, the correlation weakened, with R? = 0.79 for the minimum noise dataset and R?> = 0.22
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Figure 7. Reconstruction result after 20 iterations for LM-MLEM (1), LM-MAP-EM with a quadratic energy function (2), and
LM-MAP-EM with a prior image to guide reconstruction (3-7). The latter group demonstrates higher SSIM values for the
longitudinal profiles when compared to the ground truth (GT) than the conventional algorithms where no prior image is used.
Longitudinal profiles are normalized so that minimum value is 0 and the sum of weights equals 1 in order to emphasize the
distribution shape and compare to the GT profile. Profiles of the 1st though 20th iteration is shown along with the final 20th
iteration image, cropped to a 128 x 30 pixel region encompassing peak FN signal. Pixel and bin sizes are 1 x 1 mm? and 1 mm,
respectively.

for the maximum noise dataset. Additionally, the variation in computed RLs, and consequently RL,—RL
values, increased, making it more challenging to distinguish between different range shift scenarios.

Seven different approaches to LM-MAP-EM reconstruction were performed, including a naive
LM-MLEM (non-regularized), conventional LM-MAP-EM with a quadratic energy function over a
second-order neighborhood, and five variations of LM-MAP-EM in which a mean estimate of the prior were
used to guide reconstruction (respectively labeled with ID 1,2 and 37 in table 1). For the latter approaches,
the mean estimate of the prior and the reconstructed image were evaluated either over pixel neighborhoods
or on a pixel-by-pixel basis, through the energy functions defined in equations (14) and (15). The
approaches were demonstrated on an arbitrarily chosen instance of the —3.0 mm range shift scenario (from
the test subset of the minimum noise dataset). Using the corresponding SBP image of the —3.0 mm range
shift instance, a mean estimate of the prior was predicted by the pix2pix model that was trained on the
minimum noise dataset.

The reconstructed images resulting from the different reconstruction approaches are shown in figure 7.
As expected, the image reconstructed by naive LM-MLEM (figure 7.1) exhibited noise-enhancing features,
resulting in a speckled image reminiscent of a ‘night sky’. Introducing regularization via a quadratic energy
function resulted in a more defined FN distribution in the signal region (figure 7.2), with greater smoothing
observed for higher /5 values and larger neighborhoods. Incorporating a mean estimate of the prior image
into reconstruction further enhanced the FN production distribution structure. However, the pixel-by-pixel
comparison introduced noticeable pixel noise in the background (figure 7.3), which was substantially
reduced when using the energy function evaluating the mean estimate prior and reconstructed image over
pixel neighborhoods (figures 7.4-7.7). These reconstructed images (corresponding to approach ID 3-7)
demonstrated greater SSIM values (SSIM € [0.21,0.31]) with the underlying GT distribution than images
resulting from naive LM-MLEM (SSIM = 0.19) and conventional LM-MAP-EM with a quadratic energy
function evaluated over a second-order neighborhood (SSIM = 0.17).

4. Discussion

Our study demonstrates that the proposed method performs well on noise-free data, but its effectiveness
diminishes as detector resolution degrades data quality (i.e. for the minimum and maximum noise datasets).
The minimum noise scenario considers the unavoidable spatial uncertainty inherent in the detector design.
The maximum noise scenario models what we could realistically expect from experimental measurements by
accounting for all the relevant detector resolutions, that is, the energy, timing and spatial resolution of the
detector. For both the minimum and maximum noise datasets, the lower data quality makes it increasingly
challenging for pix2pix to capture beam range-related features in the SBP image. In the maximum noise
scenario, while the network generates a seemingly plausible GT image, there is significant variance in its
alignment with the target GT label, and range correlation of predicted RLs is virtually non-existent. The
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correlation appears stronger in the minimum noise case; however, the deviation in RLs remains substantial,
making it difficult to distinguish between range scenarios due to nearly completely overlapping Gaussian
distributed RLs. The pix2pix model performs arguably best on the noise-free case, exhibiting a strong
correlation of RLs to range shift labels and relatively small variations in RLs of predicted images compared to
the noisy datasets.

The beam intensity affects the counting statistics and the achievable accuracy. In the present work, the
simulated beam intensity was 10° protons per spot, and the number of conic sections subsampled
(section 2.2.4) corresponded to a beam intensity of 108 protons. Subsampling of conic sections
corresponding to 5 - 10® protons did not improve network performance, indicating that detector resolution
effects may be a greater challenge than statistical noise for training the pix2pix network.

A single case study from the minimum noise dataset demonstrates that a LM-MAP-EM approach, guided
by a mean estimate of the prior over pixel neighborhoods, yields the highest visual agreement with
corresponding simulated GTs. As expected, we observe that naive, non-regularized, MLEM amplifies
high-frequency components and statistical noise. While enforcing smoothness in reconstruction with a
quadratic energy function (without a mean estimate of the prior image) creates more meaningful images,
they remain severely affected by noise.

Our study has demonstrated the potential of using deep learning techniques for range verification in
proton therapy. However, several areas warrant further investigation to enhance the robustness and clinical
applicability of this approach. The choice of hyperparameters, particularly the constant 3, plays a crucial role
in determining the balance between the influence of the prior image and the data fidelity term corresponding
to the Poisson likelihood. Further research is needed to optimize these parameters for optimal
reconstruction. Moreover, accurate predictions and the alignment of the mean estimate of the prior with the
reconstructed image is essential for accurate results, as misalignment could erroneously guide reconstruction.

In the generation of SBP images, a single cone projection results in a curve on the image plane that spans
multiple pixels, which are often widely spaced. Furthermore, there is a one-to-many relationship between
pixel correspondences in the SBP and GT images: a single event cone projection in the SBP image increases
intensity in several pixels, whereas in the GT image, only one pixel corresponds to the event’s true origin.
Thus, the spatial correspondence between GT and reconstructed SBP images is not straightforward.
Convolutional networks are designed to use small kernels, such as 3 x 3, to capture meaningful features from
spatially adjacent pixels. However, adjacent pixels in the SBP image may not necessarily correspond to
neighboring pixels in the GT image. Future work could explore more sophisticated network architectures.
One potential candidate is AUTOMAP, a non-GAN convolutional neural network proposed by Zhu et al
(2018). AUTOMAP incorporates both fully connected (FC) and convolutional layers, where the FC layers are
designed to learn mathematical transformations that require spatially non-local manipulation. Moreover, we
acknowledge that a comprehensive comparison with other architectures would be valuable, however, the goal
of this work is to establish a proof-of-concept for applying deep learning to proton therapy range
verification, not to perform an exhaustive search for the optimal network. Network optimization, including
architecture design, loss functions, and hyperparameter tuning is left for future work.

A significant challenge lies in generating a diverse and representative training dataset. In present work,
generating realistic FN data through MC simulations proved computationally intensive, both in terms of
processing time and storage requirements. Due to these constraints, we limited this proof-of-concept study
to a single patient anatomy and a single beam energy (85 MeV). This allowed us to focus on evaluating the
feasibility of incorporating learned priors in the reconstruction process. We acknowledge this limitation and
consider the extension to additional anatomical sites, beam energies, and range shift scenarios an important
direction for future work. While data augmentation techniques can help expand the dataset by synthetically
generating new data samples, it is crucial to ensure that the fundamental relationship between the SBP and
GT images is preserved. Developing methods to synthetically generate realistic training data could be a
valuable area of research for cone-projection based imaging systems, not only for NOVCoDA but also
systems such as CC and neutron scatter cameras.

5. Conclusion

In conclusion, our study demonstrates the potential of utilizing deep learning techniques to enhance image
quality in iterative reconstruction for range verification with FNs in proton therapy. However, we found that
the effectiveness of the proposed method is highly dependent on data quality, with significant performance
degradation in high-noise scenarios. A potential avenue for future work includes exploring alternative
network architectures and developing a custom model tailored to specific challenges, particularly to improve
robustness against noise.
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