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TARGET IMAGE GENERATION UTILIZING A FUNCTIONAL
BASED ON FUNCTIONS OF INFORMATION FROM OTHER IMAGES

Field
The field relates generally to image processing, and more particularly to image
reconstruction and other processes involving generation of a given target image utilizing

information relating to other images.

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

processing may involve multiple images of different types, including two-dimensional (2D)
images and three-dimensional (3D) images. For example, a 3D image of a spatial scene may be
generated 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. Multiple images of these and other types may be processed in machine
vision applications such as gesture recognition, face detection and singular or multiple person
tracking.

Conventional image processing techniques include various image reconstruction
techniques such as interpolation and super resolution. Interpolation is typically used when
information is available for only a portion of a given image. Super resolution techniques may
be used, for example, to enhance the resolution of a low-resolution image using another image
of higher resolution. Exemplary super resolution techniques may be based on Markov random

fields or bilateral filters.

Summary
In one embodiment, an image processing system comprises an image processor

configured to construct a designated functional based on a plurality of functions each associated
with a corresponding portion of image information relating to at least first and second images,
and to generate a target image utilizing the constructed functional. The input images may be
received from one or more image sources and the target image may be provided to one or more
image destinations. By way of example only, the plurality of functions may comprise a set of
functions fi(4,), £o(42), ..., fi(41) each comprising a function of pixels from a corresponding
one of a plurality of input images A1, 4y, ..., 47 of the image information, and the functional

may be a function of the set of functions f1(4,), (42), ..., fi(41). The functional may be of the
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form F(X) where X denotes the target image and in such an arrangement the target image X may
be generated by minimizing the functional F(X).

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

computer program code embodied therein.

Brief Description of the Drawings

FIG. 1 is a block diagram of an image processing system in one embodiment.

FIG. 2 is a flow diagram of a process for generating a target image using a system of
linear equations in the FIG. 1 system.

FIG. 3 is a flow diagram of a process for generating a target image using approximate

iterative minimization 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 generating a target image utilizing a functional based on
functions of information from other images. It should be understood, however, that
embodiments of the invention are more generally applicable to any image processing system or
associated device or technique in which it is desirable to generate a target image using
information from multiple other 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 receives images from
image sources 104 and provides processed images to image destinations 106.

The image sources 104 comprise, for example, 3D imagers such as SL and ToF cameras
as well as one or more 2D imagers such as 2D imagers configured to generate 2D infrared
images, gray scale images, color images or other types of 2D images, in any combination.
Another example of one of the image sources 104 is a storage device or server that provides
images to the image processor 102 for processing.

The image destinations 106 illustratively comprise, for example, one or more display
screens of a human-machine interface, or at least one storage device or server that receives
processed images from the image processor 102.

Although shown as being separate from the image sources 104 and image destinations

106 in the present embodiment, the image processor 102 may be at least partially combined
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with one or more image sources or image destinations on a common processing device. Thus,
for example, one or more of the image sources 104 and the image processor 102 may be
collectively implemented on the same processing device. Similarly, one or more of the image
destinations 106 and the image processor 102 may be collectively implemented on the same
processing device,

In one embodiment the image processing system 100 is implemented as a video gaming
system or other type of gesture-based system that processes images 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
applications other than gesture recognition, such as machine vision systems in robotics and
other industrial applications.

The image processor 102 in the present embodiment is implemented using at least one
processing device and comprises a processor 110 coupled to a memory 112. Also included in
the image processor 102 are a functional construction module 114 and a target image generation
module 116.

The functional construction module 114 is configured to construct a designated
functional based on a plurality of functions each associated with a corresponding portion of
image information relating to at least first and second images. The term “functional” as used
herein is intended to encompass, for example, a function of multiple functions. More generally,
the functional may be viewed as providing a mapping from a vector space into its underlying
scalar field, where the vector space may be a space of functions. The term “image information”
as used herein is intended to be broadly construed so as to encompass the first and second
images themselves, portions of these images, or information derived from at least portions of
these images.

The first and second images or other image information derived therefrom may be
provided by one or more of the image sources 104. For example, first and second image
sources may provide respective first and second images to the image processor 102 such that
the image processor can derive image information from those first and second images.
Alternatively, the sources may derive information from respective images and provide the
derived information to the image processor 102. As another example, a single image source can
provide multiple images or associated derived information to the image processor 102.

The target image generation module 116 is configured to generate a target image
utilizing the constructed functional. The resulting target image in the system 100 is provided to

one or more of the image destinations 106.
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The particular functions used to construct the functional in module 114 in the present
embodiment comprise one or more sets of functions selected or otherwise obtained from
functions 118 of the image processor 102. For example, in processes to be described below in
conjunction with FIGS. 2 and 3, the functions used to construct the functional in module 114
comprise a set of functions fi(4)), /(42), ..., f1.(4L) each comprising a function of pixels from a
corresponding one of a plurality of input images 4, 4, ..., A; of the above-noted image
information. Thus, in such an arrangement, the functional is a function of the set of functions
fi(dY), fi(42), ..., fi(Ar). However, other types of functions may be used to construct a
functional in other embodiments.

The functional constructed in functional construction module 114 may be of the form
F(X) where X denotes the target image. The target image generation module 116 may be
configured to generate the target image X by minimizing the functional F(X). This may
involve, for example, solution of a set of linear equations as in the FIG. 2 process, or
approximate iterative minimization as in the FIG. 3 process. The functional F(X) may
incorporate one or more of a set of weights and a set of probabilities, with the sets being
selected or otherwise obtained from respective weights 120 and probabilities 122 of the image
processor 102. Other embodiments may use numerous other types and configurations of
functionals and associated techniques for generating target images utilizing the functionals.

The multiple images utilized in the image processing system 100 to determine a given
target image may comprise various combinations of depth images and non-depth images. As
one example, the first image may comprise a depth image of a first resolution from a first one of
the image sources 104 and the second image may comprise a 2D image of substantially the
same scene and having a resolution substantially the same as the first resolution from another
one of the image sources 104 different than the first image source. In an embodiment of this
type, the first image source may comprise a 3D image source such as a structured light or ToF
camera, and the second image source may comprise a 2D image source configured to generate
the second image as an infrared image, a gray scale image or a color image. As indicated
above, in other embodiments the same image source supplies both the first and second images.
Also, more than first and second images may be used.

It should be noted that the terms “construction” in the context of functional construction
module 114 and “generation” in the context of target image generation module 116 are intended
to be broadly construed so as to encompass a wide variety of different techniques for

determining a functional and a target image, respectively.
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As mentioned previously, exemplary image processing operations implemented using
functional construction module 114 and target image generation module 116 of image processor
102 will be described in greater detail below in conjunction with FIGS. 2 and 3.

The processor 110 and memory 112 in the FIG. 1 embodiment may comprise respective
portions of at least one processing device comprising 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 functional construction module 114 and the target image generation module 116 or
portions thereof may be implemented at least in part in the form of software that is stored in
memory 112 and executed by processor 110. 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. The memory 112 may
additionally or alternatively store at least a portion of one or more of functions 118, weights 120
and probabilities 122. As indicated above, the processor 110 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
are typically formed in a repeated pattern on a surface of a semiconductor wafer. Each die
includes 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.
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The operation of the image processor 102 in illustrative embodiments will now be
described in greater detail. It is assumed for these embodiments that the target image X is an
unknown image of size MXN pixels that is to be reconstructed by the image processor 102 from
image information relating to multiple input images 41, 4, ..., A provided by one or more of

5 the image sources 104. One or more of the input images A, 4, ..., A, may each also be of the
same size MXN pixels as the desired target image. The input images may be taken from the
same or similar viewpoints of a scene possibly by different imagers or other types of image
sources.

The above-noted set of functions 71(41), 2(42), ..., fi{Ar) may be configured to provide

10 respective known mappings RM™N_R of pixel values from images 41, 4>, ..., A, where RM™Visa
set of real MxN matrices. Examples of such mappings will be described in greater detail
elsewhere herein.

The image processor 102 in the present embodiment is configured to reconstruct the
target image X using the functional F(X) based on the set of functions fi(41), /2(42), ..., fi.(4L)

15  selected or otherwise obtained from functions 118, so that reconstructed pixel values JXj of X,
where 1 <i<M,1<j<N, are optimal in a specified sense relative to other possible X
values. The term “optimal” as used herein is intended to be broadly construed, encompassing
optimization in accordance with one or more specified optimization rules, and should not be
viewed as requiring an absolute minimization.

20 The functional F(X) in some embodiments is of the following form:

L
FOX) =2 (H(X) = (4 ). (1)

k=1

As indicated previously, in some embodiments, the target image X is the image that

25  minimizes the functional F(X), i.e.

L
X =argmin ) (£ (X) = fi(4,)? (2)

X k=1

Weights selected or otherwise obtained from weights 120 may be used to designate
30  certain input images as being more important than others in the determination of the target
image. For example, a set of weights wy, ..., w;, may be introduced such that w; > 0 for all k=1

... L. If it is known that the information provided by a given one of the functions f;(4,) is more
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important than the information provided by another one of the functions fi(4;), where in this
particular context the indices i and j are defined such that 1 < i< L,1<j <L, then the

weights may be assigned such that w; = w;.

The functional (1) above as modified to include weights is given by:
L
FX) =Y w5 (X)) = fe(4))’ (1)
k=1
In this case, the target image X can be found using the following minimization:

X =argmin ) w, (f,(X) - f,(4,)) 2"

X

If it is not known which input images are more important than others, all of the weights
may be set equal to unity, w; = ... =w, = 1. This reduces functional (1') to functional (1) and
reduces minimization (2') to minimization (2).

Probabilities from probability sets 122 may also be used, in conjunction with or in place
of the above-described weights. For example, a set of probabilities pi, p2, ..., p. may be
introduced, where 0 < py < 1forall k=1 ... L. A given one of these probability values py can
be considered a reliability measure of the corresponding portion of the input image information.
The greater the probability, the greater the contribution should be from the corresponding term
in the functional.

The functional (1') above as modified to include probabilities is given by:
L
FXO) =Y wepe (i (0 = fi(4)? (1")
k=1
In this case, the target image X can be found using the following minimization:

L
X = argmin ZWkpk (fo (X) = fu(4))* 2"

X k=1
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If the probabilities are not known, all of the probabilities may be set equal to unity, p; =
... = pr = 1. This reduces functional (1") to functional (1') and reduces minimization (2") to
minimization (2').

In the foregoing, the particular functions, weights and probabilities used in a given
functional are assumed to be selected or otherwise obtained from the respective functions 118,
weights 120 and probabilities 122 of image processor 102. The image processor may therefore
store multiple sets of functions, weights and probabilities and select particular sets for use a
given image processing application as needed. Alternatively, one or more such sets may be
generated as needed by the image processor.

The manner in which the minimizations (2), (2) or (2") are used to determine the target
image X will now be described in greater detail. Two cases will be considered, a first case in
which the functions f1(41), £2(42), ..., fi(41) are all linear functions, and a second case in which
at least one of the functions f1(41), 2(42), ..., fi(AL) is a non-linear function.

In the first case, it is more particularly assumed that all of the functions f1(41), 2(42), ...,
f1(A;) are linear in their respective essential variables, where the essential variables of fX) are
denoted v(f{X)). For example, v(x;s+1 — xi)={xi+1, Xi;}. Also, V(F)=ui_v(f, (X)) denotes the
set of all essential variables of F(X). In order to avoid ambiguity in determining X it is further
assumed that V(F) = Uf_v(fi (X)) = {¥1, % 2500 ¥ ysXa 1 0 Xas i} » 1.6, all variables are essential to
the functional F(X).

The target image X can be determined in this case of linear functions by solving a

system of linear equations comprising:
dFidx;j=0,foralll1 <i<M,1<j<N (3)

The system of linear equations (3) is a system of MN linear equations that can be solved
exactly or approximately using any of a number of well-known techniques, such as, for
example, Gaussian elimination.

In the second case, at least one of the functions fi(4), f2(42), ..., fi(4r) is a non-linear
function, and thus X cannot be found by solving a system of linear equations as in the first case
above. Instead, one possible technique for determining the target image X is based on an

approximate iterative minimization:

X1 = app_min(F, X)). “4)



10

15

20

25

30

WO 2014/105219 PCT/US2013/056618

which starts with an initial approximation X of the target image X and works iteratively until a
maximum number of iterations is met or a difference between approximations X+ and X; of the
target image X in two consecutive iterations is smaller than a threshold.

The initial approximation Xy may be determined utilizing a set of ¢ identity functions
Fidi), fo(An), ..., fi(Aig) each of which provides partial information regarding the target image
X. For example, the identity functions may each provide at least one pixel value fi(4n) =
At fo(An) = Qs - Jif(Aig) = Amgng, in Which case the initial approximation Xy may be an
MXN approximation determined by interpolation using at least the g values aui 1, dmanzs -5
Amgng- As a more particular example, the ¢ values may comprise a regular sublattice of an MXN
lattice such that bilinear interpolation, cubic interpolation or other types of interpolation may be
used to determine Xj.

Although this approach utilizes MN variables and can therefore be computationally
intensive, the approximation can be sped up through the use of additional information such as
gradients in an analytical form. Thus, for example, it may be assumed that the gradients are
known for all variables. Examples of processes that can be used include gradient decent, trust
region, Levenberg-Marquardt, etc.

Referring now to the flow diagram of FIG. 2, a process is shown for generation of a
target image using a system of linear equations in one embodiment. The process is assumed to
be implemented by the image processor 102 using its functional construction module 114 and
target image generation module 116.

The process in this embodiment includes steps 200 through 212, and begins with
obtaining a set of functions f1(41), /2(42), ..., fi(AL) of respective input images 41, A, ..., A in
step 200, a set of weights wy, ..., w;, in step 202, and a set of probabilities py, pa, ..., pr in step
204. If weights or probabilities will not be applied, the corresponding values can all be set to
unity.

In step 206, the functions obtained in step 200 are adjusted if necessary. For example,
the functions can relate to respective images from different image sources, and therefore
normalization may be required. As a more particular example, in an implementation in which
the functions comprise respective image gradients, an image gradient for an input image from
one source can be in a range [0..1], while an image gradient for an input image from another
source is in a different range [-1..1], and an image gradient for an input image from yet another
source is in a third range [1..1000]. In these and other similar situations, the adjustment in step
206 is used to normalize the image gradient values, for example, by multiplying them by

appropriate normalizing coefficients.
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In step 208, the functional F(X) is constructed in the manner described previously. For
example, assuming that both weights and probabilities will be used, the functional F(X) may be
constructed in the form (1").

In step 210, the system of linear equations dF/dx;; is constructed. It is assumed for this
embodiment that the functions f1(41), 2(42), ..., fi(Ar) are linear functions of their respective
essential variables as described previously. This step therefore generally involves differencing
F(X) by all MXN variables x;;, i =1 ... M, j=1 ... N, in order to obtain the system of linear
equations (3) given above.

In step 212, the target image X is determined by solving the system of linear equations
using an approach such as Gaussian elimination.

FIG. 3 illustrates a process for generation of a target image using approximate iterative
minimization in one embodiment. Like the FIG. 2 process, the FIG. 3 process is assumed to be
implemented by the image processor 102 using its functional construction module 114 and
target image generation module 116. Also, steps 300 through 312 of FIG. 3 correspond
generally to respective steps 200 through 212 of FIG. 2.

The process in this embodiment begins with obtaining a set of functions f1(41), /2(42),
..., f1(4r) of respective input images Ay, 4, ..., A, in step 300, a set of weights wy, ..., wy in
step 302, and a set of probabilities p1, pa, ..., pr, in step 304. If weights or probabilities will not
be applied, the corresponding values can all be set to unity.

In step 306, the functions obtained in step 300 are adjusted if necessary, in the manner
previously described in the context of FIG. 2.

In step 308, the functional F(X) is constructed, also in the manner described previously.
For example, assuming that both weights and probabilities will be used, the functional F(X)
may be constructed in the form (1").

In step 310, approximate iterative minimization (4) is performed. As indicated above,
this approximate iterative minimization starts with an initial approximation Xy of the target
image X and works iteratively until a maximum number of iterations is met or a difference
between approximations X and X; of the target image X in two consecutive iterations is
smaller than a threshold.

In step 312, the target image X is determined based on an output of the approximate
iterative minimization of step 310, More particularly, as indicated above, the approximate
iterative minimization process is terminated based on a maximum number of iterations being
reached or a threshold difference between the target image approximations for two consecutive

iterations being met.

10
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The FIG. 3 process further includes additional steps 314 and 316 that relate to
determining the initial approximation Xj to be utilized in the approximate iterative minimization
in step 310,

In step 314, a set of ¢ identity functions fi1(4,1), fo(4n), ..., fiu(Aig) are determined, each
of which provides partial information regarding the target image X. For example, each of the g
functions may provide information about a single element of target image X without any
significant distortion, i.e., fi(4y) = a;; for some 1S k<L, 1 <i<M,1 <j<N. One or more
of the identity functions may be bijective functions, such as f{x) = ax+b, for positive and
negative values of g. The term “identity” as used herein in this context is therefore intended to
be broadly construed.

In step 316, the of ¢ identity functions determined in step 314 are utilized to construct
the initial approximation X used in step 310. For example, interpolation may be applied using
the ¢ functions and their corresponding values in order to obtain an initial approximation Xp of
size MXN.

It is to be appreciated that the particular process steps used in the embodiments of FIGS.
2 and 3 are exemplary only, and other embodiments can utilize different types and
arrangements of image processing operations. For example, the particular manner in which the
functional is constructed, and the particular manner in which the target image is determined
utilizing the functional, can be varied in other embodiments. Also, 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.

A number of examples will now be described in order to more fully illustrate image
processing operations in certain embodiments of the invention. These examples generally
involve image reconstruction using super resolution techniques adapted to utilize functionals
and minimizations of the type described above.

In a first example, a target image is reconstructed using two images of the same type,
namely, two depth images 4 and D, but with different resolutions. Let D be the smaller depth
image of size MDXND, and A be the larger depth image of size MXN. Assume for simplicity
that the linear sizes of 4 are multiples of the correspondent sizes of D, i.e., there exists an
integer SCALE such that M/MD = SCALE and N/IND = SCALE.

Also assume that the information from D is reliable concerning the values of pixels, and
the information from A is reliable concerning the first discrete derivatives or gradients of the
image, including knowledge about the sign of the gradient.

A depth image D1 of size MXN can be constructed using the following pseudocode:

11
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for 1 = 1..M
for j = 1..N
if remainder (i/SCALE) == remainder (j/SCALE) == 0,
then D1(i, j) = D(i/SCALE, j/SCALE);
else D1(i, j) 1is indefinite;
End
End

The desired target image in this example is a depth image X that will be close to D1 at
the points where D1 is defined, and has vertical and horizontal gradients at all points that are
close to vertical and horizontal gradients of 4.

For any image of size MXN there are M - (N-1) horizontal gradients ;. — a;; for all i =
1...M,j=1..N-1,and (M-1) - N vertical gradients a;;—a;; foralli=1... M-1,j=1... N.

The functional can therefore be constructed as follows:

MD ND

M N-1
9 2
FX)=w z Z (Xiscari, j#scaLe ~ pscare, jescare)” +Wa Z Z (101 =% )= =G, )" +
i=1 /=1 i=1 =1

M-1N 2
+ Wy Z Z((XHL]‘ - xi,j) - (ai+l,j - ai,j))

i=1 j=1

In this example it is assumed that all probabilities are equal to 1, and further that only
three different weights are used: weight wy for D1, weight w, for horizontal gradients and
weight ws for vertical gradients.

As there are only linear functions such as gradients in this example, the resulting system
of equations (3) will also be linear, Moreover, this system will have the form CX=b, where C is
an MNXMN matrix. The matrix C is sparse, and more particularly comprises a 5-diagonal band
matrix. Therefore, X can be found very efficiently using Gaussian elimination for band
matrices, which takes only about min(MN°, M°N) arithmetic operations, as compared to about
2MPN°/3 arithmetic operations for simple Gaussian elimination,

The target image X is determined by solving the system of equations (3). If the result is
not of sufficient quality, the weights w1, w2, w3 can be adjusted in order to attempt to improve
the quality of X.

In a second example, a target image is reconstructed using two images of different
types, namely, a depth image and a 2D image comprising a photograph or infrared image of

substantially the same scene. The first image will be referred to in the context of this example
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as “depth” and the second image as “photo.” The two images may have different resolutions,
and it should be noted in this regard that the depth image typically has much smaller resolution
than the photo image. Accordingly, as in the previous example, let D be the smaller depth
image of size MDXND, and let 4 be the larger photo image of size MXN, and further assume
for simplicity that the linear sizes of 4 are multiples of the correspondent sizes of D, i.e., there
exists an integer SCALE such that M/MD = SCALE and N/ND = SCALE.

Also assume that the information from D is reliable concerning the values of pixels, and
the information from 4 is reliable concerning the edges and borders of objects in the image, i.e.,
the absolute values of the gradients or first discrete derivatives of the image.

The depth image D1 of size MXN is constructed in the same manner as given by the
pseudocode above.

The desired target image in this example is a depth image X that will be close to D1 at
the points where D1 is defined, and has the absolute values of vertical and horizontal gradients
at all points that are close to the absolute values of vertical and horizontal gradients of 4.

Similar to the previous example, the functional can be constructed in the present

example as follows:

MD ND M N-1

2 ) 2
F(X)=w Z Z (xi*SCALE,j*SCALE . d;*SCALE,j*SCALE) W, Z Z (abs(xi,jﬂ - %‘,j) - abs(ai,jﬂ —4a; N+
i=l j=1 i=1 j=I

M-1N
. 2
+ W Z z (abs(xyy; —x; ;) —abs(a;,, ; - a; ;)

i=1 j=l

where abs(x) is the absolute value of x.

It should be noted that abs(x) is not a linear function, and so the system of equations (3)
in this example will not be linear. Accordingly, the functional is instead minimized using
approximate iterative minimization (4).

In the present example, D can be interpolated up to size MXN and used as the initial
approximation Xy. The number ¢ in this case will be MD - ND. For example, interpolation
techniques such as nearest neighbor or bilinear interpolation can be used. Interpolated points
can first be found between known points by rows, with the process being repeated to find
additional interpolated points between known points by columns.

In a third example, the functional form used in the previous example may be varied as

follows:
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MD ND M N-1

2 2
F(X)=w Z z (Xiescars, jescare ~ di*SCALE,j"SCALE) W, Z Z (C e X0~ Sgn(i,j)->(i,j+l)>|< abs(a, ;. —a, )+

i=l j=1 i=1 j=1

M-1 N

2
+ W, Z Z (x5, =, ;) —sgn Gt abs(a,,, , - a;; )

i=l j=1

where sgng_r(x) is an unknown constant equal to -1, 0 or 1 that corresponds to the sign of the
corresponding gradient or discrete derivative of image X to be reconstructed at point S and in a
direction towards point T, where 7" denotes a horizontal or vertical neighbor of point S.

As there are only linear functions in this example, the resulting system of equations (3)
will also be linear. However, the constants sgng—.r(x) are not known.

A number of different methods may be proposed for defining the constants sgns—1(x).
For example, D can be interpolated up to size MxN and then signs of horizontal and vertical
gradients of the interpolated image can be used as constants sgns—r(x). As another example,
gradient signs can be locally reconstructed using exhaustive search by minimizing a functional
F(Xyn1) where indices 7 and j from the above formula loop through local areas of the image,
such as square sub-images Xj; v of an initial input image, where 1 <M1 < M, 1<N1<N.
If sub-image Xy n; of size MIXNI of image X is considered, one can solve 3PMINT gustems of
linear equations for each possible value of 2+ M1 -N1 constants sgnsr(x) and select
combinations of signs such that F(Xy; ;) is minimized. The values of Ml and N1 will
generally be very small, for example, both values could be equal to 2. After the constants
sgns_1(x) are determined for all sub-images Xy s, the constants may be averaged for all
{ Xy w12 x € Xp ni} S0 as to obtain the constants for the entire image.

It is to be appreciated that the above examples are presented by way of illustration only,
and should not be construed as limiting the scope of any embodiment of the invention in any
way.

The techniques described in the above examples may be used to improve performance
of known super resolution techniques, as well as for a wide variety of other image
reconstruction or image processing purposes.

For example, one such known super resolution technique may comprise a Markov
random field based super resolution technique or another super resolution technique particularly
well suited for reconstruction of depth information. Additional details regarding an exemplary
Markov random filed based super resolution technique that may be adapted for use in an

embodiment of the invention can be found in, for example, J. Diebel et al., “An Application of
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Markov Random Fields to Range Sensing,” NIPS, MIT Press, pp. 291-298, 2005, which is
incorporated by reference herein.

Embodiments of the invention may also be used to improve the performance of super
resolution techniques based on bilateral filters. An example of a super resolution technique of
this type is described in Q. Yang et al., “Spatial-Depth Super Resolution for Range Images,”
[EEE Conference on Computer Vision and Pattern Recognition (CVPR), 2007, which is
incorporated by reference herein.

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, functional construction modules, target image generation modules, sets of functions,
weights and probabilities, 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:

obtaining image information relating to at least first and second images;

constructing a designated functional based on a plurality of functions each
associated with a corresponding portion of the image information; and

generating a target image utilizing the constructed functional;

wherein the obtaining, constructing and generating steps are implemented in at

least one processing device comprising a processor coupled to a memory.
2. The method of claim 1 wherein the image information comprises a plurality of input
images A1, Ay, ..., A from one or more image sources, and wherein the target image comprises

a target image X of size MXN pixels to be reconstructed using the input images 41, 4», ..., 4;.

3. The method of claim 2 wherein at least one of the input images A4y, 4, ..., A is also

of size MXN pixels.

4. The method of claim 2 wherein the plurality of functions comprises a set of functions
Ji(A)), f(42), ..., fi(4L) each comprising a function of pixels from a corresponding one of the
input images 41, 4y, ..., A and the functional comprises a functional F(X) that is a function of

the set of functions f1(4,), /2(42), ..., fi(4L).

5. The method of claim 4 wherein the functional F(X) is of the following form:
L
F(X)= 2 (X)) = fe(4)* .
k=1
6. The method of claim 4 wherein the functional F(X) is of the following form:
L
FX) = Y we(fe ()= S’ 5
k=1

where wy denotes a weight, and where w; > 0 forall k=1 ... L.
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7. The method of claim 4 wherein the functional F(X) is of the following form:
L
FX) =3 wepe (e ()= f (4
k=1

where wy denotes a weight and py denotes a probability, and where w; > 0 and 0 < p; < 1 for all

k=1... L.

8. The method of claim 4 wherein generating the target image X comprises determining

X by minimizing the functional F(X).

9. The method of claim 4 wherein the functions f1(4), /2(42), ..., fi(4;) are all linear

functions.

10. The method of claim 9 wherein generating the target image X comprises

determining X by solving a system of linear equations comprising:
dFidx;;=0,forall1 <i<M,1<j<N.

11. The method of claim 4 wherein at least one of the functions fi(41), £(42), ..., fi(AL)

is a non-linear function.

12.  The method of claim 11 wherein generating the target image X comprises

determining X based on an approximate iterative minimization:
Xiri = app_min(F, X;).

which starts with an initial approximation Xy and works iteratively until a maximum number of
iterations is met or a difference between approximations X and X; in two consecutive

iterations is smaller than a threshold.

13. The method of claim 12 wherein the initial approximation JXj is determined at least
in part utilizing a set of ¢ identity functions f1(4n), fo(4n), ..., fiy(4ig) each of which provides

partial information regarding the target image.
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14. The method of claim 13 wherein the identity functions each provide at least one
pixel value fi(4n) = amim, foldn) = awams ..., fifdig) = Gugng and wherein the initial
approximation X, comprises an MXN approximation of X determined by interpolation using at

least the g values duiu1, Am2s - Amgng-

15. The method of claim 1 wherein the image information comprises pixel information
of at least one of:
(1) first and second depth images of the same resolution;
(ii) first and second depth images of different resolutions;
(iii) a depth image and a non-depth image of the same resolution; and

(iv) a depth image and a non-depth image of different resolutions.

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 comprises:

a functional construction module configured to construct a designated functional
based on a plurality of functions each associated with a corresponding portion of image
information relating to at least first and second images; and

a target image generation module configured to generate a target image utilizing

the constructed functional.

18. The apparatus of claim 17 wherein the plurality of functions comprises a set of
functions fi(41), /(42), ..., fi(A;) each comprising a function of pixels from a corresponding
one of a plurality of input images A, 4, ..., 4, of the image information and wherein the

functional is a function of the set of functions f1(4)), /(42), ..., f1.(4L).

19. The apparatus of claim 17 wherein the functional comprises a functional F(X)
where X denotes the target image and wherein the target image generation module is configured

to generate the target image X by minimizing the functional F(X).
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20. An image processing system comprising:
one or more image sources providing image information relating to at least first
and second images;
one or more image destinations; and

an image processor coupled between said one or more image sources and said

one or more image destinations;

wherein the image processor is configured to construct a designated functional
based on a plurality of functions each associated with a corresponding portion of the image

information, to generate a target image utilizing the constructed functional, and to provide the

target image to said one or more image destinations.
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