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(57) ABSTRACT 

A result higher resolution (HR) image of a scene given 
multiple, observed loWer resolution (LR) images of the 
scene is computed using a Bayesian estimation image recon 
struction methodology. The methodology yields the result 
HR image based on a Likelihood probability function that 
implements a model for the formation of LR images in the 
presence of noise. This noise is modeled by a probabilistic, 
non-Gaussian, robust function. The image reconstruction 
methodology may be used to enhance the image quality of 
images or video captured using a loW resolution image 
capture device. Other embodiments are also described and 
claimed. 
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COMPUTING A HIGHER RESOULTION IMAGE 
FROM MULTIPLE LOWER RESOLUTION 
IMAGES USING MODEL-BASED, ROBUST 

BAYESIAN ESTIMATION 

[0001] This application is a continuation-in-part of US. 
application Ser. No. 10/882,723 ?led Jun. 30, 2004 entitled 
“Computing a Higher Resolution Image From Multiple 
LoWer Resolution Images Using Model-Based, Robust 
Bayesian Estimation” (pending) (Pl9466). 

BACKGROUND 

[0002] An embodiment of the invention is directed to 
signal processing techniques to obtain a higher resolution, 
HR, image (or sequence of images) from multiple observed 
loWer resolution images. Other embodiments are also 
described. 

[0003] In most electronic imaging applications, images 
With higher resolution are generally more desirable. These 
are images that have greater pixel density and hence shoW 
greater detail than loWer resolution images of the same 
scene. HR images have many applications, including medi 
cal imaging, satellite imaging, and computer vision. 

[0004] An HR image may be obtained by simply increas 
ing the number and/ or density of pixel sensor elements in the 
electronic image sensor chip that is used to capture the 
image. This, hoWever, may increase the siZe of the chip so 
much that capacitance effects Will hamper the rapid transfer 
of pixel signal values, thereby causing difficulty for obtain 
ing high-speed captures and video. Another possibility is to 
reduce the physical siZe of each pixel sensor element; 
hoWever, doing so may increase the noise level in the 
resulting pixel signal value. Additionally, increasing the 
number of pixel sensor elements increases the cost of the 
device, Which in many situations is undesirable (e.g., cam 
eras mounted on mobile devices Whose primary function is 
not image acquisition, like personal digital assistants (PDA) 
and cellular phones), and in others is prohibitive (e.g., 
infrared sensors). Therefore, another approach to obtaining 
HR images (that need not modify the loWer resolution 
sensor) is to perform digital signal processing upon multiple 
loWer resolution (LR) images captured by the sensor, to 
enhance resolution (also referred to as super resolution, SR, 
image reconstruction). 
[0005] With SR image reconstruction, multiple observed 
LR images or frames of a scene have been obtained that in 
effect are different “looks” of the same scene. These may be 
obtained using the same camera, for example, While intro 
ducing small, so-called sub-pixel shifts in the camera loca 
tion from frame to frame, or capturing a small amount of 
motion in the scene. Alternatively, the LR images may be 
captured using different cameras aimed at the same scene. A 
“result” HR image is then reconstructed by aligning and 
combining properly the LR images, so that additional infor 
mation, eg an increase in resolution or de-aliasing, is 
obtained for the result HR image. The process may also 
include image restoration, Where de-blurring and de-noising 
operations are performed as Well, to yield an even higher 
quality result HR image. 

[0006] The reconstruction of the result HR image, hoW 
ever, is a difficult problem because it belongs to the class of 
inverse, ill-posed mathematical problems. The needed signal 
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processing may be interpreted as being the reverse of a 
so-called observation model, Which is a mathematically 
deterministic Way to describe the formation of LR images of 
a scene (based upon knoWn camera parameters). Since the 
scene is approximated by an acceptable quality HR image of 
it, the observation model is usually de?ned as relating an HR 
discrete image of the scene (With a given resolution and 
pixel grid) to its corresponding LR images. This relationship 
(Which may apply to the formation of both still images and 
video) may be given as the concatenation of a geometric 
transform, a blur operator, and a doWn-sampling operator, 
plus an additive noise term. Examples of the geometric 
transform include, global or local translation and rotation, 
While the blur operator attempts to duplicate camera non 
idealities, such as out of focus, diffraction limits, aberration, 
sloW motion blur, and image sensor integration on a spatial 
region (sometimes combined all together in a point spread 
function). The doWn-sampling operator doWn samples the 
HR image into aliased, loWer resolution images. This obser 
vation model may be expressed by the mathematical rela 
tionship 

Where Y is the set of observed LR images and W represents 
the linear transformation of HR pixels in an HR image f to 
the LR pixels in Y (including the effect of doWn-sampling, 
geometric transform and blur). The n represents additive 
noise having random characteristics, Which may represent, 
for example, the variation (or error) betWeen LR images that 
have been captured by the same camera Without any changes 
in the scene and Without any changes to camera or lighting 
settings. Based on the observation model in Equation (1 ), SR 
image reconstruction estimates the HR image f that corre 
sponds to a given set of LR images Y. 

[0007] A Bayesian estimation process (also referred to as 
stochastic or probabilistic SR image reconstruction) may be 
used to estimate f, to get the “result” HR image mentioned 
above. In that case, an “a posteriori” probability function 
(typically, a probability density function) is mathematically 
de?ned as p(flY), Which is the probability of a particular HR 
image f given the set of observed LR images Y. Applying a 
mathematical manipulation, knoWn as Bayes LaW, the opti 
miZation problem, Which is ?nding a suitable HR image f, 
eg one that has the highest probability given a set of LR 
images or that maximiZes p(flY), may be re-Written as 

Where p(f) is called the “Prior” probability density function 
that gives the probabilities of a particular HR image prior to 
any observation. The Prior indicates What HR images are 
more probable to occur based on, for example, a statistical 
characteriZation of an ensemble of different HR images. The 
Prior probability may be a joint probability, de?ned over all 
of the pixels in an HR image, and should be based on 
statistical data from a large number of images. HoWever, 
estimating and describing the Prior probability as a joint 
distribution over all pixels may not be computationally 
feasible. Accordingly existing methods use approximate 
models, based on the fact that in many types of images, 
correlations among pixels decay relatively quickly With 
pixel distance. For example, the Prior may be based on a 
probabilistic construct called Markov Random Fields 
(MRFs). Rather than take the position that all HR images are 
equally likely, the MRP is tailored to indicate for example 
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that certain pixel patterns (e.g., piece-Wise continuous; text 
images) are more likely than others. An image may be 
assumed to be globally smooth in a mathematical sense, so 
the MRF typically used to de?ne the Prior has a normal 
(Gaussian) probability distribution. 

[0008] As to p(Y]f), that is called the “Likelihood” func 
tion; it is a probability density function that de?nes the 
probabilities of observing LR images that Would correspond 
to a particular HR image. The Likelihood may be deter 
mined based on the observation model described above by 
the mathematical relationship in Equation (1), Where the 
noise term is typically assumed to have a Gaussian prob 
ability distribution. The estimation process becomes one of 
iteratively determining trial HR images and stopping When 
there is convergence, Which may signify that a maximum of 
the a posteriori probability function has been reached. 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0009] Embodiments of the invention are illustrated by 
Way of example and not by Way of limitation in the ?gures 
of the accompanying draWings in Which like references 
indicate similar elements. It should be noted that references 
to “an” embodiment of the invention in this disclosure are 
not necessarily to the same embodiment, and they mean at 
least one. 

[0010] FIG. 1 is a graph of robust and normal probability 
densities. 

[0011] FIG. 2 is a graph of Likelihood and Prior prob 
ability functions for a trial HR image. 

[0012] FIG. 3 is a How diagram of some of the operations 
in a super resolution image reconstruction process. 

[0013] FIG. 4 is a How diagram of some of the operations 
in a super resolution image reconstruction method operating 
on color images. 

[0014] FIGS. 5 and 6 shoWs tWo images that illustrate the 
results of applying the super resolution method to Webcam 
images. 
[0015] FIGS. 7-11 shoWs images that illustrate the results 
of applying the super resolution method to images from a 
scanning beam nano-imaging device. 

[0016] FIG. 12 is an illustration of a system implemen 
tation of super resolution image reconstruction according to 
some embodiments. 

[0017] FIG. 13 is a How diagram for super resolution 
image reconstruction according to some embodiments. 

DETAILED DESCRIPTION 

[0018] An embodiment of the invention is a method for 
image processing in Which a Bayesian estimation image 
reconstruction methodology computes a result HR image of 
a scene given multiple observed LR images. The result HR 
image is based on a Likelihood probability function that 
implements an observation model for the formation of LR 
images in the presence of noise. The methodology models 
the noise by a probabilistic, non-Gaussian, robust function. 
Such robust functions are de?ned in the statistical estimation 
literature and are characterized by long tails in the probabil 
ity density function, as shoWn in FIG. 1. In contrast to the 
normal or Gaussian distribution, the robust distribution 
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acknoWledges the occurrence of a feW points that are 
a?fected by an unusually high amount of noise, also referred 
to as outliers (Which are at the tail ends of the density graphs 
shoWn in FIG. 1). This change to the modeling of noise 
better models the formation of LR images from the HR 
image, so that the method produces a more accurate solu 
tion. Thus, although implementing the SR process is made 
easier When the noise is modeled by a Gaussian probability 
function, such an assumption does not adequately handle 
images that contain di?ferent levels of outliers, Which are 
common in SR reconstruction, due especially to inaccura 
cies in the image alignment. 

[0019] Referring noW to FIG. 2, a graph of probability 
density for a trial HR image is shoWn in Which the example 
Likelihood and Prior function have been draWn. The maxi 
mum a posteriori (MAP) is proportional to the Prior and the 
Likelihood as given by Equation (2) above. In this case 
Likelihoods for tWo di?ferent assumed noise distributions 
(R) and (G) are shoWn, corresponding respectively to a 
robust probability function to model the noise (R), and 
another using a normal or Gaussian (G). The graph illus 
trates the e?fect of an outlier in a given LR image (not 
shoWn) that translates into a dip in the Likelihood (G) for 
certain areas of a trial HR image. This strong dip in the 
Likelihood (G) is due to the outlier dominating the Likeli 
hood function, indicating a relatively loW probability for the 
set of observed LR images, given this particular trial HR 
image. HoWever, in actuality, it may be that the trial HR 
image is a good one, and that the only reason Why the 
Likelihood value is loW is due to the outlier (in one or more 
of the observed LR images). This domination of the Like 
lihood function by an outlier is negated by the use of a robust 
function Which doWnplays the role of outlier pixels in 
observed LR images. Accordingly, the computed robust 
Likelihood (R) for this particular set of observed LR images 
(given that trial HR image) is higher than if the noise Was 
modeled by a Gaussian function. 

[0020] The various embodiments of the invention 
described here may prove the robustness of the SR process 
such that it can be used in di?ferent types of real World 
applications to be described beloW. FIG. 3 illustrates a How 
diagram of some of the operations in a SR method. The 
method contains a main loop that is repeatedly performed as 
part of an iterative process to determine the result (or ?nal) 
HR image 104. This process may attempt to ?nd an optimum 
value, here a minimum, for an error function E. More 
speci?cally, this error function may be de?ned as the nega 
tive logarithm of the posterior probability in Equation (2). 
This error function may be minimiZed using any standard 
minimiZation techniques. For example, FIG. 3 shoWs the 
use of the conjugate gradient method Which is an iterative 
method that provides an acceptable balance betWeen com 
plexity and speed of convergence. The criteria for conver 
gence is AE<T, Which tests Whether the error or di?ference in 
the posterior probability of Equation (2), betWeen tWo 
successive trial HR images, is less than a prede?ned thresh 
old, T (block 106). An alternative test is to de?ne AE as a 
di?‘erence betWeen consecutive trial HR images. 

[0021] The conjugate gradient method computes the gra 
dient of the error function Which has tWo terms in this 
embodiment, one corresponding to the Likelihood and the 
other to the Prior. The computation of the Likelihood 
gradient (block 108) involves the application of standard 
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image processing operations including geometric Warping, 
linear ?ltering, and subsampling/upsampling, for example, 
that model both the forward and the reverse of the LR image 
formation process. To compute the Likelihood gradient, an 
initial, trial HR image is needed. This may be, for example, 
a combination of one or more of an input (observed) LR 
image sequence (block 110) that have been aligned (block 
114) to yield an HR image With an initial alignment (block 
116). The results of this initial alignment are then used to 
compute the Likelihood gradient (block 108). Recall once 
again that the SR method assumes that the input LR images 
are the result of resampling an HR image, and the goal is to 
?nd the HR image Which, When resampled in the grid of the 
input LR images according to the imaging observation 
model, predicts Well the input (observed) LR images. 

[0022] The other half of the main computation loop in 
FIG. 3 is concerned With the Prior gradient (block 120). 
Different types of probability functions may be used for the 
Prior, but in the case of a robust MRF, the Prior gradient is 
equivalent to one update of a corresponding robust aniso 
tropic di?‘usion ?lter, as described in Michael J. Black, et al., 
“Robust Anisotropic Diffusion”, Institute of Electrical and 
Electronics Engineers, IEEE Transactions on Image Pro 
cessing, Vol. 7, No. 3, March 1998. Other implementations 
of the Prior function and its corresponding gradient may 
alternatively be used. 

[0023] The gradients computed in blocks 108 and 120 
indicate to the iterative process the direction in Which to 
move so as to come closer to a peak or trough in the 
combination of the Likelihood and Prior functions (see FIG. 
2). This movement along the plots of the Likelihood and 
Prior functions results in a change or update (block 124) to 
the next HR image, Which generates the current, trial HR 
image 126. This current trial HR image 126 is then inserted 
into Equation (2) and a AE, Which is the difference betWeen 
the current value of Equation (2) and a previous value of 
Equation (2) is compared to a threshold T (block 106). If the 
AE is still too high, then the gradient computation loop is 
repeated. An additional decision may be made as to Whether 
or not a re?nement of the LR image initial alignment (block 
116) is needed, in block 128. This alignment may be 
evaluated using any one of conventional techniques. Opera 
tion may then proceed With an alignment of the LR images 
to a neW HR image (block 130) resulting in a re?ned 
alignment (block 134). The next gradient computation for 
the Likelihood may use an HR image that has this re?ned 
alignment 134. 

[0024] Note that if a normal or Gaussian function is 
assigned to model the additive noise for computing the 
Likelihood (and its gradient), then the HR image update 
(block 124) may cause the next trial HR image 126 to be 
changed too much, due to an outlier in the input LR image 
sequence 110, thereby causing the methodology to select a 
less optimal ?nal HR image 104. 

[0025] A methodology for using the robust functions to 
model the noise in the observation model, Which functions 
are able to “doWn Weight” or in some cases essentially 
ignore outliers in the SR process, may be as folloWs. Ideally, 
the probability distribution of the noise should be learned 
given a set of training examples consisting of HR images 
and their corresponding LR images. This set can be dif?cult 
to obtain, and even if it is available, it might not contain the 

May 18, 2006 

noise attributed to errors in the alignment. For this reason, in 
most cases it may be better to use a generic robust function 
from the statistics literature. The choice of the robust func 
tion to use might depend on the knoWledge available about 
the current images. For example, the process may use one of 
tWo different robust functions depending on the available 
knoWledge about the presence of outliers. If it is expected 
that the observed LR images Will have relatively feW out 
liers, then the robust function used to model the additive 
noise may be the Well knoWn Huber function. Note that such 
outliers may be caused by alignment errors, inaccurate 
modeling of blur, random noise, moving objects, motion 
blur, as Well as other sources. Thus, if a process is expected 
to have, for example, relatively accurate image alignment, 
the Huber function may be used to model the additive noise. 
The Huber function, although not being extremely robust, 
has the advantage of being convex, thus essentially guaran 
teeing a unique optimum (maximum or minimum) in the 
Likelihood function. 

[0026] On the other hand, if it is expected that the 
observed LR images Will have relatively many outliers (e. g., 
salt and pepper noise, and/or regions in the aligned image 
that have inaccurate alignment), the robust function may be 
set to a Tukey function Which is considered very robust, 
thereby essentially eliminating any effect of the outliers in 
the solution. 

[0027] In addition to the option of setting the robust 
function to be a different one depending on Whether rela 
tively feW or many outliers are expected, a shape of the 
robust function may be estimated and altered according to 
the availability of training data. For example, the shape of 
the robust function may be adjusted by a scale factor, Where 
if there is suf?cient training data in the form of one or more 
ground truth HR images and their corresponding LR images, 
the scale factor is estimated from samples obtained in 
computing an error betWeen the observed LR images of the 
scene and their projections from the ground truth HR 
images. 

[0028] On the other hand, if there is no such training data, 
the scale factor may be estimated by taking a current, trial 
HR image 126 (FIG. 3) as a ground truth HR image, and 
applying a robust estimator as the scale factor. This robust 
estimator may be, for example, the median of residuals With 
respect to the median value. Other types of robust estimators 
may alternatively be used here. 

[0029] According to another embodiment of the invention, 
the Prior function may be as folloWs. If there is speci?c or 
statistical information concerning the expected HR images, 
such as computer aided design (CAD) models for structures 
captured in the observed LR images, then procedures similar 
to those described in US. patent application Ser. No. 10/ 685, 
867 entitled “Model Based De-Noising of Images and Image 
Sequences”, assigned to the same Assignee as that of this 
patent application, may be used. Those procedures may be 
particularly bene?cial in applications such as microscopic 
imaging of silicon structures using scanning methods (e.g., 
focused ion beam; scanning electron microscope). That is 
because the structures being imaged in that case have 
corresponding, underlying CAD models. 

[0030] On the other hand, if no such model-based knoWl 
edge of the expected HR images exists, then a generic Prior 
function in the form of, for example, a robust MRF may be 
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used. The portion of the gradient that corresponds to such a 
Prior is equivalent to one update of an anisotropic dilfusion 
methodology. For this reason, any one of several di?ferent 
anisotropic diffusion methods that best adapts to the type of 
images that are to be expected may be used. For generic 
images, hoWever, a good option for preserving edges in 
detail in the image is the Tukey function on a 4-neighbor 
MRF, as described by Black, et al., the article identi?ed 
above. Other options include neighbor schemes (e.g., 
8-neighbor) With cost functions that are adapted to the type 
of ?lter being used, that can be generic or learned from a 
training set of images. See also H. Scharr, et al. “Image 
Statistics and Anisotropic Dilfusion”, IEEE Conference on 
Computer Vision and Pattern Recognition, Pages 840-847, 
Oct. 13-16, 2003. Use of either of the above options in the 
SR methods described here is expected to provide improved 
performance relative to the use of a Gaussian MRF as the 
generic Prior. 

Image Alignment 
[0031] In the previous discussion, it may be assumed that 
the geometric transformations that align the sampling grids 
of the observed or input LR image sequence 110 With the 
sampling grid of the HR image 126 Were knoWn. HoWever, 
in most cases, this information is not knoWn a priori, unless 
the LR image sequence has been obtained under explicit 
controlled motion of the image acquisition device relative to 
the objects in the scene. Therefore, an estimate of these 
geometrical transforms are often needed. According to 
another embodiment of the invention, these geometrical 
transforms may be estimated as folloWs. 

[0032] First, an initial estimate of the geometric trans 
forms betWeen the observed or input LR images is obtained. 
Di?ferent options may be used here, depending on the 
characteristics of the motion of the image acquisition device 
relative to the scene being imaged. For generic sequences, 
With small changes in perspective, a global af?ne transfor 
mation model is used. For images With large changes in 
perspective, the af?ne model may be no longer appropriate 
so that higher order models (e.g., projective) should be used. 
Finally, if there is relative motion betWeen the objects in the 
scene or perspective changes together With discontinuities in 
depth, global models may generally not be appropriate, such 
that either a dense local motion model (optical ?oW) or a 
layered model should be used. 

[0033] Once a reasonable estimate of the HR image has 
been obtained (for example after 4-6 iterations), the initial 
alignment 116 (FIG. 3) may be re?ned (block 134) using the 
current version of the trial HR image 126. The latter is 
expected to provide more accurate results than the LR to LR 
image alignment 114, because the LR images are a?‘ected by 
aliasing. This technique may be compared to a combined 
Bayesian estimation for both the HR image and the geo 
metrical transform. 

[0034] Regardless of the motion model used for the align 
ment, as Well as the type of alignment (that is LR to LR, or 
HR to HR), state of the art gradient based, multi-resolution, 
robust image motion estimation methods should be used to 
determine the alignment that Will be input into the Likeli 
hood gradient computation block 108 (FIG. 3). 
Color Images 

[0035] The embodiments of the invention described above 
may be assumed to operate With gray-level images. These 
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SR methods, hoWever, may also be applied to color images, 
Which are usually presented as three components for each 
pixel, corresponding to Red (R), Green (G) and Blue (B) 
colors bands. The method can be applied to each color band 
independently to obtain a ?nal HR image in RGB. HoWever, 
applying the method to the three RGB bands is very com 
putationally demanding. For this reason an alternative 
method is described in the How diagram shoWn in FIG. 4, 
Which is less computationally intensive, and produces 
results that are perceptually equivalent to applying the 
method to all three color bands. In this embodiment, opera 
tion begins With converting the input LR color image 
sequence 404 from the RGB color space into a color space 
that is consistent With the human perception of color, in this 
case CIELab (Commite Internationale de l’Eclairage) (block 
408). In the CIELab color space, the three components are 
luminance (L) and tWo opponent color components (a, b). 
The SR methodology described above is applied only to the 
L component sequence 412, rather than the a, b components 
416, because the human visual system detects high spatial 
frequencies mostly on luminance, and not in the opponent 
color components. Therefore, for the a, b opponent color 
components 416, the reconstruction to obtain HR a, b 
images 422 may be simply taking the average of aligned LR 
images (block 417), Where this operation helps reduce noise 
in the component images, and then interpolating to match 
the needed HR image resolution using standard interpolation 
methods, such as bilinear interpolation (block 418). This 
methodology is much faster than applying the SR method 
414 to all three color channels, and it is expected to be 
perceptually the same, in most cases. A conversion back to 
RGB color components (block 430) is performed to obtain 
the result HR color image 432 in the conventional RGB 
space. 

[0036] The methodology of FIG. 4 has been implemented 
and applied to a color image sequence acquired With a 
relatively inexpensive digital camera of the consumer prod 
uct variety used in Web interactive applications (also knoWn 
as a Webcam). In that case, the LR color image sequence 404 
Was recorded While a person held the camera in his hand for 
about one second (resulting in a sequence of frames being 
captured). The natural shaking of the user’s hand provided 
the necessary motion for obtaining di?ferent sampling grids 
in the LR images. As can be seen in FIG. 5, the image is a 
linear interpolation (by a factor of x3) of the three color 
channels (to match the higher resolution) from a single LR 
frame, Whereas the image in FIG. 6 is the HR reconstruction 
obtained by the SR method for color images described 
above, Where in this case a generic Huber function Was used 
for the Likelihoods and Priors. It is evident that the resulting 
HR image contains much more detail than the interpolated 
image. 
Point Spread Function Calibration 

[0037] Recall that the point spread function (PSF) models 
the non-ideality of the camera (also referred to as an image 
acquisition system). Although a precise knowledge of the 
PSF of an image acquisition system may not be critical for 
SR methods to Work, the quality of the result HR image may 
be further improved if such knoWledge is incorporated into 
the SR method. A PSF may be theoretically computed based 
on the speci?cations of the image acquisition system. For 
example, in a video charge coupled device (CCD) camera, 
the lens and the CCD sensor speci?cation may be used to 
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compute the PSF. However, that information is not always 
available, in Which case the PSP is estimated by calibration. 

[0038] An existing method to estimate the PSP is to obtain 
an image that corresponds to a punctual source (e. g., a White 
point on a black background). Alternatively, the image may 
correspond to an equivalent punctual source, such as an 
expanded laser beam. The image thus projected in the image 
plane (focal plane) of the camera sensor corresponds to the 
PSF. This optical image is sampled by the sensor, to obtain 
a digital version. If the sampling frequency is higher than 
tWice the highest frequency of the PSF, then the digital 
version may be considered a complete representation of the 
underlying, continuous PSF. HoWever, in the case of super 
resolution reconstruction, the sampling frequency (for the 
LR images) is clearly loWer than the one needed to avoid 
aliasing. Therefore, a single, LR image of a punctual source 
is a noisy and potentially aliased version of the underlying 
PSF. 

[0039] According to an embodiment of the invention, a 
higher resolution, aliasing free version of the PSP is recov 
ered using an LR image sequence of a moving punctual 
source, instead of a single image. This method may be 
essentially the same as the ones described above for obtain 
ing an HR image from an LR image sequence, except that 
in this case the process has the knowledge that the result HR 
image is that of a punctual source, and also that the PSP is 
not knoWn. Since there is a linear relation betWeen a 
punctual source and a PSF, it is possible to interchange the 
roles of the scene being imaged and the PSF. Thus, to 
recover the PSF, it may be suf?cient to apply the same SR 
method described above to an image sequence obtained 
using the punctual source, With the PSF as a point (or, more 
generally, the knoWn images used as a test for calibrating the 
PSF). The recovered HR image should be a higher resolution 
version of the underlying PSF. This resulting, calibrated PSF 
may then be used in the observation model, for determining 
the Likelihood function in the SR methods described earlier. 

System Applications 
[0040] The SR methods described above may be used in a 
variety of different system applications, provided there is 
enough computational poWer to produce a solution to the 
estimation process in a reasonable time. As small and 
inexpensive digital image acquisition devices are becoming 
common place, such as consumer grade digital cameras and 
Webcams, the SR methods may be implemented using LR 
images captured by such devices, to provide enhanced 
digital images from limited image acquisition hardWare 
capability. Speci?c examples include resolution improve 
ment in images acquired With solid state digital cameras 
attached to cellular/mobile telephones, personal digital 
assistants, and other small electronic devices Whose main 
purpose is not to acquire images. In such applications, a 
sequence of LR images are captured While the camera is 
being held by the user, Where the natural motion of the user’ s 
hand Will produce the motion needed to generate the needed 
LR images. Such portable devices may, hoWever, lack the 
computational poWer to execute the operations required by 
SR methods in a reasonable time. The LR image sequence 
could instead be transmitted to either a dedicated server that 
provides computing services (such as a Web based service 
business model) for this particular application, or to a 
personal computer in Which the HR image or image 
sequence may be reconstructed. 

May 18, 2006 

[0041] Based on the computing/processing poWer of the 
loW resolution image capture device, it may or may not be 
necessary to transmit the loW resolution images to a server 
or other computing device for processing. If the image 
capture device has sufficient processing poWer to run the SR 
algorithms described above, in some embodiments, it may 
be faster to perform the SR processing on the image capture 
device itself. HoWever, if the image capture device does not 
have sufficient processing poWer, the SR processing Will be 
very time consuming, and thus, in some embodiments it may 
be advantageous to transfer the LR images to another 
computing device for SR processing. 

[0042] FIG. 12 illustrates an example of a system that may 
be used to increase the resolution of photos or video using 
the SR methods described above. A user may use a camera 
phone (1202), or other loW resolution image capture device 
to capture a plurality of LR images of the same scene (1204). 
The LR images (1204) may be a sequence of photographs, 
or may be frames in a video capture sequence. In order to 
ensure that the same scene is captured for each image in the 
sequence, the plurality of LR images should be captured in 
quick sequence. In one embodiment, all images may be 
captured With one press of a camera shutter button. Thus, 
When the camera phone (1202) is placed in a SR image 
capture mode, the camera’s shutter Will open and close in 
fast succession multiple times With each press of the shutter 
button. Each image captured Will contain slightly different 
image information due to the motion of the camera as the 
images are captured, as a result of the focused image moving 
back and forth across the pixel detector array. 

[0043] Depending on the amount of camera movement 
and the content of the scene, the user may select an image 
processing model, or an image processing model may be 
selected by the image capture device or by an image 
processing device. For small camera displacement and/or 
relatively feW changes in the depth of scene, a global motion 
model (8 parameters perspective) may be the most appro 
priate image alignment method to use. In other situations, it 
may be more appropriate to use optical ?oW estimate to track 
the position of pixels individually. The image processing 
mode may be set by the user on the image capture device 
(1202) prior to capturing the LR images. 

[0044] The user may also be able to con?gure other image 
information and/or settings using menus on the camera 
phone (1202). For example, the user may con?gure a 
number of images to capture on each press of the shutter, the 
desired resolution of the post-processed SR image, a ?le 
storage location for storing the images in the camera phone, 
and/or a shared ?le service to use for sharing the images With 
other electronic devices. The user con?gurable settings may 
be stored in a ?le in the same location or directory as the 
images. The user con?gurable settings may be used by a 
program, such as a Java midlet (J2ME) that Will take N 
pictures (Where N may be a user con?gured setting, or a 
calculated number based on the user con?gured desired 
resolution) When the shutter button is pressed. 

[0045] When the loW resolution images (1204) are cap 
tured by the image capture device (1202), they may be 
stored to memory (eg in a ?le directory) and made available 
to a ?le sharing service (1210), Which in some embodiments 
may be a Samba server running in a Linux operating 
environment. After all of the images are captured, an image 
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capture completion indicator ?le may also be stored in the 
?le directory and made available to the ?le sharing service. 
The completion ?le may include information such as, but not 
limited to the actual resolution value for the captured loW 
resolution images and/or the total number of images cap 
tured, as Well as a date and time that the images Were 
captured. The completion ?le may also contain the user 
con?gured settings, including the desired image processing 
model and/or the desired resolution value. 

[0046] The camera phone (1202) may be equipped With a 
Bluetooth Wireless interface. In some embodiments When 
the phone is near a computer con?gured to communicate 
using the Bluetooth interface, a connection (1206) may be 
established betWeen the computer (1208) and the camera 
phone (1202). In other embodiments, the connection (1206) 
may be established using another Wireless protocol, or may 
be a Wired connection, such as an IEEE 1394 (FireWire) 
connection. When the phone is connected to the computer, 
the phone’s ?le sharing service (1210) may be accessible to 
the computer as a netWork ?le server. Thus, the computer 
Will be able to access the LR images (1204) that are 
available on the phone’s ?le sharing service (1210). 

[0047] The computer (1208) may be a personal computer, 
such as a notebook computer or desktop computer, or may 
be a server or other type of computing device. The computer 
may be running software, such as a remote ?le monitor 
(1212), Which may detect the presence of the image capture 
complete indication ?le, and thus can detect that a set of LR 
image ?les are available to process. After the LR image ?les 
(1204) are detected, they Will be transmitted from the phone 
(1202) to the computer (1208) over the Wireless or Wired 
link (1206). In some embodiments, the image capture com 
plete indication ?le may also be transmitted to the comput 
ing device. 

[0048] Once the ?les (1204) have been copied to the 
computer (1208), the computer Will process the images 
(1214), applying a super resolution algorithm to the loW 
resolution images to create a super resolution (SR) image 
(1220). The super resolution algorithm may be, but is not 
limited to algorithms such as those described herein in 
conjunction With FIGS. 1-4, such as, for example, Bayesian 
estimation image reconstruction. In some embodiments, the 
image processing may be completed in less than one minute. 

[0049] Note that the LR and SR images illustrated in FIG. 
12 are representative images for the purpose of illustration 
only, and have not been generated using the methods 
described herein. 

[0050] When the image processing has completed, the 
image capture complete indicator ?le may be deleted from 
the camera phone to indicate that the set of images has been 
processed. The LR images (1204) may be deleted from the 
camera phone, or, if the user desires, may be retained for 
future use. Similarly, the LR images may be deleted from the 
computer, or may be retained. 

[0051] The SR image (1220) may be stored locally on the 
computer (1208), and may be displayed to the user on the 
computer after processing. The SR image may also be 
copied back to the camera phone (1202) via the Wired/ 
Wireless connection (1206) for mobile access. 

[0052] FIG. 13 is a How diagram illustrating super reso 
lution image reconstruction according to some embodi 
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ments. As shoWn in block 1302, a user may store con?g 
urable image information on an image capture device, such 
as, but not limited to a camera enabled mobile phone. The 
image information may include a desired resolution value, a 
number of images to capture, and/or a desired image pro 
cessing model. 

[0053] After the device has been con?gured, a plurality of 
loW resolution images of a scene may be captured and saved 
to memory (block 1304). The images may be captured With 
one press of a shutter button, and may be captured in a short 
period of time. When the images have been successfully 
captured, an image capture completion ?le may be saved to 
memory to indicate that the image capture sequence has 
completed (block 1306). The images and image capture 
completion ?le may be made available for sharing, using a 
?le sharing service (block 1308). In one embodiment, the 
?les may be shared using a Samba ?le server residing on the 
device. 

[0054] The images may then be shared With and transmit 
ted to a computing device, so that the computing device may 
use image processing techniques such as those described 
herein to create a super resolution image of the scene (block 
1310). After the super resolution image has been created, the 
image capture device may optionally receive the super 
resolution image from the computing device (block 1312). 

[0055] With respect to Webcams, again their primary pur 
pose may not be to take high resolution images. Accord 
ingly, the SR methods may be used to convert this relatively 
inexpensive, loW resolution device into a high resolution 
camera. For example, the increase in resolution may alloW 
a Webcam With a standard video graphics resolution of 
640x480 to scan a letter siZed document at a resolution of 
200 dots per inch, suitable for printing and fax transmission 
at reasonable quality. This inexpensive and relatively com 
mon device may then be used as an occasional document 
scanner, by simply placing the document to be scanned on 
the user’s desk and aiming the Webcam at the document, 
taking a sequence of images While the user is holding the 
Webcam above the document in her hand. No additional 
equipment is needed to hold the camera, because the natural 
shaking of the user’s hand provides the motion needed for 
differences betWeen the LR images so that the super reso 
lution method Will Work to yield a high resolution image. 

[0056] In yet another application, resolution improvement 
may be achieved for conversion of standard video to high 
de?nition video. In that case, N frames may be collected 
from time t to time t+N (in frames), Where these frames 
become the LR images used to generate the high resolution 
frame corresponding to time t+N. In this case, the resolution 
improvement may be limited to the part of a scene that is 
visible during the interval in Which the loW resolution 
frames are collected. This resulting HR frame Will be a clear 
perceptual improvement With respect to a simple interpola 
tion of the standard video to high de?nition video. This 
embodiment may be used to generate, for example, high 
de?nition television, HDTV, video from standard video 
sequences, or to generate HR images that are suitable for 
high de?nition printing from standard (loWer resolution) 
video sequences. 

[0057] The SR methods may also be applied to obtain 
image enhancement, including de-noising, de-blurring, and 
resolution improvement, in images that have been acquired 
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With scanning imaging devices (e.g., scanning electron 
microscope, focused ion beam, and laser voltage probe). To 
obtain the different LR images needed for the SR method, 
these scanning imaging devices alloW the scanning pattern 
to be varied, thus producing different sampling grids With 
sub-pixel shifts needed for the SR method. Such devices 
may be part of tools used in microelectronic test and 
manufacturing, to image and/or repair semiconductor struc 
tures and lithography masks. In some cases, such tools need 
to be operated at a loWer resolution than the maximum 
possible, to increase throughput or because the parameters of 
the tool are optimiZed for nano-machining rather than opti 
mal imaging. With such images, speci?c Prior models may 
be available that can be adapted to render the SR methods 
more effective. 

[0058] Also, as microelectronic manufacturing advances, 
the features of the structures being inspected are becoming 
smaller and smaller, such that loWer quality images may be 
produced in the future When using current scanning imaging 
devices. By enhancing images from older generation scan 
ning imaging devices, the life span of such tools Will be 
extended in the future, Without having to upgrade or replace 
the tools, thereby translating into signi?cant savings in 
tooling costs. FIGS. 7-9 and 10-11 shoW tWo examples, 
respectively of applying the SR method to reconstruct a high 
resolution scanning imaging device image. In the ?rst 
example (FIGS. 7-9), a high resolution focused ion beam 
image is to be reconstructed, from a simulated noisy loW 
resolution milling sequence. In FIG. 7, an original HR 
image acquired With a focused ion beam tool is shoWn. In 
FIG. 8, one LR image out of a sequence of 4x subsampled 
images after loW pass ?ltering, With additive noise is shoWn. 
FIG. 9 shoWs the SR reconstruction. Note the clear 
improvement in detail betWeen the SR reconstruction (FIG. 
9) and the LR image (FIG. 8). The improvement in detail is 
also apparent in the second example, corresponding to a real 
milling sequence With displaced millboxes. Compare one of 
the initial LR images (FIG. 10), magni?ed x8 using nearest 
neighbor interpolation, and the result HR image after apply 
ing SR reconstruction, magni?ed x8 (FIG. 11). 

[0059] The SR methods described above may be imple 
mented using a programmed computer. The computer may 
be used in conjunction With a camera phone, Web cam, or 
other image capturing device. A computer program product 
or softWare running on a computer or on an image capture 
device may include a machine or computer-readable 
medium having stored thereon instructions Which may be 
used to program a computer (or other electronic devices) to 
perform a process according to an embodiment of the 
invention. In other embodiments, operations might be per 
formed by speci?c hardWare components that contain micro 
code, hardWired logic, or by any combination of pro 
grammed computer components and custom hardWare 
components. 

[0060] A machine-readable medium may include any 
mechanism for storing or transmitting information in a form 
readable by a machine (e.g., a computer), but is not limited 
to, ?oppy diskettes, optical disks, Compact Disc, Read-Only 
Memory (CD-ROMs), and magneto-optical disks, Read 
Only Memory (ROMs), Random Access Memory (RAM), 
Erasable Programmable Read-Only Memory (EPROM), 
Electrically Erasable Programmable Read-Only Memory 
(EEPROM), magnetic or optical cards, ?ash memory, a 
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transmission over the Internet, electrical, optical, acoustical 
or other forms of propagated signals (e.g., carrier Waves, 
infrared signals, digital signals, etc.) or the like. 

[0061] The invention is not limited to the speci?c embodi 
ments described above. For example, the noise n in the 
observation model of Equation (1), Which is modeled as a 
non-Gaussian robust function, may alternatively be any 
noise distribution previously learned from pairs of HR 
images and LR image sequences. Accordingly, other 
embodiments are Within the scope of the claims. 

What is claimed is: 
1. A method comprising: 

storing user con?gurable image information; 

capturing a plurality of loW resolution images of a scene; 
and 

transmitting the plurality of loW resolution images to a 
computing device to create a super resolution image of 
the scene. 

2. The method of claim 1, Wherein the user con?gurable 
image information includes a desired resolution value. 

3. The method of claim 2, Wherein the image information 
further includes a desired image processing model. 

4. The method of claim 2, Wherein the image information 
further includes a number of images to capture. 

5. The method of claim 1, further comprising storing a 
completion ?le after capturing a plurality of loW resolution 
images, Wherein the completion ?le includes at least an 
actual resolution value for the loW resolution images and a 
total number of images captured. 

6. The method of claim 5, Wherein the completion ?le 
further includes the desired image processing model and the 
desired super resolution value. 

7. The method of claim 5, further comprising transmitting 
the completion ?le to the computing device. 

8. The method of claim 1, further comprising receiving 
the super resolution image from the computing device. 

9. The method of claim 1, Wherein transmitting occurs 
over a Wireless interface. 

10. The method of claim 9, Wherein transmitting occurs 
over a Bluetooth interface. 

11. The method of claim 1, further comprising making the 
plurality of loW resolution images available to a ?le sharing 
service. 

12. The method of claim 11, Wherein the ?le sharing 
service is a Samba server. 

13. An article of manufacture comprising a machine 
accessible medium having stored thereon instructions 
Which, When executed by a machine, cause the machine to: 

store user con?gurable image information, Wherein the 
user con?gurable image information includes a speci 
?ed number of images to capture; 

capture the speci?ed number of images; 

share the images With a ?le sharing service; and 

transmit the images over a Wireless interface to a com 
puting device to create a super resolution image. 

14. The article of manufacture of claim 13, Wherein the 
instructions further cause the machine to receive the super 
resolution image and to store the super resolution image. 
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15. The article of manufacture of claim 13, Wherein the 
user con?gurable image information further includes a 
desired resolution value and a desired image processing 
model. 

16. The article of manufacture of claim 13, Wherein the 
?le sharing service is a Samba server. 

17. The article of manufacture of claim 13, Wherein the 
Wireless interface is a Bluetooth interface. 

18. A system comprising: 

an image capture device to store user con?gurable image 
information, to capture a plurality of loW resolution 
images, and to store the loW resolution images in a 
shared ?le space; and 
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a computing device to be coupled to Wirelessly coupled to 
an image capturing device, the computing device to 
detect the loW resolution images, to transfer the loW 
resolution images from the image capturing device, and 
to increase the resolution of the loW resolution images 
using Bayesian estimation image reconstruction. 

19. The system of claim 18, Wherein the image capture 
device is a mobile camera phone. 

20. The system of claim 18, Wherein the computing device 
is a notebook computer. 

21. The system of claim 18, Wherein the shared ?le space 
is a Samba ?le server. 

* * * * * 


