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(57) Abstract: An image processing system to estimate depth for a scene. The image processing system includes a fusion engine to
receive a first depth estimate from a geometric reconstruction engine and a second depth estimate from a neural network architecture.
The fusion engine is configured to probabilistically fuse the first depth estimate and the second depth estimate to output a fused depth
estimate for the scene. The fusion engine is configured to receive a measurement of uncertainty for the first depth estimate from the
geometric reconstruction engine and a measurement of uncertainty for the second depth estimate from the neural network architecture,
and use the measurements of uncertainty to probabilistically fuse the first depth estimate and the second depth estimate.
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DEPTH ESTIMATION

Technical Field

The present invention relates to estimating depth for a scene. The invention has

|94

particular, bt not exclusive, relevance to depth estimation for use bv a robotic device

1o navigate and/or interact with its environment.

Background
In the field of computer vision and robotics, there 13 often a need to consiruct a

10 representation of a three-dimensional (3D} space. Constructing a represeniation of a 3D
space allows a real-world environment to be mapped to a virtual or digital realm, where
it may be used and manipulated by elecironic devices. For example, in augmented
reality applications, a user may use a handheld device to interact with virtual objects
that correspond to entities in a surrounding environment, or a moveable robofic device

i5 may require a representation of a 3D space to allow simultaneous localisation and
mapping, and thus navigation of its environment. In many applications there may be a
need for intetligent systems to have a representation of an environment, so as to couple
digital information sources {0 physical objecis. This then allows advanced human-
machine interfaces, where the physical environment surrounding a person becomes the

2¢ interface. In a similar manner, such representations may also enable advanced machine-
world interfaces, e.g. enabling robotic devices to inferact with and mampulate physical
objects in a real-world environment.

There are several techniques available for constructing a representation of a 3D

space. For example, structure from motion and simultaneous localisation and mapping

25 {SLAM) are two such techniques. SLAM techniques typically mvolve the estimation
of a depth of a 31 scene to be mapped. Depth estimation may be performed using a
depth camera. However, depth cameras typically have limuted range, relatively high
power consumption and may not function correctly in outdoor environments, such as
in bright sunlight. In other cases, depth estimation may be performed without the use

30 of a depth camera, for example based on images of the space.

The paper “CNN-SLAM: Real-time dense monocular SLAM with learned depth

prediction” by K. Tateno et al, as set out in the Proceedings of the IEEE Conference on
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Computer Vision and Pattern Recognition (CVPR), 2017, describes fusion of a depth
map obtained by a convolutional neural network (CNN) with depth measwrements
obtained from direct monocular SLAM. To recover blwred depth borders, the CNN-

predicted depth map 1s used as an mitial guess for reconstruction and is successively
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refined by means of a direct SLAM scheme relying on small-baseline stereo matching
on a per-pixel basis. However, this approach does not preserve global consistency.
Given existing technigues, there is a desire for useable and efficient methods of

depth estimation, for example to improve the mapping of a 3D space.

10 Summary

According to a first aspect of the present invention, there is provided an 1mage
processing system to estimate depth for a scene. The image processing svstem
comprises a fusion engine to receive a first depth estimate from a geometric
reconstruction engine and a second depth estimate from a neural network architecture,

i5 and to probabilistically fuse the furst depth estimate and the second depth estimate to
output a fused depth estimate for the scene, wherein the fusion engine is configured to
receive a measurement of uncertainty for the first depth estimate from the geometric
reconstruction engine and a measurement of uncertainty for the second depth estimate
from the neural network architecture, and wherein the fusion engine is configured to

2¢ use the measurements of uncertainty to probabilistically fuse the first depth estimate
and the second depth estimale.

In certain exaroples, the fusion engine is configured to receive a surface
orientation estimate, and a measure of uncertainty for the surface orientation estimate,
from the neural network architecture, and to use the surface orientation estimate, and

25 the measure of unceriainty for the surface orientation estimate, to probabilistically fuse
the first depth estimate and the second estimate.

in certain examples, the surface ortentation estimate comprises one or more of:
a depth gradient estimate in a first direction; a depth gradient estimate n a direction
orthogonal to the first direction; and a surface normal estimate.

30 In certain examples, the fusion engine is configured to determine a scale

estimate when probabilistically fusing the first depth estimate and the second estimate.
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In certain examples, the scene is captured in a first frame of video data, the
second depth estimate is received for the first frame of video data, the first depth
estimate comprises a plurality of first depth estimaites for the first frame of video data,

at least one of the plurality of first depth estimates being generated using a second frame
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of video data that differs from the first frame of video data, and the fusion engine is

configured to iteratively ouiput the fused depth estimate for the scene, at each iteration

processing the second depth estimate and one of the plurality of depth estimales.
In certain exaraples, the first depth estimate, the second depth estimate and the
fused depth estimate each comprise a depth map for a plurality of pixels.

10 In certain exampies, the first depth estimate 1s a semi-dense depth estimate, and
the second depth estimaie and the fused depth estimate each compnse a dense depth
estirate.

in cerfain examples, the sysiem comprises: a monocular camera {0 capture
frames of video data; a tracking system to determine poses of the monocular camera
i5 during observation of the scene; and the geomelric reconsiruction engine. In such
examples, the geometric reconstruction engine is configured to use the poses from the
tracking system and the frames of video data to generate depth estimates for at least a
subset of pixels from the frames of video data, the geometric reconsiruction enging

being configured to minimise a photometric error to generate the depth estimates.

20 in certain examples, the svstem comprises the neural network architecture, and
the neural network architecture comprises one or more neural networks and s
configured to receive pixel values for frames of video data and predict: a depth estimate
for each of a first set of image portions to generate the second depth estimate; at least
one surface orientation estimate for each of a second set of image portions; one or more

25 uncertainty measures associated with each depth estimate; and one or more uncertaimty

measures associated with each surface orientation estimate.

According to a second aspect of the present invention there is provided a method

of estimating depth for a scene. The method comprises generating a first depth estimate

30 for the scene using a geometric reconstruction of the scene, wherein the geomeiric
reconstruction is configured to ouiput a measure of uncertainty for the first depth

estimnate; generating a second depth estimate for the scene using a newral network
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architecture, wherein the neural network architecture is configured to output 3 measure
of uncertainty for the second depth estimate; and probabilistically fusing the first depth
estimate and the second depth estimate using the measures of uncertainty to generate a

tused depth estimate for the scene.
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In certain examples, the method comprises, prior to generating the first depth
estimate, obiaining image data representative of two or more views of the scene froma
camera. In such examples, generating the first depth estimale comprises: obfaining a
pose estimate for the camera; and generating the furst depth estimnate by mimimising a
photometric error, the photometric error being a fimction of at [east the pose estimate
10 and the image data.

In certain examples, the method comprises, prior (o generating the first depth
estimate, obiaining image data representative of one or more views of the scene froma
camera. In such examples, generating the second depth estimate comprises: receiving,
at the neural network architecture, the image data; predicting, using the neural network

15 architecture, a depth estimate for each of a set of image portions to generate the second
depth estimate; predicting, using the neural network architecture, at least one surface

orientation estimate for each of the set of image portions; and predicting

gl

using the

neural network architecture, a set of uncertainty measures for each depth estimate and

for each surface orientation estimate. The surface orientation estimate mav comprise

20 one or more of: a depth gradient estimate in a first direction; a depth gradient estimate
in a direction orthogonal to the first direction; and a surface normal estimate.

In certain examples, the method comprises, prior to generating the first depth

estimate, obtaining image data representative of two or more views of the scene from a

camera, the image data comprising a plurality of pixels. In such examples, generating

25 the first depth estimate comprises: obtaining a pose estimate for the camera; and
generating a semi-dense depth estimate, the semi-dense depth estimate comprising
depth estimates for a portion of the pixels in the image data. In these examples,
generating the second depth estimate comprises generating a dense depth estimate for
the pixels in the image data, and probabilistically fusing the first depth estimate and the

30 second depth estimate comprises outputting a dense depth estimate for the pixels in the

image data.
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In certain examples, the method 1s tteratively repeated and, for a subsequent
iteration, the method comprises determining whether to generate the second depth
estimate, and probabilistically fusing the first depth estimate and the second depth

estimate comprises, responsive {o a determination not fo generate the second depth
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estimate, using a previous set of values for the second depth estimate.
in certain examples, the method is applied to frames of video data and

probabilistically fusing the first depth estimate and the second depth estimate

comprises, for a given frame of video data: optimising a cost function comprising a first
cost term associated with the first depth estimate and a second cost term associated with

10 the second depth estimate. In such examples, the first cost term comprises a function of
fused depth estimate values, first depth estimate values and uncertainty values for the
first depth estimate, the second cost term comprises a function of fused depth estimate
values, second depth estimate values, and uncertainty values for the second depth
estimale, and the cost function is optimised to determine the {used depth estimate

i5 values. Optimising the cost function may comprise determining a scale factor for the
fused depth estimate, the scale factor indicating a scale for the fused depth estimate with
respect 1o the scene. In some examples, the method includes generating at least one
surface crientation estimate for the scene using the neural network architecture, wherein
the neural network architecture is configured to output a measure of uncertainty for

20 each of the at least one surface orientation estimate, wherein the cost function comprises
a third cost term associated with the at least one surface ortentaiion estimate, wherein
the third cost term comprises a function of fused depth estumate values, surface
orientation estimate values, and uncertainty values for each of the at least one surface
orientation estimate.

25 In a particular set of examples according o the second aspect, the geometric
reconstruction of the scene is configured fo generate a first depth probability volume
for the scene, the first depth probability volume comprising: a first plurality of depth
estimales, comprising the first depth estimate; and a first plurality of measures of
uncertainty, each associated with a respective depth estimate of the first plurality of

30 depth estimates, wherein a measure of uncertainty associated with a given depth

estimate of the first plurality of depth estimates represents a probability that a given

region of the scene is at a depth represented by the given depth estimate of the first
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plurality of depth estimates; and the neural network architecture is configured to output
a second depth probability volume for the scene, the second depth probability volume
comprising: a second plurality of depth estimates, comprising the second depth

estimate; and a second plurality of measures of uncertainty, each associated with a

|94

respective depth estimate of the second plurality of depth estimates, wherein a measure

of uncertainty associated with a given depth estimate of the second plurality of depth

estimales represents a probability that a given region of the scene is at a depth
represenied by the given depth estimate of the second plurality of depth estimates.
In certain examples of the particular set of examples, generating the second

10 depth estimate for the scene comprises processing image data representative of an
image of the scene using the neural network architecture to generate the second depth
probability volume, wherein the second plurality of depth estimates comprises a
plurality of sets of depth estimates, each associated with a different respective portion
of the image of the scene.

15 In certain examples of the particular set of examples, the second plurality of
depth estimates comprises depth estimates having predefined values. The predefined
values may have a non-uniform spacing therebetween. The predefined values may
comprise a plurality of log-depth values within a predefined depth range.

In certain examples of the particular set of examples, generating the first depth

2¢ probability volume for the scene comprises: processing a first frame of video data
representing a first observation of the scene and a second frame of wvideo data
representing a second observation of the scene to generate, for each of a plurality of
portions of the first frame, a set of photometric errors, each associated with a different
respective depth estimate of the first plurality of depth estimates; and scaling the

25 pholometric errors to convert the photomelric errors (o respective probability values.

In certain examples of the particular set of examples, probabilistically fusing the
first depth estimate and the second depth estimate using the measures of uncertainty
comprises comnbining the {irst plurality of measures of uncertainty with the second
plurality of measures of uncertainty to generate a fused probability volume. In these

30 examples, generating the fused depth estimate for the scene may comprise obtaining

the fused depth estimate for the scene from the fused probability volume. These

examples may compnise obtamning a depth probability function using the fused
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probability volume; and using the depth probability function fo obtain the fused depth
estimate. In these examples, obiaining the fused depth estimate may comprise
optimising a cost function comprising: a first cost term obtained using the fused

probability volume; and a second cost term comprising a local geometric constraint on

|94

depth values. In such cases, the method may further comprise receiving a surface
orientation estimate and an occlusion boundary estimate from a firther neural network
architecture; and generating the second cost term using the surface orieniation estimate
and the occlusion boundary estimate. In these examples, the fused depth probability
volume may be a first fused depth probability volume associated with a first frame of
10 video data representing a first observation of the scene, and the method may comprise:
converting the first fused depth probability volume to a first occupancy probability
vohume, warping the first occupancy probability volume based on pose daia
representing poses of a camera during observation of the scene to obtain a second
occupancy probability volume associated with a second frame of wideo data
i5 representing a second observation of the scene; and converting the second occupancy
probability volume 1o a second fused depth probability volume associated with the

second frame.

According to a third aspect of the invention, there is provided an image

2¢ processing svstem o estimate depth for a scene, comprising: a fusion engine to receive
a first depth probability volume from a geometric reconstruction engine and a second

depth probability volume from a neural network architecture, and 1o fuse the first depth
probability volume and the second depth probabiiity volume to output a fused depth
probability volume for the scene; and a depth estimation engine to use the fused depth

25 probability volume to estimate the depth for the scene.

According to a fourth aspect of the invention, there is provided a method of
estumating depth for a scene, comprising: generating a first depth probability vohume
for the scene using a geomelric reconstruction of the scene; generating a second depth

30 probability volume for the scene using a neural network architecture; fusing the first

depth probability volume and the second depth probability volume to generate a fused
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depth probability volume for the scene; and generating a fused depth estimate for the

scene using the fused depth probability volume.

According to a fifth aspect of the invention, there 15 provided a computing
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system comprising: a monocular capture device to provide frames of video, a
sinmttaneous localisation and mapping sysiem to provide pose data for the monocular
capture device; the system of the first or third aspects; a sermi-dense mulii-view stereo
component to receive the pose data and the frames of video and to implement the
geometric reconstruction engineg; and electronic circuilry to implement the neural

10 network architecture.

According to a sixth aspect of the invention, there is provided a robotic device
comprising: the computing svstem of the fifth aspect; one or more actuators to enable
the robotic device to inferact with a surrounding three-dimensional environment,

i5 wherein at least a portion of the surrounding three-dimensional environment 1s shown
in the scene; and an interaction engine comprising at least one processor to conirol the
one or more actuators, wherein the interaciion engine is 1o use the fused depth estimate

to nteract with the surrounding three~-dimensional environment.

2¢ According {0 a seventh aspect of the imvention, there is provided a non-
transitory  computer-readable storage medium  comprising  computer-execulable
mstructions which, when executed by a processor, cause a computing device to perform

any of the methods described above.
25 Further featuwres will become apparent from the following description of
embodiments of the invention, given by way of example only, which is made with

reference to the accompanying drawings.

Bnef Descrintion of the Drawings

30 Figure 1A is a schematic diagram showing an example of a three-dimensional

(3D} space;
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Figure 1B is a schematic diagram showing available degrees of freedom for an
example object in 3D space;
Figure 1C is a schematic diagram showing video data generaied by an example

capture device;
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Figure 2 1s a schematic diagram of an image processing system according to an
example;

Figure 3 i3 a schematic diagram of an 1mage processing system according to a
further example;

Figure 4 i3 a schematic diagram of an image processing svstem according 10 a

16 vet further example;

Figure 5 is a schematic diagram showing a surface orientation estimate and a
measure of uncertainty for the surface orientation estimate according to an example;

Figure 6 is a schematic diagram of an image processing sysiem according to a
still further example;

i5 Figure 7A is a schematic diagram showing coraponents of a computing svstem
according to an example;

Figure 7B s a schematic diagram showing components of a robotic device
according (o an example;
Figure 8 15 a schematic diagram showing an example of various features

2¢ described with reference to Figures 1 to 7,

Figure 91s a low diagram showing an example method of estimating depth for
a scene;

Figure 10 1s a flow diagram showing a further example method of estimating
depth for a scene;

25 Figure 11 15 a schematic diagram showing an example of a processor and a non-
transitory computer-readable storage medium comprising  computer-executable
instructions;

Figure 12 15 a schematic diagram showing fusion of a first and second depth
estimate for a scene according to a further example;

30 Figure 13 is a schematic diagram of a svstem for obtaining a second depth

probability volume according to an example;
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Figure 14 1s a schematic diagram showing an example of measures of
uncertainiy associated with respective depth estimates obtained using the system of
Figure 13;

Figure 15 is a schematic diagram of a system for obtaiming a first depth

5 probability volume according to an example;
Figure 16 15 a flow diagram showing an example method of obtaining a fused
depth estimate for a scene;
Figure 17 is a schematic diagram of a system for obtaining a fused depth
estimate according using the method of Figure 16;
10 Figure 18 15 a flow diagram showing an example method of obtaining a second

fused depth probability volume;

Figure 19 1s a flow diagram showing an example method of estimating depth
for a scene according to a further example; and

Figure 20 15 a schematic diagram of an image processing system to estimate

15 depth for a scene according 1o a further example.

Detailed Description

Certain exarnples described herein enable depth for a scene to be estimated.

Such examples include generation of a first depth estimate for the scene using a

2¢ geometric reconstiuction of the scene. The first depth estimaie may be generated, for
example, by processing images of the scene. An image may for example be a two-
dimensional (2D) colour image, which may be e.g. an RGR (red, green, blue) image.

The first depth estimate may be generated based on geometric constraints. For example,

it may be assumed that the colour of a pixel in an image representing a given portion of

25 a scene 18 independent of a position of a camera used 1o capture the image. This may be
exploited in the generation of the first depth estimate, as explained further with
reference to the Figures. The geometric reconstruction is also configured to output a
measure of uncertainty for the first depth estimate, which for example indicates how
precise the first depth estimate is. For example, where the first depth estimate is well-

30 constrained and can be estimated accurately, the measure of uncertainty may be lower

than in other cases in which the first depth estimate is less well-consirained.
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A second depth estimate for the scene is generated using a neural network
architecture. The neural network architecture 1s also configured to output a measure of
uncertainty for the second depth estimate. For example, an image of the scene may be

processed using a neural network architecture such as a convolutional neural network

|94

{CNN), which has been trained to predict both depth estimates and associated
uncertainties from mput images. The measures of uncertainty may indicate the
confidence in the associated second depth estirnate. For example, a second depth
estimate for regions of an image including an object which was absent from training
data used to train the neural network architecture may be relatively uncertain, and may
10 therefore be associated with a relatively high measure of uncertainiy as obtained from
the neural network architecture. Conversely, the second depth estimate for image
regions including objects that were present in the training data may be associated with

a lower measure of uncertainty.
The {irst depth estimate and the second depth estimate are probabilistically
15 fused using the measures of uncertainty to generate a fused depth estimate for the scene.
By combining the first and second depth estimates in this way, the accuracy of the fused
depth estimate may be improved. For example, the first depth estimate {(which is based
on geometine constraints) may provide a reliable estimate of arelative depth of a portion
of a scene, compared to a different portion of the scene. In this way, the first depth
2¢ estimate may be able to place or otherwise locate the portion of the scene in an
appropriate position within a real-world environment, for example relative to other
portions of the scene. However, the first depth estimate may be less accurate in
capturing a depth gradient within that portion of the scene, such as a change in depth
within that portion of the scene, e.g. due to an uneven texture of a surface within that
25 portion of the scene. In contrast, whereas the second depth estimate (as obtained from
the neural network architecture) may accurately capture a depth gradient within a scene,
it may less accurately locate a given portion of a scene compared to other portions of
the scene. By probabilistically fusing the first and second depth estimates using the
measures of uncertainty, though, the mdividual effects of each of the first and second
30 depth estimates may be synergistically enhanced, so as to improve the accuracy of the
fused depth estimate. For example, the measures of uncertainty may constrain the fusion

of the first and second depth estimates, s0 as to ensure global consistency in the fused
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depth estimate. Furthermore, blurring artifacts in the estimated depth for the scene may

be reduced compared to other methods.

Figures 1A and 1B schematically show an example of a 3D space and the
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capture of image data associated with that space. Figure 1C then shows a capture device

configured to generate image data when viewing the space. These examples are

presented to better explain certain featwres described herein and should not be
considered hmiting; certain features have been onutted and simplified for ease of
explanation.

16 Figure 1A shows an example 100 of a 3D space 110. The 3D space 110 may be
an internal and/or an external physical space, e.g. at least a portion of a room or a
geographical location. The 3D space 110 in this example 100 comprises a number of
physical objects 115 that are located within the 3D space. These objects 115 may
comprise one or more of, amongst others: people, electronic devices, furniture, animals,

i5 building portions and equipment. Although the 3D space 110 in Figure 1A s shown
with a lower surface this need not be the case in all implementations, for example an
environment may be aerial or within extra-terrestrial space.

The example 100 also shows various example capture devices 120-A, 120-B,

120-C (collectively referred to with the reference numeral 120} that may be used to

2¢ capture video daia associated with the 3D space 110. A capture device, such as the
capture device 120-A of Figure 1A, may comprise a camera that is arranged to record

data that results from observing the 3D space 110, either in digital or analogue form.

For example, the capture device 120-A may be a monocular capture device, such as a
monocular camera. A monocular camera typically captures an image of a scene from

25 one position at a tirne, and may have a single lens or lens system. In contrast, a stereo
camera generally includes at least two lenses, with a separate image sensor for each
lens. A monocular capture device useable as the capture device 120-A may be a
monocular multi-directional camera device, arranged to capture an image of the 3D
space 110 from a plurality of angular positions. In use, multiple 1mages may be

30 captured, one after each other. In certain cases, the plurality of angular positions cover

a wide field of view. In a particular case, the capiure device 120-A may comprise an

omni-direciional camera, eg a device amranged to capture a field of view of
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substantially 360 degrees. In this case, the omoni-directional camera may comprise a
device with a panoramic-annular lens, e.g. the lens may be mounted in relation to a
charge-coupled armray.

In order to capture a plurality of images of the 3D space from a plurality of
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different positions, the capture device 120-A may be moveable. For example, the

capture device 120-A may be arranged to capture different frames corresponding to

different observed portions of the 3D space 110. The capture device 120-A may be

moveable with reference to a static mounting, e.g. may cormprise actuators to change

the position and/or ortentation of the camera with regard to the 3D space 110. In another

10 case, the capture device 120-A may be a handheld device operated and moved by a

human user. In one case, the capture device 120-A may comprise a siill image device,

such as a camera, configured fo capture a sequence of images; in another case, the

capture device 120-A may comprise a video device 1o capture video data comprising a

sequence of images in the form of video frames. For exarple, the captore device 120-

15 A may be a monocular camera or a monocular capture device o capture or otherwise
obtain frames of video data.

In Figure 1A, multiple capture devices 120-B, C are also shown coupled to a

robotic device 130 that is arranged o move within the 3D space 110. The robotic device

135 may comprise an autonomous aerial and/or terresirial mobile device. In the present

20 example 100, the robotic device 130 comprises actuators 135 that enable the device to

navigate the 3D space 110. These actoators 135 comprise wheels in the Hustration; in

other cases, they may coroprise tracks, burrowing mechanisros, rotors, ete. One or more

capture devices 120-B, € may be statically or moveably mounted on such a device. In

certain cases, a robotic device may be statically mounted within the 3D space 110 but

25 a portion of the device, such as arms or other actuators, may be arranged (o move within

the space and interact with objects within the space. Each capture device 120-B, C may

capture a different tvpe of image data, video data and/or may comprise a stereo image

source. In one case, at least one of the capture devices 120-B, Cis configured to capture

photometric data, e.g colour or grayscale images. fn one case, one or more of the

30 capture devices 120-8B, € may be moveable independently of the robotic device 130, in

one case, one or more of the capture devices 120-B, € may be mounted upon a rotating

mechanism, e.g. that rotates in an angled arc and/or that rotlates by 360 degrees, and/or
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1s arranged with adapted optics o capture a panorama of a scene (e.g. up to a full 360
degree panorama). It will be appreciated that, in some cases, a capture device similar to
or the same as the capture device 120-A may be used as one or both of the capture

devices 120-B, C of Figure 1A,
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Figure 1B shows an example 140 of degrees of freedom available to a capture
device 120 and/or a robotic device 130. In the case of a capture device such as 120-A,
a direction 150 of the device may be co-linear with the axis of a lens or other imaging
apparatus. As an example of rotation about one of the three axes, a normoal axis 15351s
shown in the Figures. Similarly, in the case of the robotic device 130, a direction of
10 alignment 145 of the robotic device 130 may be defined. This may indicate a facing of
the robotic device and/or a direction of travel. A normal axis 155 1s also shown
Although only a single normal axis is shown with reference to the capture device 120
or the robotic device 130, these devices may rotate around any one or more of the axes
shown schematically as 140 as deseribed below.
i5 More generally, an orientation and location of a capture device may be defined
in three-dimensions with reference 1o six degrees of freedom (6DOF): a location may
be defined within each of the three dimensions, e.g. by an [x, v, 7z} co-ordinate, and an
orientation may be defined by an angle vector representing a rotaiion about each of the
three axes, e.g. [6x, 6y, 8.). Location and onentation may be seen as a transformation
20 within three-dimensions, e.g. with respect to an origin defined within a 3D coordinate
system. For example, the [x, v, 7] co-ordinaie may represent a translation from the
origin to a particular location within the 3D coordinate system and the angle vector —
{8x, By, 82} — may define a rotation within the 3D coordinate system. A transformation
having 6DOF may be defined as a matrix, such that multiplication by the matrix apphies
25 the transformation. In cerfain implementations, a capture device may be defined with
reference to a restricted set of these six degrees of freedom, e g. for a capture device on
a ground vehicle the y-dimension may be constant. In certain implementations, such as
that of the robotic device 130, an orientation and location of a captlure device coupled
to another device may be defined with reference to the orientation and location of that
30 other device, e.g. may be defined with reference to the orientation and location of the

robotic device 130,
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In examples described herein, the orientation and location of a capture device,
e.g. as set out in a 6DOF transformation matrix, may be defined as the pose of the
capture device. Likewise, the orientation and location of an object representation, e.g.

as set out in a 6DOF transformation matrix, mav be defined as the pose of the object
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representation. The pose of a capture device may vary over time, e.g. as video dataora

series of stilf images is recorded, such that a capture device may have a different pose

at a time +7 than at a time ¢ In a case of a handheld mwobile computing device

comprising a capture device, the pose may vary as the handheld device 13 moved by a

user within the 3D space 110.

10 Figure 1T shows schematically an example of a capture device configuration.
In the example 160 of Figure 1C, a capture device 165 1s configured to generale image
data 170. In Figure 1C, the image data 170 comprises a plurality of frames 175, Each
frame 175 may relate to a particular time ¢ in a fime period over which an image of a
3D space, such as 110 in Figure 1, 15 captured (i.e. Fo). A frame 175 generally consists

i5 of a 2D representation of measured data. For example, a frame 175 may comprise a 2D
array or matrix of recorded pixel values at time ¢ In the example of Figure 1€, all
frames 175 within the image data are the same size, although this need not be the case
in all examples. Pixel values within a frame 175 represent a measwrement of a particolar
portion of the 31 space. In Figure 1, the image data represents a plurality of views of

24 the scene from a monocular capture device, each of which is captured at a different
respective time 1. However, in other cases, image data captured by a capture device (or
an image or video capture system) may represent a plurality of views of the scene
captured at the same or an at least partially overlapping time as each other. This may
be the case where the capture device is a stereo capture system.

25 In the example of Figure 1C, each frame 175 comprises photometric data.
Photometric data typically represents photometric characteristics of an image, such as
a brightness, intensity or colour. In Figure 1, each frame 175 inchudes the intensity
values of each pixel of the frame 175, which may be stored with a greyscale or
brighiness level of, for example, from 0 to 255 per colour band or colour channel. A

30 greyscale level of U for example corresponds with a darkest infensity (e.g. black) and a

greyscale level of 255 for example corresponds with a lightest intensity {e.g white),

with greyscale levels between 0 and 255 corresponding with an mtermediate intensity
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hetween black and white. In Figure 1C, the photometric data represents Red, Green,
Blue pixel intensity values for a given resolution. Hence, each frame 175 represents a
colour image, where each |x, v] pixel value in a frame comprises an RGB vector {R, G,

Bl As an example, the resolution of the colour data may be 640 by 480 pixels. In other
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examples, other colour spaces may be used and/or the photometric data may represent
other photometric characteristics.

The capture device 165 may be arranged to store the image data 170 in a coupled
data storage device. In another case, the capture device 165 may transnut the image
data 170 to a coupled computing device, e.g. as a stream of data or on a frame-by-frame
10 basis. The coupled computing device may be directly coupled, e g. via a universal serial

bus (USB) connection, or indirectly coupled, e.g. the image data 170 may be transmutted

over one or more computer networks. In vet another case, the capture device 165 may
be configured to transmit the image data 170 across one or more compiter networks for
storage in a network atiached storage device. The image data 170 may be stored and/or

15 transmitied on a frame-by~-{rame basis or in a batch basis, e.g. a plurality of frames may
be bundled together.

One or more pre-processing operations may also be performed on the image
data 170 before it is used in the later-described examples. In one case, pre-processing
may be applied such that the two frame sets have a common size and resolution.

2¢ in some cases, the capture device 165 may be configured {0 generate video data
as a form of image data. Video data may, however, similarly represent a plurahity of
frames captured at a different respective time. In one case, video data captured by the
capture device 165 may comprise a compressed video streanm or file. Inthis case, frames
of video data may be reconstructed from the stream or file, e.g. as the output of a video

25 decoder. Video data may be retrieved {rom memory locations following pre-processing
of video streams or files.

Figure 1C 1s provided as an example and, as will be apprecialed, different
configurations than those shown in the Figure may be used to generate the image data
170 for use in the methods and svstems described below. The image data 170 may

30 further comprise any measured sensory input that is arranged in a two-dimensional form
representative of a captured or recorded view of a 3D space. For example, this may

comprise photometric data, depth data electromagnetic imaging, ultrasonic imaging and
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radar output, amongst others. In these cases, only an imaging device associated with the

particular form of data may be required, e.g. an RGB device without depth data.

Figure 2 shows an example image processing system 200 for estimating a depth
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for a scene. In the image processing system 200 of Figure 2 a first depth estimate 230
and a measurement of uncertainty 235 for the first depth estimate 230 are generated by
a geometric reconstruction engine. The first depth estimate 230 and the measurement
of uncertainty 235 for the first depth estimate 230 may be collectively referred to as
first depth data 250. The geometric reconstruction engine 1s for example configured to
10 obtain the first depth estimate 230 by processing at least two images of the scene. As
described with reference to Figures 1A-C, the at least two images may be captured using
any suitable capture device, and may be represenied as image data such as RGB data.
The geometric reconstruction engine may utilise photometric technigues to generate the
first depth estimate 230. For exarnple, a given portion of the scene should have the same
15 photometric characteristics (such as a brightness, intensity and/or colour) irrespective
of a position of a capture device used to obtain an image of the portion of the scene.
This may be exploited by the geometric reconstruction engine to generate the first depth
estimnate 230, As an example, the geometric reconstruction engine may process at least
two images of the same scene, captured from different respective positions, to
20 deternmune a depth of a given portion of the scene which minimizes a photometric error,
For example, a photometric error may be mummized where the first depth estimate 230
15 closest to the actual depth of the given portion of the scene. This 1s merely an
example, though, and other geometric techniguas may be used to generate the first depth
estimate 230 in other examples. In particular, although geometric reconstruction
25 techniques described herein, e g, with reference to Figure 2, use two images, ¢.g. as
may be obtained using a monocular system, in other examples one or more images may

be used, e g. in the case of a single stereo image.
In certain cases, irmage data representative of two or more views of the scene
are obtained from a capture device, such as a camera, prior to generating the first depth
30 estimate 230. In such cases, generating the first depth estimate 230 comprises obtaining

a pose estimate for the camera and generating the first depth estimate 230 by
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minirmzing a photoroetric error which is a function of at least the pose estimate and the
image data.
A pose estimate of a camera typically indicates a position and orientation of the

camera during capture of the image represented by the image data. Where the 1mage
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data represenis a serigs of views, which e.g. correspond to frames of a video, the pose

estimate may indicate the position and orientation of the camera as time progresses

through the frames of the video. For example, the image dala may be obtained by
moving a camera (such as a RGB camera) around an environment (such as an interior
of atoom). Atleastasubset of the frames of the video (and hence a subset of the images

10 represenied by the image data} may thus have corresponding pose estimates
representing the position and orientation of the camera at the time the frame was
recorded. Pose estimates may not exist for all frames of a video {or all images of a series
of images}, but may be determined for a subset of times within the recorded time range
of the video or a subset of images of a plurality of images obtained by the camera.

15 Various different methods may be used to obtain the pose estimate for the
camera. For example, the pose of the camera may be estimated from using a known
SLAM system that receives the image data and outputs a pose, may be estimated using
sensors of the camera that imdicate position and orientation, and/or using custom pose
tracking methods. In a SLAM system, for example, the pose of the camera may be

2¢ estimated based on processing of images captured by the camera over time.

By minimizing a photoretric error which is a function of at least the pose
estimate and the image data, the first depth estimate 230 can be obtained. In some cases,
a mapping function may be applied to map a pixel in a first image {corresponding to a
first view of the scene) to a corresponding position 10 a second image {corresponding

25 o a second view of the scene), to obtain a remapped version of the first image. Such a
mapping function, for example, depends on an estimated pose of the camera during
capture of the first image and a depth of the pixel in the first image. A photometric
characleristic may then be delermined for each of the pixels in the remapped version of
the first image (e.g. using an intensity function that returns an intensity value of a given

30 pixel). A corresponding photometric characteristic may then be deternined for each of

the pixels in the first image (as obtained bv the camera} using the same intensity

function. As a photometric characteristic (such as a pixel intensity value) associated
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with a pixel of a given depth should be independent of a camera pose, the photometric
characteristics for the remapped version of the first image and the first image itself
should be the same if the depth is correctly estimated. In this way, the depth of the pixel

in the first image may be wteratively altered and a photometric error {which is for
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example based on a difference between the photometric characteristics of the first image

and the remapped version of the first image) may be calculated for each iteration. The

first depth estimate 230 for a given pixel may be taken as the depth value which

minimizes such a photometric error. In examples, the depth estimnates that are iteratively

used during the photometric error minimization process may lig along an epipolar line

16 inanimage. If there s already a depth estimate for a given pixel (e.g. obtained from a

previous frame or image with a pixel corresponding to the given pixel), the depth

estimates that are iteratively input to the photometric error calculation may be within a

given range of the previous depth estimate, e.g. within plus or minus 2 times a

measurement of uncertainty associated with the previous depth estimate. This may

i5 improve the efficiency of the generation of the first depth estimate 230, by

concentrating the search for an appropriate depth value in a more likely range of depth

values. In certain cases, an interpolation may be performed between two neighbouring

depth values which are around or include a depth value associated with a minimal

photometric error. A suitable method for obtaining the first depth estimate 230 is

2¢ described in the paper “Semi-Dense Visual Odometry for a Monocular Camera”, by 1.

Engel et al, which was published in the Proceedings of the International Conference on
Computer Vision (ICCV), 2013, However, other methods may instead be used.

There is typically an uncertainty associated with the first depth estimate 230

The uncertainty for example represents the degree of confidence that the first depth

25 estimnate 230 correctly corresponds o the actual depth. For example, the uncertamty

may depend on a photometric uncertainty (which may be limited by or depend on the

photometric resolution of the capture device), which may limit the accuracy with which

the {irst depth estimate 230 mav be made. The oncertainty may further or instead depend

on the method used to generate the first depth estimate 230 and any inherent

30 uncertainties associated with this method, such as a step-size between neighbouring

mterpolation points if the generation of the first depth estimate 230 involves an

mterpolation process. The uncertainty may be considered to correspond o an error
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associated with the first depth estimate 230. In the example of Figure 2, the geometric
reconstruction engine is configured to owput both the first depth estimate 230 and a
measwrement of uncertainty 235 for the first depth estimate 230. The geometric

reconstruction engine mayv be arranged to generate an array or roatrix containing a
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mean, |, corresponding 1o the first depth estimate 230, and a variance, 8, corresponding
1o the measurement of uncertainty 235, although this is merely an example. The mean
and variance may be provided for one or more of. the whole image, one or more image
portions and pixels of the image.

In examples in which the generation of the first depth estimate 230 mvolves the
10 mumimization {or other optimization) of a photometric error, the measurement of

uncertainty 235 associaled with the first depth estimate 230 may be obtained by

computing a Jacobian term, J, based on a difference in a photometric error between two

depth values used for inferpolation to obtain the first depth estimate 230, and based on

a difference between these two depth values. The uncertainty. 8g,,. of the first depth
15 estimate 230 in such cases may be taken as:

ggeo = Urj)l
However, this is merely an example, and other uncertainty measurements may be used
in other examples.
In certain cases, the first depth estimate 230 may be a first depth map for a

20 plurality of pixels. For example, the first depth estimate 230 may include a per-pixel

depth estimate for each pixel of an input image of the scene. Hence, the resolution of

the input image and a first depth map corresponding to the first depth estimate 230 may

be the same. If 1s {0 be appreciated that, prior to generation of the first depth estimate

230, the mmput image may have undergone pre-processing, which may include altering
25 a resolution of the input tmage. For example, a resolution of the input image may have
been reduced, e.g. by downsampling the image, 1o reduce computational requirements
for processing of the input image In other cases, the first depth estimate 230 may
include a single depth value for a plurality of pixels, with a one-to-many
correspondence between a depth value and pixels of an input image. For example, a

30 plurality of pixels may be combined together, e.g images with similar photometric
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characteristics, such as a similar colour or intensity, and a depth value may be obtained
for this combination of pixels.
In some cases, the first depth estimate 230 may be a so-called “semi-dense”

depth estimate. In such cases, the first depth estimate 230 may include depth estimates
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for a sub-set of portions of a scene, e.g. as captured in an input image {or plurality of
images). For example, a semi-dense depth estimate may include depth estimates for a
portion of pixels in image data representative of two or more views of a scene, which
e.g. correspond to a portion of the two or more views of the scene. The portions of a
scene for which the first depth estimate 230 is obtained may correspond to the portions
10 of pixels which satisfy certain image criteria, such as certain photometric criteria. For
example, the {irst depth estimate 230 may be obtained for portions of an image which
are identified as including a sufficient amount of detail or information. This may be
identified by calculating an image gradient, which for example indicates a change of
photometric characteristics {such as a brighiness or colour) over a given region. An
15 image gradient may comrespond to or be used as a proxy for a depth gradient, indicating
a change in depth over a given region of a scene. In image regions with a large amount
of detail, e.g. corresponding to feature-rich parts of a scene, with relatively large
changes in depth in a relatively small region of the scene, the image gradient is typically
relatively large. In other cases, the first depth estimate 230 may be a so-called “sparse”
2¢ depth estimate. In these cases, the first depth estimate 230 may be obtained for portions
of an image which have been identified as corresponding o particular image features.
For example, keypoints of the image mav be identified, which typicallv correspond to
distinctive locations in an image, which may be robustly localisable from a range of
viewpoinis, rotations, scales and illuminations. In such cases, the {irst depth estimate
25 230 may be obtained for image patches including keypoints, without obtamming depth
estimates for other image portions. In yvet further cases, the first depth estimate 230 may
be a so-called “dense” depth estimate, in which a depth estimate is obtained for an entire

image (or image portion), irrespective of a content of the irnage or image portion.
In some cases, the measurement of uncertainty 235 for the first depth estimate
30 230 may be of the same tvpe as, or include the same resolution as, the first depth
estimate 230, For example, if the first depth estimate 230 includes a depth estimate per

pixel of an input image, there may be a corresponding uncertamty measurement for
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each pixel too. Conversely, if the first depth estimate 230 includes a depth estimate for
a plurality of pixels of an input image. there may be a corresponding uncertainty
measurement for that plurality of pixels too. Similarly, f the first depth estimate 230 13

sparse, semi-dense or dense, the measurement of uncertainty 235 may also be sparse,
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semi-dense or dense, respectively. In other cases, though, a type or resolution of the
measurement of uncertainty 235 may differ from that of the first depth estimate 230.
The image processing system 200 of Figure 2 is also arranged {0 generate a
second depth estimate 240 and a measurervent of uncertainty 245 for the second depth
estimate 240, which may be referred to collectively as second depth data 260. The
10 second depth data 260 mav be generated using a neural network architecture, which
may be trained on unsupervised or supervised (i.¢. labelled) image data, to predict depth
estimates and associated uncertainly measures. Varnous different neural network
architectures may be used. For example, the neural network architecture mayv include
at least one convolutional neural network (CNN), which may be a so-called “deegp”
15 neural network, with a plurality of lavers.

In certain examples, image data representative of one or more views of a scene
may be obtained from a capture device, such as a camera, prior to generating the first
depth estimate 230. In such cases, generating the second depth estimate 240 may
mclude receiving the image data at the neural network architecture. The image data may

20 bein any suitable format, and may for example represent a plurality of 2D images of
the scene, captured from a plurality of different positions. A depth estimate may then
be predicted, using the neural network architecture and for each of a set of image
portions, o generate the second depth estimate 240. The set of image portions may
correspond 1o an entirety of an image {or a plurality of images), or a subset of an image

25 or plurality of images.

Similarly to the first depth estimate 230, the second depth estimate 240 may be
a second depth map for a plurality of pixels, e.g. with a one-to-one mapping between a
depth value and a pixel of an input image of the scene. In other cases, though, the second
depth estimate 240 may inchude a single depth value for a plurality of pixels, with a

30 one-to-many correspondence between a depth value and pixels of an input image.

Furthermore, the second depth estimate 240 may be a sparse, semi-dense or dense depth

estimate. In one case, the two depth estimates have different densities, e.g. the first
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240 may be a dense depth estimate. Inn addition, as explaimed with reference to the first
depth estimate 230, the measure of uncertainty 245 for the second depth estimate 240
may be of the same or a different type or resolution as that of the second depth estimate

240
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The image processing system 200 of Figure 2 inciudes a fusion engine 270,
which 15 configured to receive the first depth estimate 230 and the measwrement of
uncertainty 235 for the first depth estimate 230 from the geometric reconstruction
engineg, and the second depth estimate 240 and the measurement of uncertainty 245 for

16 the second depth estimate 240 from the neural network architecture. The fusion engine
2701s configured to use the measurement of uncertainty 238 for the first depth estimate
230 and the measurement of uncertainty 245 for the second depth estimate 240 to
probabilistically fuse the first depth estimate 230 and the second depth estimate 240 to
output a fused depth estimate 280 for the scene. In this way, both the first and second

i5 depth estimates 230, 240 contribute to the fused depth estimate 280, which may
improve the accuracy of the fused depth estimate 280 compared to the first or second
depth estimate 230, 240 taken alone.

For example, the uncertainty of the first depth estimate 230 (which is based on
geometric constrainis) may be higher in regions of a scene with low texture, e.g. with

2¢ relatively unchanging or slowly changing depth, such as a wall. Furthermore, the first
depth estimate 230 may in addition or aliematively be relatively uncertain in regions
which a portion of a scene is partly occluded. In contrast, the second depth estimate 240
{obtained by the neural network architecture) may have a lower uncertainty than the
first depth estimate 230 in ambiguous regions {(e.g. low texture regions), but mav be
25 less accurate in high texiure regions that are nevertheless accurately captured by the
first depth estimate 230. Use of the measurements of uncertainty 235, 245 aids the
probabilistic fusion of the first and second depth estimates 230, 240 by, for example,
appropriately balancing the contribution of each of the first and second depth estimates
230, 240 to the fused depth estimate 280 based on thewr relative uncertainties. For
30 example, the second depth estimate 240 may contribute to the fused depth estimate 280
a greater extent than the first depth estimate 230 in regions of the scene with a higher

measurement of uncertainty 235 associated with the first depth estimate 230 than the
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measurement of uncertainty 245 associated with the second depth estimate 240
Moreover, global congsistency may be maintained, so that the fused depth estimate 280
accurately captures a depth of a scene at a global level, rather than merely in selected

local scene regions.
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In certain cases, the first depth estimate 230 s a semi-dense depth estimate and
the second depth estimate 240 and the fused depth estimate 280 each comprise a dense
depth estimate. For example, the first depth estimate 230 may be obtained for portions
of a scene with sufficient texture, for which the first depth estimate 230 may be
adequately accurate. In such cases, the first depth estimate 230 may not be obtained for
10 other portions of the scene that lack texture. However, the second depth estimate 240

may be obtained for the entirety of the scene as captured in an image {or image portion).

Hence, by fusing the first and second depth estimates 230, 240 in such cases, the fused

depth estimate 280 may also be obtained for the entirety of the scene as captured in the

image. In such cases, a portion of the fused depth estimate 280 may be obtained by
15 fusing both the first and second depth estimates 230, 240 (e.g. a portion of the fused

depth estimate 280 corresponding 1o a more textured part of the scene). However, a

different portion of the fused depth estimate 280 may be obtained solely from the

second depth eslimate 240 {(such as a portion of the fused depth estimate 280

corresponding to a smooth part of the scene, for which the first depth estimate 230 may
20 be less reliable}.

Various different methods may be used to probabilistically fuse the first and
second depth estimates 230, 240. For example, a cost function based on the first and
second depth estimates 230, 240 and the measurements of uncertainty 235, 245 may be
optimized in order to probabilistically fuse the first and second depth estimates 230,

25 240 and obtain the fused depth estimaie 2380, Optimization of a cost function may
involve iteratively calculating a value of the cost fimction for different input depth
estimates, so as to obtain the fused depth estimate 280 for which a minimum value of

the cost {unction is oblained. A cost {unction may be aliematively be referred (o as a

loss or error function.

30 In the example of Figure 2, the cost function comprises a first cost ferm
associated with the first depth estimate 230 and a second cost term associated with the

second depth estimate 240. The first cost term comprises a function of fused depth
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estimate values, first depth estimate values (e.g. taken from the first depth estimate 230
obtained from the geometric reconstruction engine) and uncertainty values for the first
depth estimate 230 {(e.g. taken from the measurement of uncertainty 235 for the first

depth estimate 230). Similarly, the second cost term comprises a function of fused depth
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estimate values, second depth estimate values (e.g taken from the second depth
estimate 240 obtained from the neural network architecture), and uncertainty values for
the second depth estimate 240 (e.g. taken {rom the measurement of uncertainty 245 for
the second depth estirnate 240). The cost function is optirnised to determine the fused
depth estimate values, which form the fused depth estimate 280 ocutput by the fusion
10 engine 270. This, for example, involves iteratively altering the fused depth estimate
values 1o determine the fused depth estimate values for which the cost {unction is
optimized. For example, the cost function mayv be considered to be oplimized where its
value meets a predefined criterion, e.g. where its value meets or is below a predefined
minimum value. In other cases, optimization of the cost function may include
i5 minirmzation of the cost function. In this way, both the first and second depth estimates
230, 240 and the measurements of uncertainty 235, 245 act as a constraint on the fused
depth estimate 280 obtained, improving the accuracy of the fused depth estimate 280.
It is to be appreciated, though, that the use of a cost fumction is merely an
example. In other examples, the first and second depth estimates may be
20 probabilistically fused, using the measurements of uncertainty, in a different way.
Certain examples herein therefore provide for accurate reconsiruction of a depth
estimation for a scene and therefore facilitate interaction between a robotic device and
a real-world environment. In particular, certain examples herein are designed to enable
real-time or near real-time operation (in contrast to other approaches for depth
25 estimnation}, and provide for the estimation of a depth of scene in a variety of different

environments, including owtdoor and indoor locations,

Figure 3 13 a schematic diagram of an image processing system 300 according

to a further example. The 1mage processing system 300 of Figure 3 is sinular to the

30 image processing system 200 of Figure 2 in various respects. Features of Figure 3 that
are the same as corresponding features of Figure 2 are labelled with the same reference

numeral but incremented by 100,
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In Figure 3, the fusion engine 370 is configured to receive a surface orientation
estimate 320, and a measure of uncertainty 323 for the surface orientation estimate 320,
in addition to the first and second depth estimates and the measures of uncertainty. The

fusion engine 370 is configured to use the surface orientation estimate 320, and the
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measure of uncertainty 325 for the surface ortentation estimate 320, to probabilistically
fuse the first depth estimate and the second depth estimate.

The surface orientation estimaie 320 for example indicates a divection or an
inchination of a surface corresponding to a pixel or other image region for an image of
a scene as captured by a capture device. For example, an orientation of a surface may
10 be considered {0 capture an angle of orientation of a surface of a pixel or other image

region for an image of a scene as captured by a capture device. The surface ortentation

for example corresponds o a swrface normal, which is an axis that is perpendicular to a

given surface. In other cases, the surface orieniation estimate 320 may correspond {0 a

surface gradient, e.g. a measure of g rate of change of a surface. The surface orentation
i5 of a plurality of pixels may be used to obtain an indication of the nature of the surface

corresponding to the plurality of pixels. For example, a surface which is relatively
smooth and unchanging may have a relatively constant surface orientation. Conversely,

a highly testured surface may be associated with a vanety of different surface

orientations.
2¢ The surface orientation estimate 320 and the measure of uncertainty 325 for the
surface orentation estimate 320 may be obtained in various different wavs. For
example, an 1roage of the scene may be processed to determine the surface orientation
estimate 320 and the measure of uncertainty 325 for the surface orientation estimate
320, e.g. based on changes in photometric characteristics such as pixel intensity values

25 of pixels of the image.

Figure 4 is a schematic diagram of an image processing system 400 according
o astill further example. The image processing system 400 of Figure 4 1s similar to the
image processing svstem 300 of Figure 3 m various respects, but explicitly illustrates a

30 geometric reconstruction engine 430 and a neural network architecture 420.
In Figure 4, a frame 410 of video data is received. The frame 410 is for example

captured by a caplure device such as a camera, and includes a view of a scene. ftis to
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be appreciated that, m other cases, the tmage processing svstem 400 of Figure 4 may
be used 1o process image data representative of st images, rather than video data
representative of a video.

The frame 410 is processed by the geometric reconstruction engine 430 and the
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neural network architecture 420. The geometric reconstruction engine 430 and the
newral network architecture 420 may be configured as described with reference to
Figure 2 to generate the first depth data 450 and the second depth data 460.

In the example of Figure 4, the second depth data 460 mcludes a surface
orientation estimate, and a measure of uncertainty for the surface orientation estimate.
10 Inthis example, the surface orientation estimate and the measure of uncertainty for the

surface orientation estimate are generated by the neural network architecture 420, in

addition to the second depth estimate and the measurement of uncertainty for the second

depth estimate.
The neural network architecture 420 of Figure 4 may include one or more neural
15 networks, and is configured to receive pixel values for frames of video data, such as the
frame 410 shown i Figure 4. The neural network architecture 420 15 configured to
predict a depth estimate for each of a first set of image portions to generate the second
depth estimate, as well as at least one surface ortentation estimate for each of a second
set of image portions. The first set of image portions may be the same as or different
2¢ from the second set of image portions. For example, the first and second sets of image
portions may be enfirely overlapping, partially overlapping or entirely non-overlapping.

The depth estimate and the at least one surface onentation may be obtained at different

respective resolutions. In such cases, a resolution of one or both the depth estimate and

the at least one surface orentation may subsequently be altered, e.g. by interpolation,
25 to obtain a desired resohution. For example, at least one surface orientation may be
obtained at a lower resolution than the depth estimate bt may subsequently be upscaled

1o the same resolution as the depth estimate. The neural network architecture 420 is also

configured to predicl one or more uncertainty measures associated with each depth

estimate and one or more uncertainty measures associated with each surface orientation
30 estimate.
The first depth data 450 and the second depth data 460 are probabilistically

fused using the {usion engine 470 to obtain the fused depth estimate 480, In Figure, the
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fusion engine 470 also uses the at least one surface orientation to obtain the fused depth
estimate 480. In the example in which a cost function is optimized to obtain the fused
depth estimate 480, the cost function may include a third cost term associated with the

at least one surface onentation estimate. In such cases, the third cost term may comprise
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a function of fused depth estimate values, surface orientation estirnate values {e.g. as

obtained from the neural network architecture 420), and uncertainty values for each of

the at least one surface onentation estimate {e.g. taken from the measurement of

uncertainty for each respective surface orientation estimate). For exanmple, the third cost

erm may include a sum of cost terms for each respective surface orientation estimate.

10 The optimization of the cost function may be as described with respect to Figure 2, but
with the addition of the surface orientation information.

Using surface orientation information to obtain the fused depth estimate 480

may further improve the accuracy of the fused depth estimate 480. For example, a

surface orentation estimnate {and s associated measurement of uncertainty) may

15 impose constraints between a given pixel and s neighbouring pixels. In this way, the

global consistency of the fused depth estimate 480 may be improved.

Figure S is a schematic diagram showing a surface onentation estirnate 320 and
a measure of uncertainty 325 for the surface orientation estimate 320 according to an
20 example 500. In Figure 5, the surface onentation estimate 320 includes a depth gradient
estimate S10 1o a first direction (along an x-axis in this case) and a depth gradient
estimate 520 in a direction orthogonal to the first direction {along a y-axis in this case,

in which there is a Cartesian coordinate system),
A depth gradient estimate in a given direction for example represents an
25 estimnate of a change in the depth of a scene {for example as captured in an image) in
that given direction. A depth gradient estimate may be used to identify rapd or
distinctive changes in depth in an image of a scene. For example, a depth gradient may
be relatively high in a region of the image that corvesponds 1o a portion of a scene for
which the depth differs across the portion of the scene. Conversely, a depth gradient
30 may berelativelv low in other regions of the image that correspond to a different portion
of a scene that is at a relatively constant depth compared {o the camera. By estimating

the depth gradient in two different directions (such as two directions that are orthogonal,
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1.e. perpendicular, to each other), the depth characteristics of the scene captured in the
image may be more precisely and/or more etficiently identified.
In other examples, the swrface onentation estimate 320 may include other

orientation estimates in addition to or instead of the depth gradient estimates 510, 520,
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For example, the surface orientation estimate 320 may include a surface normal
estimate.

In some cases, such as Figure 5, there is a corresponding measure of uncertainty
for each surface orientation estimnate. Hence, in Figure 3, there 1s a first measure of
uncertainiy 530 associated with the depth gradient estimate 510 in the first direction,
10 and a second measure of uncertainty 540 associated with the depth gradient estimate

520 1n the direction orthogonal to the first direction,

A measure of uncertainty for each surface orientation estimate may be generated
in various different ways. For example, a neural network architecture {which may be
used to generate the second depth estimate, which is probabihstically fused with the

i5 first depth estimate by the fusion engine} may be trained to generate surface orientation
estimates and corresponding measures of uncertainly associated with a respective
surface onentation estimate.

In some cases, the second depth estimate and/or the surface orientation
estimate{s} may be log estimates. This may facilitate the generation of these estimates

2¢ by the neural network architecture as negative values are numerically meaningful,

Furthermore, a difference between two log-depths (which for example corresponds to

a gradient of a log-depth) corresponds to the ratio of two depths, which is scale

mvariant. In addition, if log-depth gradients are predicted in two orthogonal directions

{as in the example of Figure 5}, the probabilistic fusion of the second depth estimate
25 with the first depth estimate (which for example uses the log-depth gradients) is linear,
and may be performed without dot product and normalisation operations. Hence, the

fusion process may be performed more efficiently than otherwise.

Figure 6 is a schematic diagram of an irmage processing systern 600 according
30 to a sull further example. The image processing system 600 includes a monocular
capture device 605, which is an example of a capture device or camera for capturing

images of a scene. The monocular capture device 605 1g arranged {o capture video data
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representative of a video of the scene. The scene 1s captured i a first frame of video,
which in the example of Figure 6 is what may be referred to as a kevirame 610. A
keyframe 610 for example corresponds to a frame of a video for which a more complete

depth estimate is to be obtained, and for example corresponds to or ncludes a new
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portion of a scene for which a depth has not previously been estimated or a portion of

a scene which is identified as being more feature-rich than other portions. For example,

the first {rame of a video, for which no depth estimate has been obtained previously,

may be considered to be a kevframe. A key frame may be a kev frame as designated by

an external system, e.g. an external SLAM system. In other cases, a frame obtained

10 after the monocular capture device 605 has moved by a distance exceeding a threshold
distance may be a keyframe. Other frames captured by the monocular capture device
605 may be considered to be reference frames 615.

Frames captured by the monocular capture device 605 in the example of Figure

6 {regardless of whether they are keyframes 610 or reference frames 615) are processed
15 using a tracking system 625, The tracking svstem 625 15 used to determine poses of the
monocular capture device 605 during observation of the scene (for example during the
capture of the frames). As explained with reference to Figure 2, the tracking system 623
may include motion sensors, which may be coupled to or form part of an actuator
arranged o move a robotic device coupled to or supporting the monocular capture
2¢ device 605. In this way, the tracking sysiem 625 may capture odometry data and process
the odometry data to generate pose estirnates for the monocular capture device 605.

In Figure 6, the tracking systern 625 generates an estimate 640 of the pose of
the monocular capture device 605 during capture of the reference frame 615 and an
estimate 635 of the pose of the monocular capture device 605 during capture of the

25 kevframe. The estimated poses 640, 635 of the monocular capture device 605, and the
video data captured by the monocular capture device 605, are used by a geometric
reconstruction engine 630 to generate depth estimates for at least a subset of pixels from
the frames of video data. The geometric reconstruction engine 630 in cerfain cases is
configured to minimise a photometric error to generate the depth estimates. This is

30 explained further with reference to Figure 2. The geometric reconstruction engine 630

in Figure 6 outputs first depth data 650 which includes the depth estimates and a

measurement of uncertainty for the depth estimates.
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In some cases, the first depth data 650 1s regenerated for each frame obtained
by the monocular capture device 605, e.g the first depth data 650 may relate o the
keyframe vet may be iteratively updated for each additional reference frame that s

obtained and processed. The first depth data 650 may be generated in real-timoe or in
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near real-time, and may therefore be performed frequently, such as with a rate which
corresponds to a frame rate of the monocular capture device 605.

For frames that are identified as corresponding to kevirames 610, the image
processing svstem 600 of Figure 6 additionally involves processing of the keyframe
610 using a neural network architectre 620 to generate second depth data 660.
10 However, processing of reference frames 615 using the neural network architecture 620

may be omitted in some cases. This is indicated schematically in Figure 6 by the use of

dashed lines. The dashed lines correspond fo portions of an image processing pipeline

that may be selectively performed by the image processing system 600. For example,

whereas the generation of the first depth data 650 mav be performed for a frame

i5 irrespective of whether it is a reference frame 615 or a keyframe 610, the generation of

the second depth data mayv be selectively performed for keyframes 610, In the example

of Figure 6, the second depth data 660 includes a second depth estimate, a measurement

of uncertainty for the second depth estirnate, at least one surface orientation estimate

and a measurement of uncertainty for the surface orientation estimate, although this 1s

20 merely an example. The neural network architecture 620 may be simular to or the same
as the neural network architectures of other examples described herein,

The image processing system 600 of Figure 6 also includes a tusion engine 670,

which is configured to statistically fuse the first and second depth estimates (as obtained

by the geometric reconsiruction engine 630 and the neural network architecture 620,
25 respectively), using the associated measurements of uncertaimty. In Figure 6, the fusion

engine 670 also uses the at least one surface orientation estimate, and the respective

measurement of uncertainty associated with the at least one surface orientation estimate,
to statistically fuse the first and second depth estimates. However, use of the al least
one surface onentation estimate, and the respective measurement of uncertainty
30 associated with the at least one surface orientation estimate may be omitted in other

Cascs.
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The fusion engine 670 1s configured to generate a fused depth estimate 680 by
statistically fusing the first and second depth estimates. The fusion engine 670 of Figure
6 1s aiso configured to determine a scale estimate when probabilistically fusing the first

depth estimate and the second depth estimate. For example, where the fusion engine
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670 is configured to optinnize a cost function to deternmine the fused depth estimate 680,
optimizing the cost function may include determining a scale factor 685 for the fused
depth estimaie 680. In such cases, the scale factor 685 indicates a scale {or the fused
depth estimate 680 with respect to the scene. The scale factor may therefore compensate
for inaccuracies in a scale of the scene as provided by the first and second depth
10 estimates. The scale factor mav be a scalar. For example, as the first depth estimates are
generated based on poses provided by a monocular capture device 605 in Figure 6, the
first depth estimates have an arbitrary scale. However, generation of the scale factor
allows an at-scale depth estimaie to be obtained.
In cases m which the cost function is optimized to determune the fused depth
15 estimate 680, a first cost term of the cost function may include a fumction of fused depth
estimate values. first depth estimate values, uncertainty values for the first depth
estimate, and a scale factor. Optinization of the cost function may include iteratively
altering the scale factor as well as the fused depth estimate 630 to determine the scale
factor and the fused depth estimate 680 that optimize {(e.g. mimimize} the cost function,
2¢ In such cases, the cost function mayv also include a second cost term and/or a third cost
term, as described with reference o Figures 2 and 4. Tn such cases, the second cost term
and/or the third cost term may be independent of the scale factor,
As explained, the second depth data 660 may be generated by the neural network
architecture 620 less frequently than generation of the first depth data 650 by the
25 geometric reconstruction engine 630, For example, both the fivst depth data 650 and the
second depth data 660 mav be generated for keyframes 610. There may be fewer
kevframes 610 than reference frames 615, for which generation of the second depth
data may be omitted.
As an example, a scene may be captured 1 a first frame of video data, and a
30 second depth estimate may be received for the first frame of video data. The second
depth estimate may be generated by the neural network architecture 620. Hence, the

first frame of video data may be considered to be a kevframe 615, In this example, a
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plurality of first depth estimates is obtained. At least one of the plurality of first depth
estimates 1S generated using a second frame of video data that differs from the first
frame of video data. For example, the plurality of first depth estimales (generated by

the geometric reconstruction engine 630} may include a first depth estimate for the first
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frame (which 15 a keyframe 610} and a first depth estimate for the second frame (which
is a reference frame 615). In this case, the fusion engine 670 1s configured to iteratively
output the fused depth estimate 680 for the scene, at each iteration processing the second
depth estimate and one of the plurality of depth estimates. For exarople, upon receipt of
the first frame, the fusion engine 670 may fuse the first depth estimate generated using
10 the first frame and the second depth estimate generated using the first frame. However,
upon receipt of the second frame, the fusion engine 670 may instead fuse the {irst depth
estimate generated using the second frame and the second depth estimate that was
previously generated using the first frame. In other words, the second depth estimate
may not be re-generated for each frame, but may instead be re-used from previous
15 frames (such as previous kevframes 613). In other words, the generation of the fused
depth estimate 680 may be iteratively repeated. For a subsequent iteration, the method
may involve determining whether to generate the second depth estimate. As explained
above, such a determination may be made based on a content of the scene as captured
mn an image, such as whether it has changed noticeably comparad to previous images of
20 the scene {e.g. due to movement of the monocular capture device 605) or whether it is
feature-rich. Responsive to a determination not to generate the second depth estimate
(e.g. for reference frames 615), these examples involve probabilistically fusing the first
depth estimate and the second depth estimate using a previous set of values for the
second depth estimate. This obviates the need to process the image using the neural
25 network architecture 620,

In examples such as this, first depth estimates may be generated more frequently
than second depth estimates {(which may be slower {0 generate, due to the use of the
neural network architecture 6203 In such cases, the fused depth estimate 680 may be
refined based on updated first depth estimates and pre~existing second depth estimates.

30 Hence, the depth of a scene may be updated at a higher rate than in other cases in which
the depth is updated after both the first and second depth estimates have been updated.

Indeed, by generating the first and second depth estimates separately and subsequently



WO 2020/152437 PCT/GB2020/050084

fusing the first and second depth estimates, the methods herein are more flexible and

may be performed more efficiently than otherwise.

Figure 7A 1s a schematic diagram showing components of a computing system
& - o
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700 which may be used to implement any of the methods described herein. The
computing svstem 700 may be a single computing device {(&.g. a desktop, lapiop, mobile
and/or embedded computing device) or may be a distributed computing systers, which
1s distributed over multiple discrete computing devices {(e.g. certain components may
be implemented by one or more server computing devices based on requests from one
10 or more client computing devices made over a network).

The computing svstem 700 includes a video capture device 710 (o provide
frames of video, which for example include observations of a scene. The computing
system 700 also mcludes a simultaneous localisation and mapping (SLAM} system 720.
A SLAM systemn within the field of robotic mapping and navigation acts to construct

i5 and update a map of an unknown environment while simultaneously locating a robotic
device associated with the map within the environment. For example, the robotic device
may be the device that is constructing, updating and/or using the map. The SLAM
svstem 720 1s arranged {o provide pose data for the video capture device 710. A semi-
dense multi-view stereo component 730 of the computing system 700 is arranged to
2¢ receive the pose data and the frames of video and to implement the geometric
reconstruction engine described in other examples above. The semi-dense mudfi-view
stereo component 730 may be said to be “senu-dense” as described above; the term
“multi-view stereo” indicates that the component 730 acts o simulate a stereo image
pair to determine depth data by instead using successive frames of data from a
25 monocular {e.g. non-sterec) camera. In this case, frames from a moving camera may
provide different views of a common environment, allowing depth data to be generated
as previously discussed. The computing system 700 also includes neural network
circuitry 740, which is, for example, electronic circuilry to iroplement the neural
network architecture described with reference to the examples above. The computing
30 system 700 also includes an image processing system 750 which is arranged to
implement the fusion engine of exampies herein. The image processing system 750 for

example probabilistically fuses first depth data from the semi-dense multi-view stereo
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component 730 and second depth data from the neural network circuitry 740 to obtain

fused depth data.

Figure 7B 15 a schematic diagram showing components of a robotic device 760
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according to an example. The robotic device 760 includes the computing system 700 of

Figure 7A. The robotic device 760 also includes one or more actuators 770 to enable

the robotic device 760 (o interact with a suirounding three-dimensional environment.

At least a portion of the surrounding three-dimensional environment may be shown in

the scene captured by the video capture device 710 of the computing system 700. In the

10 case of Figure 7B, the robotic device 760 may be configured to capture video daia as

the robotic device navigates a parficular environment {e.g. as per device 130 in Figure

1A). In another case, though, the robotic device 760 may scan an environmeni, or

operate on video data received from a third party, such as a user with a mobile device

or another robotic device. As the robotic device 760 processes the video data, it may be

i5 arranged to generate a depth estimate of a scene, which 15 for example a fused depth
estimate.

The robotic device 760 also includes an interaction engine 780 comprising at

least one processor to control the one or more actuators 770. The miteraction engine 780

of Figure 7B is configured to use the fused depth estimate to interact with the

24 surrounding three-dimensional environment. The interaction engine 780 mav use the

fused depth estimate to conirol the one or more actuators 770 to interact with the

environiment. For example, the fused depth estirnate may be used to grab objects within

an environment, and/or avoid collisions with barriers such as walls.

25 Examples of functional components as described herein with reference to
Figures 7TA and 7B may comprise dedicated processing elecironics and/or may be
implemented by way of computer program code execitted by a processor of at least one
computing device. In certain cases, one or more embedded computing devices may be
used. Components as described herein may comprise at least one processor operating

30 in association with memory to execute computer program code loaded onto a computer
readable medium. This mediom may comprise solid state storage such as an erasable

programmable read only memory and the computer program code may comprise
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firmware. In other cases, the components may comprise a suitably configured svstem-
on-chip, application-specific integrated circuit and/or one or more suitably programmed
field-programmable gate arravs. In one case, the components may be implemented by

way of computer program code and/or dedicated processing electronics in a mobile
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computing device and/or a desktop computing device. In one case, the components may
be implemented, as well as or instead of the previous cases, by one or more graphical
processing units executing computer program code. In certain cases, the components
may be implemented by way of one or more functions implemented in parallel, e.g. on
multiple processors and/or cores of a graphics processing unit.
10
Figure 8 13 a schemalic diagram showing an example 300 of vanous features
described with reference to Figures 1 to 7. Figure & illusirates an example of a three-
dimensional (3D) environment 805, which mav be referred to as a scene. The 3D
environment 803 includes a capture device 810, such as the capture device 120 of Figure
i5 1, as well as two objects 815, 820. The capture device 810 15 arranged to capture
observations (for example in the form of still images, or video) of the 30 environment
805. These observations for example include observations of the objects 815, 820 and
may show the position of the objects 815, 820 relative to each other and relative to other
objects or features of the 3D environment (such as a surface supporting the objects 8135,
26 820 or a wall behind the objects 813, 820}. An example of a frame of video 825 showing
an observation of the 3D environment 803 as captured by the capture device 810 is also
shown i Figure 8. As can be seen, the two objects 815, 820 are visible in the frame of
video 825.
Figure 8 also illustrates schematically an exampie of a first depth estimate 830
25 as obtained by a geometric reconstruction engine. As can be seen, the presence of the
objects 815, 820 in the scene are indicated in the first depth estimate 830 by the outlines
832, 834. Hence, the first depth estimate 830 for example allows boundaries or other
edges in an 1mage (e.g. cotresponding {o a sudden change in depth, as may occur at an
edge of an object in a scene) to be identified.
30 A second depth estimate 835 as obtained by aneural network architecture is also
shown schematically in Figure 8. As can be seen, the presence of the objects 815, 820

in the scene are indicated in the second depth estimate 835 by shading 836, 838, A
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greyscale value of the shading for example indicates a relative depth of a portion of an
object.
In the example of Figure 8, the two objects 815, 820 protrude towards the

capture device 810. For example, the first object 815 15 a cvlinder, with a longitudinal
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axis which extends vertically in Figure 8. Hence, the first object 815 bulges towards the
capture device 810 at its centre, and recedes from the capture device 810 at 115 sides (as
viewed from the capture device 810). The shape of the first object 815 15 captured in
the second depth estimate 835, which mdicates a decrease in depth of the first object
815 relative to the capture device 810 towards the centre of the first object 415 {as
10 imndicated by a darker region of the shading 836 towards the centre of the first object in
the second depth estimate 835). Edges of the first object are, however, sharper or more
distinct in the first depth estimate 830 than in the second depth estimate 835. This
illustrates that the first depth estimate 830 may more accurately capture depth in higher
texture regions of a scene, whereas the second depth estimate 835 may more accurately
i5 capture depth in lower fexture {i.e. smooth) regions of the scene. This can be further
seen from the second depth estimate 835, which includes shading at upper and lower
left corners, indicating that there is a difference in a depth of these regions compared
with other regions of the scene. This difference is not identified by the first depth
estimate 830, as it is a relatively subtle or small change in depth.
2¢ Figure 8 also shows schematically an example of a first depth gradient estimate
840 in a first divection (in this example, the horizontal direction}, and a second depth
gradient estimate 845 in a direction orthogonal to the first direction (in this example,
the vertical direction). The presence of the objects &15, 820 1s indicated in the first depth
gradient estimate 340 with the arrows 842, 844 respectively. The presence of the objecis
25 815, 820 15 indicated in the second depth gradient estimnate 845 with the arrows 846,
848 respectively. As explained with reference to the first and second depth estimates
830, 835, the object 815 bulges towards the capture device 810 along its longitudinal
axis. This can be seen in the first depth gradient estimate 840, in which the arrows 842
are closer together (indicating a less rapid change 1n depth gradient) in a central region
30 than towards the sides of the object 815, where the object 815 curves more rapidly away

from the capture device 810, due to its cylindrical shape.
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Figure 9 15 a flow diagram showing an example method 900 of estimating depth
for a scene. The method 900 comprises a first operation 210 of generating a first depth
estimate. The first depth estimate may be generated using a geometric reconstruction of

the scene, which s configured to output a measure of uncertaindy for the first depth
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estimate. In a second operation 920, a second depth estimate is generated using a newral
network architecture. The neural network architecture is configured to output a measure
of uncerfainty for the second depth estimate. In a third operation 930, the first depth
estimate and the second depth estimate are probabilistically fused, using the measures
of uncertainty, to generate a fused depth estimate for the scene. Any of the systems

10 described herein may be used to implement the method 900 of Figure 9.

Figure 10 1s a flow diagram showing a further example method 1000 of
estimating depth for a scene. In a first operation 1010, image data is obtained. The
image data may be obtained from a capture device arranged to capture images of the

i5 scene. In a second operation 1020, a pose estimate for the capture device, during
obtaining the image data of the first operation 1010, is generated. In a third operation
1030, a semi-dense estimate of a depth of the scene is obtained, for example using a
geometric reconstruction engine as described with reference {o other examples hergin.
In a fourth operation 1040, 1t 1s determined whether the image captured by the capture
20 device is a key frame, as explained with reference to Figwre 6. If so, neural network
outputs are generated m a fifth operation 1050, so as to generate a second depth
estimate. If the image does not correspond to a key frame, though, existing neural
network outputs (e.g. obtained for a previous image) are used mstead at operation 1060
The neural network outpuis for example include a second depth estimate, at least one
25 surface origntation estimate and a measurement of uncertainty associated with each of
the second depth estimate and the at least one surface orientation estimate, respectively.
Finallv, at a seventh operation 1070, the first depth estimate of the third operation 1030
and the second depth estimate of either the fifth or sixth operations 1050, 1060 are fused
in a probahilistic manner, which for example uses measurements of uncertainty
30 associated with the first and second depth estimates, respectively. In this example, at
least one surface orientation estimate and the correspond measurements of uncertainty

are also used during the fusion operation, 50 as to obtain a fused depth map and a scale
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factor. The moethod 100 of Figure 10 mav for example be imoplemented using the svstem

600 of Figure 6.

Figure 111s aschematic diagram showing an example 1100 of a processor 1110
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and a non-transitory computer-readable storage medium 1120 comprising computer-
executable instructions 1130, The computer-executable instructions 1130, when
exgcuted by the processor 1110, cause a computing device, such as a computing device
comprising the processor 1110, to estimate depth for a scene. The instructions may
result in a method being performed that is similar to the example methods described
10 above. For example, the computer-readable storage medium 1120 may be arranged to
store a phurality of first depth data 1140, which may be obtained for a phurahity of
reference frames as described with reference to Figure 6. The computer-readable
storage medium 1120 may also be arranged to store second depth data 1150 for a
keyframe. The first depth data and the second depth data may be probabilistically fused
15 o obtain a fused depth estimate. Although 1 Figure 11, the first and second depth data
1140, 1150 are shown as being stored on the computer-readable storage medium 1120,
in other examples, at feast one of the first and second depth data 1140, 1150 mav be
stored in storage which is external to (but accessible by} the computer-readable storage
medium 1120,
20
Figure 12 is a schematic diagram showing fusion of a first and second depth
estimate for a scene according to a further example. In Figure 12, a first depth
probability volume 1200 13 generated for a scene using geometric reconstruction. The
first depth probability volume 1200 includes a first plurality of depth estimates (which
25 in this case includes the first depth estimate discussed in other examples herein} and a
first plurality of measures of uncertainty, each associated with a respective depth
estimate of the first plurality of depth estimates. The first plurality of measures of
uncertainty therefore includes the measure of uncertainty for the first depth estimate,
The first depth probability volume 1200 is shown schematically in Figure 12,
30 which is a simplified example for ease of llustration. In Figure 12, a frame representing
an observation of the scene includes 9 pixels, labelled in Figure 12 as P1 to Po. Each of

the pixels corresponds to an observation of a different respective portion of the scene.
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For each of the pixels 1n Figure 12, there are 3 depth estimates (although other exaraples
may have more or fewer depth estimates per pixel}, labelled as [y, Dy and Ds. Each
depth estimate of Figure 12 is associated with a respective measure of uncertainty. The

measure of uncertainty assoctated with an mth depth estimate, D, for an nth pixel, Pn,
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1s labelled as uwm in Figure 12, The measures of uncertainty are shown for the upper
row of pixels (P1, P2 and Ps) in Figure 12. However, itis to be appreciated that the depth
estimales {or the other pixels of the frame (P4 1o Po) also have a corresponding measure
of uncertainty (not shown in Figure 12). The three-dimensional arrangement of the
measwres of uncertainty associated with respective depth estimates for a two-
10 dimensional pixel array forms a three-dimensional probability volume in this example.
In Figure 12, the measure of uncertainty assoctated with a given depth estimate
of the first plurality of depth estimates of the first depth probability volume 1200
represents a probability that a given region of the scene {an observation of which is
captured in a given pixel) is at a depth represented by the given depth estimate of the
i5 first plurality of depth estimnates. Hence, in Figure 12, un represents the probability that
the region of the scene captured in the first pixel Py 1s at a depth corresponding to that
of the first depth estimate, D,
Figure 12 also includes a second depth probability volume 1202, which is
generated for the scene using a neural network architecture. The second depth
20 probability volume 1202 in this case 1s otherwise similar to the first depth probability
volume 1200 and includes a second plurality of depth estimates, comprising the second
depth estimate, and a second plurality of measures of uncertainty, each associated with
a respective depth estimate of the second plurality of depth estimates. The second
plurality of measures of uncertainty therefore includes the measure of uncertainty for
25 the second depth estimate. As for the first depth probability volume 1200, a measure of
uncertainty associated with a given depth estimate of the second plurality of depth
estimates represents a probability that a given region of the scene is at a depth
represented by the given depth estimate of the second plurality of depth estimates.
In the example of Figure 12, the first and second depth probability volumes
30 1200, 1202 include measures of uncertainiy associated the same respective depth
estimates (D1, D2 and D3} for a given pixel. It is to be appreciated, however, that in

other examples the depth estimates for the first and second depth probability volumes
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200, 1202 may differ from each other. For example, one of the first and second depth
probability volumes 1200, 1202 may comprise a greater number of depth estimates than
the other and/or depth estimates of different values than each other.

It1s to be appreciated that a measure of uncertainty associated with a given depth
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estimate typically differs between the first and second depth probability volumes 1200,
1202, as the accuracy of the geometric reconstruction and the neural network
architecture generally differs for a given portion of the scene. This can lead to different
probability distributions for the given portion of the scene depending on whether
geometric reconstruction or the neural network architecture is used. For example, if a
10 given technique {either geometric reconstruction or involving use of the newral network
architecture) is unable to accurately charactenise the depth of a given portion of the
scene, a depth probability distribution associated with a pixel representing the given
portion of the scene may be relatively flat, making it difficult to ascertain the most likely
depth for that portion of the scene. Conversely, if a given technique is able to accurately
i5 determine the depth of the given portion of the scene, the depth probability distribution
may have a sharper peak at a depth estimate corresponding to the depth of the given
portion of the scene.
By fusing the measuwrements of uncertainty associated with the first and second
depth probability volumes 1200, 1202, the depth estimates associated with the first and
20 second depth probability volumes 1200, 1202 can themselves be probabilistically fused,
thereby generating a fused depth probability volume 1204, This is shown schematically
in Figure 12, in which the fused depth probability volume 1204 1s similar to the first
and second depth probability volumes 1200, 1202 but typically includes different values
for the measures of uncertainty uan than those of the first and second depth probability
25 volumes 1200, 1202, due to the probabilistic fusion of the depth estimates from the first
and second depth probability volumes 1200, 1202, Probabilistically fusing the first and
second depth probability volumes 1200, 1202 in this way allows information regarding
the depth of the scene to be combined from two different sources (the geometric
reconstruction and the neural network archutecture), which typically mmproves the
30 accuracy of the depth estimation compared to using each source individually.
Figure 13 is schematic diagram of an example system 1300 for obtaining a

second depth probability vohume 1302, which may be simular to or the same as the
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second depth probability volume 1202 of Figure 12 The systern 1300 s arranged to
receive a frame 1304 representing an observation of the scene. The frame 1304 in this
case is represented by image data representative of an image of the scene. A neural

network architecture 1306 of the svstem 1300 is configured to process the frame 1304
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to generate the second depth probability volume 1302, which in this case includes a
second plurality of depth estimates 1308 and a second plurality of measures of
uncertainty 1310 {which in this case represent respective probabilities that a given
region of the scene is at a depth represented by a depth estimate of the second plurality
of depth estimates 1308).

10 The system 1300 of Figure 13 is arranged {o output a second plurality of depth
estirnates 1308 including a plurality of sets of depth estimates, each associated with a
different respective portion of the image of the scene. Hence, if the system 1300 is used
1o output the second depth probability volume 1202 of Figure 12, the depth estimaies
D1, D2 and Bs for a given pixel may be considered o correspond (o a set of depth

i5 estimates. Thus, an image comprising a plurality of pixels mav be processed using the
svstem 1300 of Figure 13 to generate a plurality of sets of depth estimates, each
associated with a different respective pixel of the plurality of pixels.

The neural network architecture 1306 in the example of Figure 13 15 configured

to output measures of uncertainty 1310 assoctated with respective depth estimates 1308

2¢ having predefined values. In other words, rather than ouiputting a single depth value
for each pixel, the neural network architecture 1306 of Figure 13 1s arranged to output

a measure of uncertainty §1310 for each of a plurality of discrete, predefined, depth
estimates 1308 for each pixel. In this way, the neural network architecture 1306 outputs,

for a given pixel, a discrete depth probability distribution over a given range, which in

25 this case 1s non-parametric. This allows the neural network architecture 1306 to express
uncertainty about the predicted depth (as represented by the measure of uncertainty
associated with a given depth estimate, which in this case is a probability value). It
further allows the neural network architecture 1306 to make a multi-hypothesis depth
prediction, which, when fused with the depth estimates obtained by the geometric

30 reconstruction, allows the depth of the scene to be more accurately estimated.

The predefined values output by the neural network architecture 1306 may have

a non-uniform spacing therebetween. With such an approach, the neural network
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architecture 1306 15 arranged to output, for a given pixel, a depth probability
distribution with a variable resolution over a depth range occupied bv the depth
estimates. For example, the predefined values may include a plurality of log-depth

values within a predefined depth range (which may be all or part of the depth range
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occupiad by the depth estimates). Using a log-depth parameterisation allows the depth
range to be uniformly divided in log-space. This provides a higher depth resolution for
regions closer (o a capture device used to caplure an observation of the scene, and a
fower resolution for more distant regions.
The measures of uncertainty 1310 associated with respective depth estimates of
10 the second plurality of depth estimates 1308 are shown schematically in Figure 14 for
a given pixel of an image as processed using the systern 1300 of Figure 13. In Figure
14, the measures of uncertainty are probability density values, as indicated on a v-axis
1400 and the depth estimaies are log-depth values in metres, as indicated on an x-axis
1402, The depth estimnates in Figure 14 have discrete values. Figure 14 therefore
i5 ilhustrates a discrete probability distribution 1400 in the form of a bar chart 1406

In some cases, a continuous probability function mayv be obtained from the
discrete probability distribution 1400 to reduce discretization errors and to facilitate
obtaining a depth estimate for the scene. A continuous probability function 1408
obtained from the discrete probability distribution 1400 is shown schematically in

20 Figure 14. The continuous probability function 1408 may be a smooth function, and is
discussed further below with reference to Figure 16.
Referring back to Figure 13, vanous ditferent neural network architectures may
be used as the neural network architecture 1306. In one example, the neural network
architecture 1306 includes a residual neural network (ResNet} encoder, followed by
25 three upsample blocks, each including a bilinear upsampling layer, a concatenation with
the input image, and then two convolutional lavers so that the output has the same
resolution as that of the input image representing an observation of the scene.

To train the neural network architecture 1306 of Figure 13 to predict probability
values associated with discrete depth estimnates, an ordinal loss function may be used.

30 An example of a suitable ordinal loss function, £{8), is as follows:
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and where 8 1s the set of weights of the neural network architecture 1306, K is the

5 number of bins over which the depth range is discretized, k] 1s the index of the bin
containing the ground truth depth for pixel 7, and pg (k] = j) is the prediction of the
neural network architecture 1306 of the probability that the ground truth depth 15 in bin
j. However, this is merely an example, and other loss functions may be used m other
examples.

16 Turning to Figure 15, Figure 15 is schematic diagram of an example system
1500 for obtaining a first depth probability volume 1502, which may be stmular to or
the sare as the first depth probability volume 1200 of Figure 12 The svstem 1500 of
Figure 15 is arranged to process a first frame 1504 representing a first observation of a
scene and a second frame 1506 representing a second observation of a scene, e.g. prior

15 to or after the first observation of the scene. The first and second observations in
examples are last partially overlapping (e.g. so that both include observations of the
same portion of a scene).

The first and second frames 1504, 1506 are processed by a photometric error
calculation engine 1508 to generate, for each of a plurality of portions of the first frame

20 1504, a set of photometric errors 1510, each associated with a different respective depth
estimate of a first phurality of depth estimates 1512, The photometric error may be
obtained by warping the first frame 1504 into the second frame 1506 for each of the
first plurality of depth estimates 1512 and determining a difference between the warped

first frame 1504 and the second frame 1306. The difference in some cases 1sasumofa

)
n

squared difference between the pixel values of the warped first frame 1504 and the
second frame 1506 for patches of pixels, e.g. of 3 by 3 pixels in size, although this 1s
merely an illustrative example. Warping of the first frame 1504 in this way may be

considered to correspond (o mapping pixels of the first frame 1504 to corresponding
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positions in the second frame 1506, e.g. as described with reference to Figure 2. For
example, the photometric errors that are iteratively calculated for respective depth
estimates in order to determine the depth value that minimizes the photometric error in

the example described with reference to Figure 2 may be output as the set of
& ®
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photometric errors 1510 by the photometric error calculation engine 1508 in the
example of Figwe 15. The example of Figure 2 involves calculating a measure of
uncertainty, e.g. compuied using a Jacobian term, associated with a depth estimate
obtained by miminuzing a photometric error. In countrast, in the example of Figure 15,
the set of photometric errors 1510 are themselves taken as respective measures of
10 uncertainty, each associated with a respective depth estimate.

The warping of the first frame 1504 aims to replicaie the second observation of
the scene as captured in the second frame 1506 {e.g. as observed with a camera with a
pose which is the same as a second pose of the camera during capture of the second
frame 1506}, The frst {tame 1504 is transformed n this way for each of the first

15 plurality of depth estimates 1512 (where each of the depth estimates is a hvpothesized
depth of the scene with respect to a first pose of the camera during capture of the first
frame 1504). Although typically the depth of the scene 13 non-uniform with respect to
the first pose, the warping mav be performed more efficiently by assuming that the
entirety of the scene is at the same depth, and then calculating the photometric errors

2¢ for that depth estimate on a per-pixel (or per-image-paich basis). This approach can be
performed repeatedly for the first plurality of depth estimates 1512 for each of a
plurality of pixels of the first frame 1504 to generate a cost volume, from which the
first depth probability volume 1502 can be obtained. It is to be appreciated that the first
and second poses of the camera may be obtained using any suitable method, as

25 explained with reference to Figure 2.

To simplify fusion of the first depth probability volume 1502 with a second
depth probability volume obtained using the system 1300 of Figure 13, the midpoint of
cach of the depth bins for which a probability value 18 output by the neural network
architecture 1306 may be used as respective depth estimates of the first depth

30 probability volume 1502, This need not be the case in other examples, though.

In some examples, the first and second frames 1504, 1506 are normalised before

the first frame 1504 15 warped and/or before the set of photometric errors 1510 i3
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calculated. Normalisation may be performoed by subiracting, for each of the first and
second frames 1504, 1506 respectively, the mean pixel value from each of the pixel
values, and dividing each of the outputted values by the standard deviation of the first

and second frames 1504, 1506, respectively. This allows the underlving photometric
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difference between the warped first frame 1504 and the second frame 1506 for a given
depth estimate to be more accurately determined, without being unduly affected by
changes in illumination between the first and second observations of the scene.

As discussed above, the set of photometric errors 1510 obtained by the
photometric error calculation engine 1508 of Figure 15 may be considered to form a
10 cost volume. To obtain the first depth probability volume 1502 from the set of

photometric errors 1510, the system 1500 of Figure 15 includes a scaling engine 1512
which is configured to scale the photometric errors 1510 to respective probability values

1514 (which may be considered o correspond to measures of uncertainty associated

with depth estimates of the first plurality of depth estimates 1512). In one case, the
i5 scaling includes separately scaling the negative of the squared photometric error for
each pixel such that, after scaling, the negative of the squared photometric error for
each of the first plurality of depth estimates 1512 for a given pixel sums to one. The
scaled values may then be taken as respective probability values 1514 associated with

a given depth estimate of the first plurality of depth estimates 1512, thereby generating
20 the first probability volume 1502,

Figure 16 1s a flow diagram showing an example method 1600 of obtaining a
fused depth estimate for a scene, an observation of which is captured i a plurality of
frames, each comprising an array of pixels. The fused depth estimate 1s obtained using
first and second depth probability volumes such as those described with reference to

25 Figuwres 1210 15.

Item 1602 of Figure 16 involves obtaining a fused probability volume. At item
1602, the first and second depth estimates (which form part of the first and second depth
probability volumes respectively ) are probabilistically fused by combining the first and
second plurality of measures of uncertainty o generate the fused probability volume,

30 The first and second plurality of measures of uncertainty may be combined in various
different ways. In one case, in which the first and second plurality of measures of

uncertainty are probability values associated with the first and second depth probability
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volumes, the fused probability volume is obtained by combining (e.g. by multiplying)
the probability value associated with a depth estimate of the first plurality of depth
estimates with a probability value associated with a corresponding depth estimate of the

second plurality of depth estimates to obtain a fused value for each of the depth
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estimates. In some cases, the fused values for each of the depth estimates for a given

pixel are then scaled to sum 1o one, to generate a fused probability value for each of the

depth estimates. This may be omitted in other cases, though, e.g. if the probability
values associated with the first and second plurality of depth estimates have already
previcusly been scaled to sum to one for a given pixel.

10 In the example of Figure 16, to avoid quantisation of a depth estimate of the
scene obtained using the fused probability volume and to obtain a sutiable function for
use in a subsequent optimisation step {discussed further with reference to items 1604
and 1606 of Figure 16), a depth probability function is obtained using the fused
probability volume. The depth probability funclion represents a parameterisation of the

i5 fused probability volurne, allowing continuous depth values to be obtained (rather than
mergly the discrete depth estimates of the fused probahility volume). The depth
probability function may be obtained using anv suitable technique for parametensing a
discrete distribution, such as a kemel density estimation (KDE) technigue, e.g. with
Gaussian basis functions.

20 At items 1604 and 1606 of Figure 16, a fused depth estimate for the scene is
obtaimed from the fused probability volome (in this case, from the depth probability
function obtained from the fused probability volume, although this is merely an
example). In the example of Figure 16, obtaining the fused depth estimate for the scene
includes optimising a cost function at item 1604, The cost function in this case includes

25 a first cost term obtained using the fused probability volume and a second cost term

including a local geometric constraint on depth values. The cost function, {d), can be

expressed as:
o{d) = c{d) + Ac,{d)

where d are the depth values to be estimated, ¢, (d) is the first cost term, ¢,(d} 1 the
30 second cost term, and 4 is a parameter used to adjust the contribution of the second cost

term to the cost function. The parameter 4 may be adjusted empirically to obtain an
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appropriate estimate of the depth values. A suitable value for the parameter 4 in one
case is 1 x 107, although this is merely an example.
The first cost term depends on the fused probability volume, and in the example

of Figure 16 depends on the depth probability function obtained from the fused

LA

probability volurne. In this case. the first cost term may be expressed as:

o () = E fog{fi{d;h
i

where f;(d;) is the output of the depth probability function for pixel / of a given input

frame {representing an observation of a scene) evaluated at depth d;.
By fusing the first and second depth probahility volumes, the fused probability
10 volume typically has greater local consistency than using geomeiric reconstruction or
the neural network architecture alone. In the example of Figure 16, the local consistency
is improved by including the second cost term, which may be considered a
regulansation term. The second cost term in this case imposes a local geometric

constraint during the optimisation of the cost function, which provides for better

-
n

preservation of local geometry.

A system 1700 for obtaining the fused depth estimate 1702 using the method
1600 of Figure 16 is shown schematically i Figure 17. A fused depth probability
volume 1704 is input to a depth estimation engine 1706 of the system 1700, The depth
estimation engine 1706 performs the cost function optinusation of item 1604 of Figure
20 16. The first cost term of the cost function depends on the fused depth probability

volume 1704 input to the depth estimation engine 1706, and in this case may be

expressed using the formula above for ¢ (d). Hence, in Figure 17, the depth estimation

engine 1706 is arranged 1o obtain the depth probability function from the fused depth

probability volume 1704, in order to calculate the first cost term. Tn other cases, though,
25 the first cost term mav be obtained from the fused depth probability volume 1704 itself,
or the depth estimation engine 1706 may be arranged to receive the depth probability
function rather than the fused depth probability volume 1704,

The system 1700 of Figure 17 also includes a further neural network architecture
1708, which is arranged to receive an input frame 1710 representing an observation of

30 the scene for which the fused depth estimate is to be generated, and 1o generate
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geometric constraint data 1712 for use i generating the second cost term of the cost
function. The input frame 1710 in this case is the input frame processed by a neural
network architecture to generate the second depth probability volume and one of the

frames processed by a geometric reconstruction engmne to generate the first depth
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probability volume, although this is merely an example.

The geometric constraint data 1712 n the example of Figure 17 represents a
surface orientation estimnate and an occlusion boundary estimate. The surface
orientation estimate and the occlusion boundary estimate are used to generate the
second cost term. The surface orientation estimate for example represents a surface
10 normal for a given pixel of the mput frame 1710, as predicted by the further neural

network architecture 1708, Any suitably trained neural network archifecture may be

used as the further neural network architecture 1708, as the skilled person will
appreciate. Use of the surface orientation estimate in the second cost term improves the
preservation of local geometry in the fused depth estimate obtained by optimising the
i5 cost function. For example, the second cost term is generally smaller where the surface
orientation estimates are similar for adjacent pixels (e g. indicating that these pixels are

at a simiar orientation, as would be expected for a continuous, planar surface).
However, a scene typically includes depth discontinuities at object boundanies

(which may be referred to as occlusion boundaries). At such boundaries, the surface
2¢ orientation estimaies for adjacent pixels of an input frame representing an observation

of the scene are generally different from each. The surface ovientation estimates may

be unreliable mn such regions, as part of the object in these regions may be occluded due

1o a sharp change in depth of the object at an object boundary. An observation of these

parts of an object may therefore be absent from the input frame, which can affect the
25 rehiability of the surface ortentation estirnates and the reliability of a cost term based on

differences between surface orientation estimates for neighbouring pixels of an image
representing an observation of a scene.

To compensate for this, the second cost term in the example of Figure 17 masks

the regularisation term at occlusion boundares. In other words, the second cost term is

30 weighted by a value, such as a value between zero and one, to adjust the contribution

of the second cost term for respective pixels of the input frame 1710, e.g. so that the

conirtbution of the second cost term s lower for pixels corresponding to unrehiable
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regions of the input frame 1710, such as those corresponding to occlusion boundaries,
and higher for pixels corresponding to more reliable regions. For example, the second
cost term may be weighted by a weight with a value of 7ero for pixels that lie on

occlusion boundaries so the second cost term does not contribute to the optimisation of
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the cost function for these pixels,

in some cases, the further newral network architecture 1708 outpuis the
probability that a given pixel belongs o an occlusion boundary as the occlusion
boundary estimate. In such cases, a pixel may be considered to hie on an occlusion
boundary where this probability takes a value that equals or exceeds a predetermined
10 threshold, such as 0.4

In the example of Figure 17, the second cost term, ¢, (), generated by the depth
estimation engine 1706 and used to optimise the cost funciion may be expressed as:

) = Y B((Ro KV — diyy K )
A}

&

b (R, KT — K e 1)

where b; € {{,1} is the value of the mask based on the occlusion boundary estimate

for pixel i of the inpui frame 1710, (., .} represents the dot product operator, #; is the

-
n

surface orientation estimate output bv the further neural network architecture 1708, K
IS a matfix representing intrinsic parameters associated with a camera used to capture
the iput frame 1710 (sometimes referred to as a camera intrinsics mainix), #; represents
the homogeneous pixel coordinates for pixel / and W is the width of the image in pixels.
20 In Figure 17, the cost function is optimised by the depth estimation engine 1706
using gradient descent, 1o obtain the fused depth estimate 1702 corresponding 1o the
depth values d that minimise a value of the cost function (item 1606 of Figure 16} This
is merely an example, though, and in other cases the fused depth estimate may be
obtained using a different optimisation technigue.
25
Figure 18 is a flow diagram showing an example method 1800 of obtaming a
second fused depth probability volume. The method 1800 of Figure 18 may be used to
obtain a second fused depth probahility volume associated with a second frame of video

data representing a second observation of a scene from a first fused depth probability
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volume associated with a first frame of video, e.g. prior to or afier the second frame,
representing a first observation of the scene. By using the first fused depth probability
volume to obtain the second fused depth probability volume, information regarding the
depth of the scene may be retained across a plurality of frames. This can improve a
depth estimate for the second frame compared to recalculating this depth estimate
without use of information from the first frame,

Propagating mformation represented by the first fused depth probability volume
wto the second frame is non-trvial as the first fused depth probability volume
represents a depth probability distribution for respective pixels of the first frame. To
address this, item 1802 of Figure 18 involves converting the first fused depth probability
volume to a first occupancy probability volume. The first fused depth probability
vohume for the first frame may be obtained using anv of the methods described with
reference to Figures 12 to 17. The first occupancy probability volume may be
constdered to be an occupancy-based probability volume such that, for each depth along
a ray propagating from a camera with a first pose associated with capture of the first
frame towards the scene, there is a probability that an associated point in space is
occupied.

In one case, the first occupancy probability volume is obtaimed by first
deternuning the probability that a voxel 5, ; (which is for example a three-dimensional
volume element corresponding to a depth estimate associated with bin & of the first
depth probability volume along the ray associated with pixel 7 of the first frame) 13

occupiad, conditioned on the depth belonging to bin j of the first depth probability

yvolume:
0 wWhaj
I

From this, the {irst occupancy probability volume, p(S,; = 1), can be obtained

using;
Kot
e N o n® E Nt &7 g% 2
PO = 1= ; Pk = RS = Lk = k)
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where p;(k; = k) 1s the probability value of bin & of the first depth probability volume
for pixel i of the first frame, and K is the width of the first frame m pixels.
Item 1804 of Figure 18 involves warping the first occupancy probability volume

based on pose data representing poses of a camera during observation of the scene {o

n

obtain a second occupancy probability volume associated with the second frame. The
warping of the first occupancy probability volume mav be otherwise similar to the
warping of the first frame to obtain the photometric errors 1510 as described with
reference to Figure 15, and typically uses first pose data representing a first pose of the
camera during capture of the first frame and second pose data representing a second
10 pose of the camera dunng capiure of the second frame, as the pose data In this way,
the first occupancy probability volume can be warped into the second frame. In some
cases, the second frame may include some pixels for which there 1s no corresponding
warped first occupancy probability volume. For these pixels, a predetermined (e.g. a
default} value may be used for the occupancy probability, such as a value of 0.01
15 (although this merely an example).

At ttem 1806 of Figure 18, the second occupancy probahility volume is
converted to a second fused depth probability volume associated with the second frame,
This conversion may be performed using the following formmula to obtain the probability
value of bin & for a second depth probability distribution for pixel i of the second frame

20 pitki =k

pilkl = k)= H [1 —p{S;; = 1}] p(S; = 1)
i<k
This formula may be used to generate the probability values for respective bins of the
second fused depth probability distribution for each of a plurality of pixels of the second
frame. The second fused depth probabitity distribution may then be scaled such that the
25 distribution sums to one along one ray, to obtain the second fused depth probability
volume. A fused depth estimate for the second frame may then be obtamned from the
second fused depth probability volume, e.g. as described with reference to Figures 16

and 17
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Figure 19 15 a flow diagram showing an example method 1900 of estimating
depth for a scene according to a further example.
At ttem 1902, a first depth probability volume for a scene is generated using a

geometric reconstruction of the scene. The first depth probability volure is for example
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the same as or similar to the first depth probability volume described with reference to

Figure 12, and may be generated for example as described with reference to Figure 15.

Attiem 1904, a second depth probability volume for the scene 15 generated using

a neural network architecture. The second depth probability volume 15 for example the

same as or similar 1o the second depth probability volume described with reference to

10 Figure 12, and may be generated for example as described with reference to Figures 13
and 14,

At ttem 1906, the first depth probability volume and the second depth
probability volume are used io generate a fused depth probability volume for the scene
and at ttem 1908, a fused depth estimate for the scene 1s generated using the fused depth

i5 probability volume. The generation of the tused depth probability volume and the fused
depth estimate of iterms 1906 and 1908 of Figure 19 may use a method similar to or the

same as the methods of Figures 16 and/or 17.

Figure 20 i1s a schematic diagram of an image processing svstem 2000 to

2¢ estimaie depth for ascene according to a further example. The image processing svstem
2000 includes a fusion engine 2002 io receive a first depth probability volume 2004

from a geometric reconstruction engine 2006 and a second depth probability volume

2008 from a neural network architecture 2010, and to fuse the first depth probability
volume 2004 and the second depth probability volume 2008 to output a fused depth

25 probability volume 2012 for the scene. The image processing system 2000 also includes
a depth estimation engine 2014 to use the fused depth probability volume 2012 to
estimatie the depth for the scene {which may be referred as a fused depth estimate 2016).

In the example of Figure 20, the image processing system 2000 is arranged to

process input frames 2018 representing respective observations of the scene to generate

30 the fused depth estimate 2016. The input frames 2018 for example include a first frame,
which is processed by the neural network architecture 2010 to generate the second depth

probability volome 2008, e.g. as described with reference to Figures 12 to 14, The input
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frames 2018 may also include a second frame. In such examples, both the first and
second frame may be processed by the geometric reconstruction engine 2006 to
generate the first depth probability volume 2004, e.g. as described with reference to

Figures 12 and 15 The generation of the fused depth probability volume 2012 by the

5 fusion engine 2002 and the generation of the fused depth estimate 2016 by the depth
estimation engine 2014 may be e.g. as described with reference to Figwres 16 and 17.
The above examples are to be understood as illustrative. Further examples are
envisaged.
10 In the example of Figure 16, the cost function includes a first cost term and a

second cost term. In other examples that are otherwise the same as or similar (o the
example of Figure 16, the cost function may not include the second cost term, and may
e.g. include solely the first cost term.

The fused depth probability volume obtained for a first frame by the method
i5 1900 of Figuwre 19 or the system 2000 of Figure 20 roay be warped as described with
reference to Figure 18 {0 obtain a depth probahility volume for a second frame,

It is to be appreciated that the estimation of a depth of a scene as described with
reference to Figures 12 to 17 and 19 and 20 need not be performed for each observation
of a scene. Instead, the depth may be estimated for a subset of observations {e.g, a

20 subset of frames}), which may be referred to as keyframes. This can reduce processing
requiremnents. Similarly, the method of Figure 19 need not be performed for each frame
subsequent to a keyframe for which depth is estimated. For example, the method of
Figure 19 may be omutted where the pose of the camera has changed significantly
between the first and second frames.

25 For a first frame of a video for which depth s to be estimated, a neural network
architecture such as those described above may be used to estimate the depth (e.g. by
calculating the depth estimate from a second depth probability volume, without fusing
the second depth probability volume with a first depth probability volume). After
obtaining at least one further frame of the video, the first depth probahility volume may

30 be calculated and fused with the second depth probability volume to obtain a fused

depth probability volume for generaling a fused depth estimate for the scene.
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In the example of Figures 16 and 17, the fused depth estimate is generated using
a cost function based on a depth probability function derived from a fused depth
probability volume. This approach tends to be more accurate in featureless regions

where the predictions from the neural network architecture are relatively uncertain and
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hence suscepiible to false minima. However, in other examples, the fused depth
estimaie for a given pixel may be taken as the depth estimate for the pixel from the
fused depth probability vohime that has the maximurn probability.

In the examples of Figures 12 to 20, the fused depth estimates are dense depth
estimates. However, in other cases, similar methods or systems may be used fo obtain
10 semi-dense or sparse depth estimates, e.g. by processing a subset of pixels of input

frames using the methods herein. In addition or alternatively, there may be a one-to-

one, one-to-many Of many-to-one mapping between respective depth estimates of a

fused depth estimate obtained in accordance with the examples of any one of Figures

12 to 20 and pixels of input frames for which the fused depth estimate is obtained.
i5 The examples of Figures 12 to 20 are described with reference to processing

frames representing observations of a scene. However, it is {0 be appreciated that these

methods and/or svstems may alternatively be used to process a still images rather than
frames of a video.

The method 1900 of Figure 19 and/or the system 2000 of Figwre 20 may use

20 any of the systems or apparatus described herein, such as the capture devices of Figures

A 1o 1C, the computing sysiem 700 of Figure 7A and/or the robotic device 760 of

Figure 7B. Instructions to perform the method 1900 of Figure 19 or to implement the

svstem 2000 of Figure 20 may be stored on a non-transitory computer-readable storage

medium, such as that described with reference to Figure 11.

25
It 1s 10 be understood that any feature described in relation to anv one example
may be used alone, or in combination with other features described, and may also be
used in combination with one or more features of any other of the examples, or any
combination of any other of the examples. Furthermore, equivalents and modifications
30 not described above may also be emploved without departing from the scope of the

mvention, which is defined in the accompanying claims.
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i An image processing system to estimate depth for a scene, comprising:

a fusion engine to receive a first depth estimate from a geometric reconsiruction

|94

engine and a second depth estimate from a newral network architecture, and fto
probabilistically fuse the first depth estimate and the second depih estimate to cuiput a
fused depth estimate for the scene,

wherein the fusion engine is configured fo receive a measurement of uncertainty
for the first depth estimate from the geometric reconstruction engine and a measurement
10 of uncertainty for the second depth estimate from the neural network architecture, and
wherein the fusion engine is configured to use the measurements of uncertainty

to probahilistically fuse the first depth estimate and the second depth estimate.

2. The systermn of claim 1, wherein the fusion engine i1s configured {0 receive a
15 surface onentation estimate, and a measure of uncertainty for the surface orientation
estimate, from the neural network architecture, and to use the surface orientation
estimate, and the measure of uncertainty for the surface orientation estimate, to

probabilistically fuse the first depth estimate and the second depth estimate.

20 3. The system of claim 2, wherein the surface orientation estimate comprises one
or more of)
a depth gradient estimate in a first direction;
a depth gradient estimate in a direction orthogonal to the first direction; and

a surface normal estimate.

25
4. The system of any one of claims 1 to 3, wherein the fusion engine s configured
1o determune a scale estimate when probabilistically fusing the first depth estimate and
the second depth estimate.

30 5. The system of any one of claims 1 to 4,

wherein the scene is captured in a first frame of video data,

wherein the second depth estimate is received for the first frame of video data,
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wherein the first depth estimate comprises a plurality of first depth estimates for
the first frame of video data, at least one of the plurality of first depth estimates being
generated using a second frame of video data that differs from the first frame of video

data, and
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wherein the fusion engine is configured fo tteratively output the fused depth
estimate for the scene, at each iteration processing the second depth estimate and one

of the plurahity of depth estimates.

6. The system of any one of claims 1 to 5, wherein the first depth estimate, the
10 second depth estimate and the fused depth estimate each comprise a depth map for a

plurality of pixels.

7. The system of any one of claims 1 to 6, wherein the first depth estimate 15 a
semi~-dense depth estimate, and the second depth estimate and the fused depth estimate

i5 each coroprise a dense depth estimate.

8. The system of any one of claims 1 to 7, comprising:

a monocular camera 1o capture frames of video data;

a tracking svstem to determine poses of the monocular camera during

20 observation of the scene; and

the geormetric reconstruction engine,

wherein the geornetric reconstruction engine is configured to use the poses from
the tracking system and the frames of video data to generate depth estimates for at least
a subset of pixels from the frames of video data, the geometric reconstruction enging

25 being configured to minimise a pholometric error (o generate the depth estimates.

9. The system of any one of claims 1 to 8, comprising:
the neural network architecture,
wherein the neural network architecture comprises one or more neural networks
30 and 1s configured to receive pixel values for frames of video data and predict;
a depth estimate for each of a first set of image poriions to generate the

second depth estimate;
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at least one surface orientation estimate for each of a second set of image
portions;

one or more uncertainty measures associated with each depth estimate;
and

one or more uncertainty measures associated with each surface

orientation estimate.

10, A method of estimating depth for a scene, comprising

generating a first depth estimate for the scene using a geometric reconstruction
of the sceng, wherein the geometric reconsiruction is configured to outpui a measure of
uncertainty for the first depth estimate;

generating a second depth estimate for the scene using a neural network
architecture, wherein the neural network architecture is configured to output a measure
of uncertainty {or the second depth estimate; and

probabilistically fusing the first depth estimate and the second depth estimate

using the measures of uncertainty to generate a fused depth estimate for the scene.

i1 The method of claim 10, comprising, prior to generating the first depth estimaie:
obtaining image data representative of two or more views of the scene from a
camera,
wherein generating the first depth estimate comprises:
obtaining a pose estimate for the camera; and
generating the first depth estimate by minimising a photometric error,
the photometric error being a function of at least the pose estimate and the image

data.

12. The method of claim 10, comprising, prior to generating the first depth estimate;
obtaining image data representative of one or more views of the scene from a
camera,
wherein generating the second depth estimate comprises:

receiving, at the neural network architecture, the image data;
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predicting, using the neural network architecture, a depth estimate for
each of a set of image portions to generate the second depth estimate;
predicting, using the neural network architecture, at least one surface

orientation estimate for each of the set of image portions; and
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predicting, using the neural network architecture, a set of uncertainty

measures for each depth estimate and for each surface orientation estimate.

13. The method of claim 12, wherein the surface ortentation estimate comprises one
or more of
10 a depth gradient estimate in a first direction;
a depth gradient estimate in a direction orthogonal o the first direction; and

a surface normal estimate.

14. The method of claim 10, comprising, prior to generating the first depth estimate:
i5 obtaining image data representative of two or more views of the scene from a
camera, the image data comprising a plurality of pixels,
wherein generating the first depth estimate comprises:
obtaining a pose estimate for the camera; and
generating a semi-dense depth estimate, the semi-dense depth estimate
20 comprising depth estimates for a portion of the pixels in the tmage data,
wherein generating the second depth estimale comprises generating a dense
depth estimate for the pixels in the 1mage data, and
wherein probahilistically fusing the first depth estimate and the second depth
estimate comprises outputting a dense depth estimate for the pixels in the image data.
25
5. The method of any one of claims 10 to 14,
wherein the method is iteratively repeaied and, for a subsequent iteration:
the method comprises determining whether o generale the second depth
estimate, and
30 probabilistically fusing the first depth estimate and the second depth estimate
comprises, responsive to a determination not to generate the second depth estimate,

using a previous set of values for the second depth estimate.
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16, The method of any one of claims 10 to 15, wherein the method is applied to
frames of video data and probabilistically fusing the first depth estimate and the second

depth estimate comprises, for a given frame of video data:

|94

optimising a cost function comprising a first cost term associated with the first
depth estimate and a second cost term associated with the second depth estimate,

wherein the first cost term comprises a function of fused depth estimate values,
first depth estimnate values and uncertainty values for the first depth estimate,

wherein the second cost term comprises a function of fused depth estimate
10 values, second depth estimate values, and uncertainty values for the second depth
estimate, and

wherein the cost function is optimised to determine the fused depth estimate

values.

15 17. The method of claim 16, wherein optimising the cost function comprises
deterrmning a scale factor for the fused depth estimate, the scale factor indicating a

scale for the fused depth estimate with respect to the scene.

8. The method of claim 16 or claim 17, generating at least one surface orientation
20 estimate for the scene using the neural network architecture, wherein the neural network

architecture 1s configured to oulput a measure of uncertainty for each of the at least one
surface onentation estimate,
wherein the cost function comprises a third cost term associated with the at least
one surface orientation estimate,
25 wherein the third cost term comprises a {unction of fused depth estimate values,
surface orientation estimate values, and uncertamnty values for each of the at least one

surface ornentation estimate.

19.  The method of claim 10, wherein the geometric reconstruction of the scene 1s
30 configured to generate a first depth probability volume for the scene, the first depth
probability volume comprising:

a {irst phurality of depth estimates, comprising the first depth estimate; and
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a first plurality of measures of uncertainty, each associated with a respective
depth estimate of the first plurality of depth estimates, wherein a measure of uncertainty
associated with a given depth estimate of the first plurality of depth estimates representis

a probability that a given region of the scene is at a depth represented by the given depth

|94

estimate of the first plurality of depth estimates; and
the neural network architecture is configured to output a second depth probability
volume for the scene, the second depth probability volume comprising:
a second plurality of depth estimates, comprising the second depth estimate; and
a second plurality of measures of uncertainty, each associated with a respective
10 depth estimate of the second plurality of depth estimates, wherein a measure of
uncertainty associated with a given depth estimate of the second plurality of depth
estimates represerts a probability that a given region of the scene is at a depth

represented by the given depth estimate of the second plurality of depth estimates.

i5 20, The method of claim 19, wherein generating the second depth estimate for the
scene comyrises processing image data representative of an image of the scene using

the neural network architecture {0 generate the second depth probability volume,
wherein the second plurality of depth estimates comprises a plurality of sets of
depth estimates, each associated with a different respective portion of the image of the

20 scene.

21 The method of claim 19 or claim 20, wherein the second plurality of depth

estimates comprises depth estimates having predefined values.

25 22, The method of claim 21, wherein the predefined values have a non-uniform

spacing therebetween,

23. The method of claim 21 or claim 22, wherein the predefined values comprise a
plurality of log-depth values within a predefined depth range.

30
24. The method of any one of claims 19 to 23, wherein generating the first depth

probability volume for the scene comprises:
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processing a first frame of video data representing a first observation of the
scene and a second frame of video data representing a second observation of the scene
to generate, for each of a plurality of portions of the first frame, a set of photometric

errors, each associated with a different respective depth estirate of the first plurahity of

|94

depth estimates; and
scaling the photometric errors to convert the photometirnic errors (o respective

probability values.

25. The method of any one of claims 19 to 24, wherein probabilistically fusing the
10 first depth estimaie and the second depth estimate using the measures of uncertainty
comprises combining the first plurality of measures of uncertainty with the second

plurality of measures of uncertainty o generate a fused probahility volume.

26. The method of claim 25, wherein generating the fused depth estimate for the
i5 scene comprises obtaining the fused depth estimate for the scene from the fused

probability volume.

27, The method of claim 25 or claim 26, comprising:
obtaining a depth probability function using the fused probability volume; and
20 using the depth probability function to obtain the fused depth estimate.
28, The method of any one of claims 25 to 27, wherein obtaining the fused depth

estimate comprises optinusing a cost function comprising:
a first cost term obtained using the fused probability volume; and

25 a second cost term comprising a local geometric constraimt on depth values.

b2
0

The method of claim 28, comprising:

receiving a surface orientation estimate and an occlusion boundary estimate
from a further neural network architecture; and

30 generating the second cost term using the surface orientation estimate and the

occlusion boundary estimate.
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30 The method of any one of claims 25 1o 29, wherain the fused depth probability
volume ig a first fused depth probability volume associated with a first frame of video
data representing a first observation of the scene, and the method comprises:

converting the first fused depth probability volume to a first occupancy

|94

probability volume;

warping the first occupancy probability volume based on pose data representing
poses of a camera during observation of the scene to obtain a second occupancy
probability volure associated with a second frame of video data representing a second
ohservation of the scene; and
10 converting the second occupancy probability volume o a second fused depth

probability volume associated with the second frame.

31, Animage processing system to estimate depth for a scene, comprising:
a fusion engine to receive a first depth probability velume from a geometric
i5 reconstruction engine and a second depth probability volume from a neural network
architecture, and to fuse the first depth probability volume and the second depth
probability volume to output a fused depth probability volume for the scene; and
a depth estimation engineg to use the fused depth probability volume to estimate
the depth for the scene.
20
32 A method of estimating depth for a scene, comprsing:
generating a first depth probability volume for the scene using a geometric
reconstruction of the scene;
generating a second depth probability volume for the scene using a neural
25 network architecture;
fusing the first depth probahility volume and the second depth probability
volume to generate a fused depth probability volume for the scene; and
generaling a fused depth estimate for the scene using the fused depth probability
volume,
30
33. A computing system comprising:

a monocular capture device (o provide frames of video;
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a simultaneous localisation and mapping system to provide pose data for the
monocular capture device;
the system of claim 1 or claim 31;

a semi-dense multi~view sterec component fo receive the pose data and the

5 frames of video and to implement the geometric reconstruction engine; and
electronic circuitry to implement the neural network architecture.
34, A robotic device comprising:
the computing system of claim 33;

10 one or more actuators to enable the robotic device to interact with a surrounding
three~dimensional environment, wherein al least a portion of the swrrounding three-
dimensional environment is shown in the scene; and

an inferaction engine comprising at least one processor (o control the one or
more actuators,

i5 wherein the interaction engine is to use the fused depth estimate to interact with

the surrounding three-dimensional environment.

35, A non-transtiory computer-readable storage medium comprising computer-
executable instructions which, when executed by a processor, cause a computing device

20 1o perform the method of any one of claims 10 to 30.



WO 2020/152437 PCT/GB2020/050084

1713

165 -
Capture Image
Device Data
/
/
170

160




WO 2020/152437 PCT/GB2020/050084

2113
250
- ,,«/200
230
b {igee
270
235 | 280
P Fusion Engine B df
24})
b dﬂﬂ
245
.
N 260
320
7 $nr‘a
325
350 T 300
“a &
dgae
370
A
380
> Fusion Engine ® df
dﬂﬂ

360



WO 2020/152437 PCT/GB2020/050084
3713
400
¥ 410
Fo (1
w i
Geametrm_‘; 430 Neural Network /4ZG
Raconstruction < :
. Architecture
Enging
ki ‘i k4 k- kA k4
Cﬁgea dﬁﬁ Sﬁﬁ
450 E
%
470 460
Fusion Engine -
/480
d
500
& - 510
g
320
T Son “ 520
///
9y
o 530
T
325
B N 540
T




WO 2020/152437 PCT/GB2020/050084

4143
600\3&
Monocuiar 605
Capture 3~
Device
610
" REE KF | F=
g
¥ i
i §
§ i
mmmmmmmmmmmmmm E
¥ E
) 825 5
Mapping System | ;
§
:
v ] r
/635 g
Prr Pxr E
i
540 E
g
& é
Geometr;; 630 Neural Network /620
Reconstruction L~ _
Engine Architecture
]
"R "’“’“'“E‘“““'““’B“ ““““““ 3
- ‘g % % % ‘%’
dgeﬁ geo dr‘m ﬁnn
& ] ] 7
f § ] T m;
650 | .
570 6880

Fusion Engine <

880
L~

sf d,

685



WO 2020/152437

PCT/GB2020/050084
57113
Video Capture
Device g SLAM
i
710 730
730
Neural Network [40 SD MV Stereo
Circuitry Component
‘ 750
image
Processing |+
System
790
80
700
770
780
- -
ACIUBIOrS i Entera;tmn
Engine




PCT/GB2020/050084

WO 2020/152437

6/13

800

825

815

805

835

830

834

845

840




WO 2020/152437 PCT/GB2020/050084

71143
910
™ Generating a first depth estimate o 900
]
920

™ Generating a second depth estimate

v

830 Probabilistically fusing the first and
second depth estimates

1000
b
1010
™ Obtain Image Data =
¥
1020
™ Generate Pose Estimate
A
1030 _ _
. Generate Semi-Dense Estimaie
....... o2 New Key Fran‘\i e'? Ressoocoq
1060
/
Generate Neural Network Use Existing Neural
Outputs Neatwork Qutputs
A
197{?\ Fuse Depth Estimates to Qutput Depth

Map and Scale Factor




WO 2020/152437 PCT/GB2020/050084

&/13

1100 1110

) Processor

Computer Readable Storage Medium 1120

1140 ; H
A g ;
T 1130 g
H Ly ﬂ
EEE 18] | i ]
&i ; e o s s s e Fﬂmmmmmm?

mmmmm o
ey 1150
i DV
§
§ .




WO 2020/152437 PCT/GB2020/050084

89/13
1200 1202
% ™4
D D
D, 2 U1q UQ‘;/U"{'{ D ° Usa s qu«
0 27U~ Uy 3 0 27 Up,” Ugs 7 Uy
Ly 217 Hay YUy S Uo sy
4 A
< %
P,‘ Pf Pa / P4 P5 F}a j
L
P; | Pl Pg // P, | Py | Py //
0,
0 T g 7 Una /tan
D ?/U’i'l u)l u’%’%
Ui Yoy < Uy
Pl p, | P, - 1204
/
P, Pyl Pyi L
1300 e /}jﬂj
"%
1304 1308 i ;308:
E dm’a
E Neural Network i i
‘ Architecture o i




WO 2020/152437

10713

1504
L

Ev 1508

Photomelric Error

PCT/GB2020/050084

Calculation Engine

&

1512

Scaling
Engine




WO 2020/152437 PCT/GB2020/050084

11713
1602 1800
™ Obtain fused probability volume &«
16@4\ Optimise cost function based on fused
probability volume
16@6\ Obtain fused depth estimate based on
optimisation of cost function
1700
a4
1704 1706 1702
P, DeptZEs.timataon g d
ngine §
1712
L
Qgem
1710 T 1708
F ~ Further Neural
' Network Architecture




WO 2020/152437

12713

1802
\

Convert first fused depth probability
volume to first occupancy probability
volume

4

1804

Warp first occupancy probability volume
based on pose data to oblain second
occupancy probability volume

1806

4

Convert second occupancy probability
volume to second fused depth
probability volume

PCT/GB2020/050084

- 1800

1902

Generate first depth probability volume
using geometric reconstruction

k4

1904

Generate second depth probability
volume using neural network
architecture

A

1906

Fuse first and second depth probability
volume to generate fused depth
probability volume

v

1908

Generate fused depth estimate using
fused depth probability volume

- 1900




WO 2020/152437 PCT/GB2020/050084

13713
2000
o 2018
F e
k4 é
Geometric 2006 Neural Network L2010
Reconstruction - )
X Architeciure
Engine
= A2
2004 2008
L
F3960 4 Fﬁnn

k4

2002
Fusion Engine -

¥

Py

|

Depth Estimation
Engine

E

d;

2012
W

2014
"

2016
L




INTERNATIONAL SEARCH REPORT

International application No

PCT/GB2020/050084

A. CLASSIFICATION OF SUBJECT MATTER

INV. GO6T7/55 GO6T5/50
ADD.

According to International Patent Classification (IPC) or to both national classification and IPC

B. FIELDS SEARCHED

GO6T

Minimum documentation searched (classification system followed by classification symbols)

Documentation searched other than minimum documentation to the extent that such documents are included in the fields searched

Electronic data base consulted during the international search (name of data base and, where practicable, search terms used)

EPO-Internal, COMPENDEX, INSPEC, IBM-TDB, WPI Data

C. DOCUMENTS CONSIDERED TO BE RELEVANT

Category™

Citation of document, with indication, where appropriate, of the relevant passages

Relevant to claim No.

X,P LAIDLOW TRISTAN ET AL:

Gradient Predictions",
AND AUTOMATION (ICRA), IEEE,
XP033593489,

[retrieved on 2019-08-09]
the whole document

"DeepFusion:
Real-Time Dense 3D Reconstruction for
Monocular SLAM using Single-View Depth and
2019 INTERNATIONAL CONFERENCE ON ROBOTICS
20 May 2019 (2019-05-20), pages

DOI: 10.1109/1CRA.2019.8793527

1-30,
33-35

4068-4074,

Further documents are listed in the continuation of Box C.

D See patent family annex.

* Special categories of cited documents :

"A" document defining the general state of the art which is not considered
to be of particular relevance

"E" earlier application or patent but published on or after the international
filing date

"L" document which may throw doubts on priority claim(s) or which is
cited to establish the publication date of another citation or other
special reason (as specified)

"O" document referring to an oral disclosure, use, exhibition or other
means

"P" document published prior to the international filing date but later than
the priority date claimed

"T" later document published after the international filing date or priority
date and not in conflict with the application but cited to understand
the principle or theory underlying the invention

"X" document of particular relevance; the claimed invention cannot be
considered novel or cannot be considered to involve an inventive
step when the document is taken alone

"Y" document of particular relevance; the claimed invention cannot be
considered to involve an inventive step when the document is
combined with one or more other such documents, such combination
being obvious to a person skilled in the art

"&" document member of the same patent family

Date of the actual completion of the international search

26 March 2020

Date of mailing of the international search report

06/04/2020

Name and mailing address of the ISA/

European Patent Office, P.B. 5818 Patentlaan 2
NL - 2280 HV Rijswijk

Tel. (+31-70) 340-2040,

Fax: (+31-70) 340-3016

Authorized officer

Engels, Angela

Form PCT/ISA/210 (second sheet) (April 2005)




INTERNATIONAL SEARCH REPORT

International application No

PCT/GB2020/050084
C(Continuation). DOCUMENTS CONSIDERED TO BE RELEVANT
Category™ | Citation of document, with indication, where appropriate, of the relevant passages Relevant to claim No.
X CHAMARA SAROJ WEERASEKERA ET AL: 1,2,4,
"Just-in-Time Reconstruction: Inpainting 6-8,10,
Sparse Maps using Single View Depth 11,14,
Predictors as Priors", 16,17,
ARXIV.ORG, CORNELL UNIVERSITY LIBRARY, 201 33-35
OLIN LIBRARY CORNELL UNIVERSITY ITHACA, NY
14853,
11 May 2018 (2018-05-11), XP081139070,
DOI: 10.1109/ICRA.2018.8460549
Y abstract 3,9,12,
sections I, II 13,
18-29,34
A 5,15,30
X KEISUKE TATENO ET AL: "CNN-SLAM: 1,4,6-8,
Real-time dense monocular SLAM with 10,11,
learned depth prediction", 14,17,
ARXIV.ORG, CORNELL UNIVERSITY LIBRARY, 201 33,35
OLIN LIBRARY CORNELL UNIVERSITY ITHACA, NY
14853,
11 April 2017 (2017-04-11), XP080762383,
DOI: 10.1109/CVPR.2017.695
cited in the application
Y abstract 9,12,
sections 1, 3 18-29,
figure 2 31,32,34
A 5,15,30
Y YINDA ZHANG ET AL: "Deep Depth Completion 3,13,29
of a Single RGB-D Image",
ARXIV.ORG, CORNELL UNIVERSITY LIBRARY, 201
OLIN LIBRARY CORNELL UNIVERSITY ITHACA, NY
14853,
25 March 2018 (2018-03-25), XP081232796,
abstract
figure 2
Y WEERASEKERA CHAMARA SAROJ ET AL: "Dense 3,9,12,
monocular reconstruction using surface 13,18
normals",
2017 TEEE INTERNATIONAL CONFERENCE ON
ROBOTICS AND AUTOMATION (ICRA), IEEE,
29 May 2017 (2017-05-29), pages 2524-2531,
XP033127035,
DOI: 10.1109/ICRA.2017.7989293
[retrieved on 2017-07-21]
abstract
section 3
- / -

Form PCT/ISA/210 (continuation of second sheet) (April 2005)




INTERNATIONAL SEARCH REPORT

International application No

PCT/GB2020/050084

C(Continuation).

DOCUMENTS CONSIDERED TO BE RELEVANT

Category™ | Citation of document, with indication, where appropriate, of the relevant passages

Relevant to claim No.

Y

ENGEL JAKOB ET AL: "Semi-dense Visual
Odometry for a Monocular Camera",
COMPUTER VISION (ICCV), 2011 IEEE
INTERNATIONAL CONFERENCE ON, IEEE,

1 December 2013 (2013-12-01), pages
1449-1456, XP032572973,

ISSN: 1550-5499, DOI:
10.1109/1CCV.2013.183

[retrieved on 2014-02-28]

cited in the application

abstract

sections 1.3, 2.1.5

CHAO LIU ET AL: "Neural RGB->D Sensing:
Depth and Uncertainty from a Video
Camera",

ARXIV.ORG, CORNELL UNIVERSITY LIBRARY, 201
OLIN LIBRARY CORNELL UNIVERSITY ITHACA, NY

14853,

9 January 2019 (2019-01-09), XP081012769,
abstract

figure 2

19,20,
24-27,
31,32

19,20,
25-27,
31,32

Form PCT/ISA/210 (continuation of second sheet) (April 2005)




International application No.
INTERNATIONAL SEARCH REPORT PLT/GB2020/050084
BoxNo.ll  Observations where certain claims were found unsearchable (Continuation of item 2 of first sheet)

This international search report has not been established in respect of certain claims under Article 17(2)(a) for the following reasons:

1. |:| Claims Nos.:

because they relate to subject matter not required to be searched by this Authority, namely:

2. |:| Claims Nos.:

because they relate to parts of the international application that do not comply with the prescribed requirements to such
an extent that no meaningful international search can be carried out, specifically:

3. |:| Claims Nos.:

because they are dependent claims and are not drafted in accordance with the second and third sentences of Rule 6.4(a).

Box No. lll Observations where unity of invention is lacking (Continuation of item 3 of first sheet)

This International Searching Authority found multiple inventions in this international application, as follows:

1. As all required additional search fees were timely paid by the applicant, this international search report covers all searchable
claims.

As all searchable claims could be searched without effort justifying an additional fees, this Authority did not invite payment of
additional fees.

o

3. |:| As only some of the required additional search fees were timely paid by the applicant, this international search report covers
only those claims for which fees were paid, specifically claims Nos.:

4. |:| No required additional search fees were timely paid by the applicant. Consequently, this international search report is
restricted to the invention first mentioned in the claims; it is covered by claims Nos.:

Remark on Protest The additional search fees were accompanied by the applicant's protest and, where applicable, the
payment of a protest fee.

The additional search fees were accompanied by the applicant's protest but the applicable protest
fee was not paid within the time limit specified in the invitation.

|:| No protest accompanied the payment of additional search fees.

Form PCT/ISA/210 (continuation of first sheet (2)) (April 2005)
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FURTHER INFORMATION CONTINUED FROM PCT/ISA/ 210

This International Searching Authority found multiple (groups of)
inventions in this international application, as follows:
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