wo 2015/012896 A 1[I N0F 00O O O

(43) International Publication Date

(12) INTERNATIONAL APPLICATION PUBLISHED UNDER THE PATENT COOPERATION TREATY (PCT)

(19) World Intellectual Property Ny
Organization é
International Bureau -,

=

\

(10) International Publication Number

WO 2015/012896 A1l

29 January 2015 (29.01.2015) WIPO | PCT
(51) International Patent Classification: (74) Agent: RYAN, Joseph, B.; Ryan, Mason & Lewis, LLP,
GOG6F 3/033 (2013.01) GO6K 9/62 (2006.01) 48 South Service Road, Suite 100, Melville, NY 11747
(21) International Application Number: (US).
PCT/US2014/031471 (81) Designated States (unless otherwise indicated, for every
. . kind of national protection available). AE, AG, AL, AM,
(22) International Filing Date: AO, 151", AU, Ag, BA, BB, BG, BH), BN, BR, BW, BY,
21 March 2014 (21.03.2014) BZ, CA, CH, CL, CN, CO, CR, CU, CZ, DE, DK, DM,
(25) Filing Language: English DO, DZ, EC, EE, EG, ES, FI, GB, GD, GE, GH, GM, GT,
. HN, HR, HU, ID, IL, IN, IR, IS, JP, KE, KG, KN, KP, KR,
(26) Publication Language: English KZ, LA, LC, LK, LR, LS, LT, LU, LY, MA, MD, ME,
(30) Priority Data: MG, MK, MN, MW, MX, MY, MZ, NA, NG, NI, NO, NZ,
2013134325 22 July 2013 (22.07.2013) RU OM, PA, PE, PG, PH, PL, PT, QA, RO, RS, RU, RW, SA,
14/168,391 30 January 2014 (30.01.2014) Us SC, SD, SE, 8G, SK, SL, SM, ST, SV, 8Y, TH, TJ, T™,
TN, TR, TT, TZ, UA, UG, US, UZ, VC, VN, ZA, ZM,
(71) Applicant: LSI CORPORATION [US/US]; 1320 Ridder ZW.
Park Drive, San Jose, CA 95131 (US).
(84) Designated States (uniess otherwise indicated, for every
(72) Inventors: BABIN, Dmitry, N.; 6-1 Skulptora Mukhinoi kind of regional protection available): ARIPO (BW, GH,

Street, Apt. 6, Moscow, 119633 (RU). MAZURENKO,
Ivan, L.; 36 A Molodyezhnaya Street, Apt. 51, Kimki, Mo-
scow, 141407 (RU). PETYUSHKO, Alexander, A.; 21
Aviatsionnaya Street, Apt. 76, Bryansk, Moscow, 241037
(RU). LETUNOVSKIY, Aleksey, A.; 67 Roktova, 3k2,
Moscow, 117593 (RU). ZAYTSEYV, Denis, V.; 26B
Ugreshskaya Street, Apt. 81, Dzerzhinsky, Moscow,
140093 (RU).

GM, KE, LR, LS, MW, MZ, NA, RW, SD, SL, SZ, TZ,
UG, ZM, ZW), Eurasian (AM, AZ, BY, KG, KZ, RU, TJ,
TM), European (AL, AT, BE, BG, CH, CY, CZ, DE, DK,
EE, ES, FL FR, GB, GR, HR, HU, IE, IS, IT, LT, LU, LV,
MC, MK, MT, NL, NO, PL, PT, RO, RS, SE, SL, SK, SM,
TR), OAPI (BF, BJ, CF, CG, CIL, CM, GA, GN, GQ, GW,
KM, ML, MR, NE, SN, TD, TG).

[Continued on next page]

(54) Title: GESTURE RECOGNITION METHOD AND APPARATUS BASED ON ANALYSIS OF MULTIPLE CANDIDATE
BOUNDARIES

FIG. 2

(57) Abstract: An image processing system
comprises an image processor configured to
identify a plurality of candidate boundaries in
an image, to obtain corresponding modified
images for respective ones of the candidate
boundaries, to apply a mapping function to
each of the modified images to generate a
corresponding vector, to determine sets of es-
timates for respective ones of the vectors rel-
ative to designated class parameters, and to
select a particular one of the candidate
boundaries based on the sets of estimates.
The designated class parameters may include
sets of class parameters for respective ones of
a plurality of classes each corresponding to a
difterent gesture to be recognized. The can-
didate boundaries may comprise candidate
palm boundaries associated with a hand in
the image. The image processor may be fur-
ther configured to select a particular one of
the plurality of classes to recognize the cor-
responding gesture based on the sets of es-
timates.



WO 2015/012896 A1 |IIWAT 00T VT TR AN R RO

Published:
—  with international search report (Art. 21(3))



10

15

20

25

30

35

WO 2015/012896 PCT/US2014/031471

GESTURE RECOGNITION METHOD AND APPARATUS
BASED ON ANALYSIS OF MULTIPLE CANDIDATE BOUNDARIES

Field
The field relates generally to image processing, and more particularly to image

processing for recognition of gestures.

Background
Image processing is important in a wide variety of different applications, and such

processing may involve two-dimensional (2D) images, three-dimensional (3D) images, or
combinations of multiple images of different types. For example, a 3D image of a spatial scene
may be generated in an image processor using triangulation based on multiple 2D images
captured by respective cameras arranged such that each camera has a different view of the
scene. Alternatively, a 3D image can be generated directly using a depth imager such as a
structured light (SL) camera or a time of flight (ToF) camera. These and other 3D images,
which are also referred to herein as depth images, are commonly utilized in machine vision
applications such as gesture recognition.

In typical conventional arrangements, raw image data from an image sensor is usually
subject to various preprocessing operations. Such preprocessing operations may include, for
example, contrast enhancement, histogram equalization, noise reduction, edge highlighting and
coordinate space transformation, among many others. The preprocessed image data is then
subject to additional processing needed to implement gesture recognition for use in applications
such as video gaming systems or other systems implementing a gesture-based human-machine

interface.

Summary

In one embodiment, an image processing system comprises an image processor
configured to identify a plurality of candidate boundaries in an image, to obtain corresponding
modified images for respective ones of the candidate boundaries, to apply a mapping function
to each of the modified images to generate a corresponding vector, to determine sets of
estimates for respective ones of the vectors relative to designated class parameters, and to select
a particular one of the candidate boundaries based on the sets of estimates.

By way of example only, the designated class parameters may include sets of class
parameters for respective ones of a plurality of classes each corresponding to a different gesture

to be recognized. The image processor may be further configured to select a particular one of
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the plurality of classes to recognize the corresponding gesture based on the sets of estimates.
Thus, the gesture recognition may be performed jointly with the selection of a particular one of
the candidate boundaries.

In some embodiments, the candidate boundaries may comprise candidate palm
boundaries associated with a hand in the image.

Other embodiments of the invention include but are not limited to methods, apparatus,
systems, processing devices, integrated circuits, and computer-readable storage media havihg

computer program code embodied therein.

Brief Description of the Drawings

FIG. 1 is a block diagram of an image processing system comprising an image processor
configured for palm boundary detection based gesture recognition in an illustrative
embodiment.

FIG. 2 shows an image of a hand prior to rotation based on determination of main
direction. A

FIG. 3 shows the image of FIG. 2 after rotation and with multiple candidate palm
boundaries superimposed on the hand.

FIG. 4 illustrates an exemplary training process implemented in the FIG. 1 system.

FIG. 5 is a flow diagram of an exemplary palm boundary detection based gesture

recognition process implemented in the FIG. 1 system.

Detailed Description

!

Embodiments of the invention will be illustrated herein in conjunction with exemplary
image processing systems that include image processors or other types of processing devices
and implement techniques for gesture recognition based on palm boundary detection. It should
be understood, however, that embodiments of the invention are more generally applicable to
any image processing system or associated device or technique that involves detecting palm
boundaries in one or more images.

FIG. 1 shows an image processing system 100 in an embodiment of the invention. The
image processing system 100 comprises an image processor 102 that is configured for
communication over a network 104 with a plurality of processing devices 106. The image
processor 102 implements a gesture recognition (GR) system 110. The GR system 110 in this
embodiment processes input images 111 from one or more image sources and provides

corresponding GR-based output 112. The GR-based output 112 may be supplied to one or
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more of the processing devices 106 or to other system components not specifically illustrated in
this diagram.

The GR system 110 more particularly comprises a preprocessing module 114, a palm
boundary detection module 115, a recognition module 116 and an application module 117. A
training module 118 generates class parameters and mapping functions 119 that are utilized by
the palm boundary detection and recognition modules 115 and 116 in generating recognition
events for processing by the application module 117. Although illustratively shown as residing
outside the GR system 110 in the figure, elements 118 and 119 may be at least partially
implemented within GR system 110 in other embodiments.

Portions of the GR system 110 may be implemented using separate processing layers of
the image processor 102. These processing layers comprise at least a portion of what is more
generally referred to herein as “image processing circuitry” of the image processor 102. For
example, the image processor 102 may comprise a preprocessing layer implementing
preprocessing module 114 and a plurality of higher processing layers each configured to
implement one or more of palm boundary detection module 115, recognition module 116 and
application module 117. Such processing layers may also be referred to herein as respective
subsystems of the GR system 110.

It should be noted, however, that embodiments of the invention are not limited to
recognition of hand gestures, but can instead be adapted for use in a wide variety of other
machine vision applications involving gesture recognition, and may comprise different
numbers, types and arrangements of layers in other embodiments.

Also, certain of the processing modules of the image processor 102 may instead be
implemented at least in part on other devices in other embodiments. For example,
preprocessing module 114 may be implemented at least in part in an image source comprising a
depth imager or other type of imager that provides at least a portion of the input images 111. It
is also possible that application 117 may be implemented on a different processing device than
the palm boundary detection module 115 and the recognition module 116, such as one of the
processing devices 106.

Moreover, it is to be appreciated that the image processor 102 may itself comprise
multiple distinct processing devices, such that the processing modules 114, 115, 116 and 117 of
the GR system 110 are implemented using two or more processing devices. The term “image
processor” as used herein is intended to be broadly construed so as to encompass these and

other arrangements.
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The preprocessing module 114 performs preprocessing operations on received input
images 111 from one or more image sources. This received image data in the present
embodiment is assumed to comprise raw image data received from a depth sensor, but other
types of received image data may be processed in other embodiments. The preprocessing
module 114 provides preprocessed image data to the palm boundary detection module 115 and
possibly also the recognition module 116.

The raw image data received in the preprocessing module 114 from the depth sensor
may include a stream of frames comprising respective depth images, With each such depth
image comprising a plurality of depth image pixels. For example, a given depth image D may
be provided to the preprocessing module 114 in a form of matrix of real values. A given such
depth image is also referred to herein as a depth map.

A wide variety of other types of images or combinations of multiple images may be
used in other embodiments. It should therefore be understood that the term “image” as used
herein is intended to be broadly construed.

The image processor 102 may interface with a variety of different images sources and
image destinations, For example, the image processor 102 may receive input images 111 from
one or more image sources and provide processed images as part of GR-based output 112 to
one or more image destinations. At least a subset of such image sources and image destinations
may be implemented as least in part utilizing one or more of the processing devices 106.
Accordingly, at least a subset of the input images 111 may be provided to the image processor
102 over network 104 for processing from one or more of the processing devices 106.
Similarly, processed images or other related GR-based output 112 may be delivered by the
image processor 102 over network 104 to one or more of the processing devices 106. Such
processing devices may therefore be viewed as examples of image sources or image
destinations as those terms are used herein.

A given image source may comprise, for example, a 3D imager such as an SL camera or
a ToF camera configured to generate depth images, or a 2D imager configured to generate
grayscale images, color images, infrared images or other types of 2D images. It is also possible
that a single imager or other image source can provide both a depth image and a corresponding
2D image such as a grayscale image, a color image or an infrared image. For example, certain
types of existing 3D cameras are able to produce a depth map of a given scene as well as a 2D
image of the same scene. Alternaﬁvely, a 3D imager providing a depth map of a given scene
can be arranged in proximity to a separate high-resolution video camera or other 2D imager

providing a 2D image of substantially the same scene.
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Another example of an image source is a storage device or server that provides images
to the image processor 102 for processing.

A given image destination may comprise, for example, one or more display screens of a
human-machine interface of a computer or mobile phone, or at least one storage device or
server that receives processed images from the image processor 102.

It should also be noted that the image processor 102 may be at least partially combined
with at least a subset of the one or more image sources and the one or more image destinations
on a common processing device. Thus, for example, a given image source and the image
processor 102 may be collectively implemented on the same processing device. Similarly, a
given image destination and the image processor 102 may be collectively implemented on the
same processing device.

In the present embodiment, the image processor 102 is configured to implement gesture
recognition based on palm boundary detection.

As noted above, the input images 111 may comprise respective depth images generated
by a depth imager such as an SL camera or a ToF camera. Other types and arrangements of
images may be received, processed and generated in other embodiments, including 2D images
or combinations of 2D and 3D images.

The particular number and arrangement of modules shown in image processor 102 in the
FIG. 1 embodiment can be varied in other embodiments. For example, in other embodiments
two or more of these modules may be combined into a lesser number of modules. An otherwise
conventional image processing integrated circuit or other type of image processing circuitry
suitably modified to perform processing operations as disclosed herein may be used fto
implement at least a portion of one or more of the modules 114, 115, 116, 117, 118 and 119 of
image processor 102. One possible example of image processing circuitry that may be used in
one or more embodiments of the invention is an otherwise conventional graphics processor
suitably reconfigured to perform functionality associated with one or more of the modules 114,
115,116, 117,118 and 119.

The processing devices 106 may comprise, for example, computers, mobile phones,
servers or storage devices, in any combination. One or more such devices also may include, for
example, display screens or other user interfaces that are utilized to present images generated by
the image processor 102. The processing devices 106 may therefore comprise a wide variety of
different destination devices that receive processed image streams or other types of GR-based

output 112 from the image processor 102 over the network 104, including by way of example at
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least one server or storage device that receives one or more processed image streams from the
image processor 102.

Although shown as being separate from the processing devices 106 in the present
embodiment, the image processor 102 may be at least partially combined with one or more of
the processing devices 106. Thus, for example, the image processor 102 may be implemented
at least in part using a given one of the processing devices 106. By way of example, a computer
or mobile phone may be configured to incorporate the image processor 102 and possibly a
given image source. Image sources utilized to provide input images 111 in the image
processing system 100 may therefore comprise cameras or other imagers associated with a
computer, mobile phone or other processing device. As indicated previously, the image
processor 102 may be at least partially combined with one or more image sources or image
destinations on a common processing device.

The image processor 102 in the present embodiment is assumed to be implemented
using at least one processing device and comprises a processor 120 coupled to a memory 122.
The processor 120 executes software code stored in the memory 122 in order to control the
performance of image processing operations. The image processor 102 also comprises a
network interface 124 that supports communication over network 104.

The processor 120 may comprise, for example, a microprocessor, an application-specific
integrated circuit (ASIC), a field-programmable gate array (FPGA), a central processing unit
(CPU), an arithmetic logic unit (ALU), a digital signal processor (DSP), or other similar
processing device component, as well as other types and arrangements of image processing
circuitry, in any combination.

The memory 122 stores software code for execution by the processor 120 in
implementing portions of the functionality of image processor 102, such as portions of modules
114 through 119. A given such memory that stores software code for execution by a
corresponding processor is an example of what is more generally referred to herein as a
computer-readable medium or other type of computer program product having computer
program code embodied therein, and may comprise, for example, electronic memory such as
random access memory (RAM) or read-only memory (ROM), magnetic memory, optical
memory, or other types of storage devices in any combination. As indicated above, the
processor may comprise portions or combinations of a microprocessor, ASIC, FPGA, CPU,
ALU, DSP or other image processing circuitry.

It should also be appreciated that embodiments of the invention may be implemented in

the form of integrated circuits. In a given such integrated circuit implementation, identical die
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are typically formed in a repeated pattern on a surface of a semiconductor wafer. Each die
includes an image processor or other image processing circuitry as described herein, and may
include other structures or circuits. The individual die are cut or diced from the wafer, then
packaged as an integrated circuit. One skilled in the art would know how to dice wafers and
package die to produce integrated circuits. Integrated circuits so manufactured are considered
embodiments of the invention.

The particular configuration of image processing system 100 as shown in FIG. 1 is
exemplary only, and the system 100 in other embodiments may include other elements in
addition to or in place of those specifically shown, including one or more elements of a type
commonly found in a conventional implementation of such a system.

For example, in some embodiments, the image processing system 100 is implemented as
a video gaming system or other type of gesture-based system that processes image streams in
order to recognize user gestures. The disclosed techniques can be similarly adapted for use in a
wide variety of other systems requiring a gesture-based human-machine interface, and can also
be applied to other applications, such as machine vision systems in robotics and other industrial
applications that utilize gesture recognition.

The operation of the image processor 102 will be described in greater detail below in
conjunction with FIGS. 2 through 5.

FIG. 2 shows a hand 200 within an image 201. The image 201 may be viewed as one of
the input images 111 applied to the image processor 102. In this figure, the hand 200 is angled
within the image 201 along an axis corresponding to a main direction 202 of the hand. The
preprocessing module 114 receives this input image and performs an orientation normalization
operation that illustratively involves rotating the image or portions thereof such that the main
direction 202 of the hand 200 corresponds to a known direction. A corresponding hand 300
after rotation is shown in FIG. 3 such that the main direction now substantially coincides with
the vertical direction. Thus, the input image has been adjusted such that the main direction of
the hand now has a substantially vertical orientation, |

The orientation normalization operation used to produce the image of FIG. 3 comprising
the rotated hand 300 may be implemented by performing principle component analysis (PCA)
to determine the main direction 202 of the hand 200 and then rotating the image 201 by an
angle based on the determined main direction.

Other types of normalization can also be applied. For example, scale normalization may
be performed by the preprocessing module 114 in conjunction with the above-described

orientation normalization. One possible type of scale normalization may involve adjusting the
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scale of the input image until the ratio of the area occupied by the hand to the total image size
matches an average of such ratios for training images in a training database 400 of FIG. 4 used
by the training module 118. The scale adjustment may be implemented by applying
interpolation to the image based on a scale factor.

In addition or in place of to the rotating and scaling normalizations noted above, shifting
normalizations may be applied, as well as various combinations of these and other
normalizations.

In some embodiments, instead of applying rotating, scaling, shifting or other
normalizations to the input image itself, one or more corresponding normalizing
transformations may be applied to a modified image comprising features such as edges that
have been extracted from the input image. A given modified image of this type, which may be
in the form of an edge image or similar feature map, is intended to be encompassed by the term
“image’ as generally used herein.

After application of any appropriate normalizations in preprocessing module 114 as
described above, the palm boundary detection process begins in palm boundary detection
module 115. The palm boundary detection process in the present embodiment initially involves
generating multiple candidate images each corresponding to a different candidate palm
boundary. Palm boundary detection is completed upon selection of a particular one of these
candidate palm boundaries for the given input image. In this embodiment, the palm boundary
detection process is assumed to be integrated with the recognition process, and thus modules
115 and 116 may be viewed as collectively performing the associated palm boundary
determination and recognition operations.

The term “palm boundary” as used herein is intended to be broadly construed, so as to
encompass linear boundaries or other types of boundaries that denote a peripheral area of a
palm of a hand in an image. It is to be appreciated, however, that the disclosed techniques can
be adapted for use with other types of boundaries in performing gesture recognition in the
image processing system 100. Thus, embodiments of the invention are not limited to use with
detection of palm boundaries. The module 115 in FIG. 1 can therefore be more generally
implemented as a boundary detection module.

Also, embodiments of the invention are not limited to use in recognition of hand
gestures, but can be applied to other types of gestures as well. The term “gesture” as used
herein is therefore intended to be broadly construed.

Referring again to FIG, 3, multiple candidate palm boundaries 302 are shown

superimposed on the rotated hand 300. The candidate palm boundaries in this example are
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numbered 1, 2, . .. S-1, S as indicated. Each of these palm boundaries is characterized by a
substantially horizontal line that separates the hand 300 into a first portion above the boundary
and a second portion below the boundary. The candidate palm boundaries are therefore
generally oriented in a direction perpendicular to the substantially vertical main direction of the
rotated hand 300 of FIG. 3. The palm boundary detection process implemented by palm
boundary detection module 114 is generally configured to determine which of such multiple
candidate palm boundaries is most appropriate for the corresponding input image that contains
hand 300.

Accordingly, the present embodiment determines the appropriate palm boundary for a
given input image by evaluating the multiple candidate palm boundaries. As will be described
in more detail below in conjunction with FIG. 5, this process is illustratively performed jointly
with classification of the hand gesture, such that the selected palm boundary is the one that in
combination with a corresponding classification result provides the highest overall probability
relative to the class parameters and mapping functions 119 determined by training module 118
using images from the training database 400 shown in FIG. 4. The joint selection of a particular
palm boundary and a corresponding classification result in the present embodiment is therefore
based on training where each training sample includes information about the correct palm
boundary within a given training image.

The multiple candidate palm boundaries 302 may be determined in a variety of different
ways, including, for example, use of fixed, increasing, decreasing or random step sizes between
adjacent candidate palm boundaries, as well as combinations of these and possibly other types
of inter-boundary step sizes. Although substantially horizontal palm boundaries are used in
FIG. 3, other embodiments can use different palm boundaries, such as angled boundaries or
combinations of various boundaries of different types.

For each of the candidate palm boundaries, a corresponding image is generated from a
given normalized input image 7 for further processing. In this embodiment, the § different
candidate palm boundaries are utilized to generate respective different images 1,,..., Is, where
the image I, 1 <t <, corresponds to the #-th candidate palm boundary, and is the same as the
normalized input image I for pixels above the f-th palm boundary, and has all zeros, ones,
average background values or other predetermined values as its pixel values at or below the -th
palm boundary.

Thus, each of the images /i,..., Is has the same pixel values as the normalized input
image I for all pixels above its corresponding palm boundary, but has predetermined pixel

values for all of its pixels at or below that pixel boundary. Each of the images /i,..., Is may
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therefore be viewed as being “cut” into first and second portions at the corresponding paim
boundary. These images are examples of what are more generally referred to herein as “cut
images” or still more generally “modified images” where the modifications are based on the
corresponding palm boundaries.

Each such modified image may be characterized as comprising first and second portions
on opposite sides of its candidate palm boundary with the first portion of the modified image
comprising pixels having values that are the same as those of respective corresponding pixels in
a first portion of the normalized image, and the second portion of the modified image
comprising pixels having values that are different than the values of respective corresponding
pixels in a second portion of the normalized image. In the more particular example given
above, the first and second portions of the modified image are portions above and below the
candidate palm boundary.

Other types of modified images may be generated based on respective candidate palm
boundaries in other embodiments.

Additional details regarding the further processing of cut images /i,..., Is will be
described below in conjunction with FIG. 5. As indicated previously, this further processing
makes use of class parameters and mapping functions 119 generated by training module 118
using images from the training database 400. The training database 400 may be implemented
within image processor 102 possibly utilizing a portion of memory 122 or another suitable
storage device or alternatively may be implemented externally to image processor 102 on one
or more of the processing devices 106.

It will be assumed that the palm boundary detection and recognition processes
implemented in some embodiments of the FIG. 1 system are based on Gaussian Mixture
Models (GMM:s) although a wide variety of other classification techniques can be used in other
embodiments.

A GMM is a statistical multidimensional distribution based on a number of weighted
multivariate normal distributions. These weighted multivariate normal distributions may
collectively be of the form p(x) = iw, p;(x), where:

i=1
x is an N-dimensional vector x = (x1,...,xv) in the space RY;
p(x) is the probability of vector x;

M is the number of components or “clusters” in the GMM;

M
wi is the weight of the /-th cluster where w, 20,> w, =1;

i=]

10
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pi(x) is the multivariate normal distribution of the i-th cluster, i.e. p,(x)~ N(u,,Q;), where
u, is an N x 1 mean vector and ©, is an N X N nonnegative-definite covariance matrix such

that:
1 = 07 ()

where 7 in this equation denotes the transpose operator.
Assume that there are L observations X = (x', ..., x"), where each ¥, 1 <j <L, is an N-
dimensional vector in RY, i.e. ¥ = (¥1, ..., ¥). Construction of the GMM in this case may be

characterized as an optimization problem that maximizes the overall probabilities of the

L
observations, i.e. argmax ) p(x’).
Wil S i=1LM o)

This optimization problem may be solved using the well-known Expectation-
Maximization algorithm (EM-alg). EM-alg is an iterative algorithm and may be used to find
and adjust the above-noted distribution parameters w,u,,Q,~for i = 1,..M. The EM-alg
generally involves the following steps:

1. Fill parameters with random values.

2. Expectation step: using observations and parameters from the previous step estimate
log-likelihood.

3. Maximization step: find parameters that maximize log-likelihood and update them.

In the context of the FIG. 1 system it may be further assumed that there are multiple
observations for each of a plurality of classes corresponding to respective static hand gestures to
be recognized by the GR system 110. More particularly, assume there are K classes of
observed data, with L. observations for each class ¢, where 1 <c¢ < K. In such an arrangement,
for each class ¢ the above-described EM-alg may be used to find corresponding optimal

parameters T, = {w’,n,Q 3, . and for any vector x to be classified the recognition result or target

class is given by ¢, = argmax p(x|7,) .

As indicated above, the K classes may correspond to respective ones of a plurality of
different static hand gestures, also referred to herein as hand poses, such as, for example, an
open palm as illustrated in FIGS. 2 and 3, a fist, a forefinger or “poke” and so on. Other
embodiments can be configured to recognize other types of gestures, including dynamic

gestures.
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The training module 118 processes one or more training images from training database
400 for each of these represented classes. The training database 400 should include training
images having properly recognized palm boundaries and associated hand gestures in normalized
form. For example, these training images should have substantially the same width and height
in pixels, and similar orientation and scale, as the normalized images to be processed by the
modules 115 and 116 of the GR system 110. The determination of the appropriate palm
boundary in each training image may be determined by an expert and annotated accordingly on
the image.

As illustrated in FIG. 4, the training module 118 processes images from the training
database 400 in order to generate class parameters 119A including optimal parameters 7; for all
of the classes j = 1, ..., K. The training module 118 also generates one or more mapping
functions 119B including a mapping function F that when applied to a given normalized input
image I from the training database 400 yields a vector x within RY. Typically, the value of Nis
much less than the number of pixels in the image, and so the processing performed by the
training module 118 could be based on features extracted from the image, such as palm width,
height, perimeter, area, central moments, etc.

The mapping function F(J) = x = (x1, ..., xv) generated by the training module 118 is
applied to all L. images from the class ¢, and then the GMM for the class ¢ is constructed by
applying the above-described EM-alg to find the optimal parameters 7, ={w/,uf, Q¢ 17, for the
class ¢. This process is repeated for each of the classes, resulting in K sets of optimal
parameters 71,...,Tx. As noted above, the class parameters 119A comprising the optimal
parameters for each class and the corresponding mapping function 119B are made accessible to
the palm boundary detection module 115 and recognition module 116 for use in determining
palm boundaries and recognizing "gestures in the input images after those images ére
preprocessed in preprocessing module 114.

Referring now to FIG. 5, an exemplary process is shown for gesture recognition based
on palm boundary detection in the image processing system 100 of FIG. 1. The FIG. 5 process
is assumed to be implemented by the image processor 102 using its preprocessing module 114,
palm boundary detection module 115 and recognition module 116, as well as class parameters
and mapping functions 119 provided by training module 118, although one or more of the
described operations can be performed by other system components in other embodiments.

It is further assumed in this embodiment that the input images 111 received in the image
processor 102 from one or more image sources comprise an input depth image 500 more

particularly denoted as image J.
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Steps 514, 515 and 516 of the FIG. 5 process generally include preprocessing, palm
boundary detection and class recognition operations performed by the respective modules 114,
115 and 116 of the image processor 102, Other related operations are performed in multiple
instances of steps 530, 532 and 534.

In the preprocessing step 514, an orientation normalization operation 502 and a scale
normalization operation 504 are applied to the input image J to generate a normalized input
image 1. As previously described in conjunction with FIGS. 2 and 3, the orientation
normalization may involve determining main direction 202 of hand 200 within the input image
J, possibly using PCA or a similar technique, and then rotating the input image by an amount
based on the determined main direction of the hand.

Multiple candidate palm boundaries are then determined in the manner previously
described. It is assumed that there are S substantially horizontal candidate palm boundaries of a
type similar to that illustrated in FIG. 3.

In steps 530-1 through 530-S, respective cut images I1,..., Is are generated for respective
ones of the candidate palm boundaries 1,...,S. As noted above, the image I, 1 <t < §,
corresponds to the r-th candidate palm boundary, and is the same as the normalized input image
I for pixels above the ¢-th palm boundary, and has all zeros, ones, average background values or
other predetermined values as its pixel values at or below the #-th palm boundary, such that each
of the images 1i,..., Is has the same pixel values as the normalized input image [ for all pixels
above its corresponding palm boundary, but has predetermined pixel values for all of its pixels
at or below that pixel boundary. Again, each of the images I,..., Is may therefore be viewed as
being “cut” at the corresponding palm boundary.

In steps 532-1 through 532-S, vectors x' through x5 are obtained by applying the
mapping function F to the respective images Ti,..., Is, i.e. vectors x' = F(I1), ..., x*= F(Is). The
resulting vectors are also referred to herein as feature vectors.

Steps 534-tj generally involve determining sets of probabilistic estimates for respective
ones of the vectors x! through x5 relative to sets of optimal parameters 71,...,7x, where 1 <1 <§
and 1 <j <K. As mentioned above, each of the sets of optimal parameters 7} is associated with
a corresponding one of a plurality of static hand gestures to be recognized by the GR system
110. Each set of probabilistic estimates is determined in this embodiment as a set of estimates

p(x'|T;) for a given value of index  relative to sets of optimal parameters 7; where index j

takes on integer values between 1 and K. Thus, steps 534-1,1 through 534-1,K determine a first
set of probabilistic estimates p(x'| 7)) through p(x'|T,). Similarly, steps 534-S,1 through 534-
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S,K determine an S-th set of probabilistic estimates p(x®|7;) through p(x*|7,). Other

instances of steps 534 not explicitly shown determine the remaining sets of probabilistic
estimates for respective ones of the remaining vectors x? through x5,

Step 515 utilizes the resulting sets of probabilistic estimates to select a particular one of
the candidate palm boundaries. More particularly, the palm boundary is selected in step 515 in

accordance with the following equation:

b= argmax( max p(x'| ) (M
=18 J=LK

where b denotes the particular palm boundary sclected based on the sets of probabilistic
estimates, and may take on any integer value between 1 and S.

Step 516 utilizes the same sets of probabilistic estimates to select a particular one of the
K image classes. This recognition step more particularly recognizes a given one of the K image
classes corresponding to a particular static hand gesture within the input image J, in accordance

with the following equation:

¢ = argmax(max p(x' | 7})) @)
j=t.x 1=L.8

where ¢ denotes the particular class selected based on the sets of probabilistic estimates, and
may take on any integer value between 1 and K.
In other embodiments, other types of estimates may be used. For example, negative log-

likelihood (NLL) estimates —logp(x'|7,) may be used in order to simplify arithmetic

computations in some embodiments, in which case all instances of “max™ should be replaced
with corresponding instances of “min” in equations (1) and (2) of respective steps 515 and 516.
The term “estimates” as used herein is intended to be broadly construed so as to encompass
NLL estimates of the type noted above as well as other types of estimates that may or may not
be based on probabilities.

Also, although GMMs and EM-alg are utilized in the training process in this
embodiment, any of a wide variety of other classification techniques may be used in training
module 118 to determine appropriate class parameters and mapping functions 119 for use in
palm boundary detection and associated gesture recognition operations. For example, well-
known techniques based on decision trees, neural networks, or nearest neighbor classification

may be adapted for use in embodiments of the invention. These and other techniques can be
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applied in a straightforward manner to allow estimation of the likelihood function p(x|7;) for

a given feature vector x and a set of optimal parameters 7; for class j. Again, other types of
estimates not necessarily of a probabilistic nature may be utilized.

In the FIG. 5 embodiment, the exemplary processing shown not only determines the
palm boundary within a given input image but also performs a recognition function by
classifying the corresponding gesture. Thus, at least a portion of the processing operations may
be viewed as being performed by an integrated palm boundary detection and gesture
recognition module, Other embodiments may perform only the palm boundary detection,
possibly as part of a preprocessing operation, with recognition being performed as a separate
operation based on the detected palm boundary.

The FIG. 5 process can be pipelined in a straightforward manner. For example, at least
a portion of the steps can be performed using parallel computations, thereby reducing the
overall latency of the process for a given input image, and facilitating implementation of the
described techniques in real-time image processing applications.

As a more particular example, the estimates p(x'|7,) may be calculated independently

on parallel processing hardware with intermediate results or final values subsequently combined
using the arg max(max(...)) function in steps 515 and 516.

At least portions of the GR-based output 112 may be further processed in the image
processor 102, or supplied to another processing device 106 or image destination, as mentioned
previously.

It is to be appreciated that the particular process steps used in the embodiment of FIG. 5
are exemplary only, and other embodiments can utilize different types and arrangements of
image processing operations. For example, the particular manner in which the feature vectors
and corresponding sets of estimates are generated can be varied in other embodiments. Also,
the computations in steps 515 and 516 are equivalent and therefore can be combined into a
single computation in other embodiments. In addition, steps indicated as being performed
serially in the figure can be performed at least in part in parallel with one or more other steps in
other embodiments. The particular steps and their interconnection as illustrated in FIG. 5
should therefore be viewed as one possible arrangement of process steps in one embodiment,
and other embodiments may include additional or alternative process steps arranged in different
processing orders.

Embodiments of the invention provide particularly efficient techniques for boundary
detection based gesture recognition. For example, one or more of these embodiments can

perform joint boundary detection and gesture recognition that allows a system to obtain both
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boundary and recognition results at substantially the same time. In such an embodiment, the
boundary determination is integrated with the recognition process, in a manner that facilitates
highly efficient paralle] implementation using image processing circuitry on one or more
processing devices. The disclosed embodiments can be configured to utilize GMMs or a wide
variety of other classification techniques.

It should again be emphasized that the embodiments of the invention as described herein
are intended to be illustrative only. For example, other embodiments of the invention can be
implemented utilizing a wide variety of different types and arrangements of image processing
circuitry, modules and processing operations than those utilized in the particular embodiments
described herein. In addition, the particular assumptions made herein in the context of
describing certain embodiments need not apply in other embodiments. These and numerous
other alternative embodiments within the scope of the following claims will be readily apparent

to those skilled in the art.
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Claims
What is claimed is:
1. A method comprising:

identifying a plurality of candidate boundaries in an image,

obtaining corresponding modified images for respective ones of the candidate
boundaries;

applying a mapping function to each of the modified images to generate a
corresponding vector;

determining sets of estimates for respective ones of the vectors relative to
designated class parameters; and

selecting a particular one of the candidate boundaries based on the sets of
estimates;

wherein said identifying, obtaining, applying, determining and selecting are

implemented in at least one processing device comprising a processor coupled to a memory.

2. The method of claim 1 wherein identifying a plurality of candidate boundaries
comprises identifying a plurality of candidate palm boundaries associated with a hand in the

image.

3. The method of claim 1 further comprising:
receiving an input image; and
performing one or more normalization operations on the input image to obtain a

normalized image in which the candidate boundaries are identified.

4. The method of claim 3 wherein said one or more normalization operations comprise

at least one of an orientation normalization and a scale normalization.

5. The method of claim 4 wherein the orientation normalization comprises:
determining a main direction of a hand within the input image; and
rotating the input image by an amount based on the determined main direction of

the hand.

6. The method of claim 1 further comprising selecting a particular one of a plurality of

classes to recognize a corresponding gesture based on the sets of estimates.
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7. The method of claim 1 wherein identifying a plurality of candidate boundaries in the
image further comprises determining at least a subset of said boundaries based on one or more

of fixed, increasing, decreasing or random step sizes between adjacent candidate boundaries.

8. The method of claim 1 wherein at least a subset of the candidate boundaries comprise
candidate palm boundaries oriented in a direction perpendicular to a main direction of a hand in

the image.

9. The method of claim 3 wherein each of the modified images comprises first and
second portions on opposite sides of its candidate boundary with the first portion of the
modified image comprising pixels having values that are the same as those of respective
corresponding pixels in a first portion of the normalized image and the second portion of the
modiﬁed image comprising pixels having values that are different than the values of respective

corresponding pixels in a second portion of the normalized image.

10. The method of claim 9 wherein each of the pixels in the second portion of each

modified image has the same predetermined value.

11. The method of claim 1 wherein the designated class parameters include sets of class
parameters for respective ones of a plurality of classes each corresponding to a different

gesture.

12. The method of claim 11 wherein a given one of the sets of class parameters for a
particular class ¢ comprises a set of class parameters 7, ={w{,u;,Q/}/, based on a Gaussian
Mixture Model having M clusters, where w; denotes a weight of an i-th one of the M clusters,
and where p,and ©, denote a mean vector and a covariance matrix, respectively, of a

multivariate normal distribution of the i-th cluster.

13. The method of claim 11 wherein a given one of the sets of class parameters for a
particular class is generated by applying the mapping function to each of a plurality of training
images of the gesture associated with that class to generate a corresponding plurality of vectors
and utilizing those vectors to construct a classification model having the given set of class

parameters.
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14. The method of claim 1 wherein determining sets of estimates for respective ones of

the vectors comprises generating a given set of probabilistic estimates p(x'|7,) for a particular

one of the vectors x' relative to sets of class parameters 7; where index ¢ takes on integer values
between 1 and S where S denotes the number of candidate boundaries and where index j takes
on integer values between 1 and K where K denotes a total number of classes each

corresponding to a different gesture.

15. The method of claim 1 wherein determining sets of estimates for respective ones of

the vectors comprises generating a given set of negative log-likelihood estimates —log p(x'|7T})

for a particular one of the vectors ¥ relative to sets of class parameters 7; where index ¢ takes on
integer values between 1 and S where S denotes the number of candidate boundaries and where
index j takes on integer values between 1 and K where K denotes a total number of classes each

corresponding to a different gesture.

16. A computer-readable storage medium having computer program code embodied
therein, wherein the computer program code when executed in the processing device causes the

processing device to perform the method of claim 1.

17. An apparatus comprising:
at least one processing device comprising a processor coupled to a memory;
wherein said at least one processing device is configured to identify a plurality of
candidate boundaries in an image, to obtain corresponding modified images for respective ones
of the candidate boundaries, to apply a mapping function to each of the modified images to
generate a corresponding vector, to determine sets of estimates for respective ones of the
vectors relative to designated class parameters, and to select a particular one of the candidate

boundaries based on the sets of estimates.

18. The apparatus of claim 17 wherein the processing device comprises an image
processor, the image processor comprising:
a preprocessing module;
a boundary detection module; and
a recognition module configured to select a particular one of a plurality of

classes to recognize a corresponding gesture based on the sets of estimates;
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wherein said modules are implemented using image processing circuitry

comprising at least one graphics processor of the image processor.

19. An integrated circuit comprising the apparatus of claim 17.

20. An image processing system comprising the apparatus of claim 17.

20
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