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1
IMAGE DEMOSAICING

BACKGROUND

Image demosaicing is an image processing stage used for
images captured by existing digital color cameras which use
imaging sensors with color filter arrays. In these types of
cameras (generally speaking most of the currently available
digital color cameras) the semiconductor imaging sensor is a
greyscale sensor that is not capable of detecting different
colors. To enable color images to be captured, a color filter
array is placed over the semiconductor imaging sensor. The
color filter array is a grid of color filters arranged in a tessel-
lating pattern so that each sensor element (sensel) of the
imaging sensor receives light in a color range according to the
filter array cell color positioned over the sensel. In this way a
mosaic image is captured where image elements have single
intensity values for one of three or more color channels (red,
green and blue for example). Demosaicing is a process
whereby intensity values for the other two channels are cal-
culated for each of the image elements.

Many different existing image demosaicing processes
exist. These may be tailored for example, according to
whether the output color images are destined for a particular
type of display screen or printing device.

Existing image demosaicing processes are limited in terms
of'accuracy and quality of results they produce. Artifacts are
often introduced by existing image demosaicing processes.
There is also a desire to achieve image demosaicing with
minimal computing and memory resources and in short time
scales. For example, many color cameras are implemented in
resource constrained devices such as smart phones, where
limited processing and memory resources are under high
demand.

The embodiments described below are not limited to
implementations which solve any or all of the disadvantages
of known image demosaicing equipment.

SUMMARY

The following presents a simplified summary of the dis-
closure in order to provide a basic understanding to the reader.
This summary is not an extensive overview of the disclosure
and it does not identify key/critical elements or delineate the
scope of the specification. Its sole purpose is to present a
selection of concepts disclosed herein in a simplified form as
a prelude to the more detailed description that is presented
later.

Image demosaicing is described, for example, to enable
raw image sensor data, where image elements have intensity
values in only one of three color channels, to be converted into
a demosaiced image where image elements have intensity
values in three color channels. In various embodiments a
trained machine learning component is used to carry out
demosaicing optionally in combination with denoising. In
some examples the trained machine learning system com-
prises a cascade of trained regression tree fields. In some
examples the machine learning component has been trained
using pairs of mosaiced and demosaiced images where the
demosaiced images have been obtained by downscaling natu-
ral color digital images. For example, the mosaiced images
are obtained from the demosaiced images by subsampling
according to one of a variety of color filter array patterns.

Many of the attendant features will be more readily appre-
ciated as the same becomes better understood by reference to
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2

the following detailed description considered in connection
with the accompanying drawings.

DESCRIPTION OF THE DRAWINGS

The present description will be better understood from the
following detailed description read in light of the accompa-
nying drawings, wherein:

FIG. 1 is a schematic diagram of part of a digital color
camera with a demosaicing component;

FIG. 2 is a flow diagram of an image processing pipeline to
produce a color image;

FIG. 3 is a flow diagram of another image processing
pipeline to produce a color image;

FIG. 4 is a schematic diagram of a training engine for
training a demosaicing component;

FIG. 5 is a schematic diagram of a cascade of regression
tree fields arranged to form a demosaicing component;

FIG. 6 is a schematic diagram of a system for creating and
partitioning training data for training demosaicing compo-
nents;

FIG. 7 is a schematic diagram of part of the method of FIG.
6 in more detail;

FIG. 8 is an example of a color filter array pattern;

FIG. 9 is a schematic diagram of a color camera;

FIG. 10 illustrates an exemplary computing-based device
in which embodiments of image demosaicing may be imple-
mented.

Like reference numerals are used to designate like parts in the
accompanying drawings.

DETAILED DESCRIPTION

The detailed description provided below in connection
with the appended drawings is intended as a description of the
present examples and is not intended to represent the only
forms in which the present example may be constructed or
utilized. The description sets forth the functions of the
example and the sequence of steps for constructing and oper-
ating the example. However, the same or equivalent functions
and sequences may be accomplished by different examples.

Although the present examples are described and illus-
trated herein as being implemented in an image demosaicing
system for still digital images, the system described is pro-
vided as an example and not a limitation. As those skilled in
the art will appreciate, the present examples are suitable for
application in a variety of different types of color imaging
systems including those where streams of color images are
captured, such as color video cameras.

FIG. 1 is a schematic diagram of part of a digital color
camera 104 with a demosaicing component 112. Only some
of'the components of the camera 104 are illustrated for clarity.
The camera has camera optics 102 comprising one or more
lenses or other optics for focusing light from a scene 100 onto
an image sensor such as a grid of semiconductor sensels 106.
A color filter array 108 is positioned in front of the grid of
sensels such that each sensel (sensor element) produces a
signal in one of three primary color channels (red, green and
blue for example). The signals are digitized to give mosaiced
image 110.

The mosaiced image 110 may be input to a demosaicing
component 112 which calculates missing color channel val-
ues so that image elements of an output demosaiced image
have separate intensity values for three primary color chan-
nels. The demosaicing component may be computer imple-
mented using software and/or hardware. In some examples
the demosaicing component is implemented, in whole or in



US 9,344,690 B2

3

part, using one or more hardware logic components. For
example, and without limitation, illustrative types of hard-
ware logic components that can be used include Field-pro-
grammable Gate Arrays (FPGAs), Program-specific Inte-
grated Circuits (ASICs), Program-specific Standard Products
(ASSPs), System-on-a-chip systems (SOCs), Complex Pro-
grammable Logic Devices (CPLDs), graphics processing
units (GPUs) or other.

In the example of FIG. 1 the demosaicing component 112
is shown as part of the camera 104. However, this is not
essential. The demosaicing component may be at a personal
computer 118 or other computing device. For example, the
mosaiced image may be output as a RAW image 111 for
example, in a RAW file. The RAW file may be input to a
personal computer 118 or other computing device which has
a demosaicing component 120 the same as the demosaicing
component 112. The RAW IMAGE 111 may be transferred to
the personal computer or other computing device in any suit-
able manner, such as over a communications network.

FIG. 2 is a flow diagram of an image processing pipeline to
produce a color image. This image processing pipeline may
be computer implemented using software and/or hardware.
For example, the pipeline is implemented, in whole or in part,
at a digital color camera such as camera 104 of FIG. 1. This
pipeline illustrates how a demosaicing process may beused as
part of a process of calculating a color image 212 for render-
ing and/or printing. The pipeline illustrates how various
examples described herein use demosaicing in a linear light-
space of such a pipeline as opposed to a color image space
(e.g. sSRGB space) as in previous systems. By carrying out
demosaicing in the linear light-space improved quality results
are obtained. The term “linear light-space” is used to refer to
a stage of a color image processing pipeline at which a digital
mosaiced image has been linear color-scaled and black-level
adjusted but at which a color transform and Gamma correc-
tion have not been applied to the digital mosaiced image. A
linear light-space is therefore a stage of a color image pro-
cessing pipeline at which a digital mosaiced image has only
undergone linear adjustments.

Light from a scene 100 undergoes optical operations 200 as
it passes through camera optics and is also filtered by color
filter array 108 before hitting an imaging sensor at the camera.
The imaging sensor produces an analog signal which under-
goes analog to digital conversion 202 resulting in a RAW
image 116 which may be stored and/or output. The RAW
image is processed for black-level adjustment and linear color
scaling 204 using any suitable black-level adjustment and
linear color scaling process. The image may then be denoised
206, for example, by denoising each of the color channels
separately. Any suitable denoising process may be used. The
linear scaled, denoised, RAW image is then demosaiced 208
using a trained machine learning component as described in
more detail below. The demosaiced image is processed with a
color transform and Gamma correction 210 resulting in a
color image output 212 for rendering and/or printing.

In some examples described herein, a combined denoising
and demosaicing component is used. This is illustrated in
FIG. 3 which is a flow diagram of another image processing
pipeline to produce a color image. The pipeline is the same as
that of FIG. 2 except that the denoising and demosaicing
components are integral in a combined demosaicing and
denoising component 300.

As mentioned above the demosaicing component 208 and
the combined demosaicing and denoising component 300
may be implemented using training machine learning com-
ponents. With reference to FIG. 4 training data 400 compris-
ing pairs of mosaiced and demosaiced images may be used by
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a training engine 402 to produce a trained demosaicing com-
ponent 404. In another example, pairs of noisy mosaiced and
denoised, demosaiced images 406 may be used by training
engine 408 to produce a trained demosaicing and denoising
component 410. However, it is not straightforward to obtain
suitable training data. This is because ground truth demosa-
iced images cannot be obtained directly from cameras which
use color filter arrays. To obtain demosaiced images from
RAW images some processing is carried out and this intro-
duced errors and artifacts. As a result the calculated demosa-
iced images are not empirically observed ground truth demo-
saiced images. For example, some approaches have used
linear interpolation to calculate missing color channel values
and so compute a demosaiced image from a mosaiced image.
Machine learning systems which use these types of calculated
demosaiced images may be poor quality because they learn
from demosaiced images which have artifacts and errors. In
various examples described herein a new way of creating
training data is described which uses a general downsampling
method which works for arbitrary color filter arrays and arbi-
trary downscaling sizes. In some examples realistic image
noise for the downsampled images is simulated.

The training process at the training engine typically uses an
update procedure and a training objective also referred to as a
loss function. More detail about example training processes is
given later in this document. The trained component 404, 410
may comprise any suitable machine learning component such
as a neural network, support vector machine, a linear regres-
sion model, a regression tree field, cascade of machine learn-
ing components. An example in which the trained component
404, 410 comprises a cascade of regression tree fields is now
given with reference to FIG. 5. For example, the demosaicing
component 208 of FIG. 2 may comprise the cascade of regres-
sion tree fields of FIG. 5. For example, the demosaicing and
denoising component 300 of FIG. 3 may comprise the cas-
cade of regression tree fields of FIG. 5.

A regression tree field (RTF) is a plurality of regression
trees used to represent a conditional random field. A condi-
tional random field (CRF) is a statistical model for predicting
a label of an image element by taking into account other
image elements in the image. A Gaussian conditional random
field comprises unary potentials and pair-wise potentials. In
an RTF one or more regression trees may be associated with
unary potentials of a conditional random field and one or
more regression trees may be associated with pairwise poten-
tials of a conditional random field. Unary potentials are
related to individual image elements. Pair-wise potentials are
related to pairs of image elements. Each leaf of the regression
tree may store an individual linear regressor that determines a
local potential.

A regression tree comprises a root node connected to a
plurality of leaf nodes via one or more layers of split nodes.
Image elements of an image may be pushed through a regres-
sion tree from the root to a leaf node in a process whereby a
decision is made at each split node. The decision is made
according to characteristics of the image element and char-
acteristics of test image elements displaced therefrom by
spatial offsets specified by the parameters at the split node. At
asplit node the image element proceeds to the next level of the
tree down a branch chosen according to the results of the
decision. During training, image statistics (also referred to as
features) are chosen for use at the split nodes and parameters
are stored at the leaf nodes. These parameters are then chosen
s0 as to optimize the quality of the predictions (as measured
by a loss function) on the training set. After training, image
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elements and/or features of an input mosaiced image are
pushed through the regression trees to find values of the
parameters.

FIG. 5 is a schematic diagram of a cascade of trained
machine learning predictors 502, 506, 510 such as regression
tree fields. In this example each layer of the cascade com-
prises a single machine learning predictor which produces a
demosaiced image (504, 508, 512) as output. That is, each
machine learning predictor 502, 506, 510 is a layer of the
cascade. The machine learning predictors may carry out
demosaicing or demosaicing combined with denoising. The
predictors 502, 506, 510 are connected in series. Three cas-
cade layers are shown in this example. However the number
of cascade layers may be different. There can be two or more
cascade layers depending on the particular task involved and
the computational resources available.

Predictor 2 506 and predictor 3 510 may be referred to as
internal layers. A predictor in an internal layer receives input
which is the output of the previous layer. For example, pre-
dictor 2 506 receives input which is restored image 1 504
output by predictor 1 502. The initial layer comprises predic-
tor 1 which receives input from the mosaiced image 500 as do
the other layers. That is, each layer receives the mosaiced
image 300 as input.

In some examples a predictor in an internal layer may also
receive input from earlier layers, which are not the immedi-
ately previous layer. This is illustrated in FIG. 5 which shows
demosaiced image 1 504 being used as input to predictor 3
510. It is also possible for features computed from demosa-
iced image 1 504 to be used as input to predictor 3 510 (this is
not shown in FIG. 5 for clarity).

In the examples in FIG. 5 each cascade layer comprises a
single predictor. However, it is also possible to use two or
more predictors at each cascade layer. These predictors may
be independent.

A mosaiced image 500 such as the mosaiced image in the
linear light-space of FIGS. 2 and 3 may be input to the cascade
to compute the series of demosaiced images. In some
examples the processing through the cascade may be stopped
according to user input, for example, where user input indi-
cates that a color image displayed on the basis of one of the
demosaiced images is of an acceptable quality.

The machine learning predictors of FIG. 5 may be trained
using training data created using a process as described with
reference to FIG. 6 or with training data obtained in any other
suitable manner. During training a loss function is used to
enable updates to be made to the predictors in the light of the
training data examples. The loss function expresses a quality
of' demosaicing between input and output images and may be
directly optimized during training. For example the loss func-
tion may comprise peak signal to noise ratio (PSNR), mean
squared error (MSE), mean absolute deviation (MAD), or
structural image similarity (SSIM). These are examples;
other types of loss function may be used which express a
quality of demosaicing between input and output images of a
predictor. The loss function may be specified by a user, or may
be preconfigured.

In the demosaicing examples described herein using
regression tree fields the demosaicing problem may be
expressed using a conditional random field as follows:

pIx;@)xexp{-E(ylx;0)}

Which may be expressed in words as, the probability of a
demosaiced image y given a mosaiced image x which has
local and pair-wise potentials (given in a matrix @) of a
conditional random field, is proportional to the exponent of
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the negative of an energy function E of the demosaiced image
y given the mosaiced image x and its potentials ©.

Given a set V of pixel locations, and given the input vari-
ables x, one per element of V it is desired to infer the labeling
of'the output variables y, one per element of V. For an image,
assume that V is arranged according to the grid layout of an
image. To make training the model and inference simpler,
limit to a set of local factors which are indexed by F. These
factors may consist of different configurations like one vari-
able, pair-wise variables, etc. Call each of these configura-
tions “types” inside which the factors have the same structure,
and denote the set of factors with the same type with
F ={Fitype (F)=t}. Denote the set of output variables y.
upon which the factor F is acting, and the energy function can
be factorized over the factors, to a local energy of the factor
variables by the quadratic energy function:

1
Ei(yr |5 ©0) = 535 Q53 ©0)yr = YpLe(xe; On)by(xr)

in which define b(x.)eR “"as the set of linear basis vectors
as a function of factor type t. Now the total energy over the
graph may be found by summing over factors as follows:

Elxp0)=33r F E(vrlx0,).

Assume that for each type t a regression tree is defined,
taking as input the adjacent set of inputs X, and assigning to
them a leaf index in the tree. Hence instead of having the
parameters for each of the factors defined over each pixel, the
process only saves parameters at the leaves of each tree.

Given the parameters of potentials, the minimizer to the
overall potential function in Equation 1 canuniquely be found

by,

referred to as equation 1.

L QG O] L (x50 )b (¥ 5)

The regression tree fields may be trained discriminatively
with respect to a given loss function. Thus by designing more
sensible loss functions it is possible to improve the quality of
the model.

There are few important facts that may be exploited in a
successful demosaicing algorithm. For example, the strong
correlation between the color channels. This means that the
variation of intensities in each channel covary in a very simi-
lar way. In the examples described herein using regression
tree fields, this correlation is taken into account by the joint
quadratic-exponent energy minimization between pixels of
different channels.

In some examples, a cost function used during training may
be generalized to take into account a camera response func-
tion. This facilitates a demosaicing system which is better
able to create images which are appealing to human eye at the
end of image pipeline after demosaicing and the nonlinear
image transformations done inside the camera, after demosa-
icing.

A camera response function may be defined as,

fL—I

in which L is the “linear-space image” which is mapped to
1, i.e. the sSRGB space (color image space), or some other
suitable perceptual color space.

In some examples, peak signal to noise ratio (PSNR) is
used for the loss function during training, and this loss func-
tion is generalized to take into account a camera response
function of the form given above. This is achieved, for
instance, by evaluating the loss function on the output of the
camera response function.
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FIG. 6 is a schematic diagram of a system for creating and
partitioning training data for training demosaicing compo-
nents. Ground truth demosaiced images 600 (which have
three primary color channel values per image element) are
calculated and stored at store 600. In some examples the
demosaiced images 600 are calculated from linear light-space
mosaiced images of natural scenes using a downscaling pro-
cess 604. In various examples the downscaling process is
arranged to work for arbitrary color filter arrays and arbitrary
downscaling sizes as described in more detail with reference
to FIG. 7. The demosaiced images 600 may be obtained in
other ways.

A computer-implemented component 614 accesses the
demosaiced images 600 and uses them to create and partition
training data. The component 614 may access one or more
color filter array patterns from a color filter array library 610.
The component 614 may access a noise model from a noise
model library 612.

Given a demosaiced image that the component 614 has
accessed from the store 600 the component subsamples the
demosaiced image according to a color filter array pattern
selected from the color filter array library 610. This produces
a mosaiced image corresponding to the demosaiced image.
The mosaic image and the demosaiced image are a training
image pair. Many such training image pairs are calculated and
divided into a plurality of training data sets 622, 624, 626.
Different ones of the training data sets may be used to train
different machine learning predictors in a cascade of machine
learning predictors. In the example of FIG. 6 a Bayer pattern
is selected from the color filter array library 610 and used to
form training data sets 616 without any noise model being
taken into account. This training data 616 may be used to train
a cascade of machine learning predictors such as those of
FIG. 5 to form a demosaicing component such as that of FIG.
2.

In a second example, a Bayer pattern is again selected from
the color filter array library 610 and used to form training data
sets 618. This time noise is added to the mosaiced images
using a noise model selected from noise model library 612.
This training data 616 may be used to train a cascade of
machine learning predictors such as those of FIG. 5 to form a
combined demosaicing and denoising component such as that
of FIG. 3.

In a third example, an X-Trans pattern is selected from the
color filter array library 610 and used to form training data
sets 620. Noise is added to the mosaiced images using a noise
model selected from noise model library 612. This training
data 620 may be used to train a cascade of machine learning
predictors such as those of FIG. 5 to form a combined demo-
saicing and denoising component such as that of FIG. 3.

More detail about the downscaling process 604 is now
given with reference to FIG. 7. A RAW mosaiced image 116
from a camera with a color filter array is received and pro-
cessed using black-level adjustment and linear color scaling
204. This image is a mosaiced image 700 in a linear light-
space as described above. The image is input to a downscaling
process 704 to fill in the missing color values.

The output of the downscaling process is a smaller demo-
saiced image 710. Because of the scale invariance of natural
images the fact that the demosaiced image is smaller than the
mosaiced image 700 does not matter. The smaller demosaiced
image may be added to store 600 of FIG. 6. In some examples
noise is added using optional noise addition component 712.
This allows for the fact that the downscaling process of com-
ponent 704 removes noise.
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The optional noise addition component 712 may use input
from a noise estimation component 702 which estimates an
amount of noise in the mosaiced image 700.

In some examples the downscaling process 704 comprises
a downscaling with averaging process 706. For example, the
image 700 is divided into same sized, square blocks of image
elements. The red channel signals in a block are averaged to
give a single red channel signal. This is also done for the blue
and green channels. A downscaled image is created by replac-
ing a block by a single image element taking the averaged
signals for the three color channels. The averages may be
weighted. Other types of aggregation may be used in place of
averaging. Because of the order of the colors in the color filter
array pattern artifacts may be introduced in the downscaled
image. Also, the size of the averaging blocks (and whether
these have an odd or even number of image elements as a side
length) impacts the quality of the results.

In some examples the downscaling process uses a weighted
averaging 708 where the weighted averaging is designed to
give high quality results no matter what the color filter array
pattern and/or block size. In some examples image elements
are weights according to their spatial position within a block.
For example, this is achieved by selecting weights so that the
weighted average of the x coordinates in the block corre-
sponds to the center of the block; and the weighted average of
the y coordinates in the block corresponds to the center of the
block. For example, the weights are found by solving a maxi-
mum entropy problem and where the weights in a block sum
to 1, are non-negative, and have an average along a row of the
center of the block, and an average along a column of the
center of the block.

For example, consider a block of size 2Wx2W. To com-
pensate for the effect of a shift inside each color channel
potentially introduced by downscaling, the process seeks to
align the center of mass of each color channel, at the center of
the block, (e.g. at coordinates 2.5, 2.5 where the block is a
four by four image element block). In addition, a distribution
of' weights which satisfies constraints is sought, i.e. is a valid
distribution, and at the same time increase the entropy of the
distribution (maximum uncertainty/entropy principle) as it
gives the least informative distribution. The problem can be
represented as a constrained convex optimization as follows.
Note that the weights are non-zero where the values of the
samples in the corresponding channels are non-zero, as an
implicit constraint.

max, {H (p) = —Zw plx, ylogp(x, y)}

2., P =1

plx, =0,V y
D, PE =257y

Do, WPl =25V

Which may be expressed in words as a maximum entropy
of a function p equals the negative of a sum of the function
applied to each weight in the block times the log of the
function applied to the weights; subject to a list of constraints
which are that the weights sum to 1, the weights are non-
negative, the sum of the weights in a row is 2.5 and the sum of
the weights in a column is 2.5 (where the block has 4 image
elements per row and column).
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In general the center point of a block of size 2Wx2W is
(W+0.5, W+0.5) so that weights may be selected by solving
the following constrained convex optimization:

max, {H (p) = —ZW plx, y)logp(x, )}

2., P =1

plx.y=0,Yxy
Z xp(x, y)=W+05,Vy
%y

Z ypx,y)=W+05,¥Vx
%y

Which may be expressed in words as a maximum entropy
of a function p equals the negative of a sum of the function
applied to each weight in the block times the log of the
function applied to the weights; subject to a list of constraints
which are that the weights sum to 1, the weights are non-
negative, the sum of the weights in a row is an x coordinate of
the center of the block and the sum of the weights in a column
is a y coordinate of the center of the block.

The above formulation can be solved for each channel
separately, and the values of p(x; y) is zero wherever there is
no sample in that channel. As an example solving the problem
for the Bayer pattern block 800 in FIG. 8. for each channel
gives the following weights,

1
prlx, y) = %

o o o o
o O o W

1
0
3
0

1
Pp(x, y)= e

0
0
0
0

w oo <
o o o o

1
pg(xa = g

FIG. 9 is a schematic diagram of a digital color camera 900
comprising a color filter array 902 arranged in conjunction
with an image sensor 904.

The image sensor 904 receives ambient light and light
reflected from objects within a scene. The image sensor 904
may comprise a CCD sensor, a CMOS sensor, for example a
Photonic Mixer Device (PMD) sensor or other appropriate
sensor which may be arranged to detect light reflected from
surfaces of objects, people or other entities within the camera
range.

The camera may further comprise an optical system 906
that is arranged to gather and focus light from the environ-
ment on to the image sensor 904. The camera may also com-
prise an analog to digital converter 910 to digitize signals
received at image sensor 904. A data store 908 at the camera
may store images and other data.

In one example the camera may comprise image process-
ing pipeline logic 912. In an embodiment image processing
pipeline logic may be arranged to execute the methods
described herein with reference to one or more of FIGS. 2 to
7. In an example, the described method of training the demo-
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saicing component may be executed as a one-time process
during camera testing and calibration.

Image processing pipeline logic may further comprise inte-
grated black-level adjustment and color scaling logic 914,
denoising and demosaicing logic 916 and color transform and
Gamma correction logic 918 stored at a memory.

In other examples, all or part of the image processing
pipeline logic 912 may be located external to the camera on
another device e.g. a game system, personal computer,
mobile device or other computing device.

Alternatively, or in addition, the functionality of one or
more of the components of the image processing pipeline
logic 912 may be performed, at least in part, by one or more
hardware logic components. For example, and without limi-
tation, illustrative types of hardware logic components that
can be used include Field-programmable Gate Arrays (FP-
GAs), Program-specific Integrated Circuits (ASICs), Pro-
gram-specific Standard Products (ASSPs), System-on-a-chip
systems (SOCs), Complex Programmable Logic Devices
(CPLDs), Graphics Processing Units (GPUs).

FIG. 10 illustrates various components of an exemplary
computing-based device 1000 which may be implemented as
any form of a computing and/or electronic device, and in
which embodiments of any of the methods described herein
may be implemented.

Computing-based device 1000 comprises one or more pro-
cessors 1002 which may be microprocessors, controllers or
any other suitable type of processors for processing computer
executable instructions to control the operation of the device
in order to do any of: compute a demosaiced image from a
mosaiced image, compute a demosaiced and denoised image
from a noisy mosaiced image, train a machine learning sys-
tem to compute a demosaiced image from a mosaiced image,
compute a demosaiced denoised image from a mosaiced
image, compute training data by downscaling mosaiced lin-
ear light-space images. In some examples, for example where
a system on a chip architecture is used, the processors 1002
may include one or more fixed function blocks (also referred
to as accelerators) which implement a part of the methods
described herein (rather than software or firmware). Platform
software comprising an operating system 1004 or any other
suitable platform software may be provided at the computing-
based device to enable application software 1006 to be
executed on the device. In an example computing-based
device 1000 may further comprise image logic 1008. Image
logic 1008 may further comprise integrated black-level
adjustment and color scaling logic 1010, integrated denoise
and demosaic logic 1012, integrated color transform and
Gamma correction logic 1014. In some examples the image
logic 1008 is arranged to compute training data using the
methods of all or part of FIGS. 6 and 7.

The computer executable instructions may be provided
using any computer-readable media that is accessible by com-
puting based device 1000. Computer-readable media may
include, for example, computer storage media such as
memory 1018 and communications media. Computer storage
media, such as memory 1018, includes volatile and non-
volatile, removable and non-removable media implemented
in any method or technology for storage of information such
as computer readable instructions, data structures, program
modules or other data. Computer storage media includes, but
is not limited to, RAM, ROM, EPROM, EEPROM, flash
memory or other memory technology, CD-ROM, digital ver-
satile disks (DVD) or other optical storage, magnetic cas-
settes, magnetic tape, magnetic disk storage or other mag-
netic storage devices, or any other non-transmission medium
that can be used to store information for access by a comput-
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ing device. In contrast, communication media may embody
computer readable instructions, data structures, program
modules, or other data in a modulated data signal, such as a
carrier wave, or other transport mechanism. As defined
herein, computer storage media does not include communi-
cation media. Therefore, a computer storage medium should
not be interpreted to be a propagating signal per se. Propa-
gated signals may be present in a computer storage media, but
propagated signals per se are not examples of computer stor-
age media. Although the computer storage media (memory
1018) is shown within the computing-based device 1000 it
will be appreciated that the storage may be distributed or
located remotely and accessed via a network or other com-
munication link (e.g. using communication interface 1018).

The computing-based device 1000 also comprises an
input/output controller 1022 arranged to output display infor-
mation to a display device 1024 which may be separate from
or integral to the computing-based device 1000. The display
information may provide a graphical user interface. The
input/output controller 1022 is also arranged to receive and
process input from one or more devices, such as a user input
device 1026 (e.g. a mouse, keyboard, camera, microphone or
other sensor) and image capture device 1028 (such as a digital
color camera with a color filter array). In some examples the
user input device 1026 may detect voice input, user gestures
or other user actions and may provide a natural user interface
(NUI). This user input may be used to generate depth maps as
described above. In an embodiment the display device 1024
may also act as the user input device 1024 if it is a touch
sensitive display device. The input/output controller 1022
may also output data to devices other than the display device,
e.g. a locally connected printing device.

Any of the input/output controller 1022, display device
1024 and the user input device 1026 may comprise NUI
technology which enables a user to interact with the comput-
ing-based device in a natural manner, free from artificial
constraints imposed by input devices such as mice, key-
boards, remote controls and the like. Examples of NUI tech-
nology that may be provided include but are not limited to
those relying on voice and/or speech recognition, touch and/
or stylus recognition (touch sensitive displays), gesture rec-
ognition both on screen and adjacent to the screen, air ges-
tures, head and eye tracking, voice and speech, vision, touch,
gestures, and machine intelligence. Other examples of NUI
technology that may be used include intention and goal
understanding systems, motion gesture detection systems
using depth cameras (such as stereoscopic camera systems,
infrared camera systems, RGB camera systems and combi-
nations of these), motion gesture detection using accelerom-
eters/gyroscopes, facial recognition, 3D displays, head, eye
and gaze tracking, immersive augmented reality and virtual
reality systems and technologies for sensing brain activity
using electric field sensing electrodes (EEG and related meth-
ods).

The term ‘computer’ or ‘computing-based device’ is used
herein to refer to any device with processing capability such
that it can execute instructions. Those skilled in the art will
realize that such processing capabilities are incorporated into
many different devices and therefore the terms ‘computer’
and ‘computing-based device’ each include PCs, servers,
mobile telephones (including smart phones), tablet comput-
ers, set-top boxes, media players, games consoles, personal
digital assistants and many other devices.

The methods described herein may be performed by soft-
ware in machine readable form on a tangible storage medium
e.g. in the form of a computer program comprising computer
program code means adapted to perform all the steps of any of
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the methods described herein when the program is run on a
computer and where the computer program may be embodied
on a computer readable medium. Examples of tangible stor-
age media include computer storage devices comprising
computer-readable media such as disks, thumb drives,
memory etc. and do not include propagated signals. Propa-
gated signals may be present in a tangible storage media, but
propagated signals per se are not examples of tangible storage
media. The software can be suitable for execution on a par-
allel processor or a serial processor such that the method steps
may be carried out in any suitable order, or simultaneously.

This acknowledges that software can be a valuable, sepa-
rately tradable commodity. It is intended to encompass soft-
ware, which runs on or controls “dumb” or standard hard-
ware, to carry out the desired functions. It is also intended to
encompass software which “describes” or defines the con-
figuration of hardware, such as HDL (hardware description
language) software, as is used for designing silicon chips, or
for configuring universal programmable chips, to carry out
desired functions.

Those skilled in the art will realize that storage devices
utilized to store program instructions can be distributed
across a network. For example, a remote computer may store
an example of the process described as software. A local or
terminal computer may access the remote computer and
download a part or all of the software to run the program.
Alternatively, the local computer may download pieces of the
software as needed, or execute some software instructions at
the local terminal and some at the remote computer (or com-
puter network). Those skilled in the art will also realize that
by utilizing conventional techniques known to those skilled in
the art that all, or a portion of the software instructions may be
carried out by a dedicated circuit, such as a DSP, program-
mable logic array, or the like.

Any range or device value given herein may be extended or
altered without losing the effect sought, as will be apparent to
the skilled person.

Although the subject matter has been described in lan-
guage specific to structural features and/or methodological
acts, it is to be understood that the subject matter defined in
the appended claims is not necessarily limited to the specific
features or acts described above. Rather, the specific features
and acts described above are disclosed as example forms of
implementing the claims.

It will be understood that the benefits and advantages
described above may relate to one embodiment or may relate
to several embodiments. The embodiments are not limited to
those that solve any or all of the stated problems or those that
have any or all of the stated benefits and advantages. It will
further be understood that reference to ‘an’ item refers to one
or more of those items.

The steps of the methods described herein may be carried
out in any suitable order, or simultaneously where appropri-
ate. Additionally, individual blocks may be deleted from any
of'the methods without departing from the spirit and scope of
the subject matter described herein. Aspects of any of the
examples described above may be combined with aspects of
any of the other examples described to form further examples
without losing the effect sought.

The term ‘comprising’ is used herein to mean including the
method blocks or elements identified, but that such blocks or
elements do not comprise an exclusive list and a method or
apparatus may contain additional blocks or elements.

It will be understood that the above description is given by
way of example only and that various modifications may be
made by those skilled in the art. The above specification,
examples and data provide a complete description of the
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structure and use of exemplary embodiments. Although vari-
ous embodiments have been described above with a certain
degree of particularity, or with reference to one or more
individual embodiments, those skilled in the art could make
numerous alterations to the disclosed embodiments without
departing from the spirit or scope of this specification.

The invention claimed is:

1. A method of image demosaicing comprising:

receiving a digital mosaiced image;

calculating a demosaiced image from the received image

using a trained machine learning system, the demosa-

iced image being in a linear light-space of a color image

processing pipeline, the trained machine learning sys-

tem having been trained using pairs of mosaiced and

demosaiced images, at least one of the pairs comprising

at least one of:

the mosaiced images having been formed by subsam-
pling trained demosaiced images according to a color
filter array pattern; or

the demosaiced images having been calculated from
mosaiced images of a natural scene using a downscal-
ing process; and

wherein a linear light-space is a stage of a color image

processing pipeline at which a digital image has been
linear color-scaled and black-level adjusted but at which
a color transform and Gamma correction have not been
applied to the digital image.

2. A method as claimed in claim 1 wherein the digital
mosaiced image comprises a plurality of image elements each
having a light intensity value for only one of three primary
color channels, and wherein the demosaiced image comprises
image elements having light intensity values for three pri-
mary color channels.

3. A method as claimed in claim 1 wherein the received
digital mosaiced image is in the linear light-space.

4. A method as claimed in claim 1 wherein the trained
machine learning system is one which has been trained using
training demosaiced images having been formed by down-
scaling linear light-space mosaiced images of natural scenes.

5. A method as claimed in claim 1 wherein the trained
machine learning system implements a discriminative model,
being a model which seeks to describe a process of finding a
demosaiced image which corresponds to a mosaiced image.

6. A method as claimed in claim 3 wherein the trained
machine learning system is one which has been trained using
pairs of mosaiced and demosaiced images, the mosaiced
images having been formed by subsampling the trained
demosaiced images according to a color filter array pattern.

7. A method as claimed in claim 4 the downscaling having
comprised replacing blocks of image elements by aggregated
values computed by weighting image elements according to
their spatial position within a block.

8. A method as claimed in claim 4 the downscaling having
comprised a weighted aggregation process over blocks of
image elements, the weights having been selected to maxi-
mize entropy whilst also increasing towards a center of a
block.

9. A method as claimed in claim 6 wherein the mosaiced
images have had noise added to them.

10. A method as claimed in claim 9 wherein the noise has
been added on the basis of an estimate of noise.

11. A method as claimed in claim 1 wherein the trained
machine learning system comprises at least one regression
tree field.

12. A method as claimed in claim 1 wherein the trained
machine learning system comprises a plurality of regression
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tree fields arranged in a cascade architecture whereby at least
some of the regression tree fields are connected in series.

13. A method as claimed in claim 1 atleast party carried out
using hardware logic.

14. One or more tangible hardware device-readable media
with device-executable instructions comprising:

device-executable instructions to receive a digital mosa-

iced image comprising a plurality of image elements
each having a light intensity value for only one of three
primary color channels, the light intensity values having
undergone only linear adjustments since output from an
analog to digital converter; and

device-executable instructions to calculate a demosaiced

image from the received image using a trained machine

learning system, the demosaiced image comprising

image elements having light intensity values for three

primary color channels, the trained machine learning

system having been trained using pairs of mosaiced and

demosaiced images, at least one of the pairs comprising

at least one of:

the mosaiced images having been formed by subsam-
pling trained demosaiced images according to a color
filter array pattern; or

the demosaiced images having been calculated from
mosaiced images of a natural scene using a downscal-
ing process.

15. An image demosaicing apparatus comprising:

a memory arranged to store a digital mosaiced image; and

a demosaicing logic arranged to calculate a demosaiced

image from the received image using a trained machine

learning system, the demosaiced image being in a linear

light-space of a color image processing pipeline, the

trained machine learning system having been trained

using pairs of mosaiced and demosaiced images, at least

one of the pairs comprising at least one of;

the mosaiced images having been formed by subsam-
pling trained demosaiced images according to a color
filter array pattern; or

the demosaiced images having been calculated from
mosaiced images of a natural scene using a downscal-
ing process; and

wherein a linear light-space is a stage of a color image

processing pipeline at which a digital image has been
linear color-scaled and black-level adjusted but at which
a color transform and Gamma correction have not been
applied to the digital image.

16. An apparatus as claimed in claim 15 wherein the trained
machine learning system is one which has been trained using
training demosaiced images having been formed by down-
scaling linear light-space mosaiced images of natural scenes.

17. An apparatus as claimed in claim 15 wherein the trained
machine learning system implements a discriminative model,
being a model which seeks to describe a process of finding a
demosaiced image which corresponds to a mosaiced image.

18. An apparatus as claimed in claim 15 wherein the trained
machine learning system is one which has been trained using
pairs of mosaiced and demosaiced images, the mosaiced
images having been formed by subsampling the trained
demosaiced images according to a color filter array pattern.

19. An apparatus as claimed in claim 15 integral with a
mobile camera phone.

20. An apparatus as claimed in claim 15 the demosaicing
logic being at least partially implemented using hardware
logic selected from any one or more of: a field-programmable
gate array, a program-specific integrated circuit, a program-
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specific standard product, a system-on-a-chip, a complex pro-
grammable logic device, a graphics processing unit.
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