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Abstract— Multispectral imaging system is of wide application
in relevant fields for its capability in acquiring spectral information of scenes. Its limitation is that, due to the large number
of spectral channels, the imaging process can be quite timeconsuming when capturing high-resolution (HR) multispectral
images. To resolve this limitation, this paper proposes a fast
multispectral imaging framework based on the image sensor
pixel-binning and spectral unmixing techniques. The framework
comprises a fast imaging stage and a computational reconstruction stage. In the imaging stage, only a few spectral images
are acquired in HR, while most spectral images are acquired
in low resolution (LR). The LR images are captured by applying
pixel binning on the image sensor, such that the exposure time
can be greatly reduced. In the reconstruction stage, an optimal
number of basis spectra are computed and the signal-dependent
noise statistics are estimated. Then the unknown HR images are
efficiently reconstructed by solving a closed-form cost function
that models the spatial and spectral degradations. The effectiveness of the proposed framework is evaluated using realscene multispectral images. Experimental results validate that,
in general, the method outperforms the state of the arts in
terms of reconstruction accuracy, with additional 20× or more
improvement in computational efficiency.
Index Terms— Multispectral imaging, pixel-binning, spectral
unmixing, high-resolution image, imaging efficiency, basis spectra, signal-dependent noise, image reconstruction, image fusion.

I. I NTRODUCTION

N

OWADAYS multispectral imaging has attracted much
interest because of its wide application in relevant fields
like biomedicine [1], remote sensing [2], color reproduction [3], and etc. Compared with the ordinary RGB camera, a filter-based multispectral imaging system can acquire
more spectral information of scenes at the spatial resolution of camera sensor. In such a system, the filters
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Fig. 1. Schematic diagram of the multispectral imaging system that consists
of a monochrome camera and a tunable filter.

split the visible spectrum into many spectral channels,
at which the camera acquires images. The light-splitting
devices can be filter wheel [4], [5], liquid crystal tunable
filter (LCTF) [6], or acousto-optic tunable filter (AOTF) [7].
The filter wheel is installed with a number of filters which
are sequentially rotated into the optical path in the imaging process. Compared with filter wheel, the tunable filters
have no moving parts and can provide rapid and vibrationless light transmission changes. The typical switching time
between wavelengths is 50 ms and 10 us, respectively, for
LCTF and AOTF.
Figure 1 shows the multispectral imaging system employed
in this work, which consists of a monochrome camera and a
tunable filter. A multispectral image is comprised of multiple
spectral images, which are acquired at different wavelengths.
In practical applications, it is always desired that the acquired
multispectral images have high spatial resolution and a large
number of spectral channels. Suppose that the imaging system
has L = 31 spectral channels and the exposure time of
each channel is Te = 10 ms, then the total exposure time
for acquiring a full multispectral image is 310 ms. This
clearly prevents the fast or realtime acquisition of highresolution (HR) multispectral images. Note that, although the
coded aperture snapshot spectral imager (CASSI) [8] can
acquire multispectral images at a high frame rate, the image
quality is not satisfactory when the scene is not highly
compressive.
To improve imaging efficiency, this paper proposes a fast
multispectral imaging framework built on the system shown
in Fig. 1. The framework comprises the fast imaging stage and
the computational reconstruction stage. In the imaging stage,
only a few spectral images are acquired at high resolution,
and most spectral images are captured at low-resolution (LR)
based on the pixel-binning operation incorporated in the image
sensor. With such a treatment, the exposure time can be greatly
reduced. In the reconstruction stage, the unknown HR spectral
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TABLE I
M AIN N OTATIONS U SED IN T HIS W ORK

Fig. 2. Illustration of the pixel-binning process when binning factor B = 4.
The four blocks, each with B × B pixels, are binned into four super-pixels.

images corresponding to the LR ones are recovered according
to the spectral unmixing principle.
Pixel-binning is a function that combines charges of adjacent pixels in a block into a super-pixel during the readout
process [9]. This process is performed prior to digitization in
the on-chip circuit of the image sensor by a special control
of the serial and parallel registers. Figure 2 illustrates the
pixel-binning process when the binning factor B = 4. As this
process reduces the image resolutions along both the row
and column directions by a factor of 4, the exposure time is
accordingly reduced to 1/16 when keeping the same intensity
range. Hence pixel-binning provides a way to improve imaging
efficiency at the cost of spatial resolution degradation, which
is worthwhile in some practical applications. In fact, pixelbinning has been implemented as a fundamental function in
some scientific and industrial cameras.1,2
The unknown HR images, which correspond to the available
LR images, are efficiently reconstructed by fusing the HR and
LR multispectral cubes. Based on the assumption that the number of colors in a scene is always limited, the color spectrum
of each pixel can be represented by the linear combination of
basis spectra. The basis spectra are optimally computed from
the full LR images by cross-validation [10]. The distribution
of signal-dependent noise of the imaging system is estimated
from the HR images. A cost function, which incorporates both
spatial and spectral degradations, is then introduced for the
reconstruction of HR spectral images. As the cost function
can be resolved in closed-form, the image reconstruction is
computationally very efficient.
To summarize, the main contributions of this work are as
follows:
• A framework that employs the sensor pixel-binning and
spectral unmixing techniques is proposed for fast acquisition of HR multispectral images.
• The optimal number of basis spectra, which determines
the solution space, is obtained by cross-validation. With
this treatment, the problem of HR image reconstruction
becomes well-posed and can be solved in closed-form.
• The signal-dependent noise statistics are incorporated in
the framework such that the reconstruction of multispectral images is robust to noise corruption.
The rest of this paper is organized as follows.
Section II reviews the related work on multispectral
image reconstruction. Section III introduces the proposed
1 Photometrics cameras, http://www.photometrics.com/.
2 Point Grey cameras, https://www.ptgrey.com/.

multispectral imaging framework that comprises the imaging
and reconstruction stages. The implementation of the image
reconstruction algorithm is detailed in Section IV. Section V
shows the experimental results, and finally Section VI
concludes the paper.
For clarity, Table I lists the main notations and their
corresponding meanings used in this work.
II. R ELATED W ORK
To the best of our knowledge, the concept of pixel-binning
has not been previously employed for fast multispectral imaging. Hence, in the following, we only review the related work
on HR image reconstruction.
In the remote sensing community, pansharpening has been
widely employed to improve the spatial resolution of multispectral data [11]. The resolution improvement is achieved by
fusing the LR spectral images with an HR panchromatic (PAN)
image. With only one HR image available, pansharpening
methods can produce obvious spectral distortion when compensating spatial details. To deal with this problem, recent
image fusion methods employ multiple HR spectral images to
improve both spatial and spectral resolutions [12], [13]. Our
work also belongs to this category.
In image fusion, the spectral unmixing principle is widely
employed based on the inner relationship within multispectral
data [14]. It has been revealed that a pixel spectrum can
be composed by a collection of pure spectral signatures
(endmembers) and the corresponding fractions (abundances)
that indicate the proportions of endmembers. The composition
is basically linear if the endmembers in a pixel appear in
spatially segregated patterns. Under the linear mixing model,
the observations from a scene are in a simplex whose vertices
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correspond to the endmembers. The minimum volume transform algorithm [15] and vertex component analysis [16] both
use this geometric property to extract the endmember spectra.
Matrix factorization algorithms, incorporated with the dual
physical constraints, are also widely used to extract the spectra
owing to their simplicity and efficiency [12], [17]. In addition,
the mixing process can be nonlinear when considering the
multiple scattering interaction. Neural networks are applied to
model the complex non-linearities and represent predictions
of environmental variables [18]. Kernel tricks have also been
introduced to generalize the mentioned linear algorithms to
nonlinear cases [19]. It is noted that the nonlinear methods
have not been widely applied in practice due to their high
computational complexity.
The determination of number of endmembers is an important issue in image fusion. To keep the spectral variability
of highly mixed scenes, some methods preset a large number
of endmembers and decompose the multispectral data using
sparsity constraints [13], [20], [21]. To avoid the redundancy
of mixing model, the problem can be converted to the identification of multispectral signal subspace, whose dimension
is considered as the number of endmembers. Principal component analysis is often used as a dimensionality reduction
tool [13]. Based on the statistics of noise, the work [22]
determines the virtual dimensionality of signal space from the
perspective view of target detection and classification. The
HySime algorithm [23] selects a subset of eigenvectors that
best represents the signal subspace in the minimum mean
square error sense.
The fusion of multispectral and hyperspectral image can
also be conveniently formulated in the Bayesian inference
framework. The accuracy of fused spectral data can be
improved by learning prior knowledge from the scene of
interest. For example, the work [24] makes use of a stochastic mixing model (SMM) for prior knowledge learning.
The SMM treats endmembers as normally distributed random
variables whose statistics are estimated from observed data.
In [25], further resolution enhancement is achieved by learning
the conditional probability density function from joint SMM
statistics.
Based upon the spectral unmixing principle, matrix factorization has been employed in image fusion. These related
methods usually produce improved spatial and spectral accuracy when compared with pansharpening [12], [20], [21],
[26]–[28]. The work [20] introduces a two-step process to estimate the HR multispectral image from a multispectral image
and an HR color image. First, a set of basis that represents
the reflectance spectra is obtained by applying a sparse matrix
factorization algorithm. Then the set of basis is used in conjunction with the RGB input to produce the HR reconstruction.
In [26], K-SVD factorization is adopted to learn the spectral
dictionary from the LR hyperspectral image, and then an
orthogonal matching pursuit algorithm is employed to solve
the sparse coefficients for image estimation. The work [12]
uses nonnegative matrix factorization (NMF) to unmix both
the hyperspectral and multispectral image in a coupled fashion.
This is based on the assumption that in real-world scenarios
both the material basis and the material coefficients should

take nonnegative values. To yield a unique factorization with
NMF algorithm, the work [27] proposes a nonnegative sparse
promoting framework to integrate the hyperspectral and RGB
data into a high resolution hyperspectral data set. The sparsity
constraint relies on the assumption that there are only a few
materials present at any particular pixel location. Similarly,
the recent work [21] also learns a nonnegative spectral basis
by solving a constrained sparse representation problem, and
reconstructs HR multispectral images by a generalization of
simultaneous orthogonal matching pursuit (G-SOMP+). The
work [28] jointly unmixes the two input images using tighter
constraints that strictly follows the elementary physics of the
imaging process.
It is worth noting that the image fusion problem is
usually ill-posed when the target HR multispectral data
locate in a subspace with high dimensions. To address
this issue, regularization techniques have been employed
to produce a reasonable approximate solution. For example, the work [13] introduces a sparse regularization term
based on the overcomplete dictionary learnt from natural
images. An edge-preserving regularizer, which is in the
form of vector total variation, is used in [29] to promote
a piecewise-smooth solution. Note that the regularization problem is usually solved by alternating optimization. To decrease
computational complexity, the work [30] derives an explicit
solution to the regularized image fusion problem based on the
Sylvester equation, under the assumption of band-dependent
image noise. Depending on whether the equation is ill posed,
the image fusion problem is solved either in closed-form or by
iterative optimization.
III. FAST M ULTISPECTRAL I MAGING
As mentioned, the proposed fast multispectral imaging
framework is based on the imaging system shown in Fig. 1.
Suppose that the full resolution of the image sensor is M × N,
and the mutlispectral imaging system has L spectral channels.
For fast imaging, only l (3 ≤ l ≤ L/2) spectral images
are acquired with high resolution, which form the HR image
cube 
Z ∈ R M×N×l . By applying pixel-binning, the remaining
L −l spectral images are acquired with a low resolution m ×n,
which form the LR image cube 
Y0 ∈ Rm×n× (L−l) . Denoting
the binning factor with B, the spatial dimensions are related
by m = M/B and n = N/B. The aim of this work is to
reconstruct the full HR image cube 
X ∈ R M×N×L from the
Z.
LR cube 
Y0 and HR cube 
This section first introduces the fast imaging framework and
then the mathematical model of image degradation and reconstruction. Based upon an optimal number of basis spectra, this
section finally presents the cost function for HR multispectral
image reconstruction.
A. Framework
Figure 3 shows the flowchart of the fast multispectral
imaging framework. As mentioned, the framework comprises
a fast imaging stage and a computational reconstruction stage.
In the imaging stage, the LR spectral image cube 
Y0 and
HR spectral image cube 
Z are acquired. The total exposure
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Fig. 3. Flowchart of the proposed fast multispectral imaging framework. The full HR image cube 
X is reconstructed from the acquired LR image cube 
Y0
and HR image cube 
Z. The basis spectra  are obtained by nonnegative matrix factorization (NMF). Algorithm 1 computes the coefficient matrix C and
Algorithm 2 estimates the optimal number, K , of basis spectra.

time can be greatly reduced by acquiring only a few
HR images.
In the reconstruction stage, the full LR image cube

Y ∈ Rm×n×L is formed by composing the acquired
LR cube 
Y0 and the manually downsampled counterpart of
HR cube 
Z. Then the basis spectra  are computed from the
full LR cube 
Y using constrained nonnegative matrix factorization. The corresponding coefficient matrix C ∈ R K ×M N for
all pixels is then computed using Algorithm 1. The full HR
spectral image cube 
X ∈ R M×N×L is finally obtained by composing the acquired and reconstructed HR images. The optimal
number of basis spectra is computed using Algorithm 2.
B. Mathematical Model
By indexing pixels in lexicographic order, the full LR image
cube 
Y ∈ Rm×n×L is denoted by matrix Y = [y1 , . . . , ymn ],
where yi ∈ R L , 1 ≤ i ≤ mn, denotes the spectrum of
the i th pixel. The row vector of Y is actually the vectorized spectral image of the corresponding channel. Similarly,
the acquired HR image cube 
Z ∈ R M×N×l is denoted by
matrix Z = [z1 , . . . , z M N ], where zi ∈ Rl , 1 ≤ i ≤ M N,
is formed by the elements of the i th pixel along the spectral
direction.
Let X ∈ R L×M N be the target HR image matrix, then the
linear spatial and spectral degradation models with respect to
Y and Z can be constructed as [31]
Y = XP1 + NY ,

(1)

Z = P 2 X + NZ ,

(2)

where NY and NZ denote the noise matrices of Y and Z,
respectively. The spatial degradation matrix P1 represents the
pixel-binning process, and the spectral degradation matrix P2
represents the row sampling operator that extracts the l spectral
channels from all the L channels.
The pixel-binning process shown in Fig. 2 consists of
two consequential operations, i.e., block averaging and downsampling. Accordingly, the spatial degradation matrix P1 can
be represented as
P1 = BS,

where B ∈ R M N×M N denotes the block-diagonal averaging
matrix operating on the full HR matrix X, and S ∈ R M N×mn
denotes the downsampling matrix that selects the first pixels
in the averaged blocks. The form of matrix B will be explicitly
given in Section IV-B.
The noise matrices NY and NZ characterize the noise
statistics of the imaging system. This work employs
the practical assumption that sensor noise follows signaldependent Gaussian distribution [32]. As will be observed
in Section IV-A, in this case, noise variance is a linear function
of intensity level.
Suppose that the noise matrices NY and NZ follow the
zero-mean matrix normal distribution. According to [33], if a
matrix W ∈ Rr×c , with r and c denoting the numbers of
rows and columns, follows the matrix normal distribution
MN r,c (M, Vr , Vc ), its conditional probability density function has the form
p(W|M, Vr , Vc )
exp(− 12 tr[Vc−1 (W − M)T Vr−1 (W − M)])
=
,
(2π)rc/2 |Vc |r/2 |Vr |c/2
where tr denotes trace, M ∈ Rr×c denotes the mean matrix,
and Vr ∈ Rr×r and Vc ∈ Rc×c are, respectively, the row and
column covariance matrices. Then the noise matrix NY follows
the distribution
NY  MN L ,mn (0 L ,mn , Y , Y ),
where Y ∈ R L×L and Y ∈ Rmn×mn denote the row
and column covariance matrices of Y, respectively. Similarly,
matrix NZ follows the distribution
NZ  MN l,M N (0l,M N , Z , Z ),
where Z ∈ Rl×l and Z ∈ R M N×M N are, respectively,
the row and column covariance matrices of Z.
According to the spatial degradation model described in (1),
the conditional probability distribution of matrix Y is
p (Y|X) = MN L ,mn (XP1 , Y , Y ).
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Similarly, the
matrix Z is

conditional

probability

distribution

of

p (Z|X) = MN l,M N (P2 X, Z , Z ).
Assuming the noise matrices NY and NZ are statistically
independent, Y and Z are independent conditionally upon X.
Hence the joint likelihood function of the observed data can
be formulated as
p (Y, Z|X) = p (Y|X) p (Z|X).

(3)

Then the HR matrix X can be solved by minimizing the
negative logarithm of the likelihood function,
X = arg min L(X),
X

(4)

where
L(X) = − log p (Y, Z|X)
= − log p (Y|X) − log p (Z|X)


−1
(Y − XP1 )T −1
(Y
−
XP
)
= 12 tr Y
1
Y


−1
T −1
1
+ 2 tr Z (Z − P2 X) Z (Z − P2 X) + C,

(5)

where C is a constant.
Note that the problem (5) may be ill-posed because the
solution space of X is originally of high dimension. In the
following, the spectrum of each pixel is represented by a linear
combination of a few basis spectra. By determining the optimal
number of basis spectra with cross-validation, the image
fusion problem becomes well-posed and can be solved in
closed-form.
C. Spectrum Representation
Based on the spectral unmixing principle, each pixel spectrum (column vector) xi ∈ R L in the target HR image matrix X
can be represented by a linear combination of K basis spectra
ψ k ∈ R L as
xi =

K


cki ψ k ,

(6)

k=1

where cki denotes the corresponding linear coefficient. The
optimal number, K , of basis spectra, will be determined in
Section IV-C.
Equation (6) can be reformulated in terms of matrix
multiplication as
xi = ci ,

(7)

where  = [ψ 1 , . . . , ψ K ] denotes the basis spectra matrix
and ci ∈ R K denotes the corresponding coefficient vector.
Concatenating (7) for all pixel spectra leads to a matrix
representation of X,
X = C,

(8)

where C = [c1 , . . . , c M N ] denotes the coefficient matrix for
pixel spectra.
Inserting (8) into the spatial degradation model (1) yields
Y = CP1 + NY = CY + NY .

(9)

where CY = CP1 . Equation (9) shows that the LR spectral
image Y can also be represented by the basis spectra. Or equivalently, the basis spectra can be estimated from matrix Y.
We note that the origin of spectral unmixing principle in
this work is different to that in the remote sensing community. In remote sensing, due to the limited spatial resolution,
the pixel spectrum can be a combination of two or more
pure spectral signatures, which are referred as endmembers.
Generally, endmembers are physically associated with the
component materials in the scene. In this sense, spectral
unmixing should be subject to the additivity constraint that
the fractions corresponding to the endmembers should sum
to one [14]. In this work, spectral unmixing is based on
the fact that the color spectra of natural or human-made
objects are always smooth, and thus a pixel spectrum can be
represented by a limited number of eigenvectors [34], [35].
The role of basis spectra in this work is close to that of eigenvectors. Mathematically, the computed basis spectra should
best reconstruct the HR spectral images, while the additivity
constraint is not necessary.
To estimate the basis spectra robustly, it is assumed that
both the basis spectra and corresponding coefficients are nonnegative, and that the representations of pixel spectra can be
dominated by quite a few basis spectra. Hence the estimation
of basis spectra is casted as a constrained nonnegative matrix
factorization problem, which is formulated as follows for
optimization,
 = arg min CY 1
,CY

s.t. Y − CY 22 ≤ η,  ≥ 0, CY ≥ 0,

(10)

where .1 and .2 denote the element-wise 1 norm and the
Forbenious norm respectively, and η denotes the representation
tolerance. The 1 norm encourages sparse distribution of
coefficients. In this work the problem (10) is solved by the
SPArse Modeling Software (SPAMS) whose source code is
publicly available.3
D. Solving Coefficient Matrix
With the estimated basis spectra , the problem of HR
image reconstruction (4) can be converted to the problem of
solving the coefficient matrix C,
C = arg min L(C),
C

(11)

where
−1
L(C) = tr(Y
(Y − CP1 )T −1
Y (Y − CP1 ))

+ tr(Z−1 (Z − P2 C)T −1
Z (Z − P2 C)).

(12)

As will be elaborated in Section IV, the problem (11) can be
efficiently solved in closed-form. Then the HR image matrix
can be reconstructed as X = C.
IV. A LGORITHM I MPLEMENTATION D ETAILS
This section discusses the details in algorithm implementation, including estimation of the noise statistics, the close-form
solution of coefficient matrix, and the determination of optimal
number of basis spectra.
3 http://spams-devel.gforge.inria.fr/index.html
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A. Estimating Noise Statistics
Unlike [30], which assumes signal-independent additive
white Gaussian noise in individual spectral images, this work
adopts the more reasonable assumption that image noise is
signal-dependent.
Let p ∈ Z2 be a pixel location on the camera sensor, and
ω(p)  Poisson(λ(p)) be the number of detected
photons that
√
follows Poisson distribution. Further let bξ(p)  N (0, b)
be the signal-independent sensor read noise following the
Gaussian distribution and parameter a be the multiplicative
factor describing the sensor quantum efficiency and analog
gain. Given that the digital electronic sensor behaves linearly
in response to lighting level, the ideal pixel intensity without
noise corruption can be denoted as [32]
Iˆ(p) = aλ(p),
and the actual noisy pixel intensity is formulated as
√
In (p) = aω(p) + bξ(p).
Since ξ(p) is signal-independent, the mean and variance of
noisy pixel intensity In (p) are, respectively,
mean(In (p)) = aλ(p) = Iˆ(p)
and
var(In (p)) = a 2 λ(p) + b = a Iˆ(p) + b.
Then the noisy pixel intensity becomes

In (p) ≈ Iˆ(p) + a Iˆ(p) + bξ(p),

Distribution of noise variance with respect to intensity level.

DCT coefficients [36]. To yield accurate noise estimation in
the DCT domain, each acquired HR spectral image is divided
into s × s sized blocks, with s = 6. The blocks with rich
textures are excluded by thresholding. It has been verified that,
for smooth image blocks, the high-frequency DCT coefficients
locating on the associated index set ⊥ = {(s − 1, s),
(s, s − 1), (s, s)} are all caused by image noise. The selected
blocks are grouped into R groups according to the similarity of
the mean intensity levels Iˆ(k) , 1 ≤ k ≤ R. For the blocks in the
kth group, we collect the high-frequency DCT coefficients into
a set Ckj , j ∈ ⊥ , and compute the variance of coefficients
σkj2 = var{Ckj }. Then the noise variance corresponding to
intensity Iˆ(k) is computed as
1 2
σk2 =
σkj , k = 1, 2, . . . , R,
3
j∈

where the sensor noise is approximated by additive Gaussian
noise with signal-dependent variance, which is linear to pixel
intensity,
σ 2 (p) = a Iˆ(p) + b.

Fig. 4.

(13)

In the fast multispectral imaging framework shown in Fig. 3,
the linear coefficients a and b of the LR image cube 
Y0 are the
same to those of the HR image cube 
Z. This is mainly due
to two reasons. First, the number of total detected photons
at every super-pixel still follows a Poisson distribution with
parameter λ(p) when the LR spectral images are acquired by
binning with proportionally reduced exposure time. Second,
the sensor read noise is added to each super-pixel after the
binning operation. Note that, for the manually downsampled
LR images that constitute the full LR image cube 
Y, the noise
variance is reduced to σ 2 (p)/B 2 because of the block averaging operation.
The estimation of signal-dependent noise variance, or equivalently the coefficients a and b in (13), is inspired by [36].
Denote Imax as the maximal pixel intensity of the acquired
spectral images, the intensity range [0, Imax ] is discretized
into R = 256 levels with the mid-tread uniform quantization
law, which results in a set of quantized intensity levels
{ Iˆ(k) |k = 1, 2, . . . , R}. Our aim is to obtain the linear relationship between the noise variance σk2 and intensity level Iˆ(k) .
Using the orthogonality of discrete cosine transform (DCT),
the noise variance can be estimated from the high-frequency

which is the mean of the 3 corresponding coefficient variances.
According to (13), the noise variance and intensity level are
related as
σk2 = a · Iˆ(k) + b,
where a and b are the two parameters to be determined.
Figure 4 shows a distribution of noise variance with respect
to intensity level, which is estimated from a multispectral
image from [37]. This example validates the linear model
between noise variance and image intensity.
The noise statistics can be computed based on the estimated
linear parameters a and b. In the following we present the
computation of covariance matrices Z and Z required in the
cost function (12). As NZ is of zero-means and uncorrelated,
its second-order expectations are of the form
E[NZT NZ ] = diag(aZ · ZT · 1l + bZ )
and
E[NZ NZT ] = diag(aZ · Z · 1 M N + bZ ),
where aZ and bZ are the coefficients of the corresponding
noise linear function, 1l ∈ Rl and 1 M N ∈ R M N denote
the column vectors with all its entries being ones, and the
operator diag(x) converts the vector x to a square diagonal
matrix. Based on the statistical property of matrix normal
distribution [38], the expectations can also be expressed as
E[NZT NZ ] = Z tr(Z ),

(14)
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and

More specifically, the matrices B
form
⎛
B0 O . . .
⎜ O B0 . . .
⎜
⎜ .
.
.
B=⎜
⎜ .
.
.
⎜
⎝ .
.
.
O O ...
⎛ 1
1
...
⎜ B2 B2
⎜ 1
1
⎜
...
⎜ 2
B2
⎜B
.
.
B0 = ⎜
⎜ .
⎜ .
.
.
⎜
⎜ .
.
.
⎝
1
1
...
B2 B2

E[NZ NZT ] = Z tr(Z ).

(15)

Our aim is to compute the covariance matrices Z and
Z from (14) and (15). It is noticed from (12) that, given
any nonzero constant c, the cost function does not change
if replacing Z with c · Z and replacing Z with Z /c
simultaneously. Hence, by assuming that the traces of Z and
Z are the same, the two matrices are computed as
Z =



Z =



1
T N ])
tr(E[NZ
Z

· E[NZT NZ ]

and
1
T N ])
tr(E[NZ
Z

· E[NZ NZT ].

The covariance matrices Y and Y required in (12) can
be computed in a similar way.
B. Solving Coefficient Matrix
After obtaining the basis spectra , the coefficient matrix C
can be solved by minimizing (12), which is equivalent to
setting the derivative ∇C L(C) = 0. This leads to the matrix
equation
−1
−1
T
T −1
 T −1
Y YY (BS) + (P2 ) Z ZZ
−1
T −1
T
=  Y C(BS)Y (BS)
−1
+ (P2 )T −1
Z (P2 )CZ .

A1 =
A2 =

B0 · (Z )ii ,

(16)

(17)

(18)
(19)

and

where stands for Hadamard product, and (Z )ii ∈ R B ×B
denotes the i th diagonal block in matrix Z .
In (19), matrix P2 has l independent rows and matrix 
has K independent columns. When K ≤ l, which always
holds in this work (see Section IV-C), matrix A2 ∈ R K ×K
is nonsingular. Consequently (17) has an unique solution.
Matrix A2 can be decomposed as
A2 = QQ−1 ,

A3 =

T

(20)

Note that (17) is in the form of Sylvester matrix equation [39], which has also been employed in image fusion [30].
Compared with [30], the advantages of this work are twofold.
First, noise statistics expressed in the covariance matrices are
signal-dependent. Second, by adopting an optimal number of
basis spectra, (17) is always well-posed and a closed-form
solution can be obtained.
In the following we introduce the procedure for solving (17).
The averaging matrix B is a block diagonal matrix composed
2
2
of mn blocks, denoted as B0 ∈ R B ×B . The entries of
1
matrix B0 are all B 2 , with B being the binning factor.

2

(22)

where the square matrix Q and diagonal matrix  are composed of eigenvectors and eigenvalues respectively. Inserting
(22) into (17) and left multiplying both sides of the equation
with Q−1 yields
CA1 + C = U,

−1
−1
T −1
T
( −1
Y ) ( Y YY (BS) Z
+ (P2 )T −1
Z Z).

(21)
2

where
−1
(BS)Y
(BS)T Z ,
−1
T −1
( T −1
Y ) (P2 ) Z (P2 ),

⎞
O
O⎟
⎟
. ⎟
⎟,
. ⎟
⎟
. ⎠
B0
1 ⎞
B2 ⎟
1 ⎟
⎟
⎟
B2 ⎟
. ⎟
⎟.
. ⎟
⎟
. ⎟
⎠
1
B2

−1 T
The sparse matrix S = SY
S in (18) is also composed
2
2
of mn blocks in diagonal, denoted as Sii ∈ R B ×B . In each
block Sii , only its most upper-left element is nonzero, with its
−1
−1
value being the i th element σYi
on the main diagonal of Y
.
Thus, according to (18), A1 is also a block diagonal matrix
2
2
composed of mn blocks. Its diagonal blocks Aii ∈ R B ×B
can be derived as
−1
Aii = σYi
· B0

Note that in the above equation matrix P1 is replaced by BS.
−1 and right
By left multiplying both sides with ( T −1
Y )
multiplying both sides with Z , (16) becomes
CA1 + A2 C = A3 ,

and B0 are of the

(23)

where C = Q−1 C and U = Q−1 A3 .
Based on the special forms of matrices A1 and , the solution C ∈ R K ×M N of (23) can be decomposed into K × mn
2
solution vectors. The (i, j )th solution vector, Ci j ∈ R1×B ,
can be computed as
Ci j = Ui j (ii I B 2 + A j j )−1 ,
where I B 2 denotes the unit matrix, ii denotes the i th eigen2
value of matrix A2 and Ui j ∈ R1×B denotes the (i, j )th vector
in matrix U. The coefficient matrix can be finally computed
as C = QC.
To summary, Algorithm 1 lists the computation of coefficient matrix C based on the discussion above.
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Algorithm 2 Computing Optimal Number K

TABLE II
T HE N UMBERS , l, OF A CQUIRED HR S PECTRAL I MAGES , AND
C ORRESPONDING C ENTRAL WAVELENGTHS IN THE
V ISIBLE S PECTRUM 420-720 nm

C. Determining Optimal Number of Basis Spectra
The number, K , of basis spectra is an important parameter
in this proposed framework. It is known that 5 to 7 spectral
bases are sufficient to represent a very large number (799)
of natural and human-made color spectra [34]. In our case,
the value of K can be further smaller since a multispectral
image usually contains a limited number of main colors. In this
work we enforce that K ≤ l, where l is the number of acquired
HR spectral images. It will be observed in the experiments that
the reconstructed HR multispectral images are always of high
quality under this constraint. The additional benefit is that the
problem (17) will always be well-posed.
In this work the optimal value of K is determined by crossvalidation, as described as follows. One validation image zrow
val ,
which is a row vector of matrix Z, is selected from the
acquired l HR spectral images. The other l − 1 HR spectral
images in Z are employed as the acting images Zact . For each
candidate value of K , the basis spectra  are computed, based
on which the final HR multispectral image is reconstructed
according to Algorithm 1. Denoting xrow
K as the reconstructed
HR spectral image corresponding to the validation image,
the reconstruction error is computed as
row 2
E(K ) = zrow
val − x K 2 .

(24)

The candidate K , 1 ≤ K ≤ l, that produces the minimum
reconstruction error is regarded as the optimal number of
basis spectra. Our investigation indicates that specifying one
candidate image is adequate to determine the optimal K , and
thus iterative selection of validation image is not necessary.
Algorithm 2 lists the procedure that determines the optimal
number K of basis spectra.
V. E XPERIMENTS
In the experiments, the proposed method is evaluated
on three real-scene multispectral datasets, i.e., the Harvard
scene dataset [37], UWA face dataset [40], and CAVE object
dataset [41]. The multispectral images are mainly acquired in
the visible spectrum, and the number of total spectral images is

set as L = 31 in the experiments. The intensity values of multispectral images are scaled to the range [0, 255]. According
to the fast multispectral imaging framework, l spectral images
are of high-resolution and L − l ones are of low-resolution.
The LR spectral images are manually generated by pixelbinning with a binning factor B. The two imaging factors,
l and B, are influential to imaging efficiency and reconstruction accuracy. The proposed method is evaluated in cases of
l ∈ {3, 5, 7, 9, 11, 13, 15} HR spectral images. Table II lists the
corresponding central wavelengths selected from the visible
spectrum 420-720 nm. The binning factor B is of values 2n ,
with n ∈ {1, 2, 3, 4, 5}.
Five objective quality metrics are used to evaluate the quality of reconstructed multispectral images. These metrics are
cross correlation (CC) [42], spectral angle mapper (SAM) [42],
root mean squared error (RMSE) [42], relative dimensionless
global error in synthesis (ERGAS) [42], and peak signal
to noise ration (PSNR) [12]. The CC and SAM metrics
measure the spatial quality and spectral quality, respectively.
The RMSE, ERGAS, and PSNR metrics measure the global
quality. The computation formula of these metrics can be
found in [12] and [42].
In the following we first investigate the effect of
signal-dependent noise statistics incorporated in the proposed
framework and then validate the determination of optimal
number, K , of basis spectra. The reconstruction accuracy
of the proposed method is compared with those of two
state-of-the-art methods, G-SOMP+ [21] and FUSE [13], [30],
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Fig. 6.
Denoising effect of two spectral images cropped from Scene2
and Scene3. The images are reconstructed by the proposed method under
the imaging condition l = 7 and B = 16. (a) Original images,
(b) Reconstructed images without considering noise, (c) Reconstructed images
by assuming spectrally colored noise, (d) Reconstructed images by assuming
signal-dependent noise.

competing image reconstruction methods will be evaluated
using these multispectral images.

Fig. 5.
Example multispectral images (displayed in RGB) used in the
experiments. The 8 scene images in the first two rows are from the Harvard
dataset, the 4 face images in the middle row are from the UWA dataset, and
the 4 object images in the last row are from the CAVE dataset.

whose source codes are publicly available online.4,5 Finally,
the imaging efficiency and computational complexity of the
proposed method are analyzed.
A. Datasets
The Harvard scene dataset contains multispectral images of
50 indoor and outdoor scenes under daylight illumination.6
The scenes include a diverse range of real-world objects, materials, and structures. The multispectral images are captured
by an imaging system consisting of a monochrome camera
and a LCTF. The spatial resolution of the camera sensor
is 1392 × 1040 and the images are acquired in the visible
spectrum 420-720 nm at an interval of 10 nm.
The UWA face dataset contains 110 multispectral images
of 70 subjects with different ethnicity, gender, and age.7
The multispectral images are captured by a LCTF and a
monochrome camera in the visible spectrum 400-720 nm,
at the spatial resolution of 1024 × 1024 pixels. To keep
consistency with the Harvard dataset, only the spectral images
at 420-720 nm are employed in the experiments.
The CAVE object dataset contains 32 multispectral images
of everyday objects with a wide spectral variety.8 The multispectral images are captured using a LCTF in the visible
spectrum 400-700 nm at an interval of 10 nm. The spatial
resolution of the images are 512 × 512 pixels.
Figure 5 shows 16 typical multispectral images (displayed
in RGB) selected from the three datasets. The proposed and
4 http://www.csse.uwa.edu.au/ ajmal/code/HSISuperRes.zip.
5 http://dobigeon.perso.enseeiht.fr/app_fusion.html.
6 http://vision.seas.harvard.edu/hyperspec/download.html.
7 https://sites.google.com/site/zohaibnet/Home/databases/.
8 http://www1.cs.columbia.edu/CAVE/databases/multispectral/.

B. Denoising Effect
Figure 6 compares the denoising effect of two spectral
images at 420 nm, which are cropped from Scene2 and
Scene3. The original images are quite dark and noisy due
to the low spectral transmittance of LCTF at short wavelengths. As discussed above the noise is signal-dependent. The
images in Fig. 6(b), 6(c), and 6(d) are reconstructed using
the proposed method without considering noise, by assuming
spectrally colored (band-dependent) noise, and by assuming
signal-dependent noise. It is observed that the reconstructed
spectral images are of the highest quality under the assumption
of signal-dependent noise. Interestingly, Fig. 6(b) also exhibits
denoising effect although noise statistics have not been considered in the image reconstruction algorithm. This is due to
the fact that the pixel spectrum is a linear combination of basis
spectra. As the number of basis spectra is much less than that
of spectral channels, image noise can be partially removed in
spectrum reconstruction.
A simulation is conducted for the quantitative evaluation
of the denoising effect using the multispectral image Scene3.
The pixel intensity of the spectral image at 570 nm is scaled
such that the mean intensities of the resultant images are
0.1×, 0.2×, 0.5×, and 1× as the mean intensity of the
spectral image at 420 nm. The scaled images are free of
noise and thus are treated as ground truths. Then noisy
spectral images are generated according to (13) by setting
the coefficients a = 0.04 and b = 0.13. The spectral image
at 570 nm is reconstructed from the noisy images using the
proposed method with different treatment of image noise. The
resultant PSNR values of the reconstructed images are listed
in Table III. As expected, the PSNR values corresponding to
brighter images are relatively higher due the signal-dependent
property of image noise. Best denoising effect is achieved
by assuming signal-dependent noise under various intensity
levels.
C. Optimal Number of Basis Spectra
As mentioned in Section IV-C, the optimal number, K ,
of basis spectra is determined by cross-validation. Its reliability
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TABLE III
PSNR VALUES P RODUCED BY THE P ROPOSED M ETHOD U NDER I MAGING
C ONDITION l = 7 AND B = 16

Fig. 8. Effects of imaging factors B and l on HR multispectral image
reconstruction. (a) Average PSNR values with respect to the binning factor
B for the proposed method. (b) Average PSNR values with respect to the
number, l, of acquired HR images when B = 16. The average PSNR values
are computed on all the images illustrated in Fig. 5.

Fig. 7. Reliability of the cross-validation strategy in determining the optimal
number, K , of basis spectra. The images are reconstructed under the imaging
condition l = 7 and B = 16. Left column: reconstruction errors of the
validation image with respect to K values. Right column: average PSNR
values of the reconstructed multispectral images with respect to K values. The
optimal (left column) and actual best (right column) K values are indicated
by red arrows.

is experimentally checked in Fig. 7. The results are computed from the reconstructed multispectral images under the
imaging condition l = 7 and B = 16. In Fig. 7, the left
column shows the validation errors with respect to different
K values. The right column illustrates the average PSNR
values of the reconstructed HR images with respect to various
K values. The optimal (left column) and actual best (right
column) K are indicated by red arrows. It is observed that,
for Scene2, the optimal and actual best K values are both 4.
For Scene4, the optimal K is determined to be 5 by crossvalidation and the actual best value is 4. Nevertheless, as illustrated in the left-bottom plot, K = 4 and K = 5 produce
quite close PSNR values. In this sense, adopting K = 5 will
cause very slight accuracy degradation in multispectral image
reconstruction. Actually, our investigation indicates that the
optimal and actual best K values differ at most ±1. This
verifies that the cross-validation strategy is appropriate for the
proposed method.
D. Effects of Imaging Factor
Figure 8(a) shows the distributions of average PSNR values
with respect to the binning factor B for the proposed method,
when setting l = 3, 7, and 15. It is observed that the PSNR
values become higher when more HR spectral images are
acquired. Note that the condition K ≤ l is enforced in
computation to make the problem (17) well-posed. For each

Fig. 9. Reconstruction results of two pixels in the Cloth image. The imaging
condition is l = 7 and B ∈ {2, 8, 32, 64}. (a) Image. Pixel I is in texture area
and pixel II is in smooth area. (b) Reconstruction accuracy in terms of RMSE
and SAM. (c) Reconstructed spectra of pixel I. (d) Reconstructed spectra of
pixel II.

distribution with fixed l, there is a clear drop of PSNR value
when the binning factor B varies from 2 to 4. The decrease
of PSNR value is slight when adopting further larger B. It is
worth noting that the PSNR reaches 40.0 even when only l = 3
HR spectral images are acquired. This verifies the excellent
performance of the proposed method.
Figure 8(b) shows the average PSNR values of different
methods with respect to l when fixing B = 16. As expected,
for all methods, the reconstruction accuracy improves when
more HR spectral images are captured. In comparison, the proposed method produces the highest PSNR values.
In additional to the global accuracy, it is also of interest
to check the reconstruction accuracy of individual pixels.
Figure 9 shows such an example. It is observed from Fig. 9(c)
that, for the pixel I in texture area, the reconstructed spectra
deviate from ground truth spectrum obviously when the binning factor B is large. Figure 9(d) shows that, for the pixel II in
smooth area, the reconstruction accuracy is not sensitive to the
binning factor. The RMSE and SAM values listed in Fig. 9(b)
are also in accordance with these observations. Hence it is
clear that the tradeoff between spectral accuracy and binning
factor should be considered for scenes with fine textures.
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in Fig. 11(b), the HR image produced by the G-SOMP+
method [21] contains artificial dots, and that produced by
the FUSE method [30] appears blurry and lost a lot details.
In contrast, the proposed method produces sharp and natural
HR images. Accordingly, the RMSE and SAM values of the
proposed method are lower than those of the G-SOMP+ [21]
and FUSE [30] methods, except the shoulder area in the Face1
image. Overall, the proposed method performs better than
the other two methods under both perceptual and quantitative
evaluations.
Table V shows the average PSNR, RMSE, CC, SAM
and ERGAS values of the reconstructed multispectral images
selected from the Harvard, UWA, and CAVE datasets; see
Fig. 5. It is observed that the proposed method outperforms
other methods in most cases when evaluated with these metrics. The exception is that the SAM values of the proposed
method can be larger than those of the two competitors
occasionally. The reason is that, in the proposed method,
the optimal number of basis spectra is determined by absolute
reconstruction error but not angular error. This treatment is
reasonable when the aim is to reproduce accurate spectral
reflectances in the visible spectrum, but not to identify material
components in remote sensing.
F. Imaging Efficiency

Fig. 10. PSNR values of individual spectral channels when l ∈ {3, 7, 15}.
(a) Scene1, (b) Face2.
TABLE IV
RUNNING T IME ( IN S ECONDS ) OF D IFFERENT M ETHODS W HEN THE
B INNING FACTOR B = 16. T HE N UMBERS IN PARENTHESES
A RE THE S PEEDUP OF THE P ROPOSED A LGORITHM
OVER THE C ORRESPONDING C OMPETITORS

The main purpose of this work is to achieve fast or even
realtime acquisition of HR multispectral images. In the following we analyze the imaging efficiency based on the current
hardware development.
Suppose that the HR multispectral images are of the similar
resolution to those in the Harvard or UWA datasets. As the
transfer speeds of the Camera Link or USB 3.0 interfaces reach
at 5 Gbps, the time of data transmission can be neglected. Thus
the original total acquisition time is mainly determined by the
filter switching time Tf and the camera exposure time Te . More
specifically,
T = Te · L + Tf · (L − 1).
Using the proposed imaging framework, the exposure time
can be reduced remarkably without loss of much accuracy.
Accordingly, the total acquisition time becomes

E. Reconstruction Results
If not otherwise noted, in the following experiments, the
HR multispectral images are reconstructed under the condition
B = 16. Figure 10 shows the PSNR values of individual
spectral channels when l = 3, 7, and 15 HR spectral images
are acquired. It is observed that the proposed method produces
highest PSNR values in most cases. The PSNR values of
the short wavelengths are usually worse than those of the
long wavelengths. The reason is that the ground truth spectral
images in the short wavelengths are always more noisy due to
the relatively lower spectral transmittance of LCTF.
Figure 11 shows the detailed reconstruction results of spectral images at wavelength 650 nm, as well as the RMSE
maps and SAM maps. Since only l = 3 HR images are
acquired, the reconstruction is not an easy task. As observed

T = Te · l + Te ·

1
B2

· (L − l) + Tf · (L − 1).

Suppose the imaging system has L = 31 spectral channels
and the original exposure time for each channel is Te = 10 ms.
Under the imaging condition l = 3 and B = 16, the total
exposure time reduces from 310 ms to around 31 ms. The
filter switching time of LCTF and AOTF is Tf = 50 ms and
Tf = 10 ns, respectively. Hence the total acquisition time
of the fast multispectral imaging system is T = 1531 ms
when equipped with LCTF and is T = 32 ms when equipped
with AOTF. Note that in the latter case the imaging speed
reaches 30 FPS.
G. Computational Complexity
In the proposed fast imaging framework, the most
computationally expensive part is the computation of

PAN et al.: FAST MULTISPECTRAL IMAGING BY SPATIAL PIXEL-BINNING AND SPECTRAL UNMIXING

3623

Fig. 11. HR spectral images reconstructed under the imaging condition l = 3 and B = 16. The 1st row shows the LR spectral images acquired at 650 nm,
and the 2nd row shows the corresponding ground truth HR images. The 3rd to 5th rows illustrate the reconstructed HR images using different methods, the
6th to 8th rows illustrate the corresponding RMSE maps, and the 9th to 11th rows illustrate the corresponding SAM maps (in degrees). (a) Scene7, (b) Face1.

coefficient matrix C, which is shown in Algorithm 1. The
number, K , of basis spectra is usually fixed for a given
imaging condition, and thus the computational complex-

ity of Algorithm 2 does not affect the image reconstruction process. In Algorithm 1, the computational complexity
of Aii is of order O(B 2 ). The computation of A2 and its
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TABLE V
AVERAGE PSNR, RMSE, CC, SAM, AND ERGAS VALUES P RODUCED BY THE G-SOMP+ [21], FUSE [30], AND P ROPOSED
M ETHODS ON T HREE D ATASETS . T HE I MAGING C ONDITIONS A RE B = 16 AND l ∈ {3, 7, 15}

eigen-decomposition are of order O(K Ll). In addition,
an order of O(K M Nl) is required in the computation of U,
and an order of O(B 4 K M N) is required in the computation
of C.
The G-SOMP+ [21], FUSE [30], and proposed methods
are all implemented using MATLAB R2013a on a personal
computer with 2.90 GHz CPU (Intel Pentium G2020) and
8 GB RAM. Table IV shows the running times of these
methods for reconstructing an HR multispectral image. For
the proposed method, the running time is determined by the
computation of basis spectra and coefficient matrix. It is
observed that the running time of the proposed method varies
from 63 to 142 seconds, depending on the imaging conditions.
Compared with the state-of-the-arts, the proposed method
gains around 20× or more improvement in computational
efficiency.
VI. C ONCLUSIONS
This paper has proposed a fast multispectral imaging framework that consists of a fast imaging stage and a computational
reconstruction stage. In the imaging stage, the majority of
spectral images are acquired at low resolution such that the
total exposure time can be greatly reduced. In the reconstruction stage, an optimal number of basis spectra are computed, based on which the problem of high-resolution image
reconstruction is well posed and can be solved in closedform. The reconstruction framework also incorporates the
signal-dependent noise statistics so that the image reconstruction is more robust to noise corruption. Experimental results
validate that the proposed method performs better than the
state-of-the-arts in terms of both reconstruction accuracy and
computational efficiency.
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