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MOVING OBJECT SEGMENTATION USING 
DEPTH IMAGES 

BACKGROUND 

Three-dimensional computer models of a real-world envi 
ronment are useful in a wide variety of applications. For 
example, such models can be used in applications such as 
immersive gaming, augmented reality, architecture/planning, 
robotics, and engineering prototyping. Depth cameras (also 
known as Z-cameras) can generate real-time depth maps of a 
real-world environment. Each pixel in these depth maps cor 
responds to a discrete distance measurement captured by the 
camera from a 3D point in the environment. This means that 
these cameras provide depth maps which are composed of an 
unordered set of points (known as a point cloud) at real-time 
rates. 

In addition to creating the depth map representation of the 
real-world environment, it is useful to be able to perform a 
segmentation operation that differentiates individual objects 
in the environment. For example, a coffee cup placed on a 
table is a separate object to the table, but the depth map in 
isolation does not distinguish this as it is unable to differen 
tiate between an object placed on the table and something that 
is part of the table itself. 

Segmentation algorithms exist, such as those based on 
machine-learning classifiers or computer vision techniques. 
Such algorithms are able to differentiate certain objects in an 
image, and label the associated pixels accordingly. However, 
these algorithms can be computationally complex and hence 
demand Substantial computational resources, especially to 
perform the segmentation on real-time depth maps. 
The embodiments described below are not limited to 

implementations which solve any or all of the disadvantages 
of known segmentation techniques. 

SUMMARY 

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

described. In an example, a moving object is segmented from 
the background of a depth image of a scene received from a 
mobile depth camera. A previous depth image of the scene is 
retrieved, and compared to the current depth image using an 
iterative closest point algorithm. The iterative closest point 
algorithm includes a determination of a set of points that 
correspond between the current depth image and the previous 
depth image. During the determination of the set of points, 
one or more outlying points are detected that do not corre 
spond between the two depth images, and the image elements 
at these outlying points are labeled as belonging to the mov 
ing object. In examples, the iterative closest point algorithm is 
executed as part of an algorithm for tracking the mobile depth 
camera, and hence the segmentation does not add substantial 
additional computational complexity. 
Many of the attendant features will be more readily appre 

ciated as the same becomes better understood by reference to 
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2 
the following detailed description considered in connection 
with the accompanying drawings. 

DESCRIPTION OF THE DRAWINGS 

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

FIG. 1 illustrates a schematic diagram of a person in a room 
holding a mobile depth camera which may be used to generate 
a 3D model or map of the room; 

FIG. 2 illustrates a plan view of a floor of a building which 
is being explored by a person holding a mobile depth camera; 

FIG. 3 illustrates a schematic diagram of a mobile depth 
camera connected to a real-time camera tracking system, a 
dense 3D model formation system and a game system; 

FIG. 4 illustrates a flowchart of a process for segmenting a 
moving object from a depth image: 

FIG. 5 illustrates an example determination of a corre 
sponding point of an iterative closest point algorithm; 

FIG. 6 illustrates an example determination of an outlying 
point during execution of an iterative closest point algorithm; 
and 

FIG. 7 illustrates an exemplary computing-based device in 
which embodiments of the object segmentation technique 
may be implemented. 

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

DETAILED DESCRIPTION 

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

Although the present examples are described and illus 
trated herein as being implemented in a computer gaming 
system, the system described is provided as an example and 
not a limitation. As those skilled in the art will appreciate, the 
present examples are suitable for application in a variety of 
different types of computing systems using 3D models. 

FIG. 1 is a schematic diagram of a person 100 standing in 
a room and holding a mobile depth camera 102. The room 
contains various objects 106 Such as a chair, door, window, 
plant, light, another person 104, and a cat 108. Many of the 
objects 106 are static although some of the objects such as the 
person 104 and cat 108 may move. As the person moves 
around the room, the mobile depth camera captures depth 
images of the room and the objects. 
A real-time camera tracking system 112 monitors the loca 

tion and orientation of the camera in the room. The real-time 
camera tracking system 112 may be integral with the mobile 
depth camera 102 or may be at another location provided that 
it is able to receive communication from the mobile depth 
camera 102, either directly or indirectly. For example, the 
real-time camera tracking system 112 may be provided at a 
personal computer, dedicated computer game apparatus, or 
other computing device in the room and in wireless commu 
nication with the mobile depth camera 102. In other examples 
the real-time camera tracking system 112 may be elsewhere 
in the building or at another remote location in communica 
tion with the mobile depth camera 102 using a communica 
tions network of any suitable type. 
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A moving-object segmentation system 114 receives the 
depth images captured by the mobile depth camera 102, and 
performs a segmentation operation to identify objects in the 
depth images that are moving or being manipulated and 
which are independent of the relatively unchanging back 
ground. For example, the person 104 or cat 108 can move, and 
hence are segmented as foreground moving objects and dif 
ferentiated from background objects Such as the door and 
window. In addition, otherwise static objects can be manipu 
lated. For example the person 100 can move the chair, which 
triggers the segmentation system to detect the movement and 
segment the chair from the depth image as a foreground 
object. This can, for example, allow objects to be segmented 
and included in the game-play of a gaming system. 
The real-time camera tracking system 112 provides input 

to the moving-object segmentation system 114. The input 
from the real-time camera tracking system 112 enables the 
object segmentation to be performed in real-time, without 
demanding excessive computational resources, as described 
in more detail below. 

Optionally, the mobile depth camera 102 is in communi 
cation with a dense 3D environment modeling system 110 
(the environment in this case is the room). “Dense' in this 
example refers to a high degree of accuracy and resolution of 
the model. For example, images captured by the mobile depth 
camera 102 are used to form and build up a dense 3D model 
of the environment as the person moves about the room. 
The real-time camera tracking system 112 provides input 

to the dense 3D modeling system, in order to allow individual 
depth images to be built up into an overall 3D model. The 
moving-object segmentation system 114 can also provide 
input to the dense 3D model, such that objects in the 3D model 
are segmented and labeled. The real-time camera tracking 
system 112 may also track the position of the camera in 
relation to the 3D model of the environment. The combination 
of camera tracking and 3D modeling is known as simulta 
neous localization and mapping (SLAM). 
The outputs of the real-time camera tracking system 112, 

moving-object segmentation system 114, and dense 3D mod 
eling system 110 may be used by a game system or other 
application, although that is not essential. For example, as 
mentioned, modeled and segmented real-world objects can be 
included in a gaming environment. 
As a further example, FIG. 2 illustrates a plan view of a 

floor 200 of a building. A person 202 holding a mobile depth 
camera 204 is moving around the floor as indicated by dotted 
arrows 208. The person walks along a corridor 206 past rooms 
and furniture 210. The real-time camera tracking system 112 
is able to track the position of the mobile depth camera 204 as 
it moves and the 3D modeling system generates a 3D model 
or map of the floor. The moving-object segmentation system 
114 detects foreground objects and labels them in the depth 
map, enabling these objects to be separately processed as 
desired. It is not essential for a person 202 to carry the mobile 
depth camera 204. In other examples the mobile depth camera 
204 is mounted on a robot or vehicle. This also applies to the 
example of FIG. 1. 

FIG. 3 is a schematic diagram of a mobile environment 
capture device 300 for use with a real-time tracker 316, depth 
image segmentation system 334, and optionally a dense 
model generation system 324 and game system 332. The 
mobile environment capture device 300 comprises a depth 
camera 302 which is arranged to capture sequences of depth 
images of a scene. Each depth image 314 (or depth map 
frame) comprises a two dimensional image in which each 
image element (i.e. pixel) comprises a depth value Such as a 
length or distance from the camera to an object in the captured 
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4 
scene which gave rise to that image element. This depth value 
may be an absolute value provided in specified units of mea 
Surement such as meters, or centimeters or may be a relative 
depth value. In each captured depth image 314 there may be 
around 300,000 or more image elements each having a depth 
value. The frame rate of the depth camera 302 is high enough 
to enable the depth images to be used for working robotics, 
computer gaming or other applications. For example, the 
frame rate may be in the range of 20 or more frames per 
second. 
The depth information may be obtained using any Suitable 

technique including, but not limited to, time of flight, struc 
tured light, and Stereo images. The mobile environment cap 
ture device 300 may also comprise an emitter 304 arranged to 
illuminate the scene in Such a manner that depth information 
may be ascertained by the depth camera 302. 

For example, in the case that the depth camera 302 is an 
infra-red (IR) time-of-flight camera, the emitter 304 emits IR 
light onto the scene, and the depth camera 302 is arranged to 
detect backscattered light from the surface of one or more 
objects in the scene. In some examples, pulsed infrared light 
may be emitted from the emitter 304 such that the time 
between an outgoing light pulse and a corresponding incom 
ing light pulse may be detected by the depth camera and 
measure and used to determine a physical distance from the 
environment capture device 300 to a location on objects in the 
scene. Additionally, in some examples, the phase of the out 
going light wave from the emitter 304 may be compared to the 
phase of the incoming light wave at the depth camera 302 to 
determine a phase shift. The phase shift may then be used to 
determine a physical distance from the mobile environment 
capture device 300 to a location on the objects by analyzing 
the intensity of the reflected beam of light over time via 
various techniques including, for example, shuttered light 
pulse imaging. 

In another example, the mobile environment capture 
device 300 can use structured light to capture depth informa 
tion. In such a technique patterned light (e.g. light displayed 
as a known pattern Such as spots, a grid or stripe pattern, 
which may also be time-varying) may be projected onto a 
scene using the emitter 304. Upon striking the surface of 
objects in the scene the pattern becomes deformed. Such a 
deformation of the pattern is captured by the depth camera 
302 and analyzed to determine an absolute or relative distance 
from the depth camera 302 to the objects in the scene. 

In another example, the depth camera 302 comprises a pair 
of stereo cameras such that visual stereo data is obtained and 
resolved to generate relative depth information. In this case 
the emitter 304 may be used to illuminate the scene or may be 
omitted. 

In some examples, in addition to the depth camera 302, the 
mobile environment capture device 300 comprises a color 
video camera referred to as a red-green-blue (RGB) camera 
306. The RGB camera 306 is arranged to capture sequences of 
images of the scene at visible light frequencies. 
The mobile environment capture device 300 may comprise 

an orientation sensor 308 Such as an inertial measurement 
unit (IMU), accelerometer, gyroscope, compass or other ori 
entation or movement sensor 308. However, it is not essential 
to use an orientation or movement sensor. The mobile envi 
ronment capture device 300 may comprise a location tracking 
device such as a GPS, although this is not essential. 

Optionally, the mobile environment capture device also 
comprises one or more processors, a memory and a commu 
nications infrastructure as described in more detail below. 
The mobile environment capture device may be provided in a 
housing which is shaped and sized to be hand held by a user 
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or worn by a user. In other examples the mobile environment 
capture device is sized and shaped to be incorporated or 
mounted on a vehicle, toy or other movable apparatus. 
The mobile environment capture device 300 is connected 

to a real-time tracker 316. This connection may be a physical 
wired connection or may use wireless communications. In 
some examples the mobile environment capture device 300 is 
connected indirectly to the real-time tracker 316 over one or 
more communications networks such as the internet. 
The real-time tracker 316 may be computer-implemented 

using a general purpose microprocessor controlling one or 
more graphics processing units (GPUs). It comprises a frame 
alignment engine 318 and optionally a loop closure engine 
320 and a relocalization engine 322. The real-time tracker 
316 takes depth image frames from the depth camera 302, and 
optionally also input from the mobile environment capture 
device 300, and optional map data 334. The real-time tracker 
316 operates to place the depth image frames into spatial 
alignment in order to produce a real-time series 328 of six 
degree of freedom (6DOF) pose estimates of the depth cam 
era 302. It may also produce transformation parameters for 
transforms between pairs of depth image frames. In some 
examples the real-time tracker operates on pairs of depth 
image frames 314 from the depth camera. In other examples, 
the real-time tracker 216 takes a single depth image 314 and 
aligns that with a dense 3D model 326 of the environment 
rather than with another depth image. 
The frame alignment engine 318 of the real-time tracker is 

arranged to align pairs of depth image frames, or a depth 
image frame and an estimate of a depth image frame from the 
dense 3D model. It uses an iterative process which can be 
implemented using one or more graphics processing units in 
order that the frame alignment engine operates in real-time. 
The loop closure engine 320 is arranged to detect when the 
mobile environment capture device has moved in a loop so 
that the scene depicted in the current depth frame is at least 
partially overlapping with that of a previous depth frame. For 
example, this may occur when a user walks around the whole 
floor of the building in FIG. 2 and reaches the starting point 
again. It may also occur when a user moves around a room 
behind some furniture and out again to the original start 
position, or close to that original start position. The relocal 
ization engine 322 is arranged to deal with the situation where 
the real-time tracker loses the current location of the mobile 
environment capture device 300 and relocalizes or finds the 
current location again. 
The frame alignment engine 318 of the real-time tracker 

316 provides an output to the depth image segmentation 
system 334. The depth image segmentation system 334 uses 
at least a portion of the algorithms of the real-time tracker 316 
to detect when objects have moved within the depth image, 
and segments these objects in the depth image as foreground 
objects. The output of the depth image segmentation system 
334 is a set of labeled image elements 336 for the depth 
image, indicating which image elements correspond to seg 
mented foreground objects. The process for performing the 
segmentation using the results of the real-time camera track 
ing are described in more detail below with reference to FIG. 
4 to 6. Note that in other examples, the segmentation can be 
performed without input from camera tracking system, by 
implementingaportion of the tracking algorithm as described 
in more detail below. 
The real-time tracker 316 may also provide the camera 

pose as output to an optional dense 3D model generation 
system 324 which uses that information together with the 
depth image frames to form and store a dense 3D model 326 
of the scene or environment in which the mobile environment 
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6 
capture device 300 is moving. For example, in the case of 
FIG. 1 the 3D model would be a 3D model of the surfaces and 
objects in the room. In the case of FIG. 2 the 3D model would 
be a 3D model of the floor of the building. The dense 3D 
model may be stored in graphics (GPU) memory. 
The mobile environment capture device 300 may be used in 

conjunction with a game system 332 which is connected to a 
display device 330. For example, the game may be a FPS 
game, golf game, boxing game, motor car racing game or 
other type of computer game. The segmented depth images 
(or optionally the dense 3D model and segmentation infor 
mation) may be provided to the game system 332, and aspects 
of the model incorporated into the game. For example, the 3D 
model can be used to determine the shape and location of 
objects in a room, which can be used with camera-based 
games to improve background removal or incorporated into 
the game itself (e.g. as in-game objects that the player can 
interact with). Data from the game system 332 such as the 
game state or metadata about the game may also be provided 
to the real-time tracker 316. 
As mentioned, the processing performed by the real-time 

tracker 316 and/or the dense 3D model generation system324 
can, in one example, be executed remotely from the location 
of the mobile environment capture device 300. For example, 
the mobile environment capture device 300 can be connected 
to (or comprise) a computing device having relatively low 
processing power, and which streams the depth images over a 
communications network to a server. The server has relatively 
high processing power, and performs the computationally 
complex tasks of the real-time tracker 316 and/or the dense 
3D model generation system 324. The server can return a 
rendered image of the dense reconstruction per-frame to pro 
vide an interactive experience to the user, and also return the 
final dense 3D reconstruction on completion of the model, for 
Subsequent local use (e.g. in a game). Such an arrangement 
avoids the need for the user to possess a high-powered local 
computing device. 

Reference is now made to FIG. 4, which illustrates a flow 
chart of a process for segmenting a moving object from a 
depth image. The segmentation operation shown in FIG. 4 
reutilizes part of an algorithm performed during the real-time 
camera tracking described above, and this allows at least part 
of the segmentation operation to be performed with little extra 
computational overhead. In alternative examples, the seg 
mentation operation described here can be implemented 
without a camera-tracking system, in which case the segmen 
tation system implements the relevant portion of the tracking 
algorithm as shown in FIG. 4. 

Firstly, a depth image of the scene to be segmented (as 
captured by the mobile depth camera) is received 400. If the 
segmentation operation is making use of the camera-tracking 
results, then this current depth image is received at the frame 
alignment engine 318. The current depth image is also known 
as the destination depth image. A previous depth image of at 
least a portion of the scene is then retrieved 402.The previous 
depth image is also known as the source depth image. In some 
examples, the previous depth image may be the preceding 
frame captured by the depth camera and stored at a storage 
device. In alternative examples, the previous depth image 
may be generated from the dense 3D model stored in graphics 
memory by requesting the previous depth image from the 
GPU. The GPU can generate the previous depth image from 
the dense 3D model stored on the graphics memory by deter 
mining the view from a virtual camera at the last known 
location and orientation of the real depth camera looking into 
the dense 3D model. The use of the dense 3D model provides 
a higher resolution previous depth image. 
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The capture pose (i.e. location and orientation) for the 
previous depth image is also retrieved 404. If the previous 
depth image is the preceding frame captured by the depth 
camera, then the capture pose is the pose of the depth camera 
at the time of capturing the preceding frame, as determined by 
the real-time camera tracker. Alternatively, if the previous 
depth image is generated from a dense 3D model, a rendering 
of a mesh model, or other 3D representation, then the capture 
pose is the location and orientation of the virtual camera. 
Once the current depth image is received, and the previous 

depth image and capture pose are retrieved, then the frame 
alignment engine 318 executes an algorithm to determine a 
transformation between the previous and current depth 
images, and hence determine how the mobile depth camera 
has moved between the two depth images. From the capture 
pose of the previous depth image, this enables determination 
of the current depth camera pose. This transformation can be 
determined by the frame alignment engine 318 of the real 
time tracker 316 using an iterative closest point (ICP) algo 
rithm. Broadly speaking, the ICP algorithm is an iterative 
process that determines a set of corresponding points between 
the two depth images, determines a transformation that mini 
mizes an error metric over the corresponding points, and 
repeats the process using the determined transformation until 
convergence is reached. 
When the ICP algorithm is determining the corresponding 

points between the two depth images at each iteration, points 
may be found that diverge Substantially between the images. 
These are known as “outliers'. During the camera tracking 
operation, these outlying points may be ignored or rejected. 
However, these outlying points are used as useful input to the 
segmentation operation. 
The portions of the ICP algorithm that are relevant to the 

determination of outliers are indicated by brace 406 in FIG. 4. 
Note that the execution of the ICP algorithm for the purposes 
of camera tracking may involve further additional operations 
not shown in FIG. 4. 
An initial estimation of the transformation for aligning the 

current and previous depth images is applied 407. This initial 
estimate is formed in any suitable manner. For example, a 
motion path for the depth camera can be determined from 
previously determined camera pose estimates, and used with 
a predictive model to provide a coarse estimate the pose at the 
current time (e.g. using constant Velocity or acceleration pre 
dictive models). Additionally or alternatively, in further 
examples, one or more of the following sources of informa 
tion may be used to form the initial estimate: game state, game 
metadata, map data, RGB camera output, orientation sensor 
output, and GPS data. 
A set of Source points (i.e. pixels) in the previous depth 

image are selected 408 for analysis. In some examples, this 
set of source points can be all the pixels in the previous depth 
image. In other examples, a representative Subset of the pixels 
in the previous depth image can be selected to reduce the 
complexity. The operations indicated by box 410 are then 
performed for each of the source points. Note that because the 
same operations are being performed for each Source point, a 
Substantial amount of parallelism exists in the execution of 
the ICP algorithm. This enables the ICP algorithm to be 
efficiently executed on a GPU, as discussed below with ref 
erence to FIG. 7. 
The operations performed in box 410 are illustrated with 

reference to examples shown in FIGS. 5 and 6. FIGS. 5 and 6 
show an example previous (Source) depth image and current 
(destination) depth image in two dimensions only, for clarity. 
These examples illustrate how points on the two depth images 
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8 
are determined to be corresponding points (in the case of FIG. 
5) or outlying points (in the case of FIG. 6). 

FIGS. 5 and 6 both show a previous depth image 500 and 
source point 502 under consideration. Referring again to box 
410 of FIG. 4, firstly the ICP algorithm maps a destination 
point on the current depth image to the source point on the 
previous depth image. This is done by projecting 412 a des 
tination point through the camera projection of the Source 
point of the previous depth map. This is illustrated by camera 
projection 504 in FIGS. 5 and 6, which projects from the 
capture pose of the previous depth image (e.g. from the loca 
tion and orientation of the depth camera 102 when capturing 
the previous depth image) through the source point 502. This 
projection process may be referred to as “projective data 
association'. 

In FIG. 5, the camera projection 504 intersects current 
depth image 506 at a destination point 508. In FIG. 6, the 
camera projection 504 intersects current depth image 600 at a 
destination point 602. In some examples, a plurality of des 
tination points can be selected close to the projected point, 
and each of these destination points considered separately. 
However, for the purposes of this example, only a single 
destination point is selected for each source point. Note that, 
in other examples, the current depth image, and hence the 
destination point can between the source point and the depth 
camera 102. 
Two compatibility tests are then performed on the source 

and destination points to determine whether they are corre 
sponding points or outliers. In the first compatibility test, a 
Euclidean distance is determined 414 between the source and 
destination points. This is illustrated in FIG.5 as distance 510 
and in FIG. 6 as distance 604. The Euclidean distance is then 
compared 416 to a predefined distance threshold. If the des 
tination point is too far away from the Source point, then it is 
considered to be an outlier (i.e. non-corresponding) for the 
purposes of the ICP algorithm, and is labeled 418 as such. In 
one example, the predefined distance threshold is 15 cm, 
although any suitable value can be used. 
The example of FIG. 5 shows the case where the distance 

510 between the source and destination points is small, and is 
less than the predefined distance threshold (and hence is not 
labeled as an outlier at this stage). Conversely, the example of 
FIG. 6 shows the case where differences between the previous 
depth image 500 and the current depth image 600 (e.g. due to 
new or moving objects) result in the distance 604 between the 
Source and destination points being greater than the pre 
defined distance threshold, and hence the destination point is 
labeled as an outlier. 

If the Euclidean distance is found to be within the pre 
defined distance threshold, then the second compatibility test 
is performed. To perform this test, the surface normals are 
calculated 419 at the source and destination points. For 
example, this is achieved for a given point by finding the four 
(or more) nearest neighbor points in the depth image and 
computing a surface patch which incorporates those neigh 
bors and the point itself. A normal to that surface patch is then 
calculated at the location of the point. FIG. 5 illustrates sur 
face normal 512 for the source point 502 and surface normal 
514 for the destination point 508. FIG. 6 illustrates a different 
surface normal 606 for destination point 602. 
The angle between the surface normal of the source point 

and the destination point is then determined 420. In alterna 
tive examples, a different measure relating to the angle. Such 
as the dot product, can be calculated. 
The calculated angle (or other measure) is then compared 

422 to a predefined angle threshold. If the angle is greater than 
the predefined angle threshold, then the destination point is 
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considered to be an outlier, and labeled 418 as such. Con 
versely, if the angle is not greater than the predefined angle 
threshold, then the destination point is selected 424 as a 
corresponding point to the source point. In one example, the 
predefined angle threshold is 30 degrees, although any Suit 
able value can be used. 

Referring to FIG. 5, the angle between the source surface 
normal 512 and destination surface normal 514 is small, and 
hence these are considered to be corresponding points in this 
example. Conversely, in FIG. 6, the angle between the source 
surface normal 512 and the destination surface normal 606 is 
larger, and taken to be greater than the predefined angle 
threshold in this example, and hence the destination point is 
labeled as an outlier (ignoring that this destination point was 
already labeled as an outlier due to exceeding the distance 
threshold). 

Following the two compatibility tests outlined above, the 
ICP algorithm continues 426 to determine the camera track 
ing transform. For example, the ICP algorithm finds the trans 
form that minimizes the error metric for the selected corre 
sponding points, and then repeats the process of finding 
corresponding points given that transform until convergence 
is reached. 

However, rather than discarding the outlying points, these 
are stored and provided as input to the object segmentation 
system. The outlying points indicate points in the depth image 
where something has changed since the previous depth 
image. Such a change can be caused by dynamic or non-rigid 
objects giving rise to different depth measurements. In one 
example, the object segmentation can simply segment 428 all 
the outlying points and label these as foreground objects in 
the depth image. This provides a very rapid segmentation of 
the depth image that uses very little additional computation 
over that performed for the camera tracking anyway. 

Note that in the example described above with reference to 
FIG. 4 all outlying points that are found during the real-time 
camera tracking are used as input to the object segmentation 
operation. However, in alternative examples, only a Subset of 
the outliers detected may be utilized. For example, only those 
outliers found during the final iteration (or a final fraction of 
the iterations) of the ICP algorithm may be used. 

In some examples, further tests can be performed on the 
detected outliers prior to segmenting the image. For example, 
RGB images of the scene (as captured by RGB camera 306 at 
the same time as the depth image) can be used in a further 
comparison. Two RGB images corresponding to the current 
and previous depth images can be compared at the ICP out 
liers for RGB similarity. If this comparison indicates a differ 
ence in RGB value greater than a predefined value, then this 
is a further indication that an object has moved at this loca 
tion, and trigger segmentation of the image. 

In other examples, further additional processing can be 
performed to segment the depth image, which utilizes the 
outlying points as input. For example, the outlying points can 
be used as input to known segmentation algorithms. Such 
segmentation algorithms include those based on computer 
vision techniques such as graph cut algorithms, object bound 
ary detection algorithms (such as edge detection), GrabCut, 
or other morphological operations such as erode/dilate/me 
dian filter, and/or those based on machine learning, Such 
classifiers (e.g. decision trees or forests). Note that many 
known segmentation algorithms are configured to operate on 
RGB or grey-scale values in images. In this example, these 
can be modified to operate on the 3D volumetric representa 
tion (e.g. on the rate of change or curvature of the 3D Surface). 

The outlying points provide useful information to these 
algorithms, as they indicate an area of interest in which a 
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10 
change in the depth image has occurred. This allows these 
higher-level segmentation algorithms to focus on the region 
of the outliers, thereby saving computational complexity rela 
tive to analyzing the entire depth image. For example, the 
segmentation algorithms can analyze a predefined region Sur 
rounding the outlying points. In other examples, user input 
can also be used to enhance the segmentation by prompting a 
user to manually indicate whether an object detected by the 
outliers is an independent, separable object from the back 
ground. 

In a further example, the outlying points can be used in 
combination with an RGB image of the scene (e.g. captured 
by RGB camera 306 at the same time as the depth image). For 
example, the corresponding location to the outlying points in 
the RGB image can be located, and a higher-level segmenta 
tion algorithm (such as GrabCut or edge detection) applied to 
the RGB image at the location of the outliers. This can be 
useful where the RGB image reveals more information about 
the object than the depth image outliers. For example, if an 
object is moving by rotation about an axis Substantially par 
allel to the view of the depth camera, then outliers are detected 
around the edges of the object, but not at the centre of the 
object (as this has not moved between depth images). How 
ever, by analyzing the RGB image at the location of the 
outliers, the full extent of the object may be distinguished, and 
the centre of the object also correctly segmented. 

In other examples, after the depth image has been seg 
mented, it can be further processed to provide additional data 
to the system (e.g. gaming system) in which the depth images 
are used. For example, the segmentation of moving objects 
enables these moving objects to be tracked separately and 
independently of the background. This can be achieved by 
executing a further ICP algorithm on the portion of the depth 
image that was identified as a moving object by the segmen 
tation system. In this way, the motion of the moving object 
can be separately tracked and monitored from the back 
ground. 

In the case of non-rigid, deformable moving objects, the 
independent tracking of objects using an ICP algorithm 
becomes more complex as the shape of the object itself can 
change and hence the ICP cannot find a movement transfor 
mation for that object that matches this. In Such cases, a 
piece-wise rigid body approximation can be used. Such that 
the deformable object is represented by a plurality of rigid 
objects. Such a piece-wise rigid body approximation can be 
performed dynamically and in real-time, by starting with the 
assumption that all objects are rigid, and then breaking the 
object into piece-wise sections as this assumption breaks 
down (e.g. when the ICP algorithm fails to find a transforma 
tion). This can be expressed as a recursive version of the 
segmentation algorithm described above, in which the ICP 
algorithm is executed on all pixels, then executed again only 
on the segmented pixels (the outliers), then again only on the 
Sub-segmented pixels, etc., until no more segmented pixels 
are found (or a limit is reached). 
As well as independently tracking a moving object in the 

depth image, an independent dense 3D model of the object 
can also be generated. This can be performed in a similar 
manner to the generation of the overall dense 3D model of the 
scene as outlined above. For example, a portion of graphics 
memory can be allocated to represent the object and arranged 
as a 3D volume. As the moving object is independently 
tracked, the depth image data about the object (as segmented) 
can be aligned with previous measurements of the object and 
combined in the volume. In this way, a more detailed 3D 
model of the moving object is constructed, which can be used, 
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for example, when displaying a representation of the object 
on-screen or for object recognition purposes. 
The creation of a dense 3D model of a segmented objects 

can be performed in a number of ways. In a first example, after 
the outliers have been detected (as described above), the 
outlying points are integrated into a separate 3D volume in 
memory if they lie in front of a surface along the camera ray 
when compared to the previous depth image (which can itself 
be generated from the dense 3D model as noted above). This 
technique enables an ICP algorithm to track the segmented 
object once it has been Sufficiently integrated into the separate 
3D Volume, and provides good performance for new objects 
that are added into the scene. In a second example, after the 
outliers have been detected (as described above), every voxel 
in the dense 3D model within the camera's frustum (i.e. not 
only the front faces which the camera sees) is projected into 
the current depth map. If a given VOXel gets projected to an 
outlier and if the depth value of the outlier is larger than the 
depth value of the projected Voxel, then the segmentation 
system knows that the voxel is part of a moved object (be 
cause it suddenly sees a depth point behind the voxel). This 
technique enables objects to be instantly segmented upon 
removal from the scene, and performs well for moved objects. 

In further examples, the above two methods for generating 
a dense model of a segmented object can be combined or used 
selectively depending on the characteristics of the object (e.g. 
new or moved objects). 

In further examples, the segmented objects from the depth 
images can be input to an object recognition system. Such an 
object recognition system can be in the form of a machine 
learning classifier, e.g. using trained decision trees. This can 
be utilized to automatically recognize and classify the objects 
in real-time. For example, with reference to FIG. 1, the object 
recognition system can be arranged to recognize that a mov 
ing object that has been segmented is a cat 108. In some 
example, the user can 'scan an object (such as a chair) into 
the dense 3D reconstruction, and this scanned object can be 
used as part of the object recognition system to detect and 
classify other similar objects. 

In Some examples, the detected points can classified not by 
what they represent (cat, chair, etc.) but by their behavior in 
the scene. For example, a coffee cup is a separate, indepen 
dent rigid object relative to other objects in the scene. Con 
versely, a door is a separate movable object, but is attached to 
the wall, and hence is constrained in its movement. Higher 
level analysis of the points indicated by the ICP outliers can 
enable these points to be classified as, for example, indepen 
dent, attached, or static. 
Once a segmented object has been identified, this informa 

tion can be used to control further aspects of the operation of 
the system. For example, certain objects can be arranged to 
directly interact within a computer game environment, 
whereas others can be deliberately ignored. The object iden 
tification can also be used to control the display of objects 
(e.g. on display device 330). For example, when an object has 
been identified, the low-resolution depth (or RGB) image of 
the object can be substituted for a high-resolution model of 
the object (or facets of the object). 

In one example, the faces of users of the system can be 
identified, and Substituted with high-resolution images of 
these user's faces, mapped onto the depth images. In a further 
example, these high-resolution images of the user's faces can 
be parameterized such that their facial expressions are under 
computer control. In this way, detailed and life-like avatars 
can be generated, that accurately follow the movement of the 
users. Similarly, a 3D representation of a user's body can be 
generated from a parameterized model, and this 3D body 

5 

10 

15 

25 

30 

35 

40 

45 

50 

55 

60 

65 

12 
representation can have facial expressions substituted in that 
are captured from the depth camera (and/or from the RGB 
camera). 

In a further example, following segmentation the region of 
the dense 3D model which was previously joined to the 
now-moved object can be tagged (e.g. the location where a 
moved coffee cup base rested on the table). This tagging can 
indicate that this region in the model is a likely “border 
Surface'. The tagging can comprise associating additional 
data to those points in the model that indicate a potential 
Surface. By doing this, if some unknown object is placed on 
that area (or at least partially on that area) at Some point in the 
future, then the system already knows that these are likely to 
be two detached objects (e.g. a table and an object touching 
that region) that are simply in contact with each other and are 
separable, because of the presence of the “border surface” 
between them. 
The tagging of “border surfaces” this way is useful in the 

case in which the camera frames are not sufficiently fast to 
track a rapidly-moved object in the scene. In such cases the 
rapidly-moved object just “appears' in the model. A similar 
scenario is observed when an object is moved less than the 
above-mentioned predefined distance or angle threshold, in 
which case the movement may not be detected. However, if 
the object contacts a tagged border Surface, then this can 
trigger a more detailed analysis/processing whereby the 
object can be assumed to be a detachable/separable object 
despite not meeting the basic distance or angle thresholds. 

Reference is now made to FIG. 7, which illustrates various 
components of an exemplary computing-based device 700 
which may be implemented as any form of a computing 
and/or electronic device, and in which embodiments of the 
above-described moving object image segmentation tech 
niques may be implemented. 

Computing-based device 700 comprises one or more pro 
cessors 702 which may be microprocessors, controllers or 
any other Suitable type of processors for processing comput 
ing executable instructions to control the operation of the 
device in order to perform moving object image segmenta 
tion. In some examples, for example where a system on a chip 
architecture is used, the processors 702 may include one or 
more fixed function blocks (also referred to as accelerators) 
which implement a part of the modeling methods inhardware 
(rather than software or firmware). 
The computing-based device 700 also comprises a graph 

ics processing system 704, which communicates with the 
processors 702 via an interface 706, and comprises one or 
more graphics processing units 708, which are arranged to 
execute parallel, threaded operations in a fast and efficient 
manner. The graphics processing system 704 also comprises 
a graphics memory 710, which is arranged to enable fast 
parallel access from the graphics processing units 708. In 
examples, the graphics memory 710 can store the dense 3D 
models, and the graphics processing units 708 can perform 
the ICP algorithms/camera tracking and dense model genera 
tion operations described above. 
The computing-based device 700 also comprises a com 

munication interface 712 arranged to receive input from one 
or more devices, such as the mobile environment capture 
device (comprising the depth camera), and optionally one or 
more user input devices (e.g. a game controller, mouse, and/or 
keyboard). The communication interface 712 may also oper 
ate as a networking interface, which can be arranged to com 
municate with one or more communication networks (e.g. the 
internet). 
A display interface 714 is also provided and arranged to 

provide output to a display system integral with or in com 
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munication with the computing-based device. The display 
system may provide a graphical user interface, or other user 
interface of any suitable type although this is not essential. 
The computer executable instructions may be provided 

using any computer-readable media that is accessible by com 
puting based device 700. Computer-readable media may 
include, for example, computer storage media Such as 
memory 716 and communications media. Computer storage 
media, Such as memory 716, includes Volatile and non-vola 
tile, removable and non-removable media implemented in 
any method or technology for storage of information Such as 
computer readable instructions, data structures, program 
modules or other data. Computer storage media includes, but 
is not limited to, RAM, ROM, EPROM, EEPROM, flash 
memory or other memory technology, CD-ROM, digital ver 
satile disks (DVD) or other optical storage, magnetic cas 
settes, magnetic tape, magnetic disk storage or other mag 
netic storage devices, or any other non-transmission medium 
that can be used to store information for access by a comput 
ing device. In contrast, communication media may embody 
computer readable instructions, data structures, program 
modules, or other data in a modulated data signal. Such as a 
carrier wave, or other transport mechanism. As defined 
herein, computer storage media does not include communi 
cation media. Although the computer storage media (memory 
716) is shown within the computing-based device 700 it will 
be appreciated that the storage may be distributed or located 
remotely and accessed via a network or other communication 
link (e.g. using communication interface 712). 

Platform software comprising an operating system 718 or 
any other suitable platform software may be provided at the 
computing-based device to enable application software 720 
to be executed on the device. The memory 716 can store 
executable instructions to implement the functionality of a 
camera tracking engine 722 (e.g. arranged to track the loca 
tion and orientation of the depth camera using ICP), an object 
segmentation engine 724 (e.g. arranged to segment moving 
objects from the depth image using the ICP outliers), and 
optionally a dense model generation engine 726 (e.g. 
arranged to generate a dense 3D model of the scene or objects 
in graphics memory). The memory 716 can also provide a 
data store 728, which can be used to provide storage for data 
used by the processors 702 when performing the segmenta 
tion techniques, such as for storing previously captured depth 
images and capture poses. 
The term computer is used herein to refer to any device 

with processing capability Such that it can execute instruc 
tions. Those skilled in the art will realize that such processing 
capabilities are incorporated into many different devices and 
therefore the term computer includes PCs, servers, mobile 
telephones, personal digital assistants and many other 
devices. 
The methods described herein may be performed by soft 

ware in machine readable form on a tangible storage medium 
e.g. in the form of a computer program comprising computer 
program codemeans adapted to performall the steps of any of 
the methods described herein when the program is run on a 
computer and where the computer program may be embodied 
on a computer readable medium. Examples of tangible (or 
non-transitory) storage media include disks, thumb drives, 
memory etc and do not include propagated signals. The Soft 
ware can be suitable for execution on a parallel processor or 
a serial processor Such that the method steps may be carried 
out in any Suitable order, or simultaneously. 

This acknowledges that software can be a valuable, sepa 
rately tradable commodity. It is intended to encompass Soft 
ware, which runs on or controls “dumb' or standard hard 
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14 
ware, to carry out the desired functions. It is also intended to 
encompass software which "describes' or defines the con 
figuration of hardware, such as HDL (hardware description 
language) software, as is used for designing silicon chips, or 
for configuring universal programmable chips, to carry out 
desired functions. 

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

altered without losing the effect sought, as will be apparent to 
the skilled person. 

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

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

method blocks or elements identified, but that such blocks or 
elements do not comprise an exclusive list and a method or 
apparatus may contain additional blocks or elements. 

It will be understood that the above description of a pre 
ferred embodiment is given by way of example only and that 
various modifications may be made by those skilled in the art. 
The above specification, examples and data provide a com 
plete description of the structure and use of exemplary 
embodiments of the invention. Although various embodi 
ments of the invention have been described above with a 
certain degree of particularity, or with reference to one or 
more individual embodiments, those skilled in the art could 
make numerous alterations to the disclosed embodiments 
without departing from the spirit or scope of this invention. 
The invention claimed is: 
1. A computer-implemented method of segmenting a mov 

ing object from a background portion of a depth image, com 
prising: 

receiving the depth image from a mobile depth camera, the 
depth image comprising a depth value at each image 
element, each depth value being related to a distance 
from the depth camera to a Surface in a scene captured by 
the depth camera; 

retrieving a previous depth image of at least a portion of the 
Scene, 

executing an iterative closest point algorithm using the 
depth image and the previous depth image, wherein the 
iterative closest point algorithm comprises a determina 
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tion of a plurality of corresponding points in the depth 
image and the previous depth image; and 

detecting one or more outlying points during the determi 
nation of the plurality of corresponding points, and 
labeling those image elements in the depth image at the 
outlying points as moving object image elements. 

2. A method according to claim 1, wherein the step of 
executing the iterative closest point algorithm further com 
prises using the corresponding points to determine a transfor 
mation for aligning the depth image with the previous depth 
image. 

3. A method according to claim 2, wherein the step of 
executing the iterative closest point algorithm further com 
prises using the transformation to track the location and ori 
entation of the depth camera, and storing the location and 
orientation in association with the depth image. 

4. A method according to claim 1, wherein the step of 
detecting one or more outlying points during determination of 
the plurality of corresponding points comprises: 

Selecting a source point from the previous depth image; and 
mapping the source point to a destination point in the depth 

image. 
5. A method according to claim 4, wherein the step of 

detecting one or more outlying points during determination of 
the plurality of corresponding points further comprises deter 
mining whether a distance between the Source point and the 
destination point is greater than a predefined distance thresh 
old. 

6. A method according to claim 4, wherein the step of 
detecting one or more outlying points during determination of 
the plurality of corresponding points further comprises: 

determining a first surface normal at the source point and a 
second Surface normal at the destination point; 

calculating a measure relating to the angle between the first 
Surface normal and second Surface normal; and 

determining whether the measure is greater than a pre 
defined angle threshold. 

7. A method according to claim 4, wherein the step of 
detecting one or more outlying points during determination of 
the plurality of corresponding points further comprises: 

determining whether a distance between the source point 
and the destination point is greater than a predefined 
distance threshold; and 

if it is determined that the distance is not greater than the 
predefined distance threshold: determining a first Sur 
face normal at the Source point and a second Surface 
normal at the destination point, calculating an angle 
between the first surface normal and second surface 
normal, and determining whether the angle is greater 
than a predefined angle threshold. 

8. A method according to claim 4, wherein the step of 
detecting one or more outlying points during determination of 
the plurality of corresponding points further comprises: 

accessing a first red-green-blue image corresponding to the 
depth image and a second red-green-blue image corre 
sponding to the previous depth image; and 

determining whether the difference between the red-green 
blue value at the source point of the second red-green 
blue image and the destination point of the first red 
green-blue image is greater than a predefined value. 

9. A method according to claim 4, further comprising 
retrieving a previous capture location and orientation for the 
previous depth image. 

10. A method according to claim 9, wherein step of map 
ping the source point to the destination point comprises pro 
jecting onto the destination point from the previous capture 
location and orientation and the source point. 
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11. A method according to claim 1, further comprising 

executing a segmentation algorithm using the labeled image 
elements at the outlying points to identify further image ele 
ments belonging to the moving object in the depth image. 

12. A method according to claim 11, wherein the segmen 
tation algorithm is performed on a red-green-blue image of 
the scene captured concurrently with the depth image. 

13. A method according to claim 11, wherein the segmen 
tation algorithm comprises at least one of a GrabCut algo 
rithm; a machine-learning classifier, an object boundary 
detection algorithm; and a morphological operation. 

14. A method according to claim 1, further comprising the 
step of executing an additional iterative closest point algo 
rithm to determine a transformation for aligning only the 
moving object in the depth image with the previous depth 
image. 

15. A method according to claim 1, further comprising the 
steps of identifying the moving object using an object recog 
nition algorithm, and Substituting the moving object in the 
depth image with a high-resolution representation of the 
moving object. 

16. An image segmentation system, comprising: 
a communication interface arranged to receive a depth 

image from a mobile depth camera, the depth image 
comprising a depth value at each image element, each 
depth value being related to a distance from the depth 
camera to a Surface in a scene captured by the depth 
Camera, 

a memory arranged to store a previous depth image of at 
least a portion of the scene; and 

a processor arranged to: execute an iterative closest point 
algorithm using the depth image and the previous depth 
image, wherein the iterative closest point algorithm 
comprises a determination of a plurality of correspond 
ing points in the depth image and the previous depth 
image; detect one or more outlying points during the 
determination of the plurality of corresponding points; 
and label those image elements in the depth image at the 
outlying points as moving object image elements. 

17. A system according to claim 16, wherein the previous 
depth image was previously captured by the depth camera, 
received at the communication interface and stored at the 
memory. 

18. A system according to claim 16, further comprising a 
graphics processing unit and an associated graphics memory 
arranged to store a dense 3D model of the scene, and 

wherein the processor is arranged to retrieve the previous 
depth image by requesting the previous depth image 
from the graphics processing unit, and the graphics pro 
cessing unit is arranged to generate the previous depth 
image from the dense 3D model Stored on the graphics 
memory. 

19. A system according to claim 18, wherein the graphics 
processing unit is further arranged to create a further dense 
3D model representing only the moving object in the graphics 
memory and augment the further dense 3D model using the 
labeled image elements of the moving object. 

20. One or more tangible device-readable media with 
device-executable instructions that, when executed by a com 
puting system, direct the computing system to perform steps 
comprising: 
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receiving a first depth image from a mobile depth camera, 
the first depth image comprising a depth value at each 
image element, each depth value being related to a dis 
tance from the depth camera to a surface in a scene 
captured by the depth camera; 

retrieving a previous depth image of at least a portion of the 
Scene and a capture location and orientation for the 
previous depth image; 

executing an iterative closest point algorithm using the first 
depth image, the previous depth image and the capture 
location and orientation to determine a transformation 
for aligning the first depth image with the previous depth 

10 

18 
image, wherein the iterative closest point algorithm 
comprises a determination of a plurality of correspond 
ing points in the first depth image and the previous depth 
image; 

detecting one or more outlying points during the determi 
nation of the plurality of corresponding points; and 

Subsequently processing a set of image elements in the first 
depth image at the outlying points as a separate object 
moving relative to the rest of the scene. 
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