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(54) AN APPARATUS AND ASSOCIATED METHOD FOR IMAGING

(57) An apparatus configured to generate an output
quality error estimate using a machine-learning error es-
timation model to compare an output meeting a prede-
termined quality threshold with an output image recon-
structed from a plurality of images, and provide the output
quality error estimate for use in estimating if a second
subsequent image is required, in addition to a first sub-
sequent image to obtain a cumulative output having an

output quality error meeting a predetermined error
threshold. Also an apparatus configured, using a re-
ceived output quality error estimate generated using a
machine-learning error estimation model as above, to
estimate if a second subsequent image is required, in
addition to a first subsequent image, to obtain a cumu-
lative output having an output quality error meeting a pre-
determined error threshold.
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Description

Technical Field

[0001] The present disclosure relates to imaging ap-
paratus, associated methods and computer program
code, for example computer tomography (CT) and X-ray
imaging. Certain examples relate to apparatus config-
ured to use a machine-learning error estimation model
to generate an output quality error estimate and/or use
an output quality error estimate to determine whether fur-
ther images are required to obtain a required reconstruct-
ed image quality.

Background

[0002] Research is currently being done to improve im-
aging apparatus and methods, in particular in relation to
radiological imaging such as X-ray and CT imaging.
[0003] The listing or discussion of a prior-published
document or any background in this specification should
not necessarily be taken as an acknowledgement that
the document or background is part of the state of the
art or is common general knowledge.

Summary

[0004] According to a first aspect, there is provided an
apparatus comprising at least one processor; and at least
one memory including computer program code, the at
least one memory and the computer program code con-
figured to, with the at least one processor, cause the ap-
paratus to:

generate an output quality error estimate using a ma-
chine-learning error estimation model to compare an
output meeting a predetermined quality threshold
with an output image reconstructed from a plurality
of images, and
provide the output quality error estimate for use in
estimating if a second subsequent image is required,
in addition to a first subsequent image to obtain a
cumulative output having an output quality error
meeting a predetermined error threshold.

[0005] According to a further aspect, there is provided
an apparatus comprising: at least one processor; and at
least one memory including computer program code, the
at least one memory and the computer program code
configured to, with the at least one processor, cause the
apparatus to:

using a received output quality error estimate, gen-
erated using a machine-learning error estimation
model by comparing an output meeting a predeter-
mined quality threshold with an output image recon-
structed from a plurality of images to estimate if a
second subsequent image is required, in addition to

a first subsequent image to obtain a cumulative out-
put having an output quality error meeting a prede-
termined error threshold.

[0006] The output image used to generate the output
quality error estimate may be reconstructed from a plu-
rality of images recorded using particular imaging param-
eters, and the first and second subsequent images may
be recorded using the particular imaging parameters. In
this way the data used to train the machine-learning error
estimation model corresponds to the subsequent record-
ed images.
[0007] The output quality error estimate may be one
or more of:

a reconstruction error indicating a difference be-
tween:

an image reconstructed from a plurality of stand-
ard power classed images, the image meeting
the predetermined quality threshold; and
an image reconstructed from a plurality of low
power classed images;

a diagnostic error indicating a difference between:

a diagnosis meeting the predetermined quality
threshold; and
a diagnosis determined from an image recon-
structed from a plurality of low power classed
images; and

a segmentation error indicating a difference be-
tween:

an indication of material type meeting the pre-
determined quality threshold obtained from an
image reconstructed from a plurality of standard
power classed images; and
an indication of material type determined from
an image reconstructed from a plurality of low
power classed images.

[0008] The predetermined error threshold may be one
of:

an acceptable image noise threshold, and the output
quality error of the cumulative output indicates that
image noise of the cumulative output image meets
or is below the predetermined acceptable image
noise threshold;
a diagnosis confidence threshold, and the output
quality error of the cumulative output indicates a con-
fidence level that a diagnosis obtained from the cu-
mulative output exceeds the predetermined diagno-
sis confidence threshold; and
a segmentation confidence threshold, and the output
quality error of the cumulative output indicates a con-
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fidence level that a segmentation obtained from the
cumulative output exceeds the predetermined seg-
mentation confidence threshold.

[0009] The apparatus may be configured to:

if the output quality error of the cumulative output
meets or is below the predetermined error threshold,
provide an indication to stop recording images; and
if the output quality error exceeds the predetermined
error threshold, provide an indication to record the
second subsequent image.

[0010] The apparatus may be configured to, if the out-
put quality error of the cumulative output exceeds the
predetermined error threshold, obtain an updated output
quality error for the cumulative output including the sec-
ond subsequent image.
[0011] The first subsequent image may be taken at a
particular angular projection with respect to the subject,
and the second subsequent image may be taken at a
different particular angular projection with respect to the
subject than the first subsequent image. The first and
second subsequent images may be taken at the same
particular angular projection with respect to the subject.
[0012] The apparatus may be configured to estimate,
in a time which is low enough to allow for the estimating
to take place between successive subsequent images,
if the second subsequent image is required. The time to
estimate if a second subsequent image is required may
be less than 1 second, less than 0.5 seconds, less than
0.2 seconds, or less than 100ms.
[0013] The apparatus may be configured to:

obtain a plurality of subsequent images including the
first and second subsequent images; and
after estimating that no further subsequent images
are required to obtain a cumulative output having an
output quality error meeting a predetermined error
threshold,
obtain the cumulative output by reconstructing an
output image from the plurality of subsequent scans.

[0014] The apparatus may be configured to:

estimate that a cumulative output having an output
quality error meeting a predetermined error thresh-
old cannot be obtained by recording a second and
further subsequent images; and
provide an indication to stop recording images.

[0015] The first and second subsequent images may
be X-ray images, Computer Tomography (CT) scan im-
ages, Magnetic Resonance Imaging (MRI) images, func-
tional Magnetic Resonance Imaging (fMRI) images, fu-
sion imaging (a combination of Computer Tomography
(CT) imaging and Positron Emission Tomography (PET)
imaging), positron emission tomography (PET) images,

single photon emission tomography (SPET) images,
Magnetoencephalography (MEG) images or ultrasound
images.
[0016] The apparatus may be configured to estimate
if a second subsequent image is required following one
or more of: a single first subsequent image, and a plurality
of first subsequent images.
[0017] According to a further aspect, there is provided
a computer-implemented method comprising:

generating an output quality error estimate using a
machine-learning error estimation model to compare
an output meeting a predetermined quality threshold
with an output image reconstructed from a plurality
of images, and
providing the output quality error estimate for use in
estimating if a second subsequent image is required,
in addition to a first subsequent image to obtain a
cumulative output having an output quality error
meeting a predetermined error threshold.

[0018] According to a further aspect, there is provided
a computer-implemented method comprising:

using an output quality error estimate, generated us-
ing a machine-learning error estimation model by
comparing an output meeting a predetermined qual-
ity threshold with an output image reconstructed from
a plurality of images, to estimate if a second subse-
quent image is required, in addition to a first subse-
quent image to obtain a cumulative output having an
output quality error meeting a predetermined error
threshold.

[0019] The steps of any method disclosed herein do
not have to be performed in the exact order disclosed,
unless explicitly stated or understood by the skilled per-
son.
[0020] Corresponding computer programs for imple-
menting one or more steps of the methods disclosed
herein are also within the present disclosure and are en-
compassed by one or more of the described examples.
[0021] Thus according to a further aspect, there is pro-
vided a computer-program comprising code configured
to:

generate an output quality error estimate using a ma-
chine-learning error estimation model to compare an
output meeting a predetermined quality threshold
with an output image reconstructed from a plurality
of images, and
provide the output quality error estimate for use in
estimating if a second subsequent image is required,
in addition to a first subsequent image to obtain a
cumulative output having an output quality error
meeting a predetermined error threshold.

[0022] Also, according to a further aspect, there is pro-

3 4 



EP 3 338 636 A1

4

5

10

15

20

25

30

35

40

45

50

55

vided a computer-program comprising code configured
to: using an output quality error estimate, generated us-
ing a machine-learning error estimation model by com-
paring an output meeting a predetermined quality thresh-
old with an output image reconstructed from a plurality
of images, estimate if a second subsequent image is re-
quired, in addition to a first subsequent image to obtain
a cumulative output having an output quality error meet-
ing a predetermined error threshold.
[0023] One or more of the computer programs may,
when run on a computer, cause the computer to configure
any apparatus, including a battery, circuit, controller, or
device disclosed herein or perform any method disclosed
herein. One or more of the computer programs may be
software implementations, and the computer may be
considered as any appropriate hardware, including a dig-
ital signal processor, a microcontroller, and an implemen-
tation in read only memory (ROM), erasable program-
mable read only memory (EPROM) or electronically eras-
able programmable read only memory (EEPROM), as
non-limiting examples. The software may be an assem-
bly program.
[0024] One or more of the computer programs may be
provided on a computer readable medium, which may
be a physical computer readable medium such as a disc
or a memory device, may be a non-transient medium, or
may be embodied as a transient signal. Such a transient
signal may be a network download, including an internet
download.
[0025] The present disclosure includes one or more
corresponding aspects, examples or features in isolation
or in various combinations whether or not specifically
stated (including claimed) in that combination or in iso-
lation. Corresponding means for performing one or more
of the discussed functions are also within the present
disclosure.
[0026] The above summary is intended to be merely
exemplary and non-limiting.

Brief Description of the Figures

[0027] A description is now given, by way of example
only, with reference to the accompanying drawings, in
which:-

Figure 1 shows an example apparatus according to
the present disclosure;
Figure 2 illustrates another example apparatus ac-
cording to the present disclosure;
Figure 3 illustrates a further example apparatus ac-
cording to the present disclosure;
Figure 4 illustrates an example scanning process us-
ing a machine-learning model;
Figure 5 illustrates an example general training proc-
ess for a machine-learning model;
Figure 6 illustrates an example general training proc-
ess for a machine-learning model to provide an es-
timated reconstruction error;

Figure 7 illustrates an example general training proc-
ess for a machine-learning model to provide an es-
timated diagnosis error;
Figure 8 illustrates another example general training
process for a machine-learning model to provide an
estimated diagnosis error;
Figure 9 shows the main steps of a method of using
the present apparatus; and
Figure 10 shows the main steps of a method of using
the present apparatus;
Figure 11 shows a computer-readable medium com-
prising a computer program configured to perform,
control or enable the methods of Figures 9 and/or 10.

Description of Specific Examples

[0028] In medical X-ray imaging (including CT imag-
ing) it is desirable to reduce/minimize the radiation dose
received by the patient. Unnecessary dosage of radiation
due to receiving a CT scan or X-ray imaging is harmful
for humans and animals. There are growing concerns on
radiation-induced genetic, cancerous and other diseas-
es. Also, in non-medical applications, in some cases it
may be beneficial to reduce the radiation dose used to
investigate, for example, a radiation-sensitive biological
or chemical sample of material to obtain information
about the sample before it breaks down. Certain exam-
ples described herein may provide a technical effect of
reducing the radiation dose provided to a subject being
scanned.
[0029] Figure 1 shows an apparatus 100 comprising a
processor 110, memory 120, input I and output O. In this
example only one processor and one memory are shown
but it will be appreciated that other examples may utilise
more than one processor and/or more than one memory
(e.g. same or different processor/memory types). The
apparatus 100 may be or may comprise an application
specific integrated circuit (ASIC). The apparatus 100 may
be or may comprise a field-programmable gate array (FP-
GA). The apparatus 100 may be a module for a device,
or may be the device itself, wherein the processor 110
is a general purpose CPU and the memory 120 is general
purpose memory.
[0030] The input I allows for receipt of signalling to the
apparatus 100 from further components. The output O
allows for onward provision of signalling from the appa-
ratus 100 to further components. In this example the input
I and output O are part of a connection bus that allows
for connection of the apparatus 100 to further compo-
nents. The processor 110 is a general purpose processor
dedicated to executing/processing information received
via the input I in accordance with instructions stored in
the form of computer program code on the memory 120.
The output signalling generated by such operations from
the processor 110 is provided onwards to further com-
ponents via the output O.
[0031] The memory 120 (not necessarily a single mem-
ory unit) is a computer readable medium (such as solid
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state memory, a hard drive, ROM, RAM, Flash or other
memory) that stores computer program code. This com-
puter program code stores instructions that are execut-
able by the processor 110, when the program code is run
on the processor 110. The internal connections between
the memory 120 and the processor 110 can be under-
stood to provide active coupling between the processor
110 and the memory 120 to allow the processor 110 to
access the computer program code stored on the mem-
ory 120.
[0032] In this example the input I, output O, processor
110 and memory 120 are electrically connected internally
to allow for communication between the respective com-
ponents I, O, 110, 120, which may be located proximate
to one another as an ASIC. In this way the components
I, O, 110, 120 may be integrated in a single chip/circuit
for installation in an electronic device. In other examples,
one or more or all of the components may be located
separately (for example, throughout a portable electronic
device such as devices 200, 300, or within a network
such as a "cloud" and/or may provide/support other func-
tionality).
[0033] One or more examples of the apparatus 100
can be used as a component for another apparatus as
in Figure 2, which shows a variation of apparatus 100
incorporating the functionality of apparatus 100 over sep-
arate components. In other examples the device 200 may
comprise apparatus 100 as a module (shown by the op-
tional dashed line box) for a mobile phone or PDA or
audio/video player or the like. Such a module, apparatus
or device may just comprise a suitably configured mem-
ory and processor.
[0034] The example apparatus/device 200 comprises
a display 240 such as, a Liquid Crystal Display (LCD), e-
Ink, or touch-screen user interface (like a tablet PC). The
device 200 is configured such that it may receive, include,
and/or otherwise access data. For example, device 200
comprises a communications unit 250 (such as a receiv-
er, transmitter, and/or transceiver), in communication
with an antenna 260 for connection to a wireless network
and/or a port (not shown). Device 200 comprises a mem-
ory 220 for storing data, which may be received via an-
tenna 260 or user interface 230. The processor 210 may
receive data from the user interface 230, from the mem-
ory 220, or from the communication unit 250. Data may
be output to a user of device 200 via the display device
240, and/or any other output devices provided with ap-
paratus. The processor 210 may also store the data for
later user in the memory 220. The device contains com-
ponents connected via communications bus 280.
[0035] The communications unit 250 can be, for exam-
ple, a receiver, transmitter, and/or transceiver, that is in
communication with an antenna 260 for connecting to a
wireless network and/or a port (not shown) for accepting
a physical connection to a network, such that data may
be received via one or more types of network. The com-
munications (or data) bus 280 may provide active cou-
pling between the processor 210 and the memory (or

storage medium) 220 to allow the processor 210 to ac-
cess the computer program code stored on the memory
220.
[0036] The memory 220 comprises computer program
code in the same way as the memory 120 of apparatus
100, but may also comprise other data. The processor
210 may receive data from the user interface 230, from
the memory 220, or from the communication unit 250.
Regardless of the origin of the data, these data may be
outputted to a user of device 200 via the display device
240, and/or any other output devices provided with ap-
paratus. The processor 210 may also store the data for
later user in the memory 220.
[0037] Device/apparatus 300 shown in figure 3 may be
an electronic device (including a tablet personal compu-
ter), a portable electronic device, a portable telecommu-
nications device, or a module for such a device. The ap-
paratus 100 can be provided as a module for device 300,
or even as a processor/memory for the device 300 or a
processor/memory for a module for such a device 300.
The device 300 comprises a processor 385 and a storage
medium 390, which are electrically connected by a data
bus 380. This data bus 380 can provide an active coupling
between the processor 385 and the storage medium 390
to allow the processor 380 to access the computer pro-
gram code.
[0038] The apparatus 100 in figure 3 is electrically con-
nected to an input/output interface 370 that receives the
output from the apparatus 100 and transmits this to the
device 300 via data bus 380. Interface 370 can be con-
nected via the data bus 380 to a display 375 (touch-sen-
sitive or otherwise) that provides information from the
apparatus 100 to a user. Display 375 can be part of the
device 300 or can be separate. The device 300 also com-
prises a processor 385 that is configured for general con-
trol of the apparatus 100 as well as the device 300 by
providing signalling to, and receiving signalling from, oth-
er device components to manage their operation.
[0039] The storage medium 390 is configured to store
computer code configured to perform, control or enable
the operation of the apparatus 100. The storage medium
390 may be configured to store settings for the other de-
vice components. The processor 385 may access the
storage medium 390 to retrieve the component settings
in order to manage the operation of the other device com-
ponents. The storage medium 390 may be a temporary
storage medium such as a volatile random access mem-
ory. The storage medium 390 may also be a permanent
storage medium such as a hard disk drive, a flash mem-
ory, or a non-volatile random access memory. The stor-
age medium 390 could be composed of different combi-
nations of the same or different memory types.
[0040] Examples described herein relate to a machine-
learning model which is pre-trained using previously-ob-
tained data, to compare a final result from the previously
obtained data (i.e. a complete reconstructed image from
several full power scans, or a ground truth diagnosis)
with a reconstructed scan obtained from previously ob-

7 8 



EP 3 338 636 A1

6

5

10

15

20

25

30

35

40

45

50

55

tained scans of the same type as scans to be taken, such
as a series of low power scans. In some examples, the
scans to be taken may be recorded using the same par-
ticular imaging parameters, such as same angular pro-
jection, power, and exposure time, as the previously-ob-
tained data. A machine learning model can determine a
function f such that Y=f(X). In machine-learning, the term
"ground truth" refers to data samples, containing well
known and correct pairs of X and Y, which are used to
train a model and to validate the generalization perform-
ance of such a model.
[0041] An example of a "low dose" of radiation from a
low power scan is between approximately 1 - 3 mSv (but
this may vary depending on the target being imaged)
compared with above approximately 3 mSv for a stand-
ard dose. Low dose X-ray scanning may use multiple low
dose scans of the same subject, and an image may be
reconstructed from the multiple low-dose scans. The mul-
tiple scans may be recorded from the same position (thus
recording a plurality of repeat scans), or may be taken
from different positions with respect to the subject, such
as at different angular projections (for example by rotat-
ing the subject, or the imaging apparatus, between
scans).
[0042] The machine-learning model therefore "learns"
(is provided with data which indicates) how a low-power
scan from a series of low-power scans compares with a
full "ideal" output (a full 3D reconstructed image or a com-
plete diagnosis, for example). From this knowledge, the
machine-learning model can make a prediction whether
a subsequent low-power scan is likely to provide enough
information (along with any other low-power scans taken
in the scanning session) to allow a good enough recon-
struction or diagnosis to be eventually obtained.
[0043] Examples described herein include an appara-
tus configured to generate an output quality error esti-
mate by using a machine-learning error estimation model
to compare an output meeting a predetermined quality
threshold with an output image reconstructed from a plu-
rality of images, and provide the output quality error es-
timate for use in estimating if a second subsequent image
is required, in addition to a first subsequent image to ob-
tain a cumulative output having an output quality error
meeting a predetermined error threshold. Such an appa-
ratus may be considered to be used in a "training" stage,
of training the machine-learning error estimation model
for subsequent use.
[0044] The machine-learning error estimation model is
provided with already-captured images/information of
two types. A first type of information represents an "ideal"
or best case, and may be called an output meeting a
predetermined quality threshold (that is, the output is of
a high enough quality that it may be used as required,
for example to obtain a diagnosis from, or it is of sufficient
resolution that particular features can be identified in the
image). Examples include a fully reconstructed image
obtained from a large number of standard power X-ray
scans, or a "ground truth" diagnosis. A second type of

information represents the type of data which is going to
be obtained in a subsequent imaging/scanning proce-
dure, and may be termed an output image reconstructed
from a plurality of images. Examples include an image
reconstructed from plurality of low power X-ray scans
(there may be fewer such low power X-ray scans than
standard power X-ray scans used to obtain the "ideal"
case), and a predicted diagnosis obtained from a plurality
of low power scans.
[0045] The second type of information may be record-
ed using the same particular imaging parameters which
are also used to capture information in subsequent scans
in some examples. The machine-learning error estima-
tion model can analyse the subsequently recorded
scans, in-between scans, to determine if those subse-
quent scans are sufficient to obtain a required recon-
structed output with the required quality, by determining
if those scans would have an output quality error meeting
a predetermined error threshold, which indicates a dif-
ference between the expected reconstructed output and
an ideal case. The apparatus may determine that a fur-
ther scan is required to reduce the output quality error
and try to meet the predetermined error threshold. The
apparatus may determine that even if a further scan is
obtained, the quality of the reconstructed output from the
subsequent scans will still not be of a high enough qual-
ity/still not meet the predetermined error threshold.
[0046] Examples described herein include an appara-
tus configured to, using a received output quality error
estimate, generated using a machine-learning error es-
timation model by comparing an output meeting a pre-
determined quality threshold with an output image recon-
structed from a plurality of images, estimate if a second
subsequent image is required, in addition to a first sub-
sequent image to obtain a cumulative output having an
output quality error meeting a predetermined error
threshold. Such an apparatus may be considered to be
used in a "scanning" or "inference" stage, of subsequent-
ly using the trained machine-learning error estimation
model during scanning a subject.
[0047] Examples described herein may allow for esti-
mation of the quality of the reconstructed image online
("on-the-fly") in a very fast manner, e.g. fast enough to
take place between successive scans. This is in contrast
to de-noising methods which run offline after all the scans
have been recorded. De-noising can also be referred to
a reconstructing. Deep learning and convolutional de-
noising algorithms (amongst other iterative reconstruc-
tion algorithms) for X-rays and CT scans can be used to
de-noise X-ray images. However, such algorithms are
used after all scans have been recorded, and not to de-
cide dynamically (between scans) whether the scanning
should continue or not. This is because these algorithms
can take a long time to run, much longer than can prac-
tically be spent between taking scans of the same sub-
ject. Reconstructing an output all scans have been taken
requires the scanning power, and thus the resulting dos-
age, to be predefined, because a determination of final
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reconstructed image quality cannot be obtained during
scanning. If the power is too low, this may result in poor
reconstruction quality, and thus the scanning process
needs to start again afresh with a higher power (which
may not always be possible depending on determined
safe expose levels).
[0048] The fast runtime of examples disclosed herein
is achieved by training the machine-learning model of-
fline using a large number of sample images, before com-
mencing scanning the present subject. Thus this overall
method may allow for much lower radiation doses to be
required than a maximum determined safe dose, due to
the dynamic assessment, between successive scans, of
the estimated quality of the final reconstruction.
[0049] As an example, a safe number of scans taken
may be determined to be 50 before exceeding the rec-
ommended radiation exposure due to scanning, but it
may be that a good enough image may be reconstructed
from only 10 such scans. In this example the subsequent
40 scans would not be required, and by not recording the
extra 40 scans, the exposure of the subject to radiation
is reduced compared with recording all 50 scans.
[0050] The amount of radiation dose per scan and the
speed of successive scans are parameters that can be
estimated separately either offline (prior to taking scans)
or online (during and/or between taking scans). These
parameters depend, for example, on the maximum dose,
minimum quality, and the speed of the process of deter-
mining the output quality error. In some examples the
process of determining the output quality error and de-
termining whether or not this meets the predetermined
error threshold (which may be performed by a "recon-
struction quality estimation algorithm", which estimates
the quality of a reconstruction which would be obtained
from the subsequent scans.
[0051] There may be a decision point e.g. after each
scan, or less often (e.g. after each group of 3, 5 or 10
scans), at which it is decided whether another scan or
set of scans should be recorded. Thus, the apparatus
may be configured to estimate if a second subsequent
image is required following a single first subsequent im-
age (e.g. after each subsequent scan), and/or a plurality
of first subsequent images (e.g. after a group of two or
more subsequent scans). For example, the apparatus
may make the estimation as a function of how different
the output quality error of the cumulative output is com-
pared with the output quality error estimate determined
by the machine learning model during training. For ex-
ample, a larger difference in error may cause the appa-
ratus to make the estimation after a group of a further
five subsequent scans are recorded, whereas a small
different in error may cause the apparatus to make the
estimation after each subsequent scan. Other examples
are possible.
[0052] The end result of this on-the-fly determination
of the requirement for further scans may be that fewer
images overall are taken compared with a number of re-
quired scans determined offline, or that more lower-pow-

er images may be taken, thereby reducing the overall
dose administered compared with a dose determined of-
fline.
[0053] Obtaining an indication of whether further scans
are required or not (for radiation and non-radiation based
scanning) may help to minimise or reduce the time the
subject needs to remain stationary during scans. For ex-
ample a claustrophobic person, or child, may be able to
stay still in an MRI machine for five minutes but no longer.
If it can be determined, by determining if the overall final
reconstructed scan will be of good enough quality after
five minutes of scanning, then this avoids the subject
being required to stay still for the otherwise expected time
for a series of scans to be taken of e.g. 15 minutes.
[0054] Prior to taking scans from the subject (the "sub-
sequent" scans, since these scans are recorded subse-
quent to/following the scans used to train the machine
learning error estimation model), the machine-learning
model is trained to "learn" about the type of scans which
will be taken.
[0055] There are several ways of obtaining the data
required to train the machine learning model. The ma-
chine-learning model may be trained, for example, using
data (e.g. images, diagnoses) already taken from multi-
ple previous subjects. If the subject to be scanned is, for
example, a human abdomen, then multiple previous
scans of human abdomens may be used to train the ma-
chine-learning model. If the subject is suspected of hav-
ing a particular medical condition, then multiple previous
scans of subjects with the same particular medical con-
dition may be used to train the machine-learning model.
[0056] There also exists a large number of full power
scans available from previous imaging. The noise that
ultra-low-power scanning typically creates may be sim-
ulated in these scans, and the simulated ultra-low-power
scans, together with the corresponding full power scans,
may be used to train the machine learning error estima-
tion model, so the model can be used to estimate the
reconstructed scan quality from subsequently recorded
ultra-low-power scans. Large amounts of both ultra-low-
power and full power scans may be collected from phan-
toms (an object designed to be imaged which will respond
in a similar manner to how human tissues and organs
would act in that specific imaging modality), cadavers or
animals (dead or alive), and this data may be used to
train the machine learning model.
[0057] Once the data for training purposes has been
collected, two machine-learning models may be built.
Firstly, a quality assessment model, may be built, which
assesses the quality of the de-noising (that is, estimates
whether a reconstruction from the acquired scans will
meet the predetermined error threshold, indicating that
it is of sufficient quality). The quality assessment model
is such that at the inference phase (during the scanning
process) it can be run very quickly, so it is possible to
make a dynamic quality assessment of data collected
during the scanning process (in-between scans). The
quality assessment model may be called an error esti-
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mation model, or a machine learning error estimation
model, because it may be used to estimate an error be-
tween the expected reconstructed output from the scan
or scans recorded for a particular subject/scanning pro-
cedure, and an "ideal" reconstruction obtained from op-
timal data e.g. standard power data or a large number of
scans, which meets a predetermined quality threshold,
indicating it is good enough.
[0058] Secondly a reconstruction model is required,
which creates a de-noised reconstruction from multiple
recorded scans e.g. N consecutive scans of the same
subject. The final reconstruction model is only run after
all the scans have been taken, so it does not need to be
as fast as the quality assessment model. Any suitable
reconstruction method can be used. Any machine-learn-
ing (e.g. a denoising 2D or 3D convolutional neural net-
work (CNN)) or inverse modelling method may be used
to build these models (e.g. analytical, iterative or hybrid
CT reconstruction methods).
[0059] It may also be possible to build a combined mod-
el. Some approximate reconstruction methods and may
be fast enough to be run between scans. Such approxi-
mate reconstruction methods may require additional sup-
port/information to estimate the quality of a reconstruc-
tion. Therefore a combined method that uses a known
approximate reconstruction method and also uses the
machine learning quality estimation described herein
may be used.
[0060] Many reconstruction methods exist (e.g. ana-
lytical, heuristic and machine-learning based). These can
be used in examples disclosed herein as part of the qual-
ity assessment model, or as part of the final reconstruc-
tion model.
[0061] The machine-learning error estimation model
has been trained, as described above, to obtain an output
quality error estimate. This allows the machine-learning
error estimation model to be able to correlate a scan re-
corded following/subsequent to the machine-learning
model training with an output quality error which a recon-
struction obtained using that scan would have. The sub-
sequent scans in some examples may be recorded using
the same particular imaging parameters as a correspond-
ing scan used for training the machine-learning model,
so that the machine-learning model can use the data is
has been trained with regarding a scan of that type and
"look up"/indicate an output quality error determined for
that type of scan. The output quality error indicates how
different the reconstruction would be using the subse-
quently recorded scan (and combination of that scan with
any other subsequently recorded scans for the subject
in the same imaging session, for example in a series of
scans recorded at different angular projections) from an
"ideal" case.
[0062] The scanning system may take successive mul-
tiple low-power CT scans or X-ray images. During scan-
ning, the pre-trained machine-learning model can be
used to decide whether to continue the scanning process
by recording further subsequent scans, or terminate it.

This decision flow is shown in Figure 4.
[0063] Figure 4 shows an example process flow for
using apparatus as described herein for scanning a sub-
ject. The scans may be, for example, X-ray images, Com-
puter Tomography scan images, or Magnetic Resonance
Imaging images. One or more of the steps in Figure 4
may be performed using an apparatus comprising at least
one processor; and at least one memory including com-
puter program code.
[0064] In this example the machine-learning model has
already been trained. The scanning process starts 404
by defining the maximum dose and the minimum recon-
struction quality allowed. These values may be based on
a database of known successful scans and current med-
ical guidelines and legislation of allowed radiation dos-
age, for example. Also, for some medical conditions, the
required reconstruction quality may be lower, so a small-
er radiation dose will be enough. The minimum recon-
struction quality may reflect the output quality error al-
lowable between a reconstruction of the scans to be ob-
tained and an ideal case (e.g. a reconstruction meeting
a predetermined quality threshold).
[0065] The next step 406 is to take a low power scan
(this can be e.g. one scan in a CT scan round or an ultra-
low power 2D X-ray image, for example). The scan is
then stored 408 to memory. All the scans taken so far in
this imaging session are available 410 for later recon-
struction 420. If the maximum dose is reached 412 fol-
lowing the latest scan 406, then the scanning process
stops here. Then the final reconstruction takes place 418
using the scans taken 410, and a final reconstructed im-
age 420 is obtained.
[0066] If the maximum dose is not yet met 412, then a
pre-trained de-noising quality estimation model (a ma-
chine-learning error estimation model) is run on the scans
taken so far 414. This model may be a machine-learning
process, such as a deep neural network (convolutional
neural network (CNN), recurrent neural network (RNN),
fully connected (FC) neural network, or a combination
thereof. The output from the quality estimation model,
obtained during the scanning process (i.e. between
scans) is an output quality error estimate which provides
an estimate of the quality of the de-noising (that is, an
estimate of the quality that a reconstructed output ob-
tained from the scans taken so far would have). The qual-
ity estimate can be trained to be specific to the type of
the scan or can be a generic de-noising quality estimate.
[0067] Steps 414 and 416 together may be considered
to use a received output quality error estimate (a measure
of the estimated de-noising or reconstruction quality),
generated using a machine-learning error estimation
model by comparing an output meeting a predetermined
quality threshold with an output image reconstructed from
a plurality of images. The generation of the output quality
error estimate is discussed in more detail in relation to
Figures 5-8. The received output quality error estimate
from the machine-learning model is used to estimate if a
second subsequent image is required 406, in addition to
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a first subsequent image 410 to obtain a cumulative out-
put (e.g. reconstructed image) having an output quality
error meeting a predetermined error threshold. That is,
the machine-learning model is trained using known out-
puts/output images. Subsequent image scans may then
be taken and a determination made in-between each
subsequent scan (or each group of two or more subse-
quent scans) whether to continue capturing image scans
or whether to stop capturing image scans (e.g. because
the expected reconstruction from the acquired subse-
quent scans is of sufficient quality).
[0068] Following the estimation of reconstruction qual-
ity, if the de-noising confidence is good enough 416 (that
is, the cumulative output from the subsequent scans is
estimated by the machine learning model to have an out-
put quality error meeting a predetermined error thresh-
old), then the final reconstruction takes place 418 to ob-
tain a final reconstructed image 420, and no further scans
are taken. If the de-noising confidence is not good
enough 416, then a further scan may be taken 406 pro-
vided the maximum dose has not been reached.
[0069] Once the de-noised reconstruction quality has
been estimated 414, either it is decided to stop the scan-
ning process, or continue it. In other words, the apparatus
may, if the output quality error of the cumulative output
meets or is below the predetermined error threshold (that
is, the reconstructed output is expected to have high
enough quality), provide an indication to stop recording
images. If the output quality error exceeds the predeter-
mined error threshold (that is, the reconstructed output
is not expected to have high enough quality), the appa-
ratus may provide an indication to record the second sub-
sequent image and obtain an updated output quality error
for the cumulative output including the second subse-
quent image.
[0070] The apparatus may be configured to estimate,
in a time which is low enough to allow for the estimating
to take place between successive subsequent images,
if the second subsequent image is required. Because the
apparatus considers an error in quality rather than a qual-
ity per se, the determination of whether a further scan is
required or not can be performed quickly enough to take
place between separate subsequent scans of a subject.
The time to determine if a second subsequent image is
required may be, for example, less than 1 second, less
than 0.5 seconds, less than 0.2 seconds, and/or less than
0.1 seconds. It may be the time is short enough to allow
for the estimation to take place between recording imag-
es of a human or animal subject (thus in a short enough
time that the subject can remain stationary throughout
recording all the subsequent scans).
[0071] Once the scanning process has been stopped,
a more detailed final de-noised reconstruction may be
created 418 from all of the collected scans 410. This final
reconstruction 420 can be analytical, heuristic, or ma-
chine-learning based. Analytical reconstruction methods
may be based on filtered backprojection (FBP), which is
based on a one dimensional filter being performed on

the projection data before backprojecting the data onto
the image space. Heuristic methods may include iterative
reconstruction methods (IR), which optimize an objective
function iteratively. The objective function may contain a
data fidelity term and an edge-preserving term for regu-
larization. Some examples of IR methods may be slower
to run than FBP methods. Machine learning methods in-
clude e.g. the aforementioned convolutional neural net-
work (CNN) denoising method.
[0072] In other words, the apparatus may be config-
ured to obtain a plurality of subsequent images including
the first and second subsequent images; and after esti-
mating that no further subsequent images are required
to obtain a cumulative output having an output quality
error meeting a predetermined error threshold, obtain the
cumulative output by reconstructing an output image
from the plurality of subsequent scans. In some exam-
ples, the apparatus may obtain the cumulative output by
reconstructing an output diagnosis (estimate the final di-
agnosis) from the plurality of subsequent scans, and/or
obtain the cumulative output by reconstructing an output
segmentation (estimate the final segmentation) from the
plurality of subsequent scans to indicate material types
in the imaged subject. In some examples, the apparatus
may obtain the cumulative output by reconstructing an
output diagnosis (estimate the final diagnosis) and/or ob-
tain the cumulative output by reconstructing an output
segmentation (estimate the final segmentation) using a
different method to the one that is used during the scan-
ning process. In other words, a diagnosis and/or seg-
mentation may be output in addition to an image. 2D, 3D,
and/or 4D (3D plus the time dimension) outputs may be
obtained using examples described herein.
[0073] The "reconstruction" may in some examples be
a reconstructed image obtained from separate scan im-
ages, so that an estimated image error between an ex-
pected reconstructed image from the current data and
an image reconstructed from previously obtained image
data is obtained between scans, and a complete recon-
structed image is not obtained between scans (but may
be determined after scanning has finished). The recon-
struction may in some examples be a diagnosis, so that
an estimated error between an expected diagnosis from
the current data and a diagnosis from previously obtained
data is obtained between scans, and a complete diag-
nosis is not obtained between scans (but may be deter-
mined after scanning has finished). The reconstruction
may in some examples be a segmentation (determination
of material type regions, e.g. compact bone, spongy bone
and bone marrow), so that an estimated error between
an expected material type from the current data and a
material type from previously obtained data is obtained
between scans, and final determination of material type
is not obtained between scans (but may be determined
after scanning has finished).
[0074] In some examples, it may not be possible to
obtain a high enough quality reconstructed output regard-
less of how many scans are taken (for example, if there

15 16 



EP 3 338 636 A1

10

5

10

15

20

25

30

35

40

45

50

55

is an error in the scanning equipment, or if the goal of
the scanning is to identify a particular object such as a
tumour or mass, which is too small to be identified in an
image or segmentation). The apparatus may be config-
ured to estimate that a cumulative output having an out-
put quality error meeting a predetermined error threshold
cannot be obtained by recording a second and further
subsequent images; and provide an indication to stop
recording images. The effect of this may be to reduce
exposure of the subject to radiation, or at least reduce
the extent to which the subject is unnecessarily imaged.
[0075] In some examples, the apparatus may com-
prise one or more of: a central processing unit, a field-
programmable gate-array and an application-specific in-
tegrated circuit. By implementing the apparatus, at least
partially, in a dedicated hardware circuit, the estimation
may be performed more quickly than, for example, a soft-
ware implementation on a general purpose computer/
CPU. In some examples, a hardware accelerated (FPGA,
ASIC) implementation of the quality estimation algorithm
may be used to minimize the latency between the imag-
es/scan capture and the decision whether to stop or con-
tinue scanning.
[0076] Figure 5 illustrates an example training process
to train the machine-learning model prior to recording
scans of the subject of interest. The machine learning
model may be termed a "quality assessment model", "er-
ror estimation model" or "machine learning error estima-
tion model" as discussed above. In this example in Figure
5 a single stochastic gradient descent step of the training
is shown in the machine learning process. The training
can stop when the quality assessment model has
reached a good enough level using validation data (e.g.
known/previously obtained data/scans), or when a cer-
tain predefined amount of training steps/iterations have
been taken. This is one example of a possible training
process, and other training processes may be used.
[0077] In this example, a single gradient descent step
of the training process uses M low power scans of the
same subject 554. M may be chosen so that the total
dosage corresponds to a typical full power scan. Then
the training process selects a random subset N (where
N<M) of the low power scans 558 and updates a model
560 between the subset of the low power scans 558 and
the expected reconstruction 556 (which may be obtained
from full-power scan taken from the same subject). The
model is updated 560 by creating a de-noised reconstruc-
tion from the subset of N scans. In addition, the quality
assessment model may be updated using the difference
between the estimated reconstruction from the M low
power scans, and the target full-power scan, so that the
model learns to estimate the expected quality of the re-
construction given the current scans. A sequential train-
ing of the machine-learning system is possible, for in-
stance for a deep neural network, where any variant of
stochastic gradient descent can be used.
[0078] In some examples, the machine learning model
may continue being trained using a subsequently ac-

quired scan or scans in conjunction with the data already
used to trained the model. For example, in transfer learn-
ing, a pre-trained model can be re-trained with new data
to improve performance or to perform a new task. In multi-
task learning, multiple criteria (such as denoising and
diagnosis) may be used simultaneously during training.
Transfer learning and/or multi-task learning may be used
to improve the training and/or the accuracy of the result-
ing model.
[0079] The trained quality assessment models can be
generic (that is, trained using a body of data from various
subjects, different scan parameters, varying doses, etc.)
or can be task specific (that is, trained using a body of
known data which corresponds to a subject having e.g.
the same expected medical condition, or imaging the
same body part, etc. as the subject to be imaged). The
model may be generic or specific depending on the train-
ing data used in the training process. For the generic
case, the machine learning system may estimate some
quantity which can be obtained from the low power scans
and compared to the full-power scans, such as mean
squared error. In such examples, the output quality error
estimate may be estimated using a machine-learning er-
ror estimation model to compare an output meeting a
predetermined quality threshold with an output image re-
constructed from a plurality of images, and the output
quality error estimate may be provided for use in estimat-
ing if a second subsequent image is required, in addition
to a first subsequent image, wherein each subsequent
image need not necessarily be recorded using the same
imaging parameters as the plurality of images used to
reconstruct the output image used in obtaining the output
quality error estimate, to obtain a cumulative output hav-
ing an output quality error meeting a predetermined error
threshold.
[0080] In task-specific examples, the output quality er-
ror estimate may be estimated using a machine-learning
error estimation model to compare an output meeting a
predetermined quality threshold with an output image re-
constructed from a plurality of images recorded using
particular (i.e. task-specific) imaging parameters, and the
output quality error estimate may be provided for use in
estimating if a second subsequent image is required, in
addition to a first subsequent image, each subsequent
image recorded using the same particular imaging pa-
rameters, to obtain a cumulative output having an output
quality error meeting a predetermined error threshold.
[0081] The scans of the subject may also be aligned
and unified as part of the scanning process. For instance,
in deep learning, higher layers may be invariant to small
changes in the input space, and that invariance may be
used to create an invariant de-noising system. That is,
for alignment, there may be many possible method which
can be used, but a deep learning system can be able to
learn to do the alignment itself.
[0082] In some examples, an additional model may be
built and used which dynamically estimates the optimal
amount of power required to obtain a good enough re-
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constructed output, based on previous scans in the cur-
rent scanning process and the required quality and total
power parameters.
[0083] Figure 6 illustrates an example training process
to train the machine-learning model prior to recording
scans of the subject of interest. Figure 6 relates to ob-
taining a reconstructed image of a subject. In Figure 6,
a series of N standard dose scans at different 2D angular
projections 602 are used to reconstruct a 3D reconstruc-
tion of the imaged subject 608. The 3D reconstruction
608 may be considered to be an output meeting a pre-
determined quality threshold. Also, a series of M<N ultra-
low dose scans at different 2D angular projections 604
are used to reconstruct a 3D reconstruction of the same
imaged subject 610. An ultra-low dose may be below
approximately 1 mSv, but this may vary depending on
the target being imaged. The set of M ultra-low power
scans may in some examples be a subset of the N stand-
ard power scans which are artificially altered to model an
ultra-low dose image, or may be repeat scans taken at
an ultra-low dose rather than at a standard dose, thus
the same angular projection is used in both sets of data
602, 604. In some examples it need not be the case that
the ultra-low dose scans 604 are taken at the same an-
gular projection as a corresponding standard dose scan
602.
[0084] By comparing the 3D reconstruction from the
standard dose scans 608 and the 3D reconstruction from
the ultra-low dose scans 610, a reconstruction error 612
may be obtained. This reconstruction error indicates the
difference in quality between a reconstruction obtained
using standard I (high quality) dose scans and ultra-low
(low quality) dose scans. The model only needs to learn
to the estimate of the reconstruction error. The actual
reconstruction, which can take a long time (too long to
practically be performed in between taking scans of the
subject) is done after the scans have all been taken.
[0085] The machine learning error estimation model
606 is provided with the ultra-low dose data 604 as X,
and is provided with the corresponding reconstruction
error 612 Y for that set of ultra-low dose data. Therefore
the machine learning model can determine a function f
such that Y=f(X), which links the reconstruction error Y
612 to the ultra-low dose data X 604. In other words, the
machine learning model is trained that, for a particular
ultra-low quality scan 604 X or series of such scans, the
expected difference/error 612 between a 3D reconstruc-
tion 610 obtained using that ultra-low dose data 604, and
an "ideal case" 608, is known. Thus, once trained, the
machine learning model can be used to assess a subse-
quent ultra-low dose scan, and estimate what the error
would be between a 3D reconstruction obtained using
that subsequent scan or scans, and an ideal case. It can
then indicate whether the latest subsequent scan is
enough to obtain a sufficient quality output, and thus
scanning may be stopped, or whether a further subse-
quent scan is required to improve/reduce the error to help
meet a predetermined error threshold.

[0086] In this example, the output quality error estimate
612 is a reconstruction error indicating a difference be-
tween an image 608 reconstructed from a plurality of
standard power classed images 602, the image meeting
the predetermined quality threshold; and an image 610
reconstructed from a plurality of low power classed im-
ages 604. In this example, the predetermined error
threshold to be met by the combined subsequent scans
is an acceptable image noise threshold, and the output
quality error of the cumulative output indicates that image
noise of the cumulative output image would meet or be
below the predetermined acceptable image noise thresh-
old.
[0087] In some examples, the first subsequent image
may be taken at a particular angular projection with re-
spect to the subject, and the second subsequent image
may be taken at a different particular angular projection
with respect to the subject than the first subsequent im-
age. For example, certain CT scans require different an-
gular projections to be recorded to build up a 3D image
of a subject. In other example, the first and second sub-
sequent images may be taken at the same particular an-
gular projection with respect to the subject. For example,
if a 2D image is to be obtained, several low-dose X-ray
shots may be taken at the same angular projection/from
the same position, for later combination to produce a cu-
mulative/combined image.
[0088] Figure 7 illustrates another example training
process to train the machine-learning model prior to re-
cording scans of the subject of interest. Figure 7 relates
to obtaining data from which a diagnosis of a subject may
be obtained. In Figure 7, a series of scans at different 2D
angular projections 704 are used to reconstruct a 3D re-
construction of the same imaged subject 710, and from
that 3D reconstruction, a diagnosis may be predicted
714.
[0089] The diagnosis 714 predicted from the scan data
704 is compared with a "ground truth" diagnosis 716, and
the difference may be termed the diagnosis error 712,
which is an output quality error estimate.
[0090] Similarly to the machine learning error estima-
tion model of Figure 6, the machine learning error esti-
mation model 706 is provided with the scan data 704 as
X, and is provided with the corresponding diagnosis error
712 Y for that set of data. Therefore the machine learning
model can determine a function f such that Y=f(X), which
links the diagnosis error Y 712 to the scan data X 704.
In other words, the machine learning model is trained
that, for a particular scan or set of scans 704 X, the ex-
pected difference/error 712 in confidence between a di-
agnosis 710 obtained using the scan data 704, and the
"ground truth" diagnosis 716, is known. Thus, once
trained, the machine learning model can be used to as-
sess a subsequent scan, and estimate what the error in
diagnosis would be between a 3D reconstruction ob-
tained using that subsequent scan or scans, and an ideal
case. It can then indicate whether the latest subsequent
scan is enough to obtain a sufficient quality diagnosis
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output, and thus scanning may be stopped, or whether
a further subsequent scan is required to improve/reduce
the error to help meet a predetermined error threshold.
[0091] In this example, the output quality error estimate
712 is a diagnosis error indicating a difference between
a diagnosis meeting the predetermined quality threshold
716, and a diagnosis 714 determined from an image 710
reconstructed from a plurality of low power classed im-
ages 704. In this example, the predetermined error
threshold to be met by the combined subsequent scans
is a diagnosis confidence threshold, and the output qual-
ity error estimate of the cumulative output indicates a
confidence level that a diagnosis obtained from the cu-
mulative output exceeds the predetermined diagnosis
confidence threshold.
[0092] In another example (not illustrated), the output
quality error estimate may be a segmentation error indi-
cating a difference between an indication of material type
meeting the predetermined quality threshold obtained
from an image reconstructed from a plurality of standard
power classed images; and an indication of material type
determined from an image reconstructed from a plurality
of low power classed images. In such an example, the
predetermined error threshold to be met by the combined
subsequent scans is a segmentation confidence thresh-
old, and the output quality error of the cumulative output
indicates a confidence level that a segmentation obtained
from the cumulative output exceeds the predetermined
segmentation confidence threshold.
[0093] Figure 8 illustrates another example training
process to train the machine-learning model prior to re-
cording scans of the subject of interest. Figure 8 relates
to obtaining data from which a diagnosis of a subject may
be obtained. In Figure 8, a series of low dose scans at
different 2D angular projections 804 are used to recon-
struct a 3D reconstruction of the same imaged subject
810, and from that 3D reconstruction 810, a diagnosis
may be predicted 814.
[0094] The diagnosis 814 predicted from the low dose
scan data 804 is compared with both a "ground truth"
diagnosis 816 (as in Figure 7), and a predicted diagnosis
818 obtained from a 3D reconstruction 808 reconstructed
from a series of standard dose scans 802. The difference
between the diagnosis 814 obtained from the low dose
3D reconstruction 810 and the ground truth diagnosis
816 and diagnosis 818 obtained from the standard dose
3D reconstruction 808 may be termed the diagnosis error
812, which is an output quality error estimate.
[0095] Similarly to the machine learning error estima-
tion models of Figures 6 and 7, the machine learning
error estimation model 806 is provided with the low dose
scan data 804 as X, and is provided with the correspond-
ing diagnosis error 812 Y for that set of data. Therefore
the machine learning model can determine a function f
such that Y=f(X), which links the diagnosis error Y 812
to the low dose scan data X 804. In other words, the
machine learning model is trained that, for a particular
scan or set of low dose scans 804 X, the expected dif-

ference/error 812 in confidence between a diagnosis 810
obtained using the low dose scan data 804, and the
"ground truth" diagnosis 816 or diagnosis 818 obtained
from a 3D reconstruction 818 of standard dose scan data
802, is known. Thus, once trained, the machine learning
model can be used to assess a subsequent low dose
scan, and estimate what the error in diagnosis would be
between a 3D reconstruction obtained using that subse-
quent low dose scan or scans, and an ideal case.
[0096] Thus, from Figures 6-8, an apparatus may be
configured to generate an output quality error estimate
612, 712, 812 using a machine-learning error estimation
model 606, 706, 806 to compare an output 608, 716, 816,
818 meeting a predetermined quality threshold with an
output image 610, 710, 810 reconstructed from a plurality
of images 604, 704, 804 , and provide the output quality
error estimate 612, 712, 812 for use in estimating if a
second subsequent image is required, in addition to a
first subsequent image to obtain a cumulative output hav-
ing an output quality error meeting a predetermined error
threshold.
[0097] Examples disclosed herein may provide for a
reduction or minimisation in the harmful radiation dosage
received by the patient due to being scanned with X-rays,
while providing the required quality level of the recon-
struction. In some cases the scanning process may be
sped up using examples disclosed herein due to, for ex-
ample, identification that no further scans are required
which may not otherwise be known until all scans in a
planned series (e.g. up to a maximum radiation dosage)
have been taken.
[0098] In some examples, algorithms for aligning the
different scans may be utilized before the quality assess-
ment and reconstruction algorithms are used. In other
words, it may be possible to pre-process the data in var-
ious ways before feeding it in to the machine learning
models. For instance, when scanning an organ with mo-
tion, such as the lungs or heart, there may be existing
methods which can be used to align the images taken at
different times. Such alignment pre-processing may be
used in combination with quality assessment and recon-
struction algorithms, provided the alignment pre-
processing algorithms may be run quickly enough.
[0099] Figure 9 shows the main steps of a method 900
of training a machine learning error estimation model,
namely generating an output quality error estimate using
a machine-learning error estimation model to compare
an output meeting a predetermined quality threshold with
an output image reconstructed from a plurality of images
902, and providing the output quality error estimate for
use in estimating if a second subsequent image is re-
quired, in addition to a first subsequent image to obtain
a cumulative output having an output quality error meet-
ing a predetermined error threshold 904.
[0100] Figure 10 shows the method 1000 of using a
trained machine learning error estimation model, namely
using an output quality error estimate, generated using
a machine-learning error estimation model by comparing
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an output meeting a predetermined quality threshold with
an output image reconstructed from a plurality of images,
to estimate if a second subsequent image is required, in
addition to a first subsequent image to obtain a cumula-
tive output having an output quality error meeting a pre-
determined error threshold 1002.
[0101] Figure 11 illustrates schematically a compu-
ter/processor readable medium 1100 providing a com-
puter program according to one example. The computer
program may comprise computer code configured to per-
form, control or enable one or more of the methods of
Figures 9 and 10. In this example, the computer/proces-
sor readable medium 1000 is a disc such as a digital
versatile disc (DVD) or a compact disc (CD). In other
examples, the computer/processor readable medium
1000 may be any medium that has been programmed in
such a way as to carry out an inventive function. The
computer/processor readable medium 1000 may be a
removable memory device such as a memory stick or
memory card (SD, mini SD, micro SD or nano SD card).
[0102] The term "subject" is used to describe the item
being imaged, such as an object, chemical or biological
sample, or body (e.g. a human or animal body or body
part/portion, living or dead).
[0103] It will be appreciated to the skilled reader that
any mentioned apparatus/device and/or other features
of particular mentioned apparatus/device may be provid-
ed by apparatus arranged such that they become con-
figured to carry out the desired operations only when en-
abled, e.g. switched on, or the like. In such cases, they
may not necessarily have the appropriate software load-
ed into the active memory in the non-enabled (e.g.
switched off state) and only load the appropriate software
in the enabled (e.g. on state). The apparatus may com-
prise hardware circuitry and/or firmware. The apparatus
may comprise software loaded onto memory. Such soft-
ware/computer programs may be recorded on the same
memory/processor/functional units and/or on one or
more memories/processors/functional units.
[0104] In some examples, a particular mentioned ap-
paratus/device may be pre-programmed with the appro-
priate software to carry out desired operations, and
wherein the appropriate software can be enabled for use
by a user downloading a "key", for example, to unlock/en-
able the software and its associated functionality. Advan-
tages associated with such examples can include a re-
duced requirement to download data when further func-
tionality is required for a device, and this can be useful
in examples where a device is perceived to have suffi-
cient capacity to store such pre-programmed software
for functionality that may not be enabled by a user.
[0105] It will be appreciated that any mentioned appa-
ratus/circuitry/elements/processor may have other func-
tions in addition to the mentioned functions, and that
these functions may be performed by the same appara-
tus/circuitry/elements/processor. One or more disclosed
aspects may encompass the electronic distribution of as-
sociated computer programs and computer programs

(which may be source/transport encoded) recorded on
an appropriate carrier (e.g. memory, signal).
[0106] It will be appreciated that any "computer" de-
scribed herein can comprise a collection of one or more
individual processors/processing elements that may or
may not be located on the same circuit board, or the same
region/position of a circuit board or even the same device.
In some examples one or more of any mentioned proc-
essors may be distributed over a plurality of devices. The
same or different processor/processing elements may
perform one or more functions described herein.
[0107] It will be appreciated that the term "signalling"
may refer to one or more signals transmitted as a series
of transmitted and/or received signals. The series of sig-
nals may comprise one, two, three, four or even more
individual signal components or distinct signals to make
up said signalling. Some or all of these individual signals
may be transmitted/received simultaneously, in se-
quence, and/or such that they temporally overlap one
another.
[0108] With reference to any discussion of any men-
tioned computer and/or processor and memory (e.g. in-
cluding ROM, CD-ROM etc), these may comprise a com-
puter processor, Application Specific Integrated Circuit
(ASIC), field-programmable gate array (FPGA), and/or
other hardware components that have been pro-
grammed in such a way to carry out the inventive function.
[0109] The applicant hereby discloses in isolation each
individual feature described herein and any combination
of two or more such features, to the extent that such
features or combinations are capable of being carried
out based on the present specification as a whole, in the
light of the common general knowledge of a person
skilled in the art, irrespective of whether such features or
combinations of features solve any problems disclosed
herein, and without limitation to the scope of the claims.
The applicant indicates that the disclosed examples may
consist of any such individual feature or combination of
features. In view of the foregoing description it will be
evident to a person skilled in the art that various modifi-
cations may be made within the scope of the disclosure.
[0110] While there have been shown and described
and pointed out fundamental novel features as applied
to different examples thereof, it will be understood that
various omissions and substitutions and changes in the
form and details of the devices and methods described
may be made by those skilled in the art without departing
from the spirit of the invention. For example, it is expressly
intended that all combinations of those elements and/or
method steps which perform substantially the same func-
tion in substantially the same way to achieve the same
results are within the scope of the invention. Moreover,
it should be recognized that structures and/or elements
and/or method steps shown and/or described in connec-
tion with any disclosed form or example may be incorpo-
rated in any other disclosed or described or suggested
form or example as a general matter of design choice.
Furthermore, in the claims means-plus-function clauses
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are intended to cover the structures described herein as
performing the recited function and not only structural
equivalents, but also equivalent structures. Thus al-
though a nail and a screw may not be structural equiva-
lents in that a nail employs a cylindrical surface to secure
wooden parts together, whereas a screw employs a hel-
ical surface, in the environment of fastening wooden
parts, a nail and a screw may be equivalent structures.

Claims

1. An apparatus comprising:

at least one processor; and
at least one memory including computer pro-
gram code,
the at least one memory and the computer pro-
gram code configured to, with the at least one
processor, cause the apparatus to:

generate an output quality error estimate
using a machine-learning error estimation
model to compare an output meeting a pre-
determined quality threshold with an output
image reconstructed from a plurality of im-
ages, and
provide the output quality error estimate for
use in estimating if a second subsequent
image is required, in addition to a first sub-
sequent image to obtain a cumulative out-
put having an output quality error meeting
a predetermined error threshold.

2. An apparatus comprising:

at least one processor; and
at least one memory including computer pro-
gram code,
the at least one memory and the computer pro-
gram code configured to, with the at least one
processor, cause the apparatus to:

using a received output quality error esti-
mate, generated using a machine-learning
error estimation model by comparing an
output meeting a predetermined quality
threshold with an output image reconstruct-
ed from a plurality of images, to estimate if
a second subsequent image is required, in
addition to a first subsequent image to ob-
tain a cumulative output having an output
quality error meeting a predetermined error
threshold.

3. The apparatus of any preceding claim, wherein:

the output image used to generate the output

quality error estimate is reconstructed from a
plurality of images recorded using particular im-
aging parameters; and
the first and second subsequent images are re-
corded using the particular imaging parameters.

4. The apparatus of any preceding claim, wherein the
output quality error estimate is one or more of:

a reconstruction error indicating a difference be-
tween:

an image reconstructed from a plurality of
standard power classed images, the image
meeting the predetermined quality thresh-
old; and
an image reconstructed from a plurality of
low power classed images;

a diagnostic error indicating a difference be-
tween:

a diagnosis meeting the predetermined
quality threshold; and
a diagnosis determined from an image re-
constructed from a plurality of low power
classed images; and

a segmentation error indicating a difference be-
tween:

an indication of material type meeting the
predetermined quality threshold obtained
from an image reconstructed from a plurality
of standard power classed images; and
an indication of material type determined
from an image reconstructed from a plurality
of low power classed images.

5. The apparatus of any preceding claim, wherein the
predetermined error threshold is one of:

an acceptable image noise threshold, and the
output quality error of the cumulative output in-
dicates that image noise of the cumulative out-
put image meets or is below the predetermined
acceptable image noise threshold;
a diagnosis confidence threshold, and the out-
put quality error of the cumulative output indi-
cates a confidence level that a diagnosis ob-
tained from the cumulative output exceeds the
predetermined diagnosis confidence threshold;
and
a segmentation confidence threshold, and the
output quality error of the cumulative output in-
dicates a confidence level that a segmentation
obtained from the cumulative output exceeds
the predetermined segmentation confidence
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threshold.

6. The apparatus of any preceding claim, wherein the
apparatus is configured to:

if the output quality error of the cumulative output
meets or is below the predetermined error
threshold, provide an indication to stop record-
ing images; and
if the output quality error exceeds the predeter-
mined error threshold, provide an indication to
record the second subsequent image.

7. The apparatus of any preceding claim, wherein the
apparatus is further configured to, if the output quality
error of the cumulative output exceeds the predeter-
mined error threshold, obtain an updated output
quality error for the cumulative output including the
second subsequent image.

8. The apparatus of any preceding claim, wherein the
apparatus is configured to estimate, in a time which
is low enough to allow for the estimating to take place
between successive subsequent images, if the sec-
ond subsequent image is required.

9. The apparatus of any preceding claim, wherein the
apparatus is configured to:

obtain a plurality of subsequent images includ-
ing the first and second subsequent images; and
after estimating that no further subsequent im-
ages are required to obtain a cumulative output
having an output quality error meeting a prede-
termined error threshold,
obtain the cumulative output by reconstructing
an output image from the plurality of subsequent
scans.

10. The apparatus of any preceding claim, wherein the
apparatus is configured to:

estimate that a cumulative output having an out-
put quality error meeting a predetermined error
threshold cannot be obtained by recording a
second and further subsequent images; and
provide an indication to stop recording images.

11. The apparatus of any preceding claim, wherein the
first and second subsequent images are:

X-ray images, Computer Tomography scan im-
ages, Magnetic Resonance Imaging images,
functional Magnetic Resonance Imaging imag-
es, fusion imaging, positron emission tomogra-
phy images, single photon emission tomogra-
phy, Magnetoencephalography (MEG) images
or ultrasound images.

12. The apparatus of any preceding claim, wherein the
apparatus is configured to estimate if a second sub-
sequent image is required following one or more of:
a single first subsequent image, and a plurality of
first subsequent images.

13. A computer-implemented method comprising:

generating an output quality error estimate using
a machine-learning error estimation model to
compare an output meeting a predetermined
quality threshold with an output image recon-
structed from a plurality of images, and
providing the output quality error estimate for
use in estimating if a second subsequent image
is required, in addition to a first subsequent im-
age to obtain a cumulative output having an out-
put quality error meeting a predetermined error
threshold.

14. A computer-implemented method comprising:

using an output quality error estimate, generat-
ed using a machine-learning error estimation
model by comparing an output meeting a pre-
determined quality threshold with an output im-
age reconstructed from a plurality of images, to
estimate if a second subsequent image is re-
quired, in addition to a first subsequent image
to obtain a cumulative output having an output
quality error meeting a predetermined error
threshold.

15. A computer program comprising computer code con-
figured to perform the method of one or more of
claims 13 and 14.
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