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ABSTRACT. Purpose: X-ray scatter causes considerable degradation in the cone-beam com-
puted tomography (CBCT) image quality. To estimate the scatter, deep learning—
based methods have been demonstrated to be effective. Modern CBCT systems
can scan a wide range of field-of-measurement (FOM) sizes. Variations in the size
of FOM can cause a major shift in the scatter-to-primary ratio in CBCT. However, the
scatter estimation performance of deep learning networks has not been extensively
evaluated under varying FOMs. Therefore, we train the state-of-the-art scatter esti-
mation neural networks for varying FOMs and develop a method to utilize FOM size
information to improve performance.

Approach: We used FOM size information as additional features by converting it
into two channels and then concatenating it to the encoder of the networks. We com-
pared our approach for a U-Net, Spline-Net, and DSE-Net, by training them with and
without the FOM information. We utilized a Monte Carlo-simulated dataset to train
the networks on 18 FOM sizes and test on 30 unseen FOM sizes. In addition, we
evaluated the models on the water phantoms and real clinical CBCT scans.

Results: The simulation study demonstrates that our method reduced average
mean-absolute-percentage-error for U-Net by 38%, Spline-Net by 40%, and DSE-
net by 33% for the scatter estimation in the 2D projection domain. Furthermore,
the root-mean-square error on the 3D reconstructed volumes was improved for
U-Net by 43%, Spline-Net by 30%, and DSE-Net by 23%. Furthermore, our method
improved contrast and image quality on real datasets such as water phantom and
clinical data.

Conclusion: Providing additional information about FOM size improves the robust-
ness of the neural networks for scatter estimation. Our approach is not limited to
utilizing only FOM size information; more variables such as tube voltage, scanning
geometry, and patient size can be added to improve the robustness of a single
network.
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1 Introduction

Cone-beam computed tomography (CBCT) has emerged as a pivotal imaging modality over the
years. It has found application in orthopedics, neurosurgery, and dentomaxillofacial radiology.'
However, one major drawback of CBCT systems is the increase in scatter-to-primary signal ratio
due to the use of a large flat panel 2D detector and the proximity of the detector to the patient.
The increased scatter decreases soft-tissue contrast, introduces cupping and shading artifacts, and
causes signal bias in computed tomography (CT) values.*

Scatter correction approaches can be divided into two categories: hardware-based and soft-
ware-based. Some hardware-based scatter reduction approaches include the use of X-ray colli-
mation, air gap, bow-tie filter, and anti-scatter grid (ASG). In the simplest approach, the X-rays
are collimated to a small area of interest, which limits the amount of scatter reaching the detector.
However, for a large field-of-measurement (FOM), this approach will increase the scanning time.
In the air-gap-based approach, the distance between the object and the detector is augmented to
reduce scatter fluence at the detector.” However, this approach is not always feasible due to the
space limitations with standard CBCT systems. A bow-tie filter is used to compensate for
the longer X-ray path near the center of the object than its boundaries.>® The use of ASG reduces
the amount of scatter arriving at the detector; however, ASG may reduce the transmission of the
primary signal and may require additional algorithms to remove the residual scatter-induced
artifacts.’”

Software-based approaches estimate the scatter signal and subtract it from the measure-
ments. Monte Carlo (MC) simulation is a gold standard to estimate the scatter signal from
an initial reconstruction of the object.'” However, this method has three major limitations.
First, the time complexity of the MC simulations makes it infeasible for real-time scatter cor-
rections. Second, accurate scatter simulation requires prior knowledge of the object. When the
scanned FOM is smaller than the scanned object, the reconstruction does not include the object
outside FOM regions, which may cause incorrect estimation of the scatter.!! Third, the initial
reconstruction of the object needs to be accurate and free from scatter to accurately simulate the
scatter, which is challenging for CBCT reconstructions. Some iterative approaches have been
proposed as a workaround for these limitations.!>!?

To overcome the drawbacks of the software-based scatter correction approaches, several
deep learning-based methods have been proposed in recent years. Maier et al.'* introduced
DSE-Net (a modification of the U-Net architecture'?) for real-time scatter correction in an indus-
trial CT system. They used DSE-Net for different materials and varying acquisition parameters,
such as kilovolt and magnification factor. Subsequently, they demonstrated the generalization
capability of DSE-Net for different tube voltages, anatomies, and noise levels in medical
CT.'® Furthermore, Erath et al.'” showed the application of the DSE-Net for forward and
cross-scatter correction in dual-source CT. Similarly, Nomura et al.'® utilized a residual U-Net
to estimate the scatter. Moreover, Lee and Lee'” proposed two separate networks to learn the low-
and high-frequency (HF) components of the scatter. Roser et al.?® utilized a network to learn
spline encoding coefficients for low-frequency scatter, and the network performed equally well
in comparison to a U-Net, with substantially fewer parameters. In another study, Zhuo et al.*!
utilized a dual encoder U-Net to predict scatter amplitude and scatter kernel, separately, and
correct the scatter via scatter kernel superposition. These approaches have successfully demon-
strated the use of deep learning for scatter estimation; however, no extensive study has been
conducted to develop a single network under varying FOM settings in CBCT.

In CBCT systems, the scatter may vary considerably with the size of the scanning FOM. For
instance, Pauwels et al.?> demonstrated that the scatter-to-primary ratio increases 4.9-fold for a
17 X 12 cm FOM in comparison to a 6 X 6 cm FOM. In modern CBCT systems, the FOM size
can be even larger, which may increase the scatter-to-primary ratio even more. Therefore, it is
crucial to develop a neural network that can operate under varying FOM settings. In our pre-
liminary study,”® we assessed the performance of a U-Net with varying FOM sizes and intro-
duced Aux-Net, which incorporates auxiliary size information to enhance the performance of the
U-Net. However, the study was conducted with a limited training and testing dataset using a
custom U-Net. In this study, we extend the training and testing datasets to evaluate the robustness
of Aux-Net. In addition, we include the DSE-Net'® and Spline-Net* to train with and without
auxiliary information. Our main contributions in this work are summarized as follows:
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o We propose Aux-Net to estimate the low-frequency scatter signal for varying FOMs in
CBCT, which can be incorporated into any deep learning—based scatter estimation
framework.

o We evaluate the effectiveness of the proposed method by incorporating it with a U-Net and
two more state-of-art networks. Our results show that Aux-Net improves the performance
of all three networks.

o We evaluate the scatter correction performance on varying FOM sizes using a large
simulation dataset and a cross-validation strategy for training and testing the models.
Furthermore, we validate our method on the phantom and clinical CBCT scans.

2 Materials and Methods

2.1 Dataset

We employed two datasets for the generation of simulated data, used for training and testing.
We utilized openly available CT reconstructions from The Cancer Imaging Archive (TCIA).**
Specifically, we selected 10 head scans for training and three for testing from the HNSCC-
3DCT-RT dataset.”® In addition, we included two anthropomorphic phantom scans in the training
set and one in the testing set, all of which were scanned using a General Electric (GE) CT scan-
ner. CT scans were chosen for the simulations because their Hounsfield unit (HU) values are
more accurate compared with those from CBCT reconstructions.

To simulate the primary and scatter projections, in line with the approach of Agrawal et al.,*
we employed an X-ray transport code for voxelized geometry variant of MC-GPU.?"*® The X-ray
spectrum for the simulations was generated for a tube voltage of 100 kVp according to Birch
and Marshall.” The effect of ASG or bow-tie filtration was not considered. For each reconstruc-
tion in the training dataset, we simulated 100 X-ray projections, distributed equally over an
angular range of 210 deg. We simulated the geometry of Planmeca Viso G7® CBCT scanner
(Planmeca Oy, Helsinki, Finland) for the jaw protocol. The minimum and maximum possible
FOM sizes for the jaw protocol in width (w) and height (k) are 130 (w) x 30 (k) and 170 (w) X
170 (h) mm, respectively. The FOM was symmetric in the horizontal direction, but the center of
rotation was shifted by an offset in the vertical direction. The detector pixel size was 0.278 mm,
and the dimensions of the active area of the detector were changed according to the size of the
FOM. The voxel size for the TCIA reconstructions was resampled to 0.43 x 0.43 X 0.5 mm,
whereas the voxel size for the GE CT dataset was resampled to 0.43 x 0.43 X 0.3 mm. The size
of the simulation volume varied between 220 X 220 X 230 and 220 X 220 X 331 mm. The voxel
and volume sizes were varied to enhance the diversity of the training data. The source-to-detector
distance was 700 mm, and the source-to-isocenter distance was 410 mm. To introduce variability
in noise levels in the input projections, we repeated each simulation 10 times with different ran-
dom seeds to sample the direction and energy of X-ray photons randomly. In each simulation, we
simulated 2500 photons per detector pixel. For each reconstruction volume, we simulated 18
FOM sizes with 10 noise levels and 100 projection views, which resulted in a total of
18,000 simulated projections from one reconstruction volume. This resulted in 216,000 projec-
tions for the entire training set. For the testing dataset, we simulated 500 projection views with an
angular range of 210 deg for 30 FOMs, leading to a total of 15,000 projections from each volume.
This amounted to 60,000 projections for each of the 10 noise levels and 600,000 projections for
the entire simulated test set. Table 1 displays the various FOM sizes used in the training and
testing sets.

In addition to the simulated data, we incorporated phantom and clinical scans from
Planmeca Viso G7® CBCT scanner (Planmeca Oy, Helsinki, Finland) for the jaw protocol for
a qualitative comparison of the proposed framework. We conducted two separate scans of a thin
water bottle (6.5 cm diameter), each with an FOM size of 170 X 170 mm and 100 kV tube volt-
age, with different settings of 10 and 110 mAs, respectively. The water bottle was completely
inside the FOM for these scans. Furthermore, we scanned a water jar (18 cm diameter) that
occupied most of the 170 X 170 mm FOM with the same settings as the thin water bottle.
Moreover, we used two scans from unidentifiable and pseudonymized datasets with patient per-
mission to use in research and development studies. First, a clinical scan was acquired for 100 kV,
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Table 1 FOM sizes used for the training (X) and the testing (v).

Width (mm) Height (mm)

— 30 40 50 60 70 80 90 100 110 120 130 140 150 160 170 180

120 X — — X —-— — X - - X - - X S — X
130 e A A 4 4 — v v — v v —
140 X — — X —-— — X - - X - - X R — X
150 —_ v v - v/ — v — v v — v v —
160 X — — X - — X - == X - - X S — X
170 — v v o — 7 A 4 4 — v v —_ v v —_

80 mAs, and 170 X 30 mm FOM, whereas the scanning settings for the second dataset were
100 kV, 70 mAs, and 170 X 120 mm FOM.

2.2 Network Architecture
In our study, three baseline architectures were used, namely, U-Net,? Spline—Net,20 and DSE-
Net.'® For each of the networks, two versions were trained, with and without the auxiliary infor-
mation. In the U-Net approach, we used the network architecture with five downsampling blocks.
Each block contained two consecutive Conv + BN + LeakyReLU layers. For the DSE-Net, we
used six downsampling blocks, and each block had three consecutive Conv + BN + LeakyReLU
layers. For the vanilla Spline-Net, we used the same encoder as the U-Net but with a fixed
number of channels (16) and four downsampling blocks. Furthermore, a 1 X 1 convolution was
applied to convert the output of the encoder to one channel feature. Then, the output feature was
flattened and connected to a fully connected linear layer. The weights of the fully connected layer
were constrained to be non-negative, and a rectified linear unit (ReLU) activation function was
applied to the output. The output was now reshaped to /. X w.. We utilized the bi-cubic spline
upsampling available in PyTorch to upsample the s, X w,. feature to the original input size of
h x w. For all the networks, each of the convolutional layers had a 3 x 3 filter size except the last
convolutional layer, which had a 1 x 1 filter size. Furthermore, all the downsampling layers were
implemented using max pooling.

Formally, a convolution operation on a 2D feature map (PyTorch implementation) can be
written as

>
L

O;=) Wi, ey
0

~
Il

where O is the j’th output feature map, K is the number of input feature maps, W ; is the weight
matrix corresponding to the connection between the k’th input feature map and the j’th output
feature map, I, is the k’th input feature map, and * is the 2D cross-correlation operator.

In our proposed method, we plug additional features with auxiliary information on FOM size
in the encoders of the compared networks. Figure 1 shows the concatenation process of the aux-
iliary information to the U-Net and Spline-Net. The same process was followed for the DSE-Net.
For the given scanning FOM size, the FOM height / is normalized by the maximum possible
FOM height, which is 300 mm. This normalization process yields a scalar value x. Similarly, the
FOM width w is normalized by the maximum possible FOM width, set at 250, to derive a scalar
value y. These scalar values x and y are then transformed into channels, where each pixel within a
channel holds the same value. These channels are subsequently concatenated to the input features
of each block within the encoder. For the concatenated auxiliary features, the convolution oper-
ation in Eq. (1) can be written as

K-1 N-1 .
OJ = ij * Ik + Z Wj,n * Ans (2)
k=0 n=0
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Fig. 1 Network architectures for Aux-U-Net (left) and Aux-Spline-Net (right). x in the first auxiliary
channel is the width w divided by the maximum width of the detector (250 mm), and y in the second
auxiliary channel is the height h divided by the maximum height of detector (300 mm). The auxiliary
channels are reshaped at each level of the encoder to match the dimensions of the corresponding
feature maps.

where 0 is the j’th output feature map; K is the number of input feature maps; W ; and w jn are
the weight matrices for the input and auxiliary feature maps, respectively; I is the k’th input
feature map; N is the number of auxiliary feature maps; A,, is the n’th auxiliary feature map; and
* denotes the 2D cross-correlation operator.

Therefore, the concatenation of the auxiliary features adds an additional number of learnable
weights to the network. In our implementation, the U-Net has 7,254,545 trainable parameters, the
Aux-U-Net has 7,272,689, the Spline-Net has 123,937, the Aux-Spline-Net has 126,017, the
DSE-Net has 50,346,433, and the Aux-DSE-Net has 50,383,009 trainable parameters. Inputs
to the U-Net, DSE-Net, and Spline-Net were the linearized projections, given by

I im +S im
Pg,, = —log (%) ’ 3)

where P, is the linearized projection, I, is the simulated primary, Sg;, is the simulated scatter,
and Fg, is the simulated flat-field projection.

Furthermore, the input for the auxiliary networks (Aux-U-Net, AUX-DSE-Net, and Aux-
Spline-Net) contained two additional auxiliary channels, which were concatenated to the linear-
ized projection, as explained in Eq. (2) and Fig. 1. The auxiliary channels were reshaped to match
the size of the input features of the deeper layers of the network encoders to enable concatenation.
The target was the simulated scatter normalized by flat and multiplied by 100. Both the input and
target data were resampled to a fixed dimension of 320 X 256 before inputting to the networks.

2.3 Training

We used Glorot initialization® to set the initial weights for all the networks. The training of
networks was conducted using the PyTorch framework with the Adam optimizer’' coupled with
a logarithmic learning rate scheduler. Each mini-batch comprised 64 samples both during train-
ing and inference. The training process was terminated if no reduction was observed in the
validation loss over a duration of five consecutive epochs. To ensure a fair evaluation of our
proposed method, we implemented a cross-validation strategy, training five distinct model iter-
ations for each of the six networks. In each iteration, the entire training data were partitioned into
five subsets, with four subsets used for training (172,800 samples) and the remaining subset for
validation (43,200 samples). To reduce the presence of HFs in the scatter estimates, we incorpo-
rated a loss (MSE + HF), combining mean-square-error (MSE) with an additional component,
penalizing HFs as follows:

1

A
L(0) :NZ()’M — f(x:1:0))* + N Z(Oi,j — 011 +(0ij=0i; 1) +e, @)
i i
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Fig. 2 Training and validation loss curves for each of the five folds.

where L is the scalar loss, y is the ground truth scatter, x is the input to the network, f(x; 6) is the
prediction from the model with parameters 6, N is the total number of pixels, 0 = f(x; ) is the
prediction of the model, i is the index in the horizontal direction, j is the index in the vertical
direction, 4 is a hyper-parameter set as 1, and ¢ is a small constant added for numerical stability.

The training and validation loss curves are shown in Fig. 2 for each of the five folds, for the
models trained with MSE + HF loss. Furthermore, we trained all the models using scatter-to-
primary-weighted mean absolute percentage error (SPMAPE)'” loss.
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2.4 Evaluation
We evaluated the effectiveness of our method using three different experiments.

2.4.1 Evaluation of simulated projections

All the trained networks were evaluated on the simulated projections for the scatter estimation
performance. The simulated linearized projection Pg;,,, was given to the models as input, and the
models output the estimated scatter S.i. The S values were divided by 100 and re-sampled to
the original size. We evaluated models from all five folds on the ground truth obtained from the
MC simulated projections. The evaluation metric used was mean-absolute-percentage-error
(MAPE), calculated as follows:

1 S . -’ . _ S -, .
MAPE(Sgin. Sex)) = . ) | S"“(ZSJ_) . je)“(’ D 100%, 5)
i j sim\ %>

where S, is the MC simulated ground truth scatter, S is the estimated scatter, N is the total
number of pixels, i is the horizontal index, and j is the vertical index.
Furthermore, we calculated SPMAPE!” as follows:

| S (i) = Suslisj
SPMAPE (S, Sest) :NZZ| Slm(’l() 0 je)‘(’ Nl x 100%, (6)
j sim ’

i

2.4.2 Evaluation of simulated reconstructions

The second evaluation was conducted on the reconstructions of scatter-corrected projections of
the simulated test set. For this evaluation, we selected the best models from each of the five folds

(with the lowest MAPE) and obtained the scatter-corrected projections I as
i = (Isim +Ssim) - Sesl- (7)

where 1 was linearized and reconstructed using a filtered back-projection method (FDK) for
CBCT.* The corresponding ground truth reconstructions were obtained by reconstructing the
simulated primary projections I;,,. We denoised each reconstruction by a Gaussian filter and
computed the root-mean-square-error (RMSE) between the reconstructions of MC-simulated
primary projections and scatter-corrected projections, respectively.

2.4.3 Evaluation of phantom and clinical CBCT scans

The third qualitative evaluation was conducted using the reconstructions of phantom and clinical
CBCT scans. For the evaluation of the trained models, the CBCT projections were divided by the
flat images and linearized similar to Eq. (3). The linearized projections were input to the trained
models, and the output was the corresponding scatter estimates. The scatter estimates were
divided by 100 and subtracted from the flat normalized projections. The scatter-corrected pro-
jections were then reconstructed using FDK. We generated the MC-corrected reconstructions by
simulating scatter from the uncorrected reconstructions. Because we do not have the ground truth
for the CBCT scans, we evaluated the reconstructions qualitatively.

3 Results

3.1 Results of Simulated Projections

Table 2 summarizes the MAPE and SMAPE across five folds for the trained models. Each model
was also trained with the SPMAPE loss. It can be seen that the Aux models performed better in
terms of MAPE and SPMAPE metrics than their vanilla counterparts, for both loss functions.
Furthermore, the models trained with MSE + HF loss show lower MAPE and SPMAPE errors
than the model trained with SPMAPE loss, except for the SPMAPE error of the Aux-DSE-Net.
Therefore, we conduct further analysis with the models trained with the MSE + HF loss.
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Table 2 MAPE and SPMAPE errors evaluated on the whole simulated test
set and averaged for the models obtained from five folds. Each method was
trained to minimize the MSE + HF loss and the SPMAPE loss, separately.

Method Loss function MAPE (%) SPMAPE (%)
U-Net MSE + HF 10.36 + 3.30 3.86 + 0.52
U-Net SPMAPE 11.95 + 3.74 3.87 + 0.60
Aux-U-Net MSE + HF 6.38 + 1.21 2.36 + 0.43
Aux-U-Net SPMAPE 6.60 + 1.20 2.40 + 0.42
Spline-Net MSE + HF 11.31 + 3.14 4.40 + 0.54
Spline-Net SPMAPE 13.47 + 3.73 5.01 + 0.70
Aux-Spline-Net MSE + HF 6.72 + 0.97 2.48 + 0.52
Aux-Spline-Net SPMAPE 6.90 + 0.10 2.43 + 0.54
DSE-Net MSE + HF 10.33 + 4.49 3.58 + 0.47
DSE-Net SPMAPE 10.76 + 5.29 3.66 + 0.66
Aux-DSE-Net MSE + HF 6.86 + 2.82 2.24 + 0.27
Aux-DSE-Net SPMAPE 7.30 + 5.04 2.19 = 0.26

Note: The lowest metrics are emphasized in bold.

Furthermore, the MAPE values evaluated on the simulated projections are illustrated in
Fig. 3 for each of the five folds separately. For each of the networks, the performance increased
with the Aux-Net. For instance, the average MAPE across all five folds for Aux-U-Net is 6.38%
in comparison to the MAPE for the baseline U-Net model, i.e., 10.36%. Furthermore, the MAPE
for Aux-Spline-Net is 6.72% in comparison to the baseline Spline-Net, i.e., 11.31%. Similarly,

- U-Net
225 ° Aux-U-Net
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° Aux-Spline-Net
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(] 3 e
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Fig. 3 Box plots depict the MAPE for six methods, trained separately for each of the five folds. The
MAPE for each of the 30 FOM sizes was averaged across four test volumes. For each method, a
dotted horizontal line indicates the mean MAPE value across all five folds. The “+” sign represents
the location of the mean of each fold, whereas the small flat line inside the box shows the median.

The outlier is shown by circles.
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Fig. 4 MAPE values were calculated for 10 different noise levels relative to the ground truth scatter
of the simulated test dataset. These noise levels were generated by randomly simulating projec-
tions 10 times, each with 2000 photons per detector pixel, and then combining these results. The
noise levels are arranged from most noisy on the left to least noisy on the right on the x-axis.

Aux-DSE-Net has an MAPE of 6.86% compared with the MAPE of 10.33% of DSE-Net.
Overall, our proposed method reduced MAPE by 38% for U-Net, 40% for Spline-Net, and
33% for DSE-Net in absolute terms. Moreover, the spread of the box plots for the Aux networks
is smaller than those of their vanilla counterparts. This smaller spread of the box plots shows that
the networks trained with the auxiliary information are more robust.

MAPE values for the 10 different noise levels are plotted in Fig. 4. It can be seen that, except
the Spline-Net, all other networks have stable MAPE errors across 10 different noise levels.
Moreover, the Aux-Nets always have lower MAPE errors than the vanilla networks. For the
additional analysis in the image domain, the least noisy simulations were used.

3.2 Results of Simulated Reconstructions

The average RMSE for the reconstruction of four scatter-corrected test volumes is summarized in
Table 3. For each of the 30 FOMs, the RMSE of the Aux-Nets decreased in comparison to the
respective vanilla models. Overall, the Aux-U-Net exhibits the lowest RMSE (11.01 £ 1.83),
followed by Aux-DSE-Net (11.93 +1.71), Aux-Spline-Net (14.14 £3.63), DSE-Net
(15.49 £ 2.28), U-Net (19.61 £ 2.69), and Spline-Net (20.31 £ 2.83).

In addition, exemplary axial images, including ground truth simulations, uncorrected, and
scatter-corrected reconstructions, are visualized for both the minimum and maximum FOMSs in
Figs. 5 and 6, respectively. MAE and RMSE from the ground truth are also shown on top of
the difference images. The difference from the ground truth images clearly illustrates that the
Aux-DSE-Net images have the least deviation from the ground truth, followed by the Aux-U-
Net. A larger discrepancy from the ground truth is observable in the images from the vanilla
networks. The improvement is more pronounced in the images from 130 X 40 mm FOM than
those from 170 X 170 mm FOM.
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Table 3 RMSE (HU) accompanied by the standard deviation for each of the 30 FOM sizes.

FOM (mm) U-Net Aux-U-Net Spline-Net  Aux-Spline-Net DSE-Net Aux-DSE-Net
130 x 40 17.89+886 9871 +2.07 1569 +10.03 7.16 +2.73 13.83 +8.01 11.65 + 3.89
130 x 50 18.36 £ 841 9.19+253 20.36 +10.48 8.79+229 17.80+ 1270 11.84 + 3.83
130x 70 15.84 + 545 10.77 + 2.38 18.40 + 10.58 11.55+253 1398 +7.89 11.52 +4.33
130 x 80 17.39+6.81 9.93+3.83 17.62+9.38 14.07+437 17.78+6.81 1043+2.28
130 x 100 19.72 + 8.17 10.52 + 3.31 19.27 + 6.78 14.24 + 3.33 15.33 +8.03 11.28 +2.54
130x 110 20.86 + 8.25 10.73 +3.86 21.14 +6.92 15.97 + 4.01 16.07 + 9.67 11.93 + 2.96
130x 130 2245+ 10.89 11.93 + 4.26 22.89 +7.04 17.52 + 4.84 17.08 + 9.99 13.16 + 3.64
130x 140 23.14 + 1250 12.97 +4.26 2581 +7.08 17.14+556 19.30+9.48 1388+ 3.56
130x 160 2491 +12.19 15.71 £+ 3.02 26.41 + 4.41 19.24 + 3.28 20.38 + 1223 17.25+2.82
130x 170 24.49 + 12.67 13.22 +4.63 2798 +3.68 16.69 +6.18 19.84 + 1298 14.00 + 4.73
150 x 40 1714 +8.15 788+ 0.84 16.16 +10.26 6.64 + 2.78 12.57 + 6.68  9.07 + 2.31

150 x 50 1828 +6.82 819+ 0.92 20.49 +12.72 8.14 £ 1.19 1484 + 10.21 10.68 + 3.16
150 x 70 16.20 529 942x279 2143+11.96 11.42+359 1207 +7.32 8.88x1.25

150 x 80 1747 + 654 9.55+2.84 20.30+ 1046 13.48 +3.25 1429 +7.38 10.51 + 0.60
150%x 100 19.75+8.31 11.21 +247 1947 +890 1551504 1353+7.70 11.09 +2.15
150x 100 20.33 +820 11.14+3.74 19.98 + 7.61 17.59 + 3.95 1417 + 8.60 1220 + 2.58
150%x 130 2142+ 1125 13.15+3.14 1924 +749 1862+505 16.12+945 13.60+ 3.58
150x 140 23.18 + 11.77 13.67 + 3.97 19.55 + 6.64 17.47 + 6.02 17.74 + 943 13.16 = 3.29
150%x 160 23.79 + 12.04 13.20 + 419 2164 +4.63 1716537 17.93+ 11.52 14.03 + 3.40
150x 170 22.35+ 12.77 13.12 +4.36 22.64 + 4.26 16.70 £ 4.79 17.74 £ 1232 13.62 + 4.20
170 x 40 1580+ 7.04 828 +1.23 16.13 +10.54 8.56 + 2.36 12.79 + 6.83 10.46 + 2.98
170 x 50 17.31 £+ 6.07 8.70+1.41 1991 +1229 1041+ 1.83 1523 +10.28 11.54 +3.18
170 x 70 1527 +535 953+245 21891091 11.09+3.13 12.08+6.98 9.30 + 0.98

170 x 80 16.34 + 6.51 9.63 +2.63 21.33 + 9.69 11.83 + 4.11 13.44 + 7.36 10.50 = 1.65
170x100 18.28 +7.87 10.52 +3.40 19.85+9.13 1438+560 1297 +6.80 11.10= 1.90
170x 110 18.86 + 7.84 10.82 + 3.48 18.84 + 8.62 14.97 + 5.62 13.34 +7.79 11.60 + 2.07
170x 130 19.87 +10.32 11.70 £+ 432 1757 +8.08 16.17 £585 1444 +9.02 12.01 259
170x 140 20.65 + 11.37 11.85+x4.14 1712+ 745 16.81 + 6.02 16.04 + 9.11 1216 + 2.99
170x 160 20.45 + 11.51 1213 +4.08 18.76 +6.29 1768 +4.61 1593 +10.60 1249 + 3.41
170x170 20.38 + 11.27 11.25 +4.10 21.29 + 5.97 1715+ 452 16.18 + 11.00 712.94 + 3.61
Total 19.61 +269 11.01 £1.83 20.31 +2.83 1414+363 1549+228 11.93+1.71

The lowest metrics are emphasized in bold, whereas the second-lowest metrics are italic for clarity.

3.3 Results on Scanned Phantoms

A comparison of axial image slices from the water jar phantom scan is shown in Fig. 7. A notable
cupping effect, attributed to the large object size within the FOM, is evident in the uncorrected
images. The MC-corrected image improved the shading artifact. Furthermore, Aux networks
improved the image quality, whereas the rest of the models exhibited a considerable cupping
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Fig. 5 Exemplary axial images from the simulated reconstructions are organized as follows.
Panels (a) and (c) display axial images corresponding to the FOM of 130 x 40 mm. Panels (b) and
(d) depict the difference from the ground truth along with the corresponding MAE and RMSE in HU.
The window center and width for the axial images: C = 0 HU and W = 500 HU and for the differ-
ence images: C =0 HU and W = 50 HU.

effect causing darkening in the center. The bright border in the images is the border of the
phantom inside the FOM because the scanned phantom was partially outside of FOM.

Another observation is shown in Fig. 8 for the scans of a thin water bottle phantom with two
different mAs settings. The cupping effect is less pronounced in comparison to the large water jar
as the object size within the FOM is smaller. Nevertheless, Aux networks have adapted to the
change in object size within the FOM and corrected the scatter artifacts the most. MC-corrected
images exhibit superior scatter correction in comparison to the water jar phantom. This is
primarily due to the fact that the initial reconstruction (uncorrected) had fewer scatter artifacts.
However, the boundary of the bottle phantom is not visible in the MC-corrected image, whereas
the boundary is clear in all the neural network-corrected images. Overall, our method exhibits
robustness to the changes in both mAs and object size within the FOM.

3.4 Results on Clinical Dataset

The reconstructions derived from the two clinical scans are depicted in Figs. 9 and 10 along with
the plots of the respective intensity profiles calculated inside a thin rectangular window. For the
images in Fig. 9, the difference between the Aux and vanilla networks is minor. However, the
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Fig. 6 Exemplary axial images from the simulated reconstructions are organized as follows.
Panels (a) and (c) display axial images corresponding to the FOM of 170 x 170 mm. Panels (b) and
(d) show the difference from the ground truth along with the corresponding MAE and MSE in HU.
The window center and width for the axial images: C = 0 HU and W = 500 HU and for the differ-
ence images: C =0 HU and W = 50 HU.

images shown in Fig. 10 exhibit improved intensity profiles for the Aux networks compared with
the vanilla networks.

4 Discussion

In this paper, we introduced a framework that utilizes additional information within the encoders
of a U-Net, Spline-Net, and DSE-Net to enhance the network’s generalization for scatter esti-
mation with different FOMs. We have shown the robustness of our method on a large simulated
dataset. Furthermore, we have demonstrated the results on a diverse set of real phantom and
clinical data. All of the trained models can provide real-time scatter estimates by processing
the acquired CBCT projections directly.

In our first experiment, we compared the results of providing auxiliary information with the
vanilla networks on simulated projections. We trained each network five times with separate
training and held-out validation sets and tested each of the five networks on separate simulated
test data. Furthermore, each training was conducted with MSE + HF and SPMAPE loss func-
tions, separately. Our results demonstrate improvements in terms of both the MAPE and SMAPE
errors in the projection domain. Aux-U-Net, Aux-Spline-Net, and Aux-DSE-Net outperformed
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Fig. 7 Middle axial slices from the reconstructions of a large water jar scanned with 100 kV and
170 x 170 mm FOM are visualized. Images on the left are with a 110 mAs scan, whereas images
on the right are from a scan with 10 mAs. Panels (a) and (c) depict uncorrected and corrected slices
from various methods. Panels (b) and (d) show the difference from the MC-corrected image. The
window center and width for the axial images: C = 0 HU and W = 300 HU and for the difference
images: C =0 HU and W = 100 HU.

Fig. 8 Middle axial slices from the reconstructions of a thin water bottle scan acquired for 100 kV
and 170 x 170 mm FOM are analyzed. Images on the left are with a 110 mAs scan, whereas
images on the right are from a scan with 10 mAs. Panels (a) and (c) depict uncorrected and
corrected slices from various methods, whereas panels (b) and (d) show the difference from
the MC-corrected image. The window center and width for the axial images: C =0 HU and
W = 300 HU and for the difference images: C = 0 HU and W = 100 HU.

U-Net, Spline-Net, and DSE-Net, respectively, for each of the five folds, exhibiting lower MAPE
and SMAPE errors. The same trend was observed for both loss functions. In addition, the net-
works trained with MSE + HF outperformed those trained with SPMAPE loss. However, a note
of caution is warranted, as more image-domain comparisons are needed between the two loss
functions to draw definitive conclusions. Training the SPMAPE loss function with the addition of
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Fig. 9 (a) Exemplary axial slices from the reconstructions of a real clinical scan obtained with
100 kV, 80 mAs, and the FOM size of 130 x 70 mm. The display window center is 750 HU, and
the width is 750 HU. The corresponding intensity profiles of each image for the shown rectangular
area in the MC-corrected image are plotted in panel (b).

the HF loss component might also be beneficial. Except for Spline-Net, all other networks
were robust to the changes in the noise levels of the input projections, which is consistent with
Maier et al.'®

In our second experiment, we compared the reconstructions for each of the networks with
the ground truth MC-simulated reconstructions. Our analysis shows that all the networks with the
auxiliary channels performed better than the respective vanilla networks for each of the 30 FOM
sizes, exhibiting lower RMSEs. These results are consistent with the improvements observed in
the projection domain scatter estimation. An interesting observation is that the RMSEs are lower
for the wider FOMs compared with the narrower ones. This could be due to the larger loss mag-
nitude in larger FOMs, caused by increased scatter. Future research could investigate implement-
ing a weighting scheme for the loss, giving higher weights to smaller FOM sizes.

In our third experiment, we have shown that despite only using the simulated data during
training, the reconstructions for both 10 and 110 mAs for the large water jar scans show improved
HU values and minimal cupping for the Aux networks. Similar results have been shown for the
small water jar scans. Furthermore, all networks were able to perform well for the clinical scans.
Although the Aux networks performed slightly better for the clinical case with larger FOM, the
intensity profiles between the Aux networks were similar to those of vanilla networks for the scan
with smaller FOM. Indeed, conducting validation for additional clinical scans is crucial to
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Fig. 10 (a) Axial slices from the reconstructions of a real clinical scan obtained with 100 kV,
70 mAs, and the FOM size of 170 x 120 mm. The display window center is 750 HU, and the width
is 750 HU. (b) The intensity profiles for different methods are plotted corresponding to the rectan-
gular area shown in the MC-corrected image.

comprehensively understand the performance disparities among the proposed neural networks.
In the absence of an accurate initial reconstruction, the MC simulations are unable to correct the
scatter properly. However, better MC scatter correction may require a more precise iterative MC
simulation framework, which is beyond the scope of this work. One limitation of our compar-
isons for the real scans is the unavailability of the slit scans because the slit scans can provide
reliable ground truth for the scatter-free reconstruction.

Planmeca Viso G7® can operate at different kV levels ranging from 80 to 120. Moreover, the
device can acquire up to 300 X 200 mm field-of-view (FOV) scans with face protocol using off-
set scanning and up to 300 X 300 mm FOV with skull protocol using offset scanning and multi-
ple vertical scans. In this study, we selected specifically the scans with a tube voltage of 100 kV
and the jaw protocol. Jaw protocol uses a simpler symmetric geometry and can scan up to 170 X
170 mm FOM. This narrow objective was crucial to validate our method for the changes in
scatter, resulting from FOM size variations. Nonetheless, our method is easily applicable to the
larger FOM sizes. Moreover, our approach is not limited to using only the FOM as additional
information. It can be extended to accommodate more variables, which influence the scatter
signal such as varying kVs, patient size, and magnification factor. These additional variables
can be incorporated as additional channels to train a single network that is more robust to changes
in the scanning settings.
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Although previous studies have frequently treated the scatter signal as low frequency,'®*° an

increase in noise is observed in the reconstruction slices post scatter correction. This increase in
noise suggests that although the low-frequency scatter is being corrected, the residual HF scatter
might be contributing to the increased noise. A potential solution to this issue is to utilize a
second network to estimate the HF part of the scatter.!” This approach could provide a more
comprehensive scatter correction and potentially reduce the noise in the reconstructed images.
In our future works, we plan to explore this approach further.

5 Conclusion

Scatter artifacts considerably affect CBCT systems with large 2D flat panel detectors, and these
artifacts vary greatly as the FOM size changes. To address this, we developed a method that
enhances the ability of neural networks to estimate scatter by incorporating FOM size informa-
tion into the network’s encoder. We tested this approach using a large simulated dataset, CBCT
phantom scans, and clinical data. The results showed that our method notably improves the scat-
ter correction capabilities of U-Net, Spline-Net, and DSE-Net models. This improvement is
promising and suggests the potential for integrating additional scan-specific information such
as tube voltage, scanning geometry, patient size, and magnification factor into the network for
better performance.
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