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treatment plan. Training can include collecting patient data based on at least one image of patient
anatomy from patients, determining a treatment plan including a set of control points from the collected
patient data, and using the determined treatment plans and the corresponding collected patient data
to train a deep convolutional neural network for regression to determine a treatment plan including a
set of control points from collected patient data. The trained model can be used to provide a radiation
treatment plan, such as in real-time.
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RADIATION THERAPY PLANNING USING DEEP CONVOLUTIONAL
NETWORK

CLAIM FOR PRIORITY

[0001]  This application claims the benefit of priority to U.S. Application Serial
No. 15,658,484 filed July 26, 2017, which is hereby incorporated by reference in its

entirety.

TECHNICAL FIELD

[0002] Embodiments of the present invention pertain generally to determining
machine parameters in a radiation therapy treatment system. In particular, the
present invention pertains to using deep learning technologies to determine machine
parameters for a treatment plan in a radiation therapy system.

BACKGROUND

[0003] Radiation therapy or “radiotherapy” can be used to treat cancers or other
ailments in mammalian (e.g., human and animal) tissue. One such radiotherapy
technique is a Gamma Knife, by which a patient is irradiated by a large number of
low-intensity gamma rays that converge with high intensity and high precision at a
target (e.g., a tumor). In another embodiment, radiotherapy is provided using a
linear accelerator, whereby a tumor is irradiated by high-energy particles (e.g.,
electrons, protons, ions, high-energy photons, and the like). The placement and dose
of the radiation beam must be accurately controlled to ensure the tumor receives the
prescribed radiation, and the placement of the beam should be such as to minimize
damage to the surrounding healthy tissue, often called the organ(s) at risk (OARs).
Radiation is termed “prescribed” because a physician orders a predefined amount of
radiation to the tumor and surrounding organs similar to a prescription for medicine.
Generally, ionizing radiation in the form of a collimated beam is directed from an
external radiation source toward a patient.

[0004] A specified or selectable beam energy can be used, such as for delivering
a diagnostic energy level range or a therapeutic energy level range. Modulation of
a radiation beam can be provided by one or more attenuators or collimators (e.g., a

multi-leaf collimator). The intensity and shape of the radiation beam can be
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adjusted by collimation avoid damaging healthy tissue (e.g., organs at risk) adjacent
to the targeted tissue by conforming the projected beam to a profile of the targeted
tissue.

[0005] The treatment planning procedure may include using a three-
dimensional image of the patient to identify a target region (e.g., the tumor) and to
identify critical organs near the tumor. Creation of a treatment plan can be a time
consuming process where a planner tries to comply with various treatment
objectives or constraints (e.g., dose volume histogram (DVH), overlap volume
histogram (OVH)), taking into account their individual importance (e.g., weighting)
in order to produce a treatment plan that is clinically acceptable. This task can be a
time-consuming trial-and-error process that is complicated by the various organs at
risk (OARs) because as the number of OARs increases (e.g., up to thirteen for a
head-and-neck treatment), so does the complexity of the process. OARs distant
from a tumor may be easily spared from radiation, while OARs close to or
overlapping a target tumor may be difficult to spare.

[0006] Traditionally, for each patient, the initial treatment plan can be generated
in an “offline” manner. The treatment plan can be developed well before radiation
therapy is delivered, such as using one or more medical imaging techniques.
Imaging information can include, for example, images from X-rays, Computed
Tomography (CT), nuclear magnetic resonance (MR), positron emission
tomography (PET), single-photon emission computed tomography (SPECT), or
ultrasound. A health care provider, such as a physician, may use three-dimensional
imaging information indicative of the patient anatomy to identify one or more target
tumors along with the organs at risk near the tumor(s). The health care provider can
delineate the target tumor that is to receive a prescribed radiation dose using a
manual technique, and the health care provider can similarly delineate nearby tissue,
such as organs, at risk of damage from the radiation treatment. Alternatively or
additionally, an automated tool (e.g., ABAS provided by Elekta AB, Sweden) can
be used to assist in identifying or delineating the target tumor and organs at risk. A
radiation therapy treatment plan (“treatment plan”) can then be created using an
optimization technique based on clinical and dosimetric objectives and constraints
(e.g., the maximum, minimum, and fraction of dose of radiation to a fraction of the
tumor volume (“95% of target shall receive no less than 100% of prescribed dose”),

and like measures for the critical organs).
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[0007] The treatment planning procedure may include using a three-
dimensional image of the patient to identify a target region (e.g., the tumor) and to
identify critical organs near the tumor. Creation of a treatment plan can be a time
consuming process where a planner tries to comply with various treatment
objectives or constraints (e.g., dose volume histogram (DVH) objectives), taking
into account their individual importance (e.g., weighting) in order to produce a
treatment plan that is clinically acceptable. This task can be a time-consuming trial-
and-error process that is complicated by the various organs at risk (OARs) because
as the number of OARSs increases (e.g., up to thirteen for a head-and-neck treatment),
so does the complexity of the process. OARs distant from a tumor may be easily
spared from radiation, while OARs close to or overlapping a target tumor may be
difficult to spare. The treatment plan can then be later executed by positioning the
patient in the treatment machine and delivering the prescribed radiation therapy.
The radiation therapy treatment plan can include dose “fractioning,” whereby a
sequence of radiation therapy deliveries are provided over a predetermined period
of time (e.g., 45 fractions), with each therapy delivery including a specified fraction
of a total prescribed dose. However, during treatment the position of the patient and
the position of the target tumor in relation to the treatment machine (e.g., linear
accelerator — “linac”) is very important in order to ensure the target tumor and not
healthy tissue is irradiated.

OVERVIEW

[0008] Intensity modulated radiotherapy (IMRT) and volumetric modulated arc
therapy (VMAT) have become the standards of care in modern cancer radiation
therapy. Determining individual patient IMRT or VMAT treatment plans can
include a trial-and-error process, and can include weighing target dose versus organ
at risk (OAR) sparing tradeoffs, and adjusting program constraints where effects of
the program constraints on the plan quality metrics and the dose distribution can be
very difficult to predict. The order in which the planning constraints can be adjusted
can introduce dose differences. Treatment plan quality can depend on subjective
judgements by the dosimetrist that can depend on an experience or skill level of the
dosimetrist. Even the most skilled dosimetrists still have no assurances that their
plans are close to optimal, or whether a little or a lot of effort will result in a better
plan. In certain approaches, a computationally intensive algorithm can be used to

determine a treatment plan, however such approaches can require hours to compute
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a treatment plan. Computational approaches can include comparing one-
dimensional target-organ overlap measures in a new patient (DVHs, OVHs) with
overlap measures associated with high-quality plans from previous patients to find
plans similar to that of the new patient, and exploring plan quality space to determine
optimal, or even Pareto-optimal, families of plans that the dosimetrist may then
select for use in a radiation therapy treatment. The present inventors have
recognized, among other things, the need for a treatment planning system that can
determine a high-quality treatment plan in real time (e.g. providing a treatment plan
or updated treatment plan during a patient workflow), such as to improve patient
workflows (e.g., reduce a patient wait time to receive a radiation treatment) and to
provide for rapid radiation treatment therapy replanning (e.g., a treatment plan can
be recalculated or updated based changes in a patient). A high quality treatment plan
can be a treatment plan that satisfies the treatment plan prescription, e.g., a plan that
irradiates the target to the extent intended by the prescribing physician, and that
spares the OARs as much as possible or to the extent specified in the treatment plan
constraints. A treatment plan can include an intensity modulated radiotherapy
treatment plan or a volumetric modulated arc therapy treatment plan. These
constraints are usually depicted as dose volume histograms (DVHs) displaying the
cumulative dose per volume fraction of target or OAR volume, and fractional dose
to fractional target/OAR volume as described above. The present inventors have
also recognized that it is possible to train a neural network, such as a deep
convolutional neural network to determine machine parameters for a radiation
therapy treatment plan based on imaging information. The neural network can learn
the properties of treatment plans for a common diagnosis and can predict the likely
treatment machine parameter settings, such as to deliver the intended dose
distributions. The machine parameters can include gantry angles, beam apertures
(e.g., beam section shapes) through which the therapeutic X-ray beams can be
projected at a target, and the aperture intensities. The neural network can estimate
the machine parameters to drive the treatment machine, based on the image of the
patient and the target and OAR delineations. The neural network can include a
model with linkages between patient anatomies and treatment constraints, and the
treatment machine parameter settings that can deliver the intended 3D dose
distribution. The trained neural network can provide a model of the treatment

planning process that can encapsulate the many subjective decisions made during
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plan creation, and can enable the production of plan templates to initiate plan
creation, provide an assessment of plan quality, provide aid for treatment clinics
lacking deep local IMRT/VMAT expertise, and perhaps in the future provide fully
automated treatment planning.

[0009] In an aspect, the disclosure can feature a method for training a deep
convolutional neural network, such as to provide a patient radiation treatment plan.
The method can include

collecting patient data from a group of patients. The patient data can include at
least one image of patient anatomy and a prior treatment plan. The treatment
plan can include predetermined machine parameters. The method can also
include training a deep convolution neural network for regression by using the
prior treatment plans and the corresponding collected patient data, such as to
determine a new treatment plan. The new treatment plan can include predicted
machine parameters. The method can also include training the deep
convolutional neural network by adjusting one or more parameters of the deep
convolutional neural network, such as to minimize a cost function that includes a
difference between the predetermined sets of machine parameters and predicted
sets of machine parameters. The predetermined machine parameters can include
at least one of a gantry angle, a multi-leaf collimator leaf position, or a radiation
therapy beam intensity. The predicted machine parameters can include at least
one of a gantry angle, a multi-leaf collimator leaf position, or a radiation therapy
beam intensity. The method can also include collecting patient data including at
least one signed distance map from each patient in a group of patients. The at
least one image of patient anatomy can include at least one of a planning CT
image, an anatomy label map, a determined object distance such as a signed
distance map from the patient.

[0010] In an aspect, the disclosure can feature a method of using a deep
convolutional neural network, such as to provide a radiation treatment plan. The
method can include retrieving a trained deep convolution neural network
previously trained on patient data from a group of patients. The method can also
include collecting new patient data. The new patient data can include at least one
image of patient anatomy. The method can also include determining a new
treatment plan for the new patient using the trained deep convolutional neural

network for regression. The new treatment plan can include a new set of machine
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parameters. The trained deep convolutional neural network can provide the new
treatment plan including the set of machine parameters. The set of machine
parameters can include at least one of a gantry angle, a multi-leaf collimator leaf
position, or a radiation therapy beam intensity. The new treatment plan can be
created in real-time. The new treatment plan can be created in real-time during a
radiation therapy treatment. A treatment plan that can be created in real-time
during a radiation therapy treatment can include an online adaptive plan.

[0011] In an aspect, the disclosure can feature a radiation therapy treatment
system. The system can include an image acquisition device, such as to collect
patient data including at least one image of patient anatomy. The system can also
include a radiation therapy device, such as to deliver radiation therapy to a patient.
The system can also include a non-transitory machine-readable medium, such as to
store a trained deep convolution neural network and radiation therapy treatment
plans. The system can also include a processor, such as to generate a new
treatment plan based on the collected patient data using the trained deep
convolution neural network for regression. The new treatment plan can include a
set of machine parameters. The system can also include a radiation therapy control
circuit that can be configured to instruct the radiation therapy device to deliver
radiation therapy to the patient in accordance with the new radiation treatment plan
having a new set of machine parameters. The trained deep convolution neural
network can be configured to be previously trained on patient data from a group of
patients. The new set of machine parameters can include predicted machine
parameters. The new set of machine parameters can include at least one of a gantry
angle, a multi-leaf collimator leaf position, or a radiation therapy beam intensity.
The deep convolutional neural network can be trained by adjusting one or more
parameters of the deep convolutional neural network, such as to minimize a cost
function that can include a difference between a predetermined set of machine
parameters and a predicted set of machine parameters. Patient data can include at
least one signed distance map from each patient in a group of patients. The at least
one image of patient anatomy can include at least one of a planning CT image, an
anatomy label map, a determined object distance such as a signed distance map
from the patient. The new treatment plan can be created in real-time. The new

treatment plan can be created in real-time during a radiation therapy treatment.



WO 2019/023142 PCT/US2018/043320

10

15

20

25

30

[0012] In an aspect, the disclosure can feature a non-transitory machine-
readable medium including instructions, which when executed by an image
processor, cause the image processor to receive patient data from a group of
patients. The patient data can include at least one image of patient anatomy and a
prior treatment plan. The treatment plan can include predetermined machine
parameters. The non-transitory machine readable medium can also include
instructions, which when executed by the image processor, cause the image
processor to train a deep convolution neural network for regression by using the
prior treatment plans and the corresponding collected patient data. The at least one
or more parameters of the deep convolution neural network can be adjusted to
minimize a cost function. The non-transitory machine readable medium can also
include instructions, which when executed by the image processor, cause the
image processor to determine a new treatment plan that can include a new set of
predicted machine parameters using the trained deep convolution neural network.
The machine parameters can include at least one of a gantry angle, a multi-leaf
collimator leaf position, or a radiation therapy beam intensity. The non-transitory
machine readable medium can also include instructions, which when executed by
the image processor, cause the image processor to receive patient data that can
include at least one signed distance map from each patient in a group of patients.
The at least one image of patient anatomy can include at least one of a planning
CT image, an anatomy label map, or a determined object distance. The new

treatment plan can be created in real-time during a radiation therapy treatment.

BRIEF DESCRIPTION OF THE DRAWINGS
[0013] In the drawings, which are not necessarily drawn to scale, like numerals
describe substantially similar components throughout the several views. Like
numerals having different letter suffixes represent different instances of
substantially similar components. The drawings illustrate generally, by way of
example but not by way of limitation, various embodiments discussed in the present
document.

[0014] FIG. 1 illustrates an exemplary radiotherapy system, according to some

embodiments of the present disclosure.
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[0015] FIG. 2A illustrates an exemplary radiation therapy system that can
include radiation therapy output configured to provide a therapy beam.

[0016] FIG. 2B illustrates an exemplary system including a combined
radiation therapy system and an imaging system, such as a cone beam computed
tomography (CBCT) imaging system.

[0017]  FIG. 3 illustrates a partially cut-away view of an exemplary system
including a combined radiation therapy system and an imaging system, such as a
nuclear magnetic resonance (MR) imaging system.

[0018] FIGS. 4A and 4B depict the differences between an exemplary MRI
image and a corresponding CT image, respectively.

[0019] FIG. 5 illustrates an exemplary collimator configuration for shaping,
directing, or modulating an intensity of a radiation therapy beam.

[0020] FIG. 6 illustrates an exemplary Gamma knife radiation therapy system.

[0021] FIG. 7 itiustrates an exemplary flow diagram for deep learning.

[0022]  Fifs 8 illustrates an embodiment of a deep convolutional neural
netwvork.

[0023] FiG 9A ilustrates an exemplary method for training a DONN

[0024] FiG 9B illustrates an exemplary method for generating arafact
reduced, reconstructed 313 images using a trained DONN,

[0025]  Fis 10 iblustrates an exemplary block diagram of a machine on which

one of more of the methods as discussed herein can be implementad.
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DETAILED DESCRIPTION

[0026] In the following detailed description, reference is made to the
accompanying drawings which form a part hereof, and which is shown by way of
illustration-specific embodiments in which the present invention may be practiced.
These embodiments, which are also referred to herein as “examples,” are described
in sufficient detail to enable those skilled in the art to practice the invention, and it
is to be understood that the embodiments may be combined, or that other
embodiments may be utilized and that structural, logical and electrical changes may
be made without departing from the scope of the present invention. The following
detailed description is, therefore, not be taken in a limiting sense, and the scope of
the present invention is defined by the appended claims and their equivalents.

0271 FIG. 1 dlustrates an exemplary radiotherapy system 100 for providing
radiation therapy to a patient. The radiotherapy system 100 inciudes an image
processiog device, 112, The image processing device 112 may be connected to a
network 120, The network 120 may be connected to the Internet 122, The network
120 can conpoct the image processing device 112 with one or more of g database
124, a hospiial database 126, an oncology tnformation systern (15} 128, a radiation
therapy device 130, an image gcquisition device 132, a display device 134, and a
user interface 136, The image processing device 112 can be configured to generate
radiation therapy treatment plans 142 10 be used by the radiation therapy device 130,
{0281 The image processing device 112 may include a memory device 116, a
processor 114 and a communication 1rgerface 118 The memory device 116 may
store computer-executable instructions, such as an operating system 143, a radiation
therapy treatment plans 142 (e g, original treatment plans, adapted treatment plans
and the Hkey, software programs 144 {eg, artificial intelligence, deep learning,
neural networks, radiotherapy treatment plan soffware), and any other computer-
executable instructions 1o be executed by the processor 114 In one emobodiment, the
software programs 144 may convert medical images of one format {e.z, MR} o
another format {e.g., CT} by producing synthetic tmages, such as g pseudo-CT
unage. For instance, the software programs 144 may inchude image processing
programs to frain a predictive model for converting g medial image 146 1n one
modality (2.2, an MRI tmage} into 3 synthetic image of a different modalitv {eg., a
pseudn CT image), alternatively, the trained predictive model may convert a C1

umage into an MBI image. In another embodiment, the software programs 144 may
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register the patient image {e.g, a CT image or an MR image) with that patient’s dose
distribution {also represented as an image) so that comresponding image voxels and
dose voxels are assoctated appropriately by the network. In vet another embodument,
the software programs 144 may substitute functions of the patient images such as
signed distance functions or processed versions of the images that emphasize some
aspect of the image information. Such functions might emphasize edges or
difterences 1o voxel textures, or any other structural aspect useful o neural network
fearning. In another embodiment, the software programs 144 may subsiitute
functions of the dose distribution that emphasize some aspect of the dose
information. Such funclions might emphasize sieep gradients around the target, or
any other structural aspect useful 1o neural network learning. The memory device

P16 may store data, including medical tmages 146, patient data 143, and other data
required to create and implement a radiation therapy treatment plan 142,

100291 In addifion to the memory 116 storing the software programs 144, it s
contemplated that software programs 144 may be stored on 2 removable computer
medinm, such as a hard drive, a computer disk, 2 CD-ROM, a DVD, a HD, a Blu-
Ray DV, USB flash drive, a SD card, a memory stick, or any other suitable
medium; and the software programs 144 when downloaded to image processing
device 112 may be executed by image processor 114

{00381 The processor 114 may be communicatively coupled to the memory
device 116, and the processor 114 may be configured to execute computer
executable instructions stored thereon. The processor 114 may send or receive
medical mages 146 to memory 116, For example, the processor 114 may receive
medical unages 146 from the image acquisition device 132 via the communication
witerface TR and network 124 10 be stored 1o memory 116, The processor 114 may
also send medical images 146 stored in memory 116 via the communication
interface 118 to the network 120 be etther stored in database 124 or the hospital
database 120

{96311 Further, the processor 114 may utilize software programs 144 {e g, a
treatment planning software} along with the medical tmages 146 and patient data
145 to create the radiation therapy treatment plan 142, Medical images 140 may
include information such as imaging data associated with a patient anatomical
region, organ, or volume of interest segmentation data. Patient data 145 may include

wformation such as (1) funcuonal organ modeling data (e.g, senal versus parallel

10
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organs, appropriate dose response models, eile); (2} radiation dosage data {e.g.,
dose-volume histogram {DVH) information; or (3} other clinical information about
the patient and course of reatment {e.g, other surgeries, chemotherapy, previous
radictherapy, etc ).

100321 Inaddiion, the processor 114 may utilize software progrars to generate
intermediate data such as updated parameters {o be used, for example, by a neural
network model; or generate termediate 2D or 3D images, which may then
subsequently be stored 1o memory 116 The processor 114 may subsequently then
transnut the executable radiation therapy treatruent plan 142 via the communication
interface 118 to the network 120 to the radiation therapy device 130, where the
radiation therapy plan will be used 1o treat a patient with radiation. In addition, the
processor 114 may execuie software programs 144 {o umplement functions such as
image conversion, umage segmentation, deep learning, neural networks, and
artificial intelligence. For instance, the processor 114 may execute sofbware
programs 144 that train or coniour a medical unage; such software 144 when
executed may train a boundary detector, or utilize a shape dichiooary.

{0331 The processor 114 may be a processing device, include one or more
general-purpose processing devices such as a microprocessor, a central processing
unit {CPU}, a graphics processing unit (GPUY, an accelerated processing unit (APU},
or the like More particularly, the processor 114 may be a complex instruction set
computing (CISCY microprocessor, a reduced instruction set computing {(RISC)
MCTOPOCessor, a very long instruction Word {VLIW } microprocessor, & processor
implementiog other instruction seis, or processors implementing a combination of
instruction sets. The processor 114 may aiso be implemented by one or more
special-purpose processing devices such as an apphication specific integrated cirout
{ASICY, a field programmable gate array (FPGAJ, a digital signal processor {(DSP),
& Systern on a Chip (5o, or the hke, As would be appreciated by those skilled in
the art, in some embodiments, the processor 114 may be a special-purpose
processor, rather than a general-purpose processor. The processor 114 may include
one of more known processing devices, such a3 a microprocessor from the
Penttum™ Core™ Xeon™ or Hanmum® family manufactured by Intei™ the
Turion™,  Athlon™,  Sempron™  Opteron™  FX™ Phenom™  family
manufactured by AMD™, or any of varicus processors manufactured by Sun

Microsystems. The processor 114 may also include graphical processing units such

11
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a3 a GPU from the GeForee®, Quadro®, Tesla® family manutactured by Mvidia™,
GMMA, Iris™ family manufactured by Intel™ or the Radeon™ fanuly manufactured
by AMIEY™, The processor 14 may also wnchude accelerated processing units such
as the Xeon Phi™ family manufactured by Intel™. The disciosed embodiments are
not Hnuted to any type of processor{s) otherwise configured to meet the computing
demands of identifying, analyzing, maintaining, generating, and/or providing large
amounts of data or manipulating such data to perform the methods disclosed herein.
In addition, the term “processor” may inchude more than one processor, for example,
& multi-core design or a plurality of processors cach having a multi-core design. The
processor 114 can execute sequences of computer program natructions, stored in
memory 116, to perform various operations, processes, methods thar will be
explained in greater detait below

{00341 The memory device 1316 can store medical images 146 In some
ernboditnents, the medical smages 146 may nclude one or more MRTimage {e.g.,
20 MIRE 3D MR 2D streaming MR 45 MR 40 volumetric MR, 40 cine MR
ete.}), functional MRI images {e.g, IMRI DCE-MRE diffusion MRI), Computed
Tomography (CT) umages (e, 2B CT, Conebeam O, 3D O, 41 O7), ultrasound
irnages {e.g., 20 ultrasound, 30 ulirasound, 4D ultrasound), Positron Emission
Tomography (PET) images, X-ray tmages, fluoroscopic images, radiotherapy portal
images, Single-Photo BEmission Computed Tomography (SPECT )} images, computer
generated aynthetic images (g, pseude-LCT images} and the hike Further, the
medical images 146 may also include medical image data, for instance, tramning
jages, and ground truth wmages, contoured images, and dose images. o an
embodiment, the medical images 146 may be received from the image acquisition
device 132, Accordingly, image acquisition device 132 may wehude 2 MREwnaging
device, a U1 imaging device, a PET imaging device, an ulirasound imaging device,
& fluoroscopic device, a SPECT imagiog device, an integrated Linear Accelerator
and MRI imaging device, or other medical imaging devices for obtaining the
medical images of the patient. The medical images 146 may be received and stored
i any type of data or any type of format that the image processing device 112 may
use to perform operations consistent with the disclosed embodiments. The memory
device 116 may be a non-iransitory computer-readable medium, such as a read-only
memory (ROM}Y, a phase-change random access memory (PRAM), a static random

access memory {SRAM), a flash memory, a random access memory {(RAM), a
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dynanuic random access wemory {(DRAM) such as synchronous DRAM (SDRAM),
an electrically erasable programmable read-only memory (EEPROMY, a static
memory {e.g., flash memory, fash disk, static random access memeory) as well a3
other types of random access memories, 3 cache, a register, a compact disc read-
only memory {CD-ROM), a digital versatile dise (DVD) or other optical storage, a
cassette tape, other magnelic storage device, or any other non-transitory medium
that may be used to store information mncluding image, data, or computer executable
instructions {e.g., stored v any format ) capable of being accessed by the processor
114, or any other type of computer device. The computer program instrucions can
be accessed by the processor 114, read from the ROM, or any other suttable memory
location, and leaded inte the RAM for execution by the processor 114, For exaniple,
the memory 116 may store one or more software applications. Seftware applications
stored in the memory |16 may include, for example, an operating systemy 143 for
common computer systems as well as for software-controlled devices. Further, the
memory 116 may store an entire software application, or oaly a part of a sottware
application, that are executable by the processor 114 For example, the memory
device 116 may store one or more radiation therapy treatment plans 142

100351 The image processing device 112 can communicate with the network
120 via the communication interface 118, which can be communicatively coupled
to the processor 114 and the memory 116, The Comraurscation interface 118 may
provide communication connections between the image processing devics 112 and
radiotherapy system 100 components {e g, permitting the exchange of data with
exterpal devices) For nstance, the comomumcation wnterface 118 may in some
embodiments have appropriate interfacing circuitry fo connect to the user interface
136, which may be a hardware kevboard, a keypad, or a touch screen through which
& user may input information inte radiotherapy system 160,

(80361 Communication interface 118 may include, for example, a network
adaptor, a cable connector, a serial connectar, a USB connector, a parallel connector,
a high-speed data transmission adapter {e g, such as fiber, USB 3.0, thunderbolt,
and the like), a wireless network adaptor {e.g., such as a WiFi adapior), 2
telecormmumication adaptor {e.g, 3G, 4G/LTE and the hke) and the like
Communication interface 118 may nclude one or more digital and/or analog

comnmunication devices that permit unage processing device 112 to communicate
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with other machines and devices, such as remotely located components, via the
network 120

371 The network 120 may provide the functionality of g local area network
{LAN}Y, a wireless network, a cloud computing environment {e.g., softwars as a
service, platform as a service, infrastructure as a service, ete ), a client-server, a wide
area network (W AN}, and the like. For example, network 120 may bea LAN ora
WADM that may tnchude other systems S1(138), 52 {140}, and 83(141). Systems S,
82, and 53 may be identical to image processing device 112 or may be different
systems. In some embodiments, one or more of systems in network 120 may form a
distributed computing/simulation environment that coliaboratively performs the
embodiments described herein. I some embodiments, ong or more systems 81, 82,
and 53 wway include a CT scanper that obtain CT 1mages {e.g., medical images 146}
In addition, network 120 may be connected to internet 122 fo communicate with
servers and clients that reside rerootely on the tuternet.

[O638] Therefore, network 120 can allow data transmission between the image
processing device 112 and a number of various other systems and devices, such as
the 5 128, the radiation therapy device 130, and the image acquisition device 132,
Further, data generated by the 0I5 128 and/or the image acquisition device 132 may
be stored in the memory 116, the daisbase 124, and/or the bospital daisbase 126
The data may be ransmitted/recerved via network 120, through communication
interface 118 10 order to be accessed by the processor 114, as required.

100391 The image processing device 112 mav communicate with database 124
through network 120 1o send/receive a plurality of various types of data stored on
database 124, For example, database 124 may inchule machine data that is
wnformation associated with g radiation therapy device 130, image scquisition
device 132, or other machines refevant to radictherapy. Machine data information
muay include radiation bearn size, are placement, beam on and off ime duration,
machine parameters, segments, multi-leal collimator (MLC} configuration, gantry
speed, MR pulse sequence, and the like Database 124 may be a storage device and
may be equipped with appropriate daiabase administration software programs. One
sialled in the art would appreciate that database 124 may mnclude a plurality of
devices located either in 5 central or a disiributed manner,

{06461 In some embodiments, database 124 may include a processar-readable

storage medinm {(not shown), While the processor-readable storage medium 1o an
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ewboditnent mway be a single medium, the termmn “processor-readable siorage
medium” should be taken to include a single medium or multiple media {e.g., a
centratized or distributed database, and/or associated caches and servers) that store
the one or more sets of computer executable instructions or data. The term
“processor-readable storage medium” shall aiso be taken 1o include any medium
that i1s capable of storing or encoding a set of instructions for execution by a
processor and that cause the processor to perform any one or more of the
methodologies of the present disclosure. The term “processor readable storage
medium” shall accordingly be taken to include, but not be mited to, solid-staie
memornies, optical and magnetic media. For example, the processor readable storage
medium can be one or more volatile, non-transitory, or pon-volatile tangible
computer-readable media,

{00411 Image processor 114 may communicate with database 124 to read
frages wito memory 116 or store images from meroory 116 to database 124 For
example, the database 124 may be configured to store a plurality of images {e.g., 31
MR 4D MRI 2D MRI slice images, CT unages, 2D Fluoroscopy images, X-ray
unages, raw data from MR scans or U7 scans, Bigital bnaging and Communications
irn Medicine (DIMCOM) data, ete) that the database 124 received from image
acepaaition device 132, Daisbase 124 way store data to be used by the image
processor 114 when executing software program 144, or when creating radiation
therapy treatment plans 142 Dratabase 124 may store the data produced by the
trained neural network mncluding the network parameters constituting the model
learned by the network and the resulting predicted data. The jwage processiog
device 112 may recetve the unaging data 146 {g.g, 2D MRI slice images, CT
unages, 20 Fluoroscopy images, X-ray fmages, SDMRI images, 4D MRI images,
etc.} either from the database 124, the radiation therapy device 130 {e.¢, a MRI-
Finac), and or the image acquisition device 132 to generate a treatment plan 142,

{08421 In an embodiment, the radiotherapy svstem 100 can include an image
acquisinion device 132 that can acquire medical 1mmages {e g, Magnetic Resonance
imaging (MRI} umages, 3D MRI, 2D streaming MRI 4D volumetric MRI
Computed Tomography (1) images, Cone-Beam C7F, Positron Emission
Tomography (PET) unages, functional MRI images (e.g, MR DCE-MRI and
diffusion MRI}, X-ray images, flucroscopic image, ultrasound images, radiotherapy

portal images, single-photo emission computed tomography (SPECT) irages, and
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the ke of the patent. Tmage acquisition device 132 way, for example, be an MR]
imaging device, a U1 imaging device, a PET imaging device, an ultrascund devige,
a fluoroscopic device, a SPECT unaging device, or any other suitable medical
imaging device for obtaining one or more medical images of the patient. Images
acquired by the imaging acquisition device 132 can be stored within database 124
as either imaging data and/or test data. By way of example, the images acquired by
the imaging acquisition device 132 can be also stored by the image processing
device 112, as medical image data 146 in memory 116

100431 In an embodiment, for example, the 1mage acquisition device 132 may
be integrated with the radiation therapy device 130 as a single apparatus {e.g., a MRI
device combined with a Hinear accelerator, aiso referred to as an “MRI-Linac” Such
an MRI-Linac can be used, for example, to determine a location of a target organ or
a target tumor in the patient, so as 1o direct radiation therapy accurately according
to the radiation therapy treatroent plan 142 to a predeternuned target.

{06441 The image acquisition device 132 can be configured to acguirs ong of
more images of the patient’s anatorny for g region of woterest {e.g, 4 target organ, a
target tumor or both), Each tmage, typically a 2B image or slice, can include one or
more parameters {e.g, a 2D slice thickness, an orientation, and a location, ote) In
an embodiment, the image acquisition device 132 can acquire a 2D shice i any
orientation. For example, an onentation of the 2D shice can include a saginal
ortenistion, a coronal onenistion, or an adial orentation. The processor 114 can
adiust one or more parareters, such as the thickness and/or orientation of the 2D
slice, to include the target organ and/or target tirpor. In an embodiment, 2 shices
can be determined from information such as a 3D MR volume. Such 2D slices can
be acquired by the image acguistiion device 132 1 “real-time” while g patient 13
undergeing radiation therapy treatment, for example, when using the radiation
therapy device 130 “Real-time” meantng acquiring the data in at least nulliseconds
or less.

{00451 The mmage processing device 112 may generate and store radiation
therapy treatment plans 142 for one or more patients. The radiation therapy
treatmerd plans 142 may provide information about a particular radiation dose to be
apphied to each patient The radiation therapy treatment plans 142 may also include

other radictherapy information, such as beam angles, dose-histogram-volume

16



WO 2019/023142 PCT/US2018/043320

10

15

20

25

30

information, the number of radiation besros to be used during therapy, the dose per
beam, and the like.

461 The nmage processor 114 may generate the radiation therapy treatment
plan 142 by ustng software programs 144 such as treatment planning software, such
as Monaco®, manufactured by Elekta AB of Stockholm, Sweden In order to
generate the radiation therapy treatment plans 142, the image processor 114 may
commtunicate with the image acguisition device 132 {eg., a CT device, a MRI
device, a PET device, an Xeray device, an ultrasound device, eto } to access images
of the patient and to delineate a target, such as a tumor. In some embodiments, the
delineation of one or more organs at risk {OARS), such as healthy tiasue surrounding
the tumor or in close proximity to the tumor may be required. Therefore,
segroentation of the OAR way be performed when the QAR ¢ close to the farget
tumor. Iy addition, if the target tamor is close to the QAR (s.g., prostate in near
proxiuty to the bladder and rectum), then by segroenting the OAR from the tumor,
the radictherapy svstem 100 may study the dose distribution not only in the fargst,
but also o the DAR,

{0471 In order to delineate a target organ or a target tumor from the AR,
medical images, such as MRI images, U7 images, PET images, IMRI images, X-
ray unages, wlirasound tmages, radiotherapy portal images, SPECT images and the
like, of the patient undergoing radiotherapy may be ohtained non-invasively by the
unage acquisition device 132 to reveal the intermal structure of a body part. Based
on the information from the medical 1mages, a 3D structure of the relevant
anatomical portion may be obtained. fn addition, during a treatment plasming
process, many parameters mayv be iaken into consideration to achieve a balance
between efficient treatment of the target turmor (o g, such that the target tumor
receives enough radiation dose for an effective therapy) and low uradiation of the
OAR{s) {eg., the OAR(s) receives a3 low g radiation dose as posable) Other
parameters that may be considered include the location of the target organ and the
target tumor, the location of the QAR and the moverent of the target in relation o
the QAR For example, the 3D structure may be obtained by contounng the target
or contouring the OAR within each 2D layer or shice of an MRI or CT image and
combinng the contour of sach 213 laver or shice. The contour may be generated
mamaally {e.g., by a physician, dosimetrist, or health care worker using a program

such as MONACO™ manufactured by Elekta AB of Stockholm, Sweden) or
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autoroatically {e.g., using a program such as the Atlas-based auto-segmentation
software, ABAS™ manufactured by Elekta AB of Stockholm, Sweden}. In certain
embodiments, the 3D structure of a target tumor of an OAR may be generated
automatically by the treatment planning software.

100481 After the target tumor and the OAR() have been tocated and delineated,
a dosimetrist, physician o healthcare worker may determine a dose of radiation o
be applied to the target tumor, as well as any maximum amounts of dose that may
e recetved by the OAR proximate to the tumor {e.g, left and right parotid, optic
nerves, eyes, lens, inner cars, spinal cord, brain stern, and the ke After the
radiation dose i3 determined for each anatomical structure {e.g., target tumor, GAR),
a process known as inverse planning may be performed to determine one or more
treatment plan parameters that would achieve the desired radiation dose distribution.
Examples of treatment plan parameters inchude volume delineation parameters (2.2,
which define target volurnes, contour sensitive structures, oic. ), marging around the
target tumor and OARs, beam angle selection, collimator settings, and bean-on
tmes. During the ioverse-planming process, the physictan may define dose
constraint parameters that set bounds on how much radiation an OAR may recetve
{£.g., defining full dose to the tumor target and zero dose to any QAR defining 93%
of dose to the target tumor, defimng that the spinal cord, bratn stem, and optic

structures receive < 456Gy, < 55Gy and < 54Gy, respectively). The result of inverse

planning may constitute a radiation therapy treatment plan 142 that may be stored
irn memory 116 or database 124 Some of these treatment parameters may be
corretated. For example, tuming one pararssier {e.g., weighis for different objectives,
such as increasing the dose 1o the target tumor} in an attempt to change the treatment
plan may affect at least one other parameter, which 1o turo may result 1o the
development of a different treatment plan. Thus, the image processing device 112
can generate a tattored radiation therapy treatment plan 142 having these parameters
in order for the radiation therapy device 130 to provide radiotherapy freatment 1o
the patient.

19049 In addition, the radiotherapy systeny 100 may wclude a display device
134 and a wser interface 136. The display device 134 may include one or more
display ascreens that display medical images, interface information, treatment
planning parameters {e.g, confours, dosages, beam angles, etc) treatment plans, a

target, localizing a target and/or tracking a target, or any related information to the
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aser. The user interface 136 may be 2 kevboard, a kevpad, a touch screen or any
type of device that 3 user may input information fo radiotherapy system 100
Alterpatively, the display device 134 and the user intertace 130 may be integrated
inie a device such as a tablet computer, ez, Apple iPad®, Lenovo Thinkpad®,
Samsung Galaxy ®, et

[0656]  Furthermore, any and all components of the radiotherapy system 100
may be implemented as a virtual machine {(e.g., VMWare, Hyper-V, and the like).
For wnstance, a virinal machine can be software that functions as bardware.
Theretore, a virtual machine can include at teast one or more virtual processors, ong
or more virtual memories, and one or more virtual communication interfaces that
together function as hardware. For example, the image processing device 112, the
(31§ 128, the wmage acqusition device 132 could be mnplemented as a wvirtual
machine. Given the processing power, memory, and computational capability
available, the entire radiotherapy systers 100 could be wnplernented as a virtnal
machine,

0511 FIG 2A idlustrates an exemplary radiation therapy device 202 that may
include a radiation source, such as an Xeray aource or a linear accelerator, a couch
216, an imagng detector 214, and a radiation therapy ouiput 204, The radiation
therapy device 202 may be configured to emit a radiation beam 208 o provide
therapy to @ patient The radiation therapy cutput 204 can include one or more
attenuators or collimators, such as a multi-leat collimator {MEC) as deseribed in the
ilustrative embodiment of FEG. 5, below,

1008321 Refernng back to FIG ZA) a patient can be positioned 1w a region 212,
supperted by the treatment couch 210 1o receive a radiation therapy dose according
to g radiation therapy treatment plan. The radiaton therapy output 204 can be
mounted or attached to 2 gantry 206 or other mechanical support. One or more
chassis motors (not shown) may rotate the gantry 2006 and the radiation therapy
output 204 around couch 210 when the couch 216 is inserted into the treatment arsa.
In an embodiment, gantry 206 may be continucusly rotatable arcund couch 216
when the couch 2106 15 inseried into the ireatment area. In another embodument,
gantry 206 may rotate to a prodetermined position when the couch 216 18 msented
into the treatment area. For example, the gantry 206 can be configured 1o rotate the
therapy cutput 204 around an axis (47} Both the couch 216 and the radiation

therapy output 204 can be independently moveable to other positions around the
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patient, such as moveable o transverse divection (777}, movesble in a lateral
direction ("4}, or as rotation about one or more other axes, such as rotation about
a transverse axis (indicated a5 “A7) A controller communicatively connected to one
or more actuators {not shown} may contred the couch 216 movements of rotations
irorder to properly position the patient in or out of the radiation beam 208 gccording
to a radiation therapy treatment plan. As both the couch 216 and the gantry 206 are
independently moveable from one ancther in multiple degrees of freedom, which
allows the patient to be positioned such that the radiation beam 208 precisely can
target the tumor.

(86331 The coordinate system {including axes 4, 7, and 7} shown wn FIG. 2A
can have an origin located at an isceenter 210, The tsocenter can be defined as a
focation where the central axis of the radiation therapy beam 208 infersects the
originy of a coordinate axis, such as to deliver a prescribed radiation dose te a location
on o within a patient. Alternatively, the wsocenter 210 can be defined as a location
where the central axis of the radiation therapy beam 208 intersects the patient for
various rotational positions of the radiation therapy output 204 as positioned by the
gantry 200 around the axis A

100341 Gantry 206 may also have an attached mmaging detector 214 The
imaging detector 214 preferably located oppostie fo the radiation source 204, and in
an embodiment, the imaging detector 214 can be located within a field ot the therapy
fream 208,

0531 The imaging detector 214 can be mounted on the gantry 206 preferably
opposite the radiation therapy output 204, such a5 to maintain shgoment with the
therapy beam 208. The imaging detector 214 rotating about the rotational axis as the
gantry 206 rotates. In an embodiument, the imaging detector 214 can be a flaf panel
detector (e.g., a direct detector or 3 scintillator detectory. In this manner, the imaging
detector 214 cav be used to monitor the therapy beam 208 or the imaging detector
214 can be used for imaging the patient’s anatomy, such as portal imaging. The
control circuitry of radiotherapy device 202 may be integrated within system 100 or
remote frony it

10561 In an iHustrative emnbodiment, one or more of the couch 216, the therapy
output 204, or the ganiry 206 can be automatically positioned, and the therapy ontput
204 can establish the therapy beam 208 according to a specified dose for a particular

therapy delivery instance. A sequence of therapy deliveries can be specified
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according o a radiation therapy treabment plan, such as using one or more different
orientations or locations of the gantry 206, couch 219, or therapy cutput 204, The
therapy delivenes can ocour sequentially, but caniintersect in a desired therapy locus
on or within the patient, such as at the isccenter 218, A prescribed cumulative dose
of radiation therapy can therehy be delivered to the therapy locus while damage to
tissue nearby the therapy locus can be reduced or avoided.

{0871 FIG. ZB illustrates an exemplary radiation therapy device 202 that may
include 3 combined hinear accelerator and an imaging sysiem, such as can include a
computed tomography (C1) imaging system. The radiation therapy device 202 can
include a multi-leaf coliimator (not shown) The CT imaging systen can includs an
imaging X-ray source 218, such as providing X-ray energy in a kitoelectron-Volt
{keV)energy range. The imnaging X-ray source 218 can provide a fan-shaped and/or
a conical beam 208 directed to an imaging detector 222, such as a fiat panel detector.
The radiation therapy system 202 can be simdar 1o the sysiern 202 descoribed in
relation to FIG. 24, such as including a radiation therapy output 204, a gantry 206,
a platform 216, and another flat panel detector 214 The Xeray source 218 can
provide a comparatively-lower-energy X-ray diagnostic beam, for imaging.

0581 In the dlustrative embodiment of FIG. 2B, the radiation therapy output
204 and the X-ray source 218 can be mounted on the same rotating gaontry 2006,
rotationatly-separated from each other by 90 degrees. In ancther embodiment, two
ot more X-ray sources can be mounted along the circumference of the gantry 206,
such as cach having s own detector arrangement o provide multiple angles of
diagnostic imaging covcurrently. Sirotlarly, multiple radiation therapy outputs 204
can be provided.

G881 FIG. 3 depicts an exemplary radiation therapy system 300 that can
include combining a radiation therapy device 202 and an imaging sysiem, such as a
nuclear magnetic resonance (MR} imaging system {e.g, known o the arnt as a MR-
Linac) consistent with the disclosed embodiments. As shown, system 300 may
include a couch 216, an 1mage acquisition device 320, and a radiation delivery
device 330, System 300 debivers radiation therapy to a patient tn accordance with a
radictherapy treatment plan. o some embodiments, image acguisition device 320
may correspond 10 unage acquisition device 132 in FH 1 that may acquire origin
images of a first modality {e.g., MRIimage shown in FIG. 4A) or destination images

of a second modabity (e.g., CT image shown o FIG 483

AN
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10068 Couch 210 may support a patient (not shown} duniog & treatment
session. In some implementations, couch 216 may move along a2 horizontal,
transtation axis (labelled “T7y, such that couch 216 can move the patient resting on
couch 216 into and/or cut of system 300, Couch 216 may alse rotate around a central
vertical axis of rofation, transverse to the trandation axis. To allow such movement
or rotation, couch 216 may have motors (not shown} enabling the couch to move in
various directions and to rotate along varous axes. A condroller {(not shown) may
contral these movements or rotations in order to properly position the patient
according 1o a freatment plan.

(06611 In some embodiments, image acquisition device 320 may include an
MRI machine used to acquire 2D or 3D MRI images of the patient before, during,
and/or after a treatrnont session. Image acquisition device 320 may include a magnet
321 for generating a primary magnetic field for magnetic resonance imaging. The
mmagnetic field lines generated by operation of magnet 321 mway run substantially
paratlel to the central ranslation axis L Magnet 321 may include one or more coils

th an axis that runs paraliel to the fravslation axis I In some embodiments, the
one o more colls in magoet 321 may be spaced such that a central window 323 of
magnet 321 15 free of coils. In other embodiments, the coils 1o magnet 321 may be
thin enough or of a reduced density such that they are substantially transparent 1o
radigtion of the wavelength generated by radictherapy device 330, fmage
acquisition device 320 may also include one or more shielding coils, which may
generate a magnetic field outside magnet 321 of approxamately egual magnitude and
opposite polandy 1w order o cancel ot reduce any magnenc feld ouiside of magnet
321, As described below, radiation spurce 331 of radictherapy device 330 may be
positioned 1o the region where the magnetic field 15 cancelled, at least to a first order,
of reduced.

1008621 Image acquisition device 320 may also include two gradient coils 325
and 326, which may generate a gradient magnetic field that is superposed on the
primary magnetic field. Cotls 325 and 326 may generate a gradient in the resultant
magnetic fletd that aliows spatial encoding of the protons so that their position can
be determined. Gradient coils 325 and 326 may be positioned around a common
central axis with the magnet 321, and may be displaced along that central axis. The

displacement may create a gap, of window, between cails 325 and 326 In
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erbodiments where magnet can also include a central window 323 between
coils, the two windows may be aligned with each other.

0631 1o sowe embodiments, image acquisition device 320 may be animaging
device other than an MRI, such as an Xeray, a U7, a CBCT, a spival U7, a PET, a
SPECT, an optical tomography, a flucrescence imaging, ulirasound imaging, or
radiotherapy portal imaging device, eto. As would be recognized by one of Drdinary
skill 1o the art, the above description of image acquisition device 320 concerns
certain embodiments and 13 not intended to be hmiting.

100641  Radiotherapy device 330 may include the source of radiation 331, such
as an X-ray source or a linear accelerator, and a mulii-leafl collimator (ML) 332
{shown below 1n FI(3. 5} Radiotherapy device 330 may be mounted on a chassis

35, Que or oore chasss motors (oot shown ) may rotate chassis 335 around couch
216 when couch 216 1s inserted into the treatment area. In an embodiment, chassis
335 may be continuously rotatable around couch 216, when couch 216 138 mmserted
into the treatment area. Chasais 335 may also have an attached radiation detector
{not shown), preferably locaied opposite to radiation source 331 and with the
rotational axis of chassis 335 positioned between radiation source 331 and the
detector. Further, device 330 may include control circuitry {not shown} used fo
control, for example, one or more of couch 216, image acquisition device 320, and
radiotherapy device 330, The control circuitry of radiotherapy deviee 330 may be
integrated within systers 300 or remote from it

10637 Durning a radiotherapy freatment session, g patient may be positioned on
couch 216, System 300 may then move couch 216 into the treatment area defined
by magnetic cotls 321, 325, 326, and chassis 335, Contral circuitry may then control
vadiation source 331, MLC 332, and the chassis wotor(s) to debiver radiation to the
patient through the window between coils 325 and 326 according to a radictherapy
freatment plan,

{066l FiG 2A, FiG 2B, and FIG 3 illustrate generally illustrate embodiments
of a radiaton therapy device configured to wrovide radiotherapy treatment 1o a
patient, inchuding a configuration where a radiation therapy output can be rotated
around a central axis {eg, an axus “47) Other radiation therapy output
contigurations can be used. For example, a radiation therapy cutput can be mounted
o a robotic arm or manipulator baving multiple degrees of freedom. In vet another

embodiment, the therapy output can be fixed, such as located 1 a region laterally
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separated from the patient, and a platform supporting the patient canbe used to align
a radiation therapy 1socenter with a specified target locus within the patient.

0671 As discussed above, radiation therapy devices described by FIG. 2A,
FiG 2B, and Fiz 3 include a multi-leal collimator for shaping, directing, or
modulating an intensity of g radiation therapy beam to the specified target locus
within the patient. FH3. 5 tilustrates an exemplary muiti-leaf collimator (MLC} 332
that includes leaves S32A through 532F that can be astomatically posinioned to
define an aperture approximating 2 tumor 540 eross section or projection. The leaves
532A through 5327 permit modolation of the radiation therapy bearn. The leaves
5324 through 5321 can be made of a material specified to attenuate or block the
radiation beam in regions cther than the aperture, in accordance with the radiation
treatment plan. For example, the feaves 532A through 5321 can include metallic
plates, such as comprising tungsten, with a long axis of the plates oriented paralig!
1o g bears direction, and haviog ends onented orthogonally to the bearn direction {as
shown in the plane of the Hlustration of FIG. 2ZA) A “state” of the ML 332 can be
adinsted adaptively dunng 2 course of radiation therapy treatroent, such as io
establish g therapy beam that better approximates a shape or location of the tumor
540 or other target locus. This 15 in comparison to using & static collimator
configuration or a3 compared 1o using an MLC 332 configuration determined
exchusively using an “offline” therapy planning techruque. A radiation therapy
technigue using the MELC 332 to produce a specified radiation dose disiribution to a
tumor of to specific areas within a tumor can be referred to as Intensity Modulated
Radiation Therapy (IMRT).

{06681 FiG o iHustrates an embodiment of another type of radiotherapy device
630 {e g, a Leksell Gamma Knife), according to some embodiments of the present
disclosure. As shown in FIG. 6, in a radictherapy treatment session, a patient 602
may wear g coordinate frame 620 to keep stable the patient’s body part (e g, the
head} undergoing surgery or radiotherapy. {oordinate frame 020 and a patient
positioning system 622 may establish a spanal coordinate system, which may be
used while imaging a patient or during radiation surgery. Radictherapy device 630
may include a protective housing 614 1o enclose g plurality of radiation sources 612,
Radiation sources 612 may generate a plurality of radiation beams {e.g., beamlets}
through beam channels 616. The plurality of radiation beams may be configured o

focus on an teocenter 210 frovn different directions, Whle cach individus! radiation
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heam way bave a relatively low wtensity, 1socenter 210 may recetve a relatively
high level of radiation when multiple doses from different radiation beams
accurnulate at isocenter 210 In certain embodiments, 1socenter 210 may correspond
te & target under surgery of freatment, such as a tumor,

[06%  FIG 7 illustrates an exemplary flow diagram for deep learning, where a
deep izarning model, such as a deep convolutional nsural network can be trained
and used to determine machine parameters for a treatment plan. Inputs 704 can
inchide a defined deep learning wodel having an initial set of values and training
data The training data can include patient images, and expected results. The tramming
data can alse include data based on the patient mages, such as one or more of
anatomy label maps or signed distance maps. The deep learning model can include
a neural network, such as a deep convolutional neural network. The deep learmning
network can be trained on medical images, such as U1 images, PET images, or MRI
jmages and the corresponding trestment machine parameters prodoced by an
exenmpiary planning method. When trained, the deep learning network can produce
an estimate of such roachine parameters for a patient using ondy that patient’s image.
in either case, the expected results can include estimated machine parameters that
can defing the delivery of radiation treatroent to a patient. The machine parameters
can include at feast one gantry angle, at igast one multi-leaf coliimator leat position,
and at least one aperture weight or intensity. In one embodiment, the images or
fumctions of the tmages may be paired with machine parameters encoded as pixel
values in a second set of 1mages. In another embodiment, the 1mmages or image
functions roay be transformed into a sinogram format and pawred with machine
parameiers that can be represented as elements of 2 1D vector having a dimension
that can be equal to the sinogram row dimension. During tratoing of deep learmning
maodel 708, 3 batch of training data can be selecied from the patient images and
expected results. The selected training data can include at least one image of patient
anatomy or data based on the at feast one images of patient anatomy and the
corresponding ground truth machine parameter data. The deep learning model can
b apphied o the selected patient images to provide estimated results (e g, estimated
machine parameters), which can then he compared to the expected results {e.g.,
machine parameters corresponding (o the selected patient images), 10 compuie a
difference that can provide an indication of training errors. The errors can be used

during a procedure called backpropagation to correct the ervors tn pararseters of the
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deep learning network {e.g., layer node weights and biases), such as to reduce or
minimire errers in the maching parameter estimates during subsequent trials. The
errors can be compared (o predetermined onitenia, such as proceeding o a sustained
minimum for a specified number of training iterations. If the errors do not satisfy
the predetermined criteria, then model parameters of the deep learning model can
be updated using backpropagation, and ancther batch of training data can be selected
trom the patient images and expected results for another tteration of deep learning
moded training, H the errors satisty the predetermined criteria, then the training can
he ended and the trained model can then be used during a deep learning testing or
inference stage 712 to predict machine parameters based on patient images different
from the training data. The trained model can receive new patient images and
provide predicted results (e.g , machine parameters).

{87061 FiG 8 illustrates an embodiment of a deep convolutional neural network
(DMONIN 804 that can be raroed using sets of known 1mages or image functions and
lists of known machine parameters. Once trained, the DUNN can compute estimates
of oachine pararseters tor a new patient {e.g., a patient that did not contnibute known
unages ot image functions used in the tralning process} given only the new patient’s
irnages or image functions. In an embodiment, the DCNN 800 can include a DCNN
tor regression. The DUNN 800 can be stored in a memory, such as the memory
device 116 of 1mage processing device 112 The DCNM 800 can be comprised of
lavers 8OO, BOE, seta of lavers 810, 812, 814, 816, and a loss laver 818, Input image
data 802 and corresponding maching parameter data 804 can be introduced nto the
BOUNN by layers 806, that may perform scaling and centering of the data. The
outputs of lavers 800 can then be input into fullv-connected (FC} layer 808 that can
pertorm a yaaog of the image data and the machine parameter data. The fully-
connected fayer 08 output can be fed into the first convelution layver in laver set
R10. Hach convolution fayer block 810, 812, §14, and 816, can be composed of at
least one convolution fayer, and a nondineanty laver {e.z., a rectified linear unit or
Reb U lavery that can apply a non-hinear function to the output of the convolution
faver. Each block may alse coniain a baich normalization laver, a sealing laver or
other lavers that may be determined, such as 1o provide the most accurate estimates
of desired machine parameter values. The last laver in the last block of each set can
be a pooling laver that can downsample the convolution output data by an amount

{o.g one-balfy and can take the maximum of the relevant laver-node values 1o the
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ouiput convolution layver, during a process known as max-pooling The changing
shapes of each convolution block set can indicate that a spatial resolution of the
unage data can be decreasing (block heighty while a vurober of parameters per layer
can be increasing {block width). The arrangement of lavers and the layer-set
comppositions Hlustrated 1 FIG. § can preserve the information content of the
PBONN. During network training the machine parameter estimates output at the loss
laver 818 can be compared to the correct maching parameter values {e.g, ground
truth machine parameter vahues), and the differences (e g, errors} are used to correct
the network parameters. The correction process is known as backpropagation. The
network parameters can be the weight coefficients and bias lerms associated with
the layer nodes whose values can be reset during backpropagation. During network
testing, a new patient image can be ioput with uvo comesponding machine
parameters, and the node weight coefficients and the biases evaluated during
fravning can combine to produce the machine parameter estimates output at Joss
laver 818 The machine parameter estimates ocufpuf can constitute the machine
parameter estimale for a new patient,

{731 The network depicted in FIG & s illustrative only and not limiting to the
method of this invention. Many other network architectures are possibie, and one
or more of them may provide improved machine parameter estimates. In another
embodiment, the mwput image data can include CT images, or functions of the CT
tmages such as signed distance funclions, or modified images obtained by filtenng,
re-formatted into & sinogram format representing the patient geometry as crcular
projections 1o be paired with a vector of angular-resampled machine parameter data
and inpui as a pair of 153 vectors at the input fayer. In another embodiment, the fully
conuected laver (FC) can be moved closer 1o the loss laver, and a pawr of
convolutional networks, one each for the image and machine parameter data, can be
esiablished and trained 1n parallel. Tn another embodiment, the FC layer can be
removed and spatial associations of the patient geometry and the machine parameter
gantry angle and mubtileaf collimator settings can be established by 2B convolution
lavers that explicitly embed functions of the 11¥ data.  In another embodiment, a
second convalutional neural network can be used to learn a refined-value version of
the machine parameters using the patisnt images ot image functions and the machine
parameier errors from the first network. In another embodiment, a convolutional

veural networlk can learn the machine parameters using a combination of patient
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frnages of image functions and iroages of the 313 dose distribution corresponding {o
the ground truth machine parameters—such additional channels of information may
produce maching parameier estimates having improved acouracy,

{8721 FiG 94 illustrates an embodiment of a method for training a DUNN,
such as the DCNN 800 for deterrnining a sef of machine parameters based on at least
one medical image. The DUNN can receive sets of medical images (siep 910}, The
medical 1uages can include CT mmages, MRI images, or PET 1mages. The DONN
can also receive corresponding anatomy voxel label maps, and functions of labeiled
ohiect distances. Machine parametors can then be determined for each set of medical
fmages {step 914}, In an embodiment, the machine parameters can be received
together with the sets of medical images. The machine parameters can include at
least one gantry angle, at least ove muli-leaf collimator leaf posion, and at least
one aperture weight or intensity. The machine parameters can be represented by the
expression Y = {w,(...LﬁRz’...)T V7 } i K =1.,K ‘where Y canrepresent a set
of ¥ machine parameter data obiects, gcan represent a gantry angle, L/R”can
represent left and right multi-leaf collimator leaf positions, and y* can represent an
aperture weight or intensity for a gantry angle ¢ . The machine paraneters can be
determined by g computer algorithro or a dosimetsist operating a radiotherapy
treatment program, either of which can be very time consuming and complicated
and may vot be suitable for real tiwe applications. In av embodiment where the
machine parameters can be determined by a computer algornithm, the algorithm can
be an iterative or analyucal algorithin and the computation can require several hours
per patient. And for neither case does there exist a model against which the operator
may pudge his/her treatment plan quality. To begin network training, an ieration
index can be set 1o an wnitial value of zero (siep D1IR) A batch of training data can
he formed from a subset of the received sets of medical images and corresponding
machine parameters {(step 922) The batch of traivung data can be provided o the
BUNN and the DUNN parameters can be updated based thereon {step 926} The
DBUNN can provide an output set of machine parameters based on current parameters
of the DCNN {step 930} A comparison can be made between the cutput set of
maching parameters corresponding to the recetved sets of medical irmages i the
batch of training data {e.g, ground iruth machine parameters). Corresponding error

sets, where each error value can be the difference between the estimated machine
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pararpeters and the corresponding ground truth machine parameters are determined
from the comparison (step 934}, Parameters of the DUINN can then be updated based
on the corresponding errors, such as by using backpropagation {step 938} In an

embadiment, parameters of the DUNN can be updated, such as to mimimize or

2
, where

reduce a cost function, such as the cost function J(O7) = argming ”Y - Y*|

Y can represent the machine parameters determined by the DUNN, where Y™ can
represent the koown machine parameters corresponding to the baich of training data,
and where O can represent parameters of the BONN (e.g., faver node weights and
biases a5 described above sbove) corresponding to a minumized sgquare eror
petween Yand Y. In an embodiment, the cost funciion can include a probabilistic
function where parameters of the DCNM can be determined according o the

expression O,y =argmaxgy P(Y | X;0), or
O p, =argmaxg ZteT log P(Y, | X,;®) where O, canrepresent the parameters of

the fully trained DCNN, and X can represent a collection of medical images,
anatomy voxel label maps, and functions of the labelled object distances.

{8731 After updating the parameters of the DUNN, the iteration index can be
incremented by a value of one (step 942} The ueration index can correspond 1o a
number of fimes that the parameters of the DBUNN have been updated. Stopping
criteria can be computed (step 946), and if the stopping criteria are satisfied, then
the DCNN model can be saved in a4 memory, such as the memory device 116 of
irnage processing device 112 and the trammng can be halted (step 950) H the
stopping oriteria are not satisfied, then the training can continue at step 922 Inan
embodiment, the stopping criteria can include a value of the teration index {e.g.,
the stopping criteria can include whether the iteration index 13 greater than or equal
to a deternuined maximum number of iterations). In an embodiment, the stopping
criteria can include an accuracy of the output set of machine parameters {e.g the
stopping criteria can include whether the difference between the output set of
machine pararneters and the machine parameters corresponding 1o the receved sets
of medical images in the batch of training data is smaller than 2 threshold). In an
erabodiment, the threshold can correspond to an asymptouc numuraurs of all errors
determined in step 934, In an embodiment, the machine parameters can be presented

to the BUNN in the form of images with fixed formats specifying, for example,
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apertures, angles, and intensity values. In an erobodiment, the patient images can be
pocied with maching parameters and can be presented as real arrays.

0741 FIG 9B illustrates a method for generating machine parameters using a
trained DONN, such as a DONN that can be trained according io the method
described above with respect to FIG. 2A. Medical images can be recetved from an
image acquisition device, such as image acquisition device 132 (step 960}, A trained
DONN model can be received from g network, such as the network 120, or from a
memory, such as the memory device 116 of image processing device 112 (step 9643
The trammed DONN can be used to determine machine parameters, such as for
radiation treatment planning or replanning (step 968}, In an embodiment, the trained
BUNN can generate maching parameters for online applications, in real time {2.g.
the trained DUNN can generate jachine parameters from the received medical
images in a few seconds}. Iy an embodiment where the BUNN can be trained using
mmachine parameters determined for intensity modulated radiotherapy, the trained
BUNN can determine machine parameters for an intensity modulated radiotherapy
treatment plan. In an embodiment where the BONN can be trained using machine
parameters determined for a volumetric modulated arce therapy, the trained DUNN
can determine machine parameters for a volumetric modulated arc therapy treatment
plan.

0075} FIG 10 iiostrates a block disgram of an embodiment of g machine 1060
on which one or more of the methods as discussed herein can be implemented. In
one o more entbodiments, one or more items of the image processing device 112
can be implemented by the machioe 1000 In alternative embodiments, the machine
1000 operates as a standalone device or may be connected {(e.g., networked) to other
machines. In ove or more emboditoents, the image processing device 112 can
include one or more of the items of the machine 1000 In a networked deployment,
the machine 1000 may operate in the capacity of a server or 2 chient machine
server-client network environment, or as a peer machinge in a peer-io-pesr {or
distributed) network environment. The machine may be a personal computer {(PC),
a tablet PC, a set-top box (8TB) a Personal Digital Assistant (PDA), a cellular
telephone, a web appliance, g network router, swiich or bridge, or any maching
capable of executing instructions {sequential or otherwiae) that specify actions to be
taken by that machine. Further, while only a single machine s tllustrated, the term

“machine” shall also be taken to wchude any collection of machines that individually
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or jointly execute a set {for muliiple seis) of instructions to perform any one of more
of the methodologies discussed herein.

{761 The example machine 1000 includes processing circutiry 1002 {eg, a
central processing unit {{CPU}, a graphics processing unit {GPU), an application
specific integrated circuit, circuitry, such as one of more ransistors, resistors,
capacitors, inductors, diodes, logic gates, multipiexers, buffers, meodulators,
demodulators, radios (e.¢., transmit or receive radios or transceivers), sensors 1021
{e.g., a tranaducer that converts one form of energy (&g, light, beat, electrical,
mechanical, or other energy) to another form of energyy, or the ke, or a
combination thereof), a main memory 1004 and a static memory 1006, which
comnrunicate with each other via a bus 1008, The machine 100¢ (e g, computer
sysiern) may further include a video display wrut 1010 {e.g., a hquid orysial display
(LCDY or a cathode ray tabe {(CKRT3) The machine 1000 also includes an
alphanumeric nput device 1012 {e.g., a kevboard}, a user interface (U navigation
device 1014 {e.g, a mouse), a disk drive or mass steorage unit 1016, a signal
generation device 1018 {e.g., a speaker) and a network interface device 1020,

{77 The disk drive unit 1016 includes a machine-readable medinm 1022 on
which 1s stored one or more sets of instructions and data structures {e.g , software)
1024 embodying or utitlized by any one or more of the methodologies or functions
described herein. The mstructions 1024 may also resude, completely or at least
partially, within the wain memory 1004 and/or within the processor 1002 during
execution thereot by the machine 1000, the main memory 1004 and the processor
1002 also constitnting machine-readable media.

I6078]  The maching 1000 as ilustrated includes an cutput controlier 1028, The
output controller 1028 manages data Hlow to/from the wachine 1004, The output
controlier 1028 1s sometumes called a device controller, with software that directly
interacts with the output controller 1028 being called a device driver.

186079)  While the machine-readable medium 1022 is shown in an embodiment
o he a single medium, the term "machine-readable medium®™ may inchude a single
medium o multiple media {e.g, a centralized or disiributed database, and/or
associgted caches and servers) that store the one or more nstructions or data
siructures. The term "machine-readable medium” shall also be taken to 1nclude any
tangible medium that is capable of storing, enceding or carrying instructions for

executton by the roachine and that cause the roachine to perform any one or moore of
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the methodologies of the present invention, or that 15 capable of storing, encoding
or carrying data structures uitlized by or associated with such instructions. The ferm
"machine-readable medium” shall accordingly be takento include, but not be lunited
o, solid-state memories, and optical and magnetic media. Specific examples of
maching-readable media include non-volatile memory, including by way of example
semiconductor memory devices, e.¢., Hrasable Programmable Read-Only Memory
(EFROM), Floctrically Hrasable Programmabie Read-Only Memory (EEPROM),
and flash memory devices, magnetic disks such as intermal hard disks and removable
disks; magneto-optical disks; and CD-BOM and DVE-ROM disks.

[608¢]  The instructions 1024 may further be tranamitied or received over a
comprunications network 1026 using a transmission medium. The instructions 1024
may be transmitted using the network mterface device 1020 and any one of a number
of well-known transter pretocois {eg, HTTP) Examples of communication
networks include a local area vetwork ("LANTY, g wide area network ("WANT), the
Internet, mobile telephone networks, Plain Old Telephone (POTS) networks, and
wireless data networks {e.g, WiFi and WiMax networks) The term "transroission
medium” shall be taken to include any intangible medium that 1s capable of storing,
encoding oF carrying instructions for execution by the machine, and includes digital
or analog communications signals or other intangible media to faciitate
communication of such software.

{IBE]  As used herein, “commumnicatively coupled between” means that the
entities on either of the coupling must communicate through an ttern therehetween
and that those entities cannot conununicate with each other without commurucating

through the item.
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Additional Notes

[0082] The above detailed description includes references to the
accompanying drawings, which form a part of the detailed description. The
drawings show, by way of illustration but not by way of limitation, specific
embodiments in which the invention can be practiced. These embodiments are also
referred to herein as “examples.” Such examples can include elements in addition
to those shown or described. However, the present inventors also contemplate
examples in which only those elements shown or described are provided.
Moreover, the present inventors also contemplate examples using any combination
or permutation of those elements shown or described (or one or more aspects
thereof), either with respect to a particular example (or one or more aspects
thereof), or with respect to other examples (or one or more aspects thereof) shown
or described herein.

[0083]  All publications, patents, and patent documents referred to in this
document are incorporated by reference herein in their entirety, as though
individually incorporated by reference. In the event of inconsistent usages between
this document and those documents so incorporated by reference, the usage in the
incorporated reference(s) should be considered supplementary to that of this
document; for irreconcilable inconsistencies, the usage in this document controls.

[0084]  In this document, the terms “a,” “an,” “the,” and “said” are used when
introducing elements of aspects of the invention or in the embodiments thereof, as
is common in patent documents, to include one or more than one or more of the
elements, independent of any other instances or usages of “at least one” or “one or
more.” In this document, the term “or” is used to refer to a nonexclusive or, such
that “A or B” includes “A but not B,” “B but not A,” and “A and B,” unless
otherwise indicated.

[0085] In the appended claims, the terms “including” and “in which” are used
as the plain-English equivalents of the respective terms “comprising” and
“wherein.” Also, in the following claims, the terms “comprising,” “including,” and
“having” are intended to be open-ended to mean that there may be additional
elements other than the listed elements, such that after such a term (e.g,
comprising, including, having) in a claim are still deemed to fall within the scope

2%

of that claim. Moreover, in the following claims, the terms “first,” “second,” and
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“third,” etc., are used merely as labels, and are not intended to impose numerical
requirements on their objects.

[0086] Embodiments of the invention may be implemented with computer-
executable instructions. The computer-executable instructions (e.g., software code)
may be organized into one or more computer-executable components or modules.
Aspects of the invention may be implemented with any number and organization
of such components or modules. For example, aspects of the invention are not
limited to the specific computer-executable instructions or the specific components
or modules illustrated in the figures and described herein. Other embodiments of
the invention may include different computer-executable instructions or
components having more or less functionality than illustrated and described
herein.

[0087] Method examples (e.g., operations and functions) described herein can
be machine or computer-implemented at least in part (e.g., implemented as
software code or instructions). Some examples can include a computer-readable
medium or machine-readable medium encoded with instructions operable to
configure an electronic device to perform methods as described in the above
examples. An implementation of such methods can include software code, such as
microcode, assembly language code, a higher-level language code, or the like
(e.g., “source code”). Such software code can include computer readable
instructions for performing various methods (e.g., “object” or “executable code”).
The software code may form portions of computer program products. Software
implementations of the embodiments described herein may be provided via an
article of manufacture with the code or instructions stored thereon, or via a method
of operating a communication interface to send data via a communication interface
(e.g., wirelessly, over the internet, via satellite communications, and the like).

[0088]  Further, the software code may be tangibly stored on one or more
volatile or non-volatile computer-readable storage media during execution or at
other times. These computer-readable storage media may include any mechanism
that stores information in a form accessible by a machine (e.g., computing device,
electronic system, and the like), such as, but are not limited to, floppy disks, hard
disks, removable magnetic disks, any form of magnetic disk storage media,
CDROMS, magnetic-optical disks, removable optical disks (e.g., compact disks

and digital video disks), flash memory devices, magnetic cassettes, memory cards
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or sticks (e.g., secure digital cards), random access memories (RAMs) (e.g.,
CMOS RAM and the like), recordable/non-recordable media (e.g., read only
memories (ROMs)), EPROMS, EEPROMS, or any type of media suitable for
storing electronic instructions, and the like. Such computer readable storage
medium coupled to a computer system bus to be accessible by the processor and
other parts of the OIS.

[0089] In an embodiment the computer-readable storage medium may have
encoded a data structure for a treatment planning, wherein the treatment plan may
be adaptive. The data structure for the computer-readable storage medium may be
at least one of a Digital Imaging and Communications in Medicine (DICOM)
format, an extended DICOM format, a XML format, and the like. DICOM is an
international communications standard that defines the format used to transfer
medical image-related data between various types of medical equipment. DICOM
RT refers to the communication standards that are specific to radiation therapy.

[0090] In various embodiments of the invention, the method of creating a
component or module can be implemented in software, hardware, or a
combination thereof. The methods provided by various embodiments of the
present invention, for example, can be implemented in software by using standard
programming languages such as, for example, C, C++, Java, Python, and the like;
and combinations thereof. As used herein, the terms “software” and “firmware”
are interchangeable, and include any computer program stored in memory for
execution by a computer.

[0091] A communication interface includes any mechanism that interfaces to
any of a hardwired, wireless, optical, and the like, medium to communicate to
another device, such as a memory bus interface, a processor bus interface, an
Internet connection, a disk controller, and the like. The communication interface
can be configured by providing configuration parameters and/ or sending signals
to prepare the communication interface to provide a data signal describing the
software content. The communication interface can be accessed via one or more
commands or signals sent to the communication interface.

[0092] The present invention also relates to a system for performing the
operations herein. This system may be specially constructed for the required
purposes, or it may comprise a general purpose computer selectively activated or

reconfigured by a computer program stored in the computer. The order of
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execution or performance of the operations in embodiments of the invention
illustrated and described herein is not essential, unless otherwise specified. That is,
the operations may be performed in any order, unless otherwise specified, and
embodiments of the invention may include additional or fewer operations than
those disclosed herein. For example, it is contemplated that executing or
performing a particular operation before, contemporaneously with, or after another
operation is within the scope of aspects of the invention.

[0093] Inview of the above, it will be seen that the several objects of the
invention are achieved and other advantageous results attained. Having described
aspects of the invention in detail, it will be apparent that modifications and
variations are possible without departing from the scope of aspects of the invention
as defined in the appended claims. As various changes could be made in the above
constructions, products, and methods without departing from the scope of aspects
of the invention, it is intended that all matter contained in the above description
and shown in the accompanying drawings shall be interpreted as illustrative and
not in a limiting sense.

[0094] The above description is intended to be illustrative, and not restrictive.
For example, the above-described examples (or one or more aspects thereof) may
be used in combination with each other. In addition, many modifications may be
made to adapt a particular situation or material to the teachings of the invention
without departing from its scope. While the dimensions, types of materials and
coatings described herein are intended to define the parameters of the invention,
they are by no means limiting and are exemplary embodiments. Many other
embodiments will be apparent to those of skill in the art upon reviewing the above
description. The scope of the invention should, therefore, be determined with
reference to the appended claims, along with the full scope of equivalents to which
such claims are entitled.

[0095]  Also, in the above Detailed Description, various features may be
grouped together to streamline the disclosure. This should not be interpreted as
intending that an unclaimed disclosed feature is essential to any claim. Rather,
inventive subject matter may lie in less than all features of a particular disclosed
embodiment. Thus, the following claims are hereby incorporated into the Detailed
Description, with each claim standing on its own as a separate embodiment. The

scope of the invention should be determined with reference to the appended
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claims, along with the full scope of equivalents to which such claims are entitled.
Further, the limitations of the following claims are not written in means-plus-
function format and are not intended to be interpreted based on 35 U.S.C. § 112,
sixth paragraph, unless and until such claim limitations expressly use the phrase
“means for” followed by a statement of function void of further structure.

[0096] The Abstract is provided to comply with 37 C.F R. §1.72(b), to allow
the reader to quickly ascertain the nature of the technical disclosure. It is submitted
with the understanding that it will not be used to interpret or limit the scope or

meaning of the claims.
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Claims:

1. A method for training a deep convolutional neural network to
provide a patient radiation treatment plan, the method comprising:

collecting patient data from a group of patients, the patient data including
at least one image of patient anatomy and a prior treatment plan, wherein the
treatment plan includes predetermined machine parameters; and

training a deep convolution neural network for regression by using the
prior treatment plans and the corresponding collected patient data to determine a

new treatment plan.

2. The method of claim 1, wherein the new treatment plan

comprises predicted machine parameters.

3. The method of claim 1, further comprising training the deep
convolutional neural network by adjusting one or more parameters of the deep
convolutional neural network to minimize a cost function that includes a
difference between the predetermined sets of machine parameters and predicted

sets of machine parameters.

4. The method of any one of claims 1 through 3, wherein the
predetermined machine parameters include at least one of a gantry angle, a

multi-leaf collimator leaf position, or a radiation therapy beam intensity.

5. The method of any one of claims 2 through 4 wherein the
predicted machine parameters include at least one of a gantry angle, a multi-leaf

collimator leaf position, or a radiation therapy beam intensity.
6. The method of any one of claims 1 through 5, further comprising
collecting patient data including at least one signed distance map from each

patient in a group of patients.

7. The method of any one of claims 1 through 6, wherein the at

least one image of patient anatomy includes at least one of a planning CT image,
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an anatomy label map, a determined object distance such as a signed distance

map from the patient.

8. A method of using a deep convolutional neural network to
provide a radiation treatment plan, the method comprising;

retrieving a trained deep convolution neural network previously trained on
patient data from a group of patients;

collecting new patient data, wherein the new patient data includes at least
one image of patient anatomy; and

determining a new treatment plan for the new patient using the trained deep
convolutional neural network for regression, wherein the new treatment plan has

a new set of machine parameters.

9. The method of claim 8, wherein the trained deep convolutional
neural network can provide the new treatment plan including the set of machine
parameters, wherein the set of machine parameters includes at least one of a
gantry angle, a multi-leaf collimator leaf position, or a radiation therapy beam

intensity.

10. The method of any one of claims 8 or 9, wherein the new

treatment plan is created in real-time.

11. The method of claim 9, wherein the new treatment plan is created

in real-time during a radiation therapy treatment.

12. A radiation therapy treatment system comprising:

an image acquisition device to collect patient data including at least one
image of patient anatomy;

a radiation therapy device to deliver radiation therapy to a patient;

a non-transitory machine-readable medium to store a trained deep
convolution neural network and radiation therapy treatment plans;

a processor to generate a new treatment plan based on the collected patient
data using the trained deep convolution neural network for regression, wherein

the new treatment plan includes a set of machine parameters; and
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a radiation therapy control circuit configured to instruct the radiation
therapy device to deliver radiation therapy to the patient in accordance with the

new radiation treatment plan having a new set of machine parameters.

13. The system of claim 12, wherein the trained deep convolution
neural network is configured to be previously trained on patient data from a

group of patients.

14. The system of any one of claims 12 or 13, wherein the new set of

machine parameters comprises predicted machine parameters.

15. The system of any one of claims 12 through 14, wherein the new
set of machine parameters include at least one of a gantry angle, a multi-leaf

collimator leaf position, or a radiation therapy beam intensity.

16. The system of claim 12, wherein the deep convolutional neural
network is trained by adjusting one or more parameters of the deep
convolutional neural network to minimize a cost function that includes a
difference between a predetermined set of machine parameters and a predicted

set of machine parameters.

17. The system of any one of claims 12 through 16, wherein patient
data includes at least one signed distance map from each patient in a group of

patients.

18. The system of any one of claims 12 through 17, wherein the at
least one image of patient anatomy includes at least one of a planning CT image,
an anatomy label map, a determined object distance such as a signed distance

map from the patient.

19. The system of claim 12, wherein the new treatment plan is

created in real-time.
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20. The system of claim 12, wherein the new treatment plan is

created in real-time during a radiation therapy treatment.

21. A non-transitory machine-readable medium including
instructions, which when executed by an image processor, cause the image
processor to:

receive patient data from a group of patients, the patient data including at

least one image of patient anatomy and a prior treatment plan, wherein the

treatment plan includes predetermined machine parameters;

train a deep convolution neural network for regression by using the prior
treatment plans and the corresponding collected patient data, wherein at least one
or more parameters of the deep convolution neural network are adjusted to
minimize a cost function; and

determine a new treatment plan including a new set of predicted machine
parameters using the trained deep convolution neural network, wherein the
machine parameters include at least one of a gantry angle, a multi-leaf collimator

leaf position, or a radiation therapy beam intensity.

22. The non-transitory machine-readable medium of claim 21,
further comprising instructions, which when executed by the image processor,
cause the image processor to receive patient data including at least one signed

distance map from each patient in a group of patients.

23. The non-transitory machine-readable medium of any one of
claims 21 or 22, wherein the at least one image of patient anatomy includes at
least one of a planning CT image, an anatomy label map, or a determined object

distance.
24. The non-transitory machine-readable medium of any one of

claims 21 through 23, wherein the new treatment plan is created in real-time

during a radiation therapy treatment.
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