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Multispectral Image Out-of-Focus Deblurring
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Abstract— Out-of-focus blur occurs frequently in multispectral
imaging systems when the camera is well focused at a specific
(reference) imaging channel. As the effective focal lengths of
the lens are wavelength dependent, the blurriness levels of the
images at individual channels are different. This paper proposes
a multispectral image deblurring framework to restore out-offocus spectral images based on the characteristic of interchannel
correlation (ICC). The ICC is investigated based on the fact that
a high-dimensional color spectrum can be linearly approximated
using rather a few number of intrinsic spectra. In the method,
the spectral images are classified into an out-of-focus set and
a well-focused set via blurriness computation. For each outof-focus image, a guiding image is derived from the wellfocused spectral images and is used as the image prior in the
deblurring framework. The out-of-focus blur is modeled as a
Gaussian point spread function, which is further employed as the
blur kernel prior. The regularization parameters in the image
deblurring framework are determined using generalized cross
validation, and thus the proposed method does not need any
parameter tuning. The experimental results validate that the
method performs well on multispectral image deblurring and
outperforms the state of the arts.
Index Terms— Multispectral image, image deblurring, outof-focus blur, interchannel correlation, guiding image, image
prior, kernel prior, parameter determination, generalized cross
validation.

I. I NTRODUCTION

C

ONVENTIONAL RGB camera uses only three spectral
bands to briefly characterize the scene in real world and
thus inevitably loses spectral details. A multispectral imaging
system, by contrast, captures a series of discrete spectral
responses and guarantees a powerful ability in faithful spectrum acquisition. Nowadays, multispectral imaging has been
widely applied in scene simulation [1], digital archiving [2],
spectral color measurement [3], and etc. To obtain high-quality
multispectral images, extensive studies such as high-resolution
imaging [4], [5] and image denoising [6] have been conducted
in recent years.
Multispectral image is acquired along two spatial
dimensions and one spectral dimension, and hence it can be
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Fig. 1. The multispectral imaging system that consists of a monochrome
camera and a filter wheel. Note that there are 16 filters installed on the wheel
in our imaging system. For illustration purpose, only 8 filters are shown.

represented by a datacube. Limited by the currently available
2D detector arrays, two paradigms are used in constructing the
architectures for multispectral imaging. In the first paradigm,
time-sequential 2D slices of the cubic along spectral dimension
are acquired. In this setting, the spatial area is given and
spectral image is sequential captured at varying wavelengths.
In the second paradigm, a stream of spectrum measurements
is acquired using a spectrometer along the row (or column)
dimension, which consequently forms a spectral-spatial array.
The datacube is constructed by scanning along the remaining
spatial dimension [7]. These two mentioned paradigms are
both scanning techniques. In recent decades, snapshot architectures have also been developed to capture both the spectral
and spatial information simultaneously [8]. In accordance with
the multispectral imaging system used in this work, the system
architectures in the first paradigm are briefly introduced in the
following.
Filters, either optical ones or electronically tunable ones,
are usually employed to acquire multispectral images at
varying wavelengths. The bandpass optical filters, which
cover the visible spectrum from 400 to 700 nm, are mounted
on a rotating wheel (see Fig. 1). Multispectral images are
sequentially captured by positioning the filters in front of the
camera [9]. Alternatively, a multispectral imaging system can
also use electronically tunable filters such as liquid crystal
tunable filter (LCTF) [10] and acousto-optic tunable
filter (AOTF) [11]. These filters have no mechanical moving
components and can be easily controlled by a computer.
A major limitation of the LCTF is that its transmittance
ratio is very low in the short wavelengths near 400 nm.
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Fig. 2.
Focal length variation with respect to monochromatic lights at
different wavelengths.

a deblurring method that only depends on the captured
scenarios is much more convenient and favored.
This paper proposes a multispectral image out-of-focus
deblurring framework which is solely based on the
captured scenarios, without using additional mechanical
components [16] or calibration patterns. It is assumed that
the imaging system is well focused at a reference channel.
The sharp images at other channels are computed using the
proposed method. In the following, we review related works
on image deblurring and then outline the proposed method.
A. Related Work

For the AOTF, the requirement of collimated illumination
also imposes restriction on general-purpose imaging [12].
Non-filter based multispectral imaging systems have also
been introduced in recent years. For example, multiplex multicolor LED illuminations, which successively project light onto
object surfaces, are used to acquire multispectral images [13].
In another prototype system [14], an occlusion mask is used
to sample the incoming light and a triangular prism is further
employed to disperse light into different spectra.
Our imaging system, whose architecture is illustrated
in Fig. 1, uses optical filters to acquire multispectral images.
The system consists of a monochrome digital camera and a
filter wheel installed with L = 16 optical narrowband filters.
The full width at half maximum (FWHM) of these
filters is 10 nm, and their central wavelengths are 400,
420, . . . , 700 nm. Note that, for illustration purpose, we only
show 8 filters in Fig. 1. Geometric distortion, which produces
chromatic abberation in multispectral images, needs to be
compensated in the imaging system under this architecture [9].
The geometric distortion is caused by the tilt of filter when
installed on the filter wheel. Recently, a mathematical model of
geometric distortion has been presented to eliminate chromatic
abberation [15].
In additional to geometric distortion, the out-of-focus blur is
another important problem in multispectral imaging systems.
This problem is caused by the different effective focal lengths
at individual channels, which originate from the fact that
the refractive indices of the lens are wavelength dependent.
Fig. 2 illustrates the variation of focal lengths for three example channels. When the lens is well focused at the reference
channel with wavelength 560 nm, we will fail to obtain sharp
images in the channels with wavelengths 420 nm and 700 nm.
To deal with this problem, an autofocus method [16] has
been proposed to compute the focus position of lens using
a controllable step motor. A limitation of this method is
that, although an efficient algorithm is adopted, the autofocus
process is still time consuming.
When the multispectral imaging system is fixed, especially
with fixed focal lengths at all channels, the deblurring process
can be done by first estimating the blur kernel using a specific
calibration pattern and then employing the single image deconvolution method. However, when capturing outdoor scenarios
where varying focal lengths are required, the calibration-based
method is no longer applicable since the estimation of blur
kernels should be conducted from time to time. In this case,

Image deblurring is a fundamental issue in image
processing. A number of image deblurring methods have been
proposed in the literature, by using either a single image or
multiple images [17].
Single image deblurring is an ill-posed problem and requires
regularization to make it well-posed. Although different
priors may lead to different regularization forms, image
deblurring can be unified in the framework of Maximum
A Posteriori (MAP) estimation,
{ĥ, fˆ} = argmin {h ∗ f − g2 + λϕ1 ( f ) + ηϕ2 (h)},

(1)

where f represents latent image (or features of the image such
as gradients), g represents blurred image (or corresponding
features) and h is the blur kernel. The two parameters, λ and η,
weight the image prior ϕ1 ( f ) and kernel prior ϕ2 (h), respectively. The first term in (1) measures data fidelity. Though the
MAP framework tends to favor the no-blur explanation, i.e. the
Delta kernel and input blurred image as its solution [18], by
using appropriate priors on the derivative of the images, the
degraded image can be reliably restored. In [19], a normalized
sparsity measure was employed to form the image prior.
Different from the traditional L 1 sparsity regularization, this
measure normalizes the sparsity by the L 2 -norm of image
gradients, i.e., L 1 /L 2 , which was declared to behave correctly
to blur. A recent work [20] used an L 0 regularization to
characterize the unnatural sparse representation of salient
image structures and provided a unified framework for both
uniform and non-uniform motion deblurring. However, these
two methods [19], [20] would fail when the imaged object
has no salient edges or is unnatural. On the other hand,
a blur kernel prior could be used to estimate the point spread
function (PSF) [21]. It was assumed that the motion blur was
linear and the out-of-focus blur was disk-like. The parameters
of these two blur kernels were identified by fitting an appropriate function that accounts separately for the natural image
spectrum and the blur frequency response. After obtaining the
kernel, the image was deblurred using Richardson-Lucy (RL)
deconvolution [22].
In additional to MAP, marginal likelihood was recently
used in single image deblurring [23], [24]. Assuming the
image derivatives are sparse, these methods represent the
sparse image prior using a mixture of Gaussians (MOG)
model. The joint distribution of blur kernel and image can be
mathematically expressed and thus marginal likelihood over
all latent images can be derived. The computation of this
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Overview of the proposed multispectral image deblurring framework.

method is nontrivial and an alternating optimization scheme
was employed to approximate the marginal likelihood.
Multiple image deblurring methods use two or more images
to restore the degraded image, of which multichannel deconvolution is one of the most concerned scope in the literature.
Multichannel least-squares restoration filters were developed
in [25] for non-blind multichannel deconvolution. A general
framework for frequency domain multichannel signal processing was introduced in [26]. When the acquired images are
of the same scene and differ only in blur kernels, blind
multichannel deconvolution can be efficiently solved using
L 1 -regularized optimization [27]. In [28], the total variation (TV) regularization was applied on both image and
blur kernel, and preliminary results were reported in general
blind multichannel deconvolution. The parameters that weight
the TV regularization were empirically set. Different to the
mentioned techniques, the latent image can also be computed
with the assistance of a blurred/noisy image pair of the same
scene [29].
Blind multispectral image deblurring, which also belongs
to the multiple image deblurring category, is totally different from the above mentioned multichannel deconvolution.
Multispectral imaging system acquires images of a scene
under different spectral bands, and therefore, the underlying
scene images of individual channels are physically different.
Although each out-of-focus image can be separately restored
using the single image deblurring methods, the results are far
from satisfactory, especially for unnatural scenes.
B. Outlines of This Work
In this paper, all spectral images are aligned by
preprocessing. The camera is well focused at the reference
channel with wavelength 560 nm. The blurriness of other
channels are consequently computed with respect to the
reference channel. With the computed blurriness, the captured
spectral images can be easily categorized into well-focused
and out-of-focus ones. Besides, the out-of-focus blur kernel
is assumed to be spatially invariant, which is always true
when imaging planar objects. Fig. 3 shows the flowchart of
our multispectral image deblurring framework. The spectral

images are first classified as well-focused ones or out-of-focus
ones via blurriness computation. An image prior is derived
from the well-focused images based on the interchannel
correlation (ICC) of the multispectral image. The
Gaussian kernel, which is parameterized by image blurriness,
functions as the blur kernel prior in the framework. The
multispectral image deblurring problem is solved by
alternating optimization with respect to the image and with
respect to the blur kernel. The regularization parameters in
the proposed framework are automatically computed rather
than empirically given.
The main contribution of our work is twofold. First, a multispectral image deblurring framework, which incorporates both
image prior and kernel prior, is proposed. As these priors are
computed directly from the spectral images themselves, the
method is applicable to both natural and unnatural scenes.
Second, a strategy that computes the regularization parameters in the framework is introduced. With this strategy, the
deblurring framework does not need any empirical parameter
tuning, and besides, can well adapt to various image scenes.
The paper is organized as follows. Section II introduces
the blurriness computation. Section III derives the image prior
from ICC and formulates the multispectral image deblurring
problem. Section IV shows the automatic determination of
regularization parameters. Experimental results are given in
Section V and Section VI concludes the paper.
II. B LURRINESS C OMPUTATION
The out-of-focus blur of multispectral images are caused by
the nonconstant effective focal lengths at different channels.
In this section, we introduce a function to measure the blurriness similarity between two spectral images. The computed
blurriness will be used as the initial kernel prior in the
deblurring framework. Image prior will also be derived based
on the computed image blurriness in Section III.
Compared with general blurs, the out-of-focus blur is a
special case in which a parametric form of blur kernel
exists. In the literature, the PSF of out-of-focus blur is modeled as a uniform disk [30] or 2D Gaussian function [31].
For both models, the PSF can be described using a single
parameter.

4436

IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 24, NO. 11, NOVEMBER 2015

Fig. 4. (a) Calibration pattern used for PSF estimation, (b) Estimated PSFs
for two channels. It is observed that the shapes of PSFs are Gaussian-like
rather than disk-like.

In the imaging system of this work, the aperture of the lens
is of medium size. Our study reveals that the PSF tends to be
Gaussian-like. To verify this, a black-white calibration pattern
shown in Fig. 4(a) is used to estimate the ground truth PSF.
This pattern contains sharp step edges along all orientations
so that it provides edges that capture every radial slice of
the PSF. As mentioned, the spectral image fr of the reference
channel is assumed to be well focused. The spectral image g of
another channel is normalized with respect to the reference
image fr . More specifically, the normalized image ḡ = g ·
μ( fr )
μ(g) , where μ(·) denotes the mean operation. In this way, the
brightness of ḡ should be equal to that of fr , and hence fr can
be regarded as the ground truth latent image of ḡ. A non-blind
deconvolution method [32] is employed to estimate the PSFs,
two of which are shown in Fig. 4(b). It is observed that the
shapes of these PSFs are Gaussian-like rather than uniform
disk. Therefore it is reasonable to use the Gaussian model
 2

1
x + y2
exp −
(2)
h G (x, y; σ ) =
2πσ 2
2σ 2
to approximate the out-of-focus kernel in the multispectral
imaging system. The variance σ of the Gaussian kernel (2)
represents image blurriness.
Note that, for general color scenes, the direct estimation of
PSF is not applicable as local contrasts in different spectral
images cannot be eliminated via normalization. To deal with
this problem, a similarity function S F(·, ·) is defined to
measure the blurriness difference between two images. This
function should produce a large value when the blurriness
levels of two spectral images are close and produce a small
value otherwise. By manually blurring the reference image fr
with a Gaussian kernel h G (σ ), the optimal blurriness of the
spectral image g can be computed as
σopt = argmax S F ( fr ∗ h G (σ ), g),
σ

(3)

where the operator ∗ denotes convolution. The optimal
blurriness in (3) can be computed using line search [33].
In the following, we derive the formulation of similarity
function S F(·, ·). As the traditional norm-2 error fails to
account for different scene contrasts between two spectral
images, it cannot be used in the similarity function. Instead, we
resort to the normalized cross correlation (NCC) that has been
widely used in multi-modality image registration [34], [35].
The NCC at pixel position (x, y) is computed from

Fig. 5. Distributions of Image blurriness with respect to the 16 channels in
the imaging system. (a) Estimated blurriness of 12 samples, (b) Ground truth
blurriness.

two images f 1 and f 2 ,
NCC(x, y) =


u,v∈W (x,y)

f 1 (u, v)−μ( f 1 ) f2 (u, v)−μ( f 2 )
,
√
√
var ( f 1 )
var ( f 2 )
(4)

where W (x, y) denotes the local window around pixel (x, y),
which is of size 11 ×11. The operators var (·) and μ(·) denote
the variance and mean of the image patch, respectively.
By normalization, NCC is invariant to the scaling and
global brightness shift between two image patches. To further
account for the different local contrasts between two spectral
images, we define the similarity function using the averaged
absolute NCC,
1 
|NCC(x, y)|,
(5)
S F( f1 , f2 ) =
M N x,y
where M N is the number of pixels.
Fig. 5(a) shows the estimated blurriness of 12 samples illustrated in Fig. 8. The spectral image of the 9th channel, which
corresponding to wavelength 560 nm, is well focused. We also
obtain the the well-focused lens positions for all other channels
using an autofocus method with the assistance of a controllable
step motor [16]. The lens distance, which is computed between
the lens positions of target channel and reference channel, is
proportional to the variance of Gaussian blur kernel [16]. The
ground truth blurriness can thus be obtained by scaling the lens
distance. From Fig. 5, the distributions of the blurriness values
computed from the 12 samples are visually in good accordance
to the ground truth. The Pearson correlation coefficient of
the average estimated blurriness and ground truth blurriness
is 0.92, which well validates the reliability of blurriness
computation.
With the computed blurriness values, we determine whether
the spectral image gn at the nth channel is well-focused as
follows,

well-focused
if σn ≤ T
label(n) =
(6)
out-of-focus
otherwise,
where σn denotes the blurriness of the spectral image gn and T
is a threshold. For our imaging system, when the lens is
focused at the 9th channel, at most half of the L = 16 channels
are out-of-focus. Hence we safely set T = median{σn },
n ∈ {1, 2, · · · , L}.
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III. M ULTISPECTRAL I MAGE D EBLURRING
In this section, we first investigate the interchannel correlation (ICC) without considering image blur, and then extend
ICC to the real out-of-focus case. Based on the ICC, the
guiding image, which functions as the image prior of an
out-of-focus spectral image, is derived. Finally, a multispectral
image deblurring framework, which incorporates image prior
and kernel prior, is presented.
Fig. 6. (a) Original spectra of the multispectral image shown at left bottom,
(b) The first 4 intrinsic spectra.

A. Interchannel Correlation
We first discuss the ICC under the assumption that all
spectral images are well focused. Let f ∈ R M N represents
the vectorized and centered spectral image, a multispectral
image can be written as F = (f1 , f2 , . . . , f L ) ∈ R M N×L .
Each row of F is a spatial voxel (multispectral pixel or a
sampled spectrum) in the multispectral image. Though there
are M N spectra in a multispectral image, it has been validated
in the literature of color science that they can be linearly
approximated by rather a few number of spectra [36]. In fact,
five to seven spectral bases suffice for constituting up to 1594
different color spectra [37]. Even less bases are needed to
construct a specific multispectral image because an imaged
scene is unlikely to contain all these colors.
We perform singular value decomposition (SVD) on F,
F = U F  F VTF = U F  F S F ,
R M N×L ,

R L×L ,

image SrF , and the reduced multispectral image maintains the
same linear dependency as the original one. In this respect, SrF
is termed as intrinsic spectra. Fig. 6 shows the original spectra
of a multispectral image and its first 4 intrinsic spectra.
In the following, we extend the ICC to the out-of-focus case.
Assuming spatially invariant blur, the out-of-focus spectral
image g is formulated as the convolution between the blur
kernel h and latent image f ,
g = h ∗ f.

Let g be the vectorized image of g, (9) can be reformulated
in matrix form as
g = Hf,

R L×L .

where U F ∈
F ∈
and V F ∈
For
brevity, we denote S F = VTF . From linear algebra it is known
that the rows of S F are the bases of the row space of F. In other
words, the rows of S F are the spectral bases that construct the
captured multispectral image F. Suppose that a number, r , of
spectral bases are sufficient to linearly approximate F, we have
F ≈ UrF  rF SrF ,
where UrF ∈ R M N×r ,  rF ∈ Rr×r and SrF ∈ Rr×L . Our
investigation indicates that the value of r is usually not larger
than 5. Because r < L, there always exists a nontrivial solution
a ∈ R L that satisfies
SrF a = 0,

(7)

Fa ≈ UrF  rF SrF a = 0.

(8)

and thus

Equation (8) reveals an approximate linear dependency of
spectral images, which is hereafter termed as interchannel
correlation (ICC). The spectral bases in SrF are termed as
intrinsic spectra. The ICC originates from the fact that the
number of intrinsic spectra is less than the dimension of voxel,
i.e., r < L, where L = 16 in our imaging system. In addition,
as the number of well-focused images L c is not less than
L/2 (see Section II), we have r < L c . According to (8),
a spectral image f can be approximately represented as the
linear combination of the other spectral images in F.
Equation (7) shows that the columns of SrF are linearly
dependent. Besides, the numbers of columns in SrF and F
are both L. Equations (7) and (8) indicate that an M N-pixel
multispectral image F can be reduced to a r -pixel multispectral

(9)

(10)

where H ∈ R M N×M N is the block circulant circulant
blocks (BCCB) structured blurring matrix formed by h when
periodic boundary condition of convolution is used [38]. When
the blur kernels imposed on different channels are identical,
the blurred multispectral image G = (g1 , g2 , . . . , g L ) ∈
R M N×L can be modeled as
G = HF.
The blurring matrix H is invertible since the blur kernel h is
Gaussian (see Appendix for proof). Thus Ga ≈ 0 is equivalent
to Fa ≈ 0, which indicates that the linear coefficient a of
the well-focused spectral images can be derived from the
identically blurred ones.
However, the acquired spectral images are neither all well
focused nor all blurred with an identical kernel. Thus we
first analyze the feasibility of ICC on the categorized wellfocused spectral images, then blur all spectral images up to a
same blurriness level to compute the linear coefficient. With
the blurriness computation in Section II, we have L c wellfocused channels and L − L c out-of-focus channels. Without
loss of generality, we derive the ICC of an out-of-focus
spectral image g. Let f̂ be the latent sharp image of g,
and 
F = (f1 , f2 , . . . , f L c ) be the matrix formed by well-focused
spectral images fn , where 1 ≤ n ≤ L c . As r < L c + 1,
ICC in (8) is applicable to (
F, f̂). Thus we have
f̂ ≈ 
F
a,

(11)

where the coefficient 
a ∈ R L c . This means that the latent
image f̂ can be linearly approximated by the L c well-focused
spectral images.

4438

IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 24, NO. 11, NOVEMBER 2015

To compute the coefficient 
a in (11), all the spectral images
are manually blurred to the same blurriness level. Let σmax be
the largest blurriness value computed in Section II, the spectral
image of the nth channel, be it either originally well focused or
out-of-focus, is additionally blurred by convoluting a relative
Gaussian kernel h G (σnr ), where σnr is computed as

2 − σ 2,
(12)
σnr = σmax
n
where σn is the image blurriness of the nth channel. Let

g be the additionally blurred image corresponding to the
 = (
g2 , . . . ,
g L c ) be the
out-of-focus image g, and G
g1 ,

additionally blurred counterpart of F. According to (11),
 and 
G
g are related by
a.

g ≈ G

(13)

Fig. 7.
(a) Original out-of-focus image of Stamp_2 at the 1st channel
with wavelength 400 nm, (b) Computed guiding image, (c) Deblurred image
produced by the proposed method. The highlighted watermark is lost in the
guiding image but is well kept in the deblurred image.

Algorithm 1 Computation of Guiding Image

B. Guiding Image
It is noted that the direct computation of 
a from (13) will
eventually produce a latent image f̂ with severe fluctuant
artifacts. This is caused by two reasons. First, as the number
of intrinsic spectra r < L c + 1, the linear system (13) is
ill-conditioned. Second, the imperfect estimation of image
 By imposing
blurriness will introduce errors into 
g and G.
a penalty on 
a, the fluctuant artifacts in f̂ can be greatly
suppressed. The Tikhonov regularization is employed to penalize 
a, and accordingly the linear system is transformed to a
ridge regression problem,

a − 
g2 + γ 
(14)
a2 .
min G

a

where γ is a penalization parameter. The objective function (14) consists of two terms, i.e., the data term that measures
the fidelity of linear approximation, and the regularization term
that prefers a solution with smaller norm. The closed-form
solution to (14) is
 + γ I)−1 G
T
T G
g,

aopt = (G

(15)

and according to (11), we have
 + γ I)−1 G
T
T G

F(G
g.
f =
F
aopt = 

(16)

Note that, however, 
f is not the restored latent image
because of the linear approximation. The feature information
that is solely contained in the out-of-focus image g but
not in the well-focused images 
F would not be kept in 
f.
Nevertheless, 
f is sufficient for functioning as the image prior
in the deblurring framework. In this regard, image 
f is termed
as guiding image in this work.
Fig. 7 shows an example that further illustrates the difference between the guiding image 
f and latent image f̂. The
highlighted security watermark in Fig. 7(a) is printed using
fluorescence ink, which is visible at channel 1 (400 nm)
but invisible at all other channels. As the guiding image
in Fig. 7(b) is computed as the linear combination of other
well-focused images, it completely loses the watermark. However, the watermark is well restored by the image deblurring
method that uses the guiding image as prior knowledge.
The regularization parameter γ in (14) plays an important role in balancing the data term and regularization term.

Although the value of γ can be selected in a heuristic
manner, there is no specific value that fits various input data.
In this regard, we determine the parameter value automatically,
as will be introduced in Section IV.
In summary, Algorithm 1 lists the computation of guiding
image based on the ICC.
C. Multispectral Image Deblurring
In the proposed framework, the out-of-focus spectral images
are deblurred in a one-by-one manner. Without loss of generality, let g denote the out-of-focus image to be restored,
and 
f be its guiding image. Then the multispectral deblurring
framework is

f 2 + ηh − h G (σ )2 ,
min h ∗ f − g2 + λ f − 
f,h,h G

(17)
where h G (σ ) represents the Gaussian blur kernel with blurriness σ . The image prior ϕ1 ( f ) =  f − 
f 2 measures the
difference between the latent and guiding images, and the
kernel prior ϕ2 (h) = h − h G (σ )2 measures the degree of
shape similarity between h and h G (σ ). The two regularization parameters, λ and η, will be automatically determined
in Section IV.
An alternating optimization strategy is used to solve the
problem (17), which successively generates two subproblems,

f 2 ,
(18)
P1 : f = min h ∗ f − g2 + λ f − 
f

P2 : {h, h G } = min h ∗ f − g2 + ηh − h G 2 . (19)
h,h G

The algebraic form of P1 is

min Hf − g2 + λf − 
f2 ,
f

(20)
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which is a typical quadratic programming problem with a
closed-form solution
T

f = (H H + λI)

−1

(H g + λ
f).
T

(21)

To simplify computation, it is solved in the frequency
domain as
F (h)F (g) + λF ( 
f)

f = F −1

F (h)F (h) + λ

,

(22)

where
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2 +γ I )−1  . Inserting (27) into (25) yields
= G (G
G

GCVα (γ ) =

L c (I − UG UTG )
g2
T )|2
|trace(I − αUG UG

=

L c (I − )UTG
g2
.
|trace(I − α )|2
(28)

Note that the unitary property of UG is employed when
deducing (28). Thus, to compute the GCVα , we only need
 (i.e., the diagonal entries
to compute the singular values of G
of G ) and the vector UTG
g.

where F (·) denotes the 2D discrete Fourier transform (DFT),
B. Determination of λ in (21) and η in (23)
F −1 (·) denotes inverse DFT, and F (·) denotes the conjugate
The problems (21) and (23) are slightly different from
of DFT.
The subproblem P2 is also a quadratic programming typical Tikhonov regularized optimization due to the shifts
f and hG in the smooth terms. These two problems, with either
problem provided that h G is given. The algebraic form of P2 is 
parameter λ or parameter η, are unified as

(23)
min FE h − g2 + ηh − hG 2 ,
h
(29)
min{Qx − g2 + θ x − xs 2 },
x

where hG is the vectorized countpart of h G , and FE is the
BCCB matrix formed by the estimated latent image f. The
kernel h is also computed in the frequency domain as
h = F −1

F ( f )F (g) + ηF (h G )
F( f )F ( f ) + η

.

˘ − ğ2 + θ x̆2 },
min{ Qx

(24)

Then, the image blurriness σ is updated by minimizing
h G (σ ) − h2 , which can be solved using line search.
IV. AUTOMATIC D ETERMINATION OF PARAMETERS
Three regularization parameters need to be determined
throughout this paper, i.e., γ in (14), λ in (21), and η in (23).
The generalized cross validation (GCV) [39] is employed
to compute these parameters. However, we observe that the
parameters determined by the standard GCV are likely to be
undersmooth [40], [41], which result in unpleasant artifacts
in both guiding and latent images. To overcome the undersmoothness problem, we adopt the modified GCV in parameter
determination.
A. Determination of γ in (14)
In [41], GCVα is introduced to deal with undersmoothness,
GCVα (γ ) =

where (Q, x, xs , θ )  (H, f,
f, λ) for (21) and (Q, x, xs , θ ) 
(FE , h, hG , η) for (23).
Let x̆ = x − xs and ğ = g − Qxs , (29) becomes

g2
L c (I − A(γ ))
,
|trace(I − αA(γ ))|2

(25)

which is in the form of typical Tikhonov regularized
optimization.
We also need to deal with the undersmoothness in parameter
estimation. As the
√ signal-to-noise ratio (SNR) of image is
large, we adopt θGCV instead of GCVα to problem (29),
where θGCV is estimated using GCV. This is asymptotically
equivalent to χ 2 choice of θ that can increase smoothness [40].
Note that this strategy is not applicable to γ because the SNR
of linear coefficient in (14) is small.
The GCV in this case is defined as
M N(I − A(θ ))ğ2
GCV(θ ) =
(31)
|trace(I − A(θ ))|2
where M N is the number of pixels, and
A(θ ) = Q(QT Q + θ I)−1 QT .
The parameter θGCV that minimizes the GCV is found√by line
search and the optimal parameter for (29) is set to be θGCV .
Similar to GCVα , the computational cost of (31) can be
significantly reduced by eigenvalue analysis. When periodic
convolution boundary is used and the blur is spatially invariant,
Q can be spectrally decomposed as

where L c is the number of well-focused images, and
 + γ I)−1 G
T .
G
T G
A(γ ) = G(

Q = PH
(26)

Note that GCVα becomes the standard GCV when α = 1.
A smoother estimate can be obtained by increasing the value
of α. In this work we set α = 1.4 as suggested in [41].
The optimal value of γ is found by minimizing GCVα using
line search.
Equation (26) is computationally expensive. By performing
 = UG G VT , it becomes
SVD, G
G
A(γ ) =

2
UG G (G

+ γ I)

−1

G UTG

= UG

UTG ,

(27)

(30)

x̆

Q P,

(32)

where P is the DFT matrix, Q is the diagonal eigenvalue
matrix, and (·)H denotes conjugate transpose [38]. Hence
A(θ ) = PH

Q(

H
Q

Q

+ θ I)−1

H
QP

= PH P,

(33)

where
=

Q(

H
Q

Q

+ θ I)−1

H
Q.

By using the unitary property of matrix P, we have
GCV(θ ) =

M N(I − PH P)ğ2
M N(I − )Pğ2
=
.
|trace(I − )|2
|trace(I − PH P)|2
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Algorithm 2 Multispectral Image Deblurring

Moreover, let q denote the elemental quantity that constructs
matrix Q, which is the blur kernel h (extending to image
size) for matrix H and latent image f for FE . By reshaping
the diagonal entries of Q as λ Q ∈ R M×N, λ Q and q are
connected by (see Appendix for proof)
|λ Q | = |F (q)|.

(34)

Thus the reshaped diagonal entries of  are
λH
Q λQ

|F (q)|2
.
=
(θ ) = H
|F (q)|2 + θ
λQ λQ + θ
Since P is a DFT matrix, Pğ can be replaced by vectorized
√ 1 F ( ğ). By all these means, GCV is given by
MN

GCV(θ ) =

|(1 − (θ ))F (ğ)|2
=
| (1 − (θ ))|2

F (ğ)
|F (q)|2 + θ

2

1
|F (q)|2 + θ

2

Fig. 8. The 12 samples used in the experiment, including 2 stamps, 4 fabrics,
and 6 printed photos.

is sufficient for acquiring optimal parameters. In the image
deblurring stage, we iteratively compute f , h, and h G using
the optimal parameters η and λ. Our investigation reveals that
I ter Max2 = 20 is enough to obtain a satisfactorily deblurred
image.
V. E XPERIMENTS

,
(35)

where the summations are over the frequency domain, which
is computationally efficient.
In multispectral image deblurring, Q is alternatively
assigned by H and FE . Correspondingly, the regularization
parameters λ and η are updated in a coarse-to-fine manner.
Optimal parameter values can be obtained after a few of
iterations.
C. Image Deblurring Algorithm
The pseudo code of the multispectral image deblurring
algorithm is listed in Algorithm 2. In the parameter determination stage, the parameters η and λ are computed for given f ,
h, and h G in each iteration. We observe that I ter Max1 = 5

The multispectral imaging system consists of a 14-bit monochrome camera, 16 narrowband filters, and several tungsten
lamps for lighting. The objects to be imaged are planar
samples such as textile fabrics, stamps and printed photos.
Fig. 8 shows the 12 samples used in the experiment,
including 2 stamps, 4 textile fabrics, and 6 printed photos. The
samples Photo_1 and Photo_2 are of natural scenes, while
the other samples are mainly of human-made scenes. The
fabric samples contain regular textures produced by weaving
the warp and weft yarns. The size of blur kernel is 31 × 31,
which is sufficiently large for all out-of-focus spectral images.
A. Deblurring Results
Fig. 9 shows the deblurred images of three samples using
the proposed method. For illustration purpose, we show the
resultant images at the 4 most blurred channels, i.e., the
1st, 2nd, 15th, and 16th ones. These channels are most
blurred probably because they are most distant to the reference
channel (9th). It is observed that, for either natural
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Fig. 9. Deblurring results of three multispectral images. The most blurred 4 channels are illustrated. For each sample, the original out-of-focus spectral
images are shown in the top row (with green frames) and the restored ones are shown at the bottom row (with orange frames). (a) Sample Stamp_2.
(b) Sample Fabric_4. (c) Sample Photo_2.

scene (Photo_2) or unnatural scenes (Stamp_2 and Fabric_4),
the deblurring results are all satisfactory. In Fig. 9(b), although
the texture is hardly perceptible in the 1st channel, it is
still successfully restored by the proposed method. This is
expected, as the image prior is deduced from the other

well-focused spectral images. For the natural scene in
Fig. 9(c), the details of fence and thatch are all well recovered.
In addition, thanks to the automatic determination of parameters, the restored images do not exhibit any noticeable ringing
or fluctuant artifacts.
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Fig. 11. PSNR values with respect to the out-of-focus channels produced
by Krishnan et al. [19], Oliveira et al. [21], Xu et al. [20], and the proposed
method. (a) Stamp_1, (b) Photo_1, (c) Fabric_4.
Fig. 10.
Comparison of image deblurring results produced by
Krishnan et al. [19], Oliveira et al. [21], Xu et al. [20], and the proposed
method. (a) Stamp_1 image at channel 1, (b) Photo_1 image at channel 1,
(c) Fabric_4 image at channel 1. The PSNR values are shown at the bottom
of the restored images.

B. Comparison
We compare the proposed method with three state-of-the-art
ones [19]–[21]. The source codes of these methods are either
publicly available on websites or requested from the authors.
Krishnan’s method [19] and Xu’s method [20] are built on
the assumption that the image gradients of natural scenes are
statistically sparse. Oliveira’s method [21] assumes that the
out-of-focus blur can be fit by a parametric disk model. The
proposed method does not make any of these assumptions.
The image prior and kernel prior in the framework are exactly
computed from the multispectral image itself. The deblurring

accuracy is evaluated by the peak signal to noise ratio (PSNR)
with ground truths obtained using techniques in [16].
Fig. 10 shows the deblurring results of three samples by
different methods. For the sample Stamp_1, the deblurred
image produced by Krishnan’s method [19] exhibits severe
ringing artifacts in the regions around strong edges. Oliveira’s
method [21] produces improved result, but the artifacts are
still visible. The result produced by Xu’s method [20] seems
acceptable but the background appears over smooth compared
with the ground truth. Overall the proposed method yields
the best result in terms of both visual perception and PSNR
value. For the sample Photo_1, the restored images produced
by Krishnan’s and Oliveira’s methods appear very noisy, while
that by Xu’s method is also not satisfactory. In comparison,
the deblurring result by the proposed method is quite close to

CHEN AND SHEN: MULTISPECTRAL IMAGE OUT-OF-FOCUS DEBLURRING USING INTERCHANNEL CORRELATION

4443

TABLE I
AVERAGE PSNR VALUES OF THE O UT- OF -F OCUS C HANNELS FOR
THE

12 S AMPLES A FTER I MAGE D EBLURRING . T HE
H IGHEST PSNR VALUES A RE IN B OLD

Fig. 13. Edge detection for a specific region from the sample Stamp_2, in
which the fluorescence letters are only visible in the 1st channel (400 nm). The
edge map well reflects the distinct information of the letter in the deblurred
(restored) image, when compared with the original blurred one.

that the proposed method always performs better than its
competitors. Table I shows the average PSNR values by these
four methods on all the 12 samples. It is clear that the proposed
method always yields the highest PSNR values.
C. Applications

Fig. 12. The influence of out-of-focus blur on spectral reflectance measurement. The marked edge point and reference point in (a) locate in the same
orange region. In (b), the reconstructed reflectance of the edge point originally
deviates from the reference one, but becomes quite close to the reference one
after image deblurring.

ground truth. For the sample Fabric_4, textures are almost lost
in the restored images by Krishnan’s and Xu’s methods. The
reason is that, for this unnatural image, the prior distribution
of image gradient is not satisfied. Again, the proposed method
performs the best in terms of PSNR value.
Fig. 11 illustrates the PSNR values with respect to the
out-of-focus channels for the three samples. It is observed

An important application of multispectral image deblurring is to accurately reconstruct the spectral reflectance of
object surface. The spectral reflectance in wavelength from
400 to 700 nm is reconstructed from the 16-channel responses
using Wiener estimation [3]. The out-of-focus blur tends to
average the responses of a pixel with its neighbors, and thus
degrades the accuracy of reflectance reconstruction. Fig. 12
shows an example about the influence of out-of-focus blur on
reflectance measurement. The marked edge point and reference
point in (a) are chosen to locate in the same orange region
so that their reflectances are quite similar. However, due to
the out-of-focus blur, the reconstructed reflectance of the edge
point significantly deviates from that of the reference point.
The CIELAB color difference under the CIE illuminant D65
∗ = 2.32 between the reflectances of the edge and
is E ab
∗ = 1.34 after applyreferences points. It reduces to E ab
ing the proposed deblurring method, which is a significant
improvement.
In a multispectral image, some distinctive information, such
as fluorescence watermark, is only contained in a particular
channel. However, the reliability of watermark detection can
be greatly affected by the out-of-focus blur. Fig. 13 illustrates
the edge detection results of a watermark in the 1st channel
(400 nm) of the sample Stamp_2. It is observed that the
edges of the neighboring dots are undesirably connected in the
original image due to the out-of-focus blur. Thanks to image
deblurring, the edges of these dots are well separated in the
restored image, which can assist further watermark localization
and recognition.
VI. C ONCLUSION
In this paper a novel multispectral image deblurring framework has been proposed. Interchannel correlation, which
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reveals the approximate linear dependency of spectral images,
is introduced to acquire guiding image from the well-focused
spectral images. The guiding image functions as an image
prior in the deblurring framework. A kernel prior is also
adopted to regularize the estimation of out-of-focus kernel.
The regularization parameters in the proposed framework are
automatically determined using generalized cross validation.
By these means, the ringing and fluctuant artifacts are
well suppressed in the restored images. Experimental results
validate that the proposed method performs better than the
state-of-the-arts on samples with various scenes.
A PPENDIX
P ROOFS
For completeness, the spectral decomposition of the BCCB
matrix Q in (32) is rewritten as follows,
Q = PH

Q P,

where P is the unitary DFT matrix and
matrix with the eigenvalues of Q.

(36)
Q

is a diagonal

A. Proof of (34)
According to (36), we have
PQ =

Q P.

Because P is the DFT matrix, its first column is a scaled vector
of ones. Considering the first columns of both sides, we have
Pq1 = √

1

Q 1,
MN
where q1 denotes the first column of Q and 1 represents the
vector of all ones. Then Pq1 can be replaced by the vectorized
1
F (q1 ), yielding
√
MN

F (q1 ) = λ Q ,
where q1 is a cyclic shift version of q [38]. It should have the
same amplitude spectrum as q, or more explicitly,
|λ Q | = |F (q1)| = |F (q)|,

(37)

which proves (34).
B. Proof of Invertibility of H
When kernel h is Gaussian, its Fourier transform is also a
Gaussian function. It indicates that all the eigenvalues of H
are nonzero according to (37) and hence H is invertible.
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