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Machine Learning-based X-Ray Projection
Interpolation for Improved 4D-CBCT Reconstruction

Jayroop Ramesh*©®, Donthi Sankalpa*, Rohan Mitra*®, and Salam Dhou®, (Member, IEEE)

Abstract—Goal: Respiration-correlated cone-beam computed
tomography (4D-CBCT) is an X-ray-based imaging modality that
uses reconstruction algorithms to produce time-varying volumet-
ric images of moving anatomy over a cycle of respiratory motion.
The quality of the produced images is affected by the number
of CBCT projections available for reconstruction. Interpolation
techniques have been used to generate intermediary projections
to be used, along with the original projections, for reconstruction.
Transfer learning is a powerful approach that harnesses the ability
to reuse pre-trained models in solving new problems. Methods:
Several state-of-the-art pre-trained deep learning models, used for
video frame interpolation, are utilized in this work to generate
intermediary projections. Moreover, a novel regression predictive
modeling approach is also proposed to achieve the same objective.
Digital phantom and clinical datasets are used to evaluate the
performance of the models. Results: The results show that
the Real-Time Intermediate Flow Estimation (RIFE) algorithm
outperforms the others in terms of the Structural Similarity
Index Method (SSIM): 0.986 + 0.010, Peak Signal to Noise Ratio
(PSNR): 44.13 + 2.76, and Mean Square Error (MSE): 18.86 +
206.90 across all datasets. Moreover, the interpolated projections
were used along with the original ones to reconstruct a 4D-CBCT
image that was compared to that reconstructed from the original
projections only. Conclusions: The reconstructed image using the
proposed approach was found to minimize the streaking artifacts,
thereby enhancing the image quality. This work demonstrates the
advantage of using general-purpose transfer learning algorithms
in 4D-CBCT image enhancement.

Index Terms—4D-CBCT reconstruction, Deep Learning, Trans-
fer learning, Intermediate Projection Interpolation, Multi-output
Regression

Impact Statement- This study extends state-of-the-art
deep learning-based video frame interpolation algorithms
to minimize streaking artifacts in respiration-correlated
CBCT images. This study has implications for enhancing
the 4D-CBCT images without the need to increase
radiation dose nor the scanning duration in clinical
settings.
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I. INTRODUCTION

ONE-BEAM Computed Tomography (CBCT) is a medi-

cal imaging technique that uses a scanning system rotat-
ing around the patient to capture projections via a cone-shaped
X-ray Beam. CBCT has become increasingly important for
patient positioning and verification in image-guided radiation
therapy (IGRT) due to lower radiation dose compared to a CT
scan while providing a relatively high resolution [1]].

As CT scans can be harmful to patients who need to get
the scan done frequently, utilizing 4D-CBCT has become a
necessary alternative. To reconstruct a respiration-correlated
(4D)-CBCT image, the CBCT projections are sorted into
several respiratory phase bins (typically 10) based on the res-
piratory signal extracted from each projection [2[]. Then, a 3D
image is reconstructed for each phase from the corresponding
projections using a reconstruction algorithm. A consequence
of this approach is that fewer projections will be available
for each respiratory phase resulting in streaking artifacts in
the reconstructed images. Increasing the scanning duration can
increase the number of captured projections but at the expense
of exposing patients to more radiation which does not provide
a feasible solution.

Generating intermediary projections via image interpolation
has been suggested in the literature to increase the number
of projections available for reconstruction. Traditional image
interpolation methods [3[[[4]][S]] have been proposed in this
domain. Although advanced methods improved image quality,
they still faced challenges such as blurring and low fidelity,
especially with moving anatomical structures. These limita-
tions motivate the use of automated approaches for efficient
generation of intermediary projections.

With the rise of machine learning techniques driven by
advancements in state-of-the-art computer vision algorithms,
the medical imaging discipline is being augmented on many
fronts [6]. Video interpolation is a commonly employed video
processing technique to generate intermediary frames between
consecutive images, and such techniques are being enhanced
drastically by deep-learning paradigms as well. Dynamic video
processing networks can generate high-quality interpolated im-
ages without additional training, even when applied to different
scanning settings.

Transfer learning uses pre-trained deep learning models to
overcome limitations of low-resource data [7]-[9]. In this
work, we utilize pre-trained networks for video frame inter-
polation. The best-performing models across multiple natural
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image/video datasets considered in this work are RIFE [10],
DAINJ11]], Softsplatting[[12]], SepConv][13]], Super SloMol[/14],
BMBC(|[15] and CDFI[16]. These algorithms are applied in
this work to the task of augmenting CBCT lung datasets for
enhanced 4D-CBCT image quality in both synthetic phantom
and clinical CBCT scans acquired for lung cancer patients.
Moreover, a multi-output regression-based machine learning
model is proposed for intermediary image interpolation by
utilizing convolutions feature maps. We believe that this ap-
proach is highly applicable as similar approaches have been
proposed in the literature and have shown promise in terms
of enhancing image resolution [17]], similar interpolation tasks
[18], and improving 3D image generation [19]. Thus, the
primary contributions of this work are:

o Leveraging the principle of transfer learning by using pre-
trained deep learning video frame interpolation algorithms
to perform intermediary CBCT projection interpolation.

« Developing a novel multi-output regression-based ma-
chine learning model utilizing convolutions feature maps
for intermediary CBCT projection interpolation.

« Reconstruction of a 4D-CBCT image using the interpo-
lated projections and the original ones and evaluating the
reconstruction quality.

II. MATERIALS AND METHODS

Our objective is to generate an intermediary (or interchange-
ably, interpolated) projection J;, given two input projections Iy
and I; where 7 € (0,1). In the context of machine learning, the
intermediary projection generation task is performed via pre-
diction using trained machine learning models. The predicted
projiection I; is then evaluated with respect to its ground truth
f,G using various loss functions.

A. Datasets

In this work, phantom and clinical patient datasets are uti-
lized. The characteristics of each of the datasets are described
in Table [l

TABLE I. Phantom and Patient Datasets Specifications

Dataset Imaging System | No. of Projs Proj Size
Phantom 1 N/A 360 512 x 512
Phantom 2 N/A 720 512 x 512
Patient 1 Elekta XVI 3.5 701 512 x 512
Patient 2 Varian OBI 2396 1024 x 768
Patient 3 Varian OBI 1220 out of 2436 | 1024 x 768

4D-Lung (80 patients) ADAC 180 per patient | 512 x 512
LIDC (1018 patients) QIICR 180 per patient | 512 x 512
SPARE (5 patients) Elekta 180 per patient | 512 x 512

The two phantom datasets, Phantom 1 and Phantom 2, were
generated using the eXtended CArdio-Torso (XCAT) phantom
[20] [21]]. This phantom body depicts an average human male
in shape, proportion, and composition. The datasets simulate
the rotation of the X-ray source and the breathing motion
of the patient. The motion of the heart has been stopped
manually using the software [5] [22] [23]. Additionally, the
three patient datasets, Patient 1, Patient 2, and Patient 3,
consist of anonymous CBCT scans of patients shared by the
Virginia Commonwealth University, Richmond, Virginia, USA,

This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License. For more information, see https://creativecommons.org/licenses/by-nc-nd/4.0/

under a Data Transfer and Use Agreement, and were retro-
spectively analyzed [2][24]. Moreover, the research protocol
qualified for exempt approval from the Institutional Review
Board (IRB) of the American University of Sharjah, United
Arab Emirates (Approved IRB Protocol: 18-425). For more
details on the device settings and data sources, please refer
to the Supplementary material. Moreover, the generalizabil-
ity of the proposed methods under different conditions was
assessed using additional three publicly available databases
involving multiple patient datasets: 4D-Lung [25]], the Lung
Image Database Consortium (LIDC) [26], and Sparse-view
Reconstruction (SPARE) Elekta [27]].

B. ML Methods

1) Regression-Based Algorithms: The interpolation problem
studied in this work can be posed as a regression prob-
lem where the original images are considered independent
variables, while the predicted output image is considered a
dependent variable. However, two main challenges had to be
addressed in the context of our work, namely, dimensionality
of data and multi-output regression (see Supplementary Mate-
rials).

Two different pre-processing techniques were applied to
reduce the dimensionality of the datasets: i) resizing and
concatenating images, as well as ii) deriving feature maps
through convolutions (see Supplementary Materials).

Several regression algorithms were examined in this work,
namely linear regression variants such as the Linear, Lasso
and Ridge regression, K-Nearest Neighbors Regressor, Deci-
sion Tree Regressor, and the Support Vector Machine (SVM)
Regressor with linear, Radial Basis Function (RBF), and poly-
nomial kernels. Algorithms without multi-output support were
used with a Multi-Output Regressor wrapper class that fits one
model for each output.

2) DL-based Algorithms: In this section, the DL-based
algorithms used for image interpolation are introduced. These
algorithms are selected based on their differing approaches on
handling motion in naturalistic videos, and their training pro-
cess to ensure diversity in model representation. Details about
the different loss functions used, handling motion, warping
process and training for each algorithm can be found in the
Supplementary Materials.

Fig. [I] depicts a typical composition of a deep learning
algorithm used for video frame interpolation. Every model
defined in this subsection need not have every component.
However, they certainly make use of similar properties to
produce the final synthesized image. In presenting these DL-
based algorithms, we focus on the components and highlight
the mechanisms that are relevant to our task. Each deep
learning algorithm is adopted as a pre-trained model with
frozen weights as initialized, and used for inference only. All
parameters used are set according to the original source paper
unless mentioned otherwise explicitly.
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Fig. 1. Video intermediate frame interpolation pipeline using deep
learning.

The algorithms considered an expanded (see Supplementary
Materials) in this work are:

1) Real-time Intermediate Flow Estimation algorithm

(RIFE) [10].
2) Spatially-Adaptive Separable Convolution (SepConv)
[28].

3) Depth-Aware Video Frame Interpolation (DAIN) [[11]].

4) Bilateral Motion Estimation with Bilateral Cost Volume
(BMBCO) [15]I.

5) Super SloMo [14].

6) Softmax Splatting [[12]]

7) Residue Refinement Video Frame Interpolation Network
(RRIN) [29].

8) Compression-Driven Network Design for Frame Interpo-
lation (CDFI) [16].

C. Assessment Criteria

1) Projection Evaluation: Different evaluation metrics are
considered to assess the quality of the resulting interpolated
images and quantify information loss due to noise, namely
Structural Similarity Index Measure (SSIM) [30], [31], Peak
Signal to Noise Ratio (PSNR) [30], [32]], and the Mean Squared
Error (MSE) [30], [33].

2) 4D-CBCT Reconstruction Evaluation: To assess the re-
construction quality, two image features were derived from
a 4D-CBCT reconstructed image, namely organ contours and
noise level in constant-intensity areas (see Supplemental Ma-
terial). These metrics have been chosen based on the aim of
the experiments; reduce the streaking artifacts while preserving
the sharpness of the anatomy in the reconstructed images [34].

III. RESULTS

In this section, the results of the projection interpolation
methods as well as the image reconstruction experiments are
presented.

A. Experimental Setting

The evaluation metrics presented in this section were com-
puted by applying the algorithms such that every frame served
as part of both the input and output data, except for the
first and last frames (Iy and Iy_i, respectively, where N is

This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License. For more information, see https://creativecommons.org/licenses/by-nc-nd/4.0/

the size of the dataset). Thus, each subsequent interpolation
process ingests two consecutive projections, with overlap for
non-edge projections ((Ip and Iy_1). The resulting interpolated
projections were then compared with the corresponding ground
truth frames.

B. Evaluation of Machine Learning Regression-based Ap-
proach

The regression-based approach was trained using a 5-fold
cross-validation technique with randomized contiguous triplet
frames. Multi-output regressors perform well for small images
but are resource-intensive for larger ones. As reported in
linear regression models work well across all datasets,
since small-angle rotations can be approximated as linear
translation. Moreover, training time and memory requirements
are minimal, enabling deployment on resource-constrained
devices. shows that resizing and convolutional methods
yield comparable results overall.

Linear regression and Ridge regression achieved the best
performance in the Phantom 1 and Phantom 2 datasets, re-
spectively, while KNN regression showed better performance
in the patient datasets. Overall, although the worst performance
was observed in the Phantom 1 and Patient 2 datasets, the
achieved SSIM was consistently above 99%, indicating high
image similarity. Resizing and Ridge regression consistently
yield high PSNR, effective even on larger images, indicating
scalability. The KNN Regressor works by averaging the K-
closest values in the dataset, which works well because the
pixel values in the intermediary frame to be predicted are
likely confined to a local region as its neighboring pixels across
pair-wise images. On the other hand SVM with a polynomial
kernel achieved similar performance, but with a discernible
computational overhead.

We explored the generalizability of linear regression on three
public, multi-patient databases as described in Section II. A.
Table [l The linear regression model was trained on the first
80% of patients and tested on the remaining 20% of patients,
with results shown in Table [l

Table shows that linear regression performs better with
more data, achieving higher PSNRs than using a single pa-
tient’s scans. This is likely because training on multiple patients
allows the model to learn a broader range of features across
all 360° angles allowing it to better learn the structure of a CT
scan. Linear regression achieves a high PSNR of 95dB on the
LIDC dataset with an SSIM of 99.9%, showing the importance
of more higher quality and diverse data in improving ma-
chine learning models for medical image generation. Real-life
datasets expose the model to diverse anatomical variations, and
imaging conditions improving generalization and performance.

C. Evaluation of Deep learning-based Approach

The deep learning models considered in this work were
implemented with the default parameters specified in the
original works, and their respective pre-trained weights were
utilized during inference. The criteria for choosing the “best”
model is if it outperforms the others in at least two out of
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TABLE II. Summary of results from the classical machine learning (regression) models per dataset.
Dataset | Best Regressor Hyper-parameters Best preprocess- | PSNR SSIM Time (s)
ing method
Phantom 1 Linear - Resizing 39.91 0.99 0.69
Phantom 2 | SVR & Ridge | SVR: Kernel= Poly, Deg=7; Ridge: o =0.1 | SVR:  Resizing; | SVR: 35.51; | SVR: - ; Ridge: | SVR: 964.14,
Ridge: Conv Ridge: 34.57 0.99 Ridge: 0.04
Patient 1 Ridge o =0.01 Resizing 40.43 0.99 1.30
Patient 2 | Ridge & KNN Ridge: o =0.1; KNN: K =3 Ridge: Resizing; | Ridge: 35.79; | Ridge: 0.99; KNN: | Ridge: 2.56; KNN:
KNN: Conv KNN: 34.41 0.99 0.57
Patient 3 KNN K=5 Conv 43.07 0.99 0.0019

TABLE III. Quantitative comparisons of linear regression on addi-
tional datasets

Dataset SSIM PSNR MSE
4D Lung 0.93+0.032 | 85.58+2.52 | 0.00021£0.00016
LIDC 0.999 40.00078 | 95.42+1.89 | 0.000012 £ 0.000027
SPARE Elekta | 0.67+0.088 |71.38+2.12| 0.0054£0.0030

three evaluation metrics. presents a summary of the
averaged metrics.

Overall, the best-performing model across all datasets and
metrics consistently was RIFE, with SepConv-/1 doing slightly
better on Phantom 2. The marginal improvement in spatial
resolution in some cases for RIFE can be due to its progressive
refinement strategy exploiting the mechanisms IFNet block of
its architecture, allowing for the retention of a robust global
representation.

shows the sample original projections, the in-
terpolated ones using the best performing model, and the
corresponding difference images for Phantom 2 and Patient
1 datasets. The specific frames used for comparisons are no.
170 and no. 1809 from each dataset respectively, and were
selected to show maximum anatomical details. The first frame
and second frames obtained SSIM, PSNR and MSE scores
of 0.99, 48.73, and 86.95, and 0.97, 42.14, and 3.96 when
compared to the original projections respectively. From the
difference images, it can be observed that the thickness and
spread of some regions do vary slightly. However, to a greater
extent, the motion artifacts have been accounted for and there
is an overall structural fidelity in the interpolation quality.

TABLE IV. Quantitative comparisons of the deep learning algorithms
across all datasets.

Dataset | Best Model SSIM PSNR MSE
Phantom 1 RIFE 0.99 + 0.01 [ 43.50 + 3.06 | 10.49 + 99.08
Phantom 2 | SepConv-/1 | 0.99 + 0.03 | 48.84 + 4.51 | 45.74 + 509.21

Patient 1 RIFE 0.99 £ 0.01 [43.31 £359| 5.14 + 10.84

Patient 2 RIFE 0.97 £ 0.01 [41.53 £235]| 523 +2.75

Patient 3 RIFE 0.98 £ 0.02 [ 44.37 £ 442 31.33 £ 529.23

D. Evaluation of 4D-CBCT Reconstruction

In this section, the 4D-CBCT reconstruction quality after
considering the interpolated frames is evaluated. In this exper-
iment, the Phantom 1 dataset was considered. A total of 10
respiratory cycles were generated with each cycle comprising
of 36 projections. The projections were binned to ten phase
bins, each having 36 projections. Then a 4D-CBCT image was
reconstructed with each phase was reconstructed from a phase
bin.

This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License. For more information, see https://creativecommons.org/licenses/by-nc-nd/4.0/

Figure [3] represents the general structure of the experi-
ments where projections belonging to the same phase are
being pointed to by blue arrows. Applying interpolation to
n projections belonging to the same phase would follow the
calculation n+ (n— 1)i, where i represents the order of the
projections generated in between. For instance, if n = 36 and
i = 3, meaning 3 projections will be interpolated between
each consecutive original projections, we get 105 interpolated
projections and so on.

Figure ] depicts the coronal views through the reconstructed
anatomy at the end of the exhale phase after using the
Feldkamp-Davis-Kress algorithm [35] with a hann filter of
value 0.4 to cut-off some non-intrinsic high-frequency noise
experienced during ramp filtering. The images correspond to
reconstruction using (a) all 360 images, (b) only 36 original
projections in the same respiratory phase, and (c) original 36
plus 35 interpolated projections between them for 71 total. The
best-performing interpolation model RIFE was used to generate
the interpolated projections. Table [V] reports their quantitative
metric scores as well.

TABLE V. Quantitative metrics reporting performances after increas-
ing levels of interpolation against the baseline original reconstruction
with 360 images.

SSIM
0.471
0.550
0.672
0.794

PSNR
20.11
23.731
26.430
27.621

MSE
0.0097
0.0042
0.0023
0.0017

MAE
0.064
0.042
0.029
0.022

Projections

36 Original
36 Original + 35 Interpolated
36 Original + 105 Interpolated
36 Original + 245 Interpolated

Considering the original projections only, the reconstructed
images in Figure [4] (a) naturally appear to be much clearer and
have no streaking artifacts compared to (b). However, there
is the matter of blurring in (a) induced by motion artifacts
which arise when projections originate from multiple different
respiratory phases. As such, the reconstructed images in (b)
tend to have sharper edges, but this is overshadowed by levels
of noise and streaking artifacts present, which is a consequence
of an insufficient number of projections used in the reconstruc-
tion. As expected, the incorporation of synthetic interpolated
projections in (c) decreases the severity of streaking artifacts
while reducing blurriness.

[Figure 5[a) compares the edge profiles to demonstrate the
effect of using the interpolated projections along with the
original ones on the quantitative spatial resolution of the region
capturing the diaphragmatic movement. As shown in
[ure 5b), edges are sharper when more projections belonging
to one phase are used for reconstruction, with improved pixel
intensity in terms of magnitude and stability.
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Fig. 2. Visual evaluation of the generated projections: (a) original sample projection from Phantom 2 dataset, (b) corresponding interpolated
projection and (c) their difference image, (d) original Sample projection from Patient I dataset, (e) corresponding interpolated projection and

(e) their difference image.
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Fig. 3. Illustration of the 4D-CBCT interpolation process
dashed line illustrates respiratory motion.
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Fig. 4. Reconstructed 4D-CBCT phantom images using a combination
of original and interpolated frames.

shows the corresponding noise levels, calculated
as the standard deviations of the pixel intensities in the two

ROIs of a reconstructed image selected from the background.
The results are in concordance with the findings that using
more projections in reconstruction yields lower noise levels
and fewer streaks and lower noise. This is evident in the case
of using 36 original plus 245 interpolated synthetic projections
for reconstruction.

TABLE VI. Noise levels in two regions of interest (the standard
deviation of the intensity in a ROI)

360 36 36 Original | 36 Original | 36 Original
Original | Original | + 35 Inter- | + 105 Inter- | + 245 Inter-
polated polated polated
ROI'1]0.0088 [0.0474 ]0.0168 0.0100 0.0044
ROI 2 [ 0.00071 |0.0395 |0.0268 0.0131 0.0072

This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License. For more information, see https://creativecommons.org/licenses/by-nc-nd/4.0/
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Fig. 5. Spatial resolution quality assessment of reconstructed images
from coronal views. (a) Edge profile in the reconstructed phantom
along the diaphragm. (b) Normalized pixel intensities of the edge
profile in reconstructed images.

IV. DISCUSSION

The rationale for promoting 4D-CBCT is due to its inherent
capability to faithfully represent the patient anatomy holis-
tically for assessment by radiologists [36]. The experiments
demonstrate the feasibility of pre-trained video frame interpo-
lation algorithms in improving the quality of 4D-CBCT images.

Resizing and convolutions are equally effective as prepro-
cessing methods, enabling linear and KNN regression models
to perform well across datasets without the computational
demands of methods like SVM. KNN’s similar performance to
Ridge regression likely stems from its output being an average
of the K-nearest samples, akin to a linear combination— a
concept central to linear regression. Additionally, KNN tends
to select neighboring images, effectively averaging the K/2
images before and after the current one.

Deep learning models used in this work achieved high
image quality metrics SSIM>90, PSNR>30, and MSE<10
without requiring re-training from scratch as with the baseline
regression models. It was noted that RIFE has a significantly
better image interpolation performance when compared to
similar algorithms. Original and projections interpolated with
RIFE were used to reconstruct a 4D-CBCT image to investigate
practical utility. This yields the findings that using synthetic
projections in reconstruction reduces both artifacts and motion-
induced blurring.

Additionally, Table [VII] shows a similar experimental setup
as described in section [T} where LR and RIFE are applied
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TABLE VII. Quantitative comparisons of RIFE and linear regression
(LR) patient wise on SPARE Elekta

Patient No. | Model SSIM PSNR MSE

1 RIFE | 0.95£0.029 | 38.44+7.06 0.49+1.11

1 LR | 0.79£0.057 | 73.61£2.92 | 0.0035£0.0022
2 RIFE | 0.93£0.024 | 33.75+£6.70 0.38+1.38

2 LR 0.60+£0.10 | 65.49+5.76 | 0.033+0.026
3 RIFE | 0.954+0.72 | 36.28+7.52 0.55+0.72

3 LR | 0.79£0.061 | 70.35£1.97 | 0.0066 £ 0.0030
4 RIFE | 0.94£0.033 | 31.98£6.31 0.96 £0.98

4 LR | 045£0.085 | 62.56£2.78 | 0.042+0.019
5 RIFE | 0.94£0.044 | 34.80£8.13 0.86+1.19

5 LR | 0.72£0.093 | 71.73£5.27 | 0.0068 £ 0.0043

independently for each patient selected from the SPARE Elekta
dataset. LR is trained on the first 80% of projections of a
single patient, and tested on the remaining 20% of projections,
while RIFE is only used for inference on the same last 20% of
projections. We observe that both RIFE and LR show perform
well emphasizing the validity of the experimental setup and
the generalizability of the proposed approaches to datasets
collected under different conditions.

Our work complements latest developments in the field using
transfer learning [37]-[39] and exhibits the merits of augment-
ing sparse projections with general-purpose frame interpolation
techniques that can contribute to 4D-CBCT reconstruction and
overcome the need for fine-tuning (see Supplemental Material).

V. CONCLUSION

In this work, a method leveraging general-purpose frame-
interpolation algorithms is proposed to improve the quality
of respiration-correlated CBCT reconstruction by reducing
the undersampling-induced streaking artifacts. Various
image interpolation algorithms were assessed using both
digital phantom and clinical datasets. Among the algorithms
considered, the RIFE algorithm demonstrated superior results
in terms of SSIM (0.986 + 0.010), PSNR (44.13 + 2.76), and
MSE (18.86 + 206.90) across all datasets. Moreover, it was
found that using the interpolated projections along with the
original ones in reconstructing 4D-CBCT images decreases
the severity of the streaking artifacts while preserving sharp
edges in the image. The proposed approach allows for flexible
adaptation into potentially resource-constrained, or low-data
regimes.
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