208 A2

0O 02/05

=

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

(19) World Intellectual Property Organization
International Bureau

(43) International Publication Date
17 January 2002 (17.01.2002)

PCT

(10) International Publication Number

WO 02/05208 A2

(51) International Patent Classification’: Go6T

(21) International Application Number: PCT/US01/21311

(22) International Filing Date: 6 July 2001 (06.07.2001)

(25) Filing Language: English
(26) Publication Language: English
(30) Priority Data:

60/216,395 6 July 2000 (06.07.2000) US

(71) Applicant (for all designated States except US): THE
TRUSTEES OF COLUMBIA UNIVERSITY IN THE
CITY OF NEW YORK [US/US]; 116th Street and
Broadway, New York, NY 10027 (US).

(72) Inventors; and

(75) Inventors/Applicants (for US only): NAYAR, Shree, K.
[US/US]; Apt. 15D, 560 Riverside Drive, New York, NY
10027 (US). NARASIMHAN, Srinivasa, G. [IN/US];
Apt. 103A, 414 West 120th Street, New York, NY 10027
(US).

(74) Agents: TANG, Henry et al.; Baker Botts, LLP, 30 Rock-
efeller Plaza, New York, NY 10112-0228 (US).

(81) Designated States (national): AE, AG, AL, AM, AT, AU,
AZ,BA, BB, BG, BR,BY, BZ, CA, CH, CN, CO, CR, CU,
CZ, DE, DK, DM, DZ, EC, EE, ES, FI, GB, GD, GE, GH,
GM, HR, HU, ID, IL,, IN, IS, JP, KE, KG, KP, KR, KZ, LC,
LK, LR, LS, LT, LU, LV, MA, MD, MG, MK, MN, MW,
MX, MZ, NO, NZ, PL, PT, RO, RU, SD, SE, SG, S, SK,
SL, TJ, TM, TR, TT, TZ, UA, UG, US, UZ, VN, YU, ZA,
7ZW.
(84) Designated States (regional): ARIPO patent (GH, GM,
KE, LS, MW, MZ, SD, SL, SZ, TZ, UG, ZW), Eurasian
patent (AM, AZ, BY, KG, KZ, MD, RU, TJ, TM), European
patent (AT, BE, CH, CY, DE, DK, ES, FI, FR, GB, GR, IE,
IT, LU, MC, NL, PT, SE, TR), OAPI patent (BF, BJ, CF,
CG, CI, CM, GA, GN, GW, ML, MR, NE, SN, TD, TG).

Published:
without international search report and to be republished
upon receipt of that report

For two-letter codes and other abbreviations, refer to the "Guid-
ance Notes on Codes and Abbreviations" appearing at the begin-
ning of each regular issue of the PCT Gazette.

(54) Title: METHOD AND APPARATUS FOR ENHANCING DATA RESOLUTION

(57) Abstract: An algorithm is provided for enhancing the resolution of various types of data such as image data. The data being
enhanced can be data which has been sampled using a locally inhomogeneous sensitivity pattern such as a Bayer-type color mosaic,
~~ an exposure-level mosaic, or a combined color and exposure-level mosaic. The resolution enhancement algorithm uses high resolu-
tion and low resolution versions of a sample image to "learn” (i.e., optimize) a set of parameters of a mapping from the low resolution
data to the high resolution data. The mapping can comprise a polynomial model. The learning procedure is repeated for a variety
of sample images. The learned mapping can then be used to process other low resolution images to obtain corresponding, higher
resolution images. The learned mapping provides resolution enhancement which is superior to that of conventional interpolation

techniques.



WO 02/05208 PCT/US01/21311

METHOD AND APPARATUS FOR ENHANCING DATA RESOLUTION

of which the following is a

SPECIFICATION

CROSS-REFERENCE TO RELATED APPLICATION

[0001] This application claims priority to U.S. Provisional Patent Application entitled “Apparatus
and Method For High Dynamic Range Color Imaging,” Serial No. 60/216,395, filed on July 6, 2000,

which is incorporated herein by reference in its entirety.
STATEMENT REGARDING FEDERALLY SPONSORED RESEARCH OR DEVELOPMENT

[0002] This invention was partially made with the U.S. Government support from the National
Science Foundation, Information Technology Research Award No. IIS-00-85864. Accordingly, the U.S.

Government may have certain rights in this invention.
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BACKGROUND OF THE INVENTION

[0003] It is a common goal of image processing to obtain the highest quality image possible from
a givén set of input data. Image quality is typically judged in terms of “resolution,” which generally
refers to the accuracy and precision of the data which formed the image, and can include spatial resolution
(e.g., pixels per unit area or per image), the precision and accuracy of the characteristics of each pixel
(e.g., dynamic range of brightness and/or color), and/or the number of image frames per unit time (e.g.,
for video applications). Conventional image-processing algorithms typically ignore information and
knowledge which is extrinsic to the data being processed, but is nonetheless relevant. As a result, the
resolution of an image produced using a conventional image-processing algorithm is reduced. In
particular, although an input image can theoretically have virtually any characteristics, the characteristics
of most images are limited by the laws of physics governing the physical objects being imaged. In
addition, although an object can in theory have almost any shape, there are certain shapes which tend to
recur more frequently than others.

[0004] For example, although it is theoretically possible for an image to include a brightness
impulse — i.e., an infinitely tiny point of infinite brightness — such a phenomenon never occurs in real
life. In addition, images of real objects are often filled with simple geometric shapes such as, for
example, lines, rectangles, ellipses, flat surfaces, and smoothly rounded surfaces. Rarely in practice does
an image of a real, physical scene consist primarily of a set of completely random shapes distributed in a
completely random fashion. Yet, conventional image-processing algorithms largely ignore the
aforementioned practical limitations which govern most images.

[0005] One conventional approach for enhancing dynamic range is to sequentially capture

multiple images of the same scene using different exposure amounts. The exposure amount for each
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image is controlled by varying either the aperture of the imaging optics or the exposure time of the image
detector. A high-exposure image (i.e., an image captured using a wide aperture or long exposure time)
will tend to be saturated in the bright scene areas but more accurately captured in the dark regions. In
contrast, a low-exposure image (i.e., an image captured using a small aperture or short exposure time) will
tend to have less saturation in bright regions, but may be too dark and noisy in dark areas. The
complementary nature of such high-exposure and low-exposure images allows them to be combined into a
single high dynamic range image. Such an approach can be further enhanced by using the acquired
images to compute the radiometric response function of the imaging system.

[0006] The above methods are better suited to static scenes than to moving scenes, because in
order to obtain good results, it is preferable for the imaging system, the scene objects, and the radiances of
‘the objects to remain constant during the sequential capture of images under different exposures.
However, the stationary scene requirement has, in some cases, been remedied by the use of multiple
imaging systems. In such an approach, beam splitters are used to generate multiple copies of the optical
image of the scene. Each copy is detected by an image detector whose exposure is preset by using an
dptical attenuator or by setting the exposure tirhe of the detector to a particular value. The exposure
amount of each detector is set to a different value. This approach has the advantage of producing high
dynamic range images in real time. Real time imaging allows the scene objects and/or the imaging
system to move during the capture, without interfering with the processing of the multiple image copies.
A disadvantage is that this approach is expensive because it requires multiple image detectors, precision
optics for the alignment of all of the acquired images, and additional hardware for the capture and

processing of the multiple images.
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[0007] Another approach which has been used for high dynamic range imaging employs a special
CCD design. In this approach, each detector cell includes two sensing elements having potential wells of
different sizes — and therefore, different sensitivities. When the detector is exposed to the scene, two
measurements are made within each cell and the measurements are combined on-chip before the image is
read out. However, this technique is expensive because it requires fabrication of a complicated CCD
image sensor. In addition, the spatial resolution of the resulting image is reduced by a factor of two,
because the two sensing elements occupy the same amount of space as two pixels would occupy in an
image detector with single sensing element cells. Furthermore, the technique requires additional on-chip
electronics in order to combine the outputs of the two sensing elements in each detector cell before
sending the signals off the chip for further processing.

[0008] An “adaptive pixel” approach for high dynamic range imaging has also been proposed.
Such an approach employs a solid state image sensor in which each pixel includes a computational
element which measures the time required to accumulate charge in the potential well to full capacity.
Because the well capacity is the same for all pixels, the time required to fill a well is proportional to the
intensity of the light incident on the corresponding pixel. The recorded time values are read out and
converted to a high dynamic range image. In some cases, this approach can provide increased dynamic
range. However, although a 32 x 32 cell device has been implemented, it is likely to be difficult to scale
the technology to high resolution without incurring high fabrication costs. In addition, because exposure
times tend to be large in dark scene regions, such a technique is likely to have relatively high
susceptibility to motion blur.

[0009] Image data can also be captured in the form of polarization data associated with image

pixels. In particular, it has been proposed that an individual polarization filter be placed in front of each



WO 02/05208 PCT/US01/21311

element in a detector array. For example, individual polarization filters can be added to individual color
filters covering an array of detectors. The outputs of the detectors beneath the polarization filters can be
used to estimate the polarization of the light striking adjacent detectors. However, such a technique
sacrifices spacial resolution because with respect to the polarization data, it treats the entire region

surrounding a pixel as a single pixel.
SUMMARY OF THE INVENTION

[0010] It is therefore an object of the present invention to provide an image-processing algorithm
which makes use of information regarding typical characteristics of images which are likely to be
processed by the algorithm.

[0011] It is a further object of the present invention to provide an image-processing algorithm

which can utilize the aforementioned information to enhance the resolution of data.

[0012] These and other objects are accomplished by the following aspects of the present
invention.
[0013] In accordance with one aspect of the present invention, a method for generating enhanced-

resolution data comprises: (1) receiving a first set of data generated using a plurality of sensitivity
characteristics arranged in a locally inhomogeneous measurement pattern; and (2) using a model to
process the first set of data, thereby generating a second set of data, the model having a first model
parameter which is determined using a learning procedure.

[0014] In accordance with an additional aspect of the present invention, a method for generating
enhanced-resolution data comprises: (1) receiving a first datum representing a first value of at least one
variable, the at least one variable having the first value in a first location in at least one dimension; (2)

receiving a second datum representing a second value of the at least one variable, the at least one variable
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having the second value in a second location in the at least one dimension; and (3) using a polynomial
model to process the first and second data, thereby generating at least a third datum, the polynomial
model having: (a) a first polynomial coefficient controlling application of the polynomial model to the
first datum, and (b) a second polynomial coefficient controlling application of the polynomial model to
the second datum, wherein at least one of the first and second polynomial coefficients is determined using
a learning procedure.

[0015] In accordance with a further aspect of the present invention, a method for measuring
comprises: (1) performing a first measurement set comprising at least one measurement of a first signal
set, the first signal set comprising at least one signal from a first region in at least one dimension, the first
measurement set having first and second sensitivity characteristics with respect to the first signal set, the
first sensitivity characteristic having a first characteristic type, and the second sensitivity characteristic
having a second characteristic type; (2) performing a second measurement set comprising at least one
measurement of a second signal set, the second signal set comprising at least one signal from a second
region in the at least one dimension, the second measurement set having the first sensitivity characteristic
with respect to the second signal set, the second measurement set further having a third sensitivity
characteristic with respect to the second signal set, and the third sensitivity characteristic having the
second characteristic type; and (3) performing a third measurement set comprising at least one
measurement of a third signal set, the third signal set comprising at least one signal from a third region in
the at least one dimension, the third measurement set having a fourth sensitivity characteristic with respect
to the third signal set, the fourth sensitivity characteristic having the first characteristic type.

[0016] In accordance with yet another aspect of the present invention, a method for measuring

comprises: (1) performing a first measurement set comprising at least one measurement of a first signal



WO 02/05208 PCT/US01/21311

set, the first signal set comprising at least one signal from a first region in at least one dimension, the first
measurement set having first, second, and third sensitivity characteristics with respect to the first signal
set, the first sensitivity characteristic having a first characteristic type, the second sensitivity characteristic
having a second characteristic type, and the third sensitivity characteristic having a third characteristic
type; and (2) performing z{ second measurement set comprising at least one measurement of a second
signal set, the second signal set comprising at least one signal from a second region in the at least one
dimension, the second measurement set having the first sensitivity characteristic with respect to the
second signal set, the second measurement set further having fourth and fifth sensitivity characteristic
“with respect to the second signal set, the fourth sensitivity characteristic having the second characteristic

type, and the fifth sensitivity characteristic having the third characteristic type.

BRIEF DESCRIPTION OF THE DRAWINGS

[0017] Further objects, features, and advantages of the present invention will become apparent
from the following detailed description taken in conjunction with the accompanying figures showing
illustrative embodiments of the invention, in which:

[0018] Fig. 1 is a block diagram illustrating an exemplary procedure for enhancing data resolution
in accordance with the present invention;

[0019] Fig. 2 is a diagram illustrating an exemplary detector sensitivity pattern in accordance with
the present invention;

[0020] Fig. 3 is a block diagram illustrating an exemplary procedure for enhancing data resolution
in accordance with the present invention;

[0021] Fig. 4 is a flow diagram illustrating an additional exemplary procedure for enhancing data

resolution in accordance with the present invention;
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[0022] Fig. 5 is a flow diagram illustrating a further exemplary procedure for enhancing data
resolution in accordance with the present invention;

[0023] Fig. 6A is a diagram illustrating the use of an exemplary detector sensitivity pattern in
accordance with the present invention;

[0024] Fig. 6B is a diagram illustrating the use of an additional exemplary detector sensitivity
pattern in accordance with the present invention;

[0025] Fig. 6C is a diagram illustrating an exemplary detector sensitivity pattern in accordance
with the present invention;

[0026] Fig. 6D is a diagram illustrating a further exemplary detector sensitivity pattern in
accordance with the present invention;

[0027] Fig. 6E is a diagram illustrating the use of another exemplary detector sensitivity pattern in
accordance with the present invention;

[0028] Fig. 6F is a diagram illustrating the use of an additional exemplary detector sensitivity
pattern in accordance with the present invention;

[0029] Fig. 7 is a diagram illustrating still another exemplary detector sensitivity pattern in
accordance with the present invention;

[0030] Fig. 8A is a diagram illustrating the processing of an input data set to obtain a higher
resolution data set in accordance with the present invention;

[0031] Fig. 8B is a diagram illustrating the processing of an additional input data set to obtain a
higher resolution data set in accordance with the present invention;

[0032] Fig. 9 is a flow diagram illustrating an exemplary procedure for enhancing data resolution

in accordance with the present invention;
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[0033] Fig. 10 is a diagram illustrating an exemplary detector sensitivity pattern in accordance
with the present invention;

[0034] Fig. 11 is a diagram illustrating an additional exemplary detector sensitivity pattern in
accordance with the present invention;

[0035] Fig. 12 is a diagram illustrating a further exemplary detector sensitivity patterns in
accordance with the present invention;

[0036] Fig. 13 is a block diagram illustrating the processing of data by an exemplary polynomial
mapping function in accordance with the present invention;

[0037] Fig. 14 is a matrix diagram illustrating an exemplary procedure for enhancing data
resolution in accordance with the present invention;

[0038] Fig. 15 is a flow diagram illustrating an additional exemplary procedure for enhancing data
resolution in accordance with the present invention;

[0039] Fig. 16 is a flow diagram illustrating yet another exemplary procedure for enhancing data
resolution in accordance with the present invention;

[0040] Fig. 17 is a diagram illustrating an exemplary detector sensitivity pattern in accordance
with the present invention;

[0041] Fig. 18A is a diagram illustrating an exemplary manner of using a detector sensitivity
pattern in accordance with the present invention;

[0042] Fig. 18B is a diagram illustrating an additional exemplary manner of using a detector
sensitivity pattern in accordance with the present invention;

[0043] Fig. 18C is a diagram illustrating yet another exemplary manner of using a detector

sensitivity pattern in accordance with the present invention;
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[0044] Fig. 19 is a block diagram illustrating the processing of input data using an exemplary
polynomial mapping function in accordance with the present invention;

[0045] Fig. 20 is a block diagram illustrating an exemplary procedure for enhancing data
resolution in accordance with the present invention;

[0046] Fig. 21 is a flow diagram of an additional exemplary procedure for enhancing data
resolution in accordance with the present invention;

[0047] Fig. 22 is a diagram illustrating an exemplary detector sensitivity pattern in accordance
with the present invention;

[0048] Fig. 23 is a block diagram illustrating the processing of input data using an exemplary
polynomial mapping function in accordance with the present invention;

[0049] Fig. 24 is a flow diagram illustrating yet another exemplary procedure for enhancing data
resolution in accordance with the present invention;

[0050] Fig. 25 is a flow diagram illustrating still another exemplary procedure for enhancing data
resolution in accordance with the present invention;

[0051] Fig. 26 is a diagram illustrating an additional exemplary detector sensitivity pattern in

accordance with the present invention;

[0052] Fig. 27 is a diagram illustrating the reconstruction of data in accordance with the present
invention;
[0053] Fig. 28 is a diagram illustrating of an additional exemplary detector sensitivity pattern in

accordance with the present invention;
[0054] Fig. 29 is a diagram illustrating yet another exemplary sensitivity pattern in accordance

with the present invention;

10
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[0055] Fig. 30 is a diagram illustrating still another exemplary detector sensitivity pattern in
accordance with the present invention;

[0056] Fig. 31 is a diagram illustrating an additional exemplary detector sensitivity pattern in
accordance with the present invention;

[0057] Fig. 32 is a block diagram illustrating a computer system for performing data resolution
enhancement procedures in accordance with the present invention;

[0058] Fig. 33 is a block diagram of a processor for use in the computer system of Fig. 32;

[0059] Fig. 34 is a graph illustrating the level of performance of an exemplary procedure for
enhancing data resolution in accordance with the present invention;

[0060] Fig. 35 is a graph illustrating the level of performance of another exemplary procedure for
enhancing data resolution in accordance with the present invention; and

[0061] Fig. 36 is a graph illustrating the performance of an additional exemplary procedure for
enhancing data resolution in accordance with the invention.

[0062] Throughout the figures, unless otherwise stated, the same reference numerals and
characters are used to denote like featufes, elements, components, or portions of the illustrated
embodiments. Moreover, while the subject invention will now be described in detail with reference to the
figures, and in connection with the illustrated embodiments, changes and modifications can be made to
the described embodiments without departing from the true scope and spirit of the subject invention as

defined by the appended claims.
DETAILED DESCRIPTION OF THE INVENTION

[0063] . Many images are representations of real or imaginary physical scenes. Image data often

comprises a set of pixel data in which each pixel datum represents an attribute — e.g., brightness and/or

11
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color — of a particular region or point within a scene. However, in addition to brightness and color,
pixel data can include values of depth, light polarization, temperature, or any other physical attribute of
the scene. Furthermore, although an image is often a representation of a physical attribute (e.g.,
brightness) of the scene as a function of spatial dimensions (e.g., vertical position, horizontal position,
and/or depth position — e.g., distance from the camera or the observer), the attribute can also be
represented as a function of other dimensions such as time. Typically, the available image data has
limited resolution due to a limited number of pixels and/or limited dynamic range of each pixel (e.g.,
limited number of bits per pixel). Therefore, the accuracy with which image data represents the physical
scene is limited. It would be desirable to process incoming image data to thereby generate higher-
resolution data which more accurately and/or more precisely represents the scene.

[0064] Such data resolution enhancement would generate each higher resolution datum as a
function of one or more of the incoming data. In particular, the data in one region of the incoming image
would be used to generate higher resolution data in a corresponding region of the processed image.
However, a higher resolution data set generally contains more information than a corresponding, lower
resolution data set. For example, an image with more pixels contains more information than an image
with fewer pixels if all of the pixels have the same dynamic range. In addition, a set of a particular
number of high dynamic range pixels contains more information than a set of an equal number of lower
dynamic range pixels. Therefore, if no extrinsic information is available — i.e., if there is no information
available other than the incoming data itself — it may be impossible to reconstruct a higher-quality image
from lower-quality data.

[0065] On the other hand, as discussed above, for many images, there is additional extrinsic

information available; this information includes knowledge regarding shapes and patterns which are
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typically present, and expected to occur, in most images. In accordance with the present invention, such
extrinsic information is incorporated into the parameters of a map between an incoming data set and a
processed data set. The map — a/k/a the “model” —comprises a set of functions which are applied to the
incoming data in order to generate the higher-resolution, processed data. The incorporation of the
aforementioned extrinsic information is performed using a “learning” procedure (a/k/a a “training”
procedure) which employs one or more representative sample images — or image portions — to optimize
the parameters of the model. Once the model parameters are optimized, the resulting map can then be
used to generate higher resolution data from lower resolution incoming data, because the optimized map
provides an improved estimate of the likely “correct” value of the data (i.e., the image attribute) at each
location of the image. In fact, the optimized map makes it possible to calculate an enhanced-quality

estimate of the data (e.g., the image attribute value) in a location between the locations of the raw data,

thereby enabling enhancement of the spatial or temporal resolution of the image or image sequence. In
other words, the number of pixels or image frames can be increased by the addition of extra pixels or
frames. In accordance with the present invention, the extra data need not be simply interpolated values
based on neighboring pixels or frames, but can instead constitute intelligent predictions based upon
learned knowledge regarding the features of typical images or other data. It is to be noted that although
the technique of the present invention is especially beneficial for improving the quality of image-related
data, the discussion herein is not meant to imply any limit to the types of data for which the technique can
be used. For example, the technique of the present invention can be applied to: (a) 1-dimensional data
such as a time sequence of values of financial instruments or other values; (b) 2-dimensional data such as
flat image data; (c) 3-dimensional data such as image data which includes depth information, or video

data comprising a time sequence of 2-dimensional image data; (d) 4-dimensional data such as 3-

13



WO 02/05208 PCT/US01/21311

dimensional video data comprising a time sequence of image data which includes depth information; or
() other types of data in any number of dimensions.

[0066] Fig. 1 illustrates an example of the processing of a set of data to generate enhanced-
resolution data in accordance with the present invention. In the illustrated example, a first set 102 of data,
which can be, for example, a raw image, is received from a detector array 104. The first data set 102
includes first and second data 122 and 124 which can be, for example, pixels of a raw image. The first
datum 122 represents a first value of at least one variable such as, for example, the brightness of a first
portion 640 of a scene being imaged. In particular, if a first location 640 on the surface of a physical
object 126 within the scene has a particular brightness, the first datum 122 represents that brightness.
Similarly, the second datum 124 can represent the brightness of a second location.642 on the surface of a
physical object 126 within the scene. A model 106 is used to process the first data set 102, thereby
generating a second data set 108. Preferably, the model 106 includes a first model parameter 116 which
controls the application of the model 106 to the first datum 122, and a second model parameter 118 which
controls the application of the model 106 to the second datum 124. The second set of data 108 includes a
third datum 120 which has been generated by application of the model 106 to the first and second data
122 and 124.

[0067] In a preferred embodiment of the present invention, the map 106 comprises a set of
polynomial functions of the data in the first data set 102. The first and second data 122 and 124 can be
processed according to the algorithm illustrated in Fig. 4. In the illustrated algorithm, the first datum is
received (step 402). The second datum is also received (step 404). The model 106 is used to process the
first and second data (step 406), thereby generating the third datum 120 (step 414). If a polynomial model

is used, step 406 preferably comprises applying a first polynomial coefficient to the first datum 122 (step
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408), applying a second polynomial coefficient to the second datum 124 (step 410), and adding the result
of steps 408 and 410 (step 412). Application of a polynomial coefficient to a datum typically comprises
multiplying the coefficient by a mathematical power of the datum.

[0068] Preferably, the model 106 comprises a set of local mapping functions which receive pixel
measurements from a small neighborhood within a captured image, and transform the pixel measurements
to a desired output image value (or values). The mapping functions are “learned” by comparing samples
of high quality data (e.g., high resolution image data) to samples of low quality data which have been
computed from the high quality data. For example, if the goal is to learn a structural model that processes
a brightness image having low spatial resolution, thereby generating a brightness image having high
spatial resolution, the high resolution image can be intentionally degraded (blurred and down-sampled) to
generate the corresponding low resolution image. As another example, if the model is to be optimized to
compute a high dynamic range image (e.g., an image having 12 bits per pixel) from a sequence of low
dynamic range images (e.g., images having 8 bits per pixel) corresponding to various different exposure
levels, the high dynamic range image can be scaled, truncated, and re-quantized to thereby generate a set
of test images having low dynamic range. In other words, a “downgrade” processing step is used to
degrade the high quality image in order to synthesize low quality simulations of measured data for use in
the training procedure. The relationship between exemplary high and low quality images is illustrated in
Figs. 8A and 8B. Inthe example of Fig. 8A, the low quality data set 802 is a low resolution version of the
high quality data 804. Hence, for the same region in the two images, there are more samples in the high
quality image than in the measured image. In the example of Fig. 8B, the high quality data set 808
includes a temporal dimension (i.e., time), and has higher spatial and/or temporal resolution than the low

quality data set 806.
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[0069] It is to be noted that the high quality images used in the learning stage can be images of
real scenes, synthetic images generated using a variety of rendering techniques, or some combination of
real and synthetic image data. Images of real scenes can be acquired using high quality (e.g., professional
grade) imaging systems, and if the high quality images are degraded using a model which simulates the
features and shortcomings of a low quality imaging system, the resolution enhancement techniques of the
present invention can enable lower quality imaging systems to emulate the performance of high quality
systems. The structural models used by the algorithm are preferably as general as possible, and
accordingly, the images chosen for the training procedure should adequately represent the full range of the
types of scenes and features that one would expect to encounter in the real world. For example, images of
urban settings, landscapes and indoor spaces are preferably included. In addition, the selected images
preferably represent the full range of illumination conditions encountered in practice, including indoor
lighting, overcast outdoor conditions, and sunny outdoor conditioﬁs. In addition, it is usually beneficial to
include images of the same scene taken under various different magnification settings and rotations, in
order to enable the structural model optimization process to capture the effects of scaling and orientation.
Synthetic images can be particularly useful, because one can easily include within them specific features
that may be relevant to a particular application. For example, in generating synthetic images, it is
relatively easy to render edges, lines, curves, and/or more complex features at various orientations and
scales. In addition, specific types of surface textures can readily be synthesized in computer-generated
images.

[0070] Once the high quality images and their corresponding low quality images have been
obtained, it is desirable to estimate one or more structural mapping models. An exemplary procedure for

performing the estimate is illustrated in Fig. 9. The structural model 902 of the illustrated example is a
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general function that relates input data M(x, y) (e.g., real measured data or simulated data) to a set of
desired output values H(i, ). The relationship between the input and output data can be expressed as
follows:

H(i,j) = f(M(1,7),...., M(x,y),... M(X)Y)), )]
where X and ¥ define a neighborhood of the input measured data M (x,y) which preferably surrounds, or
is near, the corresponding neighborhood of the high quality value H(i, ). Estimation of a structural model
essentially constitutes the estimation of the parameters of the function fin Eq. (1).
[0071] It is to be noted that the function f'in this example has been defined in general terms. The
function f'can be linear or non-linear. Its parameters can optionally be estimated using any of a number of
different regression techniques. The regression methods can be linear or non-linear, and can include
techniques such as elimination of outlying points during fitting, as is commonly used in the art of robust
statistics. Furthermore, the function f can comprise a combination of basis functions in which the
function coefficients are the parameters of the model to be estimated.
[0072] In addition, the model 106 can comprise a network 306, as illustrated in Fig. 3. In the
example illustrated in Fig. 3, the first data set 102 is received into a network 306 which includes a
plurality of nodes 302 connected by various links 304. The network 306 can comprise, for example, a
Markov network, a Bayesian network, and/or a neural network — all of which are well-known. The
network 306 processes the first set of data 102, thereby generating the second set of data 108 which has
improved resolution. If the function is to be implemented as a Bayesian or neural network, its parameters
can be estimated using a variety of well-known methods such as the back-propagation algorithm.
Furthermore, the model can optionally comprise a hidden Markov model. In a preferred embodiment, the

desired high quality value is modeled as a polynomial function of the input data. Regardless of the form
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of the model, the algorithm of the present invention seeks to determine and optimize a set C of
coefficients or other model parameters. As discussed above, high quality training images (real, synthetic,
or both) are used to compute these coefficients (step 904). Note that each high quality training image
typically provides a large amount of data useful for finding the coefficients, because the neighborhoods
(of size (X, ¥)) used in the procedure are generally small; a typical example would be a 5 x 5 window of
low quality pixels surrounding the location of the high quality pixel whose value is ultimately to be
computed.

[0073] Once the structural model 902 has been computed in the above-described manner,
reconstruction of the data can be performed. The reconstruction process involves applying the model to
low quality data, as illustrated in Fig. 9. The low quality data can come from a physical measurement
device or can be “synthetic” low quality data generated from, and used in place of, the high quality data,
for purposes of efficient storage and/or transmission. Furthermore, the low quality data can be

synthesized from high quality data, by using a model (item 906 in Fig. 9) of a relatively low quality

sensor.
[0074] Each output image value is obtained from the reconstruction process:

HG, /)= fM@A,1),....M(x, ),...M(X.Y). (2)
[0075] For many applications it is beneficial to measure incoming image signals using a locally

inhomogeneous measurement pattern — i.e., a pattern in which one sensor has sensitivity characteristics
which differ significantly from the characteristics of adjacent or nearby sensors. Such a pattern — which
can also be referred to as a “mosaic” — is to be distinguished from effects such’ as “vignetting,” in which
the sensitivity of a detector array tends to gradually diminish from the center to the edges. Vignetting

effects occur on a scale comparable to the size of the entire array.
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[0076] Due to the limited dynamic range of most light intensity sensors, and the high dynamic
range of the human eye, it can be desirable to utilize a pattern of sensors having different sensitivities to
the intensity (i.e., brightness) of incoming light. Such a pattern makes it possible to accurately measure
the brightness of both well-lit and poorly-lit portions of the scene. An example of such a locally
inhomogeneous measurement pattern is illustrated in Fig. 1. The pattern 110 includes a first region 114
having a high sensitivity to the intensity of incoming light, and a second region 112 which has a reduced
sensitivity to intensity of incoming light. The locally inhomogeneous measurement pattern 110 can be
repeated numerous times to form a larger, locally inhomogeneous measurement pattern for use in a
detector array 104. The resulting image can be referred to as a “spatially varying exposure” (SVE) image.
In the example illustrated in Fig. 1, light coming from a first portion 640 of an object 126 in the scene is
received by the first portion 114 of the measurement pattern 110. Light coming from a second location
642 on the surface of the object 126 is received by the second portion 112 of the measurement pattern for
use in a detector array 110. Preferably, the first model parameter 116 of the model 106 corresponds, and
is matched and optimized, to the sensitivity characteristic (i.e., high sensitivity) of the first portion 114 of
the measurement pattern 110, and the second model parameter 118 corresponds, and is matched and
optimized, to the sensitivity characteristic (i.e., reduced sensitivity) of the second region 112 of the
measurement pattern 110. Just as the locally inhomogeneous measurement pattern 110 can be repeated to
form a larger pattern for the detector array 104, the first and second model parameters 116 and 118 are
preferably reused for each copy of the first and second portions 114 and 112 of the measurement pattern
110. Such a configuration is beneficial because raw data sampled using a sensor having a first sensor
characteristic is likely to have a relationship to the scene which is different from that of raw data sampled

using a sensor having a different sensitivity characteristic. Therefore, when determining and optimizing
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the parameters 116 and 118 of the map 106, each sensitivity characteristic is preferably assigned its own
map parameter.

[0077] Fig. 17 illustrates an additional spacially inhomogeneous brightness sensitivity (i.e., SVE)
pattern. The pixels illustrated as lighter in the drawing have greater sensitivity to incoming light intensity,
and the darker pixels have lower sensitivity. In the illustrated example, four neighboring pixels 1711,
1712, 1713, and 1714 have different sensitivities (e; < e, < e3 < e4). These four pixels 1711, 1712, 1713,
and 1714 form a 2 x 2 neighborhood 1705 which is repeated to cover the detector array. An SVE image
based on a four-value sensitivity pattern has four different types of local neighborhood intensity
sensitivity patterns 1722, 1724, 1726, and 1728 which correspond to the distinct cyclic shifts of the 2 x 2
neighborhood 1705.

[0078] An SVE pattern is beneficial, because even when a pixel is saturated, the pixel is likely to
have at least one neighbor which is not saturated. In addition, even when a pixel in an SVE pattern
registers very low or zero brightness, or has a low signal-to-noise ratio, the pixel is likely to have at least
one neighbor which registers measurable brightness and/or has an acceptable signal-to-noise ratio. As a
result, an SVE pattern enables computation of a high dynamic range image of the scene.

[0079] It is further to be noted that SVE techniques are by no means restricted to the mosaic
illustrated in Fig. 17. The number of brightness sensitivity values — and accordingly, the number of
different local pattern types — can be varied, and the pattern need not be periodic. There may be cases in
which a randomly arranged exposure mosaic would be useful. In addition, an SVE mosaic can be
implemented in many ways. One approach is to cover the detector array with a mask comprising cells
having different optical transparencies. Alternatively, or in addition, the sensitivity pattern (i.e., the

mosaic) can be etched directly onto the detector, particularly if the detector is solid state device such as a
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CCD array. Furthermore, the sensitivity of the pixels can be preset by additional techniques such as: (1)
covering each pixel with a differently configured microlens, (2) using a variety of different integration
times for different pixels, and/or (3) covering each pixel with a different aperture. All of the
aforementioned implementations can be used to provide a detector array with a spatially varying
brightness sensitivity pattern.

[0080] It can be particularly convenient to use an optical mask having a mosaic of cells with
different transparencies, because such an approach can be implemented by making very simple
modifications to virtually any imaging system. Figs. 18A-18C illustrate several ways to incorporate an
optical mask into an imaging system. In Fig. 18A, the mask 1802 is placed adjacent to the plane of the
detector 1804. The mask 1802 can also be placed outside the imaging lens 1806, which is usually
preferable for systems in which access to the detector plane 1804 is difficult. In the example illustrated in
Fig. 18B, a primary lens 1810 is used to focus the scene 1808 onto the plane of the mask 1802. The light
rays that emerge from the mask 1802 are received by the imaging lens 1806 and focused onto the plane of
the detector 1804. A diffuser 1812 can be used to reduce or eliminate the directionality of rays arriving at
the mask 1802, in which case the imaging lens 1806 is preferably focused at the plane of the diffuser
1812. Fig. 18C illustrates an arrangement by which a mask 1802 can be easily incorporated into a
conventional photographic camera. In the example illustrated in Fig. 18C, the mask 1802 is fixed
adjacent to the plane along which the film 1814 advances. It is to be noted that the SVE technique is by
no means restricted to visible light. In fact, the dynamic range of any electromagnetic radiation imager or

any other radiation imager can be enhanced using the SVE method.
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[0081}] In accordance with the present invention, a low dynamic range SVE image can be mapped
to a high dynamic range image using local polynomial mapping functions. The SVE algorithm seeks to
develop structural models to exploit spatio-exposure dimensions of image irradiance.
[0082] Let the measured data (e.g., data captured using an SVE sensor) be represented by M. A
high dynamic range image H can be reconstructed from M using a set of structural models (i.e., mapping
functions), one for each of the four types of local neighborhood patterns p. Let M, denote a
neighborhood of M which has a particular local pattern p. The desired high dynamic range value at the
neighborhood center can be estimated as follows:
Np Np—n

H,(i+05j+05) = > > D C(xYykLn) M, (xy) M, (k), 3)

(xy)eSp ()  (k=xt=y)eSp(ij) n=0  q=0
where Sp(3, /) is the neighborhood of pixel (i, j), as illustrated in Fig. 19. M,," (x,y) M,,¥(k,]) represents the
product of :(1) the »™ power of the raw value at point (x,y) within the neighborhood M;, and (2) the q"
power of the raw value at point (£,/) within the neighborhood Mj. A, is the order of the polynomial
mapping. C, represents the polynomial coefficients of the local pattern p. Typically, information from
pixels which are displaced, in the vertical direction, from pixel (i, f) is expected to be no more or less
important than information from pixels which are displaced in the horizontal direction. Accordingly, it is
generally preferable to use neighborhoods which are as wide as they are long — e.g., square
neighborhoods. Furthermore, every intensity sensitivity characteristic (e.g., every exposure level) should
preferably occur the same number of times in each neighborhood. For any even number of exposures, a
neighborhood having even (rather than odd) length and width satisfies this condition For example, the

neighborhood Sp(i, /) illustrated in Fig. 19 is a square neighborhood having even length and width. The

high dynamic range value is computed at the off-grid neighborhood center (i + 0.5, j + 0.5).
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[0083] The product M,, (x, ») M, (k, ) explicitly signifies the correlation between two pixels of the
neighborhood. However, in many cases, using the product terms — i.e., explicitly computing and
including the correlation terms — does not greatly add to the accuracy and efficiency of the technique,
because scene radiances which are nearby (in spatial position or other dimensions) tend to be naturally
correlated. A preferred mapping function — which is much simpler and is therefore less computationally

intensive — is given by:

Np
H,(i+05,j+05)= > C,(xy, n) M,"(x,y). )
(x,y)eSp(i,j) n=0
[0084] It should be noted that, although Fig. 19 illustrates a square, 4 x 4 neighborhood, the

method can be applied to neighborhoods having any size and shape, and can be used to compute the value
of a pixel positioned in either an off-grid location or an on-grid location.
[0085] For each local pattern p, Eq. (4) can be'expressed in terms of matrices, as illustrated in Fig.
14:

B =A C, )
where each row of the matrix A, contains powers of the pixel values of a neighborhood M which has a
local pattern type p. Each row of A, contains pixel value powers up to polynomial order N,. Cyisa
column vector containing the polynomial coefficients corresponding to each of the pixels in the
neighborhood having local pattern p. B, is a column vector containing the desired off-center
neighborhood center values Hj, for each p.
[0086] The mapping functions corresponding to the different local exposure patterns are estimated
using a weighted least squares technique. One example of such a technique is to solve the weighted

normal equation:
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A W!A,C, =ATW!B , (©)
where W), is a diagonal matrix that weights each of the neighborhood linear equations. In least squares
terminology, Ay W» A can be referred to as the “weighted normal matrix,” and ATW; B, canbe
referred to as the “weighted regression vector.”
[0087] The number of coefficients in the polynomial mapping function can be calculated as
follows. Let u x v represent the neighborhood size, and let N, represent the polynomial order

corresponding to the local exposure pattern p. Let P represent the number of distinct local patterns in the

SVE image. The number |C| of coefficients is then given by the following equation:

P
IC|=P+uv).N,. )
p=1
[0088] For example, when P = 4 (e.g., for SVE detectors with 4 different pixel exposures), N, =2

forp=1... P,and u =v =6 (i.e., a square neighborhood having even length and even width), the number
of coefficients is 292.

[0089] An algorithm in accordance with the present invention can be used to learn (i.e., optimize)
the local polynomial mapping function by processing several different images captured using high
dynamic range sensors. Then, using the optimized mapping function, high dynamic range images can be
reconstructed from other images captured by SVE sensors. In the training stage, a training algorithm
estimates the coefficients of the local polynomial mapping function for each type of neighborhood pattern
(e.g., patterns 1701-1704 in Fig. 17), using high dynamic range images.

[0090] Fig. 20 is a flow chart of an exemplary training stage in accordance with the present
invention. In the example illustrated in Fig. 20, the training is performed using 12-bit images 2024

captured by a film camera and scanned by a slide scanner. The intensities of the images are scaled to
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'simulate a change in overall exposure of the sensor (step 2002). A response function 2004 matching that
of an SVE detector is applied to the training images. Then, the scaled images are translationally shifted
(i.e., shifted in position) in order to train the algorithm (i.e., optimize the model parameters) for each type
of exposure pattern with each type of image neighborhood (step 2006). Next, an SVE mask 2008 is
applied to the training image 2026 to thereby generate a 12-bit SVE image 2012 (step 2010). Then (in
step 2014), 12-bit SVE image 2012 is downgraded (i.e., degraded) by clipping the data at a maximum
intensity level of 255 and then by mapping or re-quantizing the data to thereby generate an 8-bit image M
(item 2028 in Fig. 20). The above-described downgrading procedure simulates an SVE sensor having low
dynamic range. From image M, the set of neighborhoods A, is extracted for each pattern p, as illustrated
in Fig. 14. Similarly, the column vector By is extracted from the training image H. In order to avoid
asymmetries in the numbers of different intensity sensitivities (e.g., ei, €2, e3, and e4 in Fig. 17), it is
preferable to use square neighborhoods having even (rather than odd) length and width. The center of a
neighborhood having even length and/or width is at an off-grid location, as illustrated in Fig. 19. In order
to compensate for the resulting half-pixel offset, the training images are themselves offset by a half-pixel.
If the original sampling of the high quality images did not adhere to Nyquist’s criteria for signal
reconstruction, the offset can introduce further blurring into the images, thereby resulting in coefficients
which are optimized for blurry or smooth images and scenes. If optimization for sharper images and
scenes is desired, the initial high resolution images should preferably represent sharp scenes with sharp
features, and should be sampled in conformance with Nyquist’s criteria. However, it is to be noted that
enhancement of sharp images typically requires a more accurate model than enhancement of smooth
and/or blurry images. Furthermore, even sharp images tend to include significant amounts of smooth

area. Therefore, if at the time of training, there is no way to know the level of sharpness of the images
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which will later be enhanced by the algorithm, it is preferable to use sharp images for training, because
the accuracy of the model will be most important for enhancing sharper images, and in any case, the sharp
training images are likely to include enough smooth area to also enable enhancement of smooth and/or
blurry images.

[0091] Every neighborhood belonging to any local pattern type in the SVE data is normalized.
The normalization is accomplished by first subtracting, from each datum of each p-type neighborhood,
the average energy 1, of all the neighborhoods Ay that are of the p type, and then dividing the data by the
energy of Ap(7). Mathematically, the normalization step can be expressed as follows:

A D-p,

@®)

where the energy of Ay(i) (i.e., the denominator) is the magnitude a selected portion of the i row vector
of the matrix Ap shown in Fig. 14. This selected portion of the i" row vector is the portion containing the

first powers of the neighborhood pixel values. The training data By, is similarly normalized:

o By(i)—p
Bpnorm (I) = _P—& (9)
[4,0]
[0092] After normalization (step 2016), a weighted least squares procedure (step 2018) is used to

compute the weighted normal matrix A7 = W»A

pnorm

and the right hand side regression vector

pnorm

T 2
Ao W, B

In the least squares procedure 2018, for every training image, the normal matrix and

pnorm °
the regression vector are each additively accumulated (step 2020). The least squares results are then

computed (step 2022). Once all of the high dynamic range images have been used for training, including
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training with multiple exposures and multiple translational shifts, the coefficients C, (item 2032 in Fig.
20) of the polynomial mapping function are computed for each type of neighborhood pattern p, using Eq.
(6) (step 2030).

[0093] In the reconstruction stage, an example of which is illustrated in Fig. 21, a reconstruction
algorithm applies the polynomial coefficients 2032 — which were computed in the training stage — to SVE
images 2102 captured using a low dynamic range 8-bit SVE sensor. Similarly to the training algorithm,
the reconstruction algorithm normalizes each of the neighborhoods A, which corresponds to each local
pattern p (step 2104). The coefficients C, (item 2032) are then applied to each of the normalized
neighborhood patterns to thereby obtain Bpnorm = ApnormCp (step 2106). Next, Bppom is inverse-normalized
(i.e., unnormalized) to obtain By, (step 2108). Because the SVE technique uses non-uniform quantization
of the scene intensity, the algorithm preferably non-uniformly quantizes the inverse normalized data,
according to the number of discrete exposures used in the SVE detector mask (step 2110), to thereby
obtain a reconstructed high dynamic range image 2112.

[0094] An SVE method in accordance with the present invention has been tested using five high
dynamic range (12-bit) training images representing a wide variety of natural scenes. In order to “train”
(i.e., optimize) the mapping coefficients, each of the training images was downgraded (i.e., degraded) to
obtain 8-bit SVE images, as illustrated in the flow chart of Fig. 20. In order to create the SVE images,
each training image was captured using 4 different exposures (e; = 4e; = 16e3 = 64¢,), and then combined
according to the SVE mask 1706 illustrated in Fig. 17. The coefficients of a local polynomial mapping
function of order 3 was computed using a weighted least squares technique. For reconstruction, six 12-bit
SVE test images — which were different from the images used in training — were downgraded to generate

8-bit SVE images. The resulting coefficients were applied to the downgraded, 8-bit SVE images
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according to the flow chart illustrated in Fig. 21. Fig. 36 is a histogram graph comparing the results of the
above described procedure to a bi-cubic interpolated procedure. Comparison of the two histograms
reveals that the method of the present invention yields more low-error pixels and fewer high-error pixels.
[0095] In the foregoing example, the locally inhomogeneous sensitivity characteristics were of a
particular type — specifically, a type of dependence of sensor output with respect to light intensity.
However, in accordance with the present invention, other sensitivity characteristic types can be used to
form a locally inhomogeneous measurement pattern. For example, the sensitivity characteristics can have
a type of dependence of measurement sensitivity with respect to signal wavelength (e.g., color).
Furthermore, the characteristic type can be a type of dependence of measurement sensitivity with respect
to incoming light polarization.

[0096] It should be noted that in some cases, a structural model may not yield optimal results if it
uses the same coefficients regardless of which pixel is being enhanced. This is particularly likely when
multiple attributes of the scene are sampled simultaneously. Such an example is illustrated in Figure 2.
Examination of the illustrated measurement pattern reveals that different pixels on the grid can have
different local sampling patterns. For example, with reference to Figure 2, suppose that an algorithm in
accordance with the present invention is being used to obtain high quality R, G, and B values in the
neighborhoods of a first pixel 202 and a second, neighboring pixel 204. The local pattern of exposures
and spectral filters around the first pixel 202 is likely to be different from the patterns around the
neighboring pixel 204. Therefore, inaccurate results may be produced if a single, uniform structural
mode] — i.e., a model which ignores the sensitivity pattern of the surrounding neighborhood pixels — is
used to predict the brightness of the image at every pixel in every one of the three illustrated color

channels, unless the model has a large number of model coefficients. In order to obtain a model which is

28



WO 02/05208 PCT/US01/21311

both “compact” (i.e., having a small number of coefficients) and effective, it is preferable not to use a
single set of coefficients to accommodate data captured using a variety of local sampling patterns. Better
results can be achieved by using a different set of model coefficients for each type of local sampling
pattern. Because image values are typically sampled using a single repeated pattern, there is typically a
small number of resulting sampling patterns. Accordingly, only a small number of structural models (or
model components) is usually needed. Given a particular pixel of interest, the appropriate structural
model is applied to the particular sampling pattern which occurs in the local neighborhood of that
particular pixel.

[0097] Most digital color sensors use a single detector array to capture images. Each of the
detectors in the array corresponds to an image pixel which measures the intensity of incoming light within
a particular wavelength range — for example, red, green or blue. In other words, color filters are spatially
interleaved on the detector array. Such a color mosaic can be referred to as a spatially varying color
(SVC) mosaic. Various patterns of color filters can be overlaid on sensor arrays. An algorithm in
accordance with the present invention can generate high quality color images using trained local
polynomial mapping functions. It is to be noted that although the color mosaic methods of the present
invention are described herein primarily with respect to single-chip, color CCD cameras, the methods of
the invention are in no way restricted to any particular color sensor.

[0098] The color filters on the detector array of a single-chip CCD camera can be arranged in a
variety of ways. A region around each pixel can be referred to as a “neighborhood.” Every neighborhood
contains a spatially varying pattern of colors which can be referred to as a “local pattern.” A whole-image
mosaic is created by replicating local patterns over the entire detector array. In some cases, the local

patterns can be arranged in an overlapping manner.
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[0099] The above concepts can be illustrated with reference to two simple mosaics which are
widely used in the digital camera industry. The first type, illustrated in Fig. 10, is commonly referred to
as the Column-Mosaic. This type of mosaic is a uniform, column-by-column interleaving of the red,
green, and blue channels — labeled in Fig. 10 as R, G, and B. In order to form the mosaic, a 1 x 3 pattern
1004 of R, G, and B sensitivities is repeated over the entire pixel array. In the exemplary mosaic
illustrated in Fig. 10, the relative spatial resolution of each of the R, G, and B channels is 33%. Now
consider the neighborhoods 1001, 1002, and 1003 in Fig. 10. Any other neighborhood of similar size and
shape must correspond to one of the local patterns 1001, 1002, or 1003, because these are the only local, 3
x 3 neighborhood patterns which are possible for the exemplary column-mosaic illustrated in Fig. 10. In
general, a 3-color column-mosaic CCD has only 3 distinct local neighborhood patterns, regardless of the
shapes and sizes of the neighborhoods.

[00100] A more popular type of mosaic, commonly referred to as the Bayer-mosaic, takes into
account the sensitivity of the human visual system to different colors. It is well known that the human
eye is more sensitive to green light than it is to red or blue light. Accordingly, the Bayer-mosaic sets the
relative spatial resolution of green pixels to 50%, and that of red and blue pixels to 2;%, thereby
producing an image which appears less grainy to the human eye. An example of such a mosaic is
illustrated in Fig. 11. The illustrated mosaic comprises a 2 x 2 pattern 1105 which is repeated over the
entire image. The different types of local patterns in various neighborhoods correspond to the distinct
cyclic shifts of the rows and columns of the 2 x 2 pattern, as illustrated in Fig. 11. Thus, in a Bayer-
mosaic CCD, all neighborhoods of size > 2 x 2 can be classified as belonging to one of the four different

possible local patterns. These four patterns 1105 — 1108 are illustrated in Fig. 12. In Fig. 11, patterns

1101 — 1104 are examples of 3 x 3 neighborhoods that represent the four different types of local patterns
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which are possible in Bayer-mosaic CCDs. In a preferred embodiment of the present invention, a Bayer
mosaic is used, but the technique is also effective for column mosaic patterns or any other type of pattern.
[00101] In some conventional systems, interpolation is used to compute R, G, and B values which
are not present in an image captured by a single-chip CCD. The interpolation is performed separately for
each color channel. However, such a method fails to account for correlations between the colors of
neighboring scene points; such correlations tend to occur in real scenes. In contrast, a method in
accordance with the present invention develops local functions which exploit real scene correlations not
only in spatial dimensions, but also in other dimensions such as wavelength and/or time. Using such local
functions, the Bayer-mosaic input can be mapped into a high quality RGB image.
[00102] Let the measured SVC data (e.g., data captured by a Bayer CCD) be represented by M.
The desired high quality RGB image H can be reconstructed from M using a set of (typically 12)
structural models (or mapping functions), one for each possible combination of a color channel A with
each of the four unique local patterns of neighborhoods. Let M, denote a neighborhood of M which
belongs to a particular local pattern p. Then the desired color values at the neighborhood center can be
estimated as:
Np Np—

H,(i+05j+050)= > > 2 D CxyklAhn) M, (xy) M, (kD), (10)

(x2)eSplij)  (kexley)eSp(ij) n=0  q=0
where Sy (i,7) is the neighborhood of pixel (i,j) (see Fig. 13). N, is the order of the polynomial mapping.
C, represents the set of polynomial coefficients of the local pattern p, for each color channel A. Typically,
information from pixels which are displaced, in the vertical direction, from pixel (i,/) is expected to be no
more or less important than information from pixels which are displaced in the horizontal direction.

Accordingly, it is generally preferable to use neighborhoods which are as wide as they are long —e.g.,
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square neighborhoods. Furthermore, every wavelength sensitivity characteristic (e.g., every color) should
preferably occur the same number of times in each neighborhood. For any even number of colors, or for a
mosaic pattern having an even number of pixels, this condition is satisfied by a neighborhood having even
(rather than odd) length and width. The R, G, and B values are computed at the off-grid neighborhood
center (i + 0.5, 7+ 0.5).

[00103] The product M,, (x, y) M,, (%, ) explicitly signifies the correlation between two pixels of the
neighborhood. However, in many cases, using the product terms does not greatly add to the accuracy and
efficiency of the technique, because scene radiances which are nearby (in spatial position or other

dimensions) tend to be naturally correlated. A preferred mapping function is much simpler, and is given

by:
NP
H,(i+05j+054)= > > C,(xy An)M,"(x,). 1)
(x.9)e8,(i.j))y n=0
[00104] In other words, a polynomial is computed for each on-grid pixel of a neighborhood within

the low quality SVC data, and a high quality (i.e., high-resolution) color value is generated at the
corresponding off-grid center pixel by aggregating (e.g., adding) the polynomials of all pixels in the
neighborhood. It should be noted that in general, the above-described method can be used for
neighborhoods of any size and shape, and can be used for off-grid as well as on-grid computation.

[00105] For each A and each local pattern type p, the mapping function defined by Eq. (11), can be

expressed in terms of matrices, as illustrated in Fig. 14:
B,(M=A, C,(A), (12)
where each row of the matrix A, contains powers of the pixel values of a neighborhood M, which has a

local pattern type p. Each row of A, contains pixel value powers up to polynomial order Ny Cp(Q)isa
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column vector containing the polynomial coefficients of each of the neighborhood pixels for color A and
local pattern p. By (1) is a column vector containing the desired off-grid neighborhood center values
Hy()) for each 2 and p. The index A can be dropped for brevity, and the estimation of the mapping
functions can be posed as a weighted least squares problem:

ATWIA C =AW'B, (13)
where W, is a diagonal matrix which weights each of the neighborhood linear equations. In least squares

terminology, A, W> A  can be referred to as the “weighted normal matrix,” and A} W B, canbe

referred to as the “weighted regression vector.”

[00106] The nuxﬁb‘er of coefficients in the mapping function of Eq. (11) can be calculated as
follows. Let u x v represent the neighborhood size, and let N, represent the polynomial order
corresponding to pattern p. Let P represent the number of distinct local patterns in the SVC image. Let A
represent the number of color channels. Then, the number of coefficients |C|, is given by the following

equation:

P
|C|= P+u VZNP A. (14)

p=I
For example, when P = 4 (e.g., for Bayer-mosaic CCDs), N, =2 forp=1...P,u=v=6
(i.e., a square neighborhood having even length and width), and A = 3 (R,G, and B), the number of
coefficients is 876. For image reconstruction, the large number of coefficients provides much greater
flexibility than conventional interpolation techniques.
[00107] An algorithm in accordance with the invention can “learn” (i.¢., optimize) the parameters

of the local polynomial mapping function, using several high quality RGB images. The optimized
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mapping function enables reconstruction of high quality color images from images captured using Bayer-
mosaic CCDs which provide only one color channel measurement at every pixel.

[00108] In the training stage, a training algorithm estimates the coefficients of the local polynomial
mapping functions for each type of local pattern, and for each color channel, using high quality RGB
images. Fig. 15 illustrates a flow chart of an exemplary training stage in accordance with the invention.
The training algorithm in the illustrated example starts with high quality color images 1502 captured
using a film camera and scanned using a slide scanner. In order to degrade the images to simulate images
captured by an actual CCD array, the training images 1506 are generated by processing the high quality
images 1502 through a response function 1504 which simulates the performance and limitations of a
typical CCD array. Next, an SVC image M (item 1514 in Fig. 15) — which can be, e.g., a Bayer-Mosaic
image — is simulated by deleting the appropriate color channel values from the high quality images 1502
in accordance with a color mosaic pattern 1510 (step 1512). From the simulated SVC image M (item
1514), the algorithm extracts a set of neighborhoods A, (item 1528) for each pattern p, as illustrated in
Fig. 14. Each neighborhood has a local pattern type p (e.g., see patterns 1101-1104 in Fig. 11).
Similarly, for each color channel, the column vector By, (item 1530) is extracted from the training image
H (item 1502). In order to ensure that the red and blue pixels in the neighborhood are represented in the
same proportions as in the basic Bayer pattern, it is preferable to use neighborhoods having even (rather
than odd) length and width. The center of a neighborhood having an even length and/or width is at an off-
grid location, as illustrated in Fig. 13. In order to compensate for the resulting, half-pixel offset, the
algorithm offsets the training images 1506 by a half-pixel (step 1508). If the original sampling of the high
quality images did not adhere to Nyquist’s criteria for signal reconstruction, the ﬁalf-pixcl offset can

introduce further blurring into the training images. Such blurring can result in model coefficients which
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are better optimized for blurry input images and/or scenes with predominantly smooth surfaces. If it is
desired to optimize the model for sharp images of scenes with predominantly sharp and abrupt features, it
is preferable to start with an image which has been sampled in conformance with Nyquist’s criteria, and
which represents a scene having predominantly sharp and abrupt features. However, as discussed above
with respect to the SVE algorithm, if at the time of training, there is no way to know the level of
sharpness of the images which will later be enhanced by the algorithm, it is preferable to use sharp images
for training, because the accuracy of the model will be most important for enhancing sharper images, and
in any case, the sharp training images are likely to include enough smooth area to also enable
enhancement of smooth and/or blurry images.

[00109] The algorithm normalizes each neighborhood Ay(i) in the SVC data (step 1516), as

discussed above with respect to the SVE algorithm. After normalization, a weighted least squares

procedure (step 1518) is used to compute the weighted normal matrix A W? A

pnorm

and right hand

pnorm

side regression vector AT

priom sz B In the least squares procedure 1518, for each training image, the

pnorm *
weighted normal matrix and the weighted regression vector are additively accumulated (step 1520). The
least squares results are then computed (step 1518). Once all of the training images have been processed,
the algorithm uses Eq. (13) to determine the coefficients Cp (item 1526) of the polynomial mapping
function for each type of neighborhood pattern p, and for each color channel (step 1524).

[00110] In the reconstruction stage — an example of which is illustrated in Fig. 16 — a
reconstruction algorithm applies the polynomial coefficients 1526 — which were computed in the training
stage —to SVC images 1602 captured using Bayer-mosaic CCDs. In other words, the algorithm computes
a high quality image 1610 having three color channel values per pixel, from an SVC image having only

one color channel measurement per pixel. This reconstruction can be referred to as “demosaicing.”
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Similarly to the training stage, in the reconstruction stage each neighborhood of the SVC image is
normalized (step 1604). The coefficients C, (item 1526) are then applied to each of the normalized
neighborhood patterns, and to each color channel, to thereby obtain Bpnorm = Apnorm Cp (step 1606). Bynorm
is then inverse-normalized (i.e., unnormalized) (step 1608) to thereby obtain the reconstructed high
quality color image 1610.

[00111] An SVC training algorithm in accordance with the invention has been tested using 30 high
quality color images representing a wide variety of natural scenes. Each of the training images was
downgraded by deleting two color channels from each pixel to thereby obtain SVC images, as illustrated
in the flow chart of Fig. 15. The coefficients of a local polynomial mapping function of order 2 were then
computed using a weighted least squares procedure. Next, 20 test images — which were different from the
images used in the training step — were downgraded in order to generate 20 simulated, low quality SVC
images. The model coefficients were applied to the simulated low quality test images, in accordance with
the flow chart of Fig. 16. As illustrated by the histogram graph of Fig. 35, the structural reconstruction
method of the present invention produced more low-error pixels, and fewer high-error pixels, than
conventional cubic interpolation.

[00112] In accordance with a preferred embodiment of the present invention, a locally
inhomogeneous measurement pattern can comprise a combination of locally inhomogeneous patterns of
different types of sensitivity characteristics. For example, as illustrated in Fig. 6A, a measurement pattern
can be a combination of an intensity sensitivity pattern and a wavelength (e.g., color) sensitivity pattern.
Such a pattern, which constitutes a combination of an SVE pattern and an SVC pattern, can be referred to
as a spatially varying color and exposure (SVEC) pattern. In the example illustrated in Fig. 6A, the

measurement pattern comprises three sensor regions 602, 604, and 606. Fig. 5 illustrates an exemplary
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procedure for measuring signals using the pattern of Fig. 6A. The first region 602 receives, from the
region 640 of an object 126 in the scene (see Fig. 1), a first signal set 620 which includes one or more
signals (step 502 in Fig. 5).

[00113] The first sensor portion 602 performs a first measurement set (comprising at least one
measurement) of the first signal set 620 (step 504 in Fig. 5). In the measurement pattern illustrated in Fig.
6A, the first region 602 has a first sensitivity characteristic 646 comprising a sensitivity to green light. In
addition, the first sensor region 602 has a second sensitivity characteristic 648 comprising a high
sensitivity to light intensity.

[00114] The second detector set 604 receives and measures a second signal set 622 from a second
region 642 of the scene (steps 506 and 508). The second detector set 604 is also sensitive to green light
— l.e., the sensor has the same first sensitivity characteristic 646 as the first detector set 602. In addition,
the second detector set 604 has a third sensitivity characteristic with respect to the second signal set 622,
the third sensitivity characteristic 650 comprising a somewhat reduced sensitivity to light intensity. The
third detector set 606 receives and measures a third signal set 624 from a third region 644 of the scene
(steps 510 and 512). The third detector set 606 has a fourth sensitivity characteristic 652 with respect to
the third signal set 624. In this example, the fourth sensitivity characteristic 652 has the same type as the
first sensitivity characteristic 646 — i.e., a sensitivity to a selected set of wavelengths (in this case, red
light). Furthermore, in the example illustrated in Fig. 6A, the third detector set 606 has a fifth sensitivity
characteristic 654 comprising an even further reduced sensitivity to light intensity. The fifth sensitivity
characteristic 654 is of the same type as the second and third sensitivity characteristics 648 and 650 of the
first and second detector sets 602 and 604, respectively — i.e., a particular level of sensitivity to light

intensity. Once the first, second, and third signal sets have been measured, a structural model in
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accordance with the invention is used to enhance the resolution of the resulting data, thereby producing
higher resolution output data (step 514 in Fig. 5).

[00115] In accordance with an additional embodiment of a locally inhomogeneous measurement
pattern in accordance with the invention, detector sets need not be formed by overlapping masks, but
instead can be formed from multiple detectors, each detector having its own sensitivity characteristic, as
illustrated in Fig. 6B. In the illustrated measurement pattern, the first detector set comprises a detector
616 having a sensitivity characteristic 646 which has a type of dependence of measurement sensitivity
with respect to signal wavelength — i.e., the detector 616 is sensitive to green light. The first detector set
also includes a detector 618 having a sensitivity characteristic 648 which has a type of dependence of
measurement output with respect to signal intensity — i.e., in this case, the detector 618 has unreduced
intensity sensitivity. The second detector set 604 éimilarly includes two detectors 632 and 634 having
sensitivity characteristics 646 and 650 of a color sensitivity type and an intensity sensitivity type,
respectively. Similarly, the third detector set 606 also includes detectors 636 and 638 which have
sensitivity characteristics 646 and 654 of a color sensitivity type and an intensity sensitivity type,
respectively. Although the measurement patterns illustrated in Figs. 6A and 6B include only three
detector sets, there is no limit to the number of detector sets that can be used as part of the measurement
pattern. For example, as illustrated in Figs. 6C and 6D, in a preferred embodiment of a locally
inhomogeneous measurement pattern in accordance with the present invention, a Bayer pattern can be
used in conjunction with a locally inhomogeneous pattern of intensity sensitivity characteristics. In the
example illustrated in Fig. 6C, four detector sets 608, 602, 610, and 604 have various color sensitivity
characteristics 662, 646, 656 and 646, respectively. In addition, the detector sets 608, 602, 610, and 604

have various intensity sensitivity characteristics 664, 648, 660, and 650, respectively. In addition, as
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illustrated in Fig. 6D, different intensity sensitivity characteristic patterns can be used. For example, in
the example illustrated in Fig. 6C, the red and blue detector sets 608 and 610 have intensity sensitivity
characteristics 664 and 660 corresponding to high sensitivity to light intensity. However, in the example
illustrated in Fig. 6D, the red and blue detector sets 608 and 610 have intensity sensitivity characteristics
666 and 668 which correspond to reduced sensitivity to light intensity.

[00116] A basic SVEC pattern can be used to create a whole-image SVEC pattern. Consider, for
example, the array of pixels illustrated in Fig. 22. The gray levels indicate pixel exposures, and the
capital letters R, G, and B indicate the color channels measured at the various pixels. One way to create
such a whole-image SVEC mosaic is by assigning color sensitivities and brightness (i.e., intensity)
sensitivities within a small neighborhood to form an initial pattern, and then repeating the initial pattern
over the entire detector array. In the example illustrated in Fig. 22, a square, 4 x 4 initial pattern 2201 is
repeated over the entire detector array. However, in general, the initial pattern can be an arbitrarily-sized
mosaic of colors and exposures. An advantage of repeating such an initial pattern throughout the detector
array is that the number of distinct types of local patterns 2201-2216 corresponds to the distinct cyclic
shifts of the initial pattern 2201. In SVEC imaging, color and dynamic range are simultaneously sampled
as a function of spatial position; as a result, the local patterns within the SVEC mosaic are more
complicated than the local patterns in either the SVC mosaic or the SVE mosaic.

[00117] The various exposures and colors are preferably assigned to the respective pixels in a
manner which produces an SVEC mosaic having certain desired properties which depend upon the
particular application. The desired properties can be defined in terms of the following parameters:

1. Neighborhood size and shape defined according to length u, width v, and/or aspect ratio

P
1l
=<
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2. Number of R, G and B regions in any neighborhood, and the relative positions of the
respective color-sensitive regions.
3. Number e of different exposures (i.¢., intensity sensitivities) and the values and relative -
positions of the respective exposure sensitivity regions within the neighborhoods.

4. Number of R, G and B regions assigned to each exposure value.
[00118] For example, as discussed above, in most cases the neighborhood length and width are
preferably equal (i.e., a=1) With regard to size, smaller neighborhoods tend to provide better results for
images having “smaller” texture — i.e., in which brightness changes rapidly per unif distance. This is
because for such images, correlations among more distant pixels are attenuated, and as a result, a large
neighborhood does not provide much more information than a small neighborhood. In addition, as
discussed above, for a mosaic having an even number of elements, the neighborhood should preferably
have even length and even width.
[00119] With regard to the number e of exposure levels, a higher number can provide higher
dynamic range. With regard to the ratios among the different exposure levels, higher ratios provide more
total detectable range, but result in a coarser spacing of detectable brightness levels. Preferably, the ratios
of the exposure levels should be chosen so that the total range of detectable brightness matches the range
of brightness levels which are present in the scene and are of interest.
[00120] The various exposure levels are preferably distributed to avoid placing most of the high
sensitivity pixels in one portion of the neighborhood (e.g., the upper right corner), and most of the low
sensitivity pixels in a different portion (e.g., the lower left corner). Such a preférred arrangement

increases the likelihood that at least some pixels in every portion of the neighborhood will detect an
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incoming signal accurately, even if adjacent or nearby pixels are either saturated or unable to detect the
signal.

[00121] With regard to color patterns, in many systems, a Bayer mosaic (illustrated in Figure 11) is
the preferred choice for color distribution on the detector array, because such a pattern matches the
sensitivity of the human eye, and also because most digital cameras follow this pattern. If such a pattern
is used, then within each local neighborhood of size u x v, the spatial resolutions of R, G, and B are 25%,

50%, and 25% respectively, as illustrated in Figure 11:

[00122] |R|=|B|=0.25uv; |G|=0.5uv. (15)

[00123] Based on Eq. (15), and upon the Bayer pattern, it can readily seen that the neighborhood
uth # and the neighborhood width v are both even. Furthermore, within each neighborhood, for each

different exposure level each color should preferably occur the same number of times as the color occurs

in the Bayer pattern. Therefore:

IR| =B = ke;|G| = 2ke,

4ke = uv, (16)
where R and B are combined with each exposure % times, G is combined with each exposure 2k times, and
k, e, and u are positive integers. Furthermore, in terms of the aspect ratio a of the neighborhood:

dke = au’. 17
[00124] In order to minimize the number of coefficients needed for the model, it is preferable to
find the smallest local SVEC pattern that satisfies the above constraints. For a fixed number e of
exposures and a fixed aspect ratio g, the minimum size u of the local pattern corresponds to the smallest

integer value for £ that satisfies Eq. (17). For example, if e=2, and =1 (i.e., the neighborhoods are

square), the smallest neighborhood that needs to be repeated over the entire detector array has a size u=4
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(corresponding to £=2). Similarly, for e=4 and a=1, the resulting parameters are: #=4 and k=1. The
exemplary image pattern illustrated in Figure 22 uses e=4 (i.e., four different gray levels) and a Bayer
color mosaic. To produce the whole-image pattern, the 4 x 4 square neighborhood 2201 is repeated over
the entire array.

[00125] The above results establish a relationship between the number of exposure sensitivity
values and the preferred local neighborhood pattern size. In addition, the spatial arrangement of colors in
each neighborhood has been determined. Using the above constraints, the various exposure sensitivity
values can be assigned to the various pixels in the local patterns.

[00126] In a preferred embodiment of the present invention, a low dynamic range, Bayer-mosaic
SVEC image is mapped to a high dynamic range color image using optimized local polynomial mapping
functions. The mapping functions are derived from a learned structural model.

[00127] Let the measured data — in this example, data captured using an SVEC sensor — be
represented by M. A high dynamic range color image H can be reconstructed from M using a set of
structural models (i.e., local mapping functions). For each color channel A, a local mapping function is
optimized for each of the 16 types of local neighborhood patterns p — illustrated as patterns 2201-2216 in
Fig. 22. Let M, denote a neighborhood of M that belongs to a particular local pattern p. Then, the

desired high dynamic range color values at the neighborhood center can be estimated as:

N
. . L n
Hp (i+0.5,j+0.5,2) = ( )Zs:(' ') Zo Cp(x,y,/l,n)Mp(x,y), -3y
x,¥)e8, (i,/ n=l

where S;, (7, j) is the neighborhood of pixel (i, j), as illustrated in Fig. 23. N is the order of the
polynomial mapping. C, represents the polynomial coefficients of the pattern p at each of the

neighborhood pixels (x, y), for each color channel A. This exemplary implementation uses square

42



WO 02/05208 PCT/US01/21311

neighborhoods having even length and even width. The high dynamic range color values are computed at
the off-grid neighborhood center (i + 0.5, 7 + 0.5), as illustrated in Fig. 23. It is to be noted that the method
can be used for any neighborhood size and shape, and can be used to compute image values in both off-
grid and on-grid locations/regions (i.e., pixels). It is also to be noted that although a relatively simple
mapping function — Eq. (18) — is used in this exemplary implementation, the algorithm can also employ a
more general mapping function such as that of Egs. (3) and (10), discussed above in the SVE and SVC
contexts.

[00128] Similarly to the SVE and SVC procedures, Eq. (18) is expressed in terms of matrices for

each local pattern p, as illustrated in Fig. 14:
B (*) =A,C *) (19)
where Aj is a matrix each row of which contain-s powers of the pixel values of a neighborhood M,
belonging to local pattern type p. A, contains pixel value powers up to polynomial order Nj. Cp(L) is a
column vector containing the polynomial coefficients of each of the neighborhood pixels for color A and
local pattern type p. By(A) is a column vector representing the center color values Hp(A) of the desired
high dynamic range off-grid neighborhoods for each A and p. The index A can be dropped for brevity,
and the estimation of the mapping function can be posed as a weighted least squares problem:
ATW!A C,=ATW'B,, (20)
where Wy, is a diagonal matrix that weights each of the neighborhood linear equations.

[00129] The number of coefficients in the polynomial mapping function can be calculated as

follows. Let u x v represent the neighborhood size and shape, and let N}, represent the polynomial order
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corresponding to local SVEC pattern p. Let P represent the number of distinct neighborhood patterns in

the SVEC image. Then, the number of coefficients |C| is given by the following equation:

P
[00130] ICl=| P+uv Y N, [A (1)
p=1
[00131] For example, when A = 3 (e.g., for the colors R, G, and B), P = 16 (for SVEC detectors

using 4 different pixel exposures and a Bayer color mosaic), Np=2forp=1...Pyandu=v =6 (iec, a
square neighborhood having even length and width), the number of coefficients is 3504.

[00132] The model-based method for enhancing image quality in accordance with the present
invention may be applied to any simultaneous sampling of the dimensions of image irradiance, as is
demonstrated by the similarity among the mapping functions of Egs. (4), (11), and (18), and also by the
similarity among the descriptions of the SVC, SVE, and SVEC notation and methods,

[00133] An SVEC algorithm in accordance with the present invention can learn a local polynomial
mapping function using several images captured by high dynamic range color sensors. The resulting
mapping function can then be used to reconstruct high dynamic range color images from other images
captured by SVEC sensors. In the training stage of the algorithm, the coefficients of a local polynomial
mapping function are estimated for each type of neighborhood pattern — (e.g., patterns 2201-2216 in Fig.
22 — using high dynamic range color images. Fig. 24 illustrates a flow chart of an exemplary SVEC
training stage in accordance with the invention. In the illustrated example, the training is performed using
12-bit color images 2402 which have been captured by a film camera and scanned by a slide scanner. The
intensities of the respective images 2402 are scaled to simulate a change in the overall exposures of the
images captured by the sensor (step 2404). The algorithm applies, to the scaled images, a response

function 2406 matching that of an SVEC detector. The resulting images are then translationally shifted in
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order to train (i.e., optimize) the mapping function parameters using, preferably, every possible
combination of eaéh type of exposure pattern with each type of image neighborhood (step 2408). The
output of the shifting step 2408 is a set of training images 2410. An SVC mask 2412 and an SVE mask
2418 are applied to each training image in order to generate a 12-bit SVEC image 2422 (steps 2416 and
2420). In the illustrated example, the SVC mask 2412 is applied first (step 2414), thereby generating
SVC intermediate data 2416. However, the SVE mask can also be applied first. Each 12-bit SVEC
image 2422 is downgraded by clipping the pixel data at an intensity level of 255 and then re-quantizing
the data (step 2424) to generate an 8;bit image M (illustrated as item 2426). The above-described process
simulates a low dynamic range SVEC sensor. From image M (item 2426), the set of neighborhoods Ay is
extracted for each pattern p, as illustrated in Fig. 14. For each color channel and local pattern, the column
vector By is extracted from the training image H. The illustrated implementation uses square
neighborhoods having even length and width. Similarly to the SVC and SVE algorithms, in the SVEC
algorithm, the training images are offset by one half of a pixel (step 2430). In addition, as discussed
above with respect to the SVE and SVC algorithms, if at the time of training, there is no way to know the
level of sharpness of the images which will later be enhanced by the algorithm, it is preferable to use
sharp images for training, because the accuracy of the model will be most important for enhancing sharper
images, and in any case, the sharp training images are likely to include enough smooth area to also enable
enhancement of smooth and/or blurry images.

[00134] The data of each neighborhood belonging to one of the local SVEC pattern types is
normalized using Egs. (8) and (9), similarly to the SVE and SVC algorithms (step 2428). After

normalization, a weighted least squares procedure 2432 is used to compute the weighted normal matrix

T 2
A‘pnorm Wp A

and the right hand side regression vector AT szB

prorm In the least squares

pnorm pnorm °
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procedure 2432, for each training image, the normal matrix and the regression vector are each additively
accumulated (step 2434). Once the training algorithm has processed all of the high dynamic range color
images — including multiple exposures and niultiple translational shifts for each image — the least
squares result is obtained (step 2436) and used to compute the coefficients Cp (item 2440) of the
polynomial mapping function for each type of neighborhood pattern p and for each color channel A, using
Eq. (20) (step 2438).

[00135] In the reconstruction stage, an example of which is illustrated in Fig. 25, the algorithm
applies the optimized polynomial coefficients to SVEC images 2502 captured using a low dynamic range
(e.g., 8-bit), Bayer-mosaic SVEC sensor. Similarly to the training procedure, the reconstruction algorithm
normalizes each neighborhood A, corresponding to each local pattern p in the SVEC image (step 2504).
The coefficients C,, (item 2440) are then applied to each of the normalized neighborhood patterns for each
color channel, to thereby obtain Bpnorm = ApnormCyp (step 2506). The algorithm then inverse normalizes
Bpnorm (step 2508). Because the SVEC pattern is based on non-uniform quantization of the scene
radiance, the inverse normalized data are non-uniformly quantized according to the number of discrete
exposures used in the SVEC detector mask (step 2510), to thereby generate a reconstructed high dynamic
range color image 2512.

[00136] AN SVEC algorithm in accordance with the present invention has been tested using 10
high dynamic range color (12-bits per color channel) training images taken under 4 different exposures.
[confirm this] The training images represented a wide variety of natural scenes. For each pixel of each
12-bit training image, the algorithm deleted the information from 2 color channels, thereby converting
each pixel to a single-color pixel. The result of this procedure was a set of 12-bit SVC images. The 12-

bit SVC images corresponding to the 4 exposures of each scene were then combined according to the
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SVEC exposure pattern illustrated in Fig. 22. The resulting 12-bit SVEC images were then downgraded

to produce 8-bit SVEC images, as illustrated in the flow chart of Fig. 24. The coefficients of the local

polynomial mapping function (of order 3) were then computed using a weighted least squares technique.

Next, 10 test images — different from the images using in training — were downgraded in order to generate

exemplary 8-bit SVEC test images. The model, using coefficients generated by the training procedure,

was then applied to the 8-bit SVEC test images according to the flow chart of Fig. 25. The histogram

graph of Fig. 34 compares the results of the structural reconstruction algorithm of the present invention to

results of a bi-cubic interpolation procedure. As illustrated by the graph, the structural model yielded

more low-error pixels and fewer high-error pixels.

[00137] Although the foregoing examples have emphasized measurement patterns arranged in two A
spatial dimensions (i.e., the vertical and horizontal dimensions), measurement patterns in accordance with
the present invention need not be limited to spatial dimensions. In particular, for video applications, it
can be desirable to utilize a measurement pattern which is locally inhomogeneous with respect to both
space and time, as illustrated in Figs. 6E and 6F. In Fig. 6E, a video frame is taken at a first time T1. The

video frame includes measurements of light emanating from two regions 640 and 642 of the scene. The

regions 640 and 642 are defined in terms of their locations in both space and time. In Fig. 6F, a second
video frame is received at a second time T2, the second video frame including measurements of light
received from two different locations 670 and 644 bf the scene. It is to be noted that, in the example
illustrated in Figs. 6E and 6F, locations 640 and 670 have the same position in space but different
positions in the time dimension. Similarly, locations 642 and 644 have the same positions in the spatial

dimensions but different positions in the time dimension.
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[00138] The measurements of locations 640, 642, and 644 can, for example, be made using the
measurement pattern illustrated in Fig. 6A, which would be locally inhomogeneous in the vertical spatial
dimension (as defined by pattern elements 602 and 604) and the time dimension (as defined by pattern
elements 604 and 606).

[00139] An algorithm in accordance with the present invention can be used to enhance the time
resolution of data such as the multiple-frame image data illustrated in Figs. 6E and 6F. The spatial
translation of the moving object 690 between consecutive images depends on the frequency at which the
images are captured (i.e., the frame-rate). The structural models of the present invention can be used to
upgrade (i.e., increase) the effective temporal frame rate of a video sequence. In effect, the models are
used to introduce additional frames in between the originally captured ones. In order to perform the
temporal resolution upgrade, the structural model predicts how much the brightness values in the image
are expected to change between two frames.

[00140] Either real or synthétic high time resolution data can be used to optimize the model
parameters. Such high time resolution data corresponds to a high frame rate video sequence of various
types of objects in motion. The high resolution data is downgraded in temporal resolution in order to
synthesize measured data. Local patterns in this case correspond to three-dimensional blocks of pixel
values, in which each block has a range of spatial and temporal position. Referring to Fig. 28, for ‘
example, such a block 2814 can comprise four video frames 2802, 2804, 2806, and 2808 of a 3x3 spatial
window (a total of 36 measured values), as illustrated in Fig. 28. A pixel value 2810 in an intermediate
frame 2812 constitutes a high resolution image datum. The resolution enhancement algorithm expresses
the high quality image data value 2810 as a polynomial function of the 36 measured values 2814. Such a

structural model is used to predict a complete intermediate image frame. A set of structural models can
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therefore predict many intermediate frames, thereby increasing the temporal resolution of any captured
video sequence.

[00141] In addition, an algorithm in accordance with the present invention can also be used to
enhance the resolution of image data in the form of a sequence of images captured using different
exposures. Such a sequence can be captured using a number of techniques. For example, a user can
simply change the aperture or exposure setting of a camera and capture a separate image using each
setting. Furthermore, the camera itself can use multiple integration times in rapid succession to take a
sequence of images. Either of these two methods yields a sequence of the type illustrated in Fig. 26. It is
readily apparent that the illustrated sequence 2606 contains information sufficient to produce a high
dynamic range image, because very bright scene regions will be captured without saturation in the least
exposed image 2602, and very dark regions will be captured with good clarity in the most highly exposed
image 2604. A polynomial model in accordance with the present invention can be used to compute a
mapping from the set of brightness values corresponding to the different exposures of each pixel to a
single high dynamic range value. Although the measured data will likely include saturation effects, and
although the radiometric response function of the sensor used to capture the data may differ from the
response function of the desired high quality image, the algorithm of the present invention can optimize a
powerful polynomial model capable of generating a high dynamic range value for each pixel of the output
image. Furthermore, the input and output images can also include color information. In the case of color
images, the mapping can be done separately for each of the color channels. Alternatively, the mapping
method can be used for the brightness data only, in which case the color of each pixel can be chosen from

one of the unsaturated (and not too dark) measured values.
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[00142] Although the foregoing discussion has emphasized brightness and color as important
attributes of image pixels, light reflected from a scene also exhibits polarization states. The polarization
state of the imaged light conveys useful information such as the presence of specular reflections
(highlights) in the scene and the material properties of the reflecting surfaces. As discussed above,
polarization filters having different linear polarization angles can be used to cover the pixels of an image
detector. For example, the polarization filters can be added to all of the green color filters in a Bayer
mosaic. The polarization state of a scene location can be computed using polarization data from adjacent
pixels.

[00143] In accordance with the present invention, the resolution of polarization data can be
enhanced by using structural models. Fig. 30 illustrates an exemplary arrangement of polarization and
color filters on an image detector array. The acquired image contains both color and polarization
information. An algorithm in accordance with the present invention trains structural models which use a
small neighborhood of pixels to estimate high quality values of red, green, blue, and polarization state. As
in the case of the SVEC algorithm discussed above, there are four different local patterns which arise in
the polarization pattern illustrated in Fig. 30. Accordingly, four sets of structural models are estimated,
each set including four model components, one component each for red, green, blue, and polarization
angle data. The structural models incorporate the spatial correlation of polarization measurements and the
spatial correlation of the color measurements. In addition, the models incorporate the correlations
between the color channels and the polarization measurements.

[00144] If color is not of particular interest, a monochrome detector having different polarization
filters can be used. In such a system, the structural models simply estimate the brightness value and

polarization state at each point in the image.
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[00145] The foregoing discussion has emphasized the use of measurement patterns comprising
combinations of locally inhomogeneous patterns of color sensitivity characteristics and locally
inhomogeneous patterns of intensity sensitivity characteristics. However, this discussion is not meant to
imply any limitation on the number of types of measurement patterns which can be combined. For
example, as illustrated in Fig. 7, it can be desirable to combine patterns of color sensitivity (characteristics
706 and 708), intensity sensitivity (characteristics 710 and 712), and polarization sensitivity
(characteristics 714 and 716). Furthermore, although the example illustrated in Fig. 7 includes detector
sets 702 and 704 each comprising a single detector, each of the detector sets 702 and 704 can also be
formed from multiple detectors, similarly to the detector sets 602, 604 and 606 illustrated in Fig. 6B.
[00146] - In the multiple-characteristic case, several structural models are used in order to include
the various types of patterns that arise. Such a method is applicable to cases such as the exemplary
pattern illustrated in Fig. 31, in which the image data includes spatial and temporal sampling of intensity
and spectral attributes. Structural models are used to predict high quality image data in which the spatial,
intensity, spectral, and/or temporal resolutions are enhanced.

[00147] Furthermore, it is to be understood that a reconstruction algorithm in accordance with the
present invention is not limited to image data representing patterns of light within the visible spectrum.
The techniques described herein are applicable to the imaging of any electromagnetic radiation or any
other radiation, including, but not limited to, infra-red (IR) imaging, X-ray imaging, magnetic resonance
(MR) imaging, synthetic aperture radar (SAR) imaging, particle-based imaging (e.g., electron
microscopy), and acoustic (e.g., ultrasound) imaging.

[00148] A method in accordance with the invention can also be used to enhance the spatial

resolution of an image. A captured image can be considered to be a low resolution version of a
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theoretical, higher quality image. Structural models can be used to map local neighborhoods of one or
more low resolution images to a single high resolution value which can be considered to be a pixel of the
aforementioned higher quality image. An example of such a technique is illustrated in Fig. 27. Each of
the pixels 2702 of the image is represented by a measured brightness value. The algorithm performs a
resolution upgrade in which a local neighborhood 2704 of measured pixel values is used to estimate the
most likely values for new locations 2706 not lying on the pixel grid. The process is repeated over the
entire image to generate an image having four times as many pixels as the original measured image.
Information theory suggests that such a resolution upgrade cannot be performed using conventional
techniques. However, the structural models of the present invention use extrinsic information to enable
achievement of the additional resolution. In particular, the model coefficients incorporate knowledge of
typical scenes, learned by the training procedure.

[00149] Similarly to the above-described examples, the spatial resolution enhancement algorithm
uses a set of high resolution images to perform the training procedure. The training images are
downgraded in resolution. The algorithm then optimizes the parameters of a polynomial structural model
suitable for mapping local (e.g., 3x3 or 5x5) neighborhoods of measured values to the high quality data at
one of the new locations. A separate structural model is computed for each of the new high quality
values. In this example, three structural models are used, one for each of the new locations 2706. These
models together enable a resolution upgrade of any given measured image. Moreover, although the above
example involves the enhancement of the spatial resolution of a set of non-color brightness data, the
technique can also be applied to data representing two or more color channels. For three color channels

— typically R, G, and B — a total of 9 structural models are preferably used.
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[00150] An algorithm in accordance with the present invention can also be used to enhance the
spectral resolution of image data. In theory, a scene point can have any arbitrary spectral distribution
function — i.e., any arbitrary reflectance as a function of wavelength. However, in practice, the natural
and artificial physical processes that create object surfaces tend to cause the spectral distributions of
surface reflectances to be smooth and well behaved. As a result, a small number of spectral samples —
€.g., measurements made using narrow-band spectral filters — can be sufficient to accurately predict the
complete spectral distributions of a large class of real world surfaces under a wide range of illumination
conditions. Fig. 29 illustrates several images of an exemplary scene captured using different spectral
filters. Such images can also be synthesized using high quality multi-spectral images. Real or
synthesized images having relatively low spectral resolution are used to develop and optimize structural
models capable of predicting the brightness values for wavelengths that lie between the measured (or
synthesized) ones. Such a method enables the determination of estimates of the spectral distributions of
scene points, based upon an image captured using a conventional (R-G-B) color camera. In a preferred
embodiment, the neighborhood 2902 of measured data used for the recomstruction is defined in both
spatial and spectral dimensions. Such an embodiment exploits the correlation between spectral
distributions of neighboring scene points, to thereby provide higher quality reconstruction of the spectral
distribution at each image location.

[00151] It will be appreciated by those skilled in the art that the methods of Figures 1-31 can be
implemented on various standard computer platforms operating under the control of suitable software
defined by Figs. 4, 5, 9, 15, 16, 20, 21, 24, and 25. In some cases, dedicated computer hardware, such as
a peripheral card in a conventional personal computer, can enhance the operational efficiency of the above

methods.
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[00152] Figures 32 and 33 illustrate typical computer hardware suitable for practicing the present
invention. Referring to Figure 32, the computer system includes a processing section 3210, a display
3220, a keyboard 3230, and a communications peripheral device 3240 such as a modem. The system can
also include other input devices such as an optical scanner 3250 for scanning an image medium 3200. In
addition, the system can include a printer 3260. The computer system typically includes one or more disk
drives 3270 which can read and write to computer readable media such as magnetic media (i.e., diskettes),
or optical media (e.g., CD-ROMS or DVDs), for storing data and application software. While not shown,
other input devices, such as a digital pointer (e.g., a “mouse™) and the like can also be included.

[00153] Figure 33 is a functional block diagram which further illustrates the processing section
3210. The processing section 3210 generally includes a processing unit 3310, control logic 3320 and a
memory unit 3330. Preferably, the processing section 3210 can also include a timer 3350 and
input/output ports 3340. The processing section 3210 can also include a co-processor 3360, depending on
the microprocessor used in the processing unit. Control logic 3320 provides, in conjunction with
processing unit 3310, the control necessary to handle communications between memory unit 3350 and
input/output ports 3340. Timer 3350 provides a timing reference signal for processing unit 3310 and
control logic 3320. Co-processor 3360 provides an enhanced ability to perform complex computations in
real time, such as those required by cryptographic algorithms.

[00154] Memory unit 3330 can include different types of memory, such as volatile and non-volatile
memory and read-only and programmable memory. For example, as shown in Figure 33, memory unit
3330 can include read-only memory (ROM) 3331, electrically erasable programmable read-only memory
(EEPROM) 3332, and random-access memory (RAM) 3333. Different computer processors, memory

configurations, data structures and the like can be used to practice the present invention, and the invention
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is not limited to a specific platform. For example, although the processing section 3210 is illustrated in
Figs. 32 and 33 as part of a computer system, the processing section 3210 and/or its components can be
incorporated into an imager such as a digital video camera or a digital still-image camera.

[00155] Software defined by Figs. 4, 5, 9, 15, 16, 20, 21, 24, and 25 can be written in a wide
variety of programming languages, as will be appreciated by those skilled in the art. Exemplary software
algorithms in accordance with the present invention have been written in the Matlab™ language, version
5.3.1. The computer source code for exemplary SVEC, SVC, and SVE algorithms is provided in the
Appendix attached hereto.

[00156] Although the present invention has been described in connection with specific exemplary
embodiments, it should be understood that various changes, substitutions, and alterations can be made to
the disclosed embodiments without departing from the spirit and scope of the invention as set forth in the
appended claims.

[00157]
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APPENDIX
Code for SVEC

MATLAB VERSION 5.3.1 SOURCE CODE
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PARAMETER INITIALIZATION CODE
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% Number of Patterns
numpatterns = 16;

% Number of Color Channels
numchannels = 3;

% Order of Polynomial

poly order = 3;

% Pattern Neighborhood Size
neigh = 6;

neigh = neigh * neigh;

% SVE Exposures with Ratio 1:4
el =1.0;

e2 =1.0/4.0;

e3 =1.0/16.0;

ed =1.0/64.0;

% Exposure Scaling of High Quality Data
numexp = 1;

expo = [1.0,0.5,0.7,0.3,1.5,2.0,3.0,0.125]";

$ Compute Window Weights (Optional)

$window weight = weights(neigh,numpatterns);
window weight = ones(sqgrt(neigh),sqgrt(neigh));
% Initialize Blur window size and Sigma
blurwindow = 5;

blursigma = 0.5;

% Initialize Input/Output File names
trainfile = 'train';
testfile = 'test';

% Initialize Filenames to save Regression Data
coeffsfile = 'Coeffs.mat';

matfile = '"RegressionMatrix.mat';

vecfile ='RegressionVector.mat';

% Save Initialization Parameters
save initfile *;

$955232925%525955523505525209%3955952539%295950%39%%3%
%% TRAINING USING HIGH QUALITY DATA 3%
$% HIGH QUALITY DATA : HIGH DYNAMIC RANGE + COLOR %%
593923995925%35352%508%39502252953953559%9955595592339%

% Load Parameter Initialization file
load initfile;

% Data Structure Initialization

initialMatrix=zeros{neigh*poly order,neigh*poly order,numpatterns);
initialVector = zeros(neigh*poly order,numchannels,numpatterns);
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coeffs = zeros(neigh*poly order,numchannels,numpatterns);

0. 0. oQ o 0.0.000 0 0.0000000 0.0 0 0000000000000000000000¢0g oo
R AR R R AR R R R R bR R R R T R R R R R R L LA L LR R AR LT
[N e) [+

%% TRAINING PHASE %%
00000000000 0 0.0.0 0 0000000 0. Q0 00000000000000000000 00
G R R R AR R LR R LR R R R L R R R R b L LA R A R AR LT

traincount =0;
$ File containing List of Training Images
fid _train = fopen(trainfile);

% Do until file ends
while 1

% Get Filename from each line of the train file
filename = fgetl (fid train);
if ~isstr(filename), break, end

% Read in the High Dynamic Range (HDR) Image
[imgHDR_train,mapH] = imread(filename);
[r,c,m] = size(imgHDR_ train);

imgOriginal = double(imgHDR_train);

% Shift the Original HDR Image
imgOriginalShift = interpShift (imgOriginal, "cubic');

% Loop over several Exposure Scales
for expos = 1l:1l:numexp,

% Loop over image shifts corresponding to all patterns
for pati = l:1l:sqrt (numpatterns),
for patj = 1l:1:sqgrt(numpatterns),

clear imgHDR train;

$ Train with a different exposure
imgHDR train = double(uintl6(imgOriginal (pati:l:r,patj:l:c,:)...
* expo{expos,l)));
double (uintl6 (imgOriginalShift (pati:l:r,patj:l:c,:)..
* expo (expos,1)));

imgHDR_shift
% Gaussian Blurring to avoid aliasing
imgHDR blur = gaussBlur (imgHDR shift,blurwindow,blursigma);

% Convert to SVC
imgSVC _train = img2svc({imgHDR_train);

% Convert to SVEC
imgSVE_train = svc2svec(imgSVC train,el,e2,e3,ed);

% Convert HDR to LDR
imgLDR train = HDR2LDR(imgSVE_train);
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% Train using the HDR image
[updatedMatrix,updatedVector] = ..
LearnCoeffs(lmgLDR train, lmgHDR blur, ...

poly_order, numpatterns,neigh,window_weight) ;

Q

% Update Normal Covariance Matrix
initialMatrix = initialMatrix + updatedMatrix;
initialVector initialVector + updatedVector;

traincount = traincount + 1

end
end

end

)

% Clear Image Memory
clear img*;

end % End Training - While 1

0.

% Optimize Memory Usage

pack;

pack;

000 0 0.0 0 0 [+ o 0.0 Q0 0.0 [+) 0.0 0 0. 00000000 00 00000000000 0
EE R R R L R R R R R R R L R T R R R L R R R
o Q 0.0
3% LEAST SQUARES MINIMIZATION %%
0000000009,000000000000000000DOOOOQDOODOOOOOOOODODOO o
B E et 0050585500555 00555%%%5%5%349%%5%3%%%%%%

% Loop over each pattern
for pattern = 1:1:numpatterns,

[}

% Print the Condition Number and Rank of the Pattern
cond (initialMatrix(:,:,pattern))
rank(initialMatrix(:,:,pattern))

% oop over each color channel
for channel = l:1l:numchannels,

de oe

for the Coefficients

% Direct Solution of Normal Equations
coeffs(:,channel,pattern) =

Matrix

Use any one of the following 4 techniques to solve

PCT/US01/21311

initialMatrix(:,:,pattern) \ initialVector(:,channel,pattern);

% Use Cholesky Decomposition

$R_Matrix = chol(initialMatrix(:,:,pattern)):;
%Y _Vector
$coeffs(:,channel,pattern) = R Matrix \ Y Vector;

% Use Orthogonalization
$[Q Matrix,R Matrix,E Matrix] = gr(initialMatrix(:

59
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$Y_Vector = Q Matrix' * initialVector (:,channel,pattern);
%coeffs(:,channel,pattern) = R Matrix \ Y Vector;

[

Linear Regression

[coeffs(:,channel,pattern)] = regress{(...
initialVector(:,channel,pattern), ...
initialMatrix(:,:,pattern));

oc oo

o©

oo

Compute Residual Solution for Verification Purposes

RESIDUAL = (initialVector(:,channel,pattern) - ...
initialMatrix(:,:,pattern) * coeffs(:,channel,pattern))...

./ initialVector(:,channel,pattern);

end

end

% Finished Training on the given images
strcat ('Finished','...Training"')

$ Save the Regression Data in files
save (coeffsfile, 'coeffs');

save (matfile, "initialMatrix');
save(vecfile, 'initialVector');

% Optimize Memory Usage
clear initial>*;

pack;

pack;

0000000000000000000000C 00000000 0000000000 2000000000
66665ﬁﬁﬁﬁﬁﬁ66ﬁ66ﬁﬁ6666%%66666666%6ﬁ66ﬁ566Gﬁ%ﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁ
[ohge) o0
%% OFFSET IMAGE BY 0.5 PIXELS %%
0000000000 00000000000 2.C 00 0.0 9 00 0000000000000060000000
6ﬁﬁﬁﬁﬁﬁ6666666665ﬁﬁﬁﬁ%ﬁ666%666%66666656666666666665666

function [imgShift] = interpShift (img,method)

% Initializations
[r,c,m] = size(img):;
imgShift = zeros(r,c,3):;

% Create on-grid points
[2,y] = meshgrid(l:1l:r,1l:1:c);

% Create off-grid points (offset by 0.5 pixels)
[hx,hy] = meshgrid(1.5:1:x,1.5:1:c);

% Prepare data in all the color channels
zr = img(l:l:xr,l:1:¢c,1)';

zg = img(l:1l:r,1:1:c,2)"';
zb = img(l:1:r,1:1:¢c,3)"';

% Shift by interpolation
imgShift(l:1:r-1,1:1:c-1,1) = interp2(x,y,double(zr),hx,hy, method)';
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interp2 (x,y,double(zg), hx, hy,method)’
interp2 (x,y,double(zb), hx,hy, method)"

.
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el,el,e3,e2;...
e3,ed,ed,e2;...
e3,ed,el,e3;];

[e2,e2,el,ed;.

imgSVEC = blkproc{double (imgSVC), [4, 4], 'expmask’', sve mask);

Generate the SVEC image

Input the SVE Mask
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imgHDR,
size (imgLDR) ;

size (imgHDR) ;

h/2);

poly order,numpatterns, neigh,window_weights)

floor (sneigh/2);
sneig

sqgrt (neigh) ;

[theMatrix, solutionVector]

LearnCoeffs (imgLDR,

% Initialization regarding Pattern Neighborhoods
Pattern Repetition Width

% Initializations regarding size of images
sneigh

[rl, cl,numchannels]
[rh, ch,numchannels]
fsneigh

csneigh = ceil(

%

function
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rep_width = sqrt (numpatterns);

% Number of Training Data Points

k = floor((rl-(sneigh-1))/rep width)*...
flooxr{(cl-{sneigh-1))/rep_width);

% Initializa Data Structures

ParameterData = zeros(k,neigh*poly order);

HDR Training Data = zeros (k,numchannels);

% Data Structure for Normal Equations
theMatrix = zeros(neigh*poly order,neigh*poly order,numpatterns);
solutionVector = zeros(neigh*poly order,numchannels,numpatterns);

% Loop over different Patterns
pattern = 0;
for pati = l:l:rep_width,
for patj = l:l:rep width,
pattern = pattern+l;

% Loo
m=20
for i=1:1:sneigh,

for j=1l:1:sneigh,

m=m+1;

indi = i + pati - 1;
indj = 3§ + patj - 1;

p over the neighborhood

% Form the Parameter Data Matrix
ParameterData(:,m)=...
double (reshape (imgLDR...
(indi:rep_width:rl-max(sneigh+3-indi,0), ...
indj:rep width:cl-max(sneigh+3-indj,0)),k,1));

end
end

% Normalize patterns by their energy
energy(:,1) = sqgrt(sum(ParameterData(:,1l:1l:neigh).” 2,2));
avg_energy = mean(energy);
for m = l:1l:neigh,

ParameterData(:,m) = (ParameterData(:,m) - avg energy) ./ energy;
end

% Loop over the Polynomial Order
for order = 1l:1:poly order-1,
ParameterData (:,neigh*order+l:1l:neigh* (order+1)}=...
ParameterData(:, (order-1)*neigh+l:1l:neigh*order) .*...
ParameterData(:,1l:1:neigh);
end

% Loop over the Color Channels

for channel = 1l:1l:numchannels,
HDR Training Data(:,channel) = (double(reshape (imgHDR..
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(pati+fsneigh:rep width:rh~(csneigh+3-pati),...
patjt+fsneigh:rep width:ch-(csneigh+3-patj),channel),...
k,1)) - avg_energy) ./ energy;

end

% Set up the Regression Matrix
theMatrix(:, :,pattern) = ParameterData' * ParameterData;

% Set up the Solution Vector for all Color Channels
for channel = 1:1:numchannels,
solutionVector (:,channel,pattern) = ...
ParameterData' * HDR Training Data(:,channel);

end
end
end
}
Bttt ee 5055035325552 595%%95999299%%%29929929%%%
%% RECONSTRUCTING HIGH QUALITY DATA FROM %%
%% LOW QUALITY TEST DATA %%
%% LOW QUALITY DATA : 8-BIT SVEC IMAGE %%
%% HIGH QUALITY DATA : HIGH DYNAMIC RANGE + COLOR %%
0050500050525 55%3%95%%%9%53%%522525%59%9229%929%9%%

% Load Initialization File
load initfile;

% Load the computed Coefficients File
load(coeffsfile);

% File containing the list of low quality images
fid_test = fopen(testfile);

testcount = 0;

% Do until file ends
while 1

filename = fgetl (fid test);
if ~isstr(filename), break, end

% Read in the test HDR image
[imgHDR_test,mapH] = imread(filename);
[rt,ct,mt] = size(imgHDR test);

% Convert to SVC
imgSVC_test = imgZ2svc(double (imgHDR test));

% Convert to SVEC
imgSVE _test = svc2svec (imgSVC test,el,e2,e3,ed);

% Convert HDR to LDR
imgLDR_test = HDR2LDR (imgSVE test);
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)

% Add Gaussian Noise

imgLDR_test = double (imgLDR test) + normrnd(0,0.25,rt,ct);

o

% Apply coeffs to the image

imgComputed = ApplyCoeffs (coeffs,imgLDR test,poly order,.

numpatterns,neigh,window weight) ;

[

% Non-uniformly quantize output image (Optional)

PCT/US01/21311

imgNonUniformQuant = nonUniformQuant (uintl6 (imgComputed),el,e2,e3,e4);

% Output Image
imwrite (uintl6 (imgNonUniformQuant), ...
strcat ('E:\matlabril\svec\output\',filename), 'tif'");

clear img¥*;
testcount = testcount + 1

end

}

R R R R R EEE R EEEE LR R RELEERE R R LR L EEE R
% RECONSTRUCT HIGH QUALITY DATA BY APPLYING %%
%% COEFFICIENTS TO LOW QUALITY DATA %%
%% LOW QUALITY DATA: 8-BIT SVEC %%
R R R R R L L LR PR R RPN

function [imgHDR] = ApplyCoeffs(coeffs, imgLDR,poly order, .

numpatterns,neigh, window weights)
numchannels = 3;

% Initializations regarding LDR Image
[rl,cl,nc] = size (imgLDR);
imgHDR = zeros(rl,cl,numchannels);

% Initializations regarding pattern neighborhoods
sneigh = sqgrt (neigh);

fsneigh floor (sneigh/2);

csneigh = ceil (sneigh/2);

% Pattern Repetition Width
rep width = sqgrt (numpatterns);

% Number of Training Data Points
k = floor((rl-(sneigh-1))/rep width)*...
floor((cl-(sneigh-1))/rep width);

% Initializa Data Structure for Parameter Matrix
ParameterData = zeros (k,neigh*poly order);

% Loop over different Patterns

pattern = 0;
for pati = l:l:rep width,
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for patj = 1:1l:rep width,

pattern = pattern+l;

Loop over the pattern nelghborhood
0;

r i=1l:1:sneigh,

for j=1:1l:sneigh,

9
0

m
fo

m=m+1;
indi = i + pati - 1;
indj j + patj - 1;

[=)

% Form the Parameter Matrix
ParameterData(:,m)=window weights(i,]j)*..
double (reshape (imgLDR. . .
(indi:rep_width:rl-(sneigh+3-indi), ...
indj:rep width:cl-(sneigh+3-indj)),k,1));

end
end
% Normalize by pattern energy
energy(:,1) = sgrt(sum(ParameterData(:,l:1:neigh).”2,2));
avg_energy = mean(energy);
for m = 1l:1:neigh,

ParameterData(:,m) = ...

(ParameterData(:,m) - avg_energy) ./ energy;
end
% Loop over the Polynomial Order
for order = 1l:1l:poly order-1,

ParameterData (:,neigh*order+1l:1l:neigh* (order+l))=...
ParameterData(:, (order-1) *neigh+1l:1l:neigh*order) .*
ParameterData(:,1:1:neigh);

end

% Loop over each channel
for channel = l:1l:numchannels,

Q,

% Apply coeffs to the patterns and inverse normalize the patterns
HDR Data = (energy .*

(ParameterData * coeffs(:,channel,pattern))) + avg_energy;

% Reconstruct the High Quality Image

imgHDR (pati+fsneigh:rep width:rl-(csneigh+3-pati),...
patj+fsneigh:rep width:cl- (csneigh+3-patj),channel) =
reshape (HDR Data, floor((rl-(sneigh-1))/rep width),...

floor((cl-(sneigh~1))/rep width));
end

end

end
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5358585952 9%5858%0%935020300%0%0252%9%2229395935223%3%
%% NON-UNIFORM QUANTIZATION TO 1024 LEVELS 3%
539%9595955850%050500%05003585550%9%9%95259559593594%38

function [imgNUQuant,binmap] = nonUniformQuant (imgHDR,el,e2,e3,ed)
[r,c,m] = size(imgHDR);

% Right shift 4 bits to create 12 bit image
imgHDR = double (imgHDR) ./ 16.0;

imgNUQuant = zeros{r,c,m);

binmap = zeros(r,c);

% Initialize number of bins and levels
numbins = [256,256,256,256]"';
levels = 4096 * [ed,e3,e2,el]l’;

% Compute bin width for each level
width = zeros(4,1);

width(1l,1) = (levels(l,1) / numbins(1l,1)
width(2,1) ({levels{2,1) - levels(l,1)
width(3,1) ((levels(3,1) - levels(2,1)
width (4, 1) ((levels(4,1) - levels(3,1)

.
r

/ numbins(2,1)):
/ numbins (3,1));
/ numbins (4,1));

1

)
)
)
)

I

% Quantize according to the bin width in the particular level range
imgQl = imgHDR .* (imgHDR <= levels(1,1));

mapl = (1.0/width(l,1)) * (imgHDR <= levels(1,1));

imgQl = floor(imgQl ./ width(1l,1)) .* width(1,1);

imgQ2 = imgHDR .* (imgHDR <= levels(2,1) & imgHDR > levels(1,1)) -
levels(1,1);

map2 = (1.0/width(2,1)) * (imgHDR <= levels(2,1) & imgHDR > levels(1,1));

imgQ2 = levels(1l,1) + floor(imgQ2 ./ width(2,1)) .* width(2,1):;

imgQ3 = imgHDR .* (imgHDR <= levels(3,1) & imgHDR > levels(2,1)) -
levels(2,1);
map3 = (1.0/width(3,1)) * (imgHDR <= levels(3,1) & imgHDR > levels(2,1));
imgQ3 = levels(1l,1) + levels(2,1) +
floor (imgQ3 ./ width(3,1)) .* width(3,1);

imgQ4 = imgHDR .* (imgHDR <= levels(4,1) & imgHDR > levels(3,1)) -
levels(3,1);
mapd4 = (1.0/width(4,1)) * (imgHDR <= levels(4,1) & -imgHDR > levels(3,1));
imgQ4 = floor(imgQ4 ./ width(4,1)) .* width(4,1) + levels(l,1) +
levels(2,1) + levels(3,1);

% Combine to form Non-Uniformly Quantized Image

imgNUQuant = (imgQl + imgQ2 + imgQ3 + imgQ4) .* 16;
binmap = sqgrt(sum((mapl + map2 + map3 + map4d).” 2,3));
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% Pattern Neighborhood Size
neigh 6;
neigh = neigh * neigh;

% Cross terms
numcross = 0;

% Compute Window Weights

$window_weight = weights (neigh, numpatterns);

window weight = ones(sqgrt (neigh),sqrt(neigh),numpatterns);
% Initialize Input/Output File names

trainfile = 'train';

testfile = 'test';

% Initialize Filenames to save Regression Data
coeffsfile = '"Coeffs.mat’';

matfile = 'RegressionMatrix.mat’;

vecfile ='RegressionVector.mat';

% Save Initialization Parameters
save initfile *;

39958525 050585950950%52550500%5950%0%023230%0528828%%
% TRAINING USING HIGH QUALITY DATA 3%
%% HIGH QUALITY DATA : HIGH QUALITY COLOR %%
598855 59%85950%50%352%%59%099%99%3959%3930259%5250%%%

% Load Initializations
load initfile;

% Data Structure Initialization

initialMatrix=zeros(neigh*poly order+l+numcross,neigh*poly order+l...
+numcross, numpatterns);

initialVector = zeros(neigh*poly order+l+numcross,numchannels,numpatterns);

coeffs = zeros(neigh*poly order+l+numcross,numchannels,numpatterns);
000000 000000000000000000 00000000000.0000000000 00000.0000000000000
6’o’o‘ﬁ’d’o%’oﬁ’o’o’o’dﬁﬁ’é’o‘Eﬁﬁﬁﬁﬁﬁﬁ%ﬁﬁ’oﬁﬁ’o’oﬁﬁﬁﬁﬁﬁ’oﬁ6’0’oﬁ’oﬁ%ﬁﬁﬁﬁ’d’oﬁﬁﬁﬁﬁ’o’oﬁﬁﬁ’o’o
0.9 0.9
%% TRAINING PHASE %%

0 0 0. 0 Q. o. 0000000 000000000000000000000 000000000 00000
R AR R R R A R R A R R A AR R L PR R EEE LR R LR E L LR PR R T

traincount =0;

% Training Phase
fid train = fopen(trainfile);

% Do until file ends
while 1

filename = fgetl(fid train);
if ~isstr(filename), break, end

% Read in the train HDR image
[imgHDR train,mapH] = imread(filename);
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[ryc,m] = size(imgHDR train);
% Shift the image by 0.5 pixels
imgHDR_shift = interpShift (imgHDR train, 'cubic');

% Convert to SVC
imgSVC_train = img2svc (imgHDR train);
% Train using the image
[updatedMatrix,updatedvector] =
LearnCoeffs (imgSVC_train,imgHDR shift, ...

poly_ order,numpatterns,neigh,window weight);

’

[}

% For Normal Covariance

initialMatrix = initialMatrix + updatedMatrix;
initialVector = initialVector + updatedvVector;
traincount = traincount + 1

clear img*;

o . .

end % End Training - While 1

pack;

pack;
(=) 000 0O 0.0 0 0, 00000 0 0 0 0o 00000000000 000000000000 0.0 00 0 0000000
Bttt e s 2000050909 822885225552229229922922%2
[o] 000000000 ©. 0 0 o = 0.
5%55%2%%% LEAST SQUARES MINIMIZATION TEE25%55%%%
00000000000OOODODOOO0OOOOO000000OOOOOOOODOOOOOOOOODOO 000000000 Q0
TTTC0 0000606000000 00000 B0 0000000 sTTE 55300555 %T3ITL222%%3

% Optimize

pattern = 0;

for pati = l:1:sgrt(numpatterns),
for patj = l:sqgrt (numpatterns),
pattern = pattern+l;

1:
1:

cond(initialMatrix(:, :,pattern))
rank(initialMatrix(:,:,pattern))
% Find the initial guess by solving the linear system
for channel = 1:1:numchannels,

% Direct Inverse of Normal Eguations
coeffs(:,channel,pattern) =

initialMatrix(:,:,pattern) \ initialVector (:,channel,pattern);
% Use Cholesky Decomp

%R Matrix = chol(initialMatrix(:,:,pattern));

%Y Vector = R Matrix' \ initialVector (:,channel,pattern);
Scoeffs(:,channel,pattern) = R Matrix \ Y Vector;

oo

Use Orthogonalization
[Q Matrix,R Matrix,E Matrix] = gr(initialMatrix(:,:,pattern));
Y _Vector = Q Matrix' * initialVector(:,channel,pattern);

oo

oo
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%coeffs(:,channel,pattern) = R Matrix \ Y Vector;

o

Linear Regression
[coeffs(:,channel,pattern)] = regress{...
initialVector(:,channel,pattern),...

initialMatrix(:,:,pattern));

oo

o o

$RESIDUAL = (initialVector(:,channel,pattern) - ...
% initialMatrix(:, :,pattern) * coeffs(:,channel,pattern))...
3 ./ initialVector(:,channel,pattern);
end
end

end

% Finished Training on the given images
strcat ('Finished','...Training"')

% Save the Regression Data in files
save (coeffsfile, 'coeffs');

save (matfile, 'initialMatrix');

save (vecfile, 'initialVector');

% Optimize Memory Usage
clear initial¥*;

pack;
pack;

0.0 00 0.000000000000000000000000 0000000000000000000000
%6666%ﬁ666ﬁﬁﬁﬁﬁ66ﬁﬁﬁﬁ65666ﬁ6ﬁ6ﬁ%666666ﬁﬁﬁ6666666ﬁ66ﬁﬁﬁ
0. 0 o,
%% OFFSET IMAGE BY 0.5 PIXELS %%
00000000000000000000800000000000Q 00000000000 0000000000
6ﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁ5566666666666665566%66665ﬁ56656%666ﬁ66666ﬁ

function [imgShift] = interpShift (img,method)

% Initializations
[r,c,m] = size(img):;
imgShift = zeros(r,c,3);

% Create on-grid points
[%,y] = meshgrid(l:1l:x,1:1:c);

% Create off-grid points (offset by 0.5 pixels)
[hx,hy] = meshgrid(1.5:1:r,1.5:1:c);

% Prepare data in all the color channels

zr = img(l:1:r,1:1:c,1)';

zg = img(l:1:r,1:1:c,2)";
img(l:1:x,1:1:¢c,3)';

zb =

% shift by interpolation

imgShift (1:1:x-1,1:1:c-1,1) = interp2(x,y,double(zr),hx, hy,method)';
imgShift(l:1:r-1,1:1:c-1,2) = interp2(x,y,double(zg),hx,hy,method)"';
imgShift (l:1:xr-1,1:1:c-1,3) = interp2(x,y,double(zb),hx,hy,method)';
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fa—

3385555088 0505950%59%0%0%02555%%959%9%3%9%302305959438
3% CONVERT HIGH QUALITY IMAGE TO 3%
3% AN SVC BAYER PATTERN IMAGE 3%
B8%8%50920%300950%0050503950%0%0%58%0%0%32290939353%2

function [imgsvec] = img2svc (imgHDR)

[r,c,m] = size(imgHDR);

% Initialize SVC map
svc_map = zeros(r,c,m);

% Initialize R's
svc_map(l:2:xr,1:2:¢c,1) ce
ones (prod(size(l:2:r)),prod{size(l:2:c)));

$ Initialize G's

svc map(l:2:r,2:2:c,2)
ones (prod(size(1l:

svc_map(2:2:r,1:2:c,2)

ones (prod{size(2:

;L)),prod(size(Z:Z:c)));

NN

:éii,prod(size(1:2:c)));

% Initialize B's
svc_map(2:2:r,2:2:¢c, 3)
ones (prod{size(2:

:é;;,prod(size(2:2:c)));

N

% Initialize SVC Image
imgsvec = zeros(r,c);

% Generate the SVC map
for channel = 1:1:3
imgsvc = imgsve + ...
double(svc_map(:, :,channel))
end

using Bayer pattern

.* double (imgHDR(:,

function [theMatrix, solutionVector] = ...
LearnCoeffs (imgLDR, imgHDR, ...

PCT/US01/21311

:,channel));

poly order,numpatterns, neigh,window weights)

% Some initializations
[rl,cl,numchannels] =
[rh, ch, numchannels] =

size (imgLDR) ;
size (imgHDR) ;

sneigh = sqrt (neigh);

fsneigh = floor(sneigh/2);
csneigh = ceil(sneigh/2);
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% Number of cross terms
$numcross = prod(size(nchoosek((l:1l:neigh),2)))/2;
nuUMCross 0;

% Number of Data Points
k = floor((rl-(sneigh-1))/2)*floor((cl-(sneigh-1))/2);

numchannels = 3;

% Initializa Data Structures

ParameterData = zeros(k,neigh*poly order+l+numcross);
Parameterbata(:,neigh*poly order+l+numcross) = cnes(k,1);
HDR Training Data = zeros(k,numchannels);

% For Normal Eqg
theMatrix = zeros(neigh*poly order+1l+...
numcross, neigh*poly order+l+numcross,numpatterns);
solutionVector = zeros(neigh*poly order+l+...
numcross, numchannels, numpatterns) ;
% Loop over different Patterns
pattern = 0;

for pati = 1l:l:numpatterns/2,
for patj = 1l:l:numpatterns/2,
pattern = pattern+l;

% Loop over the neighborhood
= 0;
for i=l1:1:sneigh,
for j=1:1:sneigh,

m=m+1;

indi = i + pati - 1;

indj = j + patj - 1;

ParameterData(:,m)=window_weights(i,j,pattern)*...

double (reshape (imgLDR. ..
(indi:2:rl-(sneigh+l-indi), indj:2:cl-(sneigh+1l-indj)), k,1));

g

end
end

% Normalize by energy
energy(:,1) = sgrt(sum(ParameterData(:,l:1l:neigh).” 2,2)):
avg_energy = mean{energy);

for m = l:1:neigh,
ParameterData(:,m) =
(ParameterData(:,m) - avg_energy) ./ energy;
end
% Loop over the Polynomial Order
for order = 1:1l:poly order-1,
ParameterData(:,neigh*order+l:1:neigh* (order+l))=..
ParameterData(:, (order—-1) *neigh+1:1:neigh*oxrder) .*
ParameterData(:,1:1:neigh);
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end
% Loop over each color channel
for channel = 1:1:numchannels,
HDR Training Data(:,channel)

PCT/US01/21311

= (double (reshape (imgHDR..

(pati+fsneigh:2:rh-(csneigh+l-pati),

patj+fsneigh:2:ch~ (csneigh+l-patsj)
./ energy;

k,1)) - avg_energy)

end
% Set up the regression matrix
theMatrix(:, :,pattern) =
for channel = l:1:numchannels,
solutionVector (:

ParameterData’

, channel),

* ParameterData;

,channel, pattern) =

ParameterData' * HDR Training Data(.,channel);
end
end

end

5228528220555 5082%020%52555%000%%%%%%%5%5%%%%%%%%%
%% RECONSTRUCTING HIGH QUALITY DATA FROM %%
%% LOW QUALITY TEST DATA %%
%% OW QUALITY DATA : 8-BIT SVC IMAGE %%
%% HIGH QUALITY DATA : HIGH QUALITY COLOR %%
R R A R R R R L L LR LR R LR R R EEEEEEEEEE TP T

% Load Initialization File
load initfile;

% Load the computed Coefficients File
load(coeffsfile);

File containing the list of low quality images

fid test = fopen(testfile);

testcount = 0;

0.0.0. 0 000000000 0000000000000000000000
3555555555552 55%%35%%5%25%%%%%%%%%%
0 Q.

%% TESTING PHASE
0000000000000000000000000000000.00000 0
6‘666’6’0'6‘6666’5’06’0ﬁﬁ'ﬁﬁﬁﬁ‘ﬁ’o’éﬁﬁﬁ’o’o’oﬁ’u’oﬁﬁ’oﬁ%

% Do until file ends
while 1

filename =
if ~isstr(filename),

fgetl (fid_test);

% Read in the test HDR image

imread (filename) ;
size (imgHDR test);

imshow (imgHDR_ test);

[imgHDR test,mapH] =
[r,c,m] =
$figure,

% Convert to SVC

74

break, end



WO 02/05208 PCT/US01/21311

imgSVC_test = img2svc(imgHDR_test);

o

% Apply coeffs to the image
imgComputed = ApplyCoeffs(coeffs,imgSVC_test,poly order,...
numpatterns,neigh, window weight) ;

)

% Output Image
imwrite (uint8 (imgComputed), ...
strcat ('E:\matlabrlil\svc\output\', filename), 'bmp');

clear img*;
testcount = testcount + 1
end

clear all;

pack;

SRR R R R R R LA R R R R R TR R e R R R L L R R R LR R
%% RECONSTRUCT HIGH QUALITY DATA BY APPLYING %%
%% COEFFICIENTS TO LOW QUALITY DATA %%
%% LOW QUALITY DATA: 8-BIT SVC %%
Pt e eR et eeee000000009000%090%99%89%%9%%%%%

function [imgHDR] = ApplyCoeffs (coeffs, ...
imgLDR, poly order, numpatterns,neigh,window weights)

% Some Initializations

[rl,cl,nc] = size{imgLDR);
numchannels = 3;

imgHDR = zeros(rl,cl,numchannels);

sneigh = sqgrt(neigh);
fsneigh floor(sneigh/2);
csneigh = ceil(sneigh/2);

1l

o

Number of cross terms

$numcross = prod(size(nchoosek((l:1l:neigh),2)))/2;
numcross = 0;

% Number of Data Points
k = floor((rl-(sneigh-1))/2)*flooxr((cl-{sneigh-1))/2);

% Initialize data structures
ParameterData = zeros(k,neigh*poly order+l+numcross);

ParameterData(:,poly order*neigh+l+numcross) = ones(k,1);

-3

% Loop over all types of local patterns
pattern = 0;
for pati = 1l:1:sqgrt (numpatterns),
for patj = 1l:sqgrt (numpatterns),
pattern = pattern+l;

1:
1:
m =0;
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for i=1:1:sneigh,
for j=1:1:sneigh,

m=m+1;
indi = i + pati - 1;
indj = j + patj - 1;
ParameterData (:,m)=window weights (i, j,pattern)*...
double (reshape (imgLDR. ..
(indi:2:rl-(sneigh+l-indi),indj:2:cl- (sneigh+1-
indj)),k,1));
end
end
% Normalize by energy
energy(:,1) = sqrt(sum(ParameterData(:,1l:1:neigh)."2,2));
avg_energy = mean(energy);

for m = 1l:1:neigh,
ParameterData(:,m) = ...
(ParameterData(:,m) - avg_energy) ./ energy;
end
% Loop over the Polynomial Order
for order = 1l:1l:poly order-1,
ParameterData(:,neigh*order+l:1l:neigh* (order+1))=..
ParameterData(:, (order-1) *neigh+l:1l:neigh*order) .*
ParameterData(:,1:1:neigh);
end

% Loop over each color channel
for channel = 1l:1l:numchannels,
HDR Data = (energy .* ...
(ParameterData * coeffs(:,channel,pattern))) + avg energy;
imgHDR (pati+fsneigh:2:rl- (csneigh+l-pati), ...
patj+fsneigh:2:cl-(csneigh+l-patj),channel) = ...
.reshape (HDR Data, floor((rl-(sneigh-1))/2),
floor ((cl-(sneigh-1))/2));
end

end
end
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% Pattern Neighborhood Size
neigh = 5;

neigh = neigh * neigh;

% Number of cross terms

snumcross = prod{size({nchoosek(({l:1:neigh),2)))/2;
numcross = 0;

% SVE Exposures
el =1.0/2.0;

e2 =1.0/8.0;

e3 =1.0/32.0;
e4 =1.0/128.0;

% Number of overall exposures
numexp = 8;
expo = [1.0,0.5,0.7,0.3,1.5,2.0,3.0,0.1251";

% Compute Window Weights
$window_weight = weights(neigh,numpatterns);
window weight = ones(sqgrt (neigh), sqrt(neigh));

% Initialize Input/Output File names
trainfile = 'train';
testfile = 'test';

% Initialize Filenames to save Regression Data
coeffsfile = 'Coeffs.mat’';

matfile = 'RegressionMatrix.mat';

vecfile ='RegressionVector.mat';

% Save Initialization Parameters
save initfile *;

5395503958595 02555%5952295905959259522595995932239383
8% TRAINING USING HIGH QUALITY DATA 3%
%% HIGH QUALITY DATA : HIGH DYNAMIC RANGE %%
355950959453 058%509859%0253250803252252935923023852%3

% Load Initializations
load initfile;

% Data Structure Initialization

PCT/US01/21311

initialMatrix=zeros(neigh*poly order+l,neigh*poly order+l, numpatterns);

initialVector = zeros(neigh*poly order+l,numpatterns);
coeffs = zeros(neigh*poly order+l,numpatterns);
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traincount =0;

fid train = fopen(trainfile);
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i)

% Do until file ends
while 1

filename = fgetl(fid train);
if ~isstr(filename), break, end

% Read in the train HDR image
[imgHDR_ train,mapH] = imread{filename);
[r,c,m] = size(imgHDR train);

if (isrgb(imgHDR train))
imgHDR_train = rgb2gray(imgHDR train);
end

imgOriginal = double(imgHDR_train);

il

for expos 1:1:numexp,
for pati = 1l:1l:sqrt(numpatterns),
for patj = 1l:1l:sqgrt(numpatterns),

clear imgHDR train;
imgHDR train = double(uintl6 (imgOriginal(pati:l:x,patj:l:c)...
* expo(expos,1)));

% Convert to SVE
imgSVE_train = img2sve (imgHDR train,el,e2,e3,ed);

% Convert HDR to LDR
imgLDR_train = HDR2LDR{imgSVE train);
% Train using the image
[updatedMatrix,updatedVector] = ...
LearnCoeffs (imgLDR_train, imgHDR train,...
poly order,numpatterns,neigh,window weight);
% For Normal Covariance
initialMatrix = initialMatrix + updatedMatrix;
initialVector = initialVector + updatedVector;

traincount = traincount + 1
end
end
end
clear img*;

end % End Training - While 1

pack;
pack;
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Bttt e0T00550500209020%%9%09%9%%%9%%%%%%%%%

%% LEAST SQUARES MINIMIZATION %%

SRR R R R R LR R R TR R R R LR EE R LR R LR TR
% Optimize

for pattern = l:1:numpatterns,

cond(initialMatrix(:,:,pattern)
rank(initialMatrix(:, :,pattern)

%

Direct Inverse

coeffs(:,pattern)

initialMatrix(:

end

o

°

Finished Training on the

strcat ('Finished','...Trai

%

Save the Regression Data
save(coeffsfile, 'coeffs');

save (matfile, 'initialMatrix

save(vecfile, 'initialVecto

%

Optimize Memory Usage

clear initial*;

pack;

pack;

335350225 382255955%9%%9%%%
%% CONVERT FROM HI
%% IMAGE TO

00000000000000000000000000
3555525553592 9995%%%%5%%%

function [imgsve] img2sv

[r,c] size (imgHD
sve_map = ones(r,c

% Generate the SVE

for i=1:2:r-1,

for 4=1:2:c-1,
sve map(i,J)
sve_map (i,j+1)
sve map (i+l,3)
sve_map (i+1,j+1)

end

end

%

Generate the SVE
imgsve = double (im
2%%%

UPDATING REGRESS

9_

oo
oo

2%% $292%332%%%

o
I

o oe

aoe

1.
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of Normal Equations

;i,pattern) \ initialVector(:,pattern);

given images
ning')

in files

')
r');

$9935223%55552355593395%5%83
GH DYNAMIC RANGE 3%
SVEC IMAGE %%

000000
TOTO0D

@

00000000
©60C000T

e (imgHDR, el, e2,
R);

)

map

0/el;
1.0/e2;
1.0/e3;
1.0/e4;

image

gHDR) ./ double(sve map);

%

0)

52533225 8%%%%

N MATRIX AND VECTOR
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function [theMatrix, solutionVector] = ...
LearnCoeffs (imgLDR, imgHDR,
poly order,numpatterns, neigh,window_weights)

% Some initializations
[rl,cl] = size(imgLDR);
[rh,ch] = size(imgHDR) ;

sneigh = sqgrt(neigh);
fsneigh = floor(sneigh/2);
csneigh = ceil(sneigh/2);

% Number of Data Points
k = floor((rl-(sneigh-1))/2)*floor{(cl-(sneigh-1))/2);

¢ Initializa Data Structures

ParameterData = zeros(k,neigh*poly order+l);
ParameterData(:,neigh*poly order+l) = ones{(k,1);
HDR Training Data = zeros(k,1);

% For Normal Eqg
theMatrix = zeros(neigh*poly order+l,neigh*poly order+l,numpatterns);
solutionVector = zeros(neigh*poly order+l,numpatterns);

$ Loop over different Patterns
pattern = 0;
for pati = 1l:1:sqgrt (numpatterns),
for patj = l:l:sqgrt(numpatterns),
pattern = pattern+l;

% Loop over the neighborhood
0;

=]

for i=l:1:sneigh,
for j=1l:1:sneigh,

m=m+1;

indi = i + pati - 1;

indj = j + patj - 1;

ParameterData (:,m)=window_weights(i,j)*...
double (reshape (imgLDR. ..

(indi:2:rl-(sneigh+l-indi), ...
indj:2:cl-(sneigh+1-indj)), k,1));

end
end

% Normalize by energy
energy(:,1) = sgrt(sum(ParameterData(:,1:1:neigh).” 2,2));
avg_energy = mean({energy);

for m = 1:1:poly order*neigh+l,

ParameterData(:,m) = (ParameterData(:,m) - avg_energy) ./ energy;
end
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% Loop over the Polynomial Order
for order = 1l:1:poly order-1,

ParameterData(:,neigh*order+l:1:neigh* (order+l))=...

PCT/US01/21311

ParameterData (:, (order-1) *neigh+l:1l:neigh*order) .*

ParameterData(:,1l:1:neigh);

end

% Setup the right side vector

HDR Training Data = (double (reshape (imgHDR...
(pati+fsneigh:2:rh~(csneigh+l-pati), ...
patj+fsneigh:2:ch-(csneigh+l-pati)), ...
k,1)) - avg energy) ./ energy;

[}

% Set up the regression matrix

theMatrix(:, :,pattern) = (ParameterData') * (ParameterData);

solutionVector(:,pattern) = ...
(ParameterData') * (HDR Training_Data);

end

end

000000t 5%%%55555222%%5%%%%2%%%
%% RECONSTRUCTING HIGH QUALITY DATA FROM %%
%% LOW QUALITY TEST DATA %%
%% LOW QUALITY DATA : 8-BIT SVE IMAGE %%
%% HIGH QUALITY DATA : HIGH DYNAMIC RANGE %%
0585000555002 %%%%55%55929992992%929%9929%%

% Load Initialization File
load initfile;

% Load the computed Coefficients File
load(coeffsfile);

% File containing the list of low quality images
fid test = fopen(testfile);

testcount = 0;

0.0 000000000 0000000000000 O0 0000000000000 O,
5555500355355 35555052595 25%%929%%%%%%
0o 0. 0
% TESTING PHASE %%
0.0 0 000000 0000000000 00 0 00000000000000000 00
550355255520 35555%%0%555%%%%999%%9%999%%%%

$ Do until file ends
while 1

filename = fgetl(fid test);
if ~isstr(filename), break, end

% Read in the test HDR image
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[imgHDR_test,mapH] = imread(filename);
[rt,ct] = size(imgHDR test);

if (isrgb(imgHDR_test))

imgHDR_test = rgb2gray(imgHDR_test);

end

% Convert to SVE
imgSVE test = img2sve(double(imgHDR _test),el,e2,e3,e4);

% Convert HDR to LDR
imgLDR_test = HDR2LDR(imgSVE_ test);

)

% Apply coeffs to the image

PCT/US01/21311

imgComputed = ApplyCoeffs(coeffs,imgLDR_test,poly order,...

oo

[+)
]
%

%

numpatterns, neigh,window_weight) ;

Non-uniformly quantize output image
imgNonUniformQuant = nonUniformQuant...

{(uint16 (imgComputed),el,e2,e3,e4);

Output Image

imwrite (uint16 (imgComputed), .

strcat ('E:\matlabrli\sve\output\',filename), 'tif');

$imwrite (uint16 (imgNonUniformQuant), ...

strcat (''E:\matlabrll\sve\output\'',filename), 'tif");

clear img*;

testcount = testcount + 1

end

clear all;

pack;
Rt LR b R R R R R A R L R R E R L E R R R R TR L
%% RECONSTRUCT HIGH QUALITY DATA BY APPLYING %%
3% COEFFICIENTS TO LOW QUALITY DATA %%
%% LOW QUALITY DATA: 8-BIT SVE %%
SRR LR R bR R R AR R R R AR E L A R R R R R R LR R E R TR T T

function [imgHDR] = ApplyCoeffs(coeffs,.
imgLDR, poly order,numpatterns,neigh,window_weights)

% Some Initializations
[rl,cl] = size (imgLDR);

imgHDR

snei

fsneigh

zeros(xl,cl);
gh = sqrt (neigh);
floor(sneigh/2);

csneigh = ceil(sneigh/2);

3
k=

Number of Data Points

floor {{rl-(sneigh-1))/2)*floor((cl-(sneigh-1))/2);
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ParameterData = zeros(k,neigh*poly order+l);
ParameterData(:,poly_order*neigh+1) = ones(k,1);

% Loop over all patterns
pattern = 0;
for pati = 1:1:sqgrt (numpatterns),
for patj = 1l:l:sqgrt(numpatterns),
pattern = pattern+l;

m = 0;
for i=1:1:sneigh,
for j=1l:1l:sneigh,

m=m+1;
indi = i + pati - 1;
indj = j + patj - 1;
ParameterData(:,m)=window_weights(i,j)*...
double (reshape (imgLDR. ..
(indi:2:rl-(sneigh+l-indi), ...
indj:2:cl-(sneigh+l-indj)), k,1));
end
end
% Normalize by energy
energy(:,1) = sgrt(sum(ParameterData(:,1:1:neigh).”2,2));
avg_energy = mean{energy);

for m = 1l:1:poly order*neigh+l,
ParameterData(:,m) = ...
(ParameterData(:,m) - avg_energy) ./ energy;
end

% Loop over the Polynomial Order
for order = l:1:poly order-1,
ParameterData(:,neigh*order+l:1:neigh* (order+l))=...
ParameterData(:, (order-1)*neigh+l:1:neigh*order) .*
ParameterData(:,1l:1:neigh);
end

HDR Data = (enexgy .* ...
(ParameterData * coeffs(:,pattern))) + avg_energy;
imgHDR (pati+fsneigh:2:rl- (csneigh+l-pati), .
patj+fsneigh:2:cl-(csneigh+l-patj)) = ..
reshape (HDR_Data, floor((rl-(sneigh-1))/2),...
floor ((cl-(sneigh-1))/2));

end
end
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WE CLAIM:
1. A method for deriving enhanced-resolution data, comprising:

receiving a first set of data generated using a plurality of sensitivity characteristics

arranged in a locally inhomogeneous measurement pattern; and

using a model to process the first set of data, thereby generating a second set of data, the

model having a first model parameter which is determined using a learning procedure.

2. A method according to claim 1, wherein the plurality of sensitivity characteristics comprises

one of:
a plurality of intensity sensitivity characteristics;
a plurality of wavelength sensitivity characteristics;
a plurality of time range sensitivity characteristics;
a plurality of polarization sensitivity characteristics;
a plurality of distance sensitivity characteristics;
a plurality of temperature sensitivity characteristics; and
a plurality of magnetic resonance signal sensitivity characteristics.

3. A method according to claim 1, wherein the plurality of sensitivity characteristics comprises:

a plurality of intensity sensitivity characteristics; and

a plurality of wavelength sensitivity characteristics.
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4, A method according to claim 1, wherein at least one of the plurality of sensitivity

characteristics has a dependence of a measurement sensitivity on one of:
an electromagnetic signal wavelength; and
an acoustic signal wavelength.

5. A method according to claim 1, wherein in the plurality of sensitivity characteristics
comprises first and second sensitivity characteristics, the first model parameter corresponding to the first
sensitivity charécteristic, the model further having a second model parameter corresponding to the second
sensitivity characteristic, the first set of data comprising first and second data values, the first data value
being measured using the first sensitivity characteristic, the second data value being measured using the
second sensitivity characteristic, and wherein the step of using the model comprises applying at least one
polynomial function to the first and second data values to thereby generate at least a third data value, the
third data value being a member of the second set of data, the first model parameter controlling
application of the at least one polynomial function to the first data value, and the second model parameter

controlling application of the at least one polynomial function to the second data value.

6. A method according to claim 5, wherein the at least one polynomial function each has at

least one coefficient comprising one of the first and second model parameters.

7. A method according to claim 6, wherein the first and second sets of data each comprise
image data, the first sensitivity characteristic comprises an intensity sensitivity characteristic, and the

second sensitivity characteristic comprises a wavelength sensitivity characteristic.

8. A method according to claim 1, wherein the first set of data is image data generated by an

image sensor of a camera.
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9. A method according to claim 8, wherein the camera comprises one of an SVE camera, and

SVC camera, and an SVEC camera.

10. A method for learning a model for use in data resolution enhancement, comprising:
an image processing step of processing a plurality of high quality images, the image

processing step comprising:

applying a simulated detector response function to each of the plurality of high

quality images to thereby generate a set of training data,

applying a locally inhomogeneous mosaic pattern function to the training data to

thereby generate a set of reduced quality data,
calculating a weighted normal matrix of the reduced quality data,
adding the weighted normal matrix to a matrix sum,
calculating a regression vector of the reduced quality data, and
adding the regression vector to a vector sum;
using the matrix sum to determine an accumulated normal matrix;
using the vector sum to determine an accumulated regression vector; and

solving a least squares equation to determine a coefficient matrix of a model for generating
enhanced resolution data, the least squares equation comprising a first side and a second side, the first side
comprising a product of the accumulated normal matrix and the coefficient matrix, the second side
comprising the accumulated regression vector, and the coefficient matrix comprising coefficients of a

polynomial function.
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11. A method according to claim 10, wherein the image processing step further comprises
downgrading the reduced quality data before the steps of calculating the weighted normal matrix and

calculating the regression vector.
12. A method for sensing signals in at least one dimension, comprising:

acquiring a first measurement set comprising at least one measurement of a first signal set,
the first signal set comprising at least one signal from a first region in at least one dimension, the first
measurement set being based on first and second sensitivity characteristics with respect to the first signal
set, the first sensitivity characteristic having a first characteristic type, and the second sensitivity

characteristic having a second characteristic type;

acquiring a second measurement set comprising at least one measurement of a second
signal set, the second signal set comprising at least one signal from a second region in the at least one
dimension, the second measurement set being based on the first sensitivity characteristic with respect to
the second signal set, the second measurement set being further based on a third sensitivity characteristic
with respect to the second signal set, the third sensitivity characteristic having the second characteristic

type, and the third sensitivity characteristic being different from the second sensitivity characteristic; and

acquiring a third measurement set comprising at least one measurement of a third signal
set, the third signal set comprising at least one signal from a third region in the at least one dimension, the
third measurement set being based on a fourth sensitivity characteristic with respect to the third signal set,
the fourth sensitivity characteristic having the first characteristic type, and the fourth sensitivity

characteristic being different from the first sensitivity characteristic.

13. A method according to claim 12, wherein at least one dimension comprises one of:

88



WO 02/05208 PCT/US01/21311

a spatial dimension; and
a temporal dimension.
14. A method according to claim 12, wherein at least one of the first and second characteristic
types is each a respective sensitivity characteristic dependence on one of:
signal intensity; and
signal wavelength.
15. A method according to claim 12, wherein the first characteristic type is a sensitivity

characteristic dependence on signal wavelength, and the second characteristic type is a sensitivity

characteristic dependence on signal intensity.

16. A method according to claim 15, wherein the first sensitivity characteristic has a reduced
sensitivity to electromagnetic radiation having a wavelength outside an approximately green color

wavelength range,

17. A method according to claim 16, wherein the fourth sensitivity characteristic has a reduced
sensitivity to electromagnetic radiation having a wavelength outside one of:
an approximately red color wavelength range; and

an approximately blue color wavelength range.

18. A method according to claim 17, further comprising using the first, second, and third

measurement sets to form an image of a scene, the scene comprising the first, second, and third regions.

19. A method for measuring signals in at least one dimension, comprising:
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acquiring a first measurement set comprising at least one measurement of a first signal set,
the first signal set comprising at least one signal from a first region in at least one dimension, the first
measurement set having first, second, and third sensitivity characteristics with respect to the first signal
set, the first sensitivity characteristic having a first characteristic type, the second sensitivity characteristic
having a second characteristic type, and the third sensitivity characteristic having a third characteristic

type; and

acquiring a second measurement set comprising at least one measurement of a second
signal set, the second signal set comprising at least one signal from a second region in the at least one
dimension, the second measurement set having the first sensitivity characteristic with respect to the
second signal set, the second measurement set further having fourth and fifth sensitivity characteristics
with respect to the second signal set, the fourth sensitivity characteristic having the second characteristic
type, the fifth sensitivity characteristic having the third characteristic type, the fourth sensitivity
characteristic being different from the second sensitivity characteristic, and the fifth sensitivity

characteristic being different from the third sensitivity characteristic.
20. A method according to claim 19, wherein the at least one dimension comprises one of:
a spatial dimension; and
a temporal dimension.

21. A method according to claim 19, wherein at least one of the first, second, and third

characteristic types is each a respective sensitivity characteristic dependence on one of:
signal intensity; and
signal wavelength.

90



WO 02/05208 PCT/US01/21311

22. A method according to claim 19, wherein the first characteristic type is a sensitivity
characteristic dependence on signal wavelength, and at least one of the second and third characteristic

types is each a respective sensitivity characteristic dependence on signal intensity.

23. A method according to claim 22, wherein the first sensitivity characteristic comprises a
reduced sensitivity to electromagnetic radiation having a wavelength outside an approximately green

color wavelength range.

24. A method according to claim 23, further comprising using the first and second

measurement sets to form an image of a scene, the scene comprising the first and second regjons.
25.  Anapparatus for deriving enhanced-resolution data, comprising:

a data generator for generating a first set of data using a plurality of sensitivity

characteristics arranged in a locally inhomogeneous measurement pattern; and

a model processor for processing the first set of data, for generating a second set of data,

the model processor having a first model parameter which is determined using a learning procedure.

26.  An apparatus according to claim 25, wherein the plurality of sensitivity characteristics

comprises one of:
a plurality of intensity sensitivity characteristics;
a plurality of wavelength sensitivity characteristics;
a plurality of time range sensitivity characteristics;
a plurality of polarization sensitivity characteristics;

a plurality of distance sensitivity characteristics;
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a plurality of temperature sensitivity characteristics; and
a plurality of magnetic resonance signal sensitivity characteristics.

27.  An apparatus according to claim 25, wherein the plurality of senmsitivity characteristics

comprises:
a plurality of intensity sensitivity characteristics; and
a plurality of wavelength sensitivity characteristics.

28.  An apparatus according to claim 25, wherein at least one of the plurality of sensitivity

characteristics has a dependence of a measurement sensitivity on one of:
an electromagnetic signal wavelength; and

an acoustic signal wavelength.

29.  An apparatus according to claim 25, wherein the plurality of sensitivity characteristics
comprises first and second sensitivity characteristics, and the first model parameter corresponds to the
first sensitivity characteristic, the model processor further having a second model parameter
corresponding to the second sensitivity characteristic, the first set of data comprising first and second data
values, the data generator generating the first data value using the first sensitivity characteristic, the data
generator generating the second data value using the second sensitivity characteristic, and wherein the
model processor applies at least one polynomial function to the first and second data values to thereby
generate at least a third data \}alue, the third data value being a member of the second set of data, the first
model parameter controlling application of the at least one polynomial function to the first data value, and
the second model parameter controlling application of the at least one polynomial function to the second
data value.
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30.  An apparatus according to claim 29, wherein the at least one polynomial function each has

at least one coefficient comprising one of the first and second model parameters.

31.  An apparatus according to claim 30, wherein the first and second sets of data each
comprise image data, the first sensitivity characteristic comprises an intensity sensitivity characteristic,

and the second sensitivity characteristic comprises a wavelength sensitivity characteristic.

32.  An apparatus according to claim 25, wherein the data generator comprises an image sensor
of a camera.
33, Anapparatus according to claim 32, wherein the camera comprises one of an SVE camera,

an SVC camera, and an SVEC camera.
34.  An apparatus for a learning model for use in data resolution enhancement, comprising:
a first processor for processing a plurality of high quality images, comprising:

a second processor for applying a simulated detector response function to each of

the plurality of high quality images to thereby generate a set of training data,

a third processor for applying a locally inhomogeneous mosaic pattern function to

the training data to thereby generate a set of reduced quality data,

a fourth processor for calculating a weighted normal matrix of the reduced quality

data,
a fifth processor for adding the weighted normal matrix to a matrix sum,
a sixth processor for calculating a regression vector of the reduced quality data, and

a seventh processor for adding the regression vector to a vector sum;
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an eighth processor for using the matrix sum to determine an accumulated normal matrix;

a ninth processor for using the vector sum to determine an accumulated regression vector;

and

a tenth processor for solving a least squares equation to determine a coefficient matrix of a
model for generating enhanced resolution data, the least squares equation comprising a first side and a
second side, the first side comprising a product of the accumulated normal matrix and the coefficient
matrix, the second side comprising the accumulated regression vector, and the coefficient matrix

comprising coefficients of a polynomial function.

35.  An apparatus according to claim 34, wherein the first processor further comprises an

eleventh processor for downgrading the reduced quality data.
36. A signal detection apparatus, comprising;

a first detector set comprising at least one detector operable to receive a first signal set, the
first signal set comprising at least one signal from a first region in at least one dimension, the first detector
set having first and second sensitivity characteristics with respect to the first signal set, the first sensitivity
characteristic having a first characteristic type, and the second sensitivity characteristic having a second

characteristic type;

a second detector set comprising at least one detector operable to receive a second signal
set, the second signal set comprising at least one signal from a second region in the at least one
dimension, the second detector set having the first sensitivity characteristic with respect to the second

signal set, the second detector set further having a third sensitivity characteristic with respect to the
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second signal set, the third sensitivity characteristic having the second characteristic type, and the third

sensitivity characteristic being different from the second sensitivity characteristic; and

a third detector set comprising at least one detector operable to receive a third signal set,
the third signal set comprising at least one signal from a third region in the at least one dimension, the
third detector set having a fourth sensitivity characteristic with respect to the third signal set, the fourth
sensitivity characteristic having the first characteristic type, and the fourth sensitivity characteristic being

different from the first sensitivity characteristic.
37.  An apparatus according to claim 36, wherein the at least one dimension comprises one of:
a spatial dimension; and
a temporal dimension.

38.  An apparatus according to claim 36, wherein at least one of the first and second

characteristic types is each a respective sensitivity characteristic dependence on one of:
signal intensity; and
signal wavelength.

39.  An apparatus according to claim 36, wherein the first characteristic type is a sensitivity
characteristic dependence on signal wavelength, and the second characteristic type is a sensitivity

characteristic dependence on signal intensity.

40.  An apparatus according to claim 39, wherein the first sensitivity characteristic has a
reduced sensitivity to electromagnetic radiation having a wavelength outside an approximately green

color wavelength range.
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41.  An apparatus according to claim 40, wherein the fourth sensitivity characteristic has a

reduced sensitivity to electromagnetic radiation having a wavelength outside one of:
an approximately red color wavelength range; and
an approximately blue color wavelength range.

42. A method according to claim 41, further comprising a processor for using the first, second,
and third measurement sets to form an image of a scene, the scene comprising the first, second, and third

regions.
43. A signal detection apparatus, comprising:

a first detector set comprising at least one detector operable to receive a first signal set, the
first signal set comprising at least one signal from a first region in at least one dimension, the first detector
set having first, second, and third sensitivity characteristics with respect to the first signal set, the first
sensitivity characteristic having a first characteristic type, the second sensitivity characteristic having a

second characteristic type, and the third sensitivity characteristic having a third characteristic type; and

a second detector set comprising at least one detector operable to receive a second signal
set, the second signal set comprising at least one signal from a second region in the at least one
dimension, the second detector set having the first sensitivity characteristic with respect to the second
signal set, the second detector set further having fourth and fifth sensitivity characteristics with respect to
the second signal set, the fourth sensitivity characteristic having the second characteristic type, the fifth
sensitivity characteristic having the third characteristic type, the fourth sensitivity characteristic being
different from the second sensitivity characteristic, and the fifth sensitivity characteristic being different

from the third sensitivity characteristic.
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44.  An apparatus according to claim 43, wherein the at least one dimension comprises at least

one of:
a spatial dimension; and
a temporal dimension.

45.  An apparatus according to claim 43, wherein at least one of the first, second, and third

characteristic types is each a respective sensitivity characteristic dependence on one of:
signal intensity; and
signal wavelength.

46.  An apparatus according to claim 43, wherein the first characteristic type is a sensitivity
characteristic dependence on signal wavelength, and at least one of the second and third characteristic

types is each a respective sensitivity characteristic dependence on signal intensity.

47.  An apparatus according to claim 46, wherein the first sensitivity characteristic comprises a
reduced sensitivity to electromagnetic radiation having a wavelength outside an approximately green

color wavelength range.

48. A method according to claim 47, further comprising a processor for using the first and

second measurement sets to form an image of a scene, the scene comprising the first and second regions.

49. A computer-readable medium having a set of instructions operable to direct a processor to

perform the steps of:

receiving a first set of data generated using a plurality of semsitivity characteristics

arranged in a locally inhomogeneous measurement pattern; and
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using a model to process the first set of data, thereby generating a second set of data, the

model having a first model parameter which is determined using a learning procedure.

50. A computer-readable medium according to claim 49, wherein the plurality of sensitivity

characteristics comprises at least one of:
a plurality of intensity sensitivity characteristics;
a plurality of wavelength sensitivity characteristics;
a plurality of time range sensitivity characteristics;
a plurality of polarization sensitivity characteristics;
a plurality of distance sensitivity characteristics;
a plurality of temperature sensitivity characteristics; and
a plurality of magnetic resonance signal sensitivity characteristics.

51. A computer-readable medium according to claim 49, wherein the plurality of sensitivity

characteristics comprises:
a plurality of intensity sensitivity characteristics; and
a plurality of wavelength sensitivity characteristics.

52. A computer-readable medium according to claim 49, wherein at least one of the plurality

of sensitivity characteristics has a dependence of a measurement sensitivity on one of:
an electromagnetic signal wavelength; and

an acoustic signal wavelength.

98



WO 02/05208 PCT/US01/21311

53. A computer-readable medium according to claim 49, wherein the plurality of sensitivity
characteristics comprises first and second sensitivity characteristics, and the first model parameter
corresponds to the first sensitivity characteristic, the model further having a second model parameter -
corresponding to the second sensitivity characteristic, the first set of data comprising first and second data
values, the first data value being measured usiﬁg the first sensitivity characteristic, the second data value
being measured using the second sensitivity characteristic, and wherein the step of using the model
comprises applying at least one polynomial function to the first and second data values to thereby
generate at least a third data value, the third data value being 2 member of the second set of data, the first
model parameter controlling application of the at least one polynomial function to the first data value, and
the second model parameter controlling application of the at least one polynomial function to the second

data value.

54. A computer-readable medium according to claim 53, wherein the at least one polynomial

function each has at least one coefficient comprising one of the first and second model parameters.

55. A computer-readable medium according to claim 54, wherein the first and second sets of
data cach comprise image data, the first sensitivity characteristic comprises an intensity sensitivity

characteristic, and the second sensitivity characteristic comprises a wavelength sensitivity characteristic.

56. A computer-readable medium according to claim 49, wherein the first set of data is image

data generated by an image sensor of a camera.

57. A computer-readable medium according to claim 56, wherein the camera comprises one of

an SVE camera, an SVC camera, and an SVEC camera.
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58. A computer-readable medium having a set of instructions operable to direct a processor to

perform the steps of:

an image processing step of processing a plurality of high quality images, the image

processing step comprising:

applying a simulated detector response function to each of the plurality of high

quality images to thereby generate a set of training data,

applying a locally inhomogenous mosaic pattern function to the training data to

thereby generate a set of reduced quality data,
calculating a weighted normal matrix of the reduced quality data,
adding the weighted normal matrix to a matrix sum,
calculating a regression vector of the reduced quality data, and
adding the regression rector to a rector sum;
using the matrix sum to determine an accumulated normal matrix;
using the vector sum to determine an accumulated regression vector; and

solving a least squares equation to determine a coefficient matrix of a model for generating
enhanced resolution data, the least squares equation comprising a first side and a second side, the first side
comprising a product of the accumulated normal matrix and the coefficient matrix, the second side
comprising the accumulated regression vector, and the coefficient matrix comprising coefficients of a

polynomial function.
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59. A computer-readable medium according to claim 58, wherein the image processing step
further comprises downgrading the reduced quality data before the sfeps of calculating the weighted

normal matrix and calculating the regression vector.

60. A computer-readable medium having a set of instructions operable to direct a processor to

perform the steps of:

acquiring a first measurement set comprising at least one measurement of a first signal set,
the first signal set comprising at least one signal from a first region in at least one dimension, the first
measurement set being based on first and second sensitivity characteristics with respect to the first signal
set, the first sensitivity characteristic having a first characteristic type, and the second sensitivity

characteristic having a second characteristic type;

acquiring a second measurement set comprising at least one measurement of a second
signal set, the second signal set comprising at least one signal from a second region in the at least one
dimension, the second measurement set being based on the first sensitivity characteristic with respect to
the second signal set, the second measurement set being further based on a third sensitivity characteristic
with respect to the second signal set, the third sensitivity characteristic having the second characteristic

type, and the third sensitivity characteristic being different from the second sensitivity characteristic; and

acquiring a third measurement set comprising at least one measurement of a third signal
set, the third signal set comprising at least one signal from a third region in the at least one dimension, the
third measurement set being based on a fourth sensitivity characteristic with respect to the third signal set,
the fourth sensitivity characteristic having the first characteristic type, and the fourth sensitivity

characteristic being different from the first sensitivity characteristic.
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61. A computer-readable medium according to claim 60, wherein the at least one dimension

comprises one of:
a spatial dimension; and
a temporal dimension.

62. A computer-readable medium according to claim 60, wherein at least one of the first and

second characteristic types is each a respective sensitivity characteristic dependence on one of:
signal intensity; and
signal wavelength.

63. A computer-readable medium according to claim 60, wherein the first characteristic type is
a sensitivity characteristic dependence on signal wavelength, and the second characteristic type is a

sensitivity characteristic dependence on signal intensity.

64. A computer-readable medium according to claim 63, wherein the first sensitivity
characteristic has a reduced sensitivity to electromagnetic radiation having a wavelength outside an

approximately green color wavelength range.

65. A computer-readable medium according to claim 64, wherein the fourth sensitivity

characteristic has a reduced sensitivity to electromagnetic radiation having a wavelength outside one of:
an approximately red color wavelength range; and

an approximately blue color wavelength range.
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66. A computer-readable medium according to claim 65, wherein the set of instructions is
further operable to direct the processor to use the first, second, and third measurement sets to- form an

image of a scene, the scene comprising the first, second, and third regions.

67. A computer-readable medium according to claim 60, wherein the processor and the
computer-readable medium are disposed within a camera having an image sensor for acquiring the first,

second, and third measurement sets.

68. A computer-readable medium according to claim 67, wherein the camera comprises one of

an SVE camera, an SVC camera, and an SVEC camera.

69. A computer-readable medium having a set of instructions operable to direct a processor to

perform the steps of:

acquiring a first measurement set comprising at least one measurement of a first signal set,
the first signal set comprising at least one signal from a first region in at least one dimension, the first
measurement set having first, second, and third sensitivity characteristics with respect to the first signal
set, the first sensitivity characteristic having a first characteristic type, the second sensitivity characteristic
having a second characteristic type, and the third sensitivity characteristic having a third characteristic

type; and

acquiring a second measurement set comprising at least one measurement of a second
signal set, the second signal set comprising at least one signal from a second region in the at least one
dimension, the second measurement set having the first sensitivity characteristic with respect to the
second signal set, the second measurement set further having fourth and fifth sensitivity characteristics

with respect to the second signal set, the fourth sensitivity characteristic having the second characteristic
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type, the fifth sensitivity characteristic having the third characteristic type, the fourth sensitivity
characteristic being different from the second sensitivity characteristic, and the fifth sensitivity

characteristic being different from the third sensitivity characteristic.

70. A computer-readable medium according to claim 69, wherein the at least one dimension

comprises one of:
a spatial dimension; and
a temporal dimension.

71. A computer-readable medium according to claim 69, wherein at least one of the first,

second, and third characteristic types is each a respective sensitivity characteristic dependence on one of:
signal intensity; and
signal wavelength.

72. A computer-readable medium according to claim 69, wherein the first characteristic type is
a sensitivity characteristic dependence on signal wavelength, and at least one of the second and third

characteristic types is each a respective sensitivity characteristic dependence on signal intensity.

73. A computer-readable medium according to claim 72, wherein the first sensitivity
characteristic comprises a reduced sensitivity to electromagnetic radiation having a wavelength outside an

approximately green color wavelength range.

74. A computer-readable medium according to claim 73, wherein the set of instructions is
further operable to direct the processor to use the first and second measurement sets to form an image of a

scene, the scene comprising the first and second regions.
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75. A computer-readable medium according to claim 69, wherein the processor and the

computer-readable medium are disposed within a camera having an image sensor for acquiring the first

and second measurement sets.

76. A computer-readable medium according to claim 75, wherein the camera comprises one of

an SVE camera, an SVC camera, and an SVEC camera.

105



PCT/US01/21311

WO 02/05208

1/38

»
801

0¢l

[ "DId




WO 02/05208 PCT/US01/21311
2/38. .

exposures

‘Space CO]OI'S .




WO 02/05208 PCT/US01/21311
3/38

FIG.3




WO 02/05208

PCT/US01/21311

4/38

402 — RECEIVE 1ST DATUM
404 — RECEIVE 2ND DATUM |
408 —| APPLY 1ST COEFFICIENT | |
TO 1ST DATUM
410 —| APPLY 2ND COEFFICIENT
| TO 2ND DATUM
 412— ADD RESULTS |
e e M TN
414— OUTPUT: 3RD DATUM | 406

FIG. 4



WO 02/05208

PCT/US01/21311
5/38

| RECEIVE 1ST SIGNAL SET

! |

304 —PERFORM 1ST MEASUREMENT SET

i

506 — RECEIVE 2ND SIGNAL SET |

‘'

508 — pPERFORM 2ND MEASUREMENT SET|

l A

>10 —RECEIVE 3RD SIGNAL SET |

°12—| PERFORM 3RD MEASUREMENT SET

514 — | APPLY MODEL TO GENERATE

| ONE OR MORE OUTPUT DATA |

FIG. 5




WO 02/05208 PCT/US01/21311

oas- |

652

FIG. 6A



WO 02/05208 PCT/US01/21311

640

602, 6
616—| G

648 | 646 636
646— c A & 038

e -
632 634 650 t 654

s - 606

<5604

ony 624

622 B

" FIG. 6B



PCT/US01/21311

WO 02/05208

8/38

ao ‘Ol

09 "DIA

099 019 09
\ /[

959+—4

919 L]U

8¥9 X




WO 02/05208

670

640

9/38

-T2

TI

PCT/US01/21311

FIG. 6F

FIG. 6E



WO 02/05208 PCT/US01/21311
10/38

FIG. 7



WO 02/05208 PCT/US01/21311
11/38

FTegh

: < H(1,1) ;
ML) ! ~
. < rO|ojojo|o]o
1°1°]° o|o[o[o]o]a]. ue |
- Mea L : o|olo|ofolol -
902~ Rl I olo[o[o[o[o] <~ 80¢
' ‘ 11 ololo|ololo| -
Measured Data M(.X’TY) ~ High Quality Data A
Mxy) - "'OA “O o
L :
: -~ -~ H(ij)
M(L,1)- @) \O O] O A Yl
ﬁ ~ mMxy) [olofolololo
ol o] ol ol el _[o]olo]o]olo]o] -
' o|o|o|o}ololo]o _
g06—> " ololo o|o[o[o|d]o]o[o[o] « 08
. i S olofololojolololo]o
‘o]l ol o] mdnlO|O]O|O|O|O|O[O[O]|O
: S oooooooool
“Measured Data 0l0]0}0|0]0|0]0 Hy .
lolojoijolololo -
{o]o]olo]ofo

FTe 68



WO 02/05208 . PCT/US01/21311
12/38
Learning Stage: 706 '
/
Synthesized : —
Neighborhood + Sensor Model .
Measured Data
M(1,1)
High Quality Data
Compute Parameters c
My ] [~ H(y)
Xy of Structural Model C
M(X,Y) Jot
Reconstruction Stage:
Neighborhood
Measured Data
M(1,1)
902
/ " Reconstructed Value
) > | Structural Model > HG.)
M(x,y) .
. MX,Y)

FIre 9



WO 02/05208 PCT/US01/21311

13/38
llOOl - jooz. .
e - looy
R| G| Bl Rl|G]| B ‘[
R| ¢ [Bll R ]Gl B
R|G||B|[ R |G| B R lcls
RIIGI[B| R|lG ‘B 1x 3 Pattern
R|i[G| Bl R{lGg| B
Rllc| B| r G‘B.\
4. ) . A
'003 \ A CollimnfMosaic
. Neighborhood

FT& |0



PCT/US01/21311

WO 02/05208

14/38

1214

URNPeJTXT
qa D
D i |
Son

JtesoA-1odeg

N

- pooyloqyspN
.*.e__P h goll
alo| allP [« [»
o |lu|oflla | ]u
a|o| gl [« |»
R TENEEERE:
ga|ls| alllp |a |»
ola|oflla |»|x
Tol| 1ot




WO 02/05208 PCT/US01/21311
15/38

S
. mf O
S|2L°
2 N
m f.__‘

lios™
\
G




PCT/US01/21311

WO 02/05208

16/38

(Y ‘so+ ‘so+ )"

.\7

q

]

. |

€191

(Il

N

(so+f's0+1)
uoneao PHO-HO

D

d7) ‘uonounyy

Surddepy rerroufjoq

<

omc/m

B
b §

Ol m U‘\m




WO 02/05208 PCT/US01/21311
17/38

T 0o0---0
E ~F .
P ox T A
$8oooo-- - o ~
R —
Noaoo. - - o N
oooog--- 0 ¢
0oooo--- O .
|| /ﬁ o
° |:]:




WO

02/05208

18/38

PCT/US01/21311

74y
\ ( ,5 /l’y‘Oé
High Quality | | Response > < [ 530
RGB Image, H Function Iraining Datay -
/ . ‘ ‘ h ' .
(502
\ B
0
. (5‘[0 Offset by |~ (9 g
Simulate A (Gln |05 Pixes |
CCp Column .
Camera Mosaic v i— ———————————— 7/— —————— .,:
. : Accumulate Weighted :
I‘\Iormahze 15! Regression Matrix, A';Wf) A,
Neighborhoods|| 1| & Vector, A{,WZB I
— i PP :
V4 ! - |
4 1528 I !
st (516 : :
{
{
I

Repeat for all training images

|
A
Weighted Least / 11523
|

Squares

[52¢

| | Solve Least Squhres

T I -
Apr?ApCp_ ADWDZBP 3

oo . '518
.{ Coefficients, C_for each
-Pattern and 50101' ~
\
|2

Fre s



WO 02/05208 PCT/US01/21311
19/38

1526

Coefﬁcienté Cp’ from
‘ . Training Stage
g0 (6 0\ Y%

SVC Data - ° - ', Normalize Apply ot / {0( '
from CCD, A, . .

Neighborhoods[| l(}loe_fﬁcxen(t:s
: ' p= A Cp

: High Qualit - Inverse .
- igh Quahty Normaliz N [
@eeonstructed DatD‘ Neighborhof)ds (6 o 8’

b




WO 02/05208 PCT/US01/21311
20/38

1728

1726

1724

1722

4|
I

A

FTG |7

[703



PCT/US01/21311

WO 02/05208

21/38

481 914

+$08]

8081w, , 98I, 3
R 1908

| I

081’ tlg1




PCT/US01/21311

WO 02/05208

22/38

bl 914

(s0+‘so+1)H

(rn's

\

(soH‘co+1)
uoneso PUH-JO

D ‘uonoung
Fuiddepy enuwoukjoq

B <




WO 02/05208 PCT/US01/21311
23/38
Next Training . ;
Image Different Overall Shift in the spatial
v v - -Exposure v Dimensions ‘
12-bitHigh'|" .| Overall : Shift
Dynamic Range[— Exposure > g::,p c:inse —» | Iimage by ~200 6
Image, H Scaling ction 1 pixel |
/ N |
202% 2002 004 r |
. Training Data, Bp
~ 0008 2024
L
'SVE 200
Mask
Y )
: ". Offset b Repeat <
- - Offset by Training
12-bit SVE . :
siomutate| 2012 { Data ) |05 Pixels
an SVE - -
Camera \
' Downgrade
20 / Y from 12-bit 4 low
to 8-bit R
. e e e e — —-
Y | - |
y ] i Accumulate Weighted !
‘ | Normalize - || _|Regression Matri)é, A';W% !;
| Neighborhoods| ! & Vector, p{)“; ]1) |
- . I
’ !
2028 5, i ' !
. Solve Least Squares < !
" | T T &
Weighted Least / I Ap“prCf A,,W: B !

‘Squares

2032 )~

—
F—~"20(g
‘ for each Pattern

TG20

2020
2030



PCT/US01/21311

WO 02/05208

24/38

7974

Tt -
/

Bje(q PIPNISU0IY
>\ aSuey smreudq ySiy

spooyIoqysPN BIWE)) FAS W03y
azifeuLioN 1 % eeq TAS NQ-8

golc olT
N S
spooyxoqy3PN
b uoneznuen))
AZI[EULION > ezl
asxaAuy E.S.«_:Q..SZ
A
. -
.WQ\ T~ Dl =%
L SJUIIIJ30))
- Lddy

\

ade)g Junureay, LN QM T NQ ~ H

rﬂMﬂv G woy ¢4y syuaroyyeo)



WO 02/05208 PCT/US01/21311
25/38

2201 2206 ;10.7{ Q07 ‘2103 2208

2205
A13— 212
nls

2210
P74

2209 ‘

2204 231¢ 22l

FIe22



PCT/US01/21311
26/38

WO 02/05208

T 914

(f1)%
v L%
(s'o+'c'0+1) (&)
(Y co+ ‘co vnﬁ : uonedo] pUH-JoO .
D ‘uonouny
Buiddepy rerwoukjoq




WO 02/05208 PCT/US01/21311
27/38
" [Next Training :
" Image Different Overall Shift in the spatial
| -Exposure Dimensions
A A / A
12-bit High Overall Respors snitt |2 tos-
Dynamic Range—| Exposure [ F:;l:::;s: —| Image by
2. %0 2/ Color Image, H Secaling . 1 pixel
7 / :
20t 2t
~ 242
\ 2 l‘(’ { 0
" Bayer/ 21‘{'/ *
| Column
Mosaic
24lE
-
qug Data
l .
A | ) 2%20 AR /_21[&30 > L v| .
- SVE . ‘ A Offset by Repeat
Simulate - ‘Mask 0.5 Pixels Training
an SVEC 421
Camera
12-bit SVEC
Data
) A Downgrade .
1*21{—'“ from 12-bit’ 24'3 Ll’
i . to 8-bit ) 7/
‘ ¥ r |
3 b'tVSVEC Normalize I Accumulate Wei ted i ‘
-bi . ) - HulR Mat W2 >
| Data, A, ~_/|[Nelghborhoo I ggﬁ,‘iiz:, é‘;"‘"’? pAp —
7 ' i
: | !
2‘ L‘L% 2 I‘L_'Zg ! Solve Least Squares !

A:V%zApcf ’{wpz B

Weighted Least /i

Squares

POE

20

FLG 2T

_____ N2432
Coefficients, C ;, for

each Pattern amip Color ) 1 %3 ’é 4
Y243 g




PCT/US01/21311
28/38

WO 02/05208

ST91H

&mm A\\% C

spooyoqysiaN el PpajoNnnsucddy

%Q/m, m N JzieuLIoN {H—p uoRezyuEny L] ‘10[0D Ayend) ySig

’ ULIOJIU )} -UON = .
3SIIAU] . * aguey Jrureuiq ysSty
A .
.—U4 d, _d
v =4 . spooyxoqysaN (- A0SU3S DHAS wioy
A TR0 N szpemaoy \ W ‘e DEAS NY-8

/
umau% MEEE_H +. Qm N NQIm,N
woay ¢ %y sjuamigao, : .



WO 02/05208 PCT/US01/21311
29/38

Exposure N/ .




WO 02/05208

PCT/US01/21311

reconstructed data 2 70 5

30/38
270%
pattern
[/
L/
[/
)4

6. 27



WO 02/05208 PCT/US01/21311
31/38

Time




WO 02/05208 PCT/US01/21311
32/38.

Wavelength \
B

- LG 29



PCT/US01/21311

WO 02/05208

33/38

R, G, B: Color Filters

VLS AN Polarization Filter Angles

e |=t{d]=[o|=td|#|2|=td ¥
AR RN RN EA P RN RN A PR
R (2[R |2 |oR|2|2
] [ [ R [ R
AR LR R PR R
AP RN EA PN AN AP
it Y A NG LN A R LN A S
= ||| =R || R |
glatld o=t || |=t4]|x
AP EN PN RN EE EA LN
offm]e|aetn]e | ex]e ]
=t o = | = |

FTG 30



WO 02/05208

34/38

PCT/US01/21311



WO 02/05208 PCT/US01/21311
35/38
3220
ST ) 3 2 50
RIS ER TR 3210 3170
R [——T [ .=
nlIllllllllllllllllllllllllllllll@_j‘\ ':
¢ O A +
3260 ,
3310 3320 3350 3340
INPUT/
PROSEISTS'NG ccegglag L TIMER OUTPUT
PORTS
3330
N Rom EEPROM RAM co-
PROCESSOR
/ /. VAR /
— 7 7
3331 3332 3333 3360

FIG. 33



PCT/US01/21311

WO 02/05208

36/38

S

heOT

JOLI ost o1 ovl oLI 001 o8 09 O X O

uone[odidju] OIGND-IF w « « «
[SPON [BIMIONLS s

0
$0
1
1218
T
T
€
194
14

orx §Y S[exid



PCT/US01/21311

WO 02/05208

37/38

uone[odINU OIqND-IH s a s n s s s s

[SPOIA [eINIONNS

o1

(4!

_v. o1 x S[oxXId



PCT/US01/21311

WO 02/05208

38/38

€ .@HL

Jolg oor 08 08 0L 09 -0S o oe 0¢ Ol

AR:E

0

L)

uope|odIsiU[ OIqND-If s« n s a »

[SPOINl [BINIONLS s

o

41

o1 x s[axig



	Abstract
	Bibliographic
	Description
	Claims
	Drawings

