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Abstract—An image-acquisition system composed of an array resolution to that derivable with much more costly equipment.
of sensors, where each sensor has a subarray of sensing elementResolution improvement by applying tools from digital signal
of suitable size, has recently been popular for increasing the spa- processing technique has, therefore, been a topic of very great

tial resolution with high signal-to-noise ratio beyond the perfor- . .
mance bound of technologies that constrain the manufacture of interest [3], [5], [9], [11], [16], [19], [20], [6]. The attainment

imaging devices. Small perturbations around the ideal subpixel lo- Of image superresolution (for simplicity, the difference in the
cations of the sensing elements (responsible for capturing the se-terminologies of superresolution and high-resolution or inter-
quence of undersampled degraded frames), because of imperfec-polation is ignored, because in both cases the low-resolution
tions in fabrication, limit the performance of the signal-processing images acquired for processing in this paper are assumed

algorithms for processing and integrating the acquired images for . .
the desired enhanced resolution and quality. The contributions of to be from sensor arrays which are shifted from each other

this paper include an analysis of the displacement errors on the Py subpixel displacements) was based on the feasibility of
convergence rate of the iterative approach for solving the trans- reconstruction of 2-D bandlimited signals from nonuniform

form based preconditioned system of equations. Subsequently, itis samples [10] arising from frames generated by microscanning

established that the use of the MAPL norm or Hj normregular- — o - syppixel shifts between successive frames, each of which
ization functional leads to a proof of linear convergence of the con- id . hot of a stati
jugate gradient method in terms of the displacement errors caused provides an unique snapshot o a stationary scene.

by the imperfect subpixel locations. Results of simulation support ~ In [9], Kim, Bose, and Valenzuela proposed a weighted

the analytical results. recursive least squares algorithm, based on sequential es-
Index Terms—Displacement-error analysis, high resolutin, t'm"’.‘t'on theory In the_frequency-wgvengmber doma'n’ tP
image reconstruction, multisensors. achieve simultaneous improvement in signal-to-noise ratio

and resolution from available registered (for horizontal and
vertical displacements, sufficient for LANDSAT type imaging)
sequence of low-resolution noisy frames. In [11], Kim and Su
VERY fertile arena for applications of some of thealso incorporated explicitly the deblurring computation into the
developed theory of multidimensional systems has bebigh-resolution image reconstruction process since separate
spatio-temporal processing following image acquisition by, s@gblurring of input frames would introduce the undesirable
a single camera, mutiple cameras or an array of sensors. Ph@se and high wavenumber distortions in the DFT of those
to hardware cost, size, and fabrication complexity limitation§ames. A DCT-based approach in the spatial domain with
imaging systems like CCD detector arrays often provide onfggularization, but without the recursive updating feature,
multiple low-resolution degraded images. However, a high-regas recently considered in [17] and an optimization theory
olution image is indispensable in applications including healtfased approach with regularization was given in [7]. Proper
diagnosis and monitoring, military surveillance, and terraiphoice of the regularization tuning parameter is crucial to
mapping by remote sensing. Other intriguing possibilitiedchieving robustness in the presence of noise. Lhaurve
include substituting expensive high resolution instruments likesed procedure, recently applied to image processing, avoids
scanning electron microscopes by their cruder, cheaper cotrigl-and-error in the selection of an optimal tuning parameter
terparts and then applying technical methods for increasing f2¢ Stark and Oskoui [19] and Tekalp, Ozkan and Sezan [20]
formulated a projection onto convex sets algorithm to compute

_ _ _ _ an estimate from low-resolution images obtained by either
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it is closely related to the design of high-definition televisioiwonvergence of the conjugate gradient method depends linearly
(HDTV) and very high-definition (VHD) image sensors. CCDon these displacement errors arising from imperfect subpixel lo-
image sensor arrays, where each sensor consists of a rectangatgons. We remark that this analysis has not been discussed in
subarray of sensing elements, produce discrete images whibgeprevious papers.

sampling rate and resolution are determined by the physical siz& he outline of the paper is as follows. In Section I, we give a
of the sensing elements. If multiple CCD image sensor arraysmthematical formulation of the problem. Analysis of displace-
are shifted relative to each other by exact subpixel values, ttment errors in the convergence analysis of the iterative method
reconstruction of high-resolution images can be modeled byis given in Section Ill. In Section IV, numerical results are pre-

- - sented to demonstrate the theoretical results shown in Section
g=Hf and g=g+n @ .

wheref is the desired high-resolution imagé,is the blur oper-
ator, g is the output high-resolution image formed from low-res-
olution frames andy is the additive Gaussian noise. However, In this paper, a specific high-resolution image reconstruction
as perfect subpixel displacements are practically impossiblepgimblem, based on a model for a prefabricated multisensor
realize, blur operators in multisensor high-resolution image riegnage acquisition system, recently proposed and studied by
construction are space-variant. Bose and Boo [3] is considered. More general high-resolution
Since the system described in (1) is ill-conditioned, solder super-resolution) image reconstruction problems can be
tion for f is constructed by applying the maximum a posteriofound in [8], [18], [20].
(MAP) regularization technique that involves a functioR4lf), We begin with a brief introduction to the mathematical model
which measures the regularity f and a regularization param-considered by Bose and Boo. Consider a sensor arraylwith
etera that controls the degree of regularity of the solution to the, sensors in which each sensor ésx N, sensing elements

Il. THE MATHEMATICAL MODEL

minimization problem (pixels) and the size of each sensing elemerf;is< 75. Our
] ) aim is to reconstruct an image of resolutidfy x M,, where
m}n{”Hf —gllz +O‘R(f)}~ ) M; = L; x Ny andM, = L, x N,. To maintain the aspect

) ratio of the reconstructed image, we consider the case where

The boundary values af are not completely determined byL1 = L, = L only. For simplicity, we assume thétis an even
the original imagef inside the scene, because of the blurring,mber in the following discussion.
process. They are also affected by the valueg otitside the |y order to have enough information to resolve the high-reso-
scene. Therefore, when solving fbfrom (1), one needs some,tion image, there are subpixel displacements between sensors.
assumptions on the values gfoutside ther scene, referred tQp, the ideal case, the sensors are shifted from each other by a
as boundary conditions. In [3], Bose and Boo imposed ze&yg|ye proportional td; /L x T»/L. However, in practice there
boundary condition outside the scene, i.e., a dark backgroutgh pe small perturbations around these ideal subpixel locations
outside the scene was assumed, which can produce a ringingygfs to imperfections of the mechanical imaging system. Thus,
fect at the boundary of the reconstructed image. The problemds; ;. — ¢ 1 ... 1, —1with (11,12) # (0,0), the horizontal
aggravated if the images are acquired from a large sensor argay vertical displacement , andd?,, of the[l1, l>]-th sensor

since the number of pixel values of the image affected by th@i, respect to théo, 0]-th reference sensor are given by
sensor array increases (see [4]). In [4], [14], [15], the Neumann

. . - . . T T )

bour]dar_y condmop was |mpo§§d i.e., the scene immediately s, = 11 (IL+€,) and &, = 12 (I + 6?112)'

outside is a reflection of the original scene at the boundary. Ng L L

and Yip [15] rec_e_ntly s_howed that the model with t_he Neuma_rlli'ere,efl ande’ , denote respectively the normalized hori-

boundary condition gives better reconstructed high-resolutigg ;s énzd vertical displacement errors.

image than obtainable with the zero boundary condition. We remark that the parametegs, ande?, can be obtained
1¢2 162

~ The MAP regularization [3], [15], thd., norm regulariza- .\, manufacturers during camera calibration. We assume that
tion functional (R(f) = ||f||3) and H; norm regularization

functional (R(f) = ||£f]|3) [14] have been considered and
used in high-resolution image reconstruction. Heteis the
first order differential operator. Moreover, transform based pregy jf not, the low-resolution images observed from two dif-
conditioners were applied to solve the structured linear syst¢@ent sensors will be overlapped so much that the information
of equations arising from high-resolution image reconstructiqq not sufficient to reconstruct the high-resolution image (see
models. Numerical results have shown that these transfofgy).
based preconditioners are effective. _ Let f be the original scene. Then, the observed low-resolution
In practice, there can be small perturbations around theggageg, ;. from the(ly, I;)th sensor is modeled by (3) shown
ideal subpixel locations due to imperfections of the fabricatiog the hottom of the next page fer = 1,...,N; andny =
imaging system. The main aim of this paper is to give a detailgd v, Here,,, is the noise corresponding to tfg, I )-th
discussion and analysis of these displacement errors in the c@ghsor. We interlace the low-resolution images to formarnx
vergence rate of the iterative method when applied to solve the, image by assigning
transform based preconditioned system. We prove that when the
MAP, L, norm orH; norm regularization functional is used, the glLiny — 1) +11,Linz — 1) + 2] = g, 1,1, m2]. (4)

1 , 1
|ef, | < 5 and lef ] < 5



808 IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS—I: FUNDAMENTAL THEORY AND APPLICATIONS, VOL. 49, NO. 6, JUNE 2002

Here,g is anM, x M, image and is called thebserved high- andH; , (¢; ;) is defined similarly. The blurring matrix corre-

resolution image sponding to thé!,, I;)-th sensor under the Neumann boundary
The continuous-image model in (3) can be discretized by tendition is given by the Kronecker product

rectangular rule and approximated by a discrete image model.

Letg andf be, respectively, the discretizationsgdind f using Hyi, () = Hi g, (6 ,) ©HY ), (6?1,12) :

a column ordering. According to the integration formula in (3),

the (ny1, n2)-th value ofg is the average of the values at the Th_e blurrin_g matrix for the whole sensor array is made up of

neighborhoodn; — %,711 + %] X [ng — %7712 + %] of f, im- blurring matrices from each sensor

plying, therefore, that the corresponding blur matrix is banded. 11

The Neumann boundary condition, imposed on the images, as- _

sumes that the scene immediately outside is a reflection of the Hle) = Z Z Du Hun (€ 00). ©)

original scene at the boundary, i.e.

11=015=0

Here,D;,,, are diagonal matrices with diagonal elements equal
to 1 if the corresponding component gf comes from the

k=1-1 ) L <l (11,12)-th sensor and zero otherwise, see [3] for more details.
f(i,5) = f(k,1) where f_:fM}f 1-1, L> J;/[l With the Tikhonov regularization, our discretization problem
== J< becomes

l=2M2+1—j, j>M2.
(Hr(e)'Hr(e) + oR)f = Hr(e)'g (7)

Under the Neumann boundary condition, the blurring matric
are still banded matrices with bandwidkh+ 1, but the entries
on the upper left part and the lower right part of the matrices
changed. The resulting matrices, denotedtby, (¢ ,,) and

HY, (<] ;,), have a Toeplitz-plus-Hankel structure

fthereR is the discretization matrix corresponding to the regu-
larization functionalR(f) in (2). In this paper, we consider the
al(f?AP, Ls norm andH; norm regularization functionals. Cor-
respondingly, the matriceR. are the inverse of the covariance
matrix of the original image, identity matrix and the discrete
Laplacian matrix with the Neumann boundary condition.

L/2 ones
f—/ﬁ T het 0 [ll. ANALYSIS OF DISPLACEMENT ERRORS
. . . _1 ’ ) A. Cosine Transform Based Preconditioners
1 o pt The linear system (7) will be solved by using the precondi-
i (6.17:1 12) _ 1 . ) ' AR tlongd conjugate gradl_ent_ method. &f, be then x n _dlsqrete
’ Ll g, 0 o cosine transform matrix, i.e., the, j)-th entry of C,, is given
by
0 s, _1 — ! 2-bu COS<(i_1)(2j_1)7r> , 1<4,j<n
L/2 0nes n 2n
L/2—10Nes , .
—_—— whereé;; is the Kronecker delta. Note that the matrix-vector
I B LS 0 productC,,z can be computed i@(n logn) operations for any
: R ot vectorz, see ([13], pp. 59-60).
1 1 ] Lls When there are no subpixel displacement errors, i.e., when
7 e - 1 ®) al &t 1, = .1, = 0, the matricedHy ; (0) and alsaH} , (0)
S s : are the same for all, andl,. We will denote them simply by
0 hsz 1 1 H7? andHY. We claim that in this case, the blurring matrix
—_— H; = H.(0) = H} ® HY can always be diagonalized by
L/2—-10nes the discrete cosine transform matrix.
Lemma 1: For any given even integdr, we have
where 4
IHz(e) = Hill2 < 7€
rEx 1 x %
Il — 5 F e, wheree* = InaXogllylszflﬂtEZ I |7 |62}112 |}
T (n2+%)+dlyllz Ty (nq +(%)+df112
gui[n1,m2] = / / flz1, 22) dy dzo + 1y1,[1n1, 12) )
15 (71/2—%)4-(1?112 T (n1 —%)-l—d?’llz
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Proof: Forl;,lo =0,1,...,L — 1, we get where for some positive integér
fo () — HE oL <ﬂ)
L/2 Zeros M,
0 . 0 —6?"112 0 LE:M (L — 1)(2j — 1)7r L = 4k
: j=1cos My ’ -
0 . . .. .= - (L—2)/4 B
_1 R - “uts —+ Z COS< izl 2”), else.
L €, . . 0 M,
. The largest eigenvalue off{ is equal to 1, and therefore
0 “hi, 0 0 |IHY ||> = 1. Using these results we derive
L)2 Zeros
L/2-1Z€10S | Hi, 0, (er0,) — Hil|2
0 T 0 6?:112 0 = HHfllz (Cilz) @ |:H21112 (6?112) o H%]
z - [Hz - allclz (61112)] H%HQ
’ —¢ T T ;
+ l xO . a 6112 . < HHlllz (61112) [Hilz ('?112) - H%] HQ
L “lte E . + H [Hl‘ - 1112 (61112)] ® H%HQ
0 —6?"112 '() () < HHfllz F1112 HQ Hthz 1112) _H%HQ

+ HI_Iz - HZIZ (61112) H2 ’ ||H%||2

X x 2
= HHlllz (61112)H2 ’ z ¢

L/2—1 Z€ros

Yy
il |
We note that each row or each columridf , (<7, ) —HF has tiz

i 2
at most two nonzero entries. Therefore, we have + - |‘fl12| 5,
IH7,, (7.,) —Hi[, = HHl;lz (.0,) —HZ|| < %e + %e = %e
_z|61112|' r—1 .
SmceZl —0 2-1.—0 Du1, = 1, it follows that
It implies that
L—-1L-1
187, (7,) — HE H2 IHz(e) - Hello= || > >~ DupHur(a,) - He
11:0 12:0 2
< \/Hthz ty) rH [, (<F0,) — H?Hoo L-1L-1
> Dy [Hi, (e, 1) — H
|elllz| : 1,=01=0 5
By a similar argument, we also obtd|i; ,, (¢} ,,) — HY |2 < < Mg (en ) —Hell2 < EC*'

2|¢ 1,1/ L. We note from (5) that each row or each column of
H7 ,,(¢7,,,) has(L — 1) entries of 1, one entry df, and one
entry of ;' . Therefore

[
When there are subpixel displacement errors, the blurring
matrix Hy,(¢) has the same banded structure as thaHgf
but with some entries slightly perturbed. It is a nonsymmetric

H lils (61112) Hl H Lils (61112) Hoo block-Toeplitz—Hankel-Toeplitz—Hankel block matrix but it can
and no longer be diagonalized by the discrete cosine transform ma-
IHZ I, = H7 |, trix. Therefore we solve the corresponding linear system by the

preconditioned conjugate gradient method. We will use the co-
Hence, botH|HY ||» and||H7 ,, (¢}, )||2 are less than or equalsine transform preconditiondl;, of Hy,(¢) as the precondi-
to 1. SinceH? is symmetric andl . . . 1]* (or its scalar multiple) tjoner.
is the eigenvector di¥ , the corresponding eigenvalue is equal
to 1. This fact can also be inferred from the expression for tfle Convergence Analysis

eigenvalues oHj . To wit, the eigenvalues of the spatially in- |, this section, we study the convergence rate of the precondi-

variant blur matrixty, are [15] tioned conjugate gradient method for solving the linear systems
N (HY) = = cos? (ﬂ) [Hp(e)'Hp(c) + oRIf = Hy(o)'g ®
L 2Ms

(i—Dm 1<i<M wherec is a positive constant. We remark that when the MAP,
X PL My ’ == Ls norm or H; norm regularization functional is used, the
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TABLE |
NUMBER OF PCG ITERATIONS FORL = 2
a=01 a =001 a=0.001
M /e | 00375 0.075 015 0300375 0075 015 0.3]0.0375 0075 0.15 03
32 3 4 5 7 4 5 7 9 4 6 0 18
64 3 4 5 7 4 5 7 9 4 6 10 18
128 3 4 5 7 4 5 79 4 6 10 17
256 3 4 5 7 4 5 7 9 4 6 1117
corresponding regularization matric under the Neumann L=2 and ajpha=0.1 " L=2 and alpha=0.01
boundary condition can be diagonalized by the discrete cosi - .
transform matrix. Thus if we use the Neumann boundary col AN N
dition for both the blurring matrid; and the regularization 1* Tl - 10°° TTeel L
matrix R then the coefficient matri¥; H;, + «R can be
diagonalized by the discrete cosine transform matrix and hen »
its inversion can be done with three two-dimensional fastcosii® ¢ 2 4 6 8 1 o
transforms (one for finding the eigenvalues of the coefficier g L=2and aipha=0.001 w
matrix and two for transforming the right hand side and th
solution vector; see [13] for instance). Thus the total cost ¢ Teelll
solving the system is aP(M; M log M7 M, ) operations. 10° el 0°
Below we show that the convergence rate of the conjuga
gradient method when applied to solve the linear system (8) Cyy0 o
pends linearly on the displacement errors arising from imperfe ~ ¢ ﬁamphaﬂ-t%t 60 0 u‘fma'pha:&gm 15
subpixel locations. 1 . 10°
Theorem l:Let ¢* = maxo<y t<r—11l¢f,, ] lef, 1} ~_ .
Then the spectra of the preconditioned matfH; H;, + . el S\ T
oR] HL(e)'Hr(¢) + oR] belong to the interval ™ el 10 R
[I — 8ce*/L,1 + 8ce* /L], wherec is a positive constant
independent of/; and M, ande*. - "
Proof: We note that L °o 2 4 60 & 10

[H.H, + oR] ™' [H(¢)'HL(e) + aR]
=T+ [H,H,, +aR] ™ [Hy () Hy(e) — HLH, ).

Since
IHLI, = [HLll, =1
and

HHilz (63;112)”2 = HH?IIZ (6%112)H2 <1

(see Lemma 1), we have
[Hrll2=1 and [Hp(e)2 < 1.
By using these results, we obtain

|HL(e)'HL(e) — H HL |,
— ||HL(0)"(HL(e) - Hy) + (Hy (o) — HY) Hy
< |HL() l2 - IHL(c) — HL|l2
+|[Hr(e)" —HE ||, - [[HLll2
8

= (=L [l + HL]l2) - [Hr(e) - Hifls < e

Fig. 1. The convergence curves using preconditioners and without using
preconditioners for differenf. and «. The unbroken and broken lines are
associated, respectively, with and without the use of preconditioners.

Moreover, it has been shown in [14], [15] thi¢H, H, +
aR)~|2 < ¢, wherec is a positive constant independent of
M, M5 ande*. Hence the result follows. [ ]

According to the above theorem, we conclude that the spectra
of the preconditioned matrices are clustered around 1 for suf-
ficiently small ¢*. It is of theoretical interest to note that the
2-norm bound obtained above can be improved, though the extra
work required to do this is not needed to reach the objective
proved next. The reader, interested in understanding better the
scopes for further exploiting the algebraic structure inherent in
the problem discussed in this paper, might wish to investigate
the extent of these improvements. The following theorem proves
the convergence rate of the conjugate gradient method when ap-
plied to solve the preconditioned systems considered.

Theorem 2:Let ¢* = maxo<i, 1, <r—1{lel |, €] 1, |} If €
is sufficiently small(e* < L/8c), then thekth iteratef;, of
the conjugate gradient method when applied to solve the linear
system (8), satisfies

1 — filla _ 9 <8C€*>k
If: —folla =\ L/~

Here, f; is the solution of the linear system (8) and
A =Hp(e)'HL(e) + oR.
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TABLE I
NUMBER OF PCG ITERATIONS FORL = 4
a=01 a=0.01 a = 0.001
M /e | 00375 0075 0.15 0.3]0.0375 0.075 015 0.3 [0.0375 0.075 0.15 0.3
32 3 4 5 7 4 5 7 9 4 6 10 18
64 3 4 5 7 4 5 7 9 4 6 10 18
128 3 4 5 7 4 5 7 9 4 6 10 17
256 3 4 5 7 4 5 7 9 4 6 11 17
kow=resolufion image

reconstruchad mage &t the 7 iteration

"
.

reconstructed image at tha 3 Heration

reconsiructed image al fhe 11 iteration

Fig. 2. Reconstructed images whén= 2 ande* = 0.15.

Proof: By using the theorem given in ([1], pp. 569-574), Thus, we conclude that the preconditioned conjugate gradient
the error vectof, — f;, at thekth iteration of the conjugate gra- method applied to (8) witlax > 0 will converge linearly with

dient method satisfies

£ — filla <2<b—1)’“
[If: — folla — b+1
where
1
po (LHSeC/LNT S
1—8ce*/L
Since
—1 1— /[t = (8 /L) *
b _ [ (ce/)]<8ce <l
b+1 (8ce* /L) L

the result follows.

*. SinceH [ (e) has only(L + 1)? nonzero diagonals, the ma-
trix-vector producH ,(¢)x can be done i(L?M; M,) opera-
tions. We note that the preconditior¥df, H;, +«R can be diag-
onalized by the discrete cosine transform matrix. Thus the cost
per each iteration i©(M; M, log My Mo + L? M, M,) opera-
tions. Hence the total cost for finding the high-resolution image
vector using the MAPLy-norm or H;-norm regularization is
O(MlMQ 108 MM + L2M1M2) Operations.

IV. NUMERICAL RESULTS

In this section, we illustrate the effectiveness of using cosine
transform preconditioners for different displacement errors in
solving high-resolution image reconstruction problems.

The conjugate gradient method is employed to solve

m the preconditioned system (8). The stopping criterion is
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onginal image lovw-resalution image

. ———

ol

reconstnucted image at 3 iberation

Fig. 3. Reconstructed images whén= 4 ande* = 0.15.

lt@||2/|Ir@ |2 < 106, wherer) is the normal equations an ill-conditioned and underdetermined large-scale system of
residual aftey iterations. In the tests, Gaussian white noise witlnear equations. In spite of the flurry of research in iterative
signal-to-noise ratio of 40 dB is added to the low-resolutiorechniques for solution, the computational complexity analysis
images. Tables I-Il show the numbers of PCG iterations, usingd numerical issues, though crucial in implementation, have
cosine transform based preconditioners, that are required fimt been adequately addressed. Tikhonov regularization, where
convergence fol. = 2andL = 4. Inthe testsp/; = M, = M the regularization parameter is calculated by the generalized
and the signal-to-noise ratio is 40 dB. We see from the tabless-validation technique for the underdetermined system of
that the convergence rate is independentidffor fixed «. linear equations, alongwith circulant-type preconditioners have
Moreover, the cosine preconditioned system converges vary recently been used for attaining superresolution and com-
most linearly with the displacement errgr as predicted as in putational tractability has been observed from simulations [16].
Theorem 2. In Fig. 1, we also show the convergence curvednthispaper, analgorithmforthe attainmentof high-resolution
(the y-axis involves||r'?||y/||r®||; and thez-axis involves from low-resolution data acquired by a prefabricated array of
the iteration number) of the cosine transform preconditionegnsors, discussed in [3], is analyzed. Reconstruction of a high-
system and the nonpreconditioned systemfoe 2 and4. resolutionimage from multiple, undersampled, shifted degraded
It is clear that whenv is small, the convergence of the cosinémage frames with the inevitable subpixel displacement errors,
transform preconditioned system is rapid. In Figs. 2 and B8g¢curing during the fabrication of charge-coupled device sensor
we show the 128-by-128 reconstructed images using differentay of sensors, each with a planar subarray of sensing elements
PCG iterations when 2 2 and 4x 4 sensor arrays are usedused for capturing the image frames, has been a topic of very
We find that the reconstructed images already look very gogdeat research interest. Zero boundary conditions, periodic
even if the stopping criterion is not reached. boundary conditions, and Neumann boundary conditions have
been separately imposed on the two-dimensional system model
for the reconstruction process. This model is linear shift-
variant and is ill-conditioned requiring the deployment of a
The problem of high-resolution reconstruction from a seegularization technique on the structured system of equations.
of low-resolution images, in general, involves the solving dh the case of Neumann boundary conditions, discrete cosine

V. CONCLUSION
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perresolution image reconstruction algorithitsEE Trans. Image Pro-

caused from the imperfect locations of subpixels in the sensor cessingvol. 10, pp. 573-583, 2001.
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