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(57) ABSTRACT 

An apparatus may include a processor and memory to store 
instructions to direct the processor to: detect edges in an 
image, including portions of the image that correspond to a 
jagged edge configuration; selectively apply kernel regres 
sion to portions of the image that correspond to the jagged 
edge configuration; and output a corrected image. 
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Figure 8 
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UAGGED EDGE REDUCTION USING 
KERNEL REGRESSION 

TECHNICAL FIELD 

0001. This disclosure relates generally to image process 
ing, and, more particularly, to jagged edge reduction using 
kernel regression. 

BACKGROUND 

0002 Many imaging systems can upscale a resolution of 
an image, i.e., generate a higher resolution image from a 
lower resolution image. Since upscaling can introduce arti 
facts, such as jagged edges, into the upscaled image, some 
of these imaging systems can process the image after 
upscaling, for example, with level set motion, anisotropic 
diffusion, total variation minimization, morphological 
antialiasing, or kernel regression, in an attempt to remove or 
reduce the jagged edges. While these techniques can remove 
or reduce the jagged edges introduced by the upscaling, they 
also cause the imaging system to Smooth other portions of 
the upscaled image, leaving the overall image soft or washed 
Out. 

DESCRIPTION OF THE DRAWINGS 

0003 FIG. 1 is a block diagram example of an image 
processing system with a jagged-edge correction device. 
0004 FIG. 2 is a block diagram example of a jagged-edge 
correction device shown in FIG. 1. 
0005 FIG. 3 is a block diagram another example of a 
jagged-edge correction device in FIG. 1. 
0006 FIG. 4A is a graph example of the kernel regression 
shown in FIGS. 2 and 3. 
0007 FIG. 4B-4F are graphs showing various covariates 
utilized by the kernel regression shown in FIGS. 2 and 3. 
0008 FIG. 5 is an example operational flowchart for 
jagged-edge correction utilizing selective steering kernel 
regression. 
0009 FIG. 6 is a block diagram another example of the 
jagged-edge correction device shown in FIG. 1. 
0010 FIGS. 7A and 7B are graphs showing covariates 
utilized by the rank-reduced second-order kernel regression 
shown in FIG. 6. 
0011 FIG. 8 is an example operational flowchart for 
jagged-edge correction utilizing the rank-reduced second 
order kernel regression shown in FIG. 6. 

DETAILED DESCRIPTION 

0012 FIG. 1 is a block diagram example of an image 
processing system 100 with a jagged-edge correction device 
120. Referring to FIG. 1, the image processing system 100 
can include an image Scaling device 110 to perform Scaling 
operations on image data 102. In some embodiments, the 
image scaling device 110 can alter the resolution of the 
image data 102, for example, increasing the resolution in an 
upscaling operation, to generate scaled image data 112. 
During the upscaling operation, the increase of the image 
resolution can cause edges in the upscaled image to become 
jagged, Such as having a stair-stepped appearance when the 
original image had a smooth-lined edge. 
0013 The image processing system 100 can include a 
jagged-edge correction device 120 to process in the scaled 
image data 112 to remove or reduce jagged edges from the 
scaled image data 112, and output a jagged-edge corrected 
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image 104. In some embodiments, the jagged-edge correc 
tion device 120 can utilize kernel regression 122 over 
selected portions of the scaled image data 112 in an attempt 
to Smooth the jagged edges in the image without altering at 
least some of the other portions of the image. For example, 
the jagged-edge correction device 120 can detect a location 
of edges or a presence of a jagged edge in the upscaled 
image, and utilize kernel regression 122 to Smooth the 
detected edges, while leaving other portions of the upscaled 
image unprocessed by the kernel regression 122. 
0014. The kernel regression 122 can determine windows 
or kernels, each centered around a target pixel, within an 
image, and regressively average the pixels falling within 
each window or kernel to determine a new luminance and/or 
chrominance value for the corresponding target pixel. Dur 
ing the regressive averaging of the pixel falling within each 
window or kernel, the kernel regression 122 can apply a 
regressive weighting to the various pixels in the window or 
kernel, for example, based on one or more covariates, also 
known as predictor variables, explanatory variables, or 
independent variables. In some embodiments, the jagged 
edge correction device 120 can modify the kernel regression 
122 processing to adapt both the averaging of the pixel 
values within the kernel as well as the size and the shape of 
the kernel based on the content of the scaled image data 112 
to remove or reduce jagged edges from the scaled image data 
112. Embodiments of kernel regression and jagged-edge 
correction will be described below in greater detail. 
0015 FIG. 2 is a block diagram example of a jagged-edge 
correction device 200. Referring to FIG. 2, the jagged-edge 
correction device 200 can include an edge detection device 
210. Such as a Canny edge detector, to detect locations of 
edges in image data 202. In some embodiments, the edge 
detection device 210 can dilate the edges, for example, by 
one or more pixels in at least one direction around the 
detected edges, to incorporate pixels adjacent to the detected 
edges. 
0016. The jagged-edge correction device 200 can include 
a selective kernel regression device 220 to receive the 
detected edges 212 from the edge detection device 210 and 
to perform kernel regression within regions corresponding to 
those detected edges 212, while leaving the other portions of 
the image unprocessed by the kernel regression. In some 
embodiments, the selective kernel regression device 220 can 
receive undilated detected edges 212 from the edge detec 
tion device 210 and dilate them prior to performing kernel 
regression. The selective kernel regression device 220 can 
output a jagged-edge corrected image 204 having undergone 
the selective kernel regression within regions corresponding 
to the detected edges 212. 
0017 FIG. 3 is a block diagram another example of a 
jagged-edge correction device 300. Referring to FIG. 3, the 
jagged-edge correction device 300 can include a matched 
filter bank 310 to compare image data 302 against known 
jagged edge configurations. For example, the matched filter 
bank 310 can include multiple matched filters, each config 
ured to compare the image data 302 against a different 
jagged edge configuration. In some embodiments, each 
matched filter can output a score corresponding to whether 
match to a known jagged edge was made or how close each 
matched filter came to finding a match to the corresponding 
jagged edge configuration. The matched filter bank 310 can 
determine a composite score for jaggedness in the image 
data 302, for example, by selecting a maximum score out of 
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the scores from the various matched filters or by aggregating 
the scores from the various matched filters. 

0018. The kernel size control device 320 can generate a 
kernel size value 323 based on the composite score from the 
matched filter bank 310. In some embodiments, the kernel 
size value 323 can be a scalar value corresponding to a size 
of a kernel or window to be utilized by a steering kernel 
regression device 330. 
0019. The steering kernel regression device 330 can 
perform steering kernel regression on the image data 302 to 
Smooth edges in the corresponding image. The steering 
kernel regression device 330 can include a polynomial 
regression element 332 to generate image gradients 333 
from the image data 302. The image gradients 333 can 
correspond to a directional change of an intensity or color in 
the image represented by the image data 302. The polyno 
mial regression element 332 can perform a polynomial 
regression on the image data 302 to determine the image 
gradients 333 based on Equation 1: 

2 2 

xyf + e 
2 2 

= Qo0 + xa 10 + yaoi + xazo + xiao2 + 

Xyal + e 

0020. The function corresponds to a two-dimensional, 
X-direction and y-direction, polynomial regression. The 
“x-direction' and “y-direction' can correspond to dimen 
sions of the image, while X and y can be variables corre 
sponding to locations within the image in the X-direction and 
y-direction, respectively. Coo can be an image gradient 333 
corresponding to f(x, yo), Clo can be an image gradient 333 
corresponding to f, Co can be an image gradient 333 
corresponding to f, Clo can be an image gradient 333 
corresponding to f, Co can be an image gradient 333 
corresponding to f, and C. can be an image gradient 333 
corresponding to f... The function f, can be a derivative 
with respect to x of function f(x, y), f, can be a derivative 
with respect toy of function f(x, y), f, can be a derivative 
with respect to X and y of function f(x, y), if can be a 
second derivative with respect to X of function f(x, y), and 
f, can be a second derivative with respect to y of function 
f(x, y). The function can include covariates x, y, xy, x, and 
y, which will be described below in greater detail. The e can 
be an error value. 
0021. The steering kernel regression device 330 can 
include a covariance matrix calculator 334 to generate a 
covariance matrix 335, for example, a 2x2 covariance or 
structure matrix from the image gradients 333. The 2x2 
covariance or structure matrix can identify the covariates 
and gradients for the steering kernel regression device 330 
to utilize in performing kernel regression 336 on the image 
data 302. Embodiments of the kernel regression 336 with the 
covariance matrix 335 and the kernel size values 323 will be 
described below in greater detail. 
0022 FIG. 4A is a graph example of the kernel regression 
shown in FIGS. 2 and 3. Referring to FIGS. 3 and 4A, the 
graph shows a pixel array 401 having image content differ 
ences represented by a black or white color of the pixels in 
the pixel array 401. For example, a transition between the 
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black and white pixels in the pixel array 401 can form an 
edge 403 in an image represented by the pixel array 401. The 
kernels 402 can surround each pixel in the pixel array 401. 
Since, in some embodiments, the kernels 402 can be varied 
in size and shape based on the content of the pixels, the 
regression performed on the image data 302 in the pixel 
array 401 is known as steering kernel regression. In some 
embodiments, the steering kernel regression device 330 can 
control a size of the kernels 402 based on the kernel size 
value 323 from the kernel size control device 320. The 
kernel size value 323 can be a scalar value that can expand 
the kernels 402, for example, to cover multiple pixels, or 
contract the size of the kernels 402, for example, down to a 
single pixel. The kernel regression 336 can regressively 
average the pixel data within each of the kernels 402 based 
on the covariances represented in the covariance matrix 335, 
which can indicate a weighting to provide each pixel within 
the kernels 402. Embodiments of the covariances utilized in 
the kernel regression will be described below. 
0023 FIG. 4B-4F are graphs showing various covariates 
utilized by the kernel regression shown in FIGS. 2 and 3. 
Referring to FIGS. 3 and 4B-4F, linear covariates X and y are 
shown in FIGS. 4B and 4C, squared covariates x and y are 
shown in FIGS. 4D and 4E, and abilinear covariance xy is 
shown in FIG. 4F. During kernel regression 336, the steering 
kernel regression device 330 average pixels within each 
kernel based on these covariates. For example, the steering 
kernel regression device 330 can center these covariates on 
a target pixel, for example, locating the pixel at the center of 
the kernel at point (0,0) on the covariance graphs, and then 
weight all of the pixels within the kernel based on the height 
or value of the covariance. Each of these covariates can 
further be weighted by the image gradients 333 as shown 
above in Equation 1. The steering kernel regression device 
330 can weight and average the pixel values within the 
kernels 402 according to the various covariates and image 
gradients 333 to generate output pixels for a jagged-edge 
corrected image 304. 
0024 FIG. 5 is an example operational flowchart for 
jagged-edge correction utilizing selective steering kernel 
regression. Referring to FIG. 5, in a block 510, the image 
processing system 100 can detect edges in an image. In some 
embodiments, the image processing system 100 can detect 
edges with an edge detection device. Such as a Canny edge 
detector, and then optionally dilates the detected edges, for 
example, by one or more pixels adjacent to the detected 
edges, to identify a dilated image region. Since not all edges 
in an image are jagged, in some embodiments, the image 
processing system 100 can include a matched bank filter to 
compare known jagged edge configurations to the image to 
determine whether the image or portions thereof include 
jagged edges. 
0025. In a block 520, the image processing system 100 
can selectively apply steering kernel regression to the image 
based on the edge detection. The application of the steering 
kernel regression by the image processing system 100 can 
Smooth the jagged edges identified by the image processing 
system 100. 
0026. In some embodiments, the image processing sys 
tem 100 can apply steering kernel regression to those 
portions of the image that correspond to the detected edges, 
for example, the dilated image region, while leaving the 
other portions of the image unprocessed by the steering 
kernel regression. In other embodiments, the image process 
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ing system 100 can alter the kernel sizing based on the 
comparison of the image to the jagged edge configurations. 
For example, the image processing system 100 can generate 
a composite score from the scores from the matched filter 
bank that correspond to a likeliness that a particular portion 
of the image includes a jagged edge, and then utilize the 
composite score to alter a kernel sizing for the particular 
portion of the image. For example, when the composite 
score indicates that a jagged edge is present in a first portion 
of the image, the image processing system 100 can enlarge 
the kernel to Smooth the jagged edge based on the image 
data from Surrounding pixels. When the composite score 
indicates that a jagged edge is not present in a second portion 
of the image, the image processing system 100 can shrink 
the kernel to reduce or eliminate averaging of the pixel with 
adjacent pixels in the image. In some embodiments, the 
image processing system 100 can generate the composite 
score by aggregating multiple scores from the matched filter 
bank or by selecting at least one of the score. Such as a 
maximum score, from the multiple scores generated by the 
matched filter bank. 

0027 FIG. 6 is a block diagram another example of a 
jagged-edge correction device 600. Referring to FIG. 6, the 
jagged-edge correction device 600 can perform a rank 
reduced second-order kernel regression on image data 602 to 
generate a jagged-edge corrected image 604. 
0028. The jagged-edge correction device 600 can include 
a polynomial regression element 610 to generate directional 
gradients 612 from the image data 602. The directional 
gradients 612 can correspond to a directional change of an 
intensity or color in the image represented by the image data 
602. The polynomial regression element 610 can perform a 
polynomial regression on the image data 602 to determine 
the directional gradients 612, for example, based on Equa 
tion 1, which can include gradients Coo Co. and Co. In 
Some embodiments, the polynomial regression element 610 
can elect to not calculate gradients Co. Co., and C. in 
Equation 1 or incorporate gradients Co. Co., and C. into 
directional gradients 612. 
0029. The jagged-edge correction device 600 can include 
a covariance matrix calculator 620 to generate a structure 
matrix including a linear predictor 622 and a quadratic 
predictor 624 from the directional gradients 612. In some 
embodiments, the covariance matrix calculator 620 can 
generate the linear predictor 622 and the quadratic predictor 
624 from a reduced-rank of the directional gradients 612, for 
example, gradients Coo Co. and Co., while not utilizing 
and/or calculating gradients, Co. Co., C. For example, the 
linear predictor 622 have the form (XCo+yCo) and the 
quadratic predictor 624 can have the form (XCo+yCo). 
0030 FIGS. 7A and 7B are graphs showing covariates 
utilized by the rank-reduced second-order kernel regression 
shown in FIG. 6. Referring to FIGS. 6 and 7A-7B, linear 
predictor 622 is shown in FIG. 7A and the quadratic pre 
dictor 624 is shown in FIG. 7B. During kernel regression, 
the jagged edge correction device 600 average pixels within 
each kernel based on the covariates corresponding to these 
predictors 622 and 624. For example, the jagged edge 
correction device 600 can center these covariates on a target 
pixel, for example, locating the pixel at the center of the 
kernel at point (0,0) on the covariance graphs, and then 
weight all of the pixels within the kernel based on the height 
of the covariates. Each of these covariates can further be 
weighted by the directional gradients 612 or other scalar 
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values, as will be described below. The jagged edge correc 
tion device 600 can weight and average the pixel values 
within the kernels according to the various covariates to 
generate output pixels for a jagged-edge corrected image 
604. 
0031 Referring back to FIG. 6, the covariance matrix 
calculator 620 can include the linear predictor 622 and the 
quadratic predictor 624 into Equation 2, which can define a 
rank-reduced second-order covariates for use in kernel 
regression. 

2xyCool of 2+e Equation 2 

0032. The function corresponds to a two-dimensional, 
X-direction and y-direction, rank-reduced second-order 
regression, where X and y correspond to a point on the 
image. Coo can be a directional gradient 612 corresponding 
to f(x, yo), Clo can be a directional gradient 612 corre 
sponding to f, and Co can be a directional gradient 612 
corresponding to f. The function can include covariates X, 
y, Xy, x, and y, the values (3 and f can be scalar values, 
and the value e can be an error value. By reducing the rank 
of the directional gradients 612 to include Coo Co., and Co., 
while not including gradients, Co. Co. and C. as in the 
second order polynomial regression described in Equation 1. 
the covariates derived from Equation 2 can reduce isophote 
curvature between pixels in the image, while maintaining 
second-order variation across isophote curves to allow the 
rank-reduced second-order kernel regression to smooth jag 
ged edges. 
0033) Isophote curvature can indicate a magnitude of a 
deviation from a straight line between points on an image, 
which can be modeled by Equation 3. 

If?+f 

0034. In Equation 3, the value of K can indicate a size of 
a region or neighborhood in an image for the isophote 
curvature. By modifying the predictors in a rank-reduced 
second-order regression, as discussed above in Equation 2, 
the rank-reduced second-order regression can force the 
value of K to (or towards) Zero. For example, terms in 
Equations 1 and 2 can be matched based on the covariates 
x, y, x, y, and xy, such that the function f, can correspond 
to Olof, f, can correspond to Co. f. f. can correspond to 
2Clo Clio?3.2. f. can correspond to 2Clio?3.2, and J? can 
correspond to 2Clof. By Substituting the matched values 
into Equation 3, the numerator becomes Zero, which can 
force K to become Zero reducing isophote curvature, while 
maintaining second-order variation in the rank-reduced sec 
ond-order regression. 
0035. The covariance matrix calculator 620 can generate 
the structure matrix according to Equation 4. 

E{f} ". Equation 4 S = 
Eff,} E{f} 

0036. The structure matrix S can include the linear pre 
dictor 622, the quadratic predictor 624, and pixel variances 
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626. The covariance matrix calculator 620 can provide the 
structure matrix to the kernel regression device 640, for 
example, allowing the kernel regression device 640 to 
perform a rank-reduced second-order kernel regression 
operation on image data 602 within kernels according to 
Equation 2. 

0037. The covariance matrix calculator 620 also can 
provide the pixel variances 626 to a coherence value gen 
eration device 630. In some embodiments, the coherence 
value generation device 630 can decompose the pixel vari 
ances 626 from the structure matrix, for example, by per 
forming an eigenvalue decomposition of a structure matrix 
S represented by Equation 4. 

S=uu'+vv Equation 5 

0038. The value u can correspond to a direction of 
maximum pixel variance and the value w can be a scalar 
value corresponding to a magnitude of the variance in the 
direction specified by u. The value V can correspond to a 
direction orthogonal to the direction specified by u and the 
value can be a scalar value corresponding to a magnitude 
of the variance in the direction specified by V. The coherence 
value generation device 630 can utilize the values w and 
for example, the pixel variances 626, as shown in Equations 
6 and 7 to generate a kernel variance value 632. 

A - 2 \, Equation 6 C(1,2) = G , 

0039. The function c(u, v) can correspond to a coher 
ence of localities in the image and, for example, can measure 
a uniformity of local variations in the image. 

o'-Wic(...) Equation 7 

0040. The value of can be the kernel variance value 632, 
which correspond to the measure of the uniformity of local 
variations in the image multiplied by the magnitude of the 
maximum variance w. In some embodiments, the coherence 
value generation device 630 can set an upper threshold level 
for , for example, to 10of, and set a lower threshold level 
for for example, to of, which can help to stabilize the 
kernel variance value 632 and Subsequent kernel sizing in 
the kernel regression device 640. The kernel regression 
device 640 can utilize the kernel variance value 632 to alter 
a size and/or shape of the kernels for the kernel regression. 
For example, Equation 8 shows a representation of the 
kernel generated by the kernel regression device 640. 

-l Equation 8 

2 2Coyo K(x - yo, y - yo) = w exp 

0041. The kernel regression device 640 can substitute the 
kernel variance value 632 for the value O,o which can 
allow the kernel to stretch or expand when the image shows 
high contrast and a straight line, or contract when the image 
indicates the presence of a junction, corner, or texture in the 
image. Thus, kernel regression device 640 can adjust the 
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kernel size and/or shape based on whether the content of the 
image shows the presence of a jagged edge as opposed to a 
junction, corner, or texture. 
0042. In some embodiments, the coherence value gen 
eration device 630 can indicate to the kernel regression 
device 640 to not adjust the size of the kernel. For example, 
when the value W is greater than the kernel variance value 
632, the coherence value generation device 630 can signal 
the kernel regression device 640 to not adjust the size of the 
kernel, as the adjustment may provide little to no ability to 
help the kernel regression Smooth the image along isopho 
tes 

0043. The jagged-edge correction device 600 can per 
form each of these stages—identification of the directional 
gradients 612, generation of a structure matrix that includes 
the linear predictor 622, quadratic predictor 624, and the 
pixel variances 626, and performance of the rank-reduced 
second-order regression—on a per pixel basis. In some 
embodiments, the jagged-edge correction device 600 com 
pute the across an image frame or portion thereof first and 
then perform the rank-reduced second-order kernel regres 
Sion. For example, the jagged-edge correction device 600 
can compute gradient planes f, and f, for the image frame 
or portion thereof. The jagged-edge correction device 600 
can generate planes f,. f, , and f, from the gradient planes 
f, and f, and convolve the planes f., f, and f, with a 
Gaussian kernel to generate a structure matrix including the 
linear predictor 622 and quadratic predictor 624 for each 
pixel in the image frame or portion thereof. The jagged-edge 
correction device 600 can compute planes w, v, u, u, and 
of from the structure matrix for each pixel in the image 
frame or portion thereof. The jagged-edge correction device 
600 can perform the rank-reduced second-order kernel 
regression for the image frame based on the structure matrix 
and the planes w, v, u, u, and of. By performing these 
operations on a per frame basis, the speed at which the 
rank-reduced second-order kernel regression can be 
increased. 
0044 FIG. 8 is an example operational flowchart for 
jagged-edge correction utilizing the rank-reduced second 
order kernel regression shown in FIG. 6. Referring to FIG. 
8, in a block 810, an image processing system can determine 
directional gradients 612 corresponding to pixels in an 
image. In some embodiments, the directional gradients 612 
can correspond to a reduced rank of gradients, such as Coo 
Co. and Co., as compared to the image gradients determined 
from a two-dimensional polynomial regression. These direc 
tional gradients can be determined on a pixel-by-pixel basis, 
or as gradient planes across multiple pixels, such as an 
image frame. 
0045. In a block 820, the image processing system can 
generate a linear predictor 622 and a quadratic predictor 624 
from the directional gradients 612. In some examples, the 
linear predictor 622 can have the form (XCo+yCo) and the 
quadratic predictor 624 can have the form (XCoyoto). In 
Some embodiments, the image processing system can gen 
erate a structure matrix for each pixel in the image and the 
structure matrix can include the linear predictor 622 and the 
quadratic predictor 624. This generation of a structure 
matrix for each pixel can be performed individually or by 
convolving the gradient planes with a Gaussian kernel. 
0046. In a block 830, the image processing system can 
generate coherence values based on pixel variances in the 
image. In some embodiments, the image processing system 



US 2017/O 14051.0 A1 

can decompose the structure matrix, for example, through 
eigenvalue decomposition, to determine various values, 
Such as w and W, and then compute a coherence value from 
w and In some embodiments, the image processing system 
can compute a kernel variance value a from the coherence 
value. 
0047. In a block 840, the image processing system can 
modify the pixels in the image with kernel regression 
utilizing the linear predictor, the quadratic predictor, and the 
coherence values. The image processing system can utilize 
the linear predictor and the quadratic predictor to determine 
the regressive weightings to provide pixels within the ker 
nels and then average the pixels in the kernels based on the 
regressive weightings. The image processing system can 
utilize the coherence values to adjust sizes of the kernels for 
the pixels based on the content of the image, for example, to 
stretch along high-contrast straight edges and to shrink at 
corners, junctions, and textured areas. 
0048. The system and apparatus described above may use 
dedicated processor Systems, micro controllers, program 
mable logic devices, microprocessors, or any combination 
thereof, to perform some or all of the operations described 
herein. Some of the operations described above may be 
implemented in Software and other operations may be imple 
mented in hardware. Any of the operations, processes, 
and/or methods described herein may be performed by an 
apparatus, a device, and/or a system Substantially similar to 
those as described herein and with reference to the illus 
trated figures. 
0049. The processing device may execute instructions or 
“code” stored in memory. The memory may store data as 
well. The processing device may include, but may not be 
limited to, an analog processor, a digital processor, a micro 
processor, a multi-core processor, a processor array, a net 
work processor, or the like. The processing device may be 
part of an integrated control system or system manager, or 
may be provided as a portable electronic device configured 
to interface with a networked system either locally or 
remotely via wireless transmission. 
0050. The processor memory may be integrated together 
with the processing device, for example RAM or FLASH 
memory disposed within an integrated circuit microproces 
sor or the like. In other examples, the memory may comprise 
an independent device, such as an external disk drive, a 
storage array, a portable FLASH key fob, or the like. The 
memory and processing device may be operatively coupled 
together, or in communication with each other, for example 
by an I/O port, a network connection, or the like, and the 
processing device may read a file stored on the memory. 
Associated memory may be “read only’ by design (ROM) 
by virtue of permission settings, or not. Other examples of 
memory may include, but may not be limited to, WORM, 
EPROM, EEPROM, FLASH, or the like, which may be 
implemented in solid state semiconductor devices. Other 
memories may comprise moving parts, such as a known 
rotating disk drive. All Such memories may be “machine 
readable' and may be readable by a processing device. 
0051 Operating instructions or commands may be imple 
mented or embodied in tangible forms of stored computer 
software (also known as “computer program” or “code'). 
Programs, or code, may be stored in a digital memory and 
may be read by the processing device. “Computer-readable 
storage medium' (or alternatively, “machine-readable stor 
age medium') may include all of the foregoing types of 
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memory, as well as new technologies of the future, as long 
as the memory may be capable of storing digital information 
in the nature of a computer program or other data, at least 
temporarily, and as long at the stored information may be 
“read” by an appropriate processing device. The term "com 
puter-readable' may not be limited to the historical usage of 
“computer to imply a complete mainframe, mini-computer, 
desktop or even laptop computer. Rather, "computer-read 
able' may comprise storage medium that may be readable 
by a processor, a processing device, or any computing 
system. Such media may be any available media that may be 
locally and/or remotely accessible by a computer or a 
processor, and may include volatile and non-volatile media, 
and removable and non-removable media, or any combina 
tion thereof 
0.052 A program stored in a computer-readable storage 
medium may comprise a computer program product. For 
example, a storage medium may be used as a convenient 
means to store or transport a computer program. For the sake 
of convenience, the operations may be described as various 
interconnected or coupled functional blocks or diagrams. 
However, there may be cases where these functional blocks 
or diagrams may be equivalently aggregated into a single 
logic device, program or operation with unclear boundaries. 
0053) One of skill in the art will recognize that the 
concepts taught herein can be tailored to a particular appli 
cation in many other ways. In particular, those skilled in the 
art will recognize that the illustrated examples are but one of 
many alternative implementations that will become apparent 
upon reading this disclosure. 
0054 Although the specification may refer to “an', 
“one”, “another', or “some example(s) in several locations, 
this does not necessarily mean that each Such reference is to 
the same example(s), or that the feature only applies to a 
single example. 

1-20. (canceled) 
21. An apparatus, comprising: 
a processor; and 
memory to store instructions to direct the processor to: 

detect edges in an image, including portions of the 
image that correspond to a jagged edge configura 
tion; 

Selectively apply kernel regression to portions of the 
image that correspond to the jagged edge configu 
ration; and 

output a corrected image. 
22. The apparatus of claim 21, wherein the memory 

further includes instructions to direct the processor to: 
dilate the detected edges of the image to include portions 

of the image adjacent to the detected edges in a dilated 
image region; and 

selectively apply kernel regression to the portions of the 
image within the dilated image region. 

23. The apparatus of claim 21, wherein the memory 
further includes instructions to direct the processor to com 
pare the image to jagged edge configurations. 

24. The apparatus of claim 23, wherein the memory 
further includes instructions to direct the processor to adjust 
a size of kernels utilized in the kernel regression based on 
the comparison of the image to jagged edge configurations. 

25. An apparatus, comprising: 
a processor; and 
memory to store instructions to direct the processor to: 

detect an edge in an image: 
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dilate the detected edge of the image to include portions 
of the image adjacent to the detected edge in a dilated 
image region; 

Selectively apply kernel regression to detecting edges in 
an image, including portions of the image that cor 
respond to a jagged edge configuration; 

Selectively apply kernel regression to portions of the 
image that correspond to the jagged edge configu 
ration; and 

output a corrected image. 
26. The apparatus of claim 25, wherein the memory 

further includes instructions to direct the processor to dilate 
the edges by more than one pixel in at least one direction 
around the detected edges. 

27. The apparatus of claim 25, wherein the memory 
further includes instructions to direct the processor to detect 
the edge in the image with Canny edge detection. 

28. The apparatus of claim 25, wherein the memory 
further includes instructions to direct the processor to apply 
kernel regression to the detected edge and not apply kernel 
regression to other portions of the image. 

29. An apparatus, comprising: 
a processor; and 
memory to store instructions to direct the processor to: 

detect an edge in an image and compare the image to 
plural jagged edge configurations; 
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Selectively apply kernel regression to portions of the 
image based, at least in part, on the detection of the 
edge in the image corresponding to the jagged edge 
configurations; and 

output a corrected image. 
30. The apparatus of claim 29, wherein the memory 

further includes instructions to direct the processor to apply 
kernel regression to the portions of the image that corre 
spond the jagged edge configurations. 

31. The apparatus of claim 29, wherein the memory 
further includes instructions to direct the processor to deter 
mine a score of a degree of match to each of the plural 
jagged edge configurations. 

32. The apparatus of claim 31, wherein the memory 
further includes instructions to direct the processor to deter 
mine a composite score for jaggedness in the image, includ 
ing to select a maximum score out of the scores of the degree 
of match to the plural jagged edge configurations. 

33. The apparatus of claim 31, wherein the memory 
further includes instructions to direct the processor to deter 
mine a composite score for jaggedness in the image by 
aggregating the scores of the degree of match to the plural 
jagged edge configurations. 

34. The apparatus of claim 29, wherein the memory 
further includes instructions to direct the processor to adjust 
a size of kernels utilized in the kernel regression based on 
the comparison of the image to jagged edge configurations. 
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