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ADJUSTING A DIGITAL REPRESENTATION 
OF A HEAD REGION 

TECHNICAL FIELD 

This application relates to adjusting a digital representa­
tion, such as an image or a three-dimensional geometrical 
representation, of a head region, particularly a facial and/or 
neck region. The application relates particularly to adjusting 
target features of the digital representation of the head 
region, for example to correct a perceived gaze direction of 
eyes, or to modify the texture and/or shape of features such 
as the nose, mouth, chin or neck. 

BACKGROUND 

In many systems, images of a head, which may comprise 
single images at different times, or stereoscopic pairs of 
images or other multi-view images, may be captured in one 
device and displayed on a different device for viewing by an 
observer. One non-limitative example is a system for per­
forming teleconferencing between two telecommunications 
devices. In that case, each device may capture images of the 
observer of that device and transmit them to the other device 
over a telecommunications network for display and viewing 
by the observer of the other device. Digital representations 
other than images and/or complementary to images may also 
be captured, for example using depth measurements ( e.g. 
using a time-of-flight camera). 

When an image or other digital representation of a head 
is captured and displayed, the gaze of the head may not be 
directed at the observer. This may be caused for example by 
the gaze of the head not being directed at the sensing system 
(e.g. camera system) used to capture the digital representa­
tion ( e.g. image), for example because a user whose head is 
imaged is observing a display in the same device as a camera 
system and the camera system is offset above ( or below) that 
display. In that case, the gaze in the displayed images will be 
perceived to be downwards ( or upwards). The human visual 
system has evolved high sensitivity to gaze during social 
interaction, using cues gained from the relative position of 
the iris and white sclera of other observers. Errors in the 
perceived gaze are disconcerting. For example in a system 
for performing teleconferencing, errors in the perceived 
gaze can create unnatural interactions between the users. 

The present disclosure is concerned with processing tech­
niques ( e.g. image processing techniques) for adjusting 
digital representations (e.g. images) of a head region to 
correct the perceived gaze and/or to improve other aspects of 
a computer-generated display of the head region. The pres­
ent disclosure is particularly concerned with implementing 
such processing techniques with minimal demands on com­
puter hardware and/or power such that they provide results 
at or near input data frame rate or user feedback require­
ments. 

BRIEF SUMMARY 

According to a first aspect of the present disclosure, there 
is provided a method of generating reference data for 
adjusting a digital representation of a head region, the 
method comprising: receiving training data comprising: a set 
of input patches, each input patch comprising a target feature 
of a digital representation of a head region prior to adjust­
ment of the digital representation of the head region, 
wherein the target feature is the same for each input patch; 
and a set of output patches in one-to-one correspondence 

2 
with the input patches, each output patch comprising the 
target feature of the digital representation of the head region 
after adjustment of the digital representation of the head 
region; using a first machine learning algorithm to generate 

5 first reference data using the training data, the first reference 
data comprising editing instructions for adjusting the digital 
representation of the head region for a range of possible 
digital representations of the head region; and using a 
second machine learning algorithm to generate second ref-

l O erence data using the same training data as the first machine 
learning algorithm and the first reference data generated by 
the first machine learning algorithm, the second reference 
data comprising editing instructions for adjusting the digital 

15 
representation of the head region for a range of possible 
digital representations of the head region. 

The described use of two machine learning algorithms 
allows an improved balance to be achieved between accu­
racy of the adjustment process and speed of execution. The 

20 first machine learning algorithm can be configured to pro­
vide highly detailed first reference data, which provides high 
accuracy. Use of this first reference data directly in a 
processing technique ( e.g. image processing technique) to 
adjust a digital representation (e.g. image or three-dimen-

25 sional geometrical representation) of a head region would be 
relatively expensive in terms of computational resources 
because of the high level of detail. By arranging instead for 
the first reference data to be provided to a second machine 
learning algorithm, which provides, based on the first ref-

30 erence data and the original training data, the reference data 
(the second reference data) that is to be used for the 
adjustment of the digital representation of the head region, 
it is possible to benefit to an extent from the high accuracy 
of the first machine learning algorithm whilst also providing 

35 reference data that is less detailed and thus easier to process 
efficiently when performing the adjustment of the digital 
representation of the head region. The quality of the refer­
ence data provided by the second machine learning algo­
rithm is found to be significantly improved when the second 

40 machine learning algorithm is provided with both the first 
reference data and the training data in comparison to when 
the second machine learning algorithm is provided only with 
the training data. 

In an embodiment, efficiency is further improved by 
45 providing editing instructions ( e.g. image editing instruc­

tions) in the second reference data in a compressed repre­
sentation. The use of a compressed representation reduces 
data storage and bandwidth requirements during use of the 
editing instructions to perform adjustment of a digital rep-

50 resentation of a head region. 
According to a second aspect of the present disclosure, 

there is provided a device configured to perform a similar 
method to the first aspect of the invention. 

According to a third aspect of the present disclosure, there 
55 is provided a method of adjusting a digital representation of 

a head region, the method comprising: identifying a target 
patch in the digital representation of the head region, the 
target patch comprising a target feature of the digital rep­
resentation of the head region; deriving a feature vector from 

60 plural local descriptors of the target patch; using the feature 
vector to select editing instructions from reference data, the 
reference data comprising editing instructions for a range of 
possible values of the feature vector; and applying the 
selected editing instructions to the target patch to adjust the 

65 digital representation of the head region, wherein the editing 
instructions in the reference data are provided in a com­
pressed representation. 
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According to a fourth aspect of the present disclosure, 
there is provided a device configured to perform a similar 
method of the third aspect of the invention. 

The use of a compressed representation reduces data 
storage and bandwidth requirements. 

According to a fifth aspect of the present disclosure, there 

4 
FIG. 11 is a flow chart of a method of adjusting an image 

of a head region; 
FIG. 12 schematically depicts data flow in an example of 

a method of adjusting an image of a head region; 
FIG. 13 is a diagram of a telecommunications system in 

which the method may be implemented; 

is provided a method of training a machine learning algo­
rithm to adjust a digital representation of a head region, 
comprising: receiving training data comprising: a set of 
input patches, each input patch comprising a target feature of 
a digital representation of a head region prior to adjustment 

FIG. 14 schematically depicts data flow in an example 
method of generating reference data for converting a two­
dimensional digital representation of a head region to a 

10 three-dimensional digital representation of a head region; 
and 

of the digital representation of the head region, wherein the 
target feature is the same for each input patch; and first 
reference data generated by a pre-trained first machine 

15 
learning algorithm, the first reference data comprising a set 

FIG. 15 schematically depicts data flow in an example of 
a method of adjusting a digital representation of a head 
region in which a second machine learning algorithm is 
updated online. 

DETAILED DESCRIPTION 

FIG. 1 and FIG. 2 illustrate how incorrect gaze is per­
ceived when a stereoscopic pair of images of a head is 
captured by the device 10 shown in FIG. 1 which will be 
referred to as the source device 10, and displayed on a 
different device 20 shown in FIG. 2 which will be referred 
to as the destination device 20. Capturing of a stereoscopic 

of editing instructions in one-to-one correspondence with 
the input patches, each editing instruction being for adjust­
ing the digital representation of the head region; updating a 
pre-trained second machine learning algorithm trained to 20 

generate second reference data, where the input for the 
updating comprises the training data and the generated first 
reference data, the second reference data comprising editing 
instructions for adjusting the digital representation of the 
head region. 25 pair of images is shown as an example. A similar effect can 

occur when a monocular image is captured and when more 
than two views of the head are captured. A similar effect can 
also occur when alternative or additional sensing techniques 

According to a sixth aspect of the present disclosure, there 
is provided a method of training a machine learning algo­
rithm to adjust a digital representation of a head region, the 
method comprising: receiving training data comprising a set 
of input digital representations of a head region; training a 30 

first machine learning algorithm using the training data to 
perform an adjustment of a digital representation of a head 
region; using the trained first machine learning algorithm to 
generate first reference data, the first reference data com­
prising an adjusted digital representation of the head region 35 

for each of at least a subset of the input digital representa­
tions, each adjusted digital representation being obtained by 
performed the adjustment that the first machine learning 
algorithm was trained to perform; and training a second 
machine learning algorithm using at least a subset of the 40 

training data used to train the first machine learning algo­
rithm and the first reference data to perform the same 
adjustment of a digital representation of a head region as the 
first machine learning algorithm. 

are used to build a digital representation of the head ( e.g. 
where a depth sensor such as a time-of-flight camera is used 
to obtain three-dimensional geometrical information about 
positions on the surface of the head). 

In the embodiment shown, the capture device 10 includes 
a display 11 and a camera system 12. In this particular 
example, the camera system comprises two cameras 13 in 
order to capture the stereoscopic pair of images of the head 
of a source observer 14. In a monocular implementation a 
single camera may be provided instead of the two cameras 
13. In other implementations a depth sensor is alternatively 
or additionally provided. The source observer 14 views the 
display 11, along line 15. The cameras 13 (optionally 
including one or more depth sensors) of the camera system 
12 are offset from the display 11, in this case being above the 
display 11. Thus, the cameras 13 effectively look down on 

45 the source observer 14 along line 16. 
BRIEF DESCRIPTION OF THE DRAWINGS 

Non-limitative embodiments are illustrated by way of 
example in the accompanying figures, in which like refer­
ence numbers indicate similar parts, and in which: 

FIG. 1 is a schematic perspective view of a device that 
captures a stereoscopic pair of images; 

FIG. 2 is a schematic perspective view of a device that 
displays the stereoscopic pair of images; 

FIG. 3 is a flow chart of a method of adjusting a 
stereoscopic pair of images; 

FIG. 4 is a diagram illustrating the processing of the 
stereoscopic pair of images in the method of FIG. 3; 

FIG. 5 is a flow chart of a step of extracting an image 
patch; 

FIG. 6 and FIG. 7 are flow charts of two alternatives for 
a step of adjusting an image; 

FIG. 8 is flow chart of a method of generating reference 
data; 

The display device 20 includes a display 21, which in this 
example can be a stereoscopic display of any known type, 
for example an auto stereoscopic display of any known type. 
The display 21 displays the stereoscopic pair of images as 

50 captured by the capture device 10. A destination observer 24 
views the display 21. If the destination observer 24 is located 
in a normal viewing position perpendicular to the center of 
the display 21, as shown by the hard outline of the destina­
tion observer 24, then the gaze of the source observer 14 is 

55 perceived by the destination observer 24 to be downwards, 
rather than looking at the destination observer 24, because 
the cameras 13 of the source device 10 look down on the 
source observer 14. 

Although the cameras 13 are above the display 11 in this 
60 example, the cameras 13 could in general could be in any 

location adjacent the display 11, and the gaze of the source 
observer 14 perceived by the destination observer 24 would 
be correspondingly incorrect. 

FIG. 9 schematically depicts data flow in an example 65 

method of generating reference data; 

If the destination observer 24 is located in an offset 
viewing position, as shown by the dotted outline of the 
destination observer 24 so that the destination observer 24 
views the display 21 along line 26, then the offset of the FIG. 10 depicts a device for generating reference data; 
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destination observer 24 creates an additional error in the 
gaze of the source observer 14 perceived by the destination 
observer 24. A similar additional error in the perceived gaze 
of the source observer 14 occurs if the destination observer 
24 is located in the normal viewing position along line 25, 5 

but the displayed image ( or stereoscopic pair of images in 
this example) is displayed on the display 25 in a position 
offset from the center of the display 25. 

6 
geometrical information about a surface of the head region, 
optionally in addition to one or more other cameras ( e.g. 
optical cameras). The depth sensor may comprise a time-
of-flight camera. 

Where plural cameras 13 are provided, the cameras 13 
may be spatially related to each other and the display 11. The 
spatial relationship between the cameras 13 themselves and 
between the cameras 13 and the display 11 is known in 
advance. Known methods for finding the spatial relationship A stereoscopic pair of images is an example of multi-view 

images where there are two images. Although FIG. 1 illus­
trates an example where the camera system 12 includes two 
cameras 13 that capture a stereoscopic pair of images, 
alternatively the camera system may include more than two 
cameras 13 that capture more than two multi-view images, 
in which case similar issues of incorrect perceived gaze exist 
on display. The camera system may alternatively include 
only one camera and/or one or more depth sensors. 

10 may be applied, for example a calibration method using a 
reference image, or specification a priori. 

The camera or cameras 13 face in the same direction as 
the display 11. Thus, when the source observer 14 is viewing 
the display 11, then the camera or cameras 13 face the source 

15 observer 14 and the captured information, such as depth 
information, image or images (e.g. stereoscopic pair of 
images) are digital representations ( e.g. images and/or three­
dimensional geometrical representations) of the head of the 
source observer 14. Different cameras in the camera system 

FIG. 3 illustrates a method of adjusting multi-view 
images to correct such errors in the perceived gaze. The 
method of FIG. 3 is a specific example of a method of 
adjusting digital representations of a head region in a case 
where the digital representations comprise images of the 
head region and where the images comprise one or more 
multi-view images of the head region. For simplicity, this 
method will be described with respect to the adjustment of 25 

multi-view images comprising a stereoscopic pair of images. 
The method may be generalized to multi-view images 
comprising more than two images, simply by performing 
similar processing on a larger number of images. The 
method may also be generalized to the case where single 30 

view (monocular) images of the head region are used and to 
the case where information from other sensing modalities, 
such as depth measurements, is included within the digital 
representations of the head region. 

20 can have different fields of view. 

The method may be performed in an image processor 30 35 

(or other processor). The image processor 30 may be imple­
mented by a processor executing a suitable computer pro­
gram or by dedicated hardware or by some combination of 
software and hardware. Where a computer program is used, 
the computer program may comprise instructions in any 40 

suitable language and may be stored on a computer readable 
storage medium, which may be of any type, for example: a 
recording medium which is insertable into a drive of the 
computing system and which may store information mag­
netically, optically or opto-magnetically; a fixed recording 45 

medium of the computer system such as a hard drive; or a 
computer memory. 

The image processor 30 (or other processor) may be 
provided in the source device 10, the destination device 10 
or in any other device, for example a server on a telecom- 50 

munications network, which may be suitable in the case that 
the source device 10 and the destination device 10 commu­
nicate over such a telecommunications network. 

The camera system 12 may include cameras 13 having 
different sensing modalities, including but not limited to 
visible light, infrared, and time-of-flight (depth). 

In some embodiments, the main output of the camera 
system 13 is images 31 which are typically video images 
output at a video rate. The output of the camera system 13 
may also include data representing the spatial relationship 
between the cameras 13 and the display 11, the nature of the 
sensing modalities and internal parameters of the cameras 13 
(for example focal length, optical axis) which may be used 
for angular localization, as well as three-dimensional geo-
metrical information, for example from depth measure­
ments. 

An example of the method performed on a digital repre­
sentation of a head region comprising a stereoscopic pair of 
images 31, for the case of adjustment of eye regions, is as 
follows. To illustrate this example method, reference is also 
made to FIG. 4 which shows an example of the stereoscopic 
pair of images 31 at various stages of the method. 

In step Sl, the stereoscopic pair of images 31 are analyzed 
to detect the location of the head and in particular the eyes 
of the source observer 14 within the stereoscopic pair of 
images 31. This is performed by detecting presence of a 
head, tracking the head, and localizing the eyes of the head. 
Step Sl may be performed using a variety of techniques that 
are known in the art. 

One possible technique for detecting the presence of the 
head is to use Haar feature cascades, for example as dis­
closed in Viola and Jones, "Rapid Object Detection using a 
Boosted Cascade of Simple Features", CVPR 2001, pp 1-9, 
which is herein incorporated by reference in its entirety. 

One possible technique for tracking the head is to use the 
approach of Active Appearance Models to provide the 
position of the head of the subject, as well as the location of In this example, a stereoscopic pair of images 31 are 

captured by the camera system 12. Although the camera 
systems 12 is illustrated in FIG. 1 as including two cameras 
13, this is not !imitative and more generally the camera 
system 13 may have the following properties. 

The camera system comprises a set of one or more 
cameras 13, with at least two cameras 13 in the case where 
multi-view images are processed. Where two cameras are 
provided, the cameras are typically spaced apart by a dis­
tance less than the average human intrapupilar distance. In 
the alternative that the method is applied to more than two 
multi-view images, then there are more than two cameras 
13, that is one camera 13 per image. In some embodiments, 
a depth sensor is provided for obtaining three-dimensional 

55 the eyes, for example as disclosed in Coates et al., "Active 
shape models-their training and application", Computer 
Vision and Image Understanding, 61(1):38-59, January 
1995 and in Coates et al. "Active appearance models", IEEE 
Trans. Pattern Analysis and Machine Intelligence, 23(6): 

60 681-685, 2001, both of which are herein incorporated by 
reference in their entireties. 

In step Sl, typically, a set of individual points ("land­
marks") are set to regions of the face, typically the eyes, for 
example corners of the eye, upper and lower lid locations, 

65 etc., thereby localizing the eyes. 
In step S2, patches representing portions of a digital 

representation of the head region, which in this example may 
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be referred to image patches, containing the left and right 
eyes of the head, respectively, are identified in each image 
31 of the stereoscopic pair. FIG. 4 shows the identified 
image patches 32 of the right eye in each image 31 (the 
image patches for the left eye being omitted in FIG. 4 for 
clarity). 

Step S2 may be performed as shown in FIG. 5, as follows. 
In step S2-1, image patches 32 containing the left and 

right eyes of the head are identified in each image 31 of the 
stereoscopic pair. This is done by identifying an image patch 
39 in each image 31 located around the identified points 
("landmarks") corresponding to features of an eye, as shown 
for example in FIG. 4. 

8 
discussed further below. Each set may comprise images of 
the head of the same group of individuals but captured from 
cameras in different locations relative to the gaze so that the 
perceived gaze differs as between them (in the case where 

5 gaze is to be corrected). 
The first set are input images, being images of each 

individual with an incorrect gaze where the error is known 
a priori. In particular, the images in the first set may be 
captured by at least one cameras in a known camera location 

10 where the gaze of the individual which is in a different 
known direction. For example in the case of the source 
device of FIG. 1, the camera location may be the location of 
a camera 13 and while the gaze of the imaged individual is In step S2-2, the image patches 32 identified in step S2-1 

are transformed into a normalized coordinate system, being 
the same normalized coordinate system as used in the 
machine learning process which is described further below. 
The transformation is chosen to align the points ("land­
marks") of the eye within the image patch that were iden­
tified in step Sl, with predetermined locations in the nor­
malized coordinate system. The transformation may include 
translation, rotation and scaling, to appropriate extents to 
achieve that alignment. The output of step S2-2 is identified 
image patches 33 of the right eye in each image in the 
normalized coordinate system as shown for example in FIG. 25 

4. 

15 
towards the center of the display 11. 

The second set are output images, being images of each 
individual with correct gaze for a predetermined observer 
location relative to a display location in which the image is 
to be displayed. In the simplest case, the observer location 

20 is a normal viewing position perpendicular to the center of 
the display location, for example as shown by the hard 
outline of the destination observer 24 in the case of the 
destination device 20 of FIG. 2. 

For each image in the two sets, the image is analyzed to 
detect the location of the head and in particular the eyes 
using the same technique as used in step Sl described above, 
and then image patches containing the left and right eyes of 
the head, respectively, are identified using the same tech­
nique as used in step S2 described above. The following 

The following steps may be performed separately (a) in 
respect of the image patches containing the left eyes of the 
head in each image 31 of the stereoscopic pair, and (b) in 
respect of the image patches containing the right eyes of the 
head in each image 31 of the stereoscopic pair (in this 
example). For brevity, the following description will refer 
merely to image patches and eyes without specifying the left 
or right eye, but noting the same steps are performed for both 
left and right eyes. 

In step S3, a feature vector 34 is derived from plural local 
descriptors (representing information about a local region in 
a patch), which in this example may be referred to as local 
image descriptors, of an image patch 33 in at least one image 
31 of the stereoscopic pair (in this example). Depending on 
the approach and as described further below, this may be an 
image patch in a single image 31 of the stereoscopic pair or 
may be both images 31 of the stereoscopic pair. Thus, the 
local image descriptors are local image descriptors derived 
in the normalized coordinate system. 

The feature vectors 34 are representations of the image 
patches 33 that are suitable for use in looking up reference 
data 35 to be used for adjusting the image patches. The 
reference data 35 may comprise reference displacement 
vector fields that represent transformations of the image 
patch, or other representations of transformations of the 
image patch, including compressed representations as 
described below, and are associated with possible values of 
the feature vector. 

30 steps may then be performed separately (a) in respect of the 
image patches containing the left eyes of the head in each 
image, and (b) in respect of the image patches containing the 
right eyes of the head in each image. For brevity, the 
following description will refer merely to image patches and 

35 eyes without specifying the left or right eye, but noting the 
same steps are performed for both left and right eyes in this 
embodiment. 

Each image patch is transformed into the same normal­
ized coordinate system as used in step S2 described above. 

40 As described above, the transformation is chosen to align 
points ("landmarks") of the eye with predetermined loca­
tions in the normalized coordinate system. The transforma­
tion may include, for example, translation, rotation and/or 

45 
scaling, to appropriate extents to achieve that alignment. 

Thus, the image patches input and output images of each 
individual are aligned in the normalized coordinate system. 

From an input and output image of each individual, there 
is derived a displacement vector field that represents the 
transformation of the image patch in the input image 

50 required to obtain the image patch of the output image, for 
example as follows. Defining positions in the image patches 
by (x,y), the displacement vector field F is given by 

F~{u(x,y),v(x,y)} 
The reference data 35 is obtained and analyzed in advance 55 

using a machine learning technique. The machine learning 
technique may derive the form of the feature vectors 34 and 
associate transformations such as the reference displacement 
vector fields with the possible values of the feature vector. 

where u and v define the horizontal and vertical components 
of the vector at each position (x,y). 

The displacement vector field F is chosen so that the 
image patch of the output image O(x,y) is derived from the 
image patch of the input image I(x,y) as 

O(x,y)~J(x+u(x,y),y+v(x,y)) 

A specific example of a machine learning technique applied 60 

in the case where it is desired to correct gaze using digital 
representations of a head region comprising images of the 
head region, will now be described before reverting to the 
method of FIG. 3. 

For image data from more than one camera, the system 
delivers a displacement vector field for the input image from 

65 each camera. The training input to the machine learning technique is 
two sets of images (or image patches), which may be 
stereoscopic pairs of images or monoscopic images, as 

The displacement vector field F for an input and output 
image of an individual may be derived using a process in 
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which a trial feature vector F'={u',v'} is modified to mini­
mize error, optionally in an iterative process, for example in 
accordance with: 

LIO(x,y)-I(x+u'(x,y),y+v'(x,y))l~min! 

By way of non-limitative example, the displacement 
vector field F may be derived as disclosed in Kononenko et 
al., "Learning To Look Up: Realtime Monocular Gaze 
Correction Using Machine Learning", Computer Vision and 
Pattern Recognition, 2015, pp. 4667-4675, which is herein 
incorporated by reference in its entirety, wherein the dis­
placement vector field F is referred to as a "flow field". 

10 
Invariant Keypoints", International Journal of Computer 
Vision 60 (2), pp 91-110, which is herein incorporated by 
reference in its entirety. 

The local descriptors may include HOG features (Histo-
5 gram of Oriented Gradients features), for example as dis­

closed in Dalal et al. "Histograms of Oriented Gradients for 
Human Detection", Computer Vision and Pattern Recogni­
tion, 2005, pp. 886-893, which is herein incorporated by 
reference in its entirety. 

10 The local descriptors may include "low level representa-
tions" from pre-classification stages in deep learning neural 
networks, for example as disclosed in Yang and Ramanan, 
"Multi-scale recognition with DAG-CNNs", ICCV 2015, 

15 
which is herein incorporated by reference in its entirety. In 
a classifying deep learning neural network with multiple 
layers applied to an input digital representation ( e.g. image), 
for example, such low level features could be taken from a 

Another example for editing instructions, which may be 
referred to as image editing instructions in cases where the 
digital representation of the head region consists of images, 
which can be used additionally or as an alternative to the 
displacement vector field in any of the arrangements dis­
closed herein, is given by filter field L={k(P,x,y)}, which 
defines a filter kernel for a given location (x,y). This filter 
field Lis chosen so that the image patch of the output image 20 

O(x,y) is derived from the image patch of the input image 
I(x,y) as O(x,y)=k(P(I,x,y)), x, y)), where P(I,x,y) is a local 
region around the point (x,y) in the image I, and k(P,x,y) 
operates on the patch P with coefficients depending on the 
position (x,y). For example, it could be the output of a 
convolution of the patch with a Gaussian filter with width 
depending on the position x in the image, or a brightness 
increase of a local pixel depending on the vertical position 

layer before the final classification layer of the network. 
The derivation of the feature vector from plural local 

descriptors depends on the type of machine learning applied. 
In a first type of machine learning technique, the feature 

vector may comprise features that are values derived from 
the local descriptors (e.g. local image descriptors) in a 

25 discrete space, being binary values or values discretized into 
more than two possible values. In this case, the machine 
learning technique associates a reference displacement vec­
tor field F derived from the training input with each possible 
value of the feature vector in the discrete space, so the y. 

Another example for editing instructions ( e.g. image 
editing instructions) which can be used additionally or as an 
alternative to the displacement vector field in any of the 
arrangements disclosed herein, is given by a set of typical 
image components that make up the edited image area, e.g. 
texture showing beard stubbles. These are then blended with 
a factor depending on the image coordinates and local image 
content (i.e. a texture blending field). Other transformation 
fields can be used, such as a brightness adjustment field. 

30 reference data 35 may provide similar functionality to a 
look-up table, with the machine learning generating a 
machine learning parameter set that can be used to generate 
corresponding editing instructions. This allows a reference 
displacement vector field F to be simply selected from the 

35 reference data 35 on the basis of the feature vector 34 
derived in step S3, as described below. 

In the case that the feature vector comprises features that 

A machine learning technique is used to obtain a map 
from the displacement vector field F ( or other editing 40 

instructions such as image editing instructions) of each 
individual to respective feature vectors derived from plural 
local (e.g. image) descriptors of a target patch of an input 

are binary values derived from the local descriptors, the 
feature vector has a binary representation. Such binary 
values may be derived in various ways from the values of 
descriptors, for example by comparing the value of a 
descriptor with a threshold, comparing the value of two 
descriptors, or by comparing the distance of a pixel location 
from the position of an eye point ("landmark"). image. 

Alternatively, the feature vector may comprise features 
that are discretized values of the local descriptors. In this 
case, more than two discrete values of each feature are 
possible. 

The local descriptors (e.g. local image descriptors) cap- 45 

ture relevant information of a local part of a patch ( e.g. 
image patch) of an input digital representation of the head 
region ( e.g. an input image) and the set of local descriptors 
usually form a continuous vectorial output. Any suitable machine learning technique may be applied, 

50 for example using a decision tree, a decision forest, a 
decision fern or an ensemble or combination thereof, or a 
neural network. 

The local descriptors input into the machine learning 
process are of types expected to provide discrimination 
between different individuals, although the specific image 
descriptors are selected and optimized by the machine 
learning process itself. In general, the local descriptors may 
be of any suitable type, some non-limitative examples which 
may be applied in any combination being as follows. 

The local descriptors may include values of individual 
pixels or a linear combination thereof. Such a linear com­
bination may be, for example, a difference between the 
pixels at two points, a kernel derived within a mask at an 
arbitrary location, or a difference between two kernels at 
different locations. 

The local descriptors may include distances of a pixel 
location from the position of an eye point ("landmark"). 

The local descriptors may include SIFT features (Scale­
invariant feature transform features), for example as dis­
closed in Lowe, "Distinctive Image Features from Scale-

By way of example, a suitable machine learning tech­
nique using a feature vector comprising features that are 

55 binary values derived by comparing a set of individual 
pixels or a linear combination thereof against a threshold, is 
disclosed in Ozuysal et al. "Fast Keypoint Recognition in 
Ten Lines of Code", Computer Vision and Pattern Recog­
nition, 2007, pp. 1-8, which is herein incorporated by 

60 reference in its entirety. 
By way of further example, a suitable machine learning 

technique using a distance of a pixel location with the 
position of an eye landmark is disclosed in Kononenko et al., 
"Learning To Look Up: Realtime Monocular Gaze Correc-

65 tion Using Machine Learning", Computer Vision and Pat­
tern Recognition, 2015, pp. 4667-4675, which is herein 
incorporated by reference in its entirety. 
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By way of further example, a suitable machine learning 
technique using a random decision forest is disclosed in Ho, 
"Random Decision Forests", Proceedings of the 3rd Inter­
national Conference on Document Analysis and Recogni­
tion, Montreal, QC, 14-16 Aug. 1995, pp. 278-282, which is 
herein incorporated by reference in its entirety. 

In a second type of machine learning technique, the 
feature vector may comprise features that are discrete values 
of the local descriptors (e.g. local image descriptors) in a 
continuous space. In this case, the machine learning tech­
nique associates a reference displacement vector field F (in 
this example, but other editing instructions could be used) 
derived from the training input with possible discrete values 

12 
displacement vector fields 37. This produces an adjusted 
stereoscopic pair of images 38 as shown in FIG. 4, in which 
the gaze has been corrected. In particular, the adjustment 
may be performed using two alternative methods, as fol-

5 lows. 
A first method for performing step S5 is shown in FIG. 6 

and performed as follows. 
In step S5-l, the image patch is transformed in the 

normalised coordinate system in accordance with the cor-
10 responding displacement vector field 37 in respect of the 

same image, thereby correcting the gaze. As described 
above, for a displacement vector field F the transformation 
of the image patch of the input image I(x,y) provides the 
output image O(x,y) in accordance with of the feature vector in the continuous space. This allows a 

displacement vector field F to be derived from the reference 15 

data 35 by interpolation from the reference displacement 
vector fields based on the relationship between the feature 
vector 34 derived in step S3 and the values of the feature 
vector associated with the reference displacement vector 
fields. 

O(x,y)~J(x+u(x,y),y+v(x,y)) 

In step S5-2, the transformed image patch output from 
step S5-l is transformed out of the normalised coordinate 
system, back into the original coordinate system of the 

20 corresponding image 31. This is done using the inverse 
transformation from that applied in step S2-2. Any suitable machine learning technique may be applied, 

for example using support vector regression. 
By way of example, a suitable machine learning tech­

nique using support vector regression is disclosed in 
Drucker et al. "Support Vector Regression Machines", 
Advances in Neural Information Processing Systems 9, 
NIPS 1996, 155-161, which is herein incorporated by ref­
erence in its entirety. The output of the technique is a 
continuously varying set of interpolation directions that 
form part of the reference data 35 and are used in the 
interpolation. 

The machine learning technique, regardless of its type, 
inherently also derives the form of the feature vectors 34 that 
is used to derive the reference displacement vector fields F 
( or other image editing instructions). This is the form of the 
feature vectors 34 that is derived in step S3. 

The description now reverts to the method of FIG. 3. 
In step S4, at least one displacement vector field 37 

representing a transformation of an image patch is derived 
by using the feature vector 34 derived in step S3 to look up 
the reference data 35. Due to the derivation of the displace­
ment vector field 37 from the reference data 35, the trans­
formation represented thereby corrects the gaze that will be 
perceived when the stereoscopic pair of images 31 are 
displayed. 

In step S5-3, the transformed image patch output from 
step S5-2 is superimposed on the corresponding image 31. 
This may be done with a full replacement within an eye 

25 region corresponding to the eye itself, and a smoothed 
transition between the transformed image patch and the 
original image 31 over a boundary region around the eye 
region. The width of the boundary region may be of fixed 
size or a percentage of the size of the image patch in the 

30 original image 31. 
A second method for performing step S5 is shown in FIG. 

7 and performed as follows. 
In this second, alternative method, the transformation 

back into the coordinate system of the corresponding image 
35 31 occurs before the transformation of the image patch in 

accordance with the transformed displacement vector field F. 
In step S5-4, the displacement vector field F is trans­

formed out of the normalised coordinate system, back into 
the original coordinate system of the corresponding image 

40 31. This is done using the inverse transformation from that 
applied in step S2-2. 

In step S5-5, the image patch 32 in the coordinate system 
of the image 31 is transformed in accordance with the 
displacement vector field F that has been transformed into 

45 the same coordinate system in step S5-4. As described 
above, for a displacement vector field F the transformation 
of the image patch of the input image I(x,y) provides the 
output image O(x,y) in accordance with 

In the case that the feature vector 34 comprises features 
that are values in a discrete space and the reference dis­
placement vector fields of the reference data 35 comprise a 
reference displacement vector field associated with each 
possible value of the feature vector in the discrete space, 50 

then the displacement vector field for the image patch is 
derived by selecting the reference displacement field asso­
ciated with the actual value of the derived feature vector 34. 

O(x,y)~J(x+u(x,y),y+v(x,y)) 

but this is now performed in the coordinate system of the 
original image 31. 

Step S5-6 is the same as S5-3. Thus, in step S5-6, the 
transformed image patch output from step S5-5 is superim-In the case that the feature vector 34 comprises features 

that are discrete values of the local descriptors in a continu­
ous space, then the displacement vector field for the image 
patch is derived by interpolating a displacement vector field 
from the reference displacement vector fields based on the 
relationship between the actual value of the derived feature 
vector 34 and the values of the feature vectors associated 
with the reference displacement vector fields. In the case that 
the machine learning technique was support vector regres­
sion, this may be done using the interpolation directions that 
form part of the reference data 35. 

In step S5, each image 31 of the stereoscopic pair is 
adjusted by transforming the image patches containing the 
left and right eyes of the head in accordance with the derived 

55 posed on the corresponding image 31. This may be done 
with a full replacement within an eye region corresponding 
to the eye itself, and a smoothed transition between the 
transformed image patch and the original image 31 over a 
boundary region around the eye region. The width of the 

60 boundary region may be of fixed size or a percentage of the 
size of the image patch in the original image 31. 

FIG. 8 depicts a method of generating reference data 
(including reference data 37 of the type described in the 
specific examples discussed above) for adjusting a digital 

65 representation of a head region. In some embodiments, the 
digital representation of the head region comprises or con­
sists of an image of the head region. In some embodiments, 
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the digital representation of the head region comprises or 
consists of a three-dimensional digital representation (rep­
resenting, for example, three-dimensional geometrical infor­
mation). The three-dimensional digital representation may 
be obtained from depth measurements, using for example a 
time-of-flight camera. In an embodiment, the digital repre­
sentation of the head region is usable to provide a computer 
generated display of the head region. In an embodiment, the 
adjustment of the digital representation comprises convert­
ing a two-dimensional digital representation of the head 
region to a three-dimensional digital representation of the 
head region. 

In a case where the digital representation of the head 
region (prior to adjustment, after adjustment, or both) com­
prises a three-dimensional digital representation, this may be 
provided in any of various known ways. For example, the 
three-dimensional digital representation may comprise a 
point cloud, a particle system, or a mesh representation. The 
mesh representation may comprise one or more of: a polygo­
nal surface, a multi-resolution surface, a subdivision surface. 
The digital representation may comprise a three-dimen­
sional digital representation and texture information associ­
ated with the three-dimensional digital representation, e.g. 
via a texture map. The digital representation may comprise 
a three-dimensional geometrical representation and color 
information (e.g. obtained from an optical camera) aligned 
with the three-dimensional geometrical representation. 
Other volumetric representations such as particle system or 
implicit definitions such as signed distance functions may 
also be used. 

14 
In an embodiment, the target feature comprises a chin 

region comprising at least part of a chin and the adjustment 
of the digital representation ( e.g. image) of the head region 
comprises adjusting a shape and/or texture of the chin (e.g. 

5 to reduce or remove double chin appearance). 
In an embodiment, the target feature comprises a neck 

region comprising at least part of a neck and the adjustment 
of the digital representation ( e.g. image) of the head region 
comprises adjusting a shape and/or texture of the neck (e.g. 

10 to reduce or remove wrinkles). 
In an embodiment, the target feature comprises a hair 

region comprising hair and the adjustment of the digital 
representation (e.g. image) of the head region comprises 

15 
adjusting a color of the hair ( e.g. by a fixed hue). 

In the case where the target feature comprises an eye 
region, the input patches may be obtained using the meth­
odology described above with reference to steps S2-1 and 
S2-2, except that stereoscopic pairs of images are not 

20 necessarily required. Thus, the input patches may be 
obtained by using identified points ("landmarks") corre­
sponding to features of an eye to locate the relevant region 
of the digital representation ( e.g. image) of the head region 
( e.g. surrounding the eye) and/or transformation of the input 

25 patch into a normalized coordinate system, including align­
ment of the landmarks with predetermined locations in the 
normalized coordinate system using translation, rotation 
and/or scaling. 

In some embodiments, the training data 100 further com-
30 prises a set of output patches. As described above, each 

patch consists of a target portion of a digital representation 
of a head region. In a case where the digital representation 
comprises an image, the patch may be referred to as an 
image patch. The output patches ( e.g. output images 

The method comprises a step SlO0 of receiving training 
data 100. The training data 100 may be provided for example 
via a communications interface 112 ( e.g. connecting to an 
external data connection or storage device) connected to a 
data processing unit 120 that is to perform the method (as 
depicted schematically in FIG. 10). The training data 100 
comprises a set of input patches. A patch consists of a target 
portion of a digital representation of a head region. In a case 
where the digital representation comprises an image, the 
patch may be referred to as an image patch. Each input patch 
(e.g. input image patch) comprises a target feature of the 
digital representation ( e.g. image) of the head region prior to 
adjustment of the digital representation ( e.g. adjustment of 
the image to be displayed) of the head region. The target 45 

feature is the same for each input patch. The target feature 
may comprise one or more of the following: an eye region 
comprising at least part of an eye ( as in the specific examples 
discussed above with reference to FIG. 4 for example), a 
nose region comprising at least part of a nose, a mouth 
region comprising at least part of a mouth, a chin region 
comprising at least part of a chin, and a neck region 
comprising at least part of a neck. In an embodiment each 
input image patch comprises a portion of the image of the 
head region corresponding to the target feature, such as the 55 

above-mentioned eye region, nose region, mouth region, 
chin region, or neck region. 

35 patches) are in one-to-one correspondence with the input 
patches. Each output patch comprises the target feature of 
the digital representation ( e.g. image) of the head region 
after adjustment of the digital representation (e.g. adjust­
ment of the image to be displayed) of the head region. Thus, 

40 in the case where an image of the head region is to be 
adjusted to correct a gaze direction, each output patch 
comprises an eye region that has been adjusted so that the 
gaze appears to be in the desired direction (e.g. directly 
towards a destination observer 24). 

The method further comprises a step Sl0l comprising 
using a first machine learning algorithm to generate first 
reference data 101 using the training data 100. The first 
reference data 101 comprises editing instructions (e.g. image 
editing instructions) for adjusting the digital representation 

50 ( e.g. image) of the head region for a range of possible digital 
representations (e.g. digital representations representing dif­
ferent states of the head, such as different positions and/or 
orientations, optionally represented as different images) of 
the head region. 

The method further comprises a step S102 comprising 
using a second machine learning algorithm to generate 
second reference data 102. The second machine learning 
algorithm uses the same training data 100 as the first 
machine learning algorithm in step SlOl. The second 

In an embodiment, the target feature comprises an eye 
region comprising at least part of an eye and the adjustment 
of the digital representation (e.g. image) of the head region 
comprises adjusting a gaze direction. 

In an embodiment, the target feature comprises a nose 
region comprising at least part of a nose and the adjustment 
of the digital representation (e.g. image) of the head region 
comprises adjusting a shape and/or texture of the nose ( e.g. 
to make nose look smaller and/or slimmer by a fixed 
proportion, similar to the effect of a "tele lens"). 

60 machine learning algorithm further uses the first reference 
data 101 output by the first machine learning algorithm in 
step SlOl. The second reference data 102 comprises editing 
instructions (e.g. image editing instructions) for adjusting 
the digital representation ( e.g. image) of the head region for 

65 a range of possible digital representations ( e.g. different 
positions and/or orientations, optionally represented as dif­
ferent images) of the head region. 
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In an embodiment, the first reference data 101 comprises 
first editing instructions ( e.g. first image editing instructions) 
for a range of possible configurations of the target feature 
( e.g. different gaze directions and/or eye morphologies in the 
case where the target feature comprises an eye region) and 5 

first selection instructions for selecting editing instructions 
(from the first editing instructions) for a particular input 
patch (e.g. input image patch) based on the configuration of 
the target feature of the input patch ( e.g. the particular gaze 
direction and/or particular eye morphology of that input 10 

patch). 
In an embodiment, the second reference data comprises 

second editing instructions ( e.g. second image editing 
instructions) for a range of possible configurations of the 

15 
target feature and second selection instructions for selecting 
editing instructions (from the second editing instructions) 
for a particular input patch ( e.g. input image patch) based on 
the configuration of the target feature of the input patch. 

The configuration of the target feature of each input patch 20 

may be represented by a feature vector derived from plural 
local descriptors ( e.g. local image descriptors) of the input 
patch, as described above with reference to step S3 of FIG. 
3 for the particular case where stereoscopic pairs of images 
containing eye regions are processed (but the method is 25 

applicable more generally than this particular case). As 
described above, the feature vector may take various forms 
but is generally adapted to be suitable for looking up editing 
instructions for performing adjustment of the digital repre­
sentation ( e.g. image) of the head region. In the present 30 

embodiment, the first and second selection instructions 
define how the feature vector is used to select editing 
instructions for the input patch. In an embodiment, the 
editing instructions comprise a displacement vector field 
defining how the input patch is to be transformed to perform 35 

the adjustment. The displacement vector field may take any 
of the forms discussed above. The editing instructions are 
not limited to displacement vector fields, however. Other 
editing operations may additionally or alternatively be asso­
ciated with the features vectors to perform other desired 40 

adjustments of the digital representation ( e.g. image) of the 
head region, including for example adjustments to pixel 
colors or intensities, or changes to underlying geometries 
( e.g. via a filter field, brightness adjustment field, or texture 
blending field). 

In an embodiment, a first editing algorithm ( e.g. first 
image editing algorithm) is used by the first machine learn­
ing algorithm to define how the first editing instructions are 

45 

to be applied to an input patch to derive an output patch. A 
second editing algorithm (e.g. second image editing alga- 50 

rithm) is used by the second machine learning algorithm to 
define how the second editing instructions are to be applied 
to an input patch to derive an output patch. The first and 
second editing algorithms may comprise any of the methods 
described above for implemented step SS of FIG. 3, 55 

described with reference to FIGS. 6 and 7. 
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editing instructions into the first editing instructions by 
inverse principle component analysis transform. 

In an alternative approach, the second editing instructions 
are wavelet components of the first editing instructions. The 
second editing algorithm in this case transforms the second 
editing instructions into the first editing instructions by 
inverse wavelet transform. 

In an embodiment, the first selection instructions for the 
first reference data are able to select between a larger 
number of alternative editing instructions ( e.g. image editing 
instructions) than the second selection instructions for the 
second reference data. The first machine learning algorithm 
may thus be described as having more input parameters than 
the second machine learning algorithm. The first machine 
learning algorithm may provide higher accuracy than the 
second machine learning algorithm but will typically operate 
considerably slower. Additionally, the first selection instruc­
tions may be significantly more complex (e.g. involving 
linear algebra or other relatively computer intensive opera­
tions) than the second selection instructions (where the 
selection instructions may resemble a computationally 
straightforward look-up table, a combination of a look-up 
table and a tree structure, or similar). 

In one particular embodiment, the first machine learning 
algorithm comprises a neural network (known to provide 
relatively high accuracy, but at the expense of relatively high 
computational demands). In such an embodiment, and oth­
ers, the second machine learning algorithm may comprises 
a regression forest (known to provide higher computational 
efficiency, but at the expense of reduced accuracy). The 
inventors have found that the combination of the two 
different machine learning algorithms provides reference 
data that can be used in an adjustment method with high 
efficiency while still achieving high adjustment accuracy. 
The first machine learning algorithm may alternatively com­
prise a support vector machine or a generative adversarial 
network (GAN). The second machine learning algorithm 
may alternatively comprise regression ferns, cluster centres, 
a lookup table, or separable filter banks. In one embodiment, 
the first machine learning algorithm comprises a first neural 
network and the second machine learning algorithm com-
prises a second neural network, wherein the second neural 
network comprises fewer layers and/or smaller convolution 
fields than the first neural network. 

FIG. 9 schematically depicts data flow in a detailed 
example of the method of generating reference data of FIG. 
8. The first and second machine learning algorithms are 
respectively labelled MLAl and MLA2. The first machine 
learning algorithm MLAl receives the training data (la­
belled TD) and, optionally, the first editing algorithm EAl, 
and a similarity metric SM. The similarity metric SM 
provides a numerical value to measure similarity between an 
adjusted image and a desired image and can be used to 
control the first machine learning algorithm MLAl and the 
second machine learning algorithm MLA2 to vary the extent 
to which differences are penalized according to the nature of 
the differences. For example, the similarity metric SM may 
be configured to penalize reductions in portions of images 
that it is desired to maintain ( e.g. sclera in the case where eye 

In an embodiment, the second editing instructions in the 
second reference data are provided in a compressed repre­
sentation. The compressed representation may comprise a 
principle component analysis representation or a wavelet 
representation for example. In this case, the first and second 
editing algorithms may be adapted to define how to operate 
efficiently in this context. 

In an embodiment, the second editing instructions are 
principle component analysis components of a principle 
component analysis of the first editing instructions. The 
second editing algorithm in this case transforms the second 

60 regions are being adjusted) or deviations of adjusted features 
from a known form ( e.g. deviations in the shape of an iris 
from an elliptical form) or from a form that is observed in 
training data. Alternatively or additionally, the training data 
may comprise an average absolute or square difference 

65 between the adjusted image and a target, or average absolute 
or square difference between low level representations of the 
adjusted image and target, such as low level features from a 
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deep learning network (as discussed above). In the example 
shown, the first editing algorithm EAl receives auxiliary 
data AuxD, which defines a basis set used for providing a 
compressed representation of image editing instructions. 
The first machine learning algorithm MLAl outputs first 
selection instructions LAl and first editing instructions EDl. 
The second machine learning algorithm MLA2 receives the 
same training data TD and, optionally, the second editing 
algorithm EA2, and the similarity metric SM. The second 
machine learning algorithm MLA2 additionally receives the 
first editing instructions EDl. The second machine learning 
algorithm outputs second selection instructions LA2 and 
second editing instructions ED2. 

The second machine learning algorithm MLA2 thus gets 
the editing instructions to match or to approximate, and does 
not have to infer these from the matched input images as 
MLAl. 

FIG. 10 depicts a device 110 for generating the reference 
data. The device 110 comprises a data processing unit 120 
configured to perform the method of generating the refer­
ence data according to any of the disclosed embodiments. 
The data processing unit 110 may be implemented by a 
processor executing a suitable computer program or by 
dedicated hardware or by some combination of software and 
hardware. Data input/output may be provided via a commu­
nications interface 112. Where a computer program is used, 
the computer program may comprise instructions in any 
suitable language and may be stored on a computer readable 
storage medium, which may be of any type, for example: a 
recording medium which is insertable into a drive of the 
computing system and which may store information mag­
netically, optically or opto-magnetically; a fixed recording 
medium of the computer system such as a hard drive; or a 
computer memory. 

FIG. 11 depicts a method of adjusting a digital represen­
tation of a head region. In the example shown, the digital 
representation comprises an image of a head region, but the 
method can be adapted to use any of the digital represen­
tations discussed above ( e.g. to additionally or alternatively 
process three-dimensional digital representations). The 
method may use reference data generated using any of the 
methods of generating reference data disclosed herein or 
may use reference data generated using other methods. 

The method comprises a step S200 in which a target patch 
(in this case an image patch) is identified in an image 200 of 
a head region that is to be adjusted. The target patch 
comprises a target feature of the head region. The target 
feature may take any of the forms discussed above. The step 
S200 may optionally comprise detecting a head and/or eye 
location as described above with reference to step Sl of FIG. 
3. The step S200 may optionally further comprise identify­
ing image patches using the methodology described above 
with reference to steps S2-1 and S2-2 of FIG. 5, except that 
the image patches do not necessarily need to be identified as 
stereoscopic pairs (although they may be if desired). 

In step S201, a feature vector is derived from plural local 
descriptors ( e.g. local image descriptors) of the target ( e.g. 
image) patch. The feature vector may be derived using the 
methodology described above with reference to step S3 of 
FIG. 3. The feature vector may take any of the forms 
discussed above. 

18 
(representing for example different gaze directions and/or 
eye morphologies in the case where the target feature 
comprises an eye region). 

In step S203, the selected editing instructions are applied 
5 to the target patch to adjust the image of the head region ( e.g. 

to correct a gaze direction). 
In an embodiment, the editing instructions ( e.g. image 

editing instructions) are provided in a compressed represen­
tation, comprising for example one or more of the following: 

10 a principle component analysis representation; a wavelet 
representation; Fourier and/or discrete cosine transform 
components; cluster centers. The use of a compressed rep­
resentation reduces data storage and bandwidth require­
ments during use of the image editing instructions to per-

15 form adjustment of the digital representation (e.g. image) of 
the head region. Alternatively or additionally, the reference 
data containing the editing instructions may be generated 
using any of the embodiments disclosed herein. The refer­
ence data may comprise the second reference data discussed 

20 above for example. 
Reference to editing instructions herein is understood to 

encompass any data which can be used to define how a 
digital representation ( e.g. image) of a head region should be 
adjusted to achieve a desired aim ( e.g. gaze correction or 

25 conversion from a two-dimensional digital representation to 
a three-dimensional digital representation or both). The 
editing instructions may comprise data that can used directly 
to modify a digital representation ( e.g. image), such as a 
vector field, or intermediate data such as a machine learning 

30 parameter set that can be used to generate data that can be 
used directly to modify the digital representation ( e.g. 
image). 

FIG. 12 schematically depicts data flow in a detailed 
example of a method of adjusting a digital representation of 

35 a head region in the case where the digital representation 
comprises an image, using reference data generated accord­
ing to the detailed example of FIG. 9. Input data ID is 
provided from a sensor system SS ( e.g. comprising one or 
more cameras). The input data ID is input to the second 

40 selection instructions LA2 to select editing instructions 
appropriate to the input data ID from the second editing 
instructions ED2. The selected editing instructions, which in 
this example are provided in a compressed representation 
( e.g. principle component analysis components or wavelet 

45 components) from the compressed second editing instruc­
tions ED2, are then used by the second editing algorithm 
EA2, in combination with the auxiliary data AuxD providing 
the basis set for the compressed representation, to provide 
output data OD. The output data OD comprises an adjusted 

50 image of the head region and is displayed via a display DS. 
As described above, the method of adjusting a digital 

representation of a head region (e.g. an image of a head 
region) may be implemented in an image processor 30 
provided in various different devices. By way of non-

55 !imitative example, there will now be described a particular 
implementation in a telecommunications system which is 
shown in FIG. 13 and arranged as follows. 

In this implementation, the source device 10 and the 
destination device 10 communicate over such a telecommu-

60 nications network 50. For communication over the telecom-
munications network 50, the source device 10 includes a 
telecommunications interface 17 and the destination device 
20 includes a telecommunications interface 27. 

In step S202, the feature vector is used to select editing 
instructions (e.g. image editing instructions) from reference 65 

data 102. The reference data 102 comprising editing instruc­
tions for a range of possible values of the feature vector 

In this implementation, the image processor 30 is pro­
vided in the source device 10 and is provided with an image 
of a head region directly from a camera system 12 (in this 
example, a stereoscopic pair of images). The telecommuni-
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cations interface 17 is arranged to transmit the adjusted 
images 38 over the telecommunications network 50 to the 
destination device 20 for display thereon. 

The destination device 20 includes an image display 
module 28 that controls the display 26. The adjusted images 
38 are received in the destination device 20 by the telecom­
munications interface 27 and supplied to the image display 
module 28 which causes them to be displayed on the display 
26. 

The following elements of the destination device 20 are 
optionally included in the case that the method corrects gaze 
for a destination observer 24 in an observer location other 
than a normal viewing position perpendicular to the center 
of the display location. In this case, the destination device 20 
includes a camera system 23 and an observer location 
module 29. The camera system 23 captures an image of the 
destination observer 24. The observer location module 29 
derives the location data 40. The observer location module 
29 includes a head tracking module that uses the output of 
the camera system 23 to detect the location of the destination 
observer 24. Where the relative observer location also takes 
into account the location of the image displayed on the 
display 21, the observer location module 29 obtains the 
location of the image displayed on the display 21 from the 
image display module 28. The telecommunications interface 
17 is arranged to transmit the location data 40 over the 
telecommunications network 50 to the source device 10 for 
use thereby. 

Although the above description refers to a method applied 
to images supplied from a source device 10 to a destination 
device 20, the method may equally be applied to images 
supplied in the opposite direction from the destination 
device 20 to the source device 10, in which case the 
destination device 20 effectively becomes the "source 
device" and the source device 10 effectively becomes the 
"destination device". Where images are supplied bi-direc­
tionally, the labels "source" and "destination" may be 
applied to both devices, depending on the direction of 
communication being considered. 

FIG. 14 depicts a further embodiment of a method of 
generating reference data for adjusting a digital representa­
tion of a head region using a framework of the type depicted 
in FIG. 8. In this embodiment, the training data 100 received 
in step Sl00 (FIG. 8) comprises a set of input digital 
representations of a head region (e.g. input patches each 
consisting of a target portion of a two-dimensional digital 
representation of the head region, such as a captured image). 

In step Sl0l, a first machine learning algorithm MLAl is 
trained using the training data 100, the training causing the 
first machine learning algorithm MLAl to become capable 
of performing an adjustment of a digital representation of a 
head region. In an embodiment, the adjustment of the digital 
representation comprises converting from a two-dimen­
sional digital representation to a three-dimensional digital 
representation ( e.g. converting from a 2D image of a portion 
of a head region to a 3D mesh of a portion of the head 
region). The trained first machine learning algorithm MLAl 
is then used to generate first reference data 101. The first 
reference data 101 comprises an adjusted digital represen­
tation of the head region for each of at least a subset of the 
input digital representations in the training data 100. Each 
adjusted digital representation is obtained by performing the 
adjustment that the first machine learning algorithm MLAl 
was trained to perform. 

In step Sl 02, a second machine learning algorithm MLA2 
is trained using at least a subset of the training data 100 used 
to train the first machine learning algorithm MLA2 and the 

20 
first reference data 101. The training causes the second 
machine learning algorithm MLA2 to become capable of 
performing the same adjustment of a digital representation 
of a head region as the first machine learning algorithm 

5 MLAl. 
In the particular embodiment of FIG. 14, the first machine 

learning algorithm MLAl comprises a first encoder 306A 
and a first predictor 308A. The training data 100 is input to 
the first encoder 306A. In this embodiment, the first encoder 

10 306A comprises a feature extractor algorithm. The feature 
extractor algorithm derives informative and non-redundant 
values from the training data 100 (i.e. extracts meaningful 
features from the training data 100). Examples of feature 
extractor algorithms include Convolutional Neural Net-

15 works, Principal Component Analysis, SIFT (Scale Invari­
ant Feature Transform). An output from the first encoder 
306A is input to a first predictor 308A. The first predictor 
308A generates an adjusted version of each input digital 
representation in the training data 100 based on the output of 

20 the first encoder 306A (e.g. features extracted by the first 
encoder 306A). In this embodiment, each input digital 
representation comprises a two-dimensional digital repre­
sentation (e.g. a two-dimensional image) and the adjusted 
version of each input digital representation comprises a 

25 three-dimensional digital representation (e.g. a mesh). Each 
three-dimensional digital representation is input to a ren­
derer 310. The renderer 310 synthesizes one or more two­
dimensional digital representations corresponding to each 
input three-dimensional digital representation ( e.g. one or 

30 more photorealistic images of the head region defined by the 
three-dimensional digital representation). The output from 
the renderer 310 is then input to a second encoder 3 06B. The 
second encoder 306B may be identical to the first encoder 
306A. An output from the second encoder 306B is input to 

35 a second predictor 308B. The second predictor 308B may be 
identical to the first predictor 308A. A first regularizer 314 
is provided that compares the output from the first encoder 
306A with the output from the second encoder 306B and 
imposes one or more predetermined first constraints. A 

40 second regularizer 316 is provided that compares the output 
from the first predictor 308A with the output from the second 
predictor 308B and imposes one or more predetermined 
second constraints. The first regularizer 314 and the second 
regularizer 316 may use a set of semantically meaningful 

45 constraints ( examples of the first constraints and second 
constraints) or additional information to help reach a desir­
able solution and to prevent overfitting. The constraints may 
help to ensure that generated three-dimensional digital rep­
resentations are natural looking for example, by requiring 

50 high levels of natural levels of smoothness. Using this 
architecture, the first machine learning algorithm MLA 
iteratively updates properties of the first predictor 308A and 
the second predictor 308B (e.g. by adjusting parameters 
such as weights defining the operation of the predictor) to 

55 maximize matching between the outputs from the first and 
second encoders (as measured by the first regularizer 314) 
subject to the first constraints and to maximize matching 
between the outputs from the first and second predictors (as 
measured by the second regularizer 316) subject to the 

60 second constraints. In other embodiments, the first encoder 
306A and second encoder 306B may also be iteratively 
updated. The training of the first machine learning algorithm 
MLAl thus comprises iteratively using a rendering process 
to generate a two-dimensional digital representation from a 

65 three-dimensional digital representation generated by the 
first machine learning algorithm MLAl and comparing the 
generated digital representation with a corresponding digital 
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representation in the training data. Once matching has been 
achieved or a predetermined number of iterations have been 
performed, the first machine learning algorithm MLAl is 
considered trained and the resulting output from the second 
predictor 308B can be used to provide the first reference data 
101 (which in this embodiment comprises three-dimensional 
digital representations corresponding to the input two-di­
mensional representations in the training data 100). 

As an extension, new two-dimensional and/or three­
dimensional digital representations can be generated by 
applying editing instructions either to two-dimensional digi­
tal representations (which are converted to three-dimen­
sional digital representations by the trained first machine 
learning algorithm MLAl) or to three-dimensional digital 
representations output by the trained first machine learning 
algorithm MLAl). In this case, the first reference data 101 
may include the two-dimensional digital representations 
and/or three-dimensional representations after modification 
by the editing instructions. 

A set of thus generated three-dimensional digital repre­
sentations output as first reference data 101 and correspond­
ing two-dimensional digital representations (e.g. directly 
from the training data 100 as shown in FIG. 14) are used to 
train the second machine learning algorithm MLA2 (input at 
block 304). In this embodiment, the second machine learn­
ing algorithm MLA2 also comprises an encoder 306C and a 
predictor 308C, which may be configured as described 
above for the first machine learning algorithm MLAl. The 
predictor 308C (and, optionally, the encoder 308C) may be 
iteratively updated (trained) using a regularizer 318 based on 
the input training data 100 and first reference data 101. Thus, 
the second machine learning algorithm MLA2 learns to 
convert between a two-dimensional digital representation 
and a three-dimensional digital representation based on the 
mapping between two-dimensional digital representations 
and three-dimensional digital representations derived using 
the renderer 310 in the first machine learning algorithm 
MLAl. Provided the mapping derived by the first machine 
learning algorithm MLAl is reliable, the second machine 
learning algorithm MLA2 will be able to provide accurate 
conversion between two-dimensional digital representations 
and three-dimensional digital representations using a sim­
pler trained machine learning model (which can be stored 
and operated using fewer computing resources than the first 
machine learning algorithm MLAl). 

FIG. 15 depicts data flow in an example implementation 
of an embodiment in which a pre-trained second machine 
learning algorithm MLA2 is updated (i.e. trained further) in 
at or near input data frame rate (i.e. online ). In embodiments 

22 
the pre-trained second machine learning algorithm MLA2 
using first reference data ( e.g. editing instructions) generated 
by the first machine learning algorithm MLAl using one or 
more of the received digital representations (from the input 

5 data ID). The first reference data may comprise a set of 
editing instructions in one-to-one correspondence with the 
input patches, each editing instruction being for adjusting 
the digital representation of the head region. In the example 
depicted in FIG. 15, the first reference data for the updating 

10 is generated in a background process and the second 
machine learning algorithm MLA2 is updated at or near 
input data frame rate (i.e. online ). 

The updating thus uses a pre-trained version of the first 

15 
machine learning algorithm MLAl (which, as described 
above, is configured to provide more highly detailed refer­
ence data at the expense of higher computational demands, 
relative to the second machine learning algorithm MLA2) to 
generate first reference data that is used to update the second 

20 machine learning algorithm MLA2. Where the first machine 
learning algorithm MLAl is slower than the second machine 
learning algorithm MLA2 (which will normally be the case 
where the first machine learning algorithm MLAl is con­
figured to provide more highly detailed reference data than 

25 the second machine learning algorithm MLA2), only a 
subset of the input data ID ( comprising the received and 
adjusted digital representations) are used to update the 
second machine learning algorithm MLA2, thereby allowing 
the updating process to keep up with the adjusting of the 

30 input data ID by the second machine learning algorithm 
MLA2 to provide the output data OD. Any of various known 
techniques may be used to perform the updating of the 
second machine learning algorithm MLA2. For example, the 
online updating may be performed as described in Amir 

35 Saffari, Christian Leistner, Jakob Santner, Martin Godec, 
and Horst Bischof, "On-line Random Forests," in 3rd IEEE 
ICCV Workshop on On-line Computer Vision, 2009, which 
is herein incorporated by reference in its entirety, or as 
described in Online Deep Learning: Leaming Deep Neural 

40 Networks on the Fly, Doyen Sahoo, Quang Pham, Jing Lu, 
Steven C.H., Hoi School oflnformation Systems, Singapore 
Management University (https://arxiv.org/pdf/ 
1711.03705.pdf), which is herein incorporated by reference 
in its entirety. The second machine learning algorithm 

45 MLA2 can therefore be gradually improved during use, as 
more input data ID are encountered and processed by the 
system. 

Additional embodiments of the disclosure are described in 
the following numbered clauses. 

of this type, a plurality of the digital representations ( e.g. 50 

images) of the head region may be received as input data ID 
(e.g. from a sensor system SS as described above) and 
adjusted ( e.g. as described above with reference to FIGS. 11, 

1. A method of generating reference data for adjusting an 
image of a head region, the method comprising: 
receiving training data comprising: 
a set of input image patches, each input image patch 

comprising a target feature of an image of a head region 
prior to adjustment of the image of the head region, 
wherein the target feature is the same for each input 

12 and 14) to provide output data OD that is subsequently 
displayed via display DS ( as described above with reference 55 

to FIG. 12). The input data ID may comprise a set of input 
patches, each input patch comprising a target feature of a 
digital representation of a head region prior to adjustment of 
the digital representation of the head region, wherein the 
target feature is the same for each input patch. The adjust- 60 

ment may be performed using a pre-trained version of the 
second machine learning algorithm MLA2, optionally in 
combination with a geometrical model. The input data ID 
may comprise digital representations captured at different 
points in times, such as different frames in a sequence of 65 

images obtained by the sensor system SS in a video capture 
mode. In an embodiment, the method comprises updating 

image patch; and 
a set of output image patches in one-to-one correspon­

dence with the input image patches, each output image 
patch comprising the target feature of the image of the 
head region after adjustment of the image of the head 
region; 

using a first machine learning algorithm to generate first 
reference data using the training data, the first reference data 
comprising image editing instructions for adjusting the 
image of the head region for a range of possible images of 
the head region; and 
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using a second machine learning algorithm to generate 
second reference data using the same training data as the first 
machine learning algorithm and the first reference data 
generated by the first machine learning algorithm, the sec­
ond reference data comprising image editing instructions for 5 

adjusting the image of the head region for a range of possible 
images of the head region. 
2. The method of clause 1, wherein: 

the first reference data comprise first image editing 
instructions for a range of possible configurations of the 10 

target feature and first selection instructions for selecting 
image editing instructions for a particular input image patch 
from the first image editing instructions based on the con­
figuration of the target feature of the input image patch; and 

the second reference data comprise second image editing 15 

instructions for a range of possible configurations of the 
target feature and second selection instructions for selecting 
image editing instructions for a particular input image patch 
from the second image editing instructions based on the 
configuration of the target feature of the input image patch. 20 

3. The method of clause 2, wherein the configuration of the 
target feature of each input image patch is represented by 
a feature vector derived from plural local image descrip­
tors of the input image patch, and the first and second 
selection instructions define how the feature vector is used 25 

to select image editing instructions for the input image 
patch. 

24 
following: a neural network; a support vector machine; a 
generative adversarial network, GAN. 

12. The method of any preceding clause, wherein the second 
machine learning algorithm comprises one or more of the 
following: a regression forest; regression fems, cluster 
centres, a lookup table, separable filter banks. 

13. The method of any of clauses 1-10, wherein the first 
machine learning algorithm comprises a first neural net­
work and the second machine learning algorithm com­
prises a second neural network, wherein the second neural 
network comprises fewer layers and/or smaller convolu­
tion fields than the first neural network. 

14. The method of any preceding clause, wherein the target 
feature comprises one or more of the following: an eye 
region comprising at least part of an eye, a nose region 
comprising at least part of a nose, a mouth region com­
prising at least part of a mouth, a chin region comprising 
at least part of a chin, a neck region comprising at least 
part of a neck, and a hair region comprising hair. 

15. The method of any of clauses 1-13, wherein: 
the target feature comprises an eye region comprising at 

least part of an eye and the adjustment of the image of the 
head region comprises adjusting a gaze direction; 

the target feature comprises a nose region comprising at 
least part of a nose and the adjustment of the image of the 
head region comprises adjusting a shape and/or texture of 
the nose; 4. The method of clause 2 or 3, wherein the image editing 

instructions comprise a displacement vector field defining 
how the input image patch is to be transformed. 

5. The method of clause 2 or 3, wherein the image editing 
instructions comprise a filter field, a brightness adjust­
ment field, or a texture blending field. 

the target feature comprises a chin region comprising at 
30 least part of a chin and the adjustment of the image of the 

head region comprises adjusting a shape and/or texture of 
the chin; 

6. The method of any of clauses 2-5, wherein: 
a first image editing algorithm is used by the first machine 35 

learning algorithm to define how the first image editing 
instructions are to be applied to an input image patch to 
derive an output image patch; and 

a second image editing algorithm is used by the second 
machine learning algorithm to define how the second image 40 

editing instructions are to be applied to an input image patch 
to derive an output image patch. 
7. The method of clause 6, wherein: 

the second image editing instructions are principle com­
ponent analysis components of a principle component analy- 45 

sis of the first image editing instructions; and 
the second image editing algorithm is configured to 

transform the second image editing instructions into the first 
image editing instructions by inverse principle component 
analysis transform. 
8. The method of clause 6, wherein: 

the second image editing instructions are wavelet com­
ponents of the first image editing instructions; and 

50 

the second image editing algorithm is configured to 
transform the second image editing instructions into the first 55 

image editing instructions by inverse wavelet transform. 
9. The method of any of clauses 2-8, wherein the first 

selection instructions for the first reference data are able 

the target feature comprises a neck region comprising at 
least part of a neck and the adjustment of the image of the 
head region comprises adjusting a shape and/or texture of 
the neck; and/or 

the target feature comprises a hair region comprising hair 
and the adjustment of the image of the head region com­
prises adjusting a color of the hair. 
16. The method of any preceding clause, wherein the second 

image editing instructions in the second reference data are 
provided in a compressed representation. 

17. The method of clause 16, wherein the compressed 
representation comprises one or more of the following: a 
principle component analysis representation; a wavelet 
representation; Fourier and/or discrete cosine transform 
components; cluster centres. 

18. A method of adjusting an image of a head region, the 
method comprising: 
identifying an image patch in the image of the head 

region, the image patch comprising a target feature of the 
image of the head region; 

deriving a feature vector from plural local image descrip­
tors of the image patch; 

using the feature vector to select image editing instruc­
tions from reference data, the reference data comprising 
image editing instructions for a range of possible values of 
the feature vector; and 

to select between a larger number of alternative image 
editing instructions than the second selection instructions 
for the second reference data. 

10. The method of any preceding clause, wherein the first 
machine learning algorithm is of a different machine 
learning algorithm type than the second machine learning 
algorithm. 

applying the selected image editing instructions to the 
60 image patch to adjust the image of the head region, wherein: 

the reference data comprises the second reference data 
generated by the method of any of clauses 1-1 7. 

11. The method of any preceding clause, wherein the first 
machine learning algorithm comprises one or more of the 

65 

19. A method of adjusting an image of a head region, the 
method comprising: 
identifying an image patch in the image of the head 

region, the image patch comprising a target feature of the 
image of the head region; 
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deriving a feature vector from plural local image descrip­
tors of the image patch; 

26 
defined only in accordance with any claims and their equiva­
lents issuing from this disclosure. Furthermore, the above 
advantages and features are provided in described embodi­
ments, but shall not limit the application of such issued 

using the feature vector to select image editing instruc­
tions from reference data, the reference data comprising 
image editing instructions for a range of possible values of 
the feature vector; and 

5 claims to processes and structures accomplishing any or all 
of the above advantages. 

Additionally, the section headings herein are provided for 
consistency with the suggestions under 37 CFR 1.77 or 
otherwise to provide organizational cues. These headings 

applying the selected image editing instructions to the 
image patch to adjust the image of the head region, wherein: 

the image editing instructions in the reference data are 
provided in a compressed representation. 
20. The method of clause 19, wherein the compressed 

representation comprises one or more of the following: a 
principle component analysis representation; a wavelet 
representation; Fourier and/or discrete cosine transform 
components; cluster centres. 

10 shall not limit or characterize the embodiment(s) set out in 
any claims that may issue from this disclosure. Specifically 
and by way of example, although the headings refer to a 
"Technical Field," the claims should not be limited by the 
language chosen under this heading to describe the so-called 

21. A computer program capable of execution by a processor 
and arranged on execution to cause the processor to 
perform a method according to any of the preceding 
clauses. 

15 field. Further, a description of a technology in the "Back­
ground" is not to be construed as an admission that certain 
technology is prior art to any embodiment(s) in this disclo­
sure. Neither is the "S=ary" to be considered as a 
characterization of the embodiment(s) set forth in issued 

22. A computer readable storage medium storing a computer 
program according to clause 21. 

23. A device for generating reference data for adjusting an 
image of a head region, the device comprising a data 
processing unit arranged to: 

20 claims. Furthermore, any reference in this disclosure to 
"invention" in the singular should not be used to argue that 
there is only a single point of novelty in this disclosure. 
Multiple embodiments may be set forth according to the 
limitations of the multiple claims issuing from this disclo-

receive training data comprising: 
a set of input image patches, each input image patch 

comprising information about a target feature of an 
image of the head region prior to adjustment of the 
image of the head region, wherein the target feature is 
the same for each input image patch; and 

25 sure, and such claims accordingly define the embodiment( s ), 
and their equivalents, that are protected thereby. In all 
instances, the scope of such claims shall be considered on 
their own merits in light of this disclosure, but should not be 

a set of output image patches in one-to-one correspon­
dence with the input image patches, each output image 
patch comprising the target portion of the image of the 
head region after adjustment of the image of the head 
region; 

use a first machine learning algorithm to generate first 
reference data using the training data; and 

30 

35 

use a second machine learning algorithm to generate 
second reference data using the same training data as the first 
machine learning algorithm and the first reference data 40 

output by the first machine learning algorithm. 
24. A device for adjusting an image of a head region, the 

device comprising an image processor arranged to process 
the image of the head region by: 
identifying an image patch in the image of the head 45 

region, the image patch comprising information about a 
target feature of the image of the head region; 

deriving a feature vector from plural local image descrip­
tors of the image patch; 

using the feature vector to select image editing instruc- 50 

tions from reference data, the reference data comprising 
image editing instructions for a range of possible values of 
the feature vector; and 

applying the selected image editing instructions to the 
image patch to adjust the image of the head region, wherein: 55 

the image editing instructions in the reference data are 
provided in a compressed representation. 
25. The device of clause 24, further comprising a telecom­

munications interface arranged to transmit the adjusted 
image over a telecommunications network to a destination 60 

device for display thereon. 
While various embodiments in accordance with the prin­

ciples disclosed herein have been described above, it should 
be understood that they have been presented by way of 
example only, and not limitation. Thus, the breadth and 65 

scope of this disclosure should not be limited by any of the 
above-described exemplary embodiments, but should be 

constrained by the headings set forth herein. 
The invention claimed is: 
1. A method of generating reference data for adjusting a 

digital representation of a head region, the method compris-
ing: 

receiving training data comprising: 
a set of input patches, each input patch comprising a 

target feature of a digital representation of a head 
region prior to adjustment of the digital representa­
tion of the head region, wherein the target feature is 
the same for each input patch; and 

a set of output patches in one-to-one correspondence 
with the input patches, each output patch comprising 
the target feature of the digital representation of the 
head region after adjustment of the digital represen­
tation of the head region; 

using a first machine learning algorithm to generate first 
reference data using the training data, the first reference 
data comprising editing instructions for adjusting the 
digital representation of the head region for a range of 
possible digital representations of the head region; and 

using a second machine learning algorithm to generate 
second reference data using the same training data as 
the first machine learning algorithm and the first ref­
erence data generated by the first machine learning 
algorithm, the second reference data comprising editing 
instructions for adjusting the digital representation of 
the head region for a range of possible digital repre­
sentations of the head region, 

wherein the first reference data comprise first editing 
instructions for a range of possible configurations of the 
target feature and first selection instructions for select­
ing editing instructions for a particular input patch from 
the first editing instructions based on the configuration 
of the target feature of the input patch; and 

wherein the second reference data comprise second edit­
ing instructions for a range of possible configurations 
of the target feature and second selection instructions 
for selecting editing instructions for a particular input 
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patch from the second image editing instructions based 
on the configuration of the target feature of the input 
patch. 

2. The method of claim 1, wherein the configuration of the 
target feature of each input patch is represented by a feature 5 

vector derived from plural local descriptors of the input 
patch, and the first and second selection instructions define 
how the feature vector is used to select editing instructions 
for the input patch. 

3. The method of claim 1, wherein the editing instructions 10 

comprise a displacement vector field defining how the input 
patch is to be transformed. 

4. The method of claim 1, wherein the editing instructions 
comprise a filter field, a brightness adjustment field, or a 

15 
texture blending field. 

5. The method of claim 1, wherein: 
a first editing algorithm is used by the first machine 

learning algorithm to define how the first editing 
instructions are to be applied to an input patch to derive 20 

an output patch; and 
a second editing algorithm is used by the second machine 

learning algorithm to define how the second editing 
instructions are to be applied to an input patch to derive 
an output patch. 25 

6. The method of claim 5, wherein: 
the second editing instructions are principle component 

analysis components of a principle component analysis 
of the first editing instructions; and 

the second image editing algorithm is configured to 30 

transform the second editing instructions into the first 
editing instructions by inverse principle component 
analysis transform. 

7. The method of claim 5, wherein: 
the second editing instructions are wavelet components of 35 

the first editing instructions; and 
the second editing algorithm is configured to transform 

the second editing instructions into the first editing 
instructions by inverse wavelet transform. 

8. The method of claim 1, wherein the first selection 40 

instructions for the first reference data are able to select 
between a larger number of alternative editing instructions 
than the second selection instructions for the second refer­
ence data. 

9. The method of claim 1, wherein the first machine 45 

learning algorithm is of a different machine learning algo­
rithm type than the second machine learning algorithm. 

10. The method of claim 1, wherein the first machine 
learning algorithm comprises one or more of the following: 
a neural network; a support vector machine; 50 

and a generative adversarial network (GAN). 
11. The method of claim 1, wherein the second machine 

learning algorithm comprises one or more of the following: 
a regression forest; regression fems, cluster centres, a 
lookup table, and separable filter banks. 55 

12. The method of claim 1, wherein the target feature 
comprises one or more of the following: an eye region 
comprising at least part of an eye, a nose region comprising 
at least part of a nose, a mouth region comprising at least 
part of a mouth, a chin region comprising at least part of a 60 

chin, a neck region comprising at least part of a neck, and a 
hair region comprising hair. 

13. A method of adjusting a digital representation of a 
head region, the method comprising 

receiving a digital representation of a head region; and 65 

using reference data comprising editing instructions to 
adjust the digital representation of the head region, 

28 
wherein the reference data comprises the second ref­
erence data generated by the method of claim 1. 

14. A non-transitory computer readable storage medium 
storing a computer program capable of execution by a 
processor and arranged on execution to cause the processor 
to perform a method according to claim 1. 

15. A method of training a machine learning algorithm to 
adjust a digital representation of a head region, the method 
comprising: 

receiving training data comprising a set of input digital 
representations of a head region; 

training a first machine learning algorithm using the 
training data to perform an adjustment of a digital 
representation of a head region; 

using the trained first machine learning algorithm to 
generate first reference data, the first reference data 
comprising an adjusted digital representation of the 
head region for each of at least a subset of the input 
digital representations, each adjusted digital represen­
tation being obtained by performed the adjustment that 
the first machine learning algorithm was trained to 
perform; and 

training a second machine learning algorithm using at 
least a subset of the training data used to train the first 
machine learning algorithm and the first reference data 
to perform the same adjustment of a digital represen­
tation of a head region as the first machine learning 
algorithm, wherein the adjustment of the digital repre­
sentation comprises converting from a two-dimen­
sional digital representation to a three-dimensional 
digital representation, and wherein the training of the 
first machine learning algorithm comprises iteratively 
using a rendering process to generate a two-dimen­
sional digital representation from a three-dimensional 
digital representation generated by the first machine 
learning algorithm and comparing the generated digital 
representation with a corresponding digital representa­
tion in the training data. 

16. A device for generating reference data for adjusting a 
digital representation of a head region, the device compris­
ing a data processing unit arranged to: 

receive training data comprising: 
a set of input patches, each input patch compnsmg 

information about a target feature of a digital repre­
sentation of the head region prior to adjustment of 
the digital representation of the head region, wherein 
the target feature is the same for each input patch; 
and 

a set of output patches in one-to-one correspondence 
with the input patches, each output patch comprising 
the target portion of the digital representation of the 
head region after adjustment of the digital represen­
tation of the head region; 

use a first machine learning algorithm to generate first 
reference data using the training data; and 

use a second machine learning algorithm to generate 
second reference data using the same training data as 
the first machine learning algorithm and the first ref­
erence data output by the first machine learning algo­
rithm 

wherein the first reference data comprises editing instruc­
tions for adjusting the digital representation of the head 
region for a range of possible digital representations of 
the head region, 

wherein the second reference data comprises editing 
instructions for adjusting the digital representation of 
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the head region for a range of possible digital repre­
sentations of the head region, and 

wherein the second editing instructions in the second 
reference data are provided in a compressed represen-
~~a 5 

. ~ 7. A method of generating reference data for adjusting a 
~1g1tal representation of a head region, the method compris­
mg: 

receiving training data comprising: 
a set of input patches, each input patch comprising a 10 

target feature of a digital representation of a head 
region prior to adjustment of the digital representa­
tion of the head region, wherein the target feature is 
the same for each input patch; and 

a set of output patches in one-to-one correspondence 15 

with the input patches, each output patch comprising 
the target feature of the digital representation of the 
he~d region after adjustment of the digital represen­
tat10n of the head region; 

using a first machine learning algorithm to generate first 20 

reference data using the training data, the first reference 
data comprising editing instructions for adjusting the 
digital representation of the head region for a range of 
possible digital representations of the head region; and 

usmg a second machine learning algorithm to generate 25 

second reference data using the same training data as 
the first machine learning algorithm and the first ref­
erenc_e data generated by the first machine learning 
~lgont~, the second reference data comprising editing 
mstruct10ns for adjusting the digital representation of 30 

the head region for a range of possible digital repre­
sentations of the head region, 

wherein the first machine learning algorithm comprises a 
first neural network and the second machine learning 
algorithm comprises a second neural network and 35 

wherein the second neural network comprises fewer 
layers and/or smaller convolution fields than the first 
neural network. 

. ~8. A method of generating reference data for adjusting a 
~1g1tal representation of a head region, the method compris- 40 

mg: 
receiving training data comprising: 

a set of input patches, each input patch comprising a 
target feature of a digital representation of a head 
region prior to adjustment of the digital representa- 45 

tion of the head region, wherein the target feature is 
the same for each input patch; and 

a set of output patches in one-to-one correspondence 
with the input patches, each output patch comprising 
the target feature of the digital representation of the 50 

he~d region after adjustment of the digital represen­
tat10n of the head region; 

using a first machine learning algorithm to generate first 
reference data using the training data, the first reference 
data comprising editing instructions for adjusting the 55 

digital representation of the head region for a range of 
possible digital representations of the head region; and 

usmg a second machine learning algorithm to generate 
second reference data using the same training data as 
the first machine learning algorithm and the first ref-

30 
erenc_e data generated by the first machine learning 
~lgont~, the second reference data comprising editing 
mstruct10ns for adjusting the digital representation of 
the h~ad region for a range of possible digital repre­
sentat10ns of the head region, 

wherein the target feature comprises an eye region com­
prising at least part of an eye and the adjustment of the 
digital representation of the head region comprises 
adjusting a gaze direction, and/or 

whe~e)n the target feature comprises a nose region com­
pnsmg at least part of a nose and the adjustment of the 
digital representation of the head region comprises 
adjusting a shape and/or texture of the nose, and/or 

wherein the target feature comprises a chin region com­
prising at least part of a chin and the adjustment of the 
di~ital_ representation of the head region comprises 
adJustmg a shape and/or texture of the chin, and/or 

wherein the target feature comprises a neck region com­
prising at least part of a neck and the adjustment of the 
digital representation of the head region comprises 
adjusting a shape and/or texture of the neck, and/or 

wherein the target feature comprises a hair region com­
prising hair and the adjustment of the digital represen­
tation of the head region comprises adjusting a color of 
the hair. 

. 1_9. A method o~ generating reference data for adjusting a 
~1g1tal representat10n of a head region, the method compris­
mg: 

receiving training data comprising: 
a set of input patches, each input patch comprising a 

target feature of a digital representation of a head 
region prior to adjustment of the digital representa­
tion of the head region, wherein the target feature is 
the same for each input patch; and 

a set of output patches in one-to-one correspondence 
with the input patches, each output patch comprising 
the target feature of the digital representation of the 
head region after adjustment of the digital represen­
tation of the head region; 

using a first machine learning algorithm to generate first 
reference data using the training data, the first reference 
~t~ comprising editing instructions for adjusting the 
d1g1tal representation of the head region for a range of 
possible digital representations of the head region; and 

usmg a second machine learning algorithm to generate 
second reference data using the same training data as 
the first machine learning algorithm and the first ref­
erenc_e data generated by the first machine learning 
~lgont~, the second reference data comprising editing 
mstruct10ns for adjusting the digital representation of 
the head region for a range of possible digital repre­
sentations of the head region, 

wherein the second editing instructions in the second 
reference data are provided in a compressed represen­
tation, and 

wherein the compressed representation comprises one or 
more of the following: a principle component analysis 
representation; a wavelet representation; Fourier and/or 
discrete cosine transform components; cluster centers. 

* * * * * 
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