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ROBUST SINGLE-VIEW CONE-BEAM X-RAY POSE ESTIMATION

CROSS REFERENCE TO RELATED APPLICATION

[0001] This application claims priority to U.S. Provisional Patent Application No.
63/472,117 filed on June 9, 2023, which is hereby incorporated by reference herein.

TECHNICAL FIELD

[0002] This disclosure relates to the field of generating digitally reconstructed radiographs
(DRRs). More specifically, systems and methods are disclosed used to improve the fidelity

of DRRs and optimization of single-view X-ray pose estimations.

BACKGROUND

[0003] Through the use of widely available 3D medical images, such as computerized
tomography (CT) and magnetic resonance imaging (MRI), surgical planning has been
enabled on 3D anatomical models reconstructed from the 3D images. Models are limited,
however, because intraoperative positions and orientations (i.e., poses) of a patient are
unknown. Pose estimation by image registration is a prerequisite for accurate image
guidance in diagnosis or surgery. As such, estimation of a patient’s poses is essential for
accurate image guidance in widespread minimally invasive surgical procedures and
essential for many other clinical applications. As such, an improved system for more
accurate and detailed X-ray pose estimation through image registration (matching) of

digitally reconstructed radiographs (DRRs) to X-ray images would be advantageous.

SUMMARY

[0004] This Summary introduces a selection of concepts relating to this technology in a
simplified form as a prelude to the Detailed Description that follows. This Summary is not

intended to identify key or essential features.

[0005] In certain aspects, a method for generating digitally reconstructed radiographs
disclosed herein may include the steps of selecting a predicted anatomical target pose of an

individual, receiving gradient-based registration images comprising known anatomical
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poses of a plurality of individuals, estimating the predicted target anatomical target pose by
rendering the gradient-based registration images by differentiable X-ray projection,
optimizing the rendered gradient-based registration images in which the received gradient-
based registration images may be optimized via neural tuning of computed tomography, or
wherein the received gradient-based registration images may be optimized via masked
neural radiance fields, and generating an optimized digitally reconstructed radiograph of
the predicted anatomical target pose. In other aspects, machine learning algorithms,
models, or frameworks may be executed to train the disclosed systems and methods

disclosed herein.

[0006] In other examples, the received gradient-based registration images may include X-
ray images and digitally reconstructed radiographs, and during optimizing, estimation of
the predicted anatomical target pose of an individual may be iteratively performed by
minimizing differences between the X-ray images and the digitally reconstructed
radiographs. In another example, the differences between the X-ray images and the
digitally reconstructed radiographs may be minimized by adjusting a pose of a source of
the digitally reconstructed radiographs. In another example, the X-ray images may include
a contrast enhancement, an intensity invert, and a scaling and image resizing. In yet another
example, the predicted anatomical target pose of an individual may be selected from
representative X-ray images of the individual. In still other examples, even sampling of
volume densities may be utilized to optimize the generated digitally reconstructed
radiograph of the predicted anatomical target pose. In another example, random sampling
of volume densities may be utilized to optimize the generated digitally reconstructed

radiograph of the predicted anatomical target pose.

[0007] In some aspects, a method for generating digitally reconstructed radiographs
disclosed herein may include the steps of selecting a predicted anatomical target pose of an
individual, obtaining gradient-based registration images that include known anatomical
poses from a group of individuals, estimating the predicted target anatomical target pose
by rendering the gradient-based registration images by differentiable X-ray projection,
optimizing the rendered gradient-based registration images, and generating an optimized
digitally reconstructed radiograph of the predicted target pose. In some examples, the
rendered gradient-based registration images may be optimized via neural tuning of
computed tomography. In other examples, the rendered gradient-based registration images

may be optimized via masked neural radiance fields.

-2
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[0008] In some examples, the received gradient-based registration images may be
optimized via neural tuning of computed tomography. In another example, the received
gradient-based registration images may be optimized via masked neural radiance fields. In
other examples, the predicted anatomical target pose may be selected from representative
X-ray images of the individual at poses near -90°, -45°, 0°, 45°, and 90°. In still other
examples, the methods disclosed herein may include a machine learning model configured
to optimize the rendered gradient-based registration images. In another example, the
machine learning model may be configured to utilize even sampling of volume densities to
optimize the generated digitally reconstructed radiograph of the predicted target pose. In
yet other examples, the machine learning model may be configured to utilize random
sampling of volume densities to optimize the generated digitally reconstructed radiograph

of the predicted target pose.

[0009] In other aspects, a system for generating digitally reconstructed radiographs
disclosed herein may include an imaging device configured to an generate anatomical
image from an individual, a machine learning model configured to optimize the generated
anatomical image from the individual, and a processing device configured to generate a
digitally reconstructed radiograph. In some examples, the digitally reconstructed
radiograph may include a predicted target anatomical pose of the individual, and the
predicted target anatomical pose may be generated from the optimized anatomical image

of the individual.

[0010] In other examples, the digitally reconstructed radiograph may be generated using
gradient-based registration images optimized via neural tuning of computed tomography.
In some examples, the digitally reconstructed radiograph may be generated using gradient-
based registration images optimized via masked neural radiance fields. In still other
examples, the digitally reconstructed radiograph may be generated using gradient-based
registration images optimized via neural tuning of computed tomography and via masked
neural radiance fields. In yet another example, the machine learning model may be
configured to utilize even sampling of volume densities to optimize the generated
anatomical image. In another example, the machine learning model may be configured to

utilize random sampling of volume densities to optimize the generated anatomical image.

[0011] These and other features, advantages, and objects of the present disclosure will be

further understood and appreciated by those skilled in the art by reference to the following
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specification, claims, and appended drawings, where various embodiments of the design

illustrate how concepts of this disclosure may be used.

BRIEF DESCRIPTION OF THE DRAWINGS

[0012] A more complete understanding of features described herein and advantages thereof
may be acquired by referring to the following description in consideration of the
accompanying drawings, in which like reference numbers indicate like features. The patent
or application file contains at least one drawing executed in color. Copies of this patent or
patent application publication with color drawing(s) will be provided by the Office upon

request and payment of the necessary fee.

[0013] FIG. 1 illustrates pose estimation by gradient-based image registration optimization

in Differentiable X-ray Projection (DiffXP) as disclosed herein.

[0014] FIG. 2 illustrates Diff XP consisting of an X-ray source and an image intensifier as

disclosed herein.

[0015] FIG. 3 depicts a typical setup of a movable X-ray. The imaged geometry on the
intensifier is determined by two parameters, source-isocenter distance (SOD) and the
source-intensifier distance (SID; also called the focal for a camera). The SOD and SID can

be set according to the volume and image sizes, respectively.

[0016] FIG. 4 depicts the configuration of a movable X-ray, where a source moves relative
to a fixed object. The positional/angular CS is set at the isocenter. The blue arrows indicate

the positive directions of 6DoFs.

[0017] FIG. 5 depicts the configuration of a fixed X-ray, where an object moves relative to
a fixed source. The positional CS is set at the source, while the angular CS is set at the

isocenter. The blue arrows indicate the positive directions of 6DoFs.

[0018] FIGS. 6A-6C illustrates cone-beam X-ray imaging, processed cone-beam X-ray

sequence, and reconstructed cone-beam CT as disclosed herein.

[0019] FIG. 7 illustrates neural tuning of computed tomography (NeTCT) in DiffXP as

disclosed herein.

[0020] FIG. 8 illustrates the reconstruction of a neural radiance field (NeRF) in DiffXP as

disclosed herein.
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[0021] FIG. 9 illustrates skull projections of a NeRF and a masked neural radiance field

(mNeRF) after training in a zoom-out and left-posterior view as disclosed herein.
[0022] FIG. 10 illustrates single-view X-ray pose estimation in DiffXP.

[0023] FIG. 11 illustrates successful registrations of computerized tomography (CT),
NeTCT, and mNeRF projections (green) to an X-ray image (red) at a pose capturing the
lateral skull (the overlapping region between DRR and X-ray is rendered as yellow) as

disclosed herein.

[0024] FIG. 12 depicts the comparison of an X-ray image with DRRs by projecting CT,
NeTCT, and mNeRF using DiffXP, respectively, at the same pose of the X-ray image as

disclosed herein.

[0025] FIG. 13 depicts X-ray images at five target poses that are used to evaluate the
performance of pose estimation using gradient-based image registration optimization as

disclosed herein.

[0026] FIG. 14 is a graphical comparison of the 3D angle errors and success rates in the
registration of CT projections to X-ray images of a single patient at five different poses

using the combined loss (left) and the MI loss (right), respectively as disclosed herein.

[0027] FIG. 15 graphically depicts correlation between optimal 3D angle errors and initial
3D angle errors in registration of CT projections to X-ray images at different poses using

the combined loss (Lc) and the MI loss (Lm), respectively, as disclosed herein.

[0028] FIG. 16 graphically depicts correlation between optimal 3D angle errors and
optimal image losses (i.e., Lc and Lwmr, respectively) in registration of CT projections to X-

ray images at different poses as disclosed herein.

[0029] FIG. 17 graphically depicts comparison of the 3D angle errors and success rates
using the projections of CT, NeTCT, and mNeRF, respectively, to register skull X-ray

images of five patients at five different poses as disclosed herein.

[0030] FIGS. 18A and 18B graphically depict registration results of individual patients
using CT, NeTCT, and mNeRF projections, respectively. Results are from patients #1 ~

#5, upper to lower, respectively.
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DETAILED DESCRIPTION

[0031] In the following description of the various embodiments, reference is made to the
accompanying drawings identified above and which form a part hereof, and in which is
shown by way of illustration various embodiments in which features described herein may
be practiced. It is to be understood that other embodiments may be utilized and structural
and functional modifications may be made without departing from the scope described
herein. Various features are capable of other embodiments and of being practiced or being

carried out in various different ways.

[0032] Pose estimation by image registration is a prerequisite for accurate image guidance
in diagnosis or surgery. Recent progress in differentiable rendering of optically reflective
materials has garnered attention, due to the state-of-the-art performance of view synthesis
and pose estimation, which were built upon and applied to reconstruction and registration
of medical images that are attenuations of radiolucent materials. As disclosed herein,
differentiable X-ray projection (DiffXP) was developed for specifically and efficiently
rendering DRRs. Based on DiffXP, two novel methods were introduced: 1) neural tuning
of computed tomography (NeTCT) also referred to as shortening neural tuned CT, and 2)
masked neural radiance fields (mNeRF), to improve the fidelity of DRRs, and improve

implemented gradient-based optimization for single-view X-ray pose estimation.

[0033] Techniques were systematically explored to improve the robustness of pose
estimation to achieve a 3D angle error less than 3°. It was discovered, surprisingly, that
the success rates of pose optimization were distinctly improved when the optimization
objective was defined as an image loss based on the mutual information. Furthermore, the
robustness of pose estimation can be further enhanced by registration of more realistic
DRRs to target X-ray images. Synthesizing DRRs, using both NeTCT and mNeRF, can
achieve similar performance in pose estimation, with overall success rates of 93.2% and
95.4%, respectively. Considering the much shorter training time of NeTCT (~18 min)
compared to mNeRF (~6 hours), NeTCT is an attractive option for improving the
robustness of pose estimation. The novel concepts disclosed herein include: 1) introduction
of NeTCT, a new method to generate realistic synthetic X-ray images from a cone beam
CT reconstruction; and 2) a new system and method of modifying and optimizing NeTCT

and NeRF for X-ray image pose estimation.
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[0034] Accurate estimation of an intraoperative patient pose is essential for many clinical
applications, such as augmented reality (e.g., presenting planned placement of implants on
X-ray images captured in vivo) and robotic navigation (i.e., determining a robot's position
relative to a patient in an intraoperative reference frame). As disclosed herein, a novel
method, Neural Tuned CT (NeTCT) may be used for pose estimations. Compared to NeRF,
NeTCT can achieve comparable high accuracy (NeTCT: 93.2% success rate vs. NeRF:
95.4% success rate for 3 deg registration accuracy), and can be trained much faster

(NeTCT: 18 min vs. NeRF: 6 hours) that is beneficial for clinical deployment.

[0035] Surgical planning has been enabled on 3D anatomic models reconstructed from
widely available 3D medical images, such as CT and MRI. However, the intraoperative
position and orientation of a patient are unknown, so the correlation between the landmarks
created on the 3D anatomic model and those inside the patient (invisible) in vivo cannot be
conveniently established. Therefore, estimation of patient’s poses is essential for accurate
image guidance in widespread minimally invasive surgical procedures. The patient’s pose
in vivo can be reproduced through a 3D/2D image registration technique, in which a 3D
volume (e.g., CT) representing the patient’s anatomy is translated and rotated, until the
synthetic 2D radiograph by projection of the 3D volume matches the actual 2D radiograph
(e.g., X-ray) [1]. In the literature, the synthetic 2D radiograph is also referred as to the
digitally reconstructed radiograph (DRR). Due to the complexity of image registration and
a high-level requirement for accuracy in clinical settings, pose estimation still relies heavily

on manual registration by human experts.

[0036] As discussed above, machine learning algorithms, models, or frameworks may be
executed to train the disclosed systems and methods disclosed herein. The terms machine
learning frameworks, algorithms, and models may be used interchangeably, and may
generally refer to automating and improving the learning process of computers based on
their experiences or historical datasets without being actually programmed, i.e., without
any human assistance. The process may start with inputting good quality data (e.g., X-ray
images and DRR’s) and then training the machines or algorithms by building machine

learning models using the data and different algorithms.

[0037] Machine learning implementations as used herein may be classified into three major
categories, depending on the nature of the learning signal or response available to a learning
system. The first is supervised learning. This machine learning algorithm consists of a

target or outcome or dependent variable which is predicted from a given set of predictor or

-7 -
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independent variables. Using these datasets of variables, a function is generated that maps
input variables to desired output variables. The training process continues until the model
achieves a desired level of accuracy on the training data. Examples of supervised learning
include: Regression, Decision Tree, Random Forest, KNN, Logistic Regression, etc. The
second is unsupervised learning. In this machine learning algorithm, there is no target or
outcome or dependent variable to predict or estimate. It is used for clustering a given data
set into different groups. The third is semi-supervised or reinforcement learning. Using
this algorithm, the machine is trained to make specific decisions. Here, the algorithm trains
itself continually by using trial and error methods and feedback methods. This machine
learns from past experiences and tries to capture the best possible knowledge to make
accurate decisions. Markov Decision Process is an example of semi-supervised machine

learning. Machine learning can also be used to recognize patterns in data.

[0038] Supervised learning has been widely attempted for automatic estimation of poses
captured by single-view or multi-view X-ray images. For example, Miao et al. [2] proposed
a regression approach to single-view X-ray pose estimation, in which a convolutional
neural network (CNN) was trained to directly estimate six-degree-of-freedom (6DoF)
transformation parameters of an implant from the residual in the appearance between DRRs
and X-ray images. Liao et al. [3] tackled the problem of multi-view 3D/2D rigid
registration by introducing a POINT? network consisting of a tracking module and a
triangulation module. The tracking module featuring a Siamese-like architecture extracted
features on DRRs similar to those on X-rays, and these features were further fed to the
triangulation module for point-based registration. Zhou et al. [4] presented a transfer
learning strategy for landmark-based 3D/2D image registration to estimate in vivo skull
poses captured by dual-plane fluoroscopic images. They utilized the CNN trained on an
artificial DRR-landmark dataset to detect landmarks on X-ray images experiencing DRR-

style translation by a cycle-consistent generative adversarial network (GAN).

[0039] In general, there are several limitations in the implementation of supervised learning
for pose estimation. First, deterministic models are used in supervised learning. No matter
how accurate a model is, there are inevitably poor predictions, whereas these predictions
cannot be changed once the model is trained. Moreover, supervised learning is greedy for
data to generalize. For a generic application, it is necessary to collect a large dataset of
medical images and ground-truth labels involving a population for model development.

However, except the expense, medical images are commonly less available due to the risk

-8-
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of high radiation exposure. Although DRRs are an effective way for data augmentation,

sufficient ground-truth images are needed to eliminate the style difference.

[0040] Reinforcement learning (RL) is a way of solving the problem of deterministic
models, as it mimics how an intelligent agent takes actions in manual image registration.
In RL, the value function estimating the expected cumulative reward during a Markov
decision process (MDP) is maximized, by optimizing the policy function that determines
actions of the agent according to the current state of the environment [5]. In particular,
deep CNNs have been introduced to represent the policy function. Recently, Shao et al. [6]
have developed a deep RL framework for 6DoF pose estimation of real-world objects
captured by photos with 2D annotation. Impressive performance of the deep RL framework
was achieved by a delicate reward definition and a composite reinforced optimization

method for efficient and effective policy training.

[0041] As one of recent advances, Mildenhall et al. [7] proposed neural radiance fields
(NeRF) that offered a new avenue to represent a real-world 3D scene using a multi-layer
perceptron (MLP) and synthesize high-fidelity RGB images. Particularly, they realized
differentiable rendering of a 3D field with densities and view-dependent colors to generate
2D photorealistic images with pixel colors, by fully vectorizing the rendering process in a
machine learning framework (TensorFlow). Based on the differentiability of NeRF, Lin et
al. [8] proposed “inverting” NeRF, a gradient-based optimization framework that performs
mesh-free 6DOF pose estimation given a RGB image. Compared to RL which estimates
the value (i.e., the expected cumulative reward) during pose refinement assumed as an
MDP, the gradient information in terms of an image with respect to a pose can much more

accurately guide image registration.

[0042] Furthermore, it was observed that NeRF has potential to directly generate realistic
DRRs simulating X-ray images, without the additional processing to eliminate the
difference in their styles via domain adaptation, like GAN [9]. Previous work has
demonstrated that a large dataset of DRRs and X-ray images is warranted to train a GAN
for the style translation, but the performance still appeared to be less robust due to mode

collapse [4].

[0043] Many previous works based on NeRF have achieved state-of-the-art performance
on the rendering of optically reflective materials [10], [11]. However, whether and how

differentiable rendering can be leveraged to synthesize DRRs simulating the attenuations
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of radiolucent materials and to improve medical image reconstruction/registration have not
been thoroughly explored. As disclosed herein, an in-depth investigation was conducted
with a focus on single-view cone-beam X-ray pose estimation. First, a differentiable X-ray
projection (DiffXP) was developed for specifically and efficiently rendering DRRs. Based
on DiffXP, neural tuning of CT was then introduced and mNeRF to improve the fidelity of
the DRRs. Furthermore, DRR/X-ray image registration using gradient-based optimization
was also implemented in DiffXP for pose estimation. X-ray images from a cone-beam CT
scanner were procured and single-view X-ray pose estimation was performed. To improve
the robustness of pose estimation, 1) the choice of image losses as the optimization

objective, and 2) the fidelity of DRRs rendered by CT, NeTCT, ormNeRF were examined.
[0044] Differentiable X-ray Projection (DiffXP)

[0045] A differentiable rendering algorithm has been implemented in NeRF, which is used
to reproduce a real-world 3D scene and synthesize photorealistic views [7]. Through
vectorization of the rendering computation, automatic differentiation was realized in
machine learning frameworks based on backpropagation. However, in medical image
analysis, X-ray images are often simulated by DRRs, which are generated by projection of
widely available 3D medical image volumes (e.g., CT and MRI). Different from a NeRF
that is a continuous field, theses 3D volumes are discretized, so they cannot be directly used
in the rendering algorithm of NeRF to synthesize DRRs. Furthermore, as typical 2D and
3D medical images only have density/intensity values without RGB colors, a simplification
of the rendering algorithm in NeRF [7] by ignoring RGB colors (thus, eliminating the
dependence of the rendering on ray directions that affects image colors) can significantly
enhance computational efficiency. Therefore, DiffXP for specifically rendering DRRs was
developed. Discretized volumes or continuous fields, representative of 3D anatomic
structures, can be imported into DiffXP. As shown in FIG. 1, in optimization, estimation
of the target pose is iteratively performed by minimizing the difference between the target
X-ray image and the projection (i.e., DRR) of a 3D volume/field (e.g., CT, NeTCT, or
mNeRF) representing a 3D anatomic structure. FIG. 1 also depicts the relationships of
NeTCT and mNeRF with respect to CT. NeTCT and mNeRF are conditional on CT

densities and a 3D mask of the anatomic region segmented from CT, respectively.

[0046] As shown in FIG. 2, a movable cone-beam X-ray (such as C-arm fluoroscopy) was
adopted in which a 3D volume/field representing an anatomic structure was fixed at the X-

ray isocenter (i.e., the rotation center of the movable X-ray), while the X-ray source

-10-
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translates and rotates relative to the X-ray isocenter. Like NeRF, a normalized device
coordinate (NDC) system, “XYZ” is set at the X-ray isocenter (O), whereby the original
viewing frustum is mapped to the cube [-1,1]° [7]. However, 3D medical images such as
CT are typically created based on the actual space coordinate, with a source-isocenter
distance (SOD) and a source- intensifier distance (SID) preset by the CT scanner. Hence,
to input a CT volume into DiffXP, dimensions of the CT volume are expanded to its
maximum dimension, and then the cubic volume is normalized to [-1, 1]° (note that the unit
of the NDC is a half of the actual volume size). Correspondingly, the SOD and SID in the
actual coordinate need to be adjusted to those in the NDC, such that the resulting projections
are identical regardless of adopted coordinates (setting X-ray parameters is described below
and shown in FIGS. 3-5. Additionally, DiffXP also normalizes the densities of 3D
volumes/fields and the intensities of rendered DRRs to [0, 1]. Both the normalizations for
volume dimensions and densities/intensities are in order for efficient training in later

machine learning implementations.

[0047] Consider a single ray (r = 0 + td) which emits from the X-ray source (0) along an
arbitrary direction (d), as shown in FIG. 1. The resulting image intensity (I) at the pixel
on the image intensifier where the ray arrives can be formulated as a numerical integration

of all intensities throughout this ray in the 3D space:

Ns
I(r) = Zwiai (1)
i=1

where w; are weights on each sampled volume density, g;. N, is the sample size per ray.
To save computational cost, the intensities (0;, i = 1, 2, ..., Ny) can be sampled only within
the 3D volume by setting a near and far bounds (which were set at z = 1 and z = -1,
respectively, in this work), as shown in FIG. 1. In particular, to sample densities from a
discretized volume like CT, a differentiable sampling module was developed, in which
coordinate transformation from the NDC to the image coordinate and linear interpolation
of volume densities were fully vectorized in the machine learning framework
(TensorFlow). Moreover, Dift XP offers two options for sampling of volume densities [7],
including even sampling (for efficiency in later gradient-based pose optimization and

random sampling (for jittering in later training of NeTCT and mNeRF). To do that, the ray

-11 -
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between the near and far bounds is evenly sliced into Ny segments along the z-axis. For
even sampling, the volume densities at the starting points of these segments are sampled;

for random sampling, the volume densities within these segments are randomly selected.

[0048] Furthermore, the weight on each sampled volume density in Eq. 1 above can be

written as w; = C;T; comprising a coefficient C; and a nested numerical integration, T;:

C; = 1—exp(—0;6;) 2)

i1
T; = exp —ZGJ-c?j 3)
j=1

where §; = t;,1 — t; is the spacing between adjacent sampled densities (¢; is the distance
of the sampled density, g; to the source along the ray). Itis worth noting that §; is a constant
for even sampling but varies for random sampling. Both the equations indicate that the
weight, w; is related to g;6; in terms of a sublinear and bounded function which penalizes
high 0;6; values (Eq. 2), meanwhile w; decays as the distance of the sampled density to the

source increases (Eq. 3).

[0049] To generate all pixel intensities of a DRR, the numerical integration (Eq. 1) needs
to be performed for a total of L x W rays (L. and W are the numbers of pixels along the
length and width of the DRR, respectively). In this work, DiffXP was used for projection
and reconstruction of 3D volumes/fields, including CT, NeTCT, and mNeRF, respectively,
as well as for image registration via gradient-based pose optimization. As noted in NeRF,
the gradient computation of the differentiable rendering through backpropagation is
prohibitively expensive [8]. For all the implementations of DiffXP without excessively
sacrificing computational efficiency, the DRR size was set to 128 x 128 and a sample size

of Ny = 128 was chosen.
[0050] Setting of X-ray Parameters and Configuration

[0051] As shown in FIG. 3, a typical movable X-ray (e.g., C-arm fluoroscopy), the X-ray
source moves relative to a coordinate system (CS) established at the isocenter (i.e., the
rotation center of the X-ray). The geometry imaged on the intensifier depends on two

parameters, the source-isocenter distance (SOD) and the source-intensifier distance (SID;
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also called the focal for a camera). The SOD and SID can be set according to the volume

and image sizes, respectively.

[0052] For a cubic volume that is scaled to different sizes, [; and [, (e.g., those in the actual

coordinate and NDC, respectively), the corresponding SODs, z; and z,, should be set, such

that the same geometry is imaged:

7z L

a_1 4

5L “
[0053] Furthermore, a volume could be projected onto a rectangular intensifier using

different image size, s; and s,. If the imaged geometry remains invariant when one image

is resized to match another image, the corresponding SIDs, f; and f,, should satisfy:

fi_s

= 5
2 s ©)

[0054] As shown in FIG. 4, in the movable X-ray, the X-ray source can be moved by first

translations and then rotations with respect to a CS established at the isocenter, while the
object to image remains static. In particular, the angular DoFs are represented by three
intrinsic Euler angles with a sequence of “YXZ”. However, sometimes, it is also desirable
to position an object relative to the X-ray source (e.g., when aligning patient’s CT to
patient’s pose in actual 3D space). In this case, a “fixed” X-ray is assumed, as shown in

FIG. 5.

[0055] The 6DoF motion (first translations and then rotations) in the movable X-ray is

convertible to that (first rotations and then translations) in the fixed X-ray. To ensure the
same magnitude of 6DoFs in both the X-ray configurations, in the fixed X-ray, as shown
in FIG. 5, a positional CS and an angular CS need to be set at the X-ray source and the
isocenter, respectively; both the CSs have the coordinate directions opposite to those in the
movable X-ray (i.e., the two CSs are left- handed). The angular DoFs of the object are
defined as three extrinsic Euler angles with the same sequence of “yxz” with respect to the
angular CS, while the positional DoFs of the object are measured with respect to the

positional CS.
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[0056] Cone-beam X-ray Imaging and CT Reconstruction

[0057] X-ray sequences were acquired of the skulls of five de-identified stroke patients
from a cone-beam CT scanner, as shown in FIG. 6A. Each X-ray sequence includes 133
X-ray images with a size of 960 x 960 covering a range of principal (axial) angles from -
100° to 100° in an increment of 1.5°. The acquired X-ray images sequentially underwent
contrast enhancement (tone mapping and histogram equalization), intensity (grayscale)
invert and scaling to [0, 255], and image resizing to 256 x 256, resulting in a processed X-
ray sequence as shown in FIG. 6B. To reconstruct traditional cone-beam CT, the processed
X-ray sequence was imported into a GPU-based CT reconstruction toolbox, TIGRE [12].
Within TIGRE, the SOD and SID were set to 1000 mm and 1536 mm, respectively, and the
OSSART reconstruction algorithm was adopted. A reconstructed cone-beam CT with a

size of 256 x 256 x 256 is shown in FIG. 6C.
[0058] Neural Tuning of CT (NeTCT)

[0059] There could be discrepancies in the style and texture between X-rays acquired from
the CT scanner and DRRs by projection of the cone-beam CT using Diff XP, because the
formulation and parameters of DiffXP (Eq. 1) may not be exactly coincident with those of
actual X-ray imaging. It is hypothesized that tuning of CT densities can facilitate the
domain alignment of DRRs to X-rays. In this study, a MLP consisting of full-connected
layers was introduced to perform NeTCT in DiffXP, as illustrated in FIG. 7. Like the
positional encoding in NeRF [7], an encoding of the CT densities (0) was used as the inputs

of the MLP:

E(o) =[o sin2io cos2ig -] (6)

where a six-layer encoding is adopted in this study, i.e., 0 <i <5. The MLP outputs new

densities (6), which are used in the numerical integration for each ray in DiffXP (Eq. 1).

[0060] To train the MLP, 133 processed X-ray images were collected and the
corresponding ground-truth source poses were acquired from the CT scanner as shown in
FIG. 6B. The X-ray images were downsized to 128 x 128 to match the size of DRRs
generated by DiffXP. Correspondingly, the actual SOD and SID were adjusted to 7.8 and
768.0 in the NDC of DiffXP, respectively. During MLP training, an X-ray image (Ix,q,)

and the corresponding ground-truth source pose (p;) are randomly sampled from the
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processed X-ray sequence. The optimization of the MLP weights (W) can be formulated

as:

W, = argur/ninﬁ (IDRR (p:|W), IXray(pt)) (7N

where Ipgr(p:|W) is the DRR generated by projection of NeTCT depending on the MLP
weights (W), given a ground-truth source pose (p,) in DiffXP. Corresponding to the X-
rays captured in the CT scanner, the pose (p;) is one of the principal angles in an interval
of 1.5° from -100° to 100° as shown in FIG. 6B. L is a combined image loss function,
quantifying the difference between a pair of Ipgg and Iy,.q, ; it includes a mean square error
(MSE) loss, a focal frequency loss [13], and a structural similarity (SSIM) loss [14]. It is

worth noting that Eq. 7 can be efficiently solved in gradient-based optimization, because

the computation of the gradient, a;L::;R is enabled by the differentiability of Diff XP.

[0061] Masked Neural Radiance Field (mNeRF)

[0062] Different from a discretized CT volume, an NeRF is an unconstrained and
continuous radiance field. As shown in FIG. 8, the NeRF is parameterized by an MLP
mapping from NeRF coordinates (input) to NeRF densities (output) [7], and the
reconstruction of an NeRF starts from an MLP with randomized weights. As the
representation of a NeRF is more complex than the tuning task in NeTCT, a more
sophisticated MLP was introduced with more hidden layers and neurons as shown in FIG.
8. To predict the density at a position, the corresponding coordinates are fed to the MLP

by positional encoding [7]:

E(x,v,2)
=[x z sin2ix sin2'y sin2iz cos2x cos2'y cos2iz
y y y

8
g ®
where a six-layer encoding is adopted in this study, i.e., 0 <i <5. Like that in NeTCT, the
densities (6) predicted by the MLP are used in the numerical integration for each ray in
DiffXP (see Eq. 1). For training the MLP of the NeRF, the protocol, loss function, and

optimization problem are completely same as those in NeTCT (see Eq. 7). In particular,
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compared to the MSE loss that was solely used to train NeRF [7], incorporating the SSIM

loss can help converge in the training of the medical NeRF (without RGB values).

[0063] A main problem of the unconstrained NeRF is that artifacts would occur
surrounding the reconstructed anatomic structure, as shown in FIG. 9. These artifacts can
compensate for the difference between DRRs and X-rays, causing overfitting to the X-rays
in training but incorrect rendering at new poses. The potential reason is that the CT scanner
can only capture a sequence of 133 X-rays covering a range of the principal angles from
-100° to 100° (i.e., the pose trajectory was a semi-circle). In contrast, in NeRF, the input
natural images and ground-truth poses covered a semi-sphere of the 3D scene [7]. To
eliminate artifacts due to the limited range of X-rays and poses in training, mNeRF was
introduced, in which the 3D region of the skull manually segmented from cone-beam CT
(processed using 3D Slicer [15] with a slight dilation of 3 mm applied) as shown in FIG.
6C, is used as a 3D mask to constrain the NeRF, such that only the densities within the

anatomic structure are generated.

[0064] For training of mNeRF, a differentiable masking module was developed in the
machine learning framework (TensorFlow) to ensure that all operations can be
differentiated. In the initial implementation of this module, the products of the densities
predicted by the MLP and the corresponding mask values (0: anatomy, 1: background) at
all sampled positions were fed to DiffXP to render a DRR by numerical integrations.
Because the 3D CT mask is discretized, the mask values at the sampled positions need to
be also interpolated using the differentiable sampling module. However, due to these
additionally introduced operations, the backpropagation during training was too expensive,
causing a machine learning framework crash. In fact, the densities outside the CT mask are
useless for DiffXP, without a need to be predicted by the MLP. Therefore, in the viable
differentiable masking module, the sampled positions of the background were firstly
filtered out, such that only the sampled positions of the anatomic region were fed to the

MLP to predict densities that were numerically integrated in DiffXP.
[0065] Pose Estimation by DRR/X-ray Image Registration

[0066] Intuitively, pose estimation of an X-ray can be iteratively achieved by an DRR/X-
ray image registration process, in which the image difference between the rendered DRR
and the X-ray image is minimized by adjusting the pose of the DRR source. FIG. 10

illustrates the single-view X-ray pose estimation in DiffXP, in which a 3D volume/field is
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used to represent the 3D anatomic structure. The source pose consists of six-degree-of-
freedom (6DoF) components, including three angular and three positional DoFs with
respect to the NDC system established at the isocenter of the X-ray. It is worth noting that
the relative motion between the source and the object can be estimated based on an
assumption of either a movable or a “fixed” X-ray. In this study, the source poses were
estimated of a movable X-ray, assuming that the imaged object was fixed, since the motion
of the source can be more concisely described. However, this approach of source pose
estimation is equivalently applicable to estimating object poses while fixing the X-ray
source (i.e., a fixed X-ray). See the above description of FIGS. 4 and 5 describing
interpretation of the equivalence of source vs. object movements, as well as the coordinate

transformation of 6DoFs between these two X-ray setups.

[0067] Given an X-ray image (Ix,q,) with an unknown pose, the estimation of a 6DoF pose

(p) can be described as an optimization problem:

p. = argmin L(IDRR ), IXray) )
P

where Ipgrpr(p) is the DRR generated by projection of NeTCT at a source pose (p) in
DiffXP. p =[8; x] consists of three angular DoFs, 8 = [ a y] and three positional DoFs,
X =[xy z]. In particular, 8 is defined as three intrinsic Euler angles with a sequence of
“YXZ” [16]. L is the image loss function used to quantify the difference between a pair of
Ipgg and Iy,q,; here, a mutual information (MI) loss was adopted [17], [18] for the pose

dIpRrR

optimization. Due to the differentiability of DiffXP, the gradient, can be computed

by backpropagation in machine learning frameworks, so Eq. 9 can be efficiently solved in

gradient-based optimization.

[0068] Because X-ray imaging is radiolucent and the skull is symmetric, the two X-ray
images with a difference of 180° around the principal (axial) axis are almost identical (e.g.,
it i1s often hard to distinguish an anterior radiograph from a posterior radiograph).
Therefore, for estimating X-ray poses, it is necessary to provide an initial guess for the pose
optimization (Eq. 9). Here, the initial pose (p,) is assigned randomly jittered angular and

positional DoFs away from the target pose (p;):

-17 -



WO 2024/254487 PCT/US2024/033061

Po = P: + Ap (10)

where py = [0; Xo] and p, = [0¢; x:]. Ap is a vector consisting of six uniformly random
numbers between min(Ap) = [-30, -30, -30; -0.2, -0.2, -0.2] and max(Ap) = [30, 30, 30; 0.2,
0.2, 0.2]. Note that the units of angular and positional DoFs are degrees and a half of the
volume size (in the NDC space), respectively. Eq. 10 simulates a rough registration for a
target X-ray image by humans making a little effort, meaning that the initial pose is
distinctly different from the target pose, as shown in FIG. 11. In addition, it can be noted
that Eq. 10 results in a highly skewed variable space in terms of the optimization variables,
p, which is bounded by Ib = p, + min(Ap) and ub = p, + max(Ap). Therefore, in the
implementation, the optimization variables, p have been normalized to P in a regular

variable space bounded by Ib = 0, and ub = 1, for efficient optimization [19].

[0069] Angular estimation is much more challenging than positional estimation, especially
for the two out-of-plane rotations that are harder to determine by single-view image
registration [20]. As disclosed herein, the angular and positional DoFs were coupled in a
single optimization within a normalized variable space for pose estimation (Eq. 9). Overall,
the positional DoFs can converge to their ground-truth DoFs, once the errors in the angular
DoFs are minimized, as shown in FIG. 11. Therefore, for simplicity in subsequent analysis
and presentation of experimental results, only the errors in angular DoFs are reported,
which are measured by introducing a 3D angle error (€g). Given the angular DoFs, 8. in
the optimal pose and those, 8, in the ground-truth pose, a 3D angle based on the axis-angle

representation [21] can be calculated:

trace(R, - RT) — 1
2

(1D

Ep = arccos

where R, and R; € R;.3 are the rotation matrices calculated from the Euler angles 8, and
0., respectively. The superscript T represents transpose of a matrix. As disclosed herein,
a successful image registration / pose estimation was defined with € < 3°, that is

anticipated by surgeons in image-guided interventional neurosurgery.
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EXPERIMENTS AND RESULTS
[0070] Reconstruction of CT, NeTCT, and mNeRF

[0071] X-ray sequences of the skulls of five stroke patients were collected from a cone-
beam CT scanner. Each X-ray sequence included 133 X-ray image captured around the
principal axis in an interval of 1.5° ranging from -100° to 100°. Using the X-ray sequences,
CT, NeTCT, and mNeRF were reconstructed for the skull of each patient, respectively. The
Adam optimizer with a learning rate of 5 x 10 was used for training both NeTCT and
mNeRF. NeTCT and mNeRF were trained for 2,500 and 20,000 iterations, respectively,
to ensure that the peak signal-to-noise ratio of DRRs with respect to X-rays reached a
plateau. During each iteration, only an X-ray image with the ground-true pose was
randomly sampled from the X-ray sequence for training. The training of mNeRF is more
difficult than NeTCT, as shown by the training time that is approximately twice in each
iteration and 20 times in total as much as that of NeTCT as shown in below Table 1. In
general, the resulting DRRs by projection of NeTCT and mNeRF are similar, both with
smaller differences in the style and texture from the X-ray image, compared to the CT-

projected DRR where most intensities are too dark as shown in FIG. 12.

[0072] Table 1: Summary of the computational cost in reconstruction of CT, NeTCT, and
mNeRF for a single patient, as well as use for pose estimation of a single X-ray image. All

experiments were performed on Google Colab using a Tesla T4 GPU.

Reconstruction Pose Estimation (50 ~ 300 iters)
CT 4.8 min 0.68 sec/iter
NeTCT  18.3 min (2,500 iters; 0.44 sec/iter) 0.77 sec/iter
mNeRF 366.7 min (20,000 iters; 1.11 sec/iter) 1.037 sec/iter

[0073] Pose Estimation Using CT, NeTCT, and mNeRF

[0074] Five representative X-ray images at the poses near -90°, -45°, 0°, 45°, and 90° as
shown in FIG. 13 were chosen from each X-ray sequence of the five patients, to estimate
the target poses. For each target pose, pose estimation was performed 20 times by random
initialization (Eq. 10) using CT, NeTCT, and mNeRF, respectively. During pose estimation
for a single X-ray image, the best (minimal) image loss till the current iteration was
recorded. The optimization terminated, when no better image loss occurred for 50

iterations (that is also the possible minimum iteration number), or a maximum iteration
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number of 300 was reached. After optimization, the pose corresponding to the best image
loss in the optimization is considered as the optimal solution. The Adam optimizer was
used in pose optimization, with a learning rate of 0.03 and an exponential decay rate of 0.5
for the first moment estimates. Here, a large learning rate is set, as the optimization is
encouraged to jump out of a local optimum. During each optimization iteration, the
gradient computation took more time for mNeRF projection, compared to that for NeTCT

and CT projections, as shown in Table 1.
[0075] Effects of Image Losses on Pose Estimation

[0076] In the optimization for pose estimation, the ultimate goal is to achieve the ground-
truth pose, whereas only an image loss used as the optimization objective function (Eq. 9)
to indirectly quantify the pose error. In general, it is desirable to adopt an image loss that
can be well correlated with the pose error, as well as ensure that the optimization is less
sensitive to initial guesses. Here, the performance of the MI loss (L) is compared with a
combined loss (L¢) in the pose estimation. The combined loss (different from that used in
NeTCT and mNeRF in Eq. 7) is defined as a linear combination of a SSIM loss [14], a soft
dice loss [22], and a L1 loss (meaning the average of all the absolute differences in pixel
intensities between the DRR and the X-ray). Testing indicates that the combined loss can
work well for a toy problem, where the poses of DRRs (instead of X-ray images) were
estimated by DRR/DRR registration (that said, the style difference between DRRs and X-

ray images was not considered).

[0077] The performance in the registration of CT projections to X-ray images of a single
patient at five different poses using either the combined loss or the M1 loss is shown in FIG.
14. Using the combined loss, the overall success rate was only 11%, and the registrations
at the poses of -90°, - 45°, and 45° completely failed. When the MI loss was used, the
overall success rate was remarkably boosted to 73%, and successful registrations occurred

at all poses; in particular, all the 20 registrations at 0° were successful.

[0078] As shown in FIG. 15, there were no strong correlations between the optimal 3D
angle errors and the initial 3D angle errors in registration of CT projections to X-ray images
at different poses using either the combined loss or the MI loss. However, it is observed
that using the MI loss, there are much more optimal 3D angle errors concentrated near the
global optimum (i.e., 0°) in all registration scenarios with different target poses, regardless

of the initial 3D angle errors ranging from 0° to 50°.
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[0079] Furthermore, optimal 3D angle errors were more strongly correlated to optimal MI
image losses than optimal combined image losses, as shown in FIG. 16. This is important
evidence that the MI loss is superior to measure 3D angle errors, as it was found that the
minimum in the optimal combined losses unnecessarily corresponds to the minimum in the
optimal 3D angle errors (e.g., the registrations using L¢ for poses -90° and 90°). In addition,
it can be noted that most failures (€9 > 3° according to the established definition) in the
registrations using the MI loss occurred with large 3D angle errors (e.g., £g > 30°). This is
also a merit, as humans can more easily perceive a registration failure, such that they can

decide to redo the registration.
[0080] Effects of DRR Fidelity on Pose Estimation

[0081] It was hypothesized that more realistic DRRs could facilitate pose estimation by
DRR/X-ray image registration. This hypothesis was supported by the experimental results
in registrations of CT, NeTCT, and mNeRF projections to X-ray images. As shown in FIG.
17, the registration results were pooled for the skulls of five patients at different poses,
when the MI loss was adopted as the objective function in the gradient-based pose
optimization. Compared to the overall success rate of 71.8% in CT registrations, NeTCT
and mNeRF registrations markedly boosted the overall success rates to 93.2% and 95.4%,
respectively. Although the performance of mNeRF registration was slightly better than
NeTCT registration in terms of the pooled results, for individual patients, NeTCT
registration was able to outperform mNeRF registration. For example, the overall success
rates of NeTCT and mNeRF registrations for patient #2 were 99% vs. 96% as shown in
FIGS. 18A-18B.

[0082] X-ray images of the patients at other arbitrary poses (which need to be tracked as
the ground truths) were not available in this study. Therefore, the cone-beam X-ray images
at five poses were selected, representative of common intraoperative poses, to evaluate the
performance of pose estimation by DRR/X-ray image registration. However, the
generalizability of the gradient-based pose optimization should be less affected, as
optimization is performed based on the image loss during each image registration. In
contrast, in supervised learning, a deterministic model is trained only once (in an
optimization) using a training data with a limited number of images and labels, so there is
a potential problem in overfitting to the training data and poor generalization. In addition,
it appears that there are lower success rates in the registrations of the left/right lateral X-

ray images of the skull (i.e., at poses -90° and 90°), using different volumes/fields for
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projection as shown in FIG. 17. It may be related to the limited imaging range of the cone-
beam CT scanner that can only cover the principal angles within a range of 200°, so the
lateral anatomy (at the end-range poses) may be less accurately reconstructed. Future work
should investigate whether it can be improved by increasing the range of X-ray imaging to
cover the circumference of the skull. It is anticipated to construct a customized X-ray
imaging system with the capability of tracking the ground-truth poses of an imaged subject

according to the methods and systems disclosed herein.

[0083] As disclosed herein, Diff XP may be used in methods and systems for rendering of
DRRs, based on which novel methods including NeTCT and mNeRF were introduced to
improve the fidelity of DRRs, as well as gradient-based optimization for single-view X-ray
pose estimation. A threshold of 3° for the 3D angle error was set as the testing success rate.
It was found that the MI image loss is a superior objective function for pose optimization,
as it can be well correlated with the pose error, as well as ensure that the optimization is
less sensitive to initial guesses. Furthermore, the robustness of pose estimation was
remarkably enhanced by more realistic DRRs, which can be generated by projecting either
NeTCT or mNeRF. Considering that much more time is required for the training of NeTCT

than mNeRF, there is potential to implement NeTCT in clinical registration scenarios.

[0084] The foregoing has been presented for purposes of example. The foregoing is not
intended to be exhaustive or to limit features to the precise form disclosed. The examples
discussed herein were chosen and described in order to explain principles and the nature of
various examples and their practical application to enable one skilled in the art to use these
and other implementations with various modifications as are suited to the particular use
contemplated. The scope of this disclosure encompasses, but is not limited to, any and all
combinations, subcombinations, and permutations of structure, operations, and/or other

features described herein and in the accompanying drawing figures.

[0085] Although examples are described above, features and/or steps of those examples
may be combined, divided, omitted, rearranged, revised, and/or augmented in any desired
manner. Various alterations, modifications, and improvements will, in view of the
foregoing disclosure, readily occur to those skilled in the art. Such alterations,
modifications, and improvements are intended to be part of this description, though not
expressly stated herein, and are intended to be within the spirit and scope of the disclosure.

Accordingly, the foregoing description is by way of example only, and is not limiting.
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CLAIMS

What is claimed is:

1. A method for generating digitally reconstructed radiographs, wherein each of the foregoing
steps are performed by a computing device comprising at least one processor, a
communication interface, and memory, comprising:

selecting a predicted anatomical target pose of an individual;

receiving gradient-based registration images comprising known anatomical poses of a
plurality of individuals;

estimating the predicted target anatomical target pose by rendering the gradient-based
registration images by differentiable X-ray projection;

optimizing the rendered gradient-based registration images wherein the received
gradient-based registration images are optimized via neural tuning of computed tomography,
or wherein the received gradient-based registration images are optimized via masked neural
radiance fields; and

generating an optimized digitally reconstructed radiograph of the predicted

anatomical target pose.

2. The method of claim 1, wherein the received gradient-based registration images comprise
X-ray images and digitally reconstructed radiographs, and wherein during optimizing,
estimation of the predicted anatomical target pose of an individual is iteratively performed by
minimizing differences between the X-ray images and the digitally reconstructed

radiographs.

3. The method of claim 2, wherein the differences between the X-ray images and the digitally
reconstructed radiographs are minimized by adjusting a pose of a source of the digitally

reconstructed radiographs.

4. The method of claim 3, wherein the X-ray images include a contrast enhancement, an

intensity invert, and a scaling and image resizing.

5. The method of claim 1, wherein the predicted anatomical target pose of an individual is

selected from representative X-ray images of the individual.
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6. The method of claim 1, wherein even sampling of volume densities is utilized to optimize

the generated digitally reconstructed radiograph of the predicted anatomical target pose.

7. The method of claim 1, wherein random sampling of volume densities is utilized to
optimize the generated digitally reconstructed radiograph of the predicted anatomical target

pose.

8. A method for generating digitally reconstructed radiographs comprising:

selecting a predicted anatomical target pose of an individual;

receiving gradient-based registration images comprising known anatomical poses of a
plurality of individuals;

estimating the predicted target anatomical target pose by rendering the gradient-based
registration images by differentiable X-ray projection;

optimizing the rendered gradient-based registration images; and

generating an optimized digitally reconstructed radiograph of the predicted

anatomical target pose of an individual.

9. The method of claim 8, wherein the received gradient-based registration images are

optimized via neural tuning of computed tomography.

10. The method of claim 8, wherein the received gradient-based registration images are

optimized via masked neural radiance fields.

11. The method of claim 10, wherein the predicted anatomical target pose is selected from

representative X-ray images of the individual at poses near -90°, -45°, 0°, 45°, and 90°.

12. The method of claim 8, further comprising a machine learning model configured to

optimize the rendered gradient-based registration images.
13. The method of claim 12, wherein the machine learning model is configured to utilize

even sampling of volume densities to optimize the generated digitally reconstructed

radiograph of the predicted target pose.
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14. The method of claim 12, wherein the machine learning model is configured to utilize
random sampling of volume densities to optimize the generated digitally reconstructed

radiograph of the predicted target pose.

15. A system for generating digitally reconstructed radiographs comprising:
an imaging device configured to generate an anatomical image from an individual;
a machine learning model configured to optimize the generated anatomical image
from the individual; and
a processing device configured to generate a digitally reconstructed radiograph,
wherein the digitally reconstructed radiograph comprises a predicted target
anatomical pose of the individual, and wherein the predicted target anatomical pose of the

individual is generated from the optimized anatomical image of the individual.

16. The system of claim 15, wherein the digitally reconstructed radiograph is generated using

gradient-based registration images optimized via neural tuning of computed tomography.

17. The system of claim 15, wherein the digitally reconstructed radiograph is generated using

gradient-based registration images optimized via masked neural radiance fields.
18. The system of claim 15, wherein the digitally reconstructed radiograph is generated using
gradient-based registration images optimized via neural tuning of computed tomography and

via masked neural radiance fields.

19. The system of claim 15, wherein the machine learning model is configured to utilize even

sampling of volume densities to optimize the generated anatomical image.

20. The system of claim 15, wherein the machine learning model is configured to utilize

random sampling of volume densities to optimize the generated anatomical image.
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